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TWO-NODE FLUID NETWORK WITH A HEAVY-TAILED
RANDOM INPUT: THE STRONG STABILITY CASE

By SERGEY FOSS AnND MASAKIYO MIYAZAWA

Abstract

‘We consider a two-node fluid network with batch arrivals of random size having a heavy-
tailed distribution. We are interested in the tail asymptotics for the stationary distribution
of a two-dimensional workload process. Tail asymptotics have been well studied for two-
dimensional reflecting processes where jumps have either a bounded or an unbounded
light-tailed distribution. However, the presence of heavy tails totally changes these
asymptotics. Here we focus on the case of strong stability where both nodes release fluid
at sufficiently high speeds to minimise their mutual influence. We show that, as in the
one-dimensional case, big jumps provide the main cause for workloads to become large,
but now they can have multidimensional features. We first find the weak tail asymptotics
of an arbitrary directional marginal of the stationary distribution at Poisson arrival epochs.
In this analysis, decomposition formulae for the stationary distribution play a key role.
Then we employ sample-path arguments to find the exact tail asymptotics of a directional
marginal at renewal arrival epochs assuming one-dimensional batch arrivals.

Keywords:Fluid network; Poisson and renewal arrivals; heavy-tailed distribution of batch
size; workload process; stability; strong stability

2010 Mathematics Subject Classification: Primary 60K25; 90B15
Secondary 60E15; 60G17

1. Introduction

Problems concerning tail asymptotics have been studied in queueing networks and related
reflecting processes for many years; new developments continue to arise. A key feature of this
is an influence of the multiple boundary faces in a multidimensional state space. This requires
analysis that differs from the traditional. Recent studies of these multidimensional processes
have been done mainly in the light-tail regime where no heavy tails arise (see, e.g. [4, 9] and
the references therein). Heavy-tail asymptotics have mostly been studied for processes with
single boundary faces or for certain monotone characteristics.

It is natural to ask how the presence of heavy tails changes the tail asymptotics in multi-
dimensional reflecting processes in more complex queueing networks. The aim of this paper is
to address this problem for the stationary distribution of a continuous-time reflecting process
in the two-dimensional nonnegative quadrant. For this, we consider a two-node fluid network
with a compound input with either Poisson or renewal arrivals; this is a simple model that
nevertheless retains the feature of being a multidimensional reflecting process. It can be viewed
as a continuous-time approximation of a generalised Jackson network in which there can be
simultaneous arrivals of large batches of customers.

We analyse the tail asymptotics for this fluid network as follows. First we assume the input
to be Poisson, and derive two new decomposition formulae for a one-dimensional marginal
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of the stationary distribution of the workload in an arbitrary direction. These are used to
derive stochastic lower and upper bounds for the marginals (Lemmas 4.3 and 4.4). From
these bounds, we find the weak tail asymptotics for the stationary marginal distribution in an
arbitrary direction, assuming subexponentiality of the batch size distributions (Theorem 2.1).
Next we take the sample-path approach to obtain the exact tail asymptotics of the marginal
stationary distribution in an arbitrary direction, assuming that the arrival batch sizes are one
dimensional and have subexponential distributions, where arrival instants constitute a renewal
process (Theorem 2.2). To do so requires new derivations for the corresponding fluid model as
in Appendix C.

Our results relate to the tail asymptotics in both generalised Jackson networks and more
general classes of max-plus systems, with heavy-tailed distributions of service times and
Markovian routeing; these have been studied in [1] (see also [2, 10]). In these papers, the
exact tail asymptotics were found only for the ‘maximal dater’ (time needed to empty the
system in the steady state after stopping the input process). In tandem queues, the maximal
dater coincides with the stationary sojourn time of a ‘typical’ customer. But the two notions
differ when the routing includes feedback.

There is an extensive literature on feedforward networks with heavy-tailed distributions that
include fluid queues with jump inputs, Lévy-driven queues, parallel queues, coupled queues,
etc. (see, e.g. [11, 13] and the references therein). Here we consider stochastic fluid networks
with feedback loops, for which in general the techniques developed in those papers cannot
be applied. We do not restrict our analysis to the case of regularly varying distributions but
consider a more general subexponential class. We hope this paper may stimulate further studies
of networks with heavy-tailed inputs.

The paper is organised as follows. In Section 2 we introduce a fluid network with
random jumps and present our main results and assumptions, including stability conditions.
In subsequent sections we assume that a strong stability condition holds. For a model with
Poisson arrivals, decomposition formulae are obtained in Sections 3 and 4. These results
yield stochastic bounds and weak tail asymptotics for the marginal stationary distribution in
an arbitrary direction in Section 4. In Section 5 we present sample-path analyses, establishing
exact tail asymptotics in the case of one-dimensional jumps. We list some open problems in
Section 6. In the appendices we provide auxiliary material that includes two short proofs and
an analysis of a corresponding fluid model, and we recall basic definitions and properties of
subexponential distributions.

Our results can be generalised to any dimension. The sample-path approach does not require
any significant change. For the analytic approach, we need decomposition formulae which may
require further restrictions on the model parameters.

