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Abstract

Large deviation estimates are derived for sums of random variables with certain
dependence structures, including finite population statistics and random graphs. The
argument is based on Stein’s method, but with a novel modification of Stein’s equation
inspired by the Cramér transform.
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1. Introduction

It has been well known for a long time that under suitable conditions, sums of independent,
and also certain dependent random variables, tend to have an approximately normal distribution.
One of the classical problems in probability is to bound the error in the normal approximation.
A particularly interesting issue is the approximation of large deviation probabilities. More
precisely, if W is a random variable with EW = 0 and var(W) = 1, the problem is to
approximate tail probabilities P(W > x), where x can be substantially greater than 1. As the
corresponding normal tail probabilities, 1 — ®(x), where, as usual,

®(x) = ~7/2 4,

1 X
Nz /_ooe
are rather small, it is desirable to bound the relative error.

One of the crucial breakthroughs on this topic is due to Cramér [11], who succeeded in
transforming the problem of approximating large deviation probabilities into the problem of
approximating tail probabilities P(W > x) with x close to 0. This can be accomplished
by multiplying the original probability measure by e*W /Ee*W for a suitable A (Cramér’s
transformation).

Cramér’s result was extended and refined in many directions. The following result is a
simplified version of Theorem 2 of [34].

Theorem 1.1. Suppose that W = (§1 + - - - + &,)/+/n is a sum of independent and identically
distributed (i.i.d.) variables, with E&E = 0 and var(§1) = 1, satisfying Cramér’s condition
Eef8 < oo for some H > 0. Then, for all 0 < x < Co\/n, we have

P(W > x) x3 X Ci10(1 +x)

——— =exp| ——A| — I+ ——F——
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for some 6 € [—1, 1], where AL(z) is a power series in z with coefficients depending on the
moments of & and Co and Cy are constants depending only on H and E "%,
Remark. Of course, an analogous result to Theorem 1.1 holds for negative x.

The series A(z) is called the Cramér series. Its coefficients can be explicitly bounded in
terms of H and E ef151; see estimate (5) in [34]. Therefore, Theorem 1.1 yields the following
weaker version which may be useful in the absence of information about higher moments.

Corollary 1.1. For & and W as given in Theorem 1.1 and for 0 < x < Co/n, we have

Carx3 Ci(1+x) P(W > x) Cox3 Ci(1+x)
oo~ ) (1- ) < T =eo(S) (14557 7) 0o

Hé1

where, again, Cg, C1, and C, depend only on H and E e

Theorem 1.1 has been extended in many ways to sums of dependent random variables. An
important general approach is based on cumulant estimation. A survey with several applications,
including mixing and (weighted) U -statistics, is given in [32].

The aim of this paper is to prove a version of Corollary 1.1 for certain dependence structures
where Stein’s method can be applied. This method was introduced in 1970 to derive uniform
bounds for the error in the normal approximation; see [35]. The original approach was gradually
extended in various directions, including approximations by other distributions, asymptotic
expansions, and multivariate and functional settings. Apart from other settings, Stein’s method
can be applied to various sums of dependent random variables, particularly where no natural
ordering of the summands is present. For a detailed survey with numerous applications see
[4] and [5]. Many applications arise from random discrete structures such as permutations and
graphs, both of which will also be considered in the present paper.

Stein’s method works very well when approximating expectations of Lipschitz or smooth
test functions. With additional effort and some loss of generality, we can also derive uniform
(Berry—Esséen type) bounds of the correct order; see Section 4. Recently, Stein’s method was
refined to yield nonuniform bounds, where the absolute error for the tail probability P(W > x)
is bounded by /(1 + |x|3); see [8]-[10]. Surprisingly, in the context of Stein’s method, little
effort has been put put into deriving large deviation probabilities in the domain of normal
approximation. A heuristic treatment is given in [36], with no explicit result given.

The main idea of Stein’s method to approximate the distribution of a random variable W
is first to show that for a certain (usually differential or difference) linear operator +4, the
expectations E #4 f (W) are small. The next step is then to solve the equation

Af =h—cp

for a suitable constant ¢;, depending on #; if E A f(W) is small, then we have Eh(W) =~ ¢,
(with small absolute error). For the normal approximation, we take 4 f(w) = f'(w) — f(w)w
(it can be easily checked that in this case, E 4 f (Z) vanishes if Z is a standard normal variate).

In the present paper we modify the second step in such a way that means c¢;, need no longer be
a constant, but a function whose expectation is easy to derive or estimate. Inspired by Cramér’s
transformation, cy, is taken to be a multiple of e* so that we can write

f'w) — f(w)w = h(w) — Nyhe'", (1.2)
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where N, h is a constant factor which is chosen in such a way that the expectation of the right-
hand side with respect to the standard normal distribution vanishes. As in the classical setting
when A = 0, this allows us to conclude that E #(W) ~ N,h Ee*" with small absolute error.
However, the right-hand side of (1.2) is flexible enough to yield an approximation with small
relative error for a suitably chosen A. Finally, it turns out that the relative error can also be
controlled in the approximation of E e*" . This allows us to derive our main result, Theorem 2.2.

For & and W as given in Theorem 1.1 and with Cramér’s condition strengthened to E e/ l11 <
00, Theorem 2.2 reduces to

Cox3 Ci(1+x?) P(W > x) Cox3 Ci(1 +x?)
oo - )(1- 2 ) < e <on( ) (1+5557) 0

Apart from constants, the upper bound in (1.3) is of the same quality as the one in (1.1) and
is applicable in the range x = O(n'/?); beyond x = O (n'/?), the upper bound on P(W > x)
begins to increase in x, while the tail probability P(W > x) trivially vanishes if the summands
&; are appropriately bounded (remember that W is scaled so that var(W) = 1). Conversely,
the lower bound in (1.3) is comparable to the one in (1.1) only for x = onY*; beyond this
range, it becomes negative and therefore useless. Improvements on the lower bound will be the
subject of a forthcoming work.

