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Abstract The effect that weighted summands have on each other in approximations of .S =
w151 + wa2S2 + - -+ + wn S is investigated. Here, S;’s are sums of integer-valued random
variables, and w; denote weights, ¢ = 1,..., N. Two cases are considered: the general case
of independent random variables when their closeness is ensured by the matching of factorial
moments and the case when the .S; has the Markov Binomial distribution. The Kolmogorov
metric is used to estimate the accuracy of approximation.

Keywords Characteristic function, concentration function, factorial moments, Kolmogorov
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1 Introduction

Let us consider a typical cluster sampling design: the entire population consists of
different clusters, and the probability for each cluster to be selected into a sample is
known. The sum of sample elements is then equal to S = w1 S1+waS2+- - -+wn SN
Here, S; is the sum of independent identically distributed (iid) random variables (rvs)
from the ¢-th cluster. A similar situation arises in actuarial mathematics when the sum
S models the discounted amount of the total net loss of a company, see, for example,
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[24]. Note that then S; may be the sum of dependent rvs. Of course, in actuarial
models, w; are also typically random, which makes our research just a first step in this
direction. In many papers, the limiting behavior of weighted sums is investigated with
the emphasis on weights or tails of distributions, see, for example, [6, 16-18, 23, 25—
30], and references therein. We, however, concentrate on the impact of S — w;S; on
w;S;. Our research is motivated by the following simple example. Let us assume that
S; is in some sense close to Z;, ¢ = 1,2. Then a natural approximation to w157 +
waSe 18 w1 Z1 4+ wo Zs. Suppose that we want to estimate the closeness of both sums
in some metric d(-, -). The standard approach which works for the majority of metrics
then gives

d(w151 + ’LUQSQ, w41 + w2Z2) < d(wlSl, wlZl) =+ d(’LUQSQ, UJQZQ). (1)

The triangle inequality (1) is not always useful. For example, let S; and Z; have
the same Poisson distribution with parameter n and let Sy and Z5 be Bernoulli vari-
ables with probabilities 1/3 and 1/4, respectively. Then (1) ensures the trivial order of
approximation O(1) only. Meanwhile, both S and Z can be treated as small (albeit
different) perturbations to the same Poisson variable and, therefore, one can expect
closeness of their distributions at least for large n. The ‘smoothing’ effect that other
sums have on the approximation of w;S; is already observed in [7] (see also refer-
ences therein). For some general results involving the concentration functions, see,
for example, [10, 20].

To make our goals more explicit, we need additional notation. Let Z denote the
set of all integers. Let F (resp. Fz, resp. M) denote the set of probability distribu-
tions (resp. distributions concentrated on integers, resp. finite signed measures) on R.
Let I, denote the distribution concentrated at real a and set I = I, . Henceforth,
the products and powers of measures are understood in the convolution sense. Fur-
ther, for a measure M, we set M® = I and exp{M} = >_p_ M*/k!. We denote

by M (t) the Fourier—Stieltjes transform of M. The real part of M (t) is denoted by

Reﬂ(f). Observe also that exmt)} = exp{]T/[\(t)}. We also use £(£) to denote
the distribution of &.

The Kolmogorov (uniform) norm |M |k and the total variation norm ||M || of M
are defined by

| M|k :igg\M((—oovx])!, |M]| = MT{R} + M~ {R},

respectively. Here M = M+ — M~ is the Jordan—Hahn decomposition of M. Also,
for any two measures M and V, |[M|x < [|M||, | MV |k < ||M] - |V]k, |IM(t)] <
[M]], [ exp{M}|| < exp{[[M[|}.If ' € F, then [F|r = [|F|| = [|exp{F — I}|| =
1. Observe also that, if M is concentrated on integers, then

oo oo

M= 3" M{EIL, M@= Y %Mk}, M= > |M{k}|.

k=—o00 k=—o0 k=—o0

For F' € F, h > 0, Lévy’s concentration function is defined by

Q(F,h) = sgpF{[x,x—i—h]}.
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All absolute positive constants are denoted by the same symbol C'. Sometimes
to avoid possible ambiguities, the constants C' are supplied with indices. Also, the
constants depending on parameter N are denoted by C'(N). We also assume usual
conventions Z;’.:a = 0 and H?:a = 1, if b < a. The notation O is used for any
signed measure satisfying ||@|| < 1. The notation 6 is used for any real or complex
number satisfying 6| < 1.