2. Fluid network with compound input

Consider a two-node fluid network where nodes i = 1, 2 receive an input process A(:) =
(A1(), Az(+)), which is a compound process generated by the point process {N(-)} and
independent, identically distributed (i.i.d.) jumps {(J1,, J2n): n = ..., —1,0, 1,2, ...}, where,
for convenience, the sequence {(J1,, J2,)} is assumed to be doubly infinite. Define the
components of A by

N(0,7]
A0, 1= Y Jip,  1>0,i=1,2

n=1
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Throughout the paper, all vectors are considered as column vectors, but we omit the transpose
sign for simplicity. In this section we assume only that the point processes N, (-) := {N(s, s +
t]: t > 0} converge weakly as s | —oo to a stationary point process {N*(-)} on (0, co) with
finite intensity A := E[N*(0, 1]]. In subsequent sections we require { N ()} to be either a Poisson
process (for the analytic approach) or a renewal process (for the sample-path approach). In
what follows, J := (J1, J2) denotes a random vector having the same distribution as (J1,,, J2,).
Denote the joint distribution of (Ji, J2) by F, with marginals F;, and set m; = E[J;] and
o; = im; fori =1, 2.

Both nodes have infinite capacity buffers and release fluid at respective rates w;, i = 1, 2.
Fori, j = 1,2 with i # j, a proportion p;; of the outflow from node i goes to node j, while
the remaining proportion 1 — p;; leaves the system. Assume that

0 < p2pa <1, 0 < p12+ p21; (2.1)

this excludes trivial boundary cases (including parallel queues, when p12 = p21 = 0), and,
without loss of generality, we may put p;; = 0.

Remark 2.1. We could assume that, in addition to the jump input, both nodes have continuous
fluid inputs at rates 81 and B,, respectively, say, so that A is now defined for r > 0 by

N(0,¢]

A0, 1] =Bit + Y Jin.
n=1

Given stability, such a model is reduced to the original model by using smaller release rates,
namely, replacing p;, i = 1,2, by w;[1 — (8; + B3—ip3—i,i)/(1 — p12p21)]. This is readily
checked via (2.2) and (2.3) below where the buffer content processes are defined. Accordingly,
in this paper we assume that 81 = f, = 0.

Introduce next a buffer content process Z(t) := (Z1(t), Z2(t)), defined as a nonnegative
solution to the equations

Z1(t) = Z1(0) + A1(0, t] + pa1(uat — Y2(8)) — it + Y (1), (2.2)
Zy(t) = Z2(0) + A2(0, t] + pra(uit — Y1(1)) — pat + Y2(2), (2.3)

for + > 0, where Y;(¢) is the minimal nondecreasing process ensuring that Z;(¢) remains
nonnegative. As usual, we assume that sample paths are right continuous and have left-hand
limits. Recalling A(-) and setting . = (i1, (2), let

M1 — u2p21 1 —p21
X)) =AQ,1]— t=A0,t]—Rput, R = .
©) =401 (Mz - M1p12> ©.0-Rnp (—Plz 1 )

Then (2.2) and (2.3) may be rewritten as
Z(t)=ZO)+X@®)+RY(1), t>0, (2.4)

where Y (t) = (Y1(¢), Y2(t)). This is the standard definition of a reflecting process (in the
nonnegative quadrant Ri) for a given process X (¢), where Y (¢) is a regulator such that Y; (¢)
increases only when Z;(¢) = 0. Here R is a reflection matrix (see, e.g. [12, Section 3.5]). The
conditions at (2.1) ensure that the inverse R~! exists and is nonnegative. This guarantees the
existence of the process {Z(¢): t > 0}. We refer to this process as a two-dimensional fluid
network with compound inputs.
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Recall that o; = E[A;(0, 1]], so R~ '« is the total inflow rate vector. Hence, the fluid
network is stable if and only if
R 'a < o, (2.5)

where the inequality is strict in both coordinates (a formal proof for this stability condition
is given in [8]). Write § = R u, where § = (81, 82), so that E[X ()] = « — §; writing
A; =38; —a;, E[X;(1)] = —A,, and the stability condition (2.5) is equivalent to both

A1+ Azpr1 >0 and Aiprp+ Az > 0. (2.6)
Under this condition, there are in fact two different stability scenarios, namely,

min{A1, Ay} > 0, (2.7)
min{Aj, Az} < 0; (2.8)

we refer to these as conditions of strong stability and weak stability, respectively.

Under condition (2.6), which we assume to hold throughout the paper, there exists a unique
stationary distribution for Z(¢), & say; we let Z := (Z1, Z,) denote a random vector subject
to 7. We are interested in the tail behaviour of P{c{Z| + ¢2Z> > x} as x — oo for a given
directional vector ¢ = (c1, c3) > 0 satisfying ¢y + ¢ > 0. In this paper we study this
asymptotic behaviour mostly under the strong stability condition; the other case is to be studied
in a companion paper [6]. Under the strong stability condition (2.7), both nodes are sufficiently
fast to process fluids given the input is always maximal, and the following result holds.

Lemma 2.1. (i) Sample-path majorant. On any elementary event, consider an auxiliary model
of two parallel queues, one at each of the two nodes i = 1,2, and at each of which there is a

continuous input of rate ju3—; p3—i ;, release rate w;, and jump input process A;. Let Z (t) be
the content of node i at time t (i.e. queueing process i). IfZ (0) > Z;(0) then Z t) = Zi@t)
forallt > 0.

(ii) Stable pajorant. Assume that the input is a renewal process and (2.7) holds. Then the
processes Z;(t) admit a unique stationary version, and, under the natural coupling of the input
processes, Z; > Z; almost surely (a.s.).

Proof. Between any two jumps, tlle trajectories of Z;(¢) and Z (t) are Lipschitz, and at any
regular point ¢ Wiﬂl Zi(t) > 0and Z;(t) > 0, the derivative of Z; is smaller than that of Z;.
So the inequality Z;(t) > Z;(t) is preserved between any two jumps. Since the jumps are
synchronous and the jump sizes are equal, an induction argument completes the proof of (i).
Then statement (ii) is straightforward.