Theorem 2.2 can be applied in various cases where dependence plays a part (see Sec-
tion 3), although in all of them we assume boundedness of the summands X;. More precisely,
our construction requires certain ‘independently bounded’ components (see condition (iii) in
Section 2), which, for sums of independent random variables, allow us to derive the Berry—
Esséen theorem (with a weaker constant; see (2.7)). For dependent random variables, our result
does not typically yield uniform bounds expressed in terms of third absolute moments. For the
sake of simplicity, we assume boundedness, though our techniques may be applied to certain
unbounded random variables.

2. Main results

In this section we shall state the precise formulation of our results, proved in Section 5. We
shall focus on random variables which can be decomposed as in [6] (see below). In [6], this
elegant and powerful approach was applied to random graphs, but can actually be used in many
other cases in which Stein’s method for normal approximation has been applied; see [26].

According to [6], let I be an index set and

W=>"X. EX; =0, var(W) = 1. 2.1)

iel
For every i € I, suppose that the following first-order decomposition is given:
wW=W;,+ 2, 2.2)

where W; is independent of X;. Next, suppose that

Zi=) Zn 23)

kEK,‘

and consider a o -algebra #j;, such that X; and Zj; are #;;-measurable.

https://doi.org/10.1239/aap/1189518636 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1189518636

734 M. RAIC

Remark. The index sets I and K; can also be infinite, provided that

> EXH? < oo, > D EIXiZi| < oo. (2.4)
iel iel kek;

The estimation of the error in normal approximation is based on the distance between the
distribution of W (which will be denoted by «£(W)) and the conditional distributions of W and
W; given H; (which will be denoted by L(W | H;) and L(W; | Hix); see (4.2) and the text
below). This is the reason why Z; should be written as a sum: Z;; usually contain considerably
less information than Z; itself, so that £ (W) is substantially closer to L(W | X;, Zj) than to
LW | Xi, Zp).

To estimate the error between L(W) and L(W | Hy) or L(W; | Hir), Barbour et al. [6]
suggest second-order decompositions. In order to obtain their main result (i.e. an estimation of
the error in normal approximation in the Wasserstein metrics), it suffices to construct random
variables Wj; independent of #fj;, and to bound the conditional expectations of |W — Wj| and
|W; — Wix| given Hjx. In our case, this is not enough and we shall need a more sophisticated
construction. We need to construct random variables W, Wi’,’z, Uik, Vir, and U;c such that

(i) W is independent of #;; and has the same distribution as W,
(i1) Uy and Vj are Fj-measurable,
(i) U i’,‘{ is conditionally independent of W, given Fj,
iv) W — Wil < Uik, |Wi — Wig| < Vig, and |[W; — Wy | < Uj.
We shall need U}; to bound the difference between L(W) = L(W* | Hyx) and L(Wi | Hir);
the random variable Uj; will be used to estimate the difference between L(Wj, | #x) and

L(W | #ir) and the random variable Vj; will be used to estimate the difference between
L(Wii | Hi) and L(W; | FHix).

Remark. If W7 — W| and |[W} — W;| can be bounded by sufficiently small #;-measurable
random variables, we can simplify the whole construction by setting Wy = W and U = 0.
However, although in all applications given in Section 3, the summands X; are assumed to be
bounded, unboundedness can nevertheless appear in the first-order decompositions, but may
be controlled by U;. This occurs in the case of random graphs; see Subsection 3.2.

The following theorem provides uniform bounds in the normal approximation.
Theorem 2.1. For every x € R, we have
6
[PW =x) - ()] = —= > > ElXi Zal (Ui + Vi + 16U,
iel kek;

Now we turn to large deviation results. For every A > 0, define
BV =Y Y EIX; ZulleV Uy + Vi Vi

iel kek;

+ expQAE(U} | Hu)) 6V + 6e*Vik 4+ 4e*ViyU]. (2.5

Remark. If W is a sum of n random variables, which are, along with the random variables Zj,
Uik, Vik, and U ;,‘( uniformly bounded by B, and if the size of the set K; does not grow with n,
we have B(1) = O(nB3e3*B). In this case, the variance of W is typically of order nB>. So if
var(W) = 1, we typically have B = O(n~'/?) and also B(A) = O(n~/?) for » = O (n'/?).

https://doi.org/10.1239/aap/1189518636 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1189518636

Large deviation bounds based on Stein’s method 735

The following theorem is our main result.

Theorem 2.2. For every x > 0 with B(x) < 0o, we have

e PO - Q)B)] = S =N < PB4 Qx)B(x)] (2.6)
I —®(x)
and P(W
< —
e P — 0(x)B)] < % < PO 4 QB @),
(=x)
where Nors
12 23 11271 ,
Q(x)——,E"F?X"‘Tx .

To see how all this works, consider first the easiest case, where the summands are i.i.d.

Example 2.1. Let &, &, ... bei.i.d. random variables with E&; = 0 and var(&§;) = 1. Then
we can write

7

where X; = &/ /n. SetI = {1,2,...,n}, K; := {0}, Z; := Zijo := X;, W; := Wjo :=
W — X;, and define #;o to be the o-algebra generated by X;. Furthermore, for eachi € I,
let X be an independent copy of X;. Now put W := Wio + X7, Ujo := | X;| = |W — Wiol,
Vio := 0 = |W; — Wiol, and U}, := |X7| = |Wj; — Wjol. We can easily check that these
random variables satisfy conditions (ii)—(iv). Applying Theorem 2.1, after some calculation,
we obtain

Sl &y
Wz—nnZX;Xi»
=

6
V2mn

Using the well-known fact that, for any two increasing functions f and g, the random variables
f(Y) and g(Y) are positively correlated for any Y such that E(f(Y))2 and E(g(Y))2 are finite,
we find that

|P(W < x) — d(x)| < [El&1|° + 16E&2EJ& |1,

41E|&}|
[P(W <x) —P(x)| < Jn 2.7)

which is the Berry—Esséen theorem with a weaker constant.
Now we turn to large deviation estimates. Recalling (2.5), a straightforward calculation
shows that
B(A) < %[E@%*'E"/ﬁ + 62 BV B g2V R
n
+ e ElE1l/Vn E§12E|El | + 4e2ElE1/Vn B 512E|§] |e)»|%‘1|/«/ﬁ].

