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Consider a finite renewal process in the sense that interrenewal times are positive i.i.d. variables and the
total number of renewals is a random variable, independent of interrenewal times. A finite point process
can be obtained by probabilistic sampling of the finite renewal process, where each renewal is sampled
with a fixed probability and independently of other renewals. The problem addressed in this work concerns
statistical inference of the original distributions of the total number of renewals and interrenewal times
from a sample of i.i.d. finite point processes obtained by sampling finite renewal processes. This problem
is motivated by traffic measurements in the Internet in order to characterize flows of packets (which can
be seen as finite renewal processes) and where the use of packet sampling is becoming prevalent due to
increasing link speeds and limited storage and processing capacities.
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1. Introduction

1.1. Motivation

The statistical and probabilistic problems considered in this work are motivated by questions
arising from data traffic analysis in modern communication networks such as the Internet. Over
these networks, information is sent in the form of packets, and packets are grouped into flows.
(A flow corresponds to a group of packets sharing common characteristics. Ideally, a flow can
be thought of as a set of packets that arises in the network through a remote terminal session
or a web page download.) Each packet carries information about the flow it belongs to and also
whether it is the first or the last packet in the flow. Examining each packet then allows all flows
to be reconstructed. Knowing the structure of flows (flow level characteristics) helps network
operators and networking researchers to understand and discover characteristics of data traffic.
A key difficulty with capturing each packet is that this rapidly leads to a huge amount of data
to store and analyze. For instance, capturing all traffic for a few hours on a gigabit/sec. link at
a medium load level yields several hundred gigabytes of data. A way to reduce the volume of
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data is by sampling packets. One of the simplest approaches is probabilistic sampling, where
each packet, independently of the others, is captured and analyzed with a fixed probability g.
The basic problem, known as the inversion problem in the network traffic literature, is then to
deduce the structure of the original flows from sampled packets.

This problem has recently attracted much attention in the networking community, with the
focus almost exclusively on inference of the original distribution of flow sizes (total number
of packets); see [11,17,24]. In this work, we take a closer look at statistical properties of the
previously considered estimator of the original distribution of flow sizes and are also interested
in inference of interarrival times between packets from sampled data. This distribution allows
traffic burstiness to be characterized and leads to other major characteristics such as the duration
of a flow.

1.2. Statement of problem and goals

From a mathematical standpoint, flows and their probabilistic sampling can be described as fol-
lows. As suggested by data traffic measurements (e.g., [18]), a flow can be modeled as a finite
renewal process, where the total number of renewals W is random and the interrenewal times
Di,i=1,...,W —1, are positive i.i.d. random variables, independent of W. Suppose that the
finite renewal process is sampled probabilistically with a fixed probability g to obtain a sampled
finite point process. (As shown below, the resulting sampled point process is generally not a finite
renewal process.) The sampled number of renewals (which could be zero) and sampled interre-
newal times (which are available only when the number of sampled renewals is greater than 1)
will be denoted by W, and D, ;,i =1,..., W, — 1, respectively. We illustrate this notation in
Figure 1, where all circles (both empty and full) correspond to the finite renewal process, and
full circles correspond to the sampled finite point process.

Given N 1i.i.d. copies of a sampled finite point process (some of which are empty when the
number of sampled renewals is zero), one of our main goals is to infer the original distribution
Fp of interrenewal times D;. The focus is on nonparametric inference of Fp, statistical proper-
ties of the resulting estimator and its performance in simulations. The estimator of Fp involves
a nonparametric estimator of the original distribution fy of the total number of renewals W,
which has previously been considered in the network traffic context [17]. Statistical properties of
the estimator of fy will also be studied here for the first time.
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Figure 1. Finite renewal process and sampled finite point process.
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1.3. Inference procedure

To be able to make inference about Fp, we first need to relate it to Fp gilss where the latter
indicates the conditional distribution function of D, ; given W, =s (with i < s). As part of this
work (see Theorem 3.1 in Section 3), we show that

o0
Fp,js= Y AsmFp". (1.1)

m=1

where xm denotes the mth convolution. In particular, the right-hand side of (1.1), and hence
Fp g.ilss does not depend i. We also note for later reference that the definition of the sequence
As = {As m}men involves the distribution fy. Somewhat independently of the main objectives
above, we examine (1.1) for several underlying distributions fy, such as geometric and heavy-
tailed, that arise in network traffic studies (e.g., [6]). For example, in the geometric case, the
distribution Fp,_ ;|5 does not depend on s, although this seems to be an exception to the general
rule. We also provide a result similar to (1.1) for a multidimensional vector (Dy 1, ..., Dy »).
This allows (conditional) dependencies to be examined among sampled interrenewal times. For
example, when the distribution fy is geometric, the sampled interrenewal times turn out to be
independent, in which case the sampled finite point process is a finite renewal process. We should
also note that forms of conditioning other than on W, =s are possible, such as W, > s; these
will be discussed briefly.
Having the relation (1.1), we would naturally expect that it can be inverted, in the sense that

00
FD:ZaSsmFB’Z,-\s’ (1.2)
=1

where a; = {as m}meN is obtained by reversion of Ay = {A; }men, that is, their respective z-
transformations (or formal power series) G4, (z) = Zsle asmz™ and G4, (z) = ano:l Agm7"
satisfy G,, (G4, (2)) = G4, (Gg4, (z)) = z. The relation (1.2) suggests a natural estimator of Fp,
defined as (see Section 4.2)

o0
Fp = Zas,mngi‘s, (1.3)
m=1

where F) D, ;|5 18 the empirical distribution function of D, ; given W, = s, and @; is the reversion
of the sequence Ay, where the latter is defined as Ay by replacing fw in its definition by the
empirical distribution fw Note that the estimator F p is defined for fixed s and i.

1.4. Contributions to the literature

Under technical assumptions, we will show that Fpisan asymptotically normal estimator of Fp,
namely,

VN(Fp — Fp) % X, (1.4)
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where X is a limiting Gaussian process and the convergence in distribution LY holds in a suit-
able space of functions (Theorem 4.3). The approach and some techniques behind this result are
closely related to the works in the so-called decompounding framework by Buchmann and Grii-
bel [5], Bagsted and Pitts [3] (see also [14,15]). These authors consider analogous estimators,
but where the sequence A; in (1.1) is known and hence so is its reversion sequence a;. We thus
deviate from these earlier works by assuming that a; also needs to be estimated, which makes
the analysis substantially more complex. More specifically, the limit X in (1.4) can be written as

0 )
! (n—1)
X = —Z(a_g ) * (§ OaS))nF[*)Z,"‘S + (Za‘y'nanqerS ) *xZ, (15)
n=1 n=1

where (¢, Z) is a Gaussian process, o is a composition operation, aﬁ ) is the “derivative” of ag and

% is the convolution. The second term in (1.5) is the term found in the decompounding literature
when A; and ag are supposed to be known. The first term in (1.5) is new and accounts for the
variations in d; here.

Since @y involves the estimator fw via A\S, we also need the asymptotic normality result for
fw. Although fw already appears in the network traffic literature [17], its statistical properties
have not been studied before to the best of our knowledge, and the asymptotic normality result
is also derived here. We show that, under suitable assumptions,

VNG = fw) S 5®). (1.6)

where S(§) = {S(§)w}wen is a Gaussian process (Theorem 4.1 and Proposition 4.5). It is in-
teresting to note that the result (1.6) is shown under technical assumptions which do not cover
distributions with heavier tails (such as heavy-tailed distributions). It is proved, however, that the
assumptions can be thought of as sharp (in the sense of Proposition 4.4 of Section 4.1). What the
asymptotics of fw are beyond these assumptions remains an interesting open question.

‘We would like to make several other related comments. First, it is well known from estimation
of flow sizes in the network traffic context that the performance of the estimator fw degrades
rapidly as the sampling probability g decreases. For example, for ¢ = 0.1, the inference becomes
impractical for reasonable sample sizes N. We shall discuss this fact in light of the derived
asymptotic normality result for fw (Sections 4.1 and 5.1) by indicating two different regimes for
the estimator performance in terms of the limiting asymptotic variance. The regimes are defined
as:

e stable, if sup ES(E)%U < 00;
weN

(1.7)
e explosive, if su% ESE )lzv =00,
we

where S (&) is the limiting Gaussian process in (1.6) and ES(&)%, is expressed in terms of ¢, and
Jw or fw,. The performance of the estimator fw is satisfactory in the stable regime, but poor
in the explosive regime. For small ¢, fw typically belongs to the explosive regime and hence
to the case of poor performance. Analogous difficulties for smaller g remain when using the
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estimator Fj p. Because of these practical considerations, in the network traffic context, alternative
sampling schemes have been sought and considered, such as the sample-and-hold method [7,12],
and the dual sampling technique [22]. We plan to study inference of interrenewal times in one of
these frameworks and postpone any real data application to future work. This work will therefore
be limited to a simulation study (Section 5).

In another direction, the results on characterizing the sampled number of renewals and sampled
interrenewal times, such as the relation (1.1), contribute to a substantial literature on sampling
of point processes. Sampling (also known as thinning) is discussed in several manuscripts such
as [8,9,19]. To the best of our knowledge, sampling (thinning) of finite renewal processes has
been largely unexplored. The results of our work (Section 3) show that sampling of finite renewal
processes does not generally lead to finite renewal processes (in that, conditionally on the number
of sampled renewals, sampled interrenewal times are generally dependent).

1.5. Structure of the paper

The rest of the paper is organized as follows. In Section 2 we collect the notation used throughout
the work and include other preliminaries. Section 3 concerns properties of the finite point process
obtained from sampling the finite renewal process. Inference of the original distributions of the
total number of renewals and interrenewal times is studied in Section 4. A simulation study can
be found in Section 5. For better readability, most of the proofs are deferred to Appendix A.
The main body of the article contains the proofs of only those results which we consider key
in individual sections. Finally, Appendix B contains a technical result used in Section 4.2, with
bounds on remainder terms in Taylor expansions of compositions of formal power series.