Thus, we have natural upper bounds under (2.7). Similarly, easy lower bounds can be
obtained by cancelling internal flow transfers. However, they hold only for the marginal
stationary distributions in the coordinate directions. Even in these cases, it is unclear how
they (and, in particular, the lower bounds) can be improved. We will answer these questions
assuming that one of the following extra conditions holds.

(A1) {N(-)}is a Poisson process at rate A.

(A2) The point process { N ()} is arenewal process with i.i.d. interarrival times having a general
distribution with finite mean a := 1/, and the batch sizes are one dimensional:

F(x,y) = p1F1(x) + p2 Fa(y), x,y>0.
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Recall that jumps {J,} are assumed to be i.i.d., so (A1) means that {A(-)} is a compound
Poisson process. We need more notation. For each nonzero vector ¢ = (cy, ¢2) > 0, define the
distribution F, by

Fe(x) =PleiJi + 202 < x}, x>0,

and its integrated distribution F/ by

1 o
Fcl(x) =1- m—/ P{c1J1 4+ c2J2 > y}dy, x>0,
Cc Jx

where m, = cym| + com>. Here ¢ can be normalized as c; 4+ ¢ = 1, but we do not require
it because it does not affect any computation. Distribution functions F and G are weakly tail
equivalent if, for F (x) = 1 — F(x) andG (x) = 1 — G(x),
F F
0 < timinf = < lim sup =% < 0
x—=>00 G (x) x—oo G (x)

denote this F (x) =< G (x). Write F (x) ~ G (x) and say that F and G are tail equivalent (or
have the same tail asymptotics) if

F (x)
im — =
x—>00 (7 ()C)

‘We can now formulate our main results.

1. (2.9)

Theorem 2.1. Assume that (Al ) and the strong stability condition (2.7) hold. Foreachi =1, 2,
if Fl.’ is subexponential then

P{Z; > x} < F!(x). (2.10)
For afixedc > 0, if F I F2' , and FCI are subexponential, then
P{c1Z) + ¢2Z5 > x} < FL(x). (2.11)

Remark 2.2. In the particular case that F’ ]1 and FZI have regularly varying tails (see Appendix D
for a definition), F, ,_,I also has a regularly varying tail for any ¢ > 0. However, subexponentiality
of F 1’ and FZI does not imply that of F/ in general; furthermore, there are examples where F/
is subexponential for some but not all ¢ > 0.

Theorem 2.2. Assume that (A2) and the strong stability condition (2.7) hold. Foreachi =1, 2,
if Fl-I is subexponential then

o —
P{Z; > x} ~ —lFiI(x) as x — oQ.
Ai + A3_ip3—ii
For fixed ¢ > 0, if both Fll and FZI are subexponential and F1(x/c1) < Fy(x/cy), then

Plc1Zy + 225 > x) o F’(x)+ * F’(x) 2.12)

141 242 ~ — S UErEe—— — ) .
Ar+ Agpar e A+ Apn *\a

Remark 2.3. Asymptotics (2.12) also hold in the two particular cases that (a) both distributions

F/ have regularly varying tails, and (b) one of the tails Fl.l is negligible with respect to the other.

If (a) or (b) holds, we do not need to assume the weak tail-equivalence condition preceding

(2.9).

We prove Theorem 2.1 using decomposition formulae obtained in Section 3, and Theorem 2.2
is proved in Section 5. In Section 4 we derive general bounds for the tail probabilities under
assumption (A1) without assuming subexponentiality.
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3. Decomposition formula under (A1)

In this section we assume that (A1) holds, and derive decomposition formulae for the
stationary distribution in terms of moment generating functions. We first derive the stationary
balance equation under the stability condition (2.6).

Let C'(R?) be the set of all functions from R? to R having continuous first-order partial
derivatives. Write f/(x1,x2) = 9f(x1,x2)/dx; for short. It follows from (2.4) that, for
f € CL(R?), the increment f(Z(1)) — f(Z(0)) can be expressed in terms of integrals on
[0, 1] with respect to d¢, A(dt), and dY;(¢) (formally by It&’s integral formula). Then, taking
expectations with respect to Z(0) subject to the stationary distribution & and recalling the
stationary version Z := (Zy, Z»),

2
Z(—fSiE[ﬂ(Z)]) +AE[f(Z+ T) — f(2)]
i=1
+ Ei[£10, Z2) — p12 50, Z2)1 + Eol—p21 f{(Z1,0) + f3(Z1, 0)]
=0, (3.1)

provided that all expectations are finite, where the jump size vector J is independent of
everything else. Here [E; denotes the expectation with respect to the Palm measure for {Y;(¢)},
that is, for any bounded measurable function g on R,

1
Eilg(Z3-i)] = Ex [/0 8(Z3-i(u)) Yi(du)], i=12,

where E, denotes the expectation subject to Z(0) having the stationary distribution . These
expectations uniquely determine finite measures v; on (R4, B(R4)), where B(R+.) is the Borel
o-field on R . They are called boundary measures. Let V; denote a random variable with the
probability distribution 7% := v3_; /v3_; (Ry).

The stationary equation (3.1) uniquely determines the stationary distribution s if it holds
for a sufficiently large class of functions f. For this, we may choose a class of exponential
functions f(x) = e®*) on R%r for each 0@ := (01, 6>) < 0, where (a, b) denotes the inner
product of vectors a, b € R2. Let§ = (81, 62), and let

e =E[e®?), 36 =B, i=1,2,
F@) =E[e®], k@) = (5,0) —A(F@®) — 1).

Here —« (0) is the Lévy component of X (¢). Then (3.1) is expressible as

k(@)p@) = (01 — p1262)@1(62) + (62 — p2101)92(61), (3.2)

as long as ¢(0), F (0), and ¢; (6;) are finite. Clearly, (3.2) is always valid for § < 0. This kind
of equation can sometimes be solved explicitly by Wiener—Hopf factorization in the case of
independent input streams (see, e.g. [3]).