Clearly, E|&| < (BE&})!/? = 1. Again, using the fact that any two increasing functions of the
same random variable are positively correlated, we obtain

B < \1/__762?»/«/5 E|& |3e7»|81 I/«/ﬁ’
n

which together with Theorem 2.2 implies (1.3).
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In the next section we give two nontrivial examples where our approach can be used to
advantage: finite population statistics and random graphs. Another important case where the
decompositions of [6] (and Theorem 2.2) can be applied is the case of local dependence.
However, the latter has already been worked out by Gorchakov [14], [15], using the cumulant
estimation argument (more precisely, a large deviation result can be deduced from Theorem 2
of [15], and Lemma 1 of [31]).

3. Applications

3.1. Finite population statistics

Consider a statistic W based on a simple random sample of size n, drawn from a population
of size N > n. Any such statistic can be expressed in terms of a uniformly distributed random
injection w: N,, — Ny, where N,, := {1,...,n}. Suppose that W is decomposed in the
following way:

W= > ha(r@)),

aCN,
O<|a|<r

where 0 < r < n, | - | denotes cardinality and where for each « C N,,, h, is a function defined
on all subsets of Ny with the same cardinality as «.

Large deviations of finite population statistics have been considered in many special cases.
The case in which » = 1 has been well elaborated. Robinson [30] proved a result similar
to Theorem 1.1 with the error terms bounded in terms of supremum norm. Assuming that
EW = 0 and var(W) = 1, Robinson’s result typically covers tail probabilities P(W > x) in
the zone x = o(n'/?) (with a somewhat weaker result given for x = 0(n'/?), too). In the
range x = o(n'/) (i.e. the range where we can generally expect P(W > x) ~ ®d(—x)), it
was shown, for certain special cases, that the supremum norm can be replaced by more refined
moment-type quantities; see Kallenberg [22]. Kallenberg’s result has also been extended in
other directions; see [17] and the references therein.

Another interesting case is the one where the functions ki, are the same for all @ with
|| = r and h, = O for |@| < r. In this case, we obtain U -statistics of finite populations. Large
deviations of U -statistics were considered by [23]. Their result covered the case in which r = 2
and x = o(n1/9).

Theorem 3.1. Suppose that E X, = 0 for all @ and that var(W) = 1. Furthermore, suppose

that there are constants by, . .., b, such that
max he(K) — min hy(K) < by
KCNy KCNy
|K|=le |K|=|e|

forall o € N, with 0 < |a| < r. Then Theorem 2.2 holds with
-
-1
B(x) < nrb>(8e* ™ +10e™™),  where b =) (" )bs. 3.1)
s=1 s—1
Remark. For r = 1, Theorem 3.1 is more or less a special case of Robinson’s [30] result,
except that the constants here are completely explicit. For r = 2, our result covers a wider range
(x = O(n'/?)) than the result of Kokic and Weber [23], which covers the range x = o(n'/ 0)
and also does not give any explicit constants. Conversely, the bounds given by Kokic and Weber
are sharper in the sense that they are based on moments instead of the supremum norm. Finally,
our result seems to be entirely new for r > 2.
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To see the typical behavior of the bound in (3.1), we focus on U -statistics in more detail.
Consider the following sequence of U -statistics:

Wie=o,' Y Hi(m(@),
SNy
la|=r

where, again, for any k € N, 7rx: N, x) = Ny is a uniformly distributed random injection.
We assume that

Z Hy(K) =0

KSNnw).|K|=r
(so that EW = 0) and choose oy so that var(W;) = 1. In addition, we assume that
e limy_, oo n(k) = oo and n(k) < gN(k) for some g < 1;
e there exists a constant B such that |Hi(K)| < B forall k and K € Ny ) with |K| =r;

N[ —D'PINK) —2r +1]!
o limi_ oo =0 ][]E](k()])! r ] . LXN: Hi(K)Hy(L) = % for some X1, ...,
S LENN k)

|K|=|L|=r
|KNL|=I

¥, with 1 > 0.

In this case, we have sz >CN (k)zr ~! for some C > 0, provided that k is sufficiently large;
see equations (3.7) and (3.8) of [24]. Thus, after some calculation, the following assertion can
be deduced from Theorem 3.1.

Corollary 3.1. For Wy as above and sufficiently large k, Theorem 2.2 holds with

< 2x/~/n(k)
Bx) < iG] e

for some C1 and C» depending only on B, q, and X1, ..., Z,.

Now we turn to the proof of Theorem 3.1. The decompositions required by Theorem 3.1
will be based on the standard ‘rearrangement’ argument; see, e.g. Theorem 6 of [3]. Here we
shall continue in the following way: first consider a family of random permutations tx of the
set Ny, indexed by all subsets K € Ny, such that, for each K, the images of the elements
of K are chosen randomly, with the uniform distribution over all variations of | K| elements.
Given tx | g, the elements of 7k (K) \ K are then mapped into the elements of K \ tx (K), again
chosen uniformly at random. The other elements of Ny remain fixed. Thus, tg alters at most
2| K| elements. The following assertion is straightforward and is therefore left without proof.