2. Notation and other preliminaries

Here, we introduce notation and make a number of assumptions that will be used throughout the
paper. As in Section 1, we consider a finite renewal process consisting of a finite but random
number W (with W > 1) of renewals and positive i.i.d. interrenewal times D;, i =1,..., W —1,
independent of W. The terminology of finite renewal processes here follows that of [9], Ex-
ample 5.3(b), page 125. We denote by D the variable with a common distribution of D;. We
also let V denote the total duration of the finite renewal process defined by V = Zl“; Il D; Gf
W =1, then V = 0). Suppose now that each renewal, independently of the others, is sampled
with a fixed probability g € (0, 1) to form a sampled finite point process. We let W, denote the
total number of sampled renewals, Dy ;,i =1,..., W, — 1, the sampled interrenewal times and
Vo= Z;V:‘fl_l D, ; the total duration of the sampled finite point process.

The following notation will be used many times throughout the paper. For a discrete random
variable X, its distribution or probability mass function (p.m.f.) will be denoted by fx(x) =
P(X = x). For example, we shall write fy (w), qu(w), etc. For a continuous random vari-
able Y, its distribution function will be denoted by Fy(y) = P(Y < y) and its Laplace transform
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(LT) will be denoted by fy(v) = fe’”yFy(dy), v >0 (v e Ry). We shall also use the con-
ditional distribution functions Fy|s(y) = P(Y < y|W, =s) and Fy|¢+(y) = P(Y < y|W,; > ).
So, for example, we shall write Fp, F D, F Dy ;15> €tC. In several instances, we shall use analogous
notation, but where Y is replaced by a multidimensional.

For a sequence a = {a,}nen,, where No = N U {0} and N is the set of natural num-
bers, we denote its formal power series or its z-transformation by G,(z) = Z;’;O a,7". Con-
versely, any such formal power series is associated with a sequence. When a stands for
a pm.f. fx, we shall also write Gx in place of Gy,. Since a sequence a will not neces-
sarily be nonnegative, we shall also use the notation at = {a},en,, defined as a7 = |ay],
and G,(z) = G+ (2) = Zflo:() |an|z". In several instances, we shall use a multidimensional
power series Ga (21, -, Zm) = X pi—g" " Dopo=0 anzy' -+ zy" associated with a = {an}neny
andn=(ng,...,n,).

We shall also use the following common operations on sequences (or their formal power
series) a = {an}nen, and b = {b,},en,. The composition of a and b will be denoted a o b
and is defined by its formal power series as G,op(z) = G4(Gp(z)). The kth derivative of
a = {an}nen, will be denoted by a® = {a”}, cn, and is defined by G, (z) = d*G 4 (z) /dz* =
Z;C’:k agn(m — 1)---(n — k + 1)z"*. The reversion of a sequence a = {a,},en Will be
defined as a sequence b = {b,},en Wwith its formal power series satisfying G,(G,(z)) =
G4(Gp(2)) = z. The reversion is defined for any sequence a = {a,},en With a; # 0. As usual,
the symbol * will stand for convolution in either the discrete or continuous setting. With all
these notions for sequences and their formal power series, we follow the nice monograph
of [16].

3. From finite renewal process to sampled finite point process

In this section, we study several characteristics of the sampled finite point process in terms of
the original finite renewal process. We first briefly consider the number of sampled renewals and
then turn to sampled interrenewal times.

3.1. Number of sampled renewals

The relation between the probability mass functions of the number of sampled renewals and the
number of original renewals is given by

fwy ()= P(Wy=s|W=w)P(W=w)

w=s

- (3.1)
=y (’f)m — " fww), 520,
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The function G, (z) is given by

as w
> (s>qf(1 — )" fw(w)

Gw,( =) 2
=0

=Y fww)(zg+1—-9)" (3.2)
w=1
=Gw(zg+10—-9q), lzl<l

The same relations (3.1) and (3.2) also appear in [17] and will be used in Section 4.1 to obtain
inversion results.

3.2. Sampled interrenewal times

Given that s renewals have been sampled, the next result characterizes the LT of the ith (i <)
sampled interrenewal time in terms of the LT of the original interrenewal times.

Theorem 3.1. The LT of Dy ; given Wy = s can be expressed as
Fp, s =G, (Fp), 1<i<sv=0, 3.3)

where Ay = {As m}meN and A, denotes the probability that the number of original renewals
between the ith and (i + 1)th sampled renewals is equal to m — 1 given W, =s,

N

q - w—m w—s
Agm= | — . 3.4
e wzim_lm(w)( o )( 9) (3.4)

Proof. For1 <i <s and ¢ > 0, we have

oo
P(Dyi<t.Wy=5)=)  fwW)P(Dgi <1, Wy =s|W=w)
w=s

. (3.5)
=" fw)P(Wy =s|W =w)P(Dg; <t|W =w, Wy =5).

Let M denote the number of original renewals not sampled between the ith and (i + 1)th sam-
pled renewals plus 1. If the number of original renewals is W = w and the number of sampled
renewals is W, = s, then M can take the values 1,2,...,w —s + 1, and

w—s+1
PDy; <tilW=w,W;=5)= Z Fgm(t)P(M=m|W=w,W =5s). 3.6)

m=1



1292 N. Antunes and V. Pipiras

By considering the location of the ith sampled renewal in the total number of renewals w along
with the possible distinct locations of the sampled renewals before the ith and after the (i 4 1)th
sampled renewals, we obtain that

wem D N fw—m— 1 w
e (Y

=i

-(71)/C)

where [ is the location of the ith sampled renewal and the last equality follows from the identity

PN (x =1 X
= 1.b> <Xx. .
Z(a—l)( ) ) <a+b), a>1,b>0,a+b<x (3.8)

l=a

3.7)

By using (3.5)—(3.7), we deduce that

P(Dy; <t,W,=s)

Fp,1s(t) =
il Fw, )
w—s+1 w—m
1—g)* Fi" (¢t 3.9
= (S)ZfW(“’)“ 9) ;(S_I)D() (3.9)
o0
- Z As,mFﬁm(I)»
m=1
where A; , is given by (3.4). The relation (3.3) follows by taking the LT in (3.9). O

Theorem 3.1 implies that, when conditioning on W, = s, the distribution of the ith (i < s)
sampled interrenewal time depends, in general, only on s and not on i, and hence that the times
between consecutive sampled renewals are identically distributed conditionally on W, . In con-
trast to the original finite renewal process which assumes independence of W and D;, the sampled
quantities W, and D, ; are dependent.

Other forms of conditioning on the number of sampled renewals are possible. For example,
from (3.3), the LT of D, ; given W, > s can be expressed as

o
Fp, s+ @)=Y Fp, j¢()P(Wy=5'|W, > )

s'=s

1
m Z Z Ay mFp@)" fw,(s) (3.10)

=sm=1

= Ga . (Fp)).
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where Ag+ = {Ag+ imen and Ag+ ,, is the probability that the number of original renewals
between the ith and (i + 1)th sampled renewals is equal to m — 1 given W, > s,

o]

1 - w—my o w—s’
Ax+,m=mz Z fW(w)(s/—l)q (I-q)

s'=s w=s"+m—1

_q(l_q)m_l - ey w—ny o w—m—s’'
= PWy=s) > fW(w)(l_Z< o )61 (I—q) )

w=m+s—1 s'=0

(3.11)

In the rest of the paper, we shall focus only on the conditioning W, = s, but similar results can
be derived for other forms of conditioning such as W, > s.

The next result gives the joint LT for a finite number of sampled interrenewal times. We shall
use this general result below to investigate dependence between sampled interrenewal times (see
Section 3.2.1); see Appendix A for the proof.

Theorem 3.2. The joint LT of Dy n = (Dy.iys ..., Dg,i,) with 1 <iy < --- <, given Wy =5,
s > i, can be expressed as

Fp, s\ =Gp (Fpi), ..., Fp(wp)),  v=(v1....,v) €RY, (3.12)
where By = {Bs m}meNt Withm = (my, ..., my) and By m denotes the probability that the num-

ber of renewals between the ijth and (i; + 1)th sampled renewals is equal tom; — 1,1 < j <n,
given W, =s:

S

_ q
Jw, (s)

Bom > fww) (“s’ B ,'f) (1—g)"° (3.13)

w=s+m—n

withm =miy+---+my.

By Theorem 3.2, the joint distribution of a subset of sampled interrenewal times given W, = s
depends only on s and not on the indices of the sampled times considered. Another relation of
interest is between the duration of the sampled finite point process and the original interrenewal
times; see Appendix A for the proof.

Proposition 3.1. The LT of V,; given that W, > 2 can be expressed as
Fy,p+(0) =Ge(Fp)),  v=0, (3.14)

where C = {Cy, }men and Cy, is the probability that the number of renewals between the first and
last sampled renewals is equal to m — 1, given Wy > 2:

6]2

-t _ o w—m—1
=P, =) > fw@)w —m)(1 —q) . (3.15)

w=m+1

Cm
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Since the LT of the duration of the original finite renewal process V = Zl“; Tl D;, given
W > 2, can be expressed as

o0
r — I w
Fyjw=2(v) = POW=2) wZ_:l Sww+1DFp)",
we expect that
o0
Fp) =Y DyFyjw=2(0)", (3.16)
n=1

where D = {D, },¢n is the reversion of { fyy(w + 1)/ P(W > 2)}yen (defined in Section 2). By
plugging (3.16) into (3.14), we can obtain an expression for the duration V; of the sampled finite
point process in terms of the duration V of the finite renewal process.

Also, note that, equivalently, the relations (3.3), (3.12) and (3.14) can be expressed in terms of
the distributions functions (see (3.9), and relations (A.4) and (A.7) in Appendix A, respectively)
or via the characteristic functions.

3.2.1. Examples

In the following, we examine characteristics of the sampled finite point process for particular
distributions of W.

Geometric distribution

Suppose that W is a geometric random variable with parameter c, that is, fi(w) =c*~'(1 —¢),
w > 1, c € (0, 1). Substituting this fw (w) into (3.4), we obtain, after straightforward calcula-
tions, that

Agm=(cA=g))" (1=c1—q), m=>1.