2 Sums of independent rvs

The results of this section are partially inspired by a comprehensive analytic research
of probability generating functions in [12] and the papers on mod-Poisson conver-
gence, see [2, 13, 14], and references therein. Assumptions in the above-mentioned
papers are made about the behavior of characteristic or probability generating func-
tions. The inversion inequalities are then used to translate their differences to the
differences of distributions. In principle, mod-Poisson convergence means that if an
initial rv is a perturbation of some Poisson rv, then their distributions must be close.
Formally, it is required for exp{—A,(e'* — 1)} f,(t) to have a limit for some se-
quence of Poisson parameters S\m as n — oo. Here, f,(t) is a characteristic function
of an investigated rv. Division by a certain Poisson characteristic function is one of
the crucial steps in the proof of Theorem 2.1 below, which makes it applicable to rvs
satisfying the mod-Poisson convergence definition, provided they can be expressed
as sums of independent rvs. Though we use factorial moments, similar to Section 7.1
in [2], our work is much more closer in spirit to [21], where general lemmas about
the closeness of lattice measures are proved.

In this section, we consider a general case of independent non-identically dis-
tributed rvs, forming a triangular array (a scheme of series). Let S; = X;1 + X2 +
oo+ Xings Zi = Zn+ Zio+ -+ Zip,, t = 1,2,..., N. We assume that all
the X;;, Z;; are mutually independent and integer-valued. Observe that, in general,
S = vazl w;S; and Z = Zfil w; Z; are not integer-valued and, therefore, the
standard methods of estimation of lattice rvs do not apply. Note also that, since any
infinitely divisible distribution can be expressed as a sum of rvs, Poisson, compound
Poisson and negative binomial rvs can be used as Z;.

The distribution of X;; (resp. Z;;) is denoted by F;; (resp. G;;). The closeness of
characteristic functions will be determined by the closeness of corresponding factorial
moments. Though it is proposed in [2] to use standard factorial moments even for
rvs taking negative values, we think that right-hand side and left-hand side factorial
moments, already used in [21], are more natural characteristics. Let, fork = 1,2, ...,
and any F' € F,

o0

V]:F(Fij) = Z m(m—1)---(m —k+ 1)F;;{m},

m=k
oo

vp (Fiy) =Y m(m—=1)--(m—k+1)F;{-m}.

m=k

For the estimation of the remainder terms we also need the following notation:
Bi (Fij, Gij) = vi (Fij) + vi; (Gij), 02 = max(Var(X,;), Var(Zi;)), and
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s _Imn{l— |Fs(n— D1 - ||Gij<11_1>||}

k=—00 k=—o00

For the last equality, see (1.9) and (5.15) in [5]. Next we formulate our assumptions.
For some fixed integers > 1,i=1,...,N, j=1,...,n,,

Uz
ug; > 0, Zuijm, ni=1,  w; >0, )

vi (Fy) = v (Gyy), v (Fy) = v (Gy), k=1,2,....5s (3
s+1(F177GU) + Bs-{-l (Fij, Gij) < oo. 4)

Now we are in position to formulate the main result of this section.
Theorem 2.1. Let assumptions (2)—(4) hold. Then

N n; 71/2 N ny ny
o65) - £ < o 2 (355 ) (10 Yo/ 3o
min; w; i=11=1 =1 k=1 k=1
N n; —s/2
x Z Z [Bo1(Fij, Gij) + By (Fij. Gig) <Z udc) :
i=1 j=1

)
If, in addition, s is even and Bf ,(F;j, Gi;) + B o (Fyj, Gij) < oo, then

N n; -1/2 N
|£(S) = L(Z)|,. < C(N, s E?;”ZZ? (ZZUH> H<1 + Zalk/2u1k>
7 k=1

i=1 =1 =1

N n; n; —s/2
x ZZ(Z Uzk) <}Bj+1(Fij,Gij) — B (Fij, Gij)|

i=1 j=1
+ [ s+2(F7fJ7G7fJ) +BS+2(E77G17)

—1/2
654_1 Fl]u Gzy <Z uzk) ) . (6)

The factor (3_; Z;”:l u;;)~1/? estimates the impact of S on approximation of
w;S;. The estimate (6) takes care of a possible symmetry of distributions.