Lemma 3.1. Let  be a uniformly distributed random injection N,, — Ny. Generate a family
of random permutations, {tx | K < Ny}, satisfying the conditions above and independent
of m. Then, for any subset o C N,, the random mapping T (o) © 7 is independent of the
restriction 1|y, has the same distribution as mw, and coincides with & on N, \ S(«), where
S@) == a Un ™ (Tr(@) (T (@))).
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Proof of Theorem 3.1. Take a family T = {tx | K € Ny} as above, which is independent
of 7r, and define

Xy = ho(m (o)), Xap = hg(ma(B)), Zop = Xp — Xop,

My = Tr(a) O T, Wy, = Z Xap, Ly = Z Zog.
BEN, BEN,

By Lemma 3.1, m,, is independent of X ; the same holds for W,. Next, define #yg to be the
o -algebra generated by 7 |,ug and T, and notice that X, Xg, and X4 are #,g-measurable.
Thus, to complete the decompositions, generate a copy 7" = {t}, | K € Ny} of the family T,
which is independent of the pair (7, 7). Set

Top = r;r(a) o, Xapy = hy (ap(¥)), Wop = Wog = Z Xopy -
)/ENH

Againby Lemma 3.1, W,g isindependent of #f,5 and has the same distribution as W. Therefore,
these decompositions satisfy the independence conditions given in Section 2. Moreover, we
can estimate

|Zogl < big 1[S(x) N B # D],
|Xapy — Xyl < by 1S (@UB) Ny # 2],
| Xapy — Xay| < by H(S@) U S (@UB) Ny # 2],

where S(a) is as given in Lemma 3.1 and where S’(a) is equivalent to S(a) for the family
{tx | K S Ny}. Consequently,

[Wep — W < 4rb =: Uyg, [Wap — Wl < 5rb =: Vg,

and, of course, we can set U;ﬂ := 0. Noting that

Y b US@ N # 2] <2ab, Y lalby = Zsc)bs = nb,
B o s=1

and collecting terms, the result follows.

3.2. Random graph degree statistics

LetI" = K (n, p) be arandom graph on n vertices such that, for any two distinct vertices, the
event that they are adjacent has probability p and all such events are independent. An important
class of problems is to consider random variables based on the so called semi-induced properties
of certain subsets of the vertex set, that is, determined by those edges with at least one endpoint
in the subset. The most natural examples are ‘being an isolated tree’ or ‘having a given degree’.
We consider a number of subsets with the given property. Normal approximation of such
statistics by Stein’s method was studied by [2], [6], and [13]. Large deviations were studied by
[19], [20], [21], and [25].

In the present paper we consider statistics based on degrees. Take a bounded measurable
function H: I — R, where I = {1, ..., n} denotes the vertex set of I", and define

S:=Y He)., W= S— 1

o

iel

where 8; denotes the degree of the vertex i with respectto I', & = E S, and o2 = var(S).
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Theorem 3.2. If maxyc; H(k) — minge; H (k) < B, then Theorem 2.2 holds with

B3 {Bx(8 + 4np)
o

Bx) < ”(7—3(13 + 43np + 27(np)?) exp + 2np(eB¥o — 1)}. (3.2)

Ifn — oo and np — ¢, where c is fixed and where H : Z4 — R is also a fixed nonconstant
bounded function then, for sufficiently large n, Theorem 2.2 holds with

Bx) = Tep{%wwa‘”f 1)}, (3.3)

where Cq, ..., C4q depend only on H and c.

Remark. For the number of isolated vertices, i.e. the case where H (k) = 1(k = 0), O’Connell
[25] derived a large deviation principle. Janson [20] and Janson et al. [21] considered statistics
with locally dependent summands (which is not the case for degree statistics). Applied for
P(W < t4/n), where n — o0, t is fixed, and W is a suitable statistic on K (n, p) scaled in
such a way that EW = 0 and var(W) = 1, the results of [20] and [21] yield bounds as in
Corollary 1.1; O’Connell’s result yields something between the set-up of Corollary 1.1 and
Theorem 1.1; however, none of these results provides explicit constants.

Proof of Theorem 3.2. To prove (3.2), first rewrite W in the following way:

W:ZX,-, WhereX,-=h(8,')andh(k)=l H(/’c)—E .
o n

iel
Next, for J C I, denote by 87 . the degree of the vertex k w1th respect to the graph obtained from
I" by removing all edges with an endpoint in J. Since Sk is independent of X;, we can set

Wi =Y h(y") and  Zy = h(s) — h().
kel

To construct the second order decompositions, denote by [j ~ [] the event that j is adjacent to
[ and let F¢; be the o-algebra generated by all events [j ~ [], where j € {i, k} and/ € I \ {j}.
Furthermore, take an independent copy I'* of the graph I" and denote by & ,f * the degree of the
vertex k with respect to the graph with vertex set / and with edge set consisting of the edges in
'™ with an endpoint in J and the edges in I" with no endpoint in J. Define

Wi =Y h("™) and Wi =Y he
lel lel
Now, since sup X; — inf X; < b := B/o and E X; = 0, we have | X;| < b. Clearly, | Z;;| < b.
Next, for i # k, observe that
Zix = 1[i ~ k1(h (%) — h(8{")

and thus |Zj| < b 1[i ~ k]. Furthermore,

W — Wil = |y (h(8) — h(8]")| < b +1) =: Uy,

lel
Wi — Wil =0 =:V,

(Wi = Wil = | Y06l = g™

lel

<b@ +1) =

ll’
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where &7 denotes the degree of the vertex i with respect to I'*. For i # k, we have

|W — Wik < b(8; + 8 +2) =: Uy,
|Wi — Wir] < bk + 1) =: Vg,
|Wix — Wikl < b(8] + 8¢ +2) =: Uy.

