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Abstract

A network belongs to the monotone separable class if its state variables are homoge-
neous and monotone functions of the epochs of the arrival process. This framework, which
was first introduced to derive the stability region for stochastic networks with stationary
and ergodic driving sequences, is revisited. It contains several classical queueing network
models, including generalized Jackson networks, max-plus networks, polling systems, mul-
tiserver queues, and various classes of stochastic Petri nets. Our purpose is the analysis of
the tails of the stationary state variables in the particular case of i.i.d. driving sequences.
For this, we establish general comparison relationships between networks of this class and
the GI/GI/1/00 queue. We first use this to show that two classical results of the asymp-
totic theory for GI/GI/1/00 queues can be directly extended to this framework. The first
one concerns the existence of moments for the stationary state variables. We establish
that for all @« > 1, the o+ 1-moment condition for service times is necessary and sufficient
for the existence of the a-moment for the stationary maximal dater (typically the time
to empty the network when stopping further arrivals) in any network of this class. The
second one is a direct extension of Veraverbeke’s tail asymptotic for the stationary wait-
ing times in the GI/GI/1/c0 queue. We show that under sub-exponential assumptions
for service times, the stationary maximal dater in any such network has tail asymptotics
which can be bounded from below and from above by a multiple of the integrated tails
of service times. In general, the upper and the lower bounds do not coincide. Neverthe-
less, exact asymptotics can be obtained along the same lines for various special cases of
networks, providing direct extensions of Veraverbeke’s tail asymptotic for the stationary
waiting times in the GI/GI/1/0co queue. We exemplify this on tandem queues (maximal
daters and delays in stations) as well as on multiserver queues.
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1 Introduction

We show in the present paper that properties which have been known for a long time for the
tail asymptotics of isolated single server queues can be extended to the class of stochastic
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networks which are monotone and separable. This class, which was introduced in [6], con-
tains several classical queueing network models like generalized Jackson networks, max-plus
networks, polling systems, and multiserver queues. This is also related to the class of topical
(monotone and non-expansive) maps of [18].

Section 2 summarizes the definition and main results that are known on this class of
networks, and in particular the ergodic theorems that allow one to determine their stability
region. The notion of maximal dater is recalled. In a generalized Jackson network, the
maximal dater is the time to empty the network when stopping further arrivals. In a G/G/1
queue, this is just workload. In a FIFO tandem queue, this is end to end delay.

Section 3 focuses on the proof of the moment theorem. The assumptions that are needed
here are limited to independence. We establish the following generalization of the classical
GI/GI/1 queue moment theorem, which seems to be new within this setting: for all « > 1, the
a+ 1-moment condition for service times in any monotone and separable network is necessary
and sufficient for the existence of the a-moment for the stationary maximal dater.

The sub-exponential tail asymptotic theorems are given in §4 and 5. For surveys on the
state of the art for this kind of asymptotics, see [20].

Section 4 gives generic upper and lower bounds which hold for all sub-exponential mono-
tone separable networks, and which only differ in the multiplicative constants.

Section 5 elaborates on the bounds established in §4. A corollary of Veraverbeke’s theorem
already proved in e.g. [1] and [2] states that, in the GI/GI/1 queue, large workloads occur on
a typical event where a single large service time has taken place in the distant past, and all
other service time are close to their mean. The main new result within our setting is Theorem
8 which extends the notion of typical event to sub-exponential monotone separable networks:
large maximal daters occur when a single large service time has taken place in one of the
stations, and all other service time are close to their mean.

To the best of our knowledge, among the various classes of networks listed above, exact
asymptotics are only known for irreducible max-plus networks [10]. The aim of Section 6 is
to illustrate how the typical event theorem can be exploited to solve open questions on the
exact asymptotics of other monotone separable networks. This is done for tandem queues in
§6.1.1 and for multiserver queues in §6.2

A first natural question is whether such asymptotics can be obtained for the maximal
daters of all sub-exponential monotone separable networks. We have no general answer to this
question yet. However, the choice of the tandem queue example to illustrate the potential use
of the method was made on purpose: a tandem queue is both a generalized Jackson network
and a reducible max-plus network. Exact asymptotics can be obtained along the same lines
for the maximal daters of generalized Jackson networks and of reducible max-plus networks.
These exact asymptotics require a lot of extra technical work, which go beyond the scope
of the present paper and will be the object of two companion papers [7] and [8]. The exact
asymptotics in polling systems is under investigation, too.

A second interesting question is whether such asymptotics can be extended to other char-
acteristics than maximal daters. As it was shown in e.g. [21] maximal daters and individual
waiting times may have fundamentally different asymptotics. This question is addressed in
§6.1.2 where we show how to use the typical event theorem for monotone separable net-
works in order to derive the exact asymptotics for the stationary waiting or response times
in individual queues of the tandem queue example.



2 Basic Results on the Monotone Separable Networks

2.1 Framework
Consider a stochastic network described by the following framework:

e The network has a single input point process N, with points {7}, }; for all m <n € N, let
Nipn) be the [m, n] restriction of IV, namely the point process with points {7 }n<i<n-

e The network has a.s. finite activity for all finite restrictions of V: for all m < n € N, let
Ximn (V) be the time of the last activity in the network, when this one starts empty
and is fed by N, ,j. We assume that for all finite m and n as above, X|,, ,,; is finite.

We assume that there exists a set of functions {f;}, f; : R! x K! — R, such that:

X[m,n}(N) = fn—m—l—l{(ThCl)a m <1< TL}, (1)

for all n,m and N, where the sequence {(,} is that describing service times and routing
decisions.

We say that a network described as above is monotone—separable if the functions f, are
such that the following properties hold for all N:

1.(causality): for all m < n,

2.(external monotonicity): for all m <n,
X[m,n] (N/) > X[m,n] (N)a

whenever N/ % {T)} is such that T, > T,, for all n, a property which we will write

N’ > N for short;
3.(homogeneity): for all ¢ € R and for all m <n
Ximn)(c+ N) = X (N) + ¢
4.(separability): for all m <1 <n, if X, j(N) < Tjy1, then

X[m,n](N) = X[H—l,n](N)'

Remark 1 Single-server queues, tandem queues, and generalized Jackson networks satisfy
properties 1-4 above (see [5, 6] for details).

Remark 2 Using the terminology of the literature on idempotency (see e.g. [18]) the mono-
tone separable framework can be rephrased in terms of so called topical forms. Indeed, for all
m < n, Xp, ] can be seen as function of the bi-infinite vector (., T9,T1,T0,T1,T3,...) of
RZ. Since Ximm] RZ — R is monotone and homogeneous, according to this terminology, the
Jamily X, ), —00 <m < n < oo, is a family of topical forms on RZ. The link between these
forms is established via the separability assumption, which allows one to study the asymptotic
Jorms X|_o n], which are the main objects of interest. Of particular interest to us are the

statistical properties (moments, tail behavior etc) or the projective properties of the sequence
(T, X[—oom)) € R2.



2.2 Maximal Daters

By definition, the [m,n| maximal dater is
Z[mm’} (N) = X[mm](N) —Th= X[m,n](N - Tn)‘

Note that Zj,, ,j(N) is a function of {}m<i<n and {7 }m<i<n—1 only, where 7, = T, 1 — T),.

In particular, Z,(N) of Zjn ) (V) is not a function of {7} co<i<oo-

Lemma 1 (internal monotonicity of X and Z) Under the above conditions, the variables
Ximn) and Zpy, n) satisfy the internal monotonicity property: for all N

X[mfl,n](N)
Z[mfl,n](N)

X[m,n](N)v

AV,

In particular, the sequence {Z|_, o/(/N)} is non-decreasing in n. Put

Z =200 = nh—>H<}0 Z_po(N) < 0.

Lemma 2 (sub-additive property of Z) Under the above conditions, {Z,, n} satisfies
the following sub-additive property: for all m <1 < n, for all N

Z[m,n] (N) < Z[m,l] (N) + Z[H—l,n](N)'

2.3 Stochastic Assumptions and Main Stability Results

Assume the variables {7,,(,} are random variables defined on a common probability space
(Q, F,P,0), where 6 is an ergodic, measure-preserving shift transformation, such that (7, &, )o
0 = (Tn+1,&n+1)- The following integrability assumptions are also assumed to hold:

def 1 def

Er, =\ a<oo, EZ,<oo.