If, in each sum S; and Z;, all the rvs are identically distributed, then we can get rid
of the factor containing variances. We say that condition (ID) is satisfied if, for each
1=1,2,...,N,allrvs X;; and Z;; (j = 1, ..., n;) are iid with distributions F; and
G, respectively. Observe, that if condition (ID) is satisfied, then the characteristic
functions of S and Z are respectively equal to

N

N
Hﬁzm (wit), Hé
=1

=1
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We also use notation u; instead of u;;, since now u;1 = Uz = - -+ = Uip,.
Theorem 2.2. Let the assumptions (2)—(4) and the condition (ID) hold. Then

N —1/2
max; wj
B _ max; wj Ui
|£(9) = £2)] ;e < OV, 5) 2 <Z} M>
N o+ 5-
(B G) + 8., (FLG)
3 P . ()

=1 [ [

How does Theorem 2.1 compare to the known results? In [4], compound Poisson-
type approximations to non-negative iid rvs in each sum were considered under the
additional Franken-type condition:

Vi (Fy) — (i (7)) — v (F3) > 0, ®)

see [8]. Similar assumptions were used in [7, 21]. Observe that Franken’s condition
requires almost all probabilistic mass to be concentrated at 0 and 1. Indeed, then
vif (Fj) < land F;{1} > 372 5 k(k — 2)F;{k}. Meanwhile, Theorems 2.1 and 2.2
hold under much milder assumptions and, as demonstrated in the example below, can
be useful even if (8) is not satisfied. Therefore, even for the case of one sum when
N =1, our results are new.

Example. Let N = 2, w; = 1, ws = v/2, and F; and G, be defined by F;{0} =
0.375, F;{1} = 0.5, F;{4} = 0.125, G;{0} = 0.45, G,;{1} = 0.25, G;{2} = 0.25,
G,;{5} = 0.05, (j = 1,2). We assume that np = n and ny = [/n ] is the smallest
integer greater or equal to v/n. Then v} (F}) = v} (G;), k = 1,2,3, B (F}, G;) =
9,u; = 3/8, (j =1,2). Therefore, by Theorem 2.2

1£(8) - £(2)|,, < \/% (nil + n%) _o(mY).

In this case, Franken’s condition (8) is not satisfied, since v, (F}) — vy (Fj) —
(vi (F)))? < 0.

Next we apply Theorem 2.2 to the negative binomial distribution. For real » > 0
and 0 < p < 1, let £ ~ NB(r, p) denote the distribution with

r+k—1\_ _
P(g_k)_< L >qu, E=0,1,....

Here ¢ = 1 — p. Note that r is not necessarily an integer.
Let X1 be concentrated on non-negative integers (v, (¥;) = 0). We approximate

L (BS)
L VarSi — ESZ'7

ES;
"~ VarS;’

Di

so that ES; = 7;G;/p; and VarS; = r;g; /p?. Observe that

Git) = (—P n 9
7()_ 1_qjeit . ()



212 V. Cekanavicius and P. Vellaisamy

Corollary 2.1. Let assumptions of Theorem 2.2 hold with X1 concentrated on non-
negative integers and let EXIBJ- < oo (j =1,...,N). Let G; be defined by (9).
Then

N ~1/2
£(S) - £(2)|,, < O <Z nu)

N =1
<3 [u;mc) i E () + (7 ()
k=1

V+ _ V+ 2)\2

_|_

Here
1 1\ "1/2
up =1— = I — I)F; In — .
Uy, Zmax(H( 1—1) ’CH’ (rk nﬁk> )
Remark 2.1. (i) Note that

roln L — O (F)® v (F) = (v (FR))® + vy (F)
Pr vy (F) — (v (Fr))? vy (Fr) '

(ii) Let V,j(Fj) = C,w; =< C. Then the accuracy of approximation in (10) is of
the order O((ny + - -- +ny)~/?).