Recalling (2.5) and using independence, we now find that

Bx) < b’ [Z A+Y Y p,-kAiku)],

iel iel kel\{I}
where
A;(x) == E[e™ D (s 4 1)
4 26X ESi+D (6ol GitD (B 5, 4 1) 4 4E PGt (s, + 1))]
and

A () E[ebx(5i+5k+2)(8,' +5 +2) + ebe(E5i+E6k+2)
x {6(eP¥Gi+0+D) | bxGitDy(E s L B8y +2)
+ 4B e GitatD (5, 4 5 +2)) | i ~ k]

Now observe that A; (x) and Ajx(x) can be expressed entirely in terms of a few expectations
of type E S, Ee®S and E e?*5; the choices of S may be different, but any such S is a sum of
independent Bernoulli random variables, such that ES < np.

Now we use the fact that the Bernoulli distribution Be(p) precedes the Poisson distribution
Po(p) in the convex order sense, i.e. for every convex function f, we have

[ raseir < [ savoip.

To prove this, observe that Be(p) precedes Be(p/2) « Be(p/2) and that our relation is invariant
under convolution; then apply the Poisson law of small numbers. Applying the invariance under
convolution again, it follows that S precedes Po(E S). Thus, if f is convex and increasing, we
have E f(S) < [ fdPo(np). Hence,

e ka—np )
EeP < Z kb (np)“e _ enp(eb*—l)’

= k!
S k .—np

EebSs < Z fekbe (”P)k ‘e _ pp b=
k=0 ’

The estimate (3.2) is now completed by routine calculation.
To derive (3.3), it only remains to bound the variance from below. Using independence, we
may write

o2 = Z[var(H(Si)) + Z E(H(8;) — E H(8;))(H (8) — H((S,Ei)))]

iel kel\({i}
=nvar(H(Ny—1)) + n*p(EH( + Ny—2) — E H(N,_1))
x (EH(1 4 Ny_2) — E H(Ny—2)),
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where Ny ~ Bi(k, p) (Bi(-, -) denotes the binomial distribution). Noting that the point
probabilities of N,,_; and N,_; converge to the point probabilities of Po(c), we conclude
that for sufficiently large n, 0”2 > Cn for some C > 0 and the proof is complete.

4. A bound on the Stein expectation

The aim of this section is to prove an auxiliary result which handles the dependence structure
and the boundedness conditions from Section 2. This is one of the key steps in the proof of the
main result and is independent of the rest of the proof, which is given in Section 5.

The main idea of Stein’s method is to express the error in the normal approximation for a
test function 4, i. e. ER(W) — N(0, 1){h} in terms of the Stein expectation,

E[f'(W) = fF(W)W], 4.1

where f solves the Stein equation f'(w)— f(w)w = h(w) —N(0, 1){h} and where N(u, o){h}
denotes the expectation of h with respect to the appropriate normal distribution. Taylor’s
expansion then typically allows us, roughly speaking, to express (4.1) in terms of expectations
of the form E f”(W), multiplied by small quantities; see (4.2). If & is Lipschitz, we can then
estimate the supremum norm of (a suitable version of) f” in terms of the Lipschitz constant of
h; thus, it suffices simply to bound | E f”(W)] in terms of the supremum norm of /. However,
when deriving Berry—Esséen type bounds, the indicators of half-lines are not even continuous,
let alone Lipschitz. Of course, they can be approximated by Lipschitz functions, but it is then
too crude to bound |E f”(W)| by the supremum norm of f”, because | f”| is large only on
a small set. In some cases, the probability that w actually belongs to this set can be directly
estimated. This is the so called concentration inequality approach; see [8]-[10] and [18].

Since | f”| is large only on a small set, |E f”(Z)| can be controlled if Z has a bounded
density, in particular if Z is normal. Thus, a sufficiently sharp bound on | E f”(W)]| can be
derived if we succeed to derive a sharp bound for the error in the normal approximation of W.
In order to do this, we may again apply Stein’s method similarly as for W. Thus, a Berry—
Esséen type bound for W can be derived by induction. This type of argument was introduced
by Bolthausen [7], where it was applied to random permutations. It was also extended by
Schneller [33] to asymptotic expansions of order 1 and by Gotze [16] to the multivariate case.

Although the induction argument is very flexible, extending it to a more general setting
seems to be a difficult job. However, instead of deriving a separate CLT for W, we may refer
back to the original random variable W: to bound | E f” "(W)], it actually suffices to show that
the law of W is close to the law of W. This ‘bootstrapping” argument was introduced by Stein
(see [36, Chapter IX]) to derive the classical Berry—Esséen theorem and subsequently extended
to many cases of dependence; see [2], [12], [27], [28], and [29]. The ‘bootstrapping’ argument
can be written in quite a general setting, but it usually requires boundedness. To some extent, it
also allows for some unbounded components, but in this case with some additional assumptions
on independence.

Lemma 4.1, below, bounds the Stein expectation in terms of certain expectations related to
W in such a way that the bootstrapping argument can then be applied to bound large deviation
probabilities; see Section 5.

Lemma 4.1. Let W be a random variable decomposed as defined in (2.1)—(2.4), along with a
construction satisfying conditions (i)—(iv) from Section 2, and let h: R — R be a differentiable
function with absolutely continuous derivative. Then, for each A > 0, the Stein expectation
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satisfies

B

E[f'(W) — f(W)W] =< supE| /(W + 1)| min{1, e},

teR
where B(L) is as given in (2.5).

Before proving Lemma 4.1, we need a couple of technical results. The first one deals with
‘independent unboundedness’. The result is easy and therefore left without proof.