For computational convenience, we first find v; ({0}) and v; (R ). Clearly, v; ({0}) = ¢; (—o0)
and v; (R4) = ¢; (0). Denote the respective traffic intensities at nodes 1 and 2 by

o1 +a2p2 o +opi2

ol=—-"", = —
ni(1 = p12pa1) u2(1 — p12p21)
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Lemma 3.1. Under the stability condition (2.6), fori = 1,2,
Ai + As_ipa—iyi

@i (—00) = p;im(0), %i(0) = 7 = wi(l — pi). (3.3)
— P12p21
In particular, t(0) = P{Z = 0} < min{l — p{, 1 — p2}, and, fori = 1,2,
8 .
P{Vi>x}= — 3 P(z;>x, Zs; =0}, x=>0.
u3—i(1 = p3—i)

We defer proof of this lemma to Appendix A. From the equations in (3.3), it is easy to
see that (¢1(0), 2(0)) = pn — R 'a > 0. Also, the second equality for ¢; (0) yields another
representation for A;, namely,

A= pu1(1 — p1) — pap21(l — p2), Ar = uo(l — p2) — 1 pr2(1 — p1).

For each nonzero ¢ > 0, we now consider the distribution of ¢1Z| + ¢2Z>, whose moment
generating function is ¢(sc). It is generally hard to find this distribution, so we aim to find
its tail asymptotics, namely, the asymptotics of P{c1Z| + c2Z> > x} as x — oo. To this
end, we extract the moment generating function ¢(sc) from the stationary equation (3.2);
specifically, we express ¢(sc) as a linear combination of the moment generating functions of
certain measures, which may include the unknown boundary measures vy and v,. This may
be viewed as a distributional decomposition that is very useful in finding the asymptotics of
P{c1Z1 4+ ¢2Z> > x} when the jump size distributions are heavy tailed.

These arguments may look similar to those used in deriving the Pollaczek—Khinchine formula
from the stationary equation of the M/G/1 queue. However, there is a crucial difference arising
from the boundary of the state space when the reflecting process is two dimensional. This is
in marked contrast to the M/G/1 queue for which the boundary is a single point: this is what
facilitates the simple analysis there.

Set @ = sc in the stationary equation (3.2). Then

(181 + 282 — (c11 + Czaz)l’v\cl(s))fp(sc)
= (c1 — p12c2)@1(c28) + (c2 — parc)ea(c1s), (3.4)

where I?CI is the moment generating function of the distribution F/ defined in Section 2. To

single out ¢ (sc¢) in a tractable form, consider its coefficient in (3.4). For positive r < 1, let

- 1—r

SI () = — |
e ) 1 —rFl(s)

which is the moment generating function of the geometric sum with parameter r of i.i.d. random
variables having distribution F/. Let S denote a random variable that has the moment
generating function 3:01 ) (s).

From the strong stability assumption (2.7),

€201 + 282 — (cro1 + c202) = c1 A1 +c2A7 > 0,

and, therefore, 7, := (c1a1 + c202)/(c181 4 ¢282) < 1. Then, the results in Lemma 3.2 below
follow directly from (3.4) since
1 _ 261 + 282
1—re o Al + Ay

https://doi.org/10.1239/jap/1417528479 Published online by Cambridge University Press


https://doi.org/10.1239/jap/1417528479

256 S. FOSS AND M. MIYAZAWA

Lemma 3.2. For each nonzero vector ¢ > 0,

o(sc) = (c1 — prac2)gi(cas) + (2 — paic)¢a(crs) 5100 (),
YA I S VAY)

and, for B € B(Ry), P{c1Z1 4+ c2Z> € B} equals

i (1 = p)P{eaVa + 810 € BY + 1P ua(1 — p2)Pler Vi + 109 € B},

where V1 and V; are independent of S, (r”), and

1 _ €1 = pPnra ) _ € — p2ci

e AL+ Ay’ ¢ CiA + Ay

4. Stochastic bounds and weak tail equivalence

(3.5)

(3.6)

(3.7)

In this section we consider upper and lower bounds for P{c; Z| + ¢2Z3 > x} for ¢ > 0 with
¢ # 0, provided (A1) holds. For this, we use (3.6), but we must take care with the signs of the
coefficients ¢ — p12cz and ¢ — pajcy. If both signs are negative then ¢; (1 — p12p21) < 0 and
c2(1 — p12p21) < 0, which contradicts (2.1) and ¢ # 0. Hence, under (2.7), only the following

three cases are possible.

(CO) ¢1 — p1acy = 0and ¢y — pa1cy > 0 (in this case, we must have ¢ > 0).
(C1) ¢1 — p12c2 = 0and ¢z — pa1cy < 0.

(C2) c¢1 — pi2c2 < 0and c; — p2ic; > 0.

Since (C1) and (C2) are symmetrlc it is enough to consider only (C0) and (Cl)

Since n§ wr(l —p1) + nc /Lz(l — p2) = 1 from (3.6) with B = R and nc ) fori = 1,2

are positive for (C0), we obtain the following lower bound.

Lemma 4.1. When (CO) holds,

p{scl(rc) >x} <Pl{c1Z1+c2Zy > x} forallx > 0.

When (C1) holds, we can no longer use (3.6) to obtain a lower bound. Instead we use the

following representation (it is proved in Appendix B):

2(c15) n @1(c28)
8 81

p(sc) = gt (se) + — dp.

Here ¢t (0) = E[e®?) 1(z-0;] and dp = w121 — p1apa1)m(0)/816.