Therefore, Ay is the p.m.f. of a geometric distribution with parameter c(1 — ¢) which does not
depend on s. From (3.3) and using the generating function of the geometric distribution, we have

(1—c(l —g)Fp()
I—c(l=q)Fp()

Now, substituting fw (w) into (3.13), we conclude, after some algebra, that

Fp, 1s(v) =

n
Bs,m:As,ml"'As,m,l» m= (my,...,my) €N",

and hence, from (3.12),

- n (1 —c(l —g)Fp(v)
F S = A ’
D15 (V) l_[ 1—c(l—q)Fp(v;)

i=1

The latter expression shows that when W is geometrically distributed, the sampled interrenewal
times are independent and identically distributed (i.e., the sampled finite point process is a finite
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renewal process). The LT of V; in (3.14), where C is now the p.m.f. of a geometric distribution
with parameter 1 — ¢, simplifies to

~ _ k)
P O = R

Pareto distribution

Suppose now that W is a discrete Pareto distribution, that is, fiy(w) = wol Je(a+ 1), w>1,
o> 0and {(z) = Zi)ozl w™* is the Riemann zeta function. Unlike in the previous example,
closed forms for LT’s of the sampled interrenewal times are not available. Nevertheless, we can
show that for a particular example, the sampled interrenewal times are not conditionally inde-
pendent. Taking s = 3, i1 = 1 and i = 2, the random variables D, 1 and D, > are independent

given W, =3 if and only if
G, (Fp(v1), Fp(v2)) = G oy (Fp(v1))G a5 (Fp (v2)) (3.17)

for all (y1,y2) € Ri. Since fD(y) is continuous in Yy, it takes all the values in (0, 1). Then,
(3.17) implies that G g, (w1, w2) = G a;(w1)G 45 (w2) for all wy, wy € (0, 1) and hence B3 m =
A3.m, A3, forallm = (my,mp) € N2. The coefficients of the term fp(vl)fp(vz) on the right-
and left-hand sides of (3.17) are, respectively,

42 9Lig—1(1—¢) = 3Lia(l = q) +2Ligs1 (1 - 9)?
317 Lig—a(1 — ) = 3Lig—1(1 — ¢) +2Lig(1 — q)

and
6(1 —q +Lig(1 —q) —2Lig4+1(1 —q))
Lig—2(1 —¢q) —3Lig—1(1 —¢) +2Lis(1 —g)°

where Li, (a) = Zle a®/w", la| < 1, is the polylogarithm function. Since A% | # B3,1,1), the
random variables Dy,1 and Dy > are not conditionally independent. This is also why we use
the term “sampled finite point process” throughout the paper instead of “sampled finite renewal
process”.

B3 1=

Heavy-tailed distributions

Consider the case of a heavy-tailed distribution for W, in the sense that
fw(w) ~ caw ¢! (3.18)

as w — 0o, where o € (1,2) and ¢ > 0. Such distributions are common models for long flow
sizes in network traffic studies (e.g., [6]). As in the example with Pareto distribution above,
closed forms for LT’s of the sampled interrenewal times are not available under (3.18). We can
nevertheless provide a number of interesting qualitative results concerning the case (3.18).

The relation (3.18) implies that

P(W>w)~cw™® (3.19)
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as w — 0o. As indicated in [17], page 70, by the results of [2], page 333, this implies that
P(W; >w)~q%cw™, (3.20)

that is, W, is also heavy-tailed with the same parameter o. (Note that (3.20) does not, in general,
imply that fw, (w) ~ g%caw™*"1)) Also, note that in the case (3.19), the total duration V is
expected to be heavy-tailed, even for light-tailed interrenewal times D;. Indeed, by Robert and
Segers [21], Theorem 3.2, if (3.19) holds and

P(Dy>1t)=o0(""), (3.21)
then
t o, —u
P(V>t)~ P<W > E—Dl> ~c(ED)%t ¢, (3.22)

that is, the tail of total duration is dominated by that of W.
On the sampling side, the total duration is also characterized by heavy tails. Indeed, by Propo-
sition 3.1 above and [21], Theorem 3.2,

1 _
PV, >1)~ P(C > E—Dl> ~ co(EDy)*t ™, (3.23)

where a random variable C is such that P(C =m) = Cy,, where C,, is defined in (3.15), as long
as (3.21) holds and

Cyn ~ cooam @1, (3.24)
To show (3.24), observe that for large m, using (3.18),

2 00
~ qcx —a—1 _ _ o w—m—1
Cm P(W, =2) > w w—m)(1—g)

w=m+1
2 oo —a—1
—a—1_ 4 k k—1
= _— 14+ — k(1 —
" P(quz)z( +m) (=
k=1
—a—1__9qCcx *ca k—1
~ E k(1 — 3.25
m P(W, = 2) (1I—¢q) ( )

o1 __dca d i(l "
=m _ —— —
PW, =)\ dg = Y

PW,=22)\ dggq P(Wy=2)

Note also that the argument (3.25) above does not apply to the sampled interrenewal times.
For example, for the first sampled interrenewal time D, 1, the analogous argument would show
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that, for coefficients in (3.4),
Agm~c(l—g)"m—o~! (3.26)

as m — oo, which is not heavy-tailed, in contrast to (3.24).

4. From sampled finite point process to finite renewal process

In this section, we study inference of the original distributions of the number of renewals and
interrenewal times.

4.1. Distribution of number of renewals

We are interested here in estimating the p.m.f. fw (w) from i.i.d. observations of W,. We revisit
a nonparametric estimator of fy (w) introduced in [17] and clarify several issues surrounding its
use and properties. A number of open questions will also be raised.

Estimation of fy (w) is based on a theoretical inversion of the relation (3.1) which will be
discussed first. The relation (3.2) can be written as Gw (z) = Gw, (¢ 'z+ (1 —g")), which has
the same form as the original relation (3.2) when W and W, are exchanged, and g is replaced by
g~ '. In view of (3.1), we would then expect that

o0

fww)=Y" (;)w”)wa —q D" fw, (5)

4.1)
o (s (=D o
ZZ( ) om0 T ) wzl

S=w w
Hohn and Veitch [17] claim that (4.1) holds when g € (0.5, 1) (with this choice, note that ¢ 75 (1 —
q)* € (0,1) in (4.1)). As the following elementary result shows, this is not a necessary condition.
The relation (4.1) also holds for ¢ € (0, 0.5] as long as qu (w) or fw(w) decays to zero fast
enough; see Appendix A for the proof.

Proposition 4.1. If

s 1 — s—n o]
Z <S>%qu(s) = Z <w)2wn(1 _q)wfnfw(w) <00, n> 1, (42)
q n

n
s=n

then the relation (4.1) holds.

w=n

For example, for geometric W satisfying fw (w) = 11 —¢), w>1, ce(0,1), the condi-
tion (4.2) holds when 2 — (2 — €)g < ¢!, where & > 0 is arbitrarily small and where we have
used the fact that (;‘;) in (4.2) can be bounded by w” up to a multiplicative constant. Note also
that (4.2) always holds for g € (0.5, 1). When g € (0, 0.5], on the other hand, a number of distri-
butions fw (w) of interest, such as heavy-tailed distributions (Section 3.2.1), do not satisfy (4.2).
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In these cases, and generally for g € (0, 0.5], the relation (4.1) needs to be modified by a proce-
dure used and referred to as an analytic continuation in [17], page 71. The procedure is defined
below. We should note that this procedure is viewed below as a convenient algebraic trick that
makes series converge (see, e.g., the proof of Proposition 4.3) rather than as a suitable analytic
continuation, which is a complementary viewpoint followed in [17].

Let zo = 1 — ¢ and pick an arbitrary sequence zx, k=1,...,/,suchthat 1 > z9 >z; > --- >
z1-1 >z1=0and zx € Cx—1 ={z:1z — zk—1] < 1 — zxg—1}, k =1, ...,1. For a sequence x =
{xn}nen, define formally and recursively sequences 70 (x) = {T® (x), }hen, k=1,...,1, as

o0 .
T®O), =) (l)T("‘”u)im —n-) ™" nx=1, 4.3)
4 n

1=n

where T (x); = x;/q'. It is also convenient to define the mapping underlying (4.1), that is,
S(x) = {S(*)n}nen, where

S@n=Y_ <;) (_Z.ln (I1-¢)""x;, n>1. (4.4)

i=n

The following elementary result relates S(x) and T® (x) when x satisfies a natural condition.

Proposition 4.2. If a sequence x = {x, },eN satisfies

o]

Z(i)w|xi|<oo, n>1, (4.5)
i=n n ql
then

TO(x) = Skx), (4.6)

where TO(x) and S(x) are defined in (4.3) and (4.4), respectively.

The next result formalizes the fact that f can be obtained as T ®( Jw,). Note that this is true
without any assumptions on g and f .

Proposition 4.3. For any q € (0, 1) and p.m.f. fw, we have
fw=TV(fw,). @.7)
where T is defined in (4.3).

With theoretical inversion formulas (4.1) and (4.7), we can now turn to estimation. Let Wy ¢,
k=1,..., N, bei.i.d. copies of the variable W, and

N
-~ 1
Fw =5 Tiwge=syy 520, (4.8)
k=1
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be the empirical p.m.f. of fw,, where 14 denotes an indicator function of an event A. Note that
we assume, in particular, that the event W, x = 0 can be observed in practice (or, equivalently,
N and W, ; > 1 can be observed in practice). In the network traffic context, we naturally observe
only W, ; > 1. The total number of flows N is deduced from the additional information in the
sampled packet headers (e.g., [10]). (To be more precise, N is actually estimated, but we suppose
it to be known for the sake of simplicity.)

In view of (4.7), it is natural to introduce the following nonparametric estimator of fy:

Fww) =T (Fw)w (4.9)

s

~ > —1)sw ~
= SFuu=Y <;>%a ST 6. wzl (@10)

where T® (x) and S(x) are defined in (4.3) and (4.4), respectively. The first equality in (4.10)
follows from Proposition 4.2 since only a finite number of the qu (s)’s are nonzero.

