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We propose a simple model of random interval graphs generated by immigration—
death processes (also known as M /G /oo queuing processes), where the length of each
interval follows a subexponential distribution, and provide a condition under which
the stationary degree distribution is also subexponential. Furthermore, we consider
the conditional expectation of the cluster coefficient of a vertex given the degree and
show that it vanishes in the limit as the degree goes to infinity under the same condition
as that for obtaining the tail asymptotics of the stationary degree distribution.

1. INTRODUCTION

Scale-free graphs have recently attracted much attention since so-called scale-free
phenomena have really appeared in various physical and social networks, where we
say that a graph is scale-free if the distribution of degrees (the numbers of edges
incident to respective vertices) has a power-law tail. To throw light on such phenomena
in the real world, many models of random graphs realizing the scale-free property have
so far been proposed and investigated since the early works by Watts and Strogatz [17]
and Barabdsi and Albert [3]. Among them, the authors’ previous work [13] proposed
a simple model of random interval graphs generated by immigration—death processes

© Cambridge University Press, 2010 0269-9648/10 $25.00 289
https://doi.org/10.1017/50269964809990283 Published online by Cambridge University Press


https://doi.org/10.1017/S0269964809990283

290 N. Miyoshi et al.

(alsoknown as M /G /oo queuing processes; see, e.2., Cox and Isham [6, Sect. 5.6]) and
showed that when the interval lengths follow a power-law distribution, the generated
interval graph is scale-free. Here, a graph G = (V, E) is said to be an interval graph
when G has an interval representation Z, the set of intervals on the real line, such that
each vertex v € V corresponds to an interval /, € Z and there is an edge (4,v) € E
connecting two vertices u,v € V if and only if [, N [, # @. In [13], each interval is
then given as the period of a customer’s stay in the M /G /oo queue; that is, the interval
lengths correspond to the service (sojourn) times of customers. Interval graphs form
one of the most important classes of graphs since they have several nice features, so
they have been studied thoroughly in graph theory (see, e.g., Golumbic [10, Chap. 8]
and McKee and McMorris [12]).

In the current paper, we generalize the result in [13] to the model where the dis-
tribution of interval lengths is subexponential (see, e.g., Embrechts, Kliippelberg, and
Mikosch [8, Sect. 1.3 and A3] or Rolski, Schmidli, Schmidt, and Teugels [15, Sect. 2.5]
for subexponential distributions)—namely we consider random interval graphs gen-
erated by immigration—death processes with subexponential lifetime distributions,
which we call subexponential interval graphs. We provide a condition on the life-
time (service time, interval length) distribution F under which the stationary degree
distribution of the generated interval graph has a tail equivalent to that of F(x/1);
that is, the stationary degree distribution is also subexponential, where A denotes the
arrival rate of intervals. This derivation is based on the recent results on sampling of
a stochastic process at random times according to subexponential distributions (see
Asmussen, Kliippelberg, and Sigman [2], Foss and Korshunov [9], and Jelenkovié,
Momcilovié, and Zwart [11]).

Furthermore, we consider the conditional expectation of the cluster coefficient of
a vertex given its degree. In a given graph, the cluster coefficient of a vertex represents
the fraction of couples of its neighbors such that the couple is also connected by an
edge, and it is observed that many scale-free graphs have high cluster coefficients
(see, e.g., Newman [14]). In fact, the previous work [13] also demonstrated by a
combinatorial argument that the random interval graphs similar to ones in this article
have high cluster coefficients, on average, over vertices. In this article, however, we
show that the conditionally expected cluster coefficient given the degree vanishes in
the limit as the degree goes to infinity under the same condition as that for obtaining
the tail asymptotics of the stationary degree distribution. This result states that the
vertices with high degrees, which correspond to very long intervals, have extremely
small cluster coefficients and does not contradict the result in [13], in which relatively
short intervals play an essential role.