Lemma 4.2. Let Wy, W*, and U* be random variables such that U* is independent of W
and |W* — Wy| < U*. Then, for any constant u™ such that P(U* < u*) > 0, any measurable
function f: R — [0, 00), and any a < b, we have

b 1 b+u*
EfWo+t)dt < ———— E f(W* +1)dt.
fa fWo +1) _P(U*Su*)fa,u* JFW™ +1)

The following assertion is the key step in proving Lemma 4.1.

Lemma 4.3. Let f: R — [0, 00) be a measurable function and suppose that W* is a random
variable such that, for allt € R,

E f(W* 4+ 1) < Cmax{l, e} forsome C,x > 0.

In addition, suppose that there are random variables Wy, W', and U* and constants u' and u*
such that
W —Wol <u/, |[W*=Wo|<U* and PWU* <u*)>0

and such that U* is independent of Wy. Then the following inequality holds:
W/

'E f(s)ds

w*

*
eku

P(U* < u*)

S C{eku,u/_i_ [ze)uu/u* _I_e)»Ll,EU* +ECAU*U*]}
Taking u* := 2 E U* and making use of Markov’s inequality, we obtain the following result.
Corollary 4.1. With f, C, A, W*, Wy, W/, U*, and u’ as given in Lemma 4.3, we have

W/
'E/ f(s)ds
W*

Proof of Lemma 4.3. Putting J (a, b) := f ab f(s)ds, we first estimate

SC{e)‘.u,u/+62)\,EU*E[6e)\,u/U* +CAM/EU*+2ECAU*U*]}.

EJ(W*, W) <EJ(W* Wy + u')
=EJW*, W*+u')+EJ(W* +u', Wo +u')
<EJW* W*4+u)+EJWy —U* +u', Wy +u')
=Ji + /o,

where
’ u/

u
Ji =f Ef(W*+1)dt and J =E/ F(Wo + 1) dr.
0 —U*4u
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Clearly, J; < e, Using independence and the conditional version of Lemma 4.2 given U*,
we estimate

1 u*+u’ e
J < —E/ Ef(W*+1)dr < Cer T u* + BEU™).
P(U* < u*) —U*—u*+u’
Similarly,

EJ(W,W* <EJ(Wy —u', W%
=EJWo—u/,W*—u)+EJ(W* —u', W*)
<EJWo—u',Wo+u*—u)+EJW*—u', W
= J3+ Jg,

where

0 U*—u'
J3=/ Ef(W*+1)dt and J4=E/ f(Wp + 1) dr.

—u u'
Now we have J3 < u’ and again, we use independence and a suitable conditional version of
Lemma 4.2 to estimate J4:

1 U*+u*—u’' e .
Ja < WE/ E f(W*+1)dt < CEeMV T 70 y* 4 2eM10y%),
=u —

u*—u’

Noting that | E f ‘X,V,: f(s)ds| < max{J; + J2, J3 + J4} and collecting all the estimates together,
the desired result follows.

Proof of Lemma 4.1. Observe that

ELf' (W) — f(W)W] =Y ELf' (WEX;W — f(W)X;]
iel
=Y Elf (WEXiWi + f(W)EX,Z
iel

— fWDX; — f'(W; +0Z)X; Zi],

where 6 is uniformly distributed over [0, 1] and independent of all other variates. By indepen-
dence, the first and the third term vanish; the others can be rewritten in the following way:

ELf/ (W) = fFOV)WT =" Y " EL(f (W)EX; Z. — f'(W; +0Z:)) X Zi]

iel kek;
=Y Y EWS W) — £/ (Wi +0Z) Xi Zir]
iel kek;
Wi+6Z;
=_ Z Z EU £ (s)dsX; Z,-k}. (4.2)
iel kekK; Wi

The proof is now completed by making use of the conditional version of Corollary 4.1 given #j
and 6, with f” inplace of f, W} inplace of W*, Wy in place of Wo, W;+-6Z; = (1-0)W;+-0W
in place of W, and by making use of Jensen’s inequality for the convex functions x +> e** and

X > xert,
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5. Proofs of main results

First, we turn to the study of the behavior of the solutions of the Stein equation
f'(w) — fw)w = h(w) — N, DA}, (6.1

where N(u, o){h} denotes the expectation of 4 with respect to the appropriate normal density.
Some of the results stated here are classical and some of them seem to be new.
As we can easily check, one of the solutions to (5.1) can be expressed in the following form:

fw) = ﬁw—w) f_ihmexz/ fdx — ﬁw(uﬂ /w ooh(x)e*)”/2 dx, (5.2

where 1 denotes the Mills ratio, given by

U (x) = 2me" 20 (x),

and

d(x) = ~2/2 4.

1 X
— e
Ev4 2w ./—oo
Note that (5.2) is the only ‘nice’ solution to (5.1). More precisely, Lemmas 5.1 and 5.2 show
that f or its derivatives are bounded if % is nice enough. This cannot be true for any other
solution because the latter differs from f by a multiple of e’ /2,

We can write ¢ (x) = fooo e™*~"*/2 4t and differentiation under the integral sign yields the
important fact that the derivatives of ¥ satisfy

e 2
v (x) = / "2 dr > 0. (5.3)
0

Lemma 5.1. The function f given by (5.2) satisfies
I flloo < IR, N f'lloo <suph —infh, and | f"llec <suph’—infh',  (5.4)

where | - ||oo denotes the supremum norm and || - ||1 denotes the L'-norm.

Remark. We shall also need ‘weak’ derivatives in the Lebesgue sense: for an absolutely
continuous function f, sup f’ will be considered to be the essential supremum of f”; similarly,
we shall take || /|| oo to be the essential supremum of | f/|. Moreover, V (f”) will be considered
to be the infimum of the total variations of all versions of f’; see Lemma 5.2, below.