We will next show that the estimator (4.9) is asymptotically normal under suitable assump-
tions. The suitable assumptions are quite strong, but we do not expect that they can be weakened
much, as explained in Proposition 4.4 below and a discussion surrounding it. For w > 1, we also
let

0 2 1 — g)26—w)
Ryw=Y <s> %qu (s) 4.11)

w

S=w
> K\ o (5 (k—w
=wa<k)(1—q>k—ZW( )Z( )( )(q‘l—lf, (4.12)
w w/\s—w
k=w s=w
where the second equality follows from (3.1).
Theorem 4.1. Suppose that
Ry w < 00, w>1, 4.13)
where Ry .y is defined in (4.11). Then, as N — oo,
(VN (Fw @) = fiw @)}, = 15E whwen, (4.14)

where the convergence is in the sense of finite-dimensional distributions, S(x) is defined in (4.4)
and & = {&s}sen is a zero-mean Gaussian process with the covariance structure

E&y &y = fi, (5185150 — fov, (51) fw, (52) (4.15)

(and, as usual, 8, s, =1 if 51 = 82, and = 0 if 51 # 52, this being the Kronecker symbol). In
particular, the limiting variables S (&), are zero-mean, Gaussian and have the variance

ES(£)2 = Ryw — fw(w)>. (4.16)
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Proof. We only consider the convergence (4.14) at fixed w > 1. Note that, using Proposition 4.2,
VN (fw(w) — fww)) = SN (fw, — fw,))w- For fixed j > w and x = {x,},en, define

J . i—
—1)i—w )
S@jw=Y. (;)La — ) x;.

i=w q
Using [1], Theorem 3.2, page 28, it is enough to show that:

@) SWNFw, = fw,)jw > SE)jw as N — oo;

(i) S(E)jw > SE)w as j — oo
(iii) for any § > 0,

limsuplimsup P (|S(v/N (fw, — WD) i~ S(WN(fw, = fw,),| > 8) =0.

j—oo N—oo

The convergence in (i) is elementary since {\/ﬁ (qu (s)— qu (5))}sen converges to & = {&s}sen
in the sense of finite-dimensional distributions and since, for fixed j, S(x); , involves only
a finite number of elements of x = {x,},eN.

The convergence in (ii) can be proven in a stronger sense, that of almost sure convergence. For
this, observe that in the sense of finite-dimensional distributions,

{Esen £ {B(Fw, () — B(Fw, (s — D)}, + (fw, ) B(D)}yen

=: {%—S(l)}sEN + {€:S(2) }SEN’

where B = {B(t)};¢[0,1] is a standard Brownian motion. It is then enough to show almost sure
convergence of the corresponding terms for £1) and £ . Doing this for £ is elementary and
thus we do so only for &1, Note that

4.17)

(MY o L Uw, ()P sen, (4.18)

where 7 are i.i.d. N (0, 1) random variables. By the three series theorem, S(§1); , — S(EM),,
a.s. as long as the condition (4.13) holds.
For the convergence in (iii), note that the probability in (iii) can be expressed and bounded as

{ )
(1 _ )2(3 w)

<572 Z ( ) —p E(VN(Fw, () — fw,())’

s=j+1

1— s1+s2—2w
—}-28_2 Z (Sl><52>( q)
w w qsl+32

JH1ss1<s2

00 —1)s—w ~
> (i)%u—q>~““’«/ﬁ(qu<s>—qu<S>) >

s=j+1
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x |[EN(fw, 1) = fw, D) (Fw, (s2) — fw, (s2))]

0 1_ 2(s—w)
=572 (w) %(qum—qu(s))

s=j+1
_ st (52 (1 — @)1 o2 _
+2672 Y (w) <w> qsl—ﬂszq (s1) fw, (s2) <872(Q; +207).
JH1<si<s2
where Q; = Zfijﬂ (5 )zwqu (s). It remains to observe that Q; — 0 as j — oo, by
the assumption (4.13). The proof of (4.16) is now elementary. Il

Note that the condition (4.13) is quite strong and, for example, does not allow for heavy-
tailed distributions when ¢ € (0, 0.5]. When this condition does not hold, since /N ( fw (w) —
fww)) =TD/N(fw, — fw,))w. we may think that the limit of the left-hand side of (4.14)
should be

7Y@ ={T"®w} e (4.19)

where the process £ is as in Theorem 4.1. This, however, is not expected to hold. In fact, without
the condition (4.13), the expected limit (4.19) is not even well defined, as the result below shows.
Consider the case of [ =2, zo = 0 and T (&) for simplicity (the argument can also be extended
to general /). With the representation (4.17), the term 7® (£?)) is well defined by arguing as in
the proof of Proposition 4.3. We will show that without the condition (4.13), T (& MY is not
well defined, in the following natural sense. Note that

7O (g(l))n _ i <n> (z1 — (lq— 70 fo 2

sS=n
is well defined, where we take E(l) qu (s)l/zns with 5y as in (4.18) and let

J

TPED), = <Z>(—m)k—w<”(s<“)k.

k=w

The proof of the following result can be found in Appendix A.

Proposition 4.4. The condition (4.13) is necessary for T® (& @)y j,w to have a limit in distribu-
tion as j — 0o.

We shall conclude this section by considering the convergence (4.14) in a suitable space of
sequences. We let oo o = {x = {Xp}neNy : [1X]l00.a := sup,>ga”|xn| < 0o}. See Appendix A for
the proof.
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Proposition 4.5. If, for b’ > 0,

waq(s)”z(bzﬂ) <, (4.20)
s=0

then the convergence (4.14) also holds in the space ls p for any 0 < b < b'.

Note that the condition (4.20) is stronger than (4.13).

Theorem 4.1 and Proposition 4.5 suggest several possibilities for confidence intervals (CI’s)
of fw.For example, following Theorem 4.1, we can define the 1000 % CI of fw (w) for fixed w
as

(Fw ) — 2o N™V2ESE2)'2, fw (w) + 2o N~ VHESE)2)'?), 4.21)
where E?(S\)g) is defined as in (4.16) by replacing fw, in Rg,» and fw (w) by qu, and z, is the

100ath percentile of |A(0, 1)|. Another possibility is to use Proposition 4.5 and set the 100« %
confidence “interval” (set) across all w simultaneously as

{f:I1fw = flloos < N™V2G()). (4.22)

Following [13] and [3], the quantity g(«) should be taken as the 100ath percentile of

~ 1 al .
Rv@ =~y > 1j0.2] (W S(N1 > liw,, = ) - S(fw,) ) (4.23)
NN k=1 00,b

(i1,min)€EfL ...,
which can be viewed as a bootstrapped version of the probability

Ry @) =P(VNIS(fw,) = S(w)llsos =2) = P(VNII fw — fwlloop <2).  (4.24)

The choice of () is justified if we can show that I/Q\N and Ry are asymptotically equivalent
in distribution in a suitable space of functions. This could be shown by following the approach
found in the proof of [13], Proposition 3.15. The proof will not be given here. We should also
note that the discussion above assumes that the conditions of Theorem 4.1 and Proposition 4.5 are
met, that is, fw(w) or fw, (w) has a sufficiently fast decay. In practice, these conditions cannot
be verified and caution should be exercised with the resulting CI's. Another practical problem
with Proposition 4.5 and a related bootstrap procedure is that b is not known in advance. In the
simulation study found in Section 5.1 below, we shall explore CI’s given by (4.21) and also use
a bootstrap procedure, but where || - |05 1S replaced by || - [|; with ||x||; = sup; <,,<; |x»| for some
fixed /.

4.2. Distribution of interrenewal times

Here, we are interested in estimating the original distribution function Fp of interrenewal times.
We focus on nonparametric estimators, in the spirit of Buchmann and Griibel [5] and Bggsted
and Pitts [3], and their basic properties (such as asymptotic normality).
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Estimation of Fp is based on a theoretical inversion of the relation (3.3). (As mentioned in
Section 3, forms of conditioning other than that on W, = s are possible and could be dealt with
by following the approach developed below.) Note that, from (3.3), we would expect

Fp(v) = Gq,(Fp, ,s(v)), (4.25)

where a; = {a; n}nen is the reversion of the sequence A; = {A; n}nen (see Section 2). In terms
of distribution functions, the relation (4.25) can be written as

o0
Fp = Zas,,,Fg’;ils. (4.26)

n=1

The following result provides sufficient conditions for (4.26) to hold and follows directly
from [3], Theorem 1. It uses the following notation. Let r(G 4,) and r(G,,) be the radii of
convergence of the corresponding power series G 4, and G, (in the sense found in, e.g., [16]).
By Bagsted and Pitts [3], Proposition 1, there exist

0(Ga,) €(0,r(Ga,)l, 0(Gy,) € (0,r(Gg)l, 4.27)
such that |w| < o(G,,) implies that there exists a unique z where |z| <0 (G 4,) and
G, (1) =w, 7= G, (w). (4.28)

We also need a suitable space of functions. For v > 0, let D;[0,00) = {f:[0,00) >
R: | flloo,r := sup,=g e~ ™[ f ()| < oo}.

Theorem 4.2 ([3], Theorem 1). Let T > 0 be such that
Fp,,1s(1) <o (Ga). (4.29)
The series on the right-hand side of (4.26) then converges in D[0, 00). If, in addition,
Fp(t) <a(Ga,), (4.30)
then the relation (4.26) holds.

As discussed in [3], the conditions (4.29) and (4.30) always hold for large enough t. We now
turn to estimation based on the inversion (4.26). It is natural to consider the estimator

oo
Fp = Zas,,fg;ils, (4.31)

n=1

Here, a5 = {ds n}nen is the reversion of the sequence Ay = {Ajs ,}nen defined as

~ q° =~ w—n -
= = 1— "%, 4.32
As, oae > fw(w)<s_1>( q) (4.32)

w=s+n—1
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where qu and fw are given in (4.8) and (4.10), respectively (i.e., A\S is defined as in (3.4),
but where fw, and fw are replaced by their sample counterparts). For the distribution function
estimator, we take

Fp,1s(t) = Nf G )Z [Dy.ix<t.Wy x=s}s (4.33)

where D, ; x are i.i.d. observations of D, ;. An important difference between (4.31) and simi-
lar estimators considered in [3,5] is that (4.31) involves an estimator ay of a, (whereas a; was
assumed to be known in these related works). This obviously makes the analysis of the estima-
tor (4.31) more involved. Also, note that the estimator F p in (4.31) is defined for fixed s and i.
In addition, the estimator involves averages which are conditional on W, = s. In particular, the
expressions (4.32) and (4.33) are only defined for fW (s) #0.