The rest of the article is organized as follows. In the next section, we describe
the immigration—death process and exhibit an algorithm constructing random interval
graphs based on that process. In Section 3 we analyze the subexponential interval
graph generated by the immigration—death process in the steady state, in which we
discuss the tail asymptotics of the stationary degree distribution and the conditionally
expected cluster coefficient of a vertex given its degree in the limit as the degree goes
to infinity. Finally, Section 4 is a concluding remark.
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2. INTERVAL GRAPHS GENERATED BY IMMIGRATION-DEATH
PROCESSES

In this section, we describe an immigration—death process (also known as an M /G /oo
queuing process; see, €.g., [6, Sect. 5.6]) and construct a random interval graph
based on that process. Let {T},},cz, denote a random sequence on R, satisfying
0=Ty <T; <T, < ---, ateach of which an individual arrives and enters a system.
We refer to the individual arriving at 7, as individual n (€ Z,). The lifetime (ser-
vice time) of individual n in the system is denoted by L, (> 0), so that individual n
departs from the system at 7, + L,. We assume that {7}, },cn follows a homogeneous
Poisson process with intensity A € (0,00) and {L,},cz, is a sequence of mutually
independent nonnegative random variables according to a common distribution F,
where {T,},en and {L,},cz, are also independent of each other. The distribution F is
assumed to have its mean u~' = [ F(x) dx < oo, where F(x) = 1 — F(x), x > 0.
Letl, =(7,,T, + L,),n € Z,and Z(t) = Zne& 1;,(t),t > 0, where 14 denotes the
indicator function for set A. Note that Z(¢) represents the number of individuals in
the system at time ¢ > O (the reason for the choice of I, = [T}, T, + L,] rather than
[T,, T, + L,) will be clarified in Remark 1). Itis well known that {Z (¢) },>( has a station-
ary regime when both A and u are nonzero and finite (see, e.g., [6, Sect. 5.6] or Takécs
[16, Sect. 3.2]).

Based on this immigration—death process, we consider a random inter-
val graph Gy = (Vo, Ep) with interval representation Zy = {I,},ev,, Where Vy =
{0,1,...,n9 — 1} and ng is a predetermined positive integer—namely each individual
in V{ corresponds to a vertex of the graph and two vertices n and m € V| are connected
by an edge if and only if I,, N I, # #. Note that such a graph has no multiedges or self-
loops. Given ng, A, and distribution F, a simple algorithm constructing such random
interval graphs is as follows, where Sample(F') denotes the sampled value extracted
according to F' and Exp(}) denotes the exponential distribution with parameter A.

procedure generate_graph(ng, A, F)
T=0,V={0}E=0,0={0},Uy = Sample(F),n =1; {Q:Setofindividuals
in the system; U,,: departure time of individual n}
while n < ny do
T < T + Sample(Exp(X)); V <~ VU{n}; {Individual n arrives = Add
vertex n}
for i such thati € Q do
if U; < T then
Q0 < 0\ {ik
else
E <~ EU{(i,n)}; {Individual i is still in the system at individual n’s
arrival = Add edge (i,n)}
end if
end for
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U, =T + Sample(F); Q < QU {n};
n<n+1;
end while

Remark 1: When ny is large, the random interval graph constructed by the above
algorithm ends up having many connected components with random but finite sizes
and the size of any connected component does not tend to infinity even as ny — 0.
Against such a feature, one might want to have one large connected graph. In such
a case, it can be realized by adding extra intervals J, = [A,, B,], n € N, where
A, =inf{t > B, | Z(t) = 0} and B, = inf;n{T; > A,} with By = 0; that is, J,,
n € N, represent the idle periods of the corresponding M/G/oo queue. Two con-
nected components in the original graph Go are then connected through a vertex
with two edges in the modified graph Gy, which has the interval representation
{Li}nevy U {(Intmew, with Wy = {m € Z4 : B,, < T,,} (note that for any m € W, there
exists an n € Vj such that B,, = T,,).