(4.1)

Lemma 4.2. For the case (Cl), let r, = (c1oy + c2a2)/c1(81 + 82p21); then O < r, < 1 and

dc(l) @/ + l(r)
p(se) = Tfm(czs)erc (9™ (sec) —do) [Sc " (s),

dh = 1(c1 — pr2c2) + 82(paict — ¢2) @ — _ S —c)

Therefore, for x > 0,
IE”{SCI(rc) >x} <P{c1Z1 + c2Zy > x}.
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Proof. Multiply (4.1) by (p21¢c1 — ¢2)82 and add to (3.5). This yields
[c1(81 + 82p21) — (c1a1 + 202) F ()1 (s¢)
= %[51(61 — p12c2) + 8a(parcr — e)1pi(c2s) + 8a(parer — e2) (@™ (se) — do)
and, hence, (4.2) because

c1(81 + 82p21) — (crap + c2a2) = c1 (A1 + Ay pa1) + az(cip2r — ¢2) > 0.

Since dc(l) > (0 and dc(z) > (, the right-hand side of (4.2) represents the convolution of two
distributions on [0, co0), and this leads to (4.3).

We continue to assume that (A1) holds, and consider the tail probability P{c{ Z| + c2Z> >
x} for directional vectors ¢ > 0. First we obtain results for ¢ = (1, 0) but under weaker
assumptions.

Lemma 4.3. Assume that (Al) holds, that the system is stable, and that A1 > 0. Then, for
x >0,

PisiV > x) < Pz, > x} < P{SIT > x), (4.4)

where ri = a1/81 and rj = a1/(81 + 82p21).

Proof. The upper bound follows directly from Lemma 2.1 because 4 1 is subject to the
stationary workload distribution of the M/G/1 queue (it can also be obtained analytically from
(3.5)). We obtained the lower bound earlier in Lemma 4.2.

Remark 4.1. Clearly, A} > 0 and s — p1p12 = 62 > 0 imply that
ol ,

— <rj=—-<

M1 pi(l — prapar)

o] (23]
rn=———<1.
M1 — M2P21

By arguments similar to those used in the proof of Lemma 2.1, P{Sll(pl) > x}with p1 = a1/11

also provides a lower bound, but the lower bound in (4.4) is tighter because p; < r{.
We next consider the case of nonzero ¢ > 0 for options (C0) and (C1).

Lemma 4.4. Assume that (Al) holds, let the strong stability condition (2.7) hold, and recall
the definition ofng') givenin (3.7). Let x > 0and ¢ > 0, ¢ # 0. For the case (CO),

P{SI0e) > x}) < Plc1Z) + c2Zp > x}
< 8inOPea 8L 4+ 810D > x} 4 8@ Pl S 4+ 810D > x). (4.5)
In the case (CI),
PS> x}) < Ple1Z) + 22y > 1} < 81nVP{eSI0P + 5109 5 k). (a6
In both (4.5) and (4.6) the random variables SII(”), 521 (rZ), and Scl(r‘) are mutually independent.
Remark 4.2. For the case (C0), ¢ > 0, so (4.5) does not contradict (4.4).
Proof of Lemma 4.4. Inthe case (C0), by Lemma 3.1, Lemma4.3, and its symmetric version,
93 (OPV; > x} < 85 P(Z > x} < 85P(S]" >x),  i=12

Hence, Lemma 3.2 yields the upper bound of (4.5), and its lower bound is obtained by
Lemma 4.1. In the case (C1), the upper bound of (4.6) is immediate from Lemma 3.2, while
we obtained the lower bound earlier in Lemma 4.2.
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4.1. Proof of Theorem 2.1
By property (P5) in Appendix D, as x — oo,

= 1 o=
LFlw, PS> xp~ 1 Fl).
—r I—r

IP’{SII(”) > x} ~

These relations with Lemma 4.3 yield (2.10).
Assume now that all three distributions F' 11 s FZI ,and F CI are subexponential. Then

P{CiSil(ri)>x}"’1ri }711<£>’ i=1,2, P{Scl(r”)>x}N

e —=g
F¢(x).
— T Ie

1—

Similar asymptotic equivalence relations hold on replacing r, by either r, or r/, where r] =
(cra1 + c2a2)/c2(82 + 81 p12). Clearly,

— 1 & ca [* cimy =, x
Fﬁ(x):—/ PleiJi +c2Jr > y}dy = — P{J1 > y}dy = Fi{=).
me Jx Me Jx/c me Cl

SO

- [1 4+ o(1)]mer fg(x) < [1+oM]A —re)mery

]P; Sl(rl)
ters > (1 —=rpeimy re(l —ry)cymy

P{S/0e) > x}

and, finally,
1(ry) I(re) il
P{c1 5, + S, >x} <[l+o()]KF_(x).

Here the constant K := (1 —re)mery/re(1 —rp)cymy + re/(1 — r¢) is positive and finite.
These observations and Lemma 4.4 imply (2.11).

5. Proof of Theorem 2.2

Throughout this section, assume that (A2) and the strong stability condition (2.7) hold.
Based on the fluid dynamics considered in Appendix C, we provide a lower bound for the tail
probabilities assuming only that the integrated tail distributions F’ 11 and FZI are long tailed (see
Appendix D for the definition). We derive the exact asymptotics in the case of subexponential
distributions.