We will show below that the estimator (4.31) is asymptotlcally normal under suitable as-
sumptions. Note that the estimator (4.31) can be viewed as a functional of ZS (via d;) and
Fp ,.ils- We first need a suitable result on the asymptotic normality of the latter quantities. Let
(¢ ={¢n}nen, Z ={Z(t)};>0) be a zero-mean Gaussian process characterized by the following:

nAsn qs - w—n -
= Msn SE)w 1—q)"=, >1, (434
R R Ry w:;;_l ) (S_1>< q) n=1, (434)
F ,'S(t) 1
Z(r) = - Lol B(fw,($)Fp, @), 120, (4.35)

Jw, (s) Jw, (s)

where S(&) appears in (4.14) of Theorem 4.1, 5 is a zero-mean Gaussian variable with £ n? =
Jw, () — fw, (s)? and B is a standard Brownian bridge such that

EnSE)w = 1{szw}<;)(—1)squ<1 — @ fw, () — fw, () fw (w),
EnB(fw,()Fp,1s®) = fw,s)(1 = fw, () Fp, 150,
ES(E)wB(fW,,(S)FDq,\s(t)) =1 s>w}< ) (_q) ( _Q)s_wqu (S)(l — qu(S))FDqY,-\s(t)-

The proof of the following result can be found in Appendix A.

Proposition 4.6. Suppose that for some zg > 1,

o0
> VRgw(l = )"z w’ < oo, (4.36)
w=1
where Ry, is defined in (4.11). Then,

VN((Ay, Ep, 1) — (As, Fo, 119)) > (¢, 2) 4.37)
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with the convergence in the space (L z,, Dol0, 00)), where the limit ({, Z) is characterized by
(4.34) and (4.35) above.

We are now ready to prove the asymptotic normality result for the estimator Fp in (4.31).
In addition to the notation introduced before Theorem 4.2, we shall also use the following. For
a formal power series G (z) = ZZ‘;O a,7”, let

vg (o) = Iilrga |G (2)]. (4.38)

If r(G) denotes the radius of convergence of G as before, we also let
ro(G) = sup{og:00 <r(G),vg(c) > 0for 0 <o < op}. (4.39)

The notation (4.38)—(4.39) follows that found in [16]; also recall the notation G,(z) from Sec-
tion 2.

Theorem 4.3. Suppose that the condition (4.36) holds with zo > 1. Also, suppose that for some
T >0, (4.29) and (4.30) hold, and

Ga, (Fp,,15(T)) < 20, (4.40)
Ga, (Ga,(Fp, ,15(1))) < 1o B VG, (0). (4.41)

Then,
VN(Fp —Fp) % x (4.42)

with the convergence in the space D[0, 00). The limit X is a zero-mean Gaussian process which
can be expressed as

o o
X==3 (a" ¢ 0ay),Fpl | + <Z as,,,nFj;f:i‘s”> %7, (4.43)

where (¢, Z) is the limit process appearing in (4.37).

Remark 4.1. The conditions (4.40) and (4.41) hold for large enough 7. The presence of zg
in (4.36) and (4.40) is of technical interest: if fw (w) has faster decay, then zg could possibly
be taken larger in (4.36) and hence t could be taken smaller in (4.40).

Proof of Theorem 4.3. For notational simplicity, we will not write the index s in Ay, ay, XS or
ay. By the Skorokhod representation theorem and using Proposition 4.6, we can suppose that

VN((A, Fp,,15) — (A, Fp, ;1)) = (¢.Z)  as. (4.44)
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in the norm (|| - floo,zg» Il - lloo,0). Write

o o0
IN(Fp = Fp) =N Y @ F3 (=N Y anFi
n=1

n=1

o0 o
=N (@ = an(Fp = Fpy )+ VN Y (@ —anFp

n=1 n=1

o0
+VNY an(Fp = Fpl ) = Ti+ T2+ Ts.
n=1
By Bggsted and Pitts [3], Theorem 2, we have

o0
73— (ZannF;:'ZTS])) *Z a.s.

n=1

in the norm || - ||oo,z, Which is the second term in the limit (4.43).
We next show that the term 75 converges to the first term in the limit (4.43). Observe that by

using [5], Lemma 6(b) (see also the inequality used in the proof of their Lemma 7), we have

e¢]

o0
1E2]l0,c = ‘ VNY @ —a)Fp = (—aVx G ow), il
n=1

n=1 00,T

Y IWN@ —a) + (@D x G o), [I1Fp!  llsoe

n=1

IA

o0
CY VNG, —an) + (@ x (¢ 0 @), | Fp, ,1s(x)".

n=1
Writing v/N(@ —a) +a® % (L oa) = (WN(@o A — 1) + @'V o A) % ¢) o a and using the
inequality Gyoy (2) < Gx(Gy(z)), we further obtain that

IA

I1Esllooe < C Y |(VN(@o A1)+ (a0 A) x¢), [(Ga(Fp, 15(T))"

n=1

< C(R1+ Ry + R3+ Ry),

where, with z; = ga(fDqﬂs(T))’

R (VN@o(A+A—-A)—aoA)—(@VoA)x(VN@A-A))),|,

M

3
I
-

(@D 0 &) % (VN = A) — (a0 &) (VN(A - A))), |21,

&
I
e

3
I
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Z| aD o A)x (VN - B) — (aV o A) x (VN(A - A))), |21

R4—Z| @V o A) % (VN(A = A)) — (aV 0 A) x¢) |21

We will next show that Ry — O as.,k=1,2,3,4.
For the term R7, by using Proposition B.1 in Appendix B, we first observe that

N o, ~ —~ —~ -
R < g D A@P o (A + (A= A)y)) (A=A (A= A)y), 2}
n=1
1
= 5/ %o (Gaen + Ga_2@D) (G @)’

By (4.44), and since z; < zo by the assumption (4.40), we have g\/N(A—K) (z1) = Gr(z1) as.
Next, we want to show that

Ga0 (G5 +G4_3(z)) <C as. (4.45)

for some random constant C. For this, we further examine the radius of convergence of G;). By
the Cauchy—Hadamard formula (see, e.g., [16], Theorem 2.2a, page 77),

r(Ga) =r(Ga) =r(Ga).
By applying the inequality after the proof of [16], Theorem 2.2b, page 99, we then have

r(Gao)= max  wgi(0)=  max  vg.(0),
O<o<ro(Gy) O<o <ro(G1)Az0

where the notation ro(G), v was introduced above. Since G 3(z) converges to G 4(z) a.s. and
uniformly on |z| < zg, we have

max VG (o) = max VG, (0) a.s.
0<o<ro(G ) Azo0 0<o <rg(Ga)Azo

The relation (4.45) now follows from the relations above, the fact that G4(z1) + G,_7(z1) —
G4 (z1) a.s. and the assumption (4.41). We can now conclude that Ry — 0 a.s.
For the term R;, note that for fixed K > 1,

R2<Z! a® —a"),[G2@))"G smam @)
(Z (@ —a™),| @z + Z @Gz
-1 n=K+1

o
+ Z |a£1)|(gg(m))">g\/ﬁmg)(m) =R+ R+ Raj3.

n=K+1
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For a fixed K, Ry;1 — 0 a.s. by using the a.s. convergence of A in (4.44). On the other hand,

arguing as for the term R; above, we can make sure that Ry 2 and Rj 3 are arbitrarily small for
large enough K. For the term R3, by using Proposition B.1,

R3 <

WK

‘((1(1) o A\_ a(l) ) A)n‘z7gﬂ(A_Z)(zl)

I
_-

n

M

<Y (@@ o (A + A=A ) (A—A)1) G ma i @)
n=1
1
= % (G0 +03-4@)) Gymia- @)’

and we have R3 — 0 by arguing as for the term R;. By using the bound

R4 = G,00(Ga@D)G /x(a—ay—c 1)

we get that R4 — 0 a.s.
Finally, we shall prove that the term 77 is asymptotically negligible. Note that, as in the proof
of [5], Proposition 8,

o0
ITilloo,c < VNY - [@n = anllF52 1o = Fitislloou

n=1

o0
E H m(fDq.i|S - FDq.il‘Y) ||oo’() Z ra\n - an|ﬁn (T)’

n=1

where

n—1
_ xJ *(n—1-j)
Hn - Z FDq,i‘s * FDq,i|S '
—0

Using the fact that FD,,_,- 1s(t) — I?D (7) a.s., we can further deduce that

g.ils

o
1T1loo,e < C|VN(Fp, s = Fyi19) | .0 2 18 — anl (1 +8) F, ;15())"

n=1

for any arbitrarily small § > 0 and all N large enough. The convergence of the latter series to O
can be proven by arguing as for the term 75 and using the fact that § > 0 can be chosen arbitrarily
small. ]

Despite its obvious theoretical interest, Theorem 4.3 is of limited relevance in practice where
the conditions of the theorem cannot be verified and 7 is unknown. Note also that the form of
the limiting Gaussian process in (4.43) is not easily tractable. In a simulation study found in
Section 5.2 below, we make qualitative observations on the performance of Fp and the use of
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bootstrap for CI’s. The CI’s provided below will be based on the sup-norm on an interval [0, T],
with fixed T'. Justification of the bootstrap procedure is beyond the scope of this paper.

5. Simulation study

Here, we provide a simulation study for the inference of the distributions of the number of re-
newals and interrenewal times.

5.1. Simulations for number of renewals

As mentioned in Introduction, the estimator fw in (4.9) is known to perform poorly as g gets
smaller. Here, we shall re-examine this fact and the performance of the estimator fy via the
asymptotic variance E S (E)Zw in (4.16) of the normal limit in (4.14). In this regard, two regimes
should be distinguished:

e stable (sup Ry,w <o0or sup ES(E)?U < oo);
weN weN

(5.1)
e explosive (sup Ryw =00 o0r sup ES(é)?U = oo),

weN weN

where Ry, is defined in (4.11), that is,

)2(5 w)

X s\ —
fe= 3 ()

S=w

As will be seen below, the performance of the estimator fw largely depends on which of the two
regimes is considered. Before providing some simulations, we take a closer look at these regimes
for the distributions fy considered in Section 3.2.1.