3. STATIONARY ANALYSIS OF SUBEXPONENTIAL INTERVAL GRAPHS

In this section, we analyze the subexponential interval graph—that is, the random
interval graph proposed in the preceding section such that the lifetime (interval
length) distribution is subexponential. In the analysis, we extend the time range
of the immigration—death process to the whole real line R and consider it to be
stationary; namely a sequence {7,},cz follows a homogeneous Poisson process
with intensity A € (0, 00) satisfying --- < Tp <0 < T; < --- and {L,},cz denotes
a sequence of mutually independent nonnegative random variables according to the
identical distribution F with mean u~! € (0, 00), where {L,},cz is also independent
of {T,}nez. Let O(r), t € R, denote the set of individuals in the system at time ¢;
thatis, Q(t) ={ne Z:t € l,} for I, = [T,,T, + L,]. Then, clearly, |Q(t)| = Z(¢) =
ZneZ 1;, (1), t € R, where |A| denotes the cardinality of set A. When Z(¢) > 0, let
ni(t), i=1,...,Z(t), denote the ith element of Q(z) satisfying n;(t) < n;(t) when
i <j. Also let Ro(t) = Ty,5) + Lyy —t (= 0), i =1,...,Z(¢); that is, the resid-
uval lifetime of individual n;(¢) at time ¢ € R. It is then known that (see, e.g., [16,
Sect. 3.2]) when both A and p are positive and finite, the stationary distribution of
{Z@®),Ry(®),i =1,...,Z(t)}cr is given by

A/ ) !
P(Z0) = LRy (®) = 0, Ry (0) = ) = “HE e [T o,
. i=1

l€Z+, x1,...,x1€R+, (1)

where F, denotes the equilibrium residual lifetime distribution of F defined by
F.(x) = Mf(f F(y)dy, x = 0, and when [ = 0, the left-hand side is just reduced to
P(Z(0) = 0) and, conventionally, ]_[Q - = 1 on theright-hand side. Formula (1) states

i=1
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that, in the steady state, the number of individuals in the system follows the Poisson
distribution with mean XA /u, and the residual lifetimes of the individuals in the sys-
tem are mutually independent and identically distributed according to F,. By the
PASTA (Poisson arrivals see time averages) property (see Wolff [18]), the right-hand
side of (1) also gives the distribution of {Z(T,,—),Ry(T,—),i =1,...,Z(Ty—)}nez
just before the arrivals of individuals.

In the following two subsections, we consider the infinite size of random interval
graph G = (V,E), V = Z, with interval representation Z = {I,,},cz and the subexpo-
nential interval length (lifetime) distribution F'. We discuss the tail asymptotics of the
stationary degree distribution and the conditionally expected cluster coefficient of a
vertex given its degree in the limit as the degree goes to infinity. In the analysis, we use
the standard notation that for any two real functions f(x) and g(x) on R, f(x) ~ g(x)
as x — a stands for lim,_,, f(x)/g(x) = 1, where a is possibly infinity.

3.1. Degree Distribution

A random graph G = (V,E) is said to be scale-free if its degree distribution has a
power-law tail; that is, for some constants C > 0 and y > 0,

C
P(Dozk)Nk—y as k — oo, 2)

where D, = ) ,.,, 1g(n,i) denotes the degree of vertex n € V. Note that Dy satis-
fying (2) has the mth moment if y > m + 1. Previous work [13] showed that, in
a discrete-time model setting, the random interval graph G = (V, E) with interval
representation Z = {I,,},cz is scale-free in the steady state when the interval length
distribution F has a power-law tail. Here we extend this by applying the recent results
on sampling of a stochastic process at random times according to subexponential dis-
tributions (see [2,9,11]) and provide a more general condition on F under which the
stationary degree distribution satisfies

Pab>k)~7<§> as k — oo. &)

We will see that the power-law distribution F such that F(x) ~ ¢/x% as x — oo with
¢ > 0 and o > 1 fulfills the provided condition, so that (3) leads to P(Dy > k) ~
¢ (A/k)* as k — oo, which implies (2) with C = car® and y = o + 1.