We summarize the main results of [6].

Lemma 3 (0—1 Law) Under the foregoing ergodic assumptions, either Z = oo a.s. or
Z < 00 @.S..

The network is stable if Z < 0o a.s. and unstable otherwise.
Denote by @) = {T;l} the degenerate input process with T,; =0 a.s. for all n.

Lemma 4 Under the foregoing ergodic assumptions, there exists a non-negative constant v(0)

such that
i Zi_p-)(@Q) . EZ_, 4(Q)
m —— = hm _—

n—oo n n—oo n

=~(0) a.s.
The main result on the stability region is:

Theorem 1 If \y(0) < 1, then Z < 0o a.s. If Z < oo a.s., then Ay(0) < 1.



2.4 Further Assumptions

Most of the new results of the present paper will be obtained under the following indepen-
dence assumption:

(TA): the sequences {(,} and {1,} are mutually independent and each of them consists of
i.5.d. random variables.

For certain results, we shall make the following additional assumption:

(AA) For alli,
Zi =1} = ) AR Yi(r)a (2)

7

where the r.v.’s Yi(j) are non negative, independent of inter-arrival times, and such that the

sequence of random vectors (Y;(l), .. ,Yi(r)) 1s 1.1.d; general dependences between the compo-

nents of the vector (Yi(l), ... ,Y(T)) are allowed. In addition,

(2

Zin,0)(Q) > max VAL (3)

2.5 Upper and Lower Bound G/G/1/cc Queues

The results of this section are new. We assume stability, namely v(0) < a. We pick an integer
L > 1 such that
EZ_1-1(Q) < La, (4)

which is possible in view of Lemma 4. Without loss of generality, one can assume 7y = 0.

To the input process N, we associate the following lower and upper bound processes:
N~ ={T, }, where, for all k and n in Z such that n = (k — 1)L +1,...,kL, T,7 = T(;;_1)p,
and similarly, N* = {T.7}, where T, = Typ if n=(k—1)L+1,...,kL. Then for all n

Xiono)(N7) < XLpo)(N) < X1_no)(NF) = Z_p o (NT). (5)

In other words, both upper and lower bound processes have batch arrivals (of size L).

Note that if (IA) holds, the r.v.’s Z|_, 0)(N ™) = X[_p (N 7) =T and Z[_,, (N ") have
the same distribution, and that the r.v.’s Z|_,, o)(N ™) and 7", are independent.
2.5.1 Upper Bound Queue

The next lemma, which establishes a first connection between monotone-separable networks
and the G/G/1/o0 queue, directly follows from the monotonicity and the separability as-
sumptions.

Lemma 5 Assume Ty = 0. For any m <n <0,

Z[m,O](N) < Z[n,O](N) + max(O, Z[m,n—l] (N) - Tnfl)'



Put Z,, = Z};, ) (N). Then the sequence {Z,, } does not depend on N and forms a stationary
and ergodic sequence.

Corollary 1 Assume Ty = 0. For any m <0,
0
Zim0) = Zimo)(N) < max (Z Zi= . Ti) :
i=k+1
with the convention 3.0 = 0.

The main weakness of this upper bound comes from the fact that the corresponding queue
may be unstable whereas the initial network is stable. This is taken care of by the upper
bound described below.

Corollary 2 The stationary mazimal dater Z = Z(_ g (N) is bounded from above by the

stationary response time R in the G/G/1/00 queue with service times

S = Z[L(n—1)+1,Ln](Q) (6)
and inter-arrival times T, = Tpn, — Tpm—1), where L is the integer defined in (4). Since
b=Es, < E7, = La, this queue is stable.

Proof We have

Z = lm Zj_, 0 = lm Zj_yr410 = sup Z[ kL+1,0]
< supZ_ <sup max | 59+ -7
kz% (—kL+1,0](IV ) k>10’ 0y Z j+1)

-1

= 50 +sup Z (8i —Tiy1) = R.
E>0 .5
=Y i=—k
In these relations, (5) was used to derive the first inequality, Corollary 1 was used in the last
inequality; we also used the fact that

Zirn-1)+1,20) (N ) = Zipn—1)41,00) (@)

and the convention Y ;' = 0. O

The queue of Corollary 2 will be referred to as the L—upper—bound G/G/1/0c0 queue
associated with the network.

Note that when (IA) holds, this queue is a GI/GI/1/00 queue. In this case, R=W +3%,
where W is a stationary waiting time and W and So are independent.

Notice that under (AA),

Ln
FEND SIRCEETS ol o o
i=L(n—1)+1 j=1i=L(n—1)+1
a.s. where the second inequality follows from the sub-additive property of Z.
The following result does not require (AA) and holds for all monotone separable networks
such that the sequence {Z;} is i.i.d. We say that a non-negative r.v. X is light-tailed if there
exists a positive number ¢ such that Eexp(cX) is finite.



Corollary 3 If Zy is light-tailed and A\y(0) < 1, then Z(_ g is light-tailed too.

Proof jFrom Corollary 2, it is enough to prove that the response time R in the L—upper—
bound queue is light-tailed. From well known results on the G/GI/1/00 queue, in the stable
case, the stationary response times R are light-tailed when the service times are light-tailed.
But from the subadditive inequality, we have

L
S1=2ZnQ) <) 7, (8)
i=1
which proves that s is light-tailed if Zj is. ad

2.5.2 Lower Bound Fork-Join Queue

The following result is immediate:

Lemma 6 Under Condition (AA),

-1
Zicoop = R= jfnax sup (ZY Zﬂ) (9)

= T n<0

The queue with service times {Yi(j )} and inter-arrival times {7;} will be referred to as the
j-lower-bound G/G/1/0c queue associated with the network. Let RU) denote the stationary
response time in this queue:

-1
) — .
J igg <§£:}/ 2;:7}).

Then the lower bound R defined in (9) is the stationary response time in the r-dimensional
fork join queue with service times {Yi(j)}, j =1,...,r and inter-arrival times {7;}.

2.6 Examples
2.6.1 Tandem Queues

Consider a stable G/G/1/ co — - /G/1/oco tandem queue. Denote by {cr,(f)} the sequence
of service times in station ¢ = 1,2 and {7,,} the sequence of inter-arrival times at the first
station. Put b®) = Ec(®, ¢ = E7, and p(») = b(l) < 1. We have v(0) = max(b(V), b)),

Tandem queues fall in the class of open J ackson networks, and in the class of open max-
plus systems which both belong to the class of monotone separable networks (see below). We
have the following representation for the maximal dater (see e.g. [10]),

—n<p<0 p<g<0

q 0
Zi_po) = sup sup (Z S Z oy — (To — 1T, )) (10)
=p m=q

Z = Z(0 =Sup sup
p<0 p<g<0

q 0
Z oW+ oD — (1 - Tp)) . (11)

m=q



Assumption (TA) is satisfied if the sequences {7,} and {(, = (agl),ag))} are i.i.d. and

mutually independent (we may allow a dependence between a,(}) and 07(12)). Assumption (AA)

is also satisfied here with r = 2 and Yéi) = ay(f), 1=1,2.

The maximal dater with index n is the sojourn time of customer n in the network, namely
the time which elapses between its arrival in station 1 and its departure from station 2.

As for the L—upper—bound queue associated with this network, the expression for s, is
here

J
~ 1)
Sn = max E: L+Z+§:0n DL+ | - (12)
=1 1_J

2.6.2 Multiserver Queues

Let
W, = (W, ... wim)

be the Kiefer-Wolfowitz workload vector in the GI/GI/m/oco queue with inter-arrival times

{7} and service times {o,}. Here n is the customer index and WT(Li), i =1,...,m are the
workloads of the servers at the n-th arrival time, arranged in non-decreasing order. More
precisely, we assume Wy = (0,...,0) and

Wn+1 = R(Wn +ejop — iTn)+ (13)
for i > 0, where e = (1,0,...,0) and i = (1,1,...,1) are m-dimensional vectors and the
operator R permutes the components of a vector in non-decreasing order. For a multi-server

queue, (0) = %

Assumption (TA) is satisfied under the assumption that the service times are i.i.d. As-
sumption (AA) is not satisfied here.