Geometric distribution

Suppose that fi follows a geometric distribution with parameter ¢ € (0, 1), as in Section 3.2.1.
We shall derive lower and upper bounds for R, ,,. For the lower bound, observe that

fwg )= g (1= )" fw(w) = Ci(cq)*

w=s

for some constant C; (which depends on ¢ and ¢) and hence that

1— 2(s—w) w
> C) Z ( q) (ge)’ —C2<2> (52)

for some constant C; (which depends on ¢ and ¢). For the upper bound of R ,,, we need a bound
on binomial coefficients. We shall use the standard (but rough) bound given by ( ) <nk/k!. We
shall also use the following auxiliary result, proved in Appendix A.
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Lemma 5.1. Let a € (0, 1). Then, for some constant C >0 and all s > 1,

o0
f w'a¥ dw < Cssas(l + (lna_l)_s), (5.3)
S

o0 1 —2s
/ w¥a¥ dw < cs25a5<1 + (5 1na—1) ) (5.4)
S

Using the lemma, with generic constants Cy,

o0

C w
() = 1" A =)™ Y- w* (el —g))

w=s

C o w
< 2q-g) f w*(c(1 — )" dw

Cs . s s )7
ss_fq“(l—q)ﬂsé(c(l—q)) (1+ (et =) )™)
< Cy(ecq)* (1 + (In(c(1 — q))_l)_s),

where the last inequality follows from Stirling’s formula. Hence, by arguing similarly and us-
ing (5.4), we have

A=) & 2, (1—g)* ; ecq '
Row <O 2 T(@“’) * (m) )

=)y L, (A=g)® 1 q -
et (e (i) )
1—q) ecq !
R <1n(c<1—q>>—l)
1 gln(c(1—g))~"\ "
X(”(El“ (1 —g)ec ) ))
<o(5) (o) +Gmgts)
=\ -9 2" (1= g)%ec

1 gln(c(1—g)~"\ "
+(51“ (1—g)ec )

1 Y1 gln(e( —g) T\
+(lnc(l—q)> (EIHW) )

(5.5)
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where, for the last inequality, we used the fact that all three log terms (before raising to the
powers —w and —2w) are bigger than 1 under e’c/q < 1.
The bounds (5.2) and (5.5) show that, for the geometric distribution fy,

5673 = stable regime,

S e

c (5.6)
—>1 = explosive regime.

_Q

What happens in the range ¢/q € (e >, 1] remains an open question. Our experience in practice
suggests that the critical point for ¢ /g is closer to 1 and that e > is a very rough bound.

Heavy-tailed distribution

Suppose that fy follows a heavy-tailed distribution with parameter « (Section 3.2.1). We will
show that in this case, the distribution is always in the explosive regime (and this happens for all
a > 0, not just @ € (1, 2)). Indeed, observe that

o
W s Z C A(l _ )w—Sw—Ol—l Z C SS—Ot—l
fw,()=CY q°(1—¢q q
w=s
and hence

—a—1

(1-— )2(3 w) o w
qw_CZ 1 qss ¢ IZC 7" . 5.7

It remains to observe that the lower bound in (5.7) diverges as w — oo since g € (0, 1).

Remark 5.1. In the examples above, note that in the explosive regime, R, ,, or ES (é)zw diverges
at an exponential rate. The term “explosive” was chosen to reflect this fact. Also, note that in the
explosive regime, in order to have convergence of fw (w) for all w, we naturally need to consider
weighted spaces, as in Proposition 4.5 above.

Remark 5.2 (The impact of small q). Note that Rq wtooasq | 0.Since R, w>¢q 2w Jw, (w),
when w is larger and ¢ is small, R, ,, (or Var( fW(w))) can also be too large for practical pur-
poses (e.g., with w =10 and ¢ = 0.1, Ry > 1020 qu (w)). Moreover, as with the geometric
distribution above, we may expect that most of distributions of interest (with unbounded sup-
port) belong to the explosive regime for small enough g. These observations reiterate the current
understanding that inference of fw, becomes impractical for small g.

In Figures 2 and 3, we illustrate the performance of the estimator fw (w) in the two regimes
above. Figure 2 is for the geometric distribution with ¢ = 0.25, ¢ = 0.6, N = 500, and Figure 3
is for the Pareto distribution with o = 1.5, ¢ = 0.7, N = 1000. The left-hand plots in these
figures depict the true p.m.f. fw (w), and the 5%, 50% and 95% percentiles of the distribution
of the estimator fw(w), based on 1000 Monte Carlo (MC) replications. The right-hand plots
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0.9 FEstimator 0.08 Estimator St. Deviation
True True
---MC5% |l SR === MC 5%
- - - - MC Median 0.071 SR - - - - MC Median ||
S MC 95% ] : o MC 95%

Figure 2. Performance of the estimator fw (w) for geometric distribution with ¢ = 0.25, g = 0.6, N = 500.
Left plot: true fw (w) and MC-based 5%, 50%, 95% percentiles of fi (w). Right plot: true asymptotic
standard deviation sd( fyy (w)) and MC-based 5%, 50%, 95% percentiles of sd( fyy (w)).

in these figures depict the true asymptotic standard deviation (E S(S)%U/ N)'/2 or sd(fw(w)),

and the 5%, 50% and 95% percentiles of the distribution of the estimator (ES(§)2 /N )72 or
sd(fw(w)), again based on 1000 MC replications.

10 FEstimator 9 FEstimator St. Deviation
True True
‘‘‘‘‘ - MC 5% 8H ='---MC5%
- - - - MC Median e - - - = MC Median
SH . MC 95% ~ 7 MC 95%
— = 6r
S o — e (=
s =
3 . =l
(2 * <E 3
‘4\ (E
10t : 2
n
T s 4 s 6 7 8 9 10 1 %2 3 4
w

Figure 3. Performance of the estimator fw(w) for Pareto distribution with « = 1.5, ¢ = 0.7, N = 1000.
Left plot: true fy (w) and MC-based 5%, 50%, 95% percentiles of fi (w). Right plot: true asymptotic
standard deviation sd( fy (w)) and MC-based 5%, 50%, 95% percentiles of sd( fyy (w)).
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Note that by the definition (4.10) of fW(w), we have fw(u}) = 0 for all w larger than the size
of the largest sampled flow(s). The largest sampled flow(s) in the study corresponding to Figure 2
consists of 5 sampled packets. For this reason, the fw (w)’s are all zero for w > 6 in Figure 2
(left plot) and obviously have zero estimated standard deviation for w > 6 in Figure 2 (right
plot). Figure 3, on the other hand, does not depict zero fw (w)’s because the size of the largest
sampled flow(s) is much greater. Indeed, only a short range of w =1, ..., 11 is considered in
Figure 3. As noted in Remark 5.1 above, the estimator standard deviation grows exponentially
with increasing w. For larger w, the features of both plots in Figure 3 would be dominated by
this exponential blow-up, even if there is a drop to zero in fw(w) and its estimated standard
deviation after the largest sampled flow(s).

Figure 3 depicts typical estimation in the explosive regime: fw(w) and its estimated standard
deviation blow up (before dropping to zero). In Figure 2, on the other hand, fw(w) and its
estimated standard deviation are stable and reach zero. This is the situation associated with the
stable regime. Thus, even though the parameters ¢ and ¢ in Figure 2 do not satisfy the sufficient
condition for the stable regime in (5.6), we still expect that these parameters actually lead to
the stable regime. (Recall that, as indicated earlier, the condition in (5.6) is likely to be very
strong.) Also, observe that Figure 3 is for a sample size of only N = 1000, and roughly the
first 5 frequencies can be estimated with confidence. With larger sample sizes, for example,
with N = 10000 and N = 100 000, roughly the first 10 and 12 frequencies, respectively, can be
estimated with confidence.

In Figure 4, we give an idea of the appropriateness of confidence intervals (CI’s). The left-
and right-hand plots of Figure 4 correspond to the situations considered in Figures 2 and 3,
respectively. The 95% MC-based percentile of fW (w) is depicted as in Figures 2 and 3. This
percentile is, in fact, centered at the true fw (w). It can be thought of as an ideal upper 90% CI
bound, corresponding to dealing with an exact distribution of fw(w). We also depict analogous
bounds based on bootstrapping (BT) and the asymptotic normality (AN) result (4.14) for fw (w),
with either true (“true”) or estimated (“est.”) asymptotic variance. In the cases of BT and AN
(est.) bounds, what are depicted are, in fact, the median bounds obtained from MC realizations.
As with MC, the BT, AN (true) and AN (est.) bounds are centered at fw (w). Note from Figure 4
that CI’s based on both BT and AN (est.) approaches, which are the only practical alternatives,
are quite satisfactory.

5.2. Simulations for interrenewal times

We present here a simulation study for the estimator Fp in (4.31) of the distribution of inter-
renewal times. Two cases are considered. In case 1, we take geometric fwy with ¢ = 0.25 and
q = 0.6, as in Section 5.1 (corresponding to the stable regime). In case 2, geometric fy is taken
with ¢ = 0.7 and g = 0.6 (corresponding to the explosive regime; the simulation results are sim-
ilar if the Pareto distribution is used as in Section 5.1). In both cases, D is supposed to be an
exponential random variable with parameter 1. The respective sample sizes are N = 500 and
N =1000.

Figure 5 presents simulation results for case 1 in the left-hand plot and case 2 in the right-hand
plot. We depict the true function Fp and the 5%, 50% and 95% percentiles of the distribution
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04 90% CI Upper Bound 90% CI Upper Bound
' ‘ ‘ ‘ ‘ ‘ ‘ MC MC ‘ ‘ ‘
----- BT -----BT
----- - AN (true) ===-AN (true)
“oo AN (est) “oo AN (est) 4
3 0.04 T
-0.02 : : : : : : :
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Figure 4. 95% CI upper bounds for fw(w) — fw(w), that is, for fW (w) centered at true fyw (w), for the
two situations of Figures 2 and 3. The left plot corresponds to Figure 2 and the right plot corresponds to
Figure 3. Both plots consist of the 95% MC-based percentile of fw(w) — fw(w) (MC), median bound
using bootstrap (BT) and bounds based on the asymptotic normality (AN) result (4.14) for fW(w) with true
(“true”) and estimated (“est.”’) asymptotic variance.