To provide the condition on the lifetime distribution under which (3) holds, we
first give the definition of subexponential distributions. A distribution F* and corre-
sponding random variables are said to be subexponential (see, e.g., Chistyakov [4]
or [8, Sects. 1.3 and A3], [15, Sect. 2.5]) iff(x) > O forall x > 0 and

2
lim ) _ 5
=00 F(x)
where F*" denot_es the nth-fo_ld convolution of F with itself. Note that if F' is subex-
ponential, then F(x + a) ~ F(x) as x — oo for any a € R; that is, subexponential

C))
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distributions are long-tailed. The following is a well-known and basic property of the
subexponential distributions.

LEMMA 1 (see, e.g., Cline [S]): Let F denote a subexponential distribution and let G;,
i = 1,2, denote distributions on [0, 00) such that lim,_, ., G;(x)/F(x) = ¢; € [0, 00).
Then lim,_, o, G1 * G5 (x) /f(x) = c1 + ¢2, where G x G, denotes the convolution of
G1 and Gz.

Another important class of heavy-tailed distributions is recently introduced in [11]
in problems of random time sampling and reduced load equivalence (see also [2,
9]). A distribution F and corresponding random variables are said to be square-root
insensitive if F(x) > 0 for all x > 0 and
. F(x— )
m —fF—— =

li =
X—00 F(x)

1. 5)
Note that if F is square-root insensitive, then F(x — a /x) ~ F(x) as x — oo for
any a € R. Additionally, a random variable X is square-root insensitive if and only
if VXt is long-tailed; that is, P(WXT > x+a) ~ P(vV/X* > x) as x — oo for any
a € R (see [11]), where xT = max(x, 0) for x € R. It is known that distribution F is
square-root insensitive when its tail is heavier than exp(—x?) with 8 < 1/2, whereas
any distribution with a tail lighter than e V¥ is not square-root insensitive (see [2]).

LemMma 2 (see [2,9,11]): Let N denote a (delayed or nondelayed) renewal process
with interrenewal sequence {T;}icz, satisfying E(t,?) < oo and let L denote a non-
negative random variable independent of N. If L follows a square-root insensitive
distribution F, then P(N((0,L]) > k) ~P(AL > k) = f(k/k) as k — oo, where
A= 1/E1.

Asmussen et al. [2] and Jelenkovi€ et al. [11] considered a more general case
including that N in Lemma 2 is replaced with a regenerative process. Foss and
Korshunov [9] also considered another general case in which E(1/#) < oo for
B € [1,2). In this article, however, the above form of the lemma is sufficient to show
the following.

THEOREM 1: If the lifetime distribution F is subexponential and square-root
insensitive—that is, F fulfills (4) and (5)—then the stationary degree distribution
of the random interval graph G = (V, E) satisfies (3).

Theorem 1 states that if the lifetime distribution F is subexponential and square-
root insensitive, then so is the stationary degree distribution of the obtained random
interval graph. The power-law distributions are subexponential and square-root insen-
sitive, so that Theorem 1 covers the previous result in [13]. In the proof below and
thereafter, N denotes the counting measure corresponding to {7}},cz; that is, N(A)
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represents the number of points of {7},},cz in A € B(R), where B(R) denotes the
Borel o-field on R.

PrOOF: Here we consider the Palm version satisfying 7y = O; that is, an arrival occurs
at the origin. It is then known that {7}, },c7\ (0} is also the Poisson process with the same
intensity A (see, e.g., Daley and Vere-Jones [7, Example 13.1(c)]). We can observe
that the degree of vertex 0 consists of the number of individuals in the system just
before the arrival of individual O and the number of new arrivals during the lifetime
of individual O; that is,

Dy = 1p(0.n) + Y 1p(0.n) = Z(0—) + N(lp) as. (6)

n<0 n>0

Since a Poisson process has independent increments and the lifetimes of individuals
are mutually independent, Z(0—) and N (Iy) are also independent of each other, so that
the distribution of Dy is given as the convolution of those of Z(0—) and N (Ij). Since F
is square-root insensitive, Lemma 2 implies that P(N (Iy) > k) ~ F(k/)») ask — oo.
By (1), on the other hand, Z(0—) follows the Poisson distribution with mean X/,
so that P(Z(0—) > k)/F(k/A) — 0 as k — oo since F is subexponential. Hence, we
have by Lemma 1 that

P(Dy > k) =P(Z(O0-)+NUy) > k) ~F (;) as k — oo.