The maximal dater associated with customer n is the time which elapses between its
arrival and the time when all customers still present at its arrival time have left the system
(including customer n):

Z[O,n} = maX(W,gl) + onp, W}Lm))

2.6.3 Generalized Jackson Networks

Consider a generalized Jackson network with r stations. We denote by
. {a,(f)} the i.i.d. sequence of service times in station k;

® {/M(zi)} the i.i.d. sequence of routing decisions from station ¢ (with values in the set

{1,....7r}

e {uy,} the i.i.d. sequence of routing decisions for the input process (also with values in

the set {1,...,r,r+ 1}, where u(] )= + 1 means that a customer taking nth service
at station ¢ leaves then the network;

e {7,} the i.i.d. sequence of inter-arrival time.



Under these assumptions, both (IA) and (AA) are satisfied. We have:

)
v =30l (14)
1

with v(j) the total number of visits of customer 1 (the customer arriving at time 77) to
station j in the [1, 1] restriction of the network, namely when this customer is the only one to
enter the network. The random variables v(j), j = 1,...,r are obtained from the sequences
of routing decisions (see [5]).

In this case Z|_, ) is the time which elapses between the arrival of customer 0 and the
time when all customers have left the system, given that arrivals are stopped after Ty.

2.6.4 Max-Plus Networks

The class of open max-plus networks also falls in this framework (see e.g. [6]). A typical
example of this class is that of tandem queues. Tandem queues form a reducible open max-
plus network. For examples of irreducible networks of this class, see [10].

3 Integrability of Stationary Maximal Daters

We assume (IA) and stability, namely A\y(0) < 1.

Let W denote the stationary waiting time in the L—upper—bound GI/GI/1/co queue of
the network. The following result is well-known

Lemma 7 For any a > 1, EWel s finite if and only if ESY is finite.
Therefore, R =W + 3 is such that ER*~! is finite if and only if Esf is finite.

Corollary 4 IfEZ§ < oo, then EZ(O‘:;’O] < 0.

Proof We have 0
S0 < Z Z;.
—L+1

Therefore if EZ§ < oo, then Esf is finite. Thus, EW°! and ER*! are finite, too. We
conclude the proof by using the bound Z|_., g < R (see the proof of Corollary 2). O
Under condition (AA), EZ{ is finite if and only if for all j, E[(Zy(j))“] is finite. The

following theorem is then an immediate consequence of Lemma 6 and Lemma 7.

Theorem 2 Under assumptions (IA) and (AA), if E [Z(a—iolo,O}] is finite, so is BEZg.
Examples All results are given under the assumption that the system under consideration
is stable.

e Tandem Queues: the system response time has a moment of order a — 1 iff the service
times in both stations admit a moment of order «.



e Multiserver Queues: in steady state, the time to empty the system has a moment of
order v — 1 if the service times admit a moment of order «.

e Generalized Jackson Networks: the stationary maximal dater has a moment of order
«a — 1 iff all service times have moments of order . Since the stationary maximal dater
is not less than the residual workload at any station, we get:
if all service times have moments of order «, then the stationary residual workloads
and the stationary queue lengths at all stations have moments of order o« — 1. Since
the number of customer services has a geometrical tail, one also deduces from this that
stationary sojourn times also have moments of order (o — 1).

4 Bounds for Sub-exponential Tail Asymptotics

4.1 Assumptions and Notation

Here and later in the paper, for strictly positive functions f and g, the equivalence f(x) ~
dg(x) with d > 0 means f(x)/g(xz) — d as © — oo. This equivalence may also be rewritten as
f(z) =dg(z)(1+o0(1)) = dg(z) + o(g(z)) = dg(x) + o(f(x)), where o(1) is a function which
tends to 0 as x tends to oo, and o(g(x)) is a function such that o(g(x))/g(z) — 0 as x — oo.
By convention, the equivalence f(x) ~ dg(x) with d = 0 means f(z) = o(g(z)). We will also
use the notation

e f(z) =0(g(x)) to mean limsup f(z)/g(z) < oo and liminf f(z)/g(x) > 0.

e f(z) =0(g(x)) to mean limsup f(z)/g(z) < occ.

4.1.1 Tails

Let £ be a non-negative r. v. with distribution function F' such that P(§ > z) =1— F(z) =
F(z) > 0 for all z. Let &1, & be independent copies of &.

Definition 1 ¢ has a heavy-tailed distribution (HT), if, for any ¢ > 0,
o0
Eexp(cf) = / exp(cxr)dF(r) = co.
0
Definition 2 ¢ has a long-tailed distribution (LT), if, for any y > 0,
F(z+y)~F(z) as x— oo.

Any LT distribution is HT.
Definition 3 ¢ has a sub-exponential distribution (SE), if

P& +&>2)~2F(z) as z— oo.

Any SE distribution is LT. For basic properties of sub-exponential distributions, see e.g. [14].

10



4.1.2 Network Assumptions

Consider a distribution function F' on R* such that the following holds:

(a) F is sub-exponential, with finite first moment M = [;* F(u)du, where F(u) = 1— F(u)
denotes the tail of F.

(b) The integrated tail distribution F'*:
Fé(z)=1- min{l,/ F(u)du} =1 —F°(z)

is sub-exponential.

Here are a few properties satisfied by F' that will be needed later on and that follow from the
fact that F® is long-tailed.

e When z — o0, B B
F(x)=o0 (Fs(x)) . (15)

As a corollary, there exists a non-decreasing integer-valued function IV, — oo and such
that, for all finite real numbers b,

sz(a: +nb) =0 (F’(z)), z— o0. (16)
n=0

In particular,

N, F(z) = o(F’(2)). (17)

Such a cdf F' being given, consider a monotone separable network satisfying (IA) and (AA)
and such that the following equivalence holds when x tends to co:

(¢c) Forall j=1,...,r
PV > z) ~ d9F(2),

with 32, d%) =d > 0.

For a monotone separable network, the three assumptions (a)-(c) will be referred to as (SE).
Under (SE), the following holds:

S s o\ —
/ P(Yl(j) > y)dy ~ dIF (z) as z — oo. (18)
x
We also introduce the following assumption:

r

(H) P(i Y7 > 2) ~ P(max V7 > 2) ~ S P > 0) ~ idmf(m). (19)
1 1

1<j5<r
ISV 1

Note that the very last equivalence follows from (SE). Assumption (H) is for instance

satisfied in the particular case when the random variables Yl(j ) are mutually independent; in
§7.2 below, we give sufficient conditions for (H) to hold that go beyond this particular case.

11



Take any 1 <i1,i9 <7, i1 # ia. Since

P(maxV” > 2) <SP > 2) — PV > 2, v{ > a),
J X
J

we deduce from (19) that
P\ >, Y™ > 2) = o(F(x)). (20)

Remark 3 In what follows, we will not need i.i.d. assumptions on the inter-arrival times
{mn}. As it follows from Theorem 14, the results we prove will hold also in the more general
situation when these variables satisfy the following three conditions:

o {7,} forms a stationary ergodic sequence with a finite positive mean ETy = a
o {7,} is independent of {erj),j =1,...,1r};
e Foralla < a, X
P <sup <n2i— i 7'7;> > x) = o(F’(z)).
n20 i=—n

(see [4] for the proof in the single-server queue case).

4.2 Tail Asymptotics for the Supremum of a Random Walk with Sub-
exponential Increments

We now remind the well-known result from [13] and [22]. We use negative indices in order to
link the result with queueing applications.

Theorem 3 Let {&,} be an i.i.d. sequence with negative mean E§; = —a, So =0, S—,, =
Y1 €, and S = sup, > S_n. Assume that there exists a distribution function F on [0, 00)
such that F* is sub-exponential and P(& > z) ~ dF(x) with d > 0 as x — oco. Then, as
x — 00,

P(S>1) — (1+o(1)>g?(;¢).

In particular, consider a GI/GI/1/00 queue with i.i.d. service times {on} (with mean b)
and i.i.d. inter-arrival times {T,} (with mean a > b) and put &, = o, — T,. Assume that
P(oy > x) ~ dF(z), with F as above. Then the stationary waiting time W and the stationary
response time R of customer 0 are such that

PR>xz)~P(W>z) = (1+ 0(1))G7F ().

In particular if the distribution function of o is F, then P(R > z) ~ P(W > z) = (1 +
0(1)) 2 F (z).