3 Sums of Markov Binomial rvs

We already mentioned that it is not always natural to assume independence of rvs. In
this section, we still assume that S = w151 + w2 S2 + - - - + wy Sy with mutually
independent S;. On the other hand, we assume that each .S; has a Markov Binomial
(MB) distribution, that is, .S; is a sum of Markov dependent Bernoulli variables. Such
asum S has a slightly more realistic interpretation in actuarial mathematics. Assume,
for example, that we have N insurance policy holders, i-th of whom can get ill during
an insurance period and be paid a claim w;. The health of the policy holder depends
on the state of her/his health in the previous period. Therefore, we have a natural
two state (healthy, ill) Markov chain. Then S; is an aggregate claim for ith insurance
policy holder after n; periods, meanwhile S is an aggregate claim of all holders. Limit
behavior of the MB distribution is a popular topic among mathematicians, discussed
in numerous papers, see, for example, [3, 9, 11], and references therein.

Let0,&1,...,&mn;,--. . =1,2,..., N) be a Markov chain with the transition
probabilities

P&k =1|& k-1 =1) = ps, Pl =0|& k-1 =1) =g,
Pl&r=1|& k-1 =0)=7, P&k =0|& k-1 =0) =5,
pi+tq =9 +D;,=1, pi,q; € (0,1), keN.

The distribution of S; = &1 + -+ + &, (n; € N) is called the Markov binomial
distribution with parameters p;, g;, D;, ¢;, n;. The definition of a MB rv slightly differs
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from paper to paper. We use the one from [3]. Note that the Markov chain, considered
above, is not necessarily stationary. Furthermore, the distribution of w;.S; is denoted
by H;, = L(w;S;). For approximation of H,,, we use the signed compound Poisson
(CP) measure with matching mean and variance. Such signed CP approximations
usually outperform both the normal and CP approximations, see, for example, [1, 3,
20]. Let

iw;t

4iq; 2% gie
et « 1 — pjetwit
Observe that Y; (t) 4 1 is the characteristic function of the geometric distribution. Let
Y; be a measure corresponding to Y;(¢). For approximation of H;,, we use the signed
CP measure D;,

D, = exp{ <”Yi(qz' —_pz') + ni%) Y,
g; +9;

—2 2
qi4q; qi Vi 2
_m<(qi+ai)2(pi+qi+@>+7)Yi } (b

The CP limit occurs when ng; — ;\, see, for example, [3]. Therefore, we assume g,
to be small, though not necessarily vanishing. Let, for some fixed integer ko > 2,

1
qigﬁ, w; >0, ni=1, i=1,...,N.
12)
In principle, the first assumption in (12) can be dropped, but then exponentially van-
ishing remainder terms appear in all results, making them very complicated.

Theorem 3.1. Let H;,, = L(w;S;) and let D, be defined by (11),i=1,...,N. Let
the conditions stated in (12) be satisfied. Then

N N
[[ Hin = [1 D
i=1 i=1

1

N _
< C(N, ko) =i >im @GP + @)
K e \/Zszl max(nxqy, 1)

Remark 3.1. Letallq, > C,i = 1,..., N. Then, obviously, the right-hand side of
(13) is majorized by

(13)

max w; 1
minw; +/Maxny

Therefore, even in this case, the result is comparable with the Berry—Esseen theorem.

C(N, ko)

4 Auxiliary results

Lemma 4.1. Let h > 0, W € M, W{R} = 0, U € F and |U(t)| < CV(t),
Sor |t| < 1/h and some symmetric distribution V' having non-negative characteristic
function. Then

WU|k <C
[tI<1/h

W‘ dt + C|W[Q(U, h)




214 V. Cekanavicius and P. Vellaisamy

W) 1
<c( sup WO -—+|W|)Q<v,h>.
t<i/n tl R

Lemma 4.1 is a version of Le Cam’s smoothing inequality, see Lemma 9.3 in [5]
and Lemma 3 on p. 402 in [15].

