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Abstract

We study a network of parallel single-server queues, where the speeds of the servers are varying over time and
governed by a single continuous-time Markov chain. We obtain heavy-traffic limits for the distributions of the
joint workload, waiting-time and queue length processes. We do so by using a functional central limit theorem
approach, which requires the interchange of steady-state and heavy-traffic limits. The marginals of these limiting
distributions are shown to be exponential with rates that can be computed by matrix-analytic methods. Moreover,
we show how to numerically compute the joint distributions, by viewing the limit processes as multi-dimensional
semi-martingale reflected Brownian motions in the non-negative orthant.

Keywords: Functional central limit theorem, layered queueing networks, machine-repair model, semi-martingale
reflected Brownian motion.

1 Introduction

In this paper, we consider a parallel network of N single-server queues. The speeds of the servers vary over time
and are in addition mutually dependent. More specifically, we assume that these