3.2. Conditionally Expected Cluster Coefficient

In a given graph, the cluster coefficient of a vertex represents the fraction of couples of
its neighbors such that the couple is also connected by an edge. The cluster coefficient
of vertex 0 of graph G = (V,E), V = Z, is then given by

D 1£(0,1) 1£(0,m) 1£(n,m)
C — nezZ m>n ) 7
0 Dy (7)
2
The previous work [13] demonstrated by a combinatorial argument that the random
interval graph in the discrete-time model setting has the high cluster coefficient, on
average, over vertices. Here, however, we provide a contrastive result that the condi-

tional expectation E(Cy | Dy > k) converges to zero as k goes to infinity under the
same condition as in Theorem 1.

THEOREM 2: If the lifetime distribution F is subexponential and square-root
insensitive—that is, F fulfills (4) and (5)—then lim;_, o, E(Cy | Dy > k) = 0.
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This result states that the vertices with high degrees, which correspond to very
long intervals, have extremely small cluster coefficients and does not contradict the
result in [13], in which relatively short intervals play an essential role. To prove
Theorem 2, we need the following lemma.

LEMMA 3: Let N and L be the same as in Lemma 2. Then, for any constant ¢ > 0,

c\t

2
E [{ (1 - Z> } 1{N((O,L])>k}} ~P(N((0,L]) > k) ~ PGLL > k) = F(k/A)
as k — oo.

The proof of Lemma 3 follows that of Theorem 3.6 in [2] (see also the proof of
Theorem 3 in [11]) and is given in the Appendix. With this lemma, we now provide
the proof of Theorem 2.

PROOF OF THEOREM 2: We consider the Palm version satisfying 7o = 0 as in the
proof of Theorem 1 and demonstrate that E(Cy 1(p,~x;)/P(Dy > k) — 0 as k — oo.
For simplicity of notation, we write the event A(0,n,m) = {(0,n) € E, (0,m) €
E, (n,m) € E}, n,m € Z (n < m). Recall that Dy = Z(0—) + N(ly) a.s., as seen in
(6). We then have from (7) that

l(l -1 |:ZZ 1£(0,7) 120, m) 1 (n, m) l{Do=l}i|

nezZ m>n

E(Co 1ipy>1)) =

2
=k+
20 — >3 PO, Z0-) =N = 1)
=k+

Jj=0 neZ m>n

=Sn<m<0}+S{n<0<m}+S5{0 <n<m}, 8)

where the sum over —oo < n < m < +00is separated into three cases: (i)n < m < 0,
(i) n < 0 < m, and (iii) 0 < n < m, and each case is denoted by S{-} in the last
equality. We show below that each case leads to the term of o(P(Dg > k)) ask — oo.

(i) Case of n < m < 0. Whenever (0,n) € E and (0,m) € E for n, m <0, it is
necessary that (n,m) € E since individuals n and m are in the system when
individual O arrives, so that

Z Z P(A(0,n,m),Z(0—) = j,N(lp) = [ — )

n=—00 m=n+1

= (é) P(Z(0-) =j,N(Ip) = [ — ).
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Substituting this into (8), we have

oo ! ..
S{n<m<0}= ZZ
I=k+1 j=2

P(Z(0-) = j,N (o) =1 —j)

s I=k+1

% atet
=(= PZ(0-) =j - 2)
(-1 4%

x P(N(lp) =1 —)),

where we use the fact that Z(0—) follows the Poisson distribution with
mean A/u, so that j (j — DP(Z(0—) =j) = A /w)*P(Z0-) =) —2),j =
2,3,.... Additionally, for any € > 0, there exists a k. > 0 such that 1/[I (I —
1)] < e for I > k.. Thus, we have S{n <m <0} <€ (A/M)ZP(DO >k—2)
for k > k.. Since Dy is long-tailed and € is arbitrarily small, this implies that
S{n <m <0} =0P(Dy > k)) as k — oc.