Lemmad4.2. Let F € F, h > 0and a > 0. Then

Qumn<<%)2/%uJﬂQMa (14)
cxﬂh)<(1+<g>)Qa2@, (15)
Qexpla(F — D} h) < Vﬁ (16)

If, in addition, F(t) > 0, then
h/t|g1/h‘ﬁ(t)| dt < CQ(F,h). (17)

Lemma 4.2 contains well-known properties of Levy’s concentration function, see,
for example, Chapter 1 in [19] or Section 1.5 in [5].

Expansion in left-hand and right-hand factorial moments for Fourier—Stieltjes
transforms is given in [21]. Here we need its analogue for distributions.

Lemma 4.3. Let F € F and, for some s > 1, v} (F) +v_, ,(F) < co. Then

F:I'i‘i V$(F)(11—I)m+i Vr?@(‘!F)(I_l_I)m

m/! m

Vo1 (F) + v (F)

(s+1)!
Proof. For measures, concentrated on non-negative integers, (18) is given in [5],
Lemma 2.1. Observe that distribution F' can be expressed as a mixture F' = p™ F'T +
p~ F'~ of distributions F'T, '~ concentrated on non-negative and negative integers,
respectively. Then Lemma 2.1 from [5] can be applied in turn to £ and to F'~ (with

I_1). The remainder terms can be combined, since (I_y — I) = I_1(I — ) =
(I, - 1)6. O
Lemma 4.4. Let F,G € Fyz and, for some s > 1, V;_(F) = I/;’_(G), v, (F) =

Vi (G), (G =12, ) I 611 (F,G) + Basa(F,G) < o0, then
:Jrl(Fv G) + B;Jrl(Fv G)
(s+1)!

If, in addition, B, ,(F, G) + Bs12(F,G) < 0o and s is even, then
B:Jrl(Fa G) - ﬂs_Jrl(Fa G)
(s+1)!

+ [B52(F, G) + Bra(F.G) + B (F,G)] (I — 1)*T20C(s).

(I, - )*T'o. (18)

F-G=

(I = I)*'e.

F—G=

(Il _ I)S-‘rl
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Proof. Observe that

(Il _ I)S+l 4 (I—l _ I)S+1 _ (Il _ I)s-i—l _ (I_l)s+l(fl _ I)S+1

s+1
= (L =D Ty (I - 1)) (1)
j=1
= (L = 1)*"?6(s + 1).
The lemma now follows from (18). O

Lemma 4.5. Let F' € Fyz with mean ju(F) and variance o*(F), both finite. Then,
Sorall |t| <,

|F()] <1- (1 — (4 ;TI)FH/g)p
) eXp{_(l - ”(Il;I)FH/Q) sin? %} (19)
[(F(t)e )| < 720> (F)|sin(t/2)|. (20)

The first estimate in (19) is given in [2] p. 884, the second estimate in (19) is
trivial. For the proof of (20), see p. 81 in [5].

Lemma 4.6. Let M € M be concentrated on Z, ) .., |k||[M{k}| < oo. Then, for
any a € R, b > 0 the following inequality holds

— o 1/2
IM]| < (1 -+ bm)"/2 (% / ,,(’M(t)f + ol (e NI (1)) \2) dt) .

Lemma 4.6 is a well-known inversion inequality for lattice distributions. Its proof
can be found, for example, in [5], Lemma 5.1.

Lemma 4.7. Let H;,, = L(w;S;) and let D, be defined by (11),1=1,...,N. Let

conditions (12) hold. Then, fort =1,2,..., N,

Hin — Dy = G;(pi + G;)Yi exp{nv:Y; /60Y0C + (p; + G;) (L, — 1)OCe™ M,
H;, = exp{n7:Yi/30}0C + (p; +G;)(Iw, — )OCe™ M,

C(ko)T;

D, = exp{n;v;Y;/30}O0C, e Cine ¢ T
max(n;g;, 1)

~ ~ 4 7.