The following lower bound is also known (see, e.g., [4]) and was obtained by the use of
the Strong Law of Large Numbers (SLLN):

12



Theorem 4 Consider a G/G/1/00 queue with i.i.d. service times {0y} (with mean b) and
independent stationary ergodic inter-arrival times {7,} (with mean a > b). Assume that
P(o1 > x) ~ dF(z), where d > 0 and where the integrated distribution F* is long-tailed.
Then

d
a—>b

PR>z)>P(W >2z) > F’(x) 4 o(F’(x)).

4.3 Bounds
4.3.1 Upper Bound

Let Z = Z(_,0 and let L be the integer defined in §2.5 and let s be the service time in the
associated L-upper-bound GI/GI/1/co queue.

Put b = ES and note that Ef = La. Then p = % = M(0)(1 4 d) < 1 where § may be
chosen as small as possible. We deduce from (7) and (H) that

P(5) > x) ~ dLF(z).

Thus, from Theorem 3,

. 1 00
P(R>z) ~ La—g/ P(s > y)dy
! /OodLF( )d Ly e
~ = y)dy = —— z).
La—bJz a—>b/L

Here % — 7(0) as L — oo. We have proved:

Theorem 5 Under the (IA), (AA), (SE) and (H) assumptions,

limsup B2 22 < fiy pi PE>D) 4 (21)

T—00 F (1‘) L—ooz—o0 F (1‘) a — ’Y(O)
Remark 4 The assumptions of Theorem 5 bear on the random wvariables Yl(]). These can
be weakened by considering conditions on the random variables Zy, = Zj,, ;) as follows: if the
random variables Z,, are i.i.d. with distribution G such that both G and G* are subexponential,
and if the random variables T, are i.i.d. and independent of the {Z,} sequence, then

P(Z 1

lim sup LS > z) < . (22)
z—00 G (JU) a—(0)

The proof of this is based on Corollary 2 and on coupling arguments.

4.3.2 Lower Bound
From (9),

0 -1
Z =Zon = R=maxsup (Z Yi(J) — ZTZ> = mjaXR(j).

J n<0 \ i
= i=n

13



Then from Theorem 3

with p0) = EYl(j). Note that

ZP ) > P(max RV = - > PR >z, RP) > ). (23)

J :
J 11712

Since, for any i1 # 9, ‘ A
P(R™ >z, R > 1) = o(F’(x)) (24)

(see Appendix 7.1 for the proof), we get:

P(R > z) ZP RY) > z) + o(F’(z))

Thus, the following theorem holds.

Theorem 6 Under Assumptions (IA), (AA), (SE) and (H),

Pz>z) . PR>z) Z d\)

lim inf = ~. 25
Z—00 Fs(l-) ~ z—00 Fs(x) — a— p() ( )
Remark 5 o The asymptotics for the lower and upper bounds are the same up to multi-

plicative constants. So Theorems 5 and 6 imply P(Z > z) = O(F’(z)).

e In the single-server isolated queue case, v(0) = b= M, b=Lbandd=1. Therefore in
this case, the upper and lower bounds coincide.

O
4.4 Examples
4.4.1 Tandem Queues
The definitions and notation are those of §2.6.1. We assume that
Fi(z) =P(c") > 2) ~ dDF (), (26)

that d = dV + d® > 0 and that both F and F* are sub-exponential. Assumption (H) is
valid if we assume in addition that O’SLI) and aﬁf) are independent.

Denote by Z the stationary sojourn time in the network. We look for the asymptotic
behavior of the function P(Z > z) as © — co.

The lower bound (25) is

o P(Z>a) dD  d®
lim inf F’(2) = T e

Since v(0) = b = max(bV), b)), the upper bound (21) reads:

Pz d
lim sup ;5;)&:) < e

This upper bound was proved in [10].

14



4.4.2 Generalized Jackson Networks

The definitions and notation and those of §2.6.3 and of Appendix 7.2. We assume that
P(c¥ > z) ~ IUF(x), that > 1) > 0 and that both F and F* are subexponential. Put
70 = Ev(¥) and bU) = BEYU) = 700EsU). Without loss of generality we may assume bY) to
be positive for all j. The network is stable if v(0) < a, where (0) = b = max(b™,..., b)) —
see, e.g., [5]. Assumption (H) is valid (see the example at the end of §7.2).
Denote by Z the stationary maximal dater. Then, from (25), the lower bound for P(Z > x)

is

.. .P(Z>ux) Ly (P&

liminf ———= > Z p—T)

and the upper bound (21) reads

(4 7 (@)
lim sup P(FZs;):B) < Zci 77; .

4.4.3 Max-Plus Networks

Similar bounds were studied within the framework of open, irreducible max-plus networks in
[10]. As in the single server isolated queue case (which is an instance of such networks), the
upper and lower bounds coincide, which yields the exact asymptotics. However, the exact
asymptotics are not known for reducible max-plus networks, even for the particular case of
tandem queues.

5 Typical Event of a Sub-exponential Monotone Separable
Network

5.1 Typical Event of a Sub-exponential GI/GI/1 Queue

This section contains qualitative indications on how rare events occur in sub-exponential
GI/GI/1 queues in terms of asymptotic equivalences involving the so called typical event.

Results of the same nature were first stated by Anantharam in [1] in the regularly varying
case (see Theorem 3.1 therein) and by Asmussen an Kliippelberg in [2]. However, we could
not find the equivalences (Corollary 5 below) precisely needed for the extension to monotone
separable networks (Theorem 8 below) in any earlier paper. Some notation and ideas of the
proof of Corollary 5 will be used in Theorem 8.

Consider a GI/GI/1/0co queue with mean inter-arrival times a = E7, and mean service
times b = Koy, where a > b. Denote by F' the distribution function of ¢ and assume that F'
satisfies (b) of (SE) (i.e. F® is sub-exponential), and let IV, be the associated function defined
in §4.1.2. Let

§n = On — Tn, Syﬁ;:iTﬁia Sg:ifhi, Sn:igflzsg_sg
1 1 1

Corollary 5 Let W (resp. R) denote the stationary waiting (resp. response) time of cus-
tomer 0 in the FIFO GI/GI/1/oo queue. For any x, let {K, .} be a sequence of events such
that

15



(i) for any n, the event K, and the random variable o_,, are independent;
(ii) P(K, ) — 1 uniformly in n > N, as x — oo.

For any sequence n, — 0, let

Apg =Ky ﬂ{a,n >z+n(la—b+mn,)}, and A= U Ap g (27)
n>Ny

Then, as x — 00,
PW >2z)~P(W>z,4,) ~P(A;) ~ Y P(W>u,4n.)~ Y P(Any) (28)
n=Ng n=Ng

and

P(R>zx) ~P(W > z). (29)

Proof Simple calculations using the fact that F'® is long-tailed show that, as * — oo,

> P(Ans) = Y PEn)Plon>z+nla—b+n,))
— 1 —s
~ Z Flx+n(a—b+mn,)) ~ mF (x).
n>Ng

Thus, if the sequences {K, .} and {n,} are such that, for all sufficiently large =,
(a) the events A, , are disjoint for all n > Ng;
(b) Ay p C{W >z} for all n > Ny;
then
PW>z) > P(W>uzA,) =P(4,)
= Y PW>z,4,.)= > P(An)~ m?(x).

n>Ny n>Ng

Combining this with Theorem 3, we get the equivalences (28).

We now construct two specific sequences {K, .} and {n,} satisfying (a), (b) and the
assumptions of the corollary. Due to the SLLN, there exists a non-increasing sequence &, — 0
such that ne, — oo and, as n — oo,

P(‘S;:—a

qo
< e, VNmSkén}ﬂ{‘;—b‘§€k+1, \V/Nxﬁk‘<n} (30)

g

S
< e, k’“—b’gekﬂ, Vk2n> 1.

Put n, = 3¢, and

Clearly, the conditions of the corollary are satisfied. Since ne, > b for all sufficiently large n,
on the event A, ;,

—a

W>8S,>x+nn,—2n—1)e, —b> .
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In addition, the events A, 5, n > N, are disjoint if e, < (a — b)/2. Indeed, on the event
Ay, o, we then have S,, > z and S)_; = maxo<j<n—195; < maxo<j<n—1j(b—a+ 2en,) < 0;
and the events {S}_; <0} N{S, > x} are obviously disjoint.