5.1. Lower bounds
Assume that the system runs in the discrete-time stationary regime starting from time —oo,
and that (Z, Z,) is the workload vector observed at time O when the Oth batch arrives. In what

follows, LB(x) denotes a lower bound on the probability P{c1 Z1 + c2Z> > x}. Represent the
random variables (J1,, J2,,) as

(Jin> J2n) = Vu (015, 0) + (1 — v,)(0, 024),

where the random variables on the right-hand side are mutually independent, and also indepen-
dent for distinct n, P{v, = 1} = 1 — P{v, = 0} = p1, and the random variables {o;,} have
distribution F;. In other words, P{oi, € -} = P{Ji, € - | Jin > 0}, where P{J;,, > 0} = p;.
Then E[o;,] = m;/p; and the integrated distribution of ¢}, coincides with Fi’ .
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Lemma 5.1. Let the distributions FII and FZI be long tailed. Then, for c1, co = 0 with c1 +
cy) > 0,

o1 =1 X %2 FIfX
LB(x) = [1 Dl-———FF | — 1 D a2l G ) >
@) =1+ o )]Al PR 1(01) +[1+ o( )]Az—i-plel 2<62) (5.1)

where, by convention, x /0 = oo and 17,-] (00) = 0 (recall that «; = pim;/a fori = 1,2).
Remark 5.1. In particular, for ¢ = (1, 0),

ri (o7] ol al
— < < —.
L—ri (= pprpn)—ar  Ar+pandy A

Hence, lower bound (5.1) is tighter than that in (4.4).

Proof of Lemma 5.1. First, apply to our model the arguments from Lemma 2 of [5] (see also
Theorem 14 of [1]) to conclude that the lower bound asymptotics in our model are equivalent
to those in an auxiliary model with deterministic arrival times —na, n = 1, 2, .... Second, we
can use the strong law of large numbers for the i.i.d. jump sizes and Corollary C.1 to conclude
that, for any ¢ > 0 and x — o0,

LB(x) = [1 + 0(1)]p1P(U{al,_n > X L na(A) + pa g + a)})
c1

n>1

+1 +o(1)1sz(U{az,_n > 2 na(Ar+ prd, +s)}>. (52)
2

n>1

Apply property (P7) from Appendix D to each of the probabilities on the right-hand side of
(5.2). Then letting ¢ | 0 leads to (5.1).

5.2. Weak tail equivalence

It is known that, for a single-server queue with subexponential service time distributions, the
stationary workload is large due to a single large service time (see property (P7) in Appendix D).
For a single-server queue, there is no difference in having a single customer with service time
J and a batch of customers whose total service time is of size J. Then, from the upper bound
in Lemma 2.1 and lower bound (5.1) with ¢ = (1, 0), P{Z; > x} for stationary Z; is weakly
tail equivalent to F ll (x). A similar result holds for the linear sum c; Z| 4+ ¢» Z; if we assume
the tails F 1 (x) and F»(x) to be weakly equivalent. But here we can get more.

5.3. Exact asymptotics

We first consider the exact tail asymptotics for ¢ = (1, 0), applying the ‘squeeze principle’
(see Theorem 8 of [1]). Thus, we focus on the tail asymptotics for Z;. We do this in the
following two steps.

Step 1. Let the distribution F' 11 be subexponential. Consider the upper bound random variable
Z 1 introduced in Lemma 2.1 (it is a one-dimensional stationary workload random variable). It
is easy to see that the model does not change if we assume, analogously to the discussion before
that lemma, that there is no fluid input from node 2 and the release-cum-service rate for node 1 is
L1 = (1 — p21 2. Furthermore, we can rescale time by assuming a unit service rate and that the
interarrival times to node 1 are i.i.d. with mean by = a/ji1 p; (this comes from the geometric
argument). We can then speak about a single-server queue with customer n having service
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time o1, (instead of a batch of size 1,). Consider again the discrete-time stationary regime,
andlet 710 =0 > T1,—1 > T1,—2 > - - - denote the arrival times of customers 0, —1, =2, ...,
with i.i.d. interarrival times 1 —, = T1,—p+1 —T1,—p and E[t; _,] = b1 forn = 1,2, .... Then

-1
Zi=7,00) = max{o, sup ) (01 — m)} +o10.

>1.
nzli—_n

We now follow the lines of the appendix of [1]. For any ¢ € (0, b —m1/p1), consider another
stable single-server queue with service times o1,, and constant interarrival times b; — &. Denote
the stationary workload in that queue by

~1
Z) = maX{O, sup Z (01; — (b1 — S)i)} + o10.

>1.
nzli——n

Then 21 < 21 + M., where My, := supn{zi;l_n(bl — & — t1;)}+ does not depend on 21
and has a light-tailed distribution.
Since the distribution F' 11 is subexponential, properties (P3), (P6), and (P7) in Appendix D
imply that R R
P{Z) + My > x} ~P{Z1 > x}

-1
~ P{sup > (o1 — (b1 — #)i) > x}

n>1.
='i=-n

~ Y Plot,—n > (b1 —&)n +x),
n>0

where the right-hand side is of the same order as the lower bound LB (x). Since Z| < 4 1 < Z +
M. a.s., we can write

P(Z, > x) =P{Z; > x, 21 + M > x}
~ Y P(Z1 > x, 01 > (b1 — &)n + x}. (5.3)

n

Step 2. If there is only one big jump before time 0 and all other jump sizes are replaced by
their means, then it follows from Lemma C.1 that Z; > x can occur only if, for some n, the
(—n)th service time is large. Note that by < a(A| + pa1A2). Applying to (5.3) arguments
similar to those used in the proof of Theorem 8 of [1], for any y in (0, A1 + p21A2), a single
big jump of size 01, _, < x +an(A| + p21Az — y) is not sufficient for the inequality Z; > x
to hold, so, for x — 00, we must have

oo
P{Z1 > x) <[1+0(D]Y P{Z > x, 61y > X +an(A; + paAs — )},
n=0
Letting y — 0 leads to an upper bound for P{Z; > x} that, up to the term o(1), coincides with
the lower bound.
By symmetry, a similar result holds for ¢ = (0, 1).
Assume finally that ¢; > 0 and ¢o > 0. Let F{(x/c) and Fj(x/c) be weakly tail
equivalent. Introduce by analogy by, Z>, and My.. Then, with M, := c1 M1, + co M>g,