|Yi(t)| < 4sin(tw;/2)], ReY;(t) > ~3 sin?(tw; /2), % <7 <79,
Proof. The statements follow from Lemma 5.4, Lemma 5.1 and the relations given
on pp. 1131-1132 in [3]. The estimate for e~“i" follows from the first assumption
in (12) and the following simple estimate

h S opko 14 Cinggy
C(ko)g; < C(ko)g; 0

= min(1,C;)(1 +n;g;)  min(1,C;) max(n;g;, 1)
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5 Proofs for sums of independent rvs

Proof of Theorem 2.1. Let F;; ., (resp. G;;,.,) denote the distribution of w; X;; (resp.

w; Zi;). Note that 131-]-71”(1%) = ﬁij (w;t). By the triangle inequality

N N
1£(S) - £(2)| . = |[[ £(w:S) — Hc(wlzl)
X - i N
<Y (LS — LwiZy) [[ £wiSy) ] £(wiz)
=1 =1 l=i+1

Similarly,

L(w;S;) — L(w; Z;) = ﬁ Fijw— ﬁ Gijw

:Z( ij,w T 17, HEkw H szw

j=1 k=j+1

For the sake of brevity, let

z] :—Hszw H szw;
k=1

_J+1
i—1 i—1 mnyg
Ti: HE wlSl H E’LU[Z[ H Hﬂmw H HGlmw-
=1 l=i+1 =1 m=1 l=i+1m=1

Then, combining both equations given above with Lemma 4.4 , we get

N n;

|£(5) = £(2)] ;c < C(s) D D [Bi1 (Fiy Gij)

i=1 j=1
+ Bii1 (Fig, Gig)] | (I, = 1T BT .

Let |¢| < m/ max; w;. Then it follows from (19) that

N ng

~ ~ 2 1 tw

Ei' T < w;j sin® (tw; /2) /7 - m 2 %l )

|Ey(0)Ti(t)] <e exp WZ Upm, SID 5
=1 m=1

Observe that e%is 5in”(twi/2)/7 < o1/7 — ' Next, let
1 2
= & Z > i [Ty, = I) + (I_w, = T)].

21

(22)

(23)

It is not difficult to check, that exp{L} is a CP distribution with non-negative char-
acteristic function. Also, by the definition of exponential measure, exp{— L}, which
can be called the inverse to exp{L}, is a signed measure with finite variation. We

have

|(Iw, — I)*Y EyTi |k = |(Iw, — I)*t" EyyT; exp{—L} exp{L}| x.

(24)
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Next step is similar to the definition of mod-Poisson convergence. We apply Lemma
4.1 with h = maxw; /7 and Uy = exp{L} and W = (I,,, — I)* T E;; T, exp{—L}.
By Lemma 4.2,

max w; :
< )
Q(exp{L},n) < C i, Q(exp{L}, minw;/2)
N —1/2
max w;
< m . 2
(L) )

From (22) and (23), it follows that

—~ N
Wi(t)| 1 | sin(tw; /2)|5T1 1 twl
‘—‘-Eéc(S)—eXp 5 > E Uppy sin?

h|t| =1 m=1

< C(s)%‘sin(twi/Q)’S exp{—% Z Uim, Sinz(twi/Q)}
m=1
ni —s/2
s) (Z uim> : (26)
m=1

It remains to estimate ||W7]|. Let

1
le/lmb.,w = Glm,w eXp{gulm [(Iu}z - I) + (I*wl - I)} }

Then by the properties of the total variation norm,

1
Wl < exp{guij[uwi—n (- -1}
X S+1H9pzkw H wlkw
k=j+1
H H Wi, |- 27)
l=i+1[|m=1

The first norm in (27) is bounded by exp{zu;;[||Lw, — I|| + [[I-w, — I|]]} <
exp{1/2}. The total variation norm is invariant with respect to scale. Therefore, with-
out loss of generality, we can switch to w; = 1. In this case, we use the notations
D1, ¥;k. Then, again employing the inverse CP measures, we get