Proof of Lemma 5.1. The second and the third estimate are modifications of the estimates
stated in Lemma 3 of [36, p. 25]. The second estimate, which is also stated in Lemma 2.3 of
[1], can be proved in much the same way as the corresponding estimate in Stein [36]. The third
estimate actually follows from the corresponding Stein’s estimate by noting that f” does not
change if h(w) is replaced by h(w) + kw for some k € R.

To derive the first estimate, we use the fact that i is increasing to estimate

fw)l = GO (—x) e dx + %/ IRl () e/ dx.

7 L
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Now, since

a—x2/2 —x2/2

V2 V2r

the desired result obviously follows.

=d(x) =<1,

When estimating tail probabilities, the following test functions are of special importance:
for any a < b, define

0, w=<a,
1 b w—a
hap(w) = m 1(w > x)dx = b—a’ a <b,
a
1, w

The functions £, j; are standard smoothings of the indicators of half-lines, already used by [36].
Denote by f, 5 the corresponding solution to (5.1) given by (5.2).

Lemma 5.2. The functions f, , satisfy

V21 4
Il faplloo < 7 1 faplloo <1, V(fap) <2, and V(f],) < b’

where V (f) denotes the total variation of f.

Proof. The first estimate is an immediate consequence of Lemma 3 of [36, p. 25] and the
second one follows from the second estimate in (5.4). To derive the third estimate, first check
that

Y (W) P(—x), w=u,

/ 1 b
fopw) = m/a Gx(w)dx, where Gx(w) = {W(—w)dJ(x), w > x.

Now use (5.3) to deduce that V (G, ) = 2 for all x. Similarly, we can check that

" Ooq>_d7 ’
Hy(w) — Hy(w) v [Cecoawss

,  where Hy(w) =
b—a

f,;ib(w) = x

—w’/(—w)f d()dt, w > x,
—00

and again use (5.3) to find that V (H,) = 2 for all x. This completes the proof.

The following assertion allows us to express the solutions of (1.2) in terms of the solutions
to the ‘classical’ Stein equation. In other words, it allows us to express the solutions of the Stein
equation for test functions of exponential growth with the solutions for bounded test functions.
The result is immediate.

Lemma 5.3. Suppose that f solves
f(w) — fw)w = h(w + 1) — N, D{h}.
Then the function f(w) := ekwf(w — A) solves

f'w) = fwyw = e (h(w) — NG, D{h}).
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Now we turn to the proof of Theorem 2.2. Here and hereafter, we assume that W is
decomposed as in Section 2. In particular, recall the definition of 8()) from (2.5). Furthermore,
denote by Z a standard normal random variable.

Lemma 5.4. Forall x € R, all » > 0, and all h with bounded total variation, we have

6 V21
Ee* (W) —Eh(Z + V)] 5(—+x+—,\2>EeWVh (). 5.5
| ( ( I T 1 (h)B(A) (5.5
Remark. The term with Z in (5.5) is chosen so that the left-hand side vanishes if W is standard

normal.

Proof of Lemma 5.4. Fix A > 0. Clearly, we may assume that 8(1) and E e*V are finite. Set

1
8= —Ee*Y (W) —Eh(Z + V)]|. 5.6
Vf;l,l)goV(h)| e [h(W) ( )| (5.6)

Since Z has a density and since every function 4 with bounded total variation can be expressed
in the form

h(w) = / 1(w > x)u(dx) +/ 1(w > x)v(dx),
R R
where ||| + ||v]| = V (h), we can also write

s=sup|Ee’V 1(W = x) —d( —x)Ee*Y|.

xeR

From the latter formula, it also follows that § < Ee*W < oco. Now let ¢ > 0. Noting that
1(W=>x) < hx—s,x(W) and

1
Ehy_ex(Z4+2)—PA—x)=-E[(Z+Ar—x+e)1l(x —e < Z+ X1 <x)]
&

1 X
< / (z—x+¢)dz
e 2 X—&
R (5.7
BN |
we find that
_ & ]
E[1(W > x) — o —x)] <Ee*V | x—ex(W) = Bhi—ex(Z M)+ 5= ¥
Similarly,
_ e ]
B I =) = @ =001 2 B | hse W) — Bhrnsa (Z42) = S |
Thus, &
§ < sup |Ee*V [hy vie(W) — Ehyxse(Z + 1)1 + Ee*V. (5.8

xeR 2421

Now fix x € R and consider the function f(w) := e Sx=rx—r+e(w — A). By Lemma 5.3,
this function satisfies

) — fw)w = e*[hy xpe(w) — Ehy v 4o (Z + 1] (5.9)
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Now we shall apply Lemma 4.1 to estimate the expectation of the left-hand side with W in
place of w. By Lemma 4.1, we need to consider E| f”/(W + t)|. Since

f//(w) = ekw[)\zfxf)\,xfkﬁe(w —A)+A f)éf)»,xf)drs(w —A)+ f;,)\’x,;tﬂ(w - M1,
we find that E| f”(W +1)| < e Ee*Y (Ro + R; + R»), where

V2w

T
Ro = 22| femrmnge(W = D] = =32,
Ri =M amiee(W =R < 4,
Ro= 1" s csseW =2,

by Lemma 5.2. It remains to estimate E e*W R,. First, observe that

1 1 2
E|f" ., D)< — "l = —V(f) < ——,
| finx—ne (D] > (WA Ft T () L

again, by Lemma 5.2. Recalling (5.6) and applying Lemma 5.2 once more, we find that

(5.10)

B [ aee W =D = 1 smite DN < 8V F v iel)
=8V amate)

45
<=2 (5.11)
e
From (5.10) and (5.11), we deduce that
2 48
Ee’'WR, < —— EeMW 4+ —. (5.12)
N2 €
Putting everything together, we conclude that
V2 2 45
Elf"(W +1)| < (—A2+A+—)Ee”v+—.
(WA )| 7 Nir -
From Lemma 4.1 and the equality (5.9), we now find that
27 A 1 268
|Ee*Y [y xse(W) = Bhyaye(Z + )] < [(sz +3+ ﬁ> Eet" + ;}/3(%)-