E‘Jsti'r‘nato"r

Estimatqr

Figure 5. Performance of F, p and the bootstrap CI’s for the exponential distribution with parameter 1. Left
plot: N =500, ¢ = 0.6 and geometric fy with ¢ =0.25. Right plot: N =500, ¢ = 0.6 and geometric fi
with ¢ = 0.7. Plots include true Fp, MC-based 5%, 50% and 95% percentiles of Fp, and the medians of

90% bootstrap (BT) CI’s.
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of Fp, based on 1000 MC realizations. The plots also contain the medians of 90% bootstrap-
based CI’s, computed from 1000 MC replications. The latter suggests, in particular, that such
CI’s are quite appropriate. We should also note that the estimator Fp is here based only on the
first sampled interrenewal times when s = 2, that is, i = 1 and s = 2 in (4.31). In addition, the
estimator is computed by truncating the infinite sum in its definition (4.31) and by evaluating
convolutions numerically through discretizing convolution integrals.

Note, from Figure 5, that estimation is satisfactory, even for case 2 which corresponds to the
explosive regime. This seems quite surprising and needs further explanation. In fact, in the setting
of case 2, only the first several values of fW (w) are really relevant for the estimator Fp. This can
be seen from the definition (4. 32) of the sequence Aq, Wthh enters into F, p after reversion. Note,
from (4.32), that in calculating AS,,,, the first series term fW (n + 1) is weighted by (1 — ¢g)"~ L
This additional factor thus helps to keep the blow-up of fw under control. Moreover, from the
examples above, if the growth of fw (w) is thought to be of order ¢g~*, then the factor (1 — g)"
annihilates this growth when ¢ > 0.5. In practice, and in case 2, we also observe that, even
though fw(w) is highly varying for larger w, the sequence ;4\”, decays to zero rapidly. Since
the first few values of fw(w) can be estimated with confidence even in the explosive regime,
the above explains the satisfactory performance of F) p in case 2 of Figure 5. On the other hand,
note also that the 7-range is smaller in the right-hand plot of Figure 5 and that the variance of
the estimator starts to diverge at the boundary 7 = 5 of the range. In fact, this divergence would
be more pronounced (and would dominate the plot) if we increased the range of ¢. Thus, the
performance of the estimator is satisfactory, but only to some time point 7'.

In Figure 6, we also illustrate the performance of Fp when using several other forms of con-
ditioning on W,. The two plots in the figure correspond to the respective plots of Figure 5. They
depict the 5%, 50% and 95% percentiles of Fp when conditioning on W, =5 withs =2, 5 >2

Egtimator ‘ ‘ ‘ ___ Estimator

Figure 6. Performance of the estimator F, p () for two cases from Figure 5. Plots include MC-based 5%,
50% and 95% percentiles of Fp(¢) when conditioning on W; = s with s =2, s > 2 and s = 3.
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and s = 3. (In the case of conditioning on s > 2, the formulas (3.10) and (3.11) are used.) The
5-95% interpercentile range is the smallest when conditioning on s > 2, although comparable to
that when s = 2 is used. An obvious note to add here is that different types of conditioning (for
the same N) lead to different effective sample sizes of the data used in the computation of Fp.
with that for s > 2 being the largest and that for s = 3 being the smallest. The interpercentile
range is much larger for s = 3 than for s = 2 in the left-hand plot because the difference between
the corresponding effective sample sizes is much larger for case 1.

Appendix A: Proofs

Proof of Theorem 3.2. For1 <ij <---<i, <sandt; >0,...,t, >0, we have

P(Dq,i1 §t1,~--,Dq,in <tip, Wq =)
(A.1)
o0
=D fw@)P(Wy =sIW =w)P(Dg,iy <t1,..., Dgi, <tal W =w, Wy =5).

w=s

Let Mj, j =1,...,n, be the number of renewals not sampled between the i;th and (i; + 1)th
sampled renewals plus 1. If W = w and W,, = s are fixed and My =m,...,M;_1 =mj_1, then
M can take the values 1,...,w —my —---—mj;_; — (s — j) and hence

P(Dgi <t1,..., Dy, <ty|lW=w, W; =5)

w—(s—1) w—m;—(s—2) w—m)—-—my_1—(s—n)
- Z Z Z F" () - Fp" (1) (A.2)
mi=1 mo=1 mp=1

x P(My=my,..., My =mp|W=w,W,; =5).

We shall next derive an expression for the probability P(M; = my, ..., M, = m,|W =
w, W, =) in (A.2). The indices iy, ..., i, are not necessarily consecutive, but still form sep-
arate blocks of consecutive indices (e.g., i1 =1, i» =2, i3 =4, is =8, is =9 form three sep-
arate blocks of indices {i, i2}, {i3} and {i4, is}). We need additional notation to keep track of
these separate blocks and the gaps between them. Thus, let 1 = j; < jo» < --- < jix < n denote
subindices j in i for which the corresponding i; is the start of a separate block (e.g., withi; =1,
ir»=2,i3=4,i4 =28, i5 =9 above, we have j; =1, jo, =3, j3 =4). With this notation, note that
Ty = jut+1 — Ju, | <u <k—1andry =n— ji+ 1 denote the sizes of the k separate blocks. Also,
letxo=ij —1,x,=1ij,,, —ij, —ru—1,1<u<k—1,and x; =5 —ij —ry be the numbers
of sampled renewals, respectively, before the i ;th sampled renewal, between the (i j, +r,)th and
ij,.,th sampled renewals, and after the (i j, + rx)th sampled renewal.

Given W = w and W, = s, the number of possible distinct locations of the sampled renewals
satisfying My =my, ..., M,, = m, can be obtained by considering the possible initial locations
of the sampled renewals i, , along with the number of possible distinct locations of the sampled
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renewals before the i, th, between the (ij, +r,)th and i, th, and after the (i, + r¢)th sampled
renewal, that is,

Wi = —g—x]——x—(k—1) i 1 w—iy—-—Mg—xp——xx—(k—1) i I ~ 1
2 . 2 T
X0 X1

l1=xo+1 L=l+m+x1+1
W—iM_ —img—Xp—1 —xk—1 ~
<lk—1 — gy — g2 — 1)
X e X
Xk—2

Ie—1=lg—p+myg_p+xp—_1+1
% w—%—xk (lk - lk—l — n’ik_l — 1) <w - lk - n’ik>
Ip=lg—1+mg—1+xp—1+1 Hh—1 Yk ’
Jutru—1

where /, is the location of the i, th sampled renewal and m, = v M is the number of
renewals between the ij,th and (i;, + r,)th sampled renewals plus 1. By making the change of

variables [/, =1, — Zg;} My, u=2,...,k, the last expression becomes
wfmfxlfixkf(kfl) I —1 wfmfxzfixkf(kfb lé _ li _1
X0 X1
l1=x0+1 lé=li+x1+1

w—m—xg_1—x;—1 I _ 1
N ) <k—1 k-2 >

Xk—2
L =lk—2+xp—1+1
”"’"ixk (z,g—z,gl —1><w—m—z,g) < w—m )
X == )
. Xk—1 Xk X0+ -+ xx+k
L=l +xp—1+1

where the last identity can be viewed as a generalization of the identity (3.8) used in the proof of
Theorem 3.1. Since xg + - - - + x; + k = s — n, we deduce that

P(My=my,....My=my|W=w,W,=s)= (w_m>/<w>. (A3)

s—n s
By using (A.1)—(A.3), we have that
P(Dq,il <t,...,Dgi, <ty, Wy = s)

Fp, ,is(t) =

Jw, (s)
1 o0
— S(1 — g)w—s
T ) w§=s Jww)g’ (1 —q)

w—(s—1) w—my—-—my_1—(s—n) w—m
x . A4
2 )R G T

my=1 my=1
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X F]:*)ml(tl)"'F;mn(tn)
00 00
= Z Z B‘Y,(ml’._,,mn)F;ml(tl)-~-F2k)m”(ln),
mi=1 mp=1

where Bs j is given by (3.13). The relation (3.12) is obtained by taking the LT in (A.4). U

Proof of Proposition 3.1. For s > 2 and ¢ > 0, we have

P(Vg<t.Wy=5)=Y fw)P(Wy=s|W=w)P(Vy <t|lW=w,Wy=5). (A5

w=2

Now, letting M be the number of original renewals between the first and last sampled renewals
plus 1, we have

w—1
P(Vy<tlW=w,Wy=5)= Y _ F"(OP(M=m|W=w, W;=s)
m=1

(A.6)

w—1
m m—1 w
mZ:lFD (’)(“"’”)<s _2)/<S),

where (w — m) is the number of possible distinct locations of the first sampled renewal and

(';1__21) is the number of possible locations of sampled renewals between the first and last sampled

renewals when M = m. By using (A.5) and (A.6), we deduce that

m=1

1 o o
F )= ——7—— PV, <t,W,=5s)= CnFJ' (1), A7
v+ () P<W422>§ (Vg <t, Wy=95)=)_ CuFp" (1) (A7)

which can also be written as in (3.14). O

Proof of Proposition 4.1. The equality in (4.2) follows from (3.1) and

> s\ (I —g)*™" — wy w—s
Z(,)iZ(S)q(l—q) fw(w)

s
sS=n q w=s

_ ;fwm)(l "y <;S1> (1:)

S=n

=D fw)d—g)"™" (1:) 2 (f::) =Y fw)a—g" " (f)zw

w=n
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Then, by the assumption (4.2), we can substitute (3.1) into the right-hand side of (4.1) and use
Fubini’s theorem to obtain

2 () oo (]

=Y A —gr Y (;)

=Y fwma—g)"™"

(
(

o0 n n—w n
=Y fwmd—g)"" ) )( D = fw(w)
w k
n=w k=
where we have used the identity Yt (¥)(=1)* =0if K > 1, and = 1 if K =0. O

Proof of Proposition 4.2. We consider only the case / = 2 (and z = 0). Note that

i=n n k=i

o) k .
_ Xk i\ [k icn
—§;§<H)(i)< ) Mz — (1 —g)

k— . ;
2 (i = Z)(_Zl)’_"(zl ~1-g)"

=n

(—(1 =) ™" = 5(),.