S+1 H sz W H uv/z'k,w

_J+1
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j—1 n;
(=D T2 [ @

k=1 k=j+1

Jj—1 ni
(Il — I)S+1 H d)ik H g/ik exp{uij(ll — I)} exp{uij(I — Il)}H
k=1 k=j+1

2
<e

j—1 n;
(Il — I)SJrl exp{uij(h — I)} H d)ik H g/ik
k=1 k=j+1

We apply Lemma 4.6 with a = u;; + ZZ# Wik, b = 1, where ;. = V;F(E ) +
vy (Fy) is the mean of Fj;, and, due to assumption (3), of Gy Let

j—1 ng
ﬁ(t) = (eit — 1)SJr1 exp{uij (eit —1- zt)} H @-k(t)e*it“““ H !f/ikefit‘”k.
k=1 k=j+1

It follows from (19) that

A < C(s)’sin(t/Q)’SJrl exp{—% Z Uim sinz(t/2)}

i —s/2
< CO(s) (Z uim> .
m=1

For the estimation of |A’(t)], observe that by (19) and (20)

~

Fop(t)eitnae L i (4 /9)e(uin/2m) sin® (t/2)

5. —itpin)/
(@i (0| < .

+ ’ (ﬁm (t)e—ituik)’e(uik/%r) sin?(t/2) ’
C(s)(uir + o7, )|sin(t/2)]

< C(s) (uir + 03 ) [sin(t/2)] exp{—% sinQ(t/2)}el/’T.

N

~

The same bound holds for | (¥ (t) exp{ —itu;r })’|- The direct calculation shows that

’((eit—l)SJrl exp{u;; (eit—l—it)})/’ < C(s)’sin(t/2)‘s exp{—%uij sinz(t/2)}.

Taking into account of the previous two estimates, it is not difficult to prove that

|A' ()] < C(s)] sin(t/2)|s exp{—% iuik sin2(t/2)}

k=1

X <1+sin2(t/2) "Z (Uik+az'2]g)>

k=1,k#j
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n; —s/2 n; n;
s) (Z uik> <1 +Zai2k/2uik>.
k=1 k=1 k=1

From Lemma 4.6, it follows that

S+1 Hdszkw H Wzkw

k=j+1

n; —s/2
< <s>(zw) (1+zazk/zum)
k=1 k=1

(28)

The remaining two norms in (27) can be estimated similarly:

ﬁ gli)lm,w ﬁ le/lmb.,w < O<1 + i Ul2m/ i ulm) . (29)
m=1 m=1 m=1 m=1

Substituting (28), (29) into (27), we obtain

n; —s/2 N
WA < CW#)(Z Uz‘m) H<1+Zolk/zulk> (30)
m=1 k=1

=1
Combining (30) with (25), (26) and (24), we get

—1/2
s max,; w;
‘(Iuh - I) Jrleiiji|K g C(Na S) mlnjw‘J <Zzuzk>

3

1 k=1
ni —s/2 ZN ny ny
X (Zuzm> H(l—l—Zale/Zulk).
m=1 =1 k=1 k=1

Substituting the last estimate into (21) we complete the proof of (5). The proof of (6)
is very similar and, therefore, omitted. O

Proof of Theorem 2.2. We outline only the differences from the proof of Theorem
2.1. No use of convolution with the inverse Poisson measure is required, since we
have powers of F", which can be used for Levy’s concentration function. Let ||
denote an integer part of @ and let a(k) := [(k —1)/2], b(k) := | (n; — k)/2]. Then,
as in the proof of Theorem 2.1, we obtain

3

i

|£(5) = £(2) Z BE L (Fi, Gi) + B, (F, Gy)
=1 k:l
i—1 N
X | (L, — I)erlF_a(k)Gl?(k)F_a(k)Gl_)(k) H F H G
Wy w Tw w w Jw Jw

j=i+1 K
Here Fj,, and G, denote the distributions of w; X;; and w;Z;;, respectively. We
can apply Lemma 4.1 to the Kolmogorov norm given above, taking W = (I, —
I )5+1ﬂ‘zsk)foUk). The remaining distribution is used in Levy’s concentration func-

tion. The Fourier—Stieltjes transform /V[7(t) /t is estimated exactly as in the proof of
Theorem 2.1. The total variation of any distribution is equal to 1, therefore ||W| <
|[ 1., — I|| < 2 and we can avoid application of Lemma 4.6. O
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Proof of Corollary 2.1. As provedin [1], p. 144,

1 (F, 1\ 12

—|Gr( = 1)|| < pevy (Fie) 1 .