Take now any other sequences {f(nx} and {7, } satisfying the conditions of the corollary
and denote the corresponding events by {flnm} and A,. Then

P(A:) —P(A)] < P | {o-n>z+n(a—b+min(n, 7))}
n>Ny

P | |J EnaNEKnanf{o_n>z+n(a—>b+max(n, i)}

n>Ny

< > P(on>z+n(a—b+min(,in)))

n>Ny

= > P (Kuu N EKaw N {o-n > 2+ nla— b+ max(,. i)}

n>Ny
< A Z F(x + n<a —b+ maX(nnvﬁn»)
n>Ny

+ Y (Fz+nla—b+min(n,., 7)) — F(z + n(a — b+ max(in, in))))

n>Ny

where A, = suanNw(P(wa) + P([?gx)) — 0 as x — oo. Thus, both terms in the last
expression are o(F" (z)), and the equivalences (28) hold for sequences {K, .} and {7,}.
Finally, the equivalence (29) follows from the relation R = W + oy, the independence and
the fact that the tail of W is heavier than that of o (see (15)). O
The event A, (which will be referred to as the typical event of the sub-exponential
GI/GI/1 queue in what follows) occurs if there is only one big service time and all other
service times or inter-arrival times follow the SLLN.

5.2 Key Equivalences for the Maximal Dater of a Sub-exponential Mono-
tone Separable Network

In this section, we consider a monotone separable network satisfying (IA), (AA), (H) and
(SE). The function N, is that associated with the reference distribution function F' of the
(SE) assumptions.

Theorem 7 Let Z be the stationary maximal dater of some monotone separable network.
Denoting A, the typical event of the L—upper—bound queue', we have:

P(Z>2)~P(Z>z,A,) ~ i P(Z >z, Apy) (31)
n=Ny
and
P(Z>z,A,) =0 (F'(2)). (32)

"More generally we will add a hat to indicate that a variable pertains to the upper bound queue

17



Also, for any random variable Z such that Z < Z a.s.,

P(Z>12)= Y P(Z>uAy,)+0o(F (2)). (33)
n>Ny
Proof Since Z < R a.s.,
P(Z>z) = P(Z>zA)+P(Z>xR>z (A)°)
= P(Z>a,4)+0(F' ()= > P(Z>u,A,)+0(F(x))
n>Ny

from Corollary 5.
;From Theorems 5 and 6, P(Z > z) = ©(F"(z)). Thus,

P(Z >z, A) =P(Z>z)—o(F () = O(F (z)) — o(F’(z)) = O(F (2)),

and both (31) and (32) follow. O

The main result of the paper concerning sub-exponential monotone separable networks is
the following theorem, which can be seen as a network extension of Corollary 5, and which
gives the shape of the typical event creating a large maximal dater in such a network.

Theorem 8 The assumptions are the same as in Theorem 7. Put b = v(0). For any x and
forg=1,...,r, let {KT(LJ’%} be a sequence of events such that

(i) for any n and j, the event Kg% and the random variable Y_(]n) are independent;

(ii) for any j, P(K,(i’%) — 1 uniformly in n > N, as x — oo.
()

For all sequences myy”, j =1,...,r, tending to 0, put

AY) = K{) ﬂ{Y,(Jn) >z +nla-b+nd)}, AP =

n,

AD)L, and A, = AP (34)

n,

LCe

n = 7j=1

Then, as x — 00,

P(Z>2)~P(Z>z,4,)~> P(Z>z,A0)~> Y P(Z>x2,AY,).  (35)
1 j=1n=N,

Similarly, for any random variable s.t. Z < Z,

P(Z>z) = P(Z>xA,)+0(F (z)) = iP(Z >z, AV + o(F’(z))
1

= ZT: i P(Z >z, AY)) + o(F'(x)) (36)

j=1n=N,

If P(Z > x) = O(F’(x)), one can replace the last equalities by equivalences and delete the

o(F°(z)) terms in the last relation.
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The equivalences (31) and (35) will be the key relationships for the exact asymptotics of
the examples of §6. They show that for the monotone separable network also, whenever the
maximal dater is large, at most one of the service times is large whereas all other ones are
moderate.

Proof of Theorem 8 We will only prove the equivalence

P(Z > x) ZZPZ>I,A§{36) (37)

7=1n=Ng

The other equivalences in (35) may be obtained similarly.

We start the proof with the following 3 reductions.

Firstly, it is sufficient to prove the equivalence (37) when replacing each of the events Kr(f ;
by the whole probability space 2. Indeed, put AY ={Y>) U S 24 n(a—b+ ’m(lj))}. We know

from Theorem 7 that P(Z > z) = O(F (z)). Suppose that

P(Z > ) ZZPZ> AD).

7=1n>N,
Then
ZZPZ>xAn{ ZZPZ> AD) ZZPZ> AG) N\ AY).
7=1n>N, 7=1n>N, 7=1n>N,

The result then follows from the fact that the last subtracted sum is non-negative and is not
bigger than
DD PAD)P(K)) < Al)O(F(2)) = o(F(x))

since A(z) = maxi<j<, Sup,>n, P((K,gjg,;)c) — 0 as x — oo.

Secondly, it is sufficient to consider the case 7](3 ) = 0 for all n and j. This follows from
the following bound where §, = max; sup,,> , (17(] ))+:
Z Z P(Z > x,Y,(ZL) >z +n(a—0>)—P(Z > :U,Y,({L) >z +n(a—b+ (ni)1))
J=1n>Ngy

SUSTPY) € (@4 nla—b),z 4+ n(a—b+4,))

— (14 0(1))dF’ () (aib - — b1+ 5) = o (F(2))

IN

(]).

and a symmetrical bound for the negative part of n; Thus it is enough to prove the

equivalence
P(Z > ) ZZPZ>mY’>m+n(a—b)). (38)
j=1n>N,

Thirdly, if there exists a sequence €1, € (0,a—b), e, — 0 such that, for any L, the following
equivalence takes place (where by, =b+¢p)

P(Z > z) ZZ P(Z>2Y"Y >z +n(a—b)), (39)
J=1n>Ng
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then (38) holds. Indeed, take €1, < (a — b)/2. Then
ZZP(Z > x,Y,(jn) >x+n(a—>br))—P(Z > x,Y,(jT,? >z +n(a—>))

< > Y P( (YY) € (x +nla - bp),z +nla—1b))) = (1+0(1)dF"(z) ( - a i b>

a— by,
26 d —s
ot @

< (I+0(1))
Letting L — oo, we derive (38) from (39).

Before proving (39), we recall that, from conditions (SE) and (H),

r L T L
PE >2)~P UMY a1 | ~ Y Y P > ).

j=li=1 j=11=1

Since F' is long-tailed, we can replace the latter equivalences by

r L
P(5 >a)~P UU{Y >z+ia—b)} | ~ DY PWY >z +i(a—bg)). (40)

j=1i=1 j=11=1

More precisely, when denoting the event in the LHS by C, and the event in the center by D
we get C, C D, and
PD,\C
oy P\ C)
y>x F(y)

when 2 — oo, while P(C,,) = O(F(z)).

We now prove (39). For any L, put N, = N,/L (more precisely the integer part of
this ratio) and note that N, also satisfies condition (16). Take L sufficiently large and set
by, = ESyg/L = b+ . For the L-upper queue, one can take the typical event of the form:

= o(1) (41)

A\x = U {s_n>xz+nLl(a—0bp)} = U A\n,x-

From Theorem 7

P(Z>z) ~ Z P(Z > z,5_, >x+mL(a—br)).
m>Ng

JFrom (40) and (41),

Z P(Z>uxz,5_,, >x+mL(a—bg)) =
mZ]\?’I

r L
1+0(1) D DX D P(Z>u, vy > a4+ mL(a—bg)+1(a—br)),
m>N, j=11=1
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where the uniformity in m required to obtain the term o(1) follows from the uniformity in y
n (41). So

P(Z > z) ZZ (Z > =, Y(])+1>x+n(a—bL))
J=1n>Ny

~ ZZ Z>:EY)>:E—|—n(a—bL)).
j=1n>N,

6 Two Examples of Exact Tail Asymptotics

This section gives two illustrations of the use of Theorem 8 in order to derive exact asymp-
totics. W.l.o.g. we can assume inter-arrival times to be constants and equal to a (see Appendix
7.3).