AZy+crZy <121 + 27y + M,
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where on the right-hand side the three terms are mutually independent, the first two having
heavy-tailed distributions, and the last a light-tailed distribution. Then, from condition (3.32)
of Theorem 3.33 of [ 7], the distribution of ¢ 7 1+ 22 is also subexponential and, furthermore,

]P’{cl/Z\l +C222+Mg > x}~ {Zl > —} —I—IP’{Zz > i}
1

2

Then, similarly to (5.3), we obtain

P{c1Z1 4+ c2Zy > x} ~ P{Zl > — Zl > —} —i—IP’{Zz > — 22 > i}, (5.4)
c1’ c1 e’ 2
and, as before, we can proceed with each term in (5.4) separately to obtain the second statement
of Theorem 2.2.

6. Concluding remarks and related open problems

We have obtained a number of results for the tail asymptotics of linear functionals ¢ Z1+c2 Z»
of a stationary two-dimensional workload using two approaches, under different stochastic
assumptions. The open questions below are closely related to the results in this paper.

(Q1) The exact asymptotics for P{Z; > x} are obtained in Theorem 2.2 only when arrival
batches are one-dimensional. Can they be obtained in the two dimensional case? Since
IP’{Z > x} is weakly tail equivalent to 17 (x), we may conjecture that P{Z; > x} ~
K F (x) for some K > 0 under (A1) and subexponentlahty of F/. ! If this is correct, it
follows from (3.4) that P{V; > x} ~ K’ F (x) for some K’ > 0 For example, this is
satisfied for i = 1 since (3.4) with ¢ = (1, 0) implies that, for x > 0,

AP + 71 > x} = 8iP(Z) > x} = prrga(0) P{V} > x},

where J 11 is arandom variable with distribution F 11 and independent of Z;. Once the exact
asymptotics for P{V; > x} are known, we can derive exact asymptotics for P{c;Z; +
c2Zy > x} for ¢ > 0 from (3.6) under the assumptions in Theorem 2.1.

(Q2) Might it be possible to obtain the weak tail asymptotics of Theorem 2.1 using the sample-
path approach? It is unclear how to construct a majorant, while a lower bound may be
easily given. For example, one may introduce an auxiliary model with smaller batch
sizes (71, fz) =a(J1,0)+ (1 —a)(0, J2), where « is an independent random variable,
Pla=1}=1—-Pla =0} = %, and compare the two models.

(Q3) Find the tail asymptotics for the two-dimensional stationary vector (Zi, Z;) or for
functionals of that vector which are not linear.

(Q4) Find the tail asymptotics for the stationary sojourn time in a stable generalized Jackson
network with heavy-tailed service time distributions. Our asymptotic results provide
only lower bounds for that, since the arrival of a large batch to one of the nodes does not
delay service in the other node, while this is the case for a single customer with a large
service time.

Appendix A. Proof of Lemma 3.1
Dividing (3.2) by 01,

5462 — X Fo)—1)) ) = %2\ 010 02 0
< 1+ 25—5( ) — ))<P( )—( P129—>901( h) + <9—1 —P21)<P2( -
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Letting 1 — —oo in this equation yields
@1(02) = 819(—00, 62) + p21¢2(—00), (A1)
implying that
@1(—00) = §19(—00, —00) + pP21¢2(—00).
Similarly,
2(—00) = §,¢(—00, —00) + p12¢1 (—00).

Since ¢(—o0, —o0) = m(0), solving these equations yields ¢; (—oo) = u;m (0). On the other
hand, putting 6, = 0,

A1+ p2192(0) = ¢1(0), A2 + p12¢1(0) = ¢2(0).

Solving these equations yields the first equality of (3.3) for ¢;(0). The second equality is
immediate from the definitions of A; and p;.

Appendix B. Proof of (4.1)

From the definitions of ¢ and ¢, we have
90) = ¢t (0) + 961, —00) + p(—00, 62) + m(0).

Substitution in this equation for ¢ (81, —oo) and for its symmetric form from (A.1), and then
setting = sc, yields (4.1) because

81 p12901(=00) + 82 p21¢2(—00) + 81827 (0) = prp2(l — p12p21)w(0) = §182dp.
Appendix C. Analysis of a pure fluid model

Assume again, for i = 1,2, that A; > 0, and consider an auxiliary pure fluid model
with continuous fluid input rates «;, service rates u;, and transition fractions p1> and pj; as
described in Section 2. We use the same notation Z;(¢) as before, but now for deterministic
buffer quantities.

Fix r > 0, and assume that the fluid model starts at negative time —¢ from levels y; (meaning
Zi(—t) = y;); we want to identify conditions on y; for

c1Zi+cZy > x

to hold, where again ¢; > 0 and c¢; + ¢ = 1 are given constants, and where Z; = Z;(0).

Cases ¢ = (1,0) and ¢ = (0,1). We want to find conditions for Z; > x (and then by
symmetry for Z; > x). From the monotonicity properties of fluid limits (see, e.g. [10]), under
the stability conditions, if the fluid model starts from a nonzero initial value at time —¢ and if
some coordinate, i say, becomes 0, Z; (1) = 0 at time u > —f, then it stays at 0, Z; (v) = 0 for
allu <v <0.