2 a: Dk
Observe that v} (F;) = v;f (G,) and v (F}) = v (G;). It remains to find v5 (G;)
and apply Theorem 2.2. O
6 Proof of Theorem 3.1

The proof is similar to the one given in [22]. Let A; = exp{n;y;Y;/30}. From
Lemma 4.7, it follows that

H;, = A4;0;C + e “mi©,C, D, = A;0,C, i=1,2,...,N.

Here we have added index to ©; emphasizing that they might be different for different
i. As usual, we assume that the convolution [[5_ 1= [T)_, = I. Let also denote
by > summation over all indices {j1, j2,...,ji—1 € {0,1}}. Taking into account
Lemma 4.7 and the properties of the Kolmogorov and total variation norms given in
the Introduction, we get

N
zn_HDzn
i K
zn_ 1n HHkn H Dkn

N .

=1 k=1 k=i+1 K
N N i—1
=1 k=1
i—1
X H Ax0,C [[ e -mCrorC
k=i+1 k=1 K

i—1 N

Y; exp{n;v;Y;/60} H Aik H Ay,
k=1 k=i+1 |k

N
Z (i +3) )

i—1 N
Q[0 403 e
k=1 i=1

i—1 ) N
DITAr TI Ax

k=1 k=i+1

i—1
H e*(lfjk)"kck' (31)

K k=1

Both summands on the right-hand side of (31) are estimated similarly. Observe
that

i—1 N
Yiexp{ni”ini/GO}H A‘i" H Ay

k=1 k=itl
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n; z'Yz
= Yiexp{ gO Z]knkak-ﬁ- Z nkak}
k i+1

Next we apply Lemma 4.1 with W = Y; and h = maxw; /7 and V' with

i—1
~ 1 . _ .
V(t) = exp{—% [Z Jx max(nggy, 1) sin? (twy /2)

k=1

N
+ Z max(nygy, 1) sin2(twk/2)1 }

k=i
By Lemma 4.7
Yi(t)| 1
— V)| <C
DL vy
Observe that
niv; 1—1
eXP{ éOZYi( Z]knkak Z W Yi(t H
k 1+1
. i—1
n;7y; sin” (tw; /2 2 ) .
< eXp{—%/) T > enaye sin® (twy, /2)
k=1
5 N
T Z NEYE Sin (twk/Q)}
k=i+1
1 i—1
< exp{ lngnqu sin? (twy/2) Z”k% sin? twk/2)]}
k=1 k=1

i—1
1
L eV/90 exp{—— [Z]k nkqy + 1) sin (twk/2)

+ Z(nkﬁk +1) sin2(twk/2)] }

k=i

i—1
1
< eN/90 exp{ _% [; jk max(nqu, 1) sin2 (t’wk/2)

N
+ 3 max(negy, 1) sm2<twk/2>] }

k=i
=NV (t).

Therefore, using Lemma 4.2, we prove

i—1
Y; exp{n;v;Y;/60} H Alx H Ag
k=1 k=i+1 K
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<C(N)Q (V, max wi/h)

max w; )
< C(N)<minw- )Q(V, min w; /2)
maxw; \ [ e N e
< C(N) < minw-l> <Z Jwmax(ngg, 1) + Z max(ngqy, 1)) . (32)
‘ k=1 k=i+1

Next observe that by Lemma 4.7,

i—1 i1
H e~ (1=dk)nkCr | — Cexp{— Z(l —jk)Oknk}
k=1 k=1

C(ko, N)
max(1, \/22;11 (1 — jx) max(ngqy, 1))

The last estimate, (32) and the trivial inequality 1/(ab) < 2/(a + b), valid for any
a,b > 1, allow us to obtain

N
Y wita)y
1=1
maxw; Yo, G(pi +T)
gc(k N) i J . =1 11 7 .
B max(g 1)

The estimation of the second sum in (31) is almost identical and, therefore, omitted.
O

<

1—1
H e_(l_jk)nkck

K k=1

i—1 N
Y; exp{n;v;Y;/60} H A H Ay
k=1 k=i+1
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