6.1 Tandem Queues

For tandem queue, the assumptions on the tails of the service times are those of §4.4.1. Here
v =64 ), so that (H) trivially holds, since the service times are independent. The results
are stated for the two station case, but the extension to tandems (or tree like networks) of
any dimension is immediate.

Choose a sequence N, satisfying (16). Let W,gj ) be the stationary waiting time of customer
nin queue j = 1,2, and TT(LQ) be the inter-arrival time between the n-th and (n+1)-st customers
to the second queue. Let f (1) — Ty = 07(11) —a, 57(12) = 07(12) — Tr(LQ), and §n = 07(12) — ‘721421‘
We will also use the followmg notation:

S, =36 SP =Yl s - Zn;a@, j=12
i=1 i=1 i=

The following relations hold:

WY, = max(0, W) +¢£7), =12 (42)
and
n@ = —min(0, WD + &) + o), > 0, (43)
so that T,(L ) = 07(1421 if W + En) > 0. In addition
Z=w" + ol + W + 687 (44)

Also, from (11),

q
Z = sup <Z oll) + 550’2) —i—pa) . (45)
p

—00<p<g<0

Similarly, for any n, the stationary response time Z(_., _, of customer (—n) satisfies the
relations:

_w® 1) (2) (2) (1)
7 wh oW w0 o g + . (46
ooy = W4 = <mz z ) (a0
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6.1.1 End to End Delay

In this section, we prove the following exact asymptotic, which refines the bounds of § 4.4.1
(these bounds do not coincide in general):

Theorem 9 Under the assumptions of § 4.4,

€] 42 .
P(Z>zx) ~ a—b+a—b(2) F () (47)

where b = max(bM, b)) = 4(0).

Remark 6 As a corollary of Theorem 9 and of results from [3] and [16], one can easily derive
sharp asymptotics for the stationary queue length Q = Q1 + Q2 in the tandem queue. Also,
the result may be easily extended to queues in tandem of any finite length.

Proof ; From Theorem 8, we get

2

0o 2
P(Z>a)~Y P(Z>2,AV)~ 3 S P(Z>z,49),).

j=1 n=Ng j=1

We have to find appropriate sequences {an} and {177(13 )},
Start with j = 1. For any {ch} and 77(1) — 0,

(1)
1)y < (1) 1y 4 s
E P(Z >z, A;;) < E P(oX, >z +n(a—0b)+mn,"’) 7a—bF (x).

For the lower bound, consider the events

KD = (5,70 2 00 — ), 5% = n(v® — D)}

n,r n—1 = n

and choose a sequence 77,(11) — 0 such that P(K,glg;) — 1 uniformly in n > N, as z — oo.
Then, from (45),

P(Z > m,Anlgc) > P(U(_lf)L + max(SéU_’ll),Sga’Q)) na > x Axl,)l)
> P(o) + n(max(0®,b2) — 5V — a) > 2)P(KLY)

= (1+ 0(1))P(J(_1,1 >x+n(a—b+ nﬁl ))),

and the lower bound for P(Z > z, AE}’) is asymptotically equivalent to the upper one.
Consider j = 2. The lower bound
d

o F (@)

P(Z>2, A >PWP > 2,49) = (1+ o(1))
P

follows from Theorem 4.
For the upper bound, put

q
U,= sup sup (Z fo —1—pa>

—oo<p§0 max(p,—n)<q§0 m=p

22



and note that, from (45) and (46),

Z < max(Z(_oo,—n—1] + 51(10,2) —na,Up) = max(Z(_o,—p—1] + 572‘7;21) + 0(_271 —na,Uy),

where the random vector (Z(_o,—n—1]; Un, ST(IU_?) is independent of a(_27)L.
Since U, < Z a.s., P(U, < ) — 1 uniformly in n as * — oo. Since the distribution

of Z(_oo,—n—1] does not depend on n, Z_ _n_1}/n — 0 in probability. Due to the SLLN,

51(10_21)/ n — b a.s. Therefore, there exists a sequence &, | 0, ne, — 0o such that

P(Up < 2, Z(—oorn-1] < 1, STV <n(0? +&,)) — 1
2)

uniformly in n > N, as * — o0o. Denote the latter event by Kr(m and recall that it is

independent of a(_271. Put 777(12) = —2¢e,. Then

P(Z>2,A%) < P2 +n0b® —a)+2ne, >z, A?)
= P(U(ET)L >z +n(a— b2 4 17,(12)), Kr(fg)c)
= (1+oW)P(e%) >z +nla—b? +4)),

and the desired asymptotics follows. O

6.1.2 Delay at the Second Queue

In this section, we focus on the asymptotics for the stationary waiting time W2 = Wém of
customer 0 at the second queue. The assumptions are the same as in §6.1.

Results on the matter were obtained by Huang and Sigman in [19] in the case where the
tail of 0(?) is heavier than that of o). The results of the present section are more general in
that such an assumption is not required.

First, let us see how the results of [19] follow from what we have here. Under the assump-
tions of § 4.4.1, we get from (36) of Theorem 8 (for Z = W® < Z) that

PW® > ) =PW® >, AD) + PW? > 2, AD)) + o(F"(2)). (48)
Then
9 9 d(2) =S S
a—

The lower bound follows from Theorem 4 and the upper one from the inequality P(W(Q) >
:L‘,Af)) <P(Z > =, Agf)) and from the part j = 2 of the proof of Theorem 9. For the first
term in the RHS of (48), we have

0<PW® >z, AN <P(Z >z, AD) =

xT

a—
from the proof of Theorem 9. Thus, if dV) =0 < d®, then

4

a J—

F(x) (50)

which is the result of [19].
We now successively consider the three cases: b1 > b2); p(1) = p2) and b™M) < b2,
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Case b)) > b3 For the following theorem, we do not need any assumption on the tail of
oW, In fact, we even do not need to assume that F is sub-exponential, the only required
assumption being that F'° is sub-exponential.

Theorem 10 Assume a > b)) > b2 and P(6® > z) ~ dPF(z) where d? > 0, and the
integrated tail distribution F° is subexponential. Then, as T — oo,

@
d JF (@), (51)

a —

Proof We already established the right lower bound in (49). Thus, it is enough to derive an

upper bound which is asymptotically equivalent to the lower one.

(2) ()

For this, we use the notation from the beginning of §6.1. Since 0;” and 7, are indepen-
dent and F* is long-tailed, as x — oo,
> 2 * 2 -=S
/ PP > tydt ~ / P(o? > t)dt ~ dDTF(z). (52)
x x

Put S® = SUpP;,> 57(12) and S = SUp,, > S,. Since T,L-(Q) > aﬁ)l, W® = 5® < §as. Since
b > p2), S < 0o as. So, we have

P(S? >z) = P(S? >8> 1)
ZP D> g6, > x4 nc) + o(F(x)) (53)

IN

where (53) follows from Corollary 5 which implies that

{S>uz}= U{E_n > x4+ nE}UBw where P(B,) = o(F’(z)).

Set ¢ =a — b and ¢ =bM) — b2, For all € € (0,¢), R > 0, and n, define the event:
Dner = {SZ@) <R—ilc—e),S;<R—i(@—¢), i=1,2,....n—1;
S — Sy <R—j(E—oe), j:1,2,...}.

By the SLLN, for any € > 0, there exists R > 0 such that, for any n =1,2,..., P(D,. r) >
1 —e. jFrom (53), we have

P(s? > ) < ZP D> 2,60 >z + 1) +o(F*(x))

< ZP nsR 5 >ZE+7’L~)+ZP n€R7S()>$)+O(FS( ))

n

= 21 + Yo + o(F*(x)). (54)

Also,

¥1 < (1401 ZPf > atnd) = (1+ (1) L
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On the intersection of the events D, . p and {57(3) <z —2R+ (n—1)(c —¢)}, we have
57(12) <z — R. In addition, Si(z) <Rfori=1,...,n—1and, for all j > 1,
S =52 182 5P < 8py;— S+ SP <R—j@—¢)+a—R< .