(i) Caseofn < 0 < m.GiventhatZ(0—) = j, we have by (1) that the residual life-
times of these j individuals at time 0 are independent and identically distributed
according to F,. Additionally, given that Ly = x (> 0) and N(ly) = [ — j, the
property of Poisson processes implies that the arrival times of these [ —j
individuals are independent and uniformly distributed on [0, x] (see, e.g., [7,
Sect. 2.1]). Note that interval I,,, n < 0, has an overlap with interval I,
m > 0, which has its left end point at y € [0, x], when the residual lifetime of
individual n at time O is longer than y. Therefore,

-1 4o

> > P(A©n,m), Z(0-) = j,N(lp) =1 — j)

n=—00 m=1
-1 4o

Z Z/ P(A(0,n,m),Z(0~) = j,N(p) = —j | Ly = x) dF (x)

n=—o00 m=1
1 [F—
—jt-)) / . / Fo(3) dyP(Z(0—) = j, N(O, x]) = I — ) dF (x)
0 0
<= P(ZO-) =j, N =1 —)),

where (1/x) f(f F.(y)dy < 1, x > 0, is used in the last inequality. Applying
this in (8), we have

o]

21—
Sn<0<mj< Y Z /(l( P(Z(0—) =j,N(y) = — )
I=k+1 j=1
Z Zl(l P(Z(0—) =j — DP(N(p) =1 — ),
I=k+1 j=1
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where we use j P(Z(0—) =j) = A/ nw)P(Z(0—) =j—1),j =1,2,.... Here,
for any € > 0, there exists a k. > O suchthat (I —j)/[l (I — 1)] < eforl > k.
and 1 <j <[, sothat we have S{n <0 <m} <2¢ (A/u)P(Dy > k — 1) for
k > k.. Since D is long-tailed and € is arbitrarily small, this leads to S{n <
0 <m} =0oP(Dy > k)) as k — oo.

(iii)) Case of 0 < n < m. Given that Ly = x (> 0) and N(lp) = [ — j, the arrival
times of these / — j individuals are independent and uniformly distributed on
[0, x]. The event that interval I, whose left end point is at y € [0, x] has an
overlap with interval I,, whose left end point is at z € [y, x] is realized when
L, > z —y, so that

+00 400
>0 ) P(AO.n,m), Z(0-) = j,N(y) = — j)
n=1 m=n+1
+00  +00
=> > f P(A(0,n,m),Z(0—) = j,N(Ip) = 1 — j | Ly = x) dF (x)
n=1 m=n+1
I—j\ [ 2
(P R [
x P(Z(0—) =j,N((0,x]) = [ — j) dF (x). )

Here, an easy calculation yields

2 X px L + 2
= 1

= /F(Z—y)dzdy:]—E {(1——) } ,

X 0Jy X

where L; denotes a random variable according to distribution F and indepen-
dent of Ly and N. Thus, taking this into account and substituting (9) into (8),

we have
oo -2
S0<n<mp< Y Y PEO-)=))
I=k+1 j=0

+ 2
L
x E 1-— {(1 — —> } I{N(Io):l—j] . (10)
Ly

where ([ —j))({ —j— 1)/l —-D]<1forl>1and 0 <j < [isused. We
now consider a random variable Xy, which is independent of Z(0—) and has
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the following proper distribution:

E([1-{a1 - L1/Lo)+}2] Livay<iy)

PXy < k) = . keZ.
! E(1—{(1 - Li/Lo)*}) :
Then (10) yields
L\
S{0<n<m)<E 1—{(1—L—1)} P(Z(0-) + Xy > k). (11)
0

By Lemma 3, on the other hand, since L; is independent of Ly and N, we have

P(Xy > k) 1
PINU0) > 6) — E(1 - {(1 - Li/Lo)+})

5 (1_E({(1 Li/Lo)*}" Livay=h)

— 0 ask — oo.
P(N(1p) > k)
Hence, applying Lemma 1 in (11) leads to S{0 < n < m} = o(P(N(p) >
k)) = o(P(Dgy > k)) as k — oo.