Taking the supremum over x € R and making use of (5.8), it follows that

5<[( o kg ] )E*W+25}ﬁ(x)+ *_EeMV
— —+ ——|)Ee — ——Ee*".
= 8 2 2r P 227

Choosing ¢ := 48(X), we obtain

V2T o, A 3 )
S<|—r+Z+—)Ee"B) + =,
—( g ~ Tyt Tn> e /3()+2

which, together with the observation that § is finite, yields the desired result.
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748
Lemma 5.5. Forall x € R and all . > 0, we have
2 6 11
PW =x)—e *?PEMd(—x <e“EeW(—+—A) ). 5.13
[P(W > x) (=) = N B (5.13)
(5.14)

Proof. Fixx € R, A > 0, and ¢ > 0. First, write
TR, e (w) < 1w > x) < TR, (w),

where, fora < b,
0, w=<a,
w—a <w<b
. a w .
ha,b,k(w) = b—a - -

e MW=y > b,

&

=<
2421

Next, observe that, similarly as in (5.7),
Ehyex i (Z+2) =7 P0(—x) = Elhy o1 (Z + 1) —e X P9 1(Z 41 > x)]
(5.15)

Moreover,
M 20(—x) — e M Ehy e n(Z + 1)
—AE
= E{[eW*“) S (Z 4 —x):| 1x <Z+r<x+ s)}
e
1 x+e . e—Aa :|
—A(z—x)
< — e ———(z—x)|dz
A/ 27 X |: & ( )
1— e—ks e—)Ls
1l——(z—x) — (z—=x)|dz
e e
(5.16)

1 x+e
|
27'[ X

_ &
N

(the last inequality was obtained by convexity of the exponential function). Combining (5.14),
(5.15), and (5.16), we find that the quantity
5% := supe™ | P(W > x) —e *2Ee*W d(—x)]
X

_% RV, (5.17)

221

satisfies
8* < supe™ | Ee*W (hy vye s (W) — Ehyxien(Z + 1) +
X

Now consider the function f(w) := ehw Srx=nx—rte(w —A), where fr_j x—»+¢ 18 the solution
of the Stein equation given in (5.2), with iy _) x—»+. in place of . By Lemma 5.3, the function

f satisfies
F) — fw)w = e*[hy xie (W) — Bhy xien(Z + M.
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Differentiating f, we find that E| f”(W +1)| < e Ee*V (Ry + R + Rz + R3), where

A2
2 &
Ro). = A famnx—rter(W = V)| < - + A,
Ris =M cpen (W =2 <24,
R2 = |f);/—)\,x—)\+g(W - )")lv
RS, =1 eV =2) = s agen (W =) <4,
by Lemma 5.1 (notice that the function hy_j x—j4+e — Ax—x x—r+e,a 1S increasing with the

Lipschitz constant A). Putting everything together and applying Lemma 4.1 and (5.17), we
conclude that

5* <BeW ﬁ+§A+1R2 BOY + ——|. (5.18)
= 4 20T 3 W
Now choose
8+ 242 A

e ——— )\.
¢ 2+ﬂx2ﬁ(x)ﬂ( )

which reduces (5.18) to

§* <EetW i+2x+lR B(L)
- V2 272

The term with R, will be estimated in two ways. Trivially, from the last estimate in (5.4), it
follows that Ry < 1/¢. Conversely, we can use (5.12) and then estimate § (which is defined in
(5.6)) by Lemma 5.4. Combining both estimates, we obtain

2 1
Ee*WR, < Eew[ﬁ + gmin{l, H(x)}},

where H(A) := (24/+/2m + 41 + «/271)\2)/3()\). Estimating

2H(\) + 2722 B(M)
(8 + 2327 1) (1)

émin{l, HO)} <

we find, after some calculation, that

Ee*VR, < Eew[

2 N 48//2m + 81 + 3«/2;1)\2}
N2 842421 A

8 3
< Eew[— + —k]
2r 2
Substituting this into (5.18), the result follows.

Lemma 5.6. For every A € R, we have

2 2
exp()\?_ﬁ(?n)SEGAWSeXp(A?ﬁ(LM))
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Proof. Noting that —W can be decomposed in the same way as W (with the same function
B(A)), we find that it suffices to prove the result for A > 0. Define

F(A) =InEe"Y

and note that
, Ee*Ww
0 =—gaw

so that
1
F'0) = = =g ELEW) = L(W)W],

where fi(x) := e™. Again, we shall apply Lemma 4.1. Noting that E f}'(W + 1) =
A2eM Ee*W it follows that
132
|F'(A) — 1| < ?,3(%)- (5.19)

Now write

A )\'2 A
F()) = / F'(t)dt = — +/ (F'(t) — 1) dt,
0 2 0

which together with (5.19) and the fact that 8 is nondecreasing yields | F (1) — %A2| < B()/6.
This completes the proof.

Proofs of Theorems 2.1 and 2.2. Theorem 2.1 is an immediate consequence of Lemma 5.4
for A = 0. To prove Theorem 2.2, first observe that, similarly to the proof of Lemma 5.6, it
suffices to prove (2.6). We shall use the fact that, for all x > 0,

e,xz/z
+ V2x

(first, note that we have an equality for x = 0 and x — oo; then examine the derivatives
of both sides). Applying inequality (5.20) to the right-hand side of (5.13) and dividing by
e ¥/2E e*W @ (—x), we find that

P(W > x)
e M2 EerW d(—x)

1| < (% + 14—1k> @+ V2rx)e 2B (),

The proof is now completed by choosing A = x and applying Lemma 5.6.
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