Thus, on this intersection, 57(73) < g for all m if x > R. Therefore

P(Dpep,S® >2) = PDpep, S >2,6@ >0 2R+ (n—1)(c—¢))

< P(EW >z —2R+(n—1)(c—¢)).
Hence,
Ty < Y PEP>a-2R+(n—1)(c—¢))
d? _ a® _,
= (1 1 F —2R)=(1 1 F
(1 +0(1)-2F'( — 2R) = (1 + o(1)) = F"(a),
as © — 00, because of (52). Since € > 0 is arbitrary, the result follows. O

Case b)) = b(®.  We assume v? = Var(c(?) to be finite for i = 1,2 and we use the notation

Theorem 11 Assume a > b)) = b3 = b and P(c) > z) ~ dYF(z) as z — oo with
dV +d@ > 0, where both F and F* are sub-exponential. Then, as x — oo,

oo _/ x 2 _, s
PW® > ) — 240 /0 F(z+y(a—b)® (Wg)dymd_bF (2) + o(F’ (x)), (55)

where ® is the tail of the standard normal distribution. In particular, if either
(i) d? >0 or

(ii) d® =0, dY >0 and
lim inf F°(z?)/F°(z) > 0, (56)
then one can replace the equality in (55) by an equivalence and delete the term o(F' (z)) in
this equation.

Remark 7 Under condition (56), the integral in the RHS of (55) is of order O(F ( ) =
@(Fs(:v)) Condition (56) is satisfied if the tazl F(z ) is “extremely heavy”, e.g. F'(x) ~
(logz)~%, K > 0. However, if limsup, . F"(22)/F (z) = 0 ( the latter holds for Pareto,
log- nm"mal and Weibull distributions), then the integral is of order o(F"(z)).

Proof We use again (48) and (49), and we are left with the problem of finding the asymptotics
for
PW® >z A= 3" PW® >z, 4D)) + o(F*())
n>Ny

(1)

for an appropriate event A

o
—n—+1

satisfying the assumptions of Theorem 8. Let Sy, ,, = > i (b—

). Due to the LLN, maxj<m<p Smn/n — 0 in probability as n — oco. Therefore, there
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exists a non-increasing sequence 777(3) — 0 such that P(maxi<m<p Sman/n > 77,(11)) < 77,(11) for
all n. Take

K = {,max Smn/n <aYOYWE_ 40P | <wtnla—b+n)} = KEY KLY,
Easy calculations based on the fact that W(l) o) n+Smn—(m+1)a show that on the event
AS?,: = K,(LI% ﬂ{a(,lr)L >z +n(a b+77n )} one has W(73+m >0, forallm=1,2,...,n. Using
the fact that 7(2) 12> 0(1) one gets immediately that on this event, WEB = 0. Therefore, on
this event, 7'( ) = ](i_)l forall j =-—n+1,...,0 and

w® = W(Z) = max SJ =V,.

0<j<n
JFrom the Central Limit Theorem for the reflected random walk,
Vi
vy/n

weakly, where 1 has the following tail distribution:

=
oo

Py >z) = 20(x) = exp{—y?/2}dy.

Take any ¢ > 0. If N, <n < cx?, then

P wvm) = P ) = e ()

as ¢ — oo. For any A > 0, choose ¢ << 1 such that @(7) < A. Then

cx2

ZP(WSQ)>x,An{;) < ZPV > )P ()>x+n( —b+nWV))
Nz

If n > ca?, then

P <v‘\/;ﬁ > v\‘%) = (1 +0(1))2® <an> ,

p (‘;ﬁ > y> — (1+0(1))28(y)

as r — 00, since

uniformly in y on a compact set.
Therefore

> PW® > Al)

n= cxz

1

—
—
~

= S PO s et a(a— bt ) PECD)PW, > 2 KL)

)

S
8

cx?
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= (14 0(1))dV if(g: +n(a—b+mn,)) <P (UV% > U\%) — 0(1)>

cxr?

= 2(1+o0(1))dW if(:ﬁ +n(a —b))® <v\%

= 24V / b F(z +yla—1)® <vf/g) dy + o(F°(z))

22

) +o(F*(z))

cx?

41

a—2>b

O(F’ ().

= 2d(1)/OOF:1:+ya—b ®<$>dy+0FSx - A
; (z +y(a—1b)) o (F(z))
Letting A to 0, we get the result. O

Case bV < p(?),

Theorem 12 Assume bV < b2, Then

PW® >z) = C%Fs(a;) + ai(;)@)s <xbg)__b(bl()l)> +o(F’(x)). (57)
In particular, if either
(i) d? >0 or
(ii) d® =0, dV) >0 and B B
lim inf F°(2x)/F°(z) > 0, (58)

then one can replace in (57) the equality by an equivalence and delete the term o(F' (z)) in
the RHS.

Proof Take the notation from the beginning of §6 1 and from the proof of Theorem 11. Recall
that we consider the case b = b. Put n, = y and, for a fixed e € (0,1), ng1 = nz(1—¢),
ng2 = ng(l+e).

Recall that, from (48) and (49), we have to find the asymptotics for

b— b(l

Ng,1 Ng,2—1
Z P(W, >ac An1 Z + Z Z x) + Po(x) + P3(x).
n>Ny n=Ny n=ng 1+l n=ng3

For N <n < ny 1, put Knlx = {W(z) + 0(2) 1 < z}. Then, for 77,(11) =np, > —(a—0),
on the event ASL = n z ﬂ{a >x+n(a—b+ nn)}
w® =0 and WP <V,
(1)

since 7; > 0, Therefore,

Ng,1 Nz, 1

Pi(z) < Z P(o> @ s >r+nla—b+n,),Vy,>x) = Z P(o> W >z +n(a—b+n,))P(V, > x)
n=N, n=Ng
(14 o(1))d™

< SRV, > ) (@) = o7 (@)



since Vi, /n — (b—bM)~! as n — oo and

Va Vo1 m

1 Ng,1 Mx,l

Do = 2 —1—e<1 as.
T Ng1 &

as r — 00.
Consider Py(z). For any sequence 1, — 0 and for z sufficiently large,

Ngo—1
’ (1) frtnez(a=b)
Py(z) < E P(o (_T)L>x+n(a—b+77 ) = (1+o(1))d/ F(z)dx
a—b _

n=ng1+1 x+ng,1(a—b)

(1+ o(l))d(l) Ng o — Ny 1—s 2dMe g
: —F =(1 1 F

AP PP ) = (14 o(1) 2 ' (e).

since F'(z) is non-increasing.
Finally, consider P3(z). We will show that, for the appropriate sequences {K,%} and

{n1
d a—bM  ela—b)
Ps(x) ~ p— bF (l‘ (b 3 + Y . (59)
Obviously,
Py(x) < Y Pol) >z +nla—b+qM)),
nan,2

where the RHS of the latter inequality is asymptotically equivalent to the RHS of (59). Now
we establish the lower bound.
;From (10), (42), (44) and (45),

2 1 1 1 1 2
W = 2w ol <ol > 2 e 5w ol of?

q
ax, (50 ot ) el o)
—Nn>q>~
m= —+1

—  max SJ(-I) — W(lyz — 0(()1) — 082).

\Y
QA
’

3
S|
+
=
IS
»

Due to the SLLN, as n — oo,

157(1121 e = a, < max S(l) + W(l) + a(() ) + 082)) =r,— 0, and
n

q

1
- E (1) (02) | = ;
- _gg;;o < o’ + 5, ) =u, —b as.

m=—n+1

Choose a sequence 6, | 0, nd,, — oo such that, for all n,

P (un > b= 0n,rn < 0n, S, < n (0 — a+5n)> >1-94,

n

and denote the latter event by K| 7(“)3 (it does not depend on a( )) On this event,

2 > oW n(a—b+26,) — max(0,6") + n(® —a+4,))

min(o) = n(a — b+ 26,),n(b— b - 35,)).

W

v

v
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(1+e)z
b—b(1) ?

Since n > we get

e(b—bM)

n(b—bW) = 3ns, >z +
+e

n—3nd, >

for all sufficiently large xz. Put 7]7(11) = 20,. Then, on the event

AL = {0 > a4 n(a— b4+ KL,
we get Wé2) > z, and (59) follows.
Letting € to 0 completes the proof. O

6.2 Multiserver Queues

The aim of this section is to derive upper and lower bounds and sharp asymptotics for the
tail of the stationary maximal dater of multiserver queues. However, we do not obtain here
asymptotics for the tail distribution of the stationary waiting time. It is known (see, e.g., [21]
and [17]) that these asymptotics may, in general, differ significantly.