Remark 2: In considering the connected interval graph G in Remark 1, we have to
modify slightly the result on the stationary degree distribution in Theorem 1. The fact
that P(Z(0—) = 0) = ¢ */* from (1) states that {A,},cz is a stationary point process
with intensity A e~*"_ Thus, since the superposed point process {7} }nez U {A}nez
has intensity A (1 + e~*/#), the probability that an arbitrary chosen vertex is not
the one that is extraneously added in Remark 1 is given by (1 +e¢*/*)!, so that
the tail asymptotics of the stationary degree distribution in the modified graph G
becomes P(Bo >k~ (1 +e M-l F(k/k) as k — oo. The limit of the condition-
ally expected cluster coefficient, on the other hand, remains the same as that in the
original G.

4. CONCLUDING REMARK

In this article, we have analyzed the stationary subexponential interval graphs gener-
ated by immigration—death processes—namely we have derived the tail asymptotics of
the stationary degree distribution when the lifetime distribution of the immigration—
death process is subexponential and square-root insensitive. Furthermore, we have
shown that the conditionally expected cluster coefficient of a vertex given its degree
vanishes in the limit as the degree goes to infinity under the same condition as that for
obtaining the tail asymptotics of the stationary degree distribution. In future works, we
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can consider problems like evaluating the stationary distribution of the sizes of con-
nected components and the diameter of a connected component, which represents the
length of the shortest path connecting any pair of vertices in the connected component.
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APPENDIX PROOF OF LEMMA 3

Here we provide the proof of Lemma 3, which mainly follows those of Theorem 3.6 in [2]
and Theorem 3 in [11]. In the following, for any two real functions f(x) and g(x) on R,
f(x) < g(x) and f(x) 2 g(x) as x — a stand for respectively limsup,_, ,f(x)/g(x) <1 and
liminfy_,,f(x)/g(x) > 1, where a is possibly infinity.
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For the asymptotic upper bound, it is clear that

¥ 2
E [{(1 - %) } 1{N<(0,L])>k}} <P(N(O.L]) > k) ask — oo,

since {(1 — ¢/L)T}? < 1 a.s. We now consider the asymptotic lower bound. We have for a > 0,

c\+)?
E (1—2) Lvco.Lp>k

2
c\+
>E |:{ (1 - z) } l{N((O,L])>k,L>k/)»+a~/k/)t}i|

A P ] )7 ()

where weuse {(1 — ¢/L)*}? = {(1 — Ac/k)T}? as.and N((0,L]) = N((0,k/x + a/k/X]) as.
when L > k/A 4 a+/k/A in the second inequality. Here, one obtains for k > a? A,

pn((0% ﬁ k
7X+a X >
_p N((0.k/x + ay/k/X]) — (k + av/A k) . a
Vk/x+ aJk]x V1+aJrJk
—p N((O,k/)»+a\/lc/7])—(k+a\/ﬁ)>_ﬂ
- /A + aJk]h V2]’

Additionally, for any € > 0, there exists a k. > 0 such that {(1 — )Lc/k)Jr}2 > 1—¢€ fork >
ke. Therefore, the square-root insensitivity of F' and the central limit theorem for renewal
processes (see, e.g., Asmussen [1, Chap. V, Thm. 6.3]) result in, for an appropriate o > 0,

cyF12 al \ = [k
E“(I—L) } I{N((O,L])>k}i|2(1—e)®<m>F<k> ask — o0,

where ® denotes the standard normal distribution. Finally, lettinge — O and a — oo completes
the proof.
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