Let L, = y»/A;. Suppose first that L, > ¢. Then at any time instant 4 € (—t, 0), and, for
i=1,2,

(i) the input rate to queue i is o; + 3—; p3—;,;; and

(ii) the output rate from queue i is ;.
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Then Z; > x if and only if
y1 > x +tAq. (C.1)

Suppose now that L, < ¢. Then, forany u € (—¢, —t + L) andi = 1, 2,
(iii) the input rate to queue i is o; + u3—; p3—;,i; and
(iv) the output rate from queue i is w;;

while, for any u € (—r + L, 0),

(v) the input and output rates to/from queue 1 and the input rate to queue 2 are as in (iii) and
(iv); but

(vi) the output rate from queue 2 equals the input rate, i.e. it equals oy + 1 p12.

Then the condition Z; > x is the same as
y1—x = LaAy+ (t — La) (1 — [e + pai (@2 + w1 p12)]) = tAy +tpa1Az — yapar. (C.2)
Combining (C.1) and (C.2),
V1> x+ A+ par(tAy — y2)4.

Case c1 > 0, ca > 0. Following the same logic as just given, if Ly < ¢ then Z, = 0, and
the condition on y; coincides with (C.2) on replacing x by x/c1, i.e.

i = Cx—l + 1A+ par(Az — y2).
Similarly, if L1 < ¢ then Z; = 0 and
2= :—2 + 1A+ pra(tAy — y1).
Otherwise, if both L1 > t and L, > ¢, then y1 = Z1 +tA1, y2 = Z> + t Ay, and
aZi+c2Zy =ci(y1 —tA1) +ca(y2 —tA2) > x.

Combining these three cases leads to the following result.

Lemma C.1. Fori = 1,2, let a purely fluid model have input rates «;, service rates i, and
transition fractions p1p > 0 and p»1 > 0; let ¢; > 0 have ci + ¢ > 0. Lett > 0, and
let the system start at time —t from Z;(—t) = y; > 0. If both A; > 0 then the inequality
c1Z1 + c2Zy > x holds if and only if

a1 —tAy = p21(tA2 — y2) 1)+ + c2(y2 — 1Az — p12a(tA1 — y1)4)+ = X. (C.3)
Corollary C.1. When y1y> = 0 but y; + y, > 0, (C.3) is equivalent to
max{ci(y1 —tA1 — p21tA2), ca(y2 — 1Az — piatA1)} > x,
and this last inequality is equivalent to the union of the two events

X X
{yl > + 1A +P21tA2} U {yz > +tA2+p12tA1},
1 2

where if c; = 0 then the corresponding event is empty.
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Appendix D. Heavy-tailed distributions
D.1. Definitions

The distribution F of a positive random variable X is

(D1) heavy tailed if E[eX] := fooo e“*dF(x) = oo forall ¢ > 0, and light tailed otherwise;

(D2) long tailed if F (x) > Oforall x > Oand F (x + 1)/F (x) — 1 as x — 00;

(D3) subexponential if, as x — oo, F x F (x) ~ 2F (x), or, equivalently, P{X| + X > x} ~
2P{X > x} asx — oo (here X; and X are two independent copies of X).

(D4) Thedistribution F of areal-valued random variable X is subexponential if the distribution
of max{X, 0} is subexponential.

(D5) The distribution F is regularly varying if F (x) = [(x)x~*, where k > 0 and the
positive function /(x) is slowly varying at infinity. Regularly varying distributions are
subexponential.

D.2. Key properties

For details, see, e.g. [7].

(P1) Any subexponential distribution is long tailed, and any long-tailed distribution is heavy
tailed.

(P2) If distribution F is long tailed then there exists a function ~(x) — 0o as x — 0o such
that F (x + h(x))/F (x) — 1 as x — oo.

(P3) Ifdistribution F is long tailed_ and if G (x) = o(F (x)), then the convolution F %G is also
long tailed and F % G (x) ~ F (x). In particular, if a random variable X has a long-tailed
distribution and a random variable Y is nonpositive, then P{X + Y > x} ~ P{X > x} as
X — 00.

(P4) If F is subexponential andG (x) ~ F (x), then G is subexponential.

(PS) If X1, X», ... are i.i.d. with common subexponential distribution F and if 7 is a light-
tailed counting random variable, then >7_; X; also has a subexponential distribution
and P{}"7_, X; > x} ~ E[t]F (x).

(P6) Let nonnegative random Val‘iilble X have di_stribution f , mean m, and integ_rated dis-
tribution F!(x) = (1/m) f(;cF (t)dt. ThenF (x) = o(FI(x)) if and only if F!is long
tailed.

(P7) If X1, X», ... arei.i.d. nonnegative random variables with mean m and whose integrated
distribution F! is long tailed, then, for any ¢ > 0 and as x — oo,

IF’(U{Xn > X —l—nc}) ~ ZIP’{Xn > x +nc} ~ %FI(X)-

n>1 n>1

Here the first equivalence follows from Bonferroni inequalities: for any events { A, } with

Zn P(A,) < oo, Zn P(A,) = IP)(L_Jn An) > Zn P(A,) — Zn;ﬁm P(A,Ap) and from
observing that Zn#m P(A,A,) = O(Zn P(A,)) in our case. The second equivalence
follows from the long tailedness of F7.

(P8) ‘The principle of a single big jump’ for a single-server queue with i.i.d. service times oy,
with mean m and subexponential integrated tail distribution F/, and with i.i.d. interarrival
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times withmean b > m. Let Z be the waiting time of customer O that arrives in a stationary
queue at time 0. Then, as x — oo,

P{Z > x} ~ P<U{J_n >x+n —m)}) ~ %F’(x),

n>1
where the second equivalence follows from property (P6).
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