Since (AA) does not hold, we cannot use the approach of §4. We show how the ideas of
§5.2 can be used to derive upper and lower bounds which are specific to this queue.

Recall that we can consider a D/GI/m/oo queue with constant inter-arrival times a. Let
Eo=bandp= % € (0,1). Assume further that P(o; > z) = F(x), where both distributions
F and F* are sub-exponential.

Theorem 13 Under the foregoing assumptions, when x tends to oo,

P(Z>z) = (140(1)) (iFs(a:) + (mal_ ;- i>+F (b—(:f—m)) . (60)

Note that the second term in the RHS of equation (60) disappears when b < (m — 1)a.
The proof consists of three steps:

e first, we get a lower bound by using the SLLN;
e then we get an upper bound by using results from Section 4.3.1;

e finally, Theorem 7 gives us the tool to derive the exact asymptotics.

Lower Bound Clearly,

P(Z>z)>(1+0(1)P ([j {o_n >z + na}) ~ ZP(O'_n >z +na) ~ 1Fs(gz:)
n=0 n

a
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Upper Bound Take a sufficiently large L and consider the L-upper-bound D/GI/1/00
queue with inter-arrival times La and service times {5, } with mean b = Es;. Since

max 0; <51 < E o,
1<i<L

we get P(5] > 2) ~ LP(0y > x) = LF(z) as © — oo. Note that, for the multi-server queue,
~v(0) = b/m. Therefore, we get a natural analogue of Theorem 5:
P(R > z) 1

P(Z —s
lim sup M < lim lim sup —; = F(x). (61)
z—oo  F(x) L—oo  z—oo F () a—>b/m

Thus, we are in a position to make use of Theorem 7. The rest of the proof is quite technical
and in the same spirit as that of Theorem 9. Because of that, it is omitted.

7 Appendix

7.1 Proof of (24)
Put b = min(b("), b(2)). ;From Corollary 5, we know that, for r = 1,2,
{R") >z} c | (Aﬁ,iz) UB“”) :
my>1
where ‘ ' ' ‘
Al = () > 2 4 m, (00 —a)} and  P(BU)) = o(F*(2)).
Therefore,
P(R > 2, R%) > z) < Z Z PV, > 2+ mi (b — a), Y, > & 4+ my (b — a))

s Lmg
mi1=1mo=1

-l-o(fs(x))
< 3 P >+ mi™ - )P > o+ ma(b®) — a))
m17ém2
+ZP min(YV", Y)Y > z + m(b — a)) + o(F’(x))
< ZP >x+m1(b(“ —a) ZP Y(2)>a:+m2(b(z2)—a))
+ Z (z +mb)) + o(F(z))
= 9((Fs(w)) ) + o(F*()) = o(F’(x)). (62)

7.2 Relaxing the Independence Assumptions

The aim of this section is to give conditions under which Assumption (H) of §4.1 is satisfied,
although the r.v.’s RU) are not independent.
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We assume that there exists a random variable v taking values in an arbitrary measurable
space (Y, By) and such that

e Given v, the random variables Yl(j ), 7 =1,...,r are conditionally independent;
e Forany j=1,...,r, '
P > x| v) ~ d9F(x) (63)

P,-a.s., where dl(,j )is a non-negative random variable with a finite mean d).

Then 0
~ . P(YV
d(yj)Esup ( 17>x’V) (64)
is an a.s. finite random variable, too.
Assume in addition that, for any 1 < j; < js <,
j2 ’
E H dY) < 0. (65)

J=j1
Lemma 8 Under the foregoing assumptions, for any 1 < j1 < jo <,
z WOFE
Y >x~P maXY P(Y, ~ dVF(x). 66
jzjzl (| max. sz:l > ) ]Zjl (z) (66)
Proof W.l.o.g., we prove the result for j; = 1, jo = r. Note that

PO Y(J >z | v) Zd(]) P(max; Y( 2
F() F(z)

>z | v)

P,-a.s. and, for all z,

vy ) ry() r N
OSP(maXJX:1 >ac]y)SP(ZlYi >x]V)SHJ(j)_ 4 F (z)
F(x) F(x) )

where the latter supremum is finite. Then the Dominated Convergence Theorem implies that
Ty (5 v/ (F)
F(x) F(x) r r

P(max; Yl(j) >x) 0
F(x)
Consider the following example, which covers the generalized Jackson network case. As-
sume that there are given

and

e Some random vector v = (1/(1) . (T)) with non-negative integer-valued components,
such that Eexp(cv/)) < oo for some ¢ > 0 and for all j = 1,...,7;

e r sequences {07(3 )} of i.i.d. sub-exponential random variables that are mutually inde-

pendent and independent of v, and such that P(a%j ) > z) ~ 10 F(x). We do not make
the assumption that the r.v.’s v, ..., (") are independent.
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Put Yl(j ) = ZVU) o). The above conditions imply that

i=1"1

Eexp(; Zy(j)) < Eexp(cmjaxz/(j)) < ZEexp(cy(j)) < o0
; -

and that for all j =1,...,7r,

Due to sub-exponentiality, for j =1,... 7,
PV > 2| v) ~ v F ().
It is known (see, e.g. [14], p.41) that, for any € > 0, one can choose K7) = KU)(¢) such that
P >u|v) <KD (1+e)" Py > a).

The RHS of the latter inequality is not bigger than K@) (1 + e)”mf(x).
Take & > 0 such that log(1 +¢) < ¢. Then the conditions of Lemma 8 are satisfied with
49 = D) 40) = (DEVD), and dY) = KDul) (1 + )",

7.3 Deterministic Interarrival Times

We extend to the monotone separable framework the approach used in [4] for single server
queues to show that there may be no loss of generality in assuming that a network has deter-
ministic inter-arrival times when one wants to evaluate the tail asymptotics of its stationary
maximal dater.

The framework is that of Section 2. Fix {(,}, {fi} and consider a family of networks with
different ‘input sequences’ {7} such that Er; > v(0). W.lLo.g. assume Ty = 0.

In particular, a network with constant inter-arrival times (say a) belongs to this family.
(a)

For such a network, we use the notation Z(® and Z[ 0]

For any {7,,} and for any a < Ery, set

n>0

~1
v({r},a) = it;};(nfi +T_,) =sup ( Z (a— Tz)> .

=N

Theorem 14 Assume that there exist a continuous and strictly positive function h : (7(0),00) —
(0,00) and a subexponential distribution G such that, for any a > ~(0),

P(Z > z) ~ h(a)G(z) as z— oc. (67)

Then, for any network with random inter-arrival times {7,}, such that ETy = a > ~(0), the
following is valid: if {m,} and {(,} are independent and if, for any a < a,

P(({mn},a) > z) = o(G(z)) as x— oo, (68)
then B
P(Z > z) ~ h(a)G(z) as z — oc. (69)
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Remark 8 In particular, condition (68) is satisfied if the 7, ’s are i.i.d. Indeed, then ({7, },a)
has either a bounded (if P(a > 11) = 0) or exponential tail, which is lighter than any long
tail.

Proof Take any ¢ € (0,a — (0)). Due to the monotonicity,
Z_no < Z[((_I;EO)] + max Z (a—e—1;)

Therefore,
Z<Z29 +p({mba-e) =27 9

where Z(@=¢) and 1 are independent. Therefore,
P(Z>2z) <P(Z%9 44 >z)~P(Z9 > 1)~ hia—e)G(x).

Thus,
PZ
lim sup g < h(a—¢)
for any € € (0,a — v(0)). Letting £ go to 0, we get the upper bound h(a).
For the lower bound, we use the monotonicity, the SLLN for the 7’s, the LT and the
independence assumptions. For any € > 0, one can choose a sufficiently large C' = C(¢) such
that

P(T_,>-n(la+e)—C VYn>0)>1-—c.
Denote the latter event by D.. Then
P(Z>xz)>P(Z>xD.)>P(Z) —C >z D,)
> P29 —C>a2)(1—¢) ~hla+e)(1 —e)G(z+ C) ~ hla+¢e)(1 —e)G(x).

Thus, for any ¢ € (0,1),

PZ
lim inf 2225 S pate)1— o).
Letting € go to 0, we get the lower bound with coincides with the upper one. a
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