The change of the order of summation above can be justified by using Fubini’s theorem and the
assumption (4.5). [l
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Proof of Proposition 4.3. The proof is similar to that of Propositions 4.1 and 4.2, and only the
case [ =2 (and zo = 0) will be considered. By using (3.1), we observe that

o . (- i-n XN ‘
T(l)(qu)n = Z <;)u Z <l)ql(1 _ q)k—lfw(k)
k=i

i=n ql

00 k . _
=wa(k>2<n)< ) 2= (=) 7" (1 =gt

k=n i=n

(A.8)

S

k)

&,

[e%9) k
=wa(k><k>2<k )m—(l—q)) " -t
k=n i=n

=k_znfw(k)(n>

where the order of the summation above is changed using Fubini’s theorem. Indeed, the applica-
tion of Fubini’s theorem is possible as long as [z — (1 — ¢)| + (1 —g) < 1 or z1 € Cy, which is
one of the conditions on z;. By using (A.8), we further get that

T(2)(qu)n = Z <;> (—z)'™" Z <i>zllcz fuw (k)
k=i

i=n

—waac)Z( )( )( ) 7" = fw ),

where the use of Fubini’s theorem is justified by the fact that |—z1| + |z1] <1 orz2 =0¢€ Cy,
which is one of the conditions on z5. O

Proof of Proposition 4.4. Write 7V (¢(D) = T(l)(&‘l(l)) + T(l)(Ez(l)), where

s _f&Y, its <, el — 0. ifs<j
Ls ™o, ifs> j, eV ifs>

and observe that, for fixed j, 7D (& 1( 1)) and T (52(1)) are independent. We can then also write

where 7@ (Sl(l))w and 7@ (52(1)) jw are independent for fixed j. By Proposition 4.2, we have
that

/ _1)s—w
7@ (g(l)) (%.(l)) _ Z (;)%(1 _ q)sfwqu (S)l/zns

S=w
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By using the fact that the two terms in (A.9) are Gaussian and independent, we can then write

Eef0T?ED) 0 _ o= (1/20%07, ,~(1/26%7, (A.10)

where

J 2 2(s—w)
7t = BT, =2 () .

s=w w
ou=ET?E");,)"

In view of (A.10), for T® (& (M) j,w to converge in distribution, it is necessary that the series
012 » converges, that is, that (4.13) holds. (In other words, if (4.13) does not hold, then the limit
of (A.10) is zero.) ([l

Proof of Proposition 4.5. The proof is in two steps: (a) VN (qu — fw,) —a & in the space
loo,q=1 (b +1—¢)» Where & is the process appearing in the proof of Theorem 4.1; (b) the mapping §
in (4.4) is continuous from [, ;14 1—g) 10 loob-

For (a), it is enough to show the tightness of \/N(qu — fw,) in loo)q—l b'+1—g)- BY the results
of [23], page 229 (see also [4], Theorem 2.5), this follows from the fact that for any ¢ > 0,

lim sup P<sup (7' @ + 1= ) VN (Fw, () = fw, ()] > e) —0. (A.11)

m—00 N~ s>m

For the latter, observe that

b+1-q\° ~
EP(SUP(¥> VN (fw, () = fw, ()| > e)

s>m

o0

b +1-— $ —~
<> (%) EINN(fw, () = fw, ()]
s=m+1
2 (b +1 (b +1—g\°
= (%) VEWN G, = fw, ) = ¥ ( * )qu<s>1/2
s=m+1 s=m-+

and that (A.11) follows from the assumption (4.20).
For (b), observe that

1SCx) = S lloo,p = Supb”lS(X)n SOl = anlS(X)n =Sl
n=0

ijf i()(l—@’ﬂ —y,|—Z|xl‘y' (b%)

i=0
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M+l—g b+1- )
< su X,
S
b+1-
= |lx — y”oo g Y +1—q) Z(m) O

Proof of Proposition 4.6. With XV = v/N(A, — A,) and YV = /N (Fp, ;s — Fp, ). it is
enough to show that (a) the finite-dimensional distributions of (X", Y") converge to those of
(¢, Z); (b) the sequence (X N yNyis tight. The latter condition follows from the following two
conditions: (b1) the sequence X" = {XV},c is tight; (b2) the sequence YV is tight. The tight-
ness of Yy in (b2) is a standard result, part of the empirical central limit theorem (see, e.g., [20],
Section V.2) and will not be proven here. By the results of [23], the condition (b1) can be replaced
by (bl) for any & > 0, limy,— o SUpy= P(SUp,,-,, 2| XN | > €) =0

For the latter (bl), it is enough to show the same relation, but where X N is replaced by XN s
which is defined without g* / qu (s) and ¢*/ fw, (s) in ;fs and Ay, respectively. With the sequence
XV , observe that

e ¢]

8P<supz8|)~(£’| >a) < Z BEIXN|

n>m n=m+1

> 2 HENVN(fww) - fw(w))|<'f__1”)(1 —q)"

n=m+1w=n+s—1

o w—s+1
Y EWVN(fww) = fw)|[(1 ="~ Y (“’_”)z{;

IA

w=m-+s = s—1
< Y ENE(w) - fua)la- gz (M)
w=m-+s

where we have used the fact that zo > 1 and Y2254 (V") = (™). Since E|v/N(fw(w) —
fw)|? < Ry, w, as in the proof of Theorem 4.1, we further get that

eP(supfIN1>e) = Y VEWN (Fir@) — fiw )21 — gyr=sz=+! (“’ - ’”)

n>m S

w=m-+s
o —
S Z /Rq,w(l _q)w—SZS)—S-'rl (w ) m)
w=m-+s

The condition (b1) now follows from the assumption (4.36).
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For the convergence of the finite-dimensional distributions in (a), we show only the conver-
gence of X ,]1" (the general case can be considered along similar lines). For j > n + s — 1, define

= \/N(A\ﬁn - A:{,l’l)v

where

K{,n—fw o Z fw(w)< _f)(l—q)ws

w=n+s—1

and similarly with As n», and also

j__nAS,,Z q° J w—n w—s
b = qu(s)+qu(s) > S(s>w<s_1)<1 AN

w=n+s—1
It is enough to show that:

@1) X;.\{n—d>§,{ as N — oo;
(i1) ;,{ LY L as j — o0;
(iii) for any 8 > 0, limsup;_, . limsupy_, », P(|x;¥n - XN >8) =
The convergence in (i) follows directly from Theorem 4.1. The convergence in (ii) follows using

E|SE)y| < \/ES(E)%) < \/Rq,w and the assumption (4.36). Condition (iii) can be proven as in
part (b1l) above using the assumption (4.36). [l

Proof of Lemma 5.1. Using integration by parts, we obtain

o0 S 8 o0
sSa s _
wa” dw = — + : w' g™ dw
s Ina— Ina=* J;

2

S 8 S 8 o
- sta n sta n K / 024" du
“Ina!  (InaH?  (na1)2 J;

S 1 55 00
<s'a’ + “d
=0 ;(lnml)k (lna*I)S/s @

. S% 1 s*a®  (Ina~H=s-1-1
=S5 d = : )
P (Ina=Hhk  Ina=! (Ina=H)~! -

from which the bound (5.3) follows. The inequality (5.4) can be proven similarly. (]
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Appendix B: Bounds on remainder terms in Taylor expansions
of compositions of power series

Here, we prove a result which was used several times in the proof of Theorem 4.3.

Proposition B.1. For any formal power series x(z) = Y oy Xn2", y(2) = Y vey yn2", €(2) =
> o 1 &n?" and n > 1, we have

[(xo(y+e)—xo0y) | < ((x 0 (s +e4)) xe4),, (B.1)

|(x o(y+¢e)—xo0y— (x(l) oy) *s)n| < %((xf) o (y+ +£+)) * €4 *8+)n. (B.2)

Proof. For N > 1, consider new formal power series xy(z) = Ziv:l xnZ% yn(2) = Z,qu: 1 V"
and ey (z) = Z,Ilvzl en2". Since the power series xy o (yy +enx) —xyoyy andxo(y+¢e)—xoy,
and ()cl(\}’)Jr o(yn++¢en.+))*en + and (xfrl) o (y++é&4))*e4 have the same first N elements, and
since N is arbitrary, it is enough to prove (B.1) for any xy, yy and ey . Letting f,,, (41, ..., uy) =
Xm (Z,/(V:] urz¥)™ be a real-valued function on R¥, and with D fm denoting the gradient of f;,,
observe that

N N m N m
(xn oy +en) —xnoyN)@R) =Y x ((Z(yk + 8k)Zk> - (Z )’ka> )
k=1

m=1 k=1

Mz

(fnO1+ €1, .o N+ EN) = funG1s -0 yN))

3
1}

(B.3)
N
= ler--en]" Dfw(Cm s or CmN)
m=1
N N m—=1 y
_ m<zcm,kzk> Tt
m=1 k=1 k=1
where AT is the transpose of the matrix A and (¢ 1, ..., Cm.N) = (1 —t) V1, -, YN) Htm (V1 +

£1,..., YN + &n) for some 1, € [0, 1]. On the other hand, observe that
m—1 N

((X/(v)+ o (yN,+ +én, +)) *EN + (Z) Z X, m (Z(yk + SZ)Z ) Zs,jzk. (B.4)
k=1

Since [ k| < y,;|r + 8;’, it is clear that the absolute value of the nth element of (B.3) is less than
or equal to the nth element of (B.4). This completes the proof of (B.1).
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The proof of (B.2) is similar, but involves the observation that

(xno(yn+en) —xNoyN — (val) oyN) *xen)(2)

N
=Y (fmO1+er, ... yv+en) = 1o y8) = [e1--ex]" Dfu(i, ..., yn))
=1

3

e1--en1"D? f(dm 1, .. dm N)[ET - EN]

| =

1

[N}

N
p!
m=1

N N m-=2 , N 2
Z Xmm(m — 1) <Z dm,kzk> <Z skzk) ,
m=1 k=1

k=1

where D2f denotes the Hessian of f;, and (diy.1,....dm.n) = (1 — ) (Y1, -, YN) + (1 +
£1,..., YN +é&n) with z,, € [0, 1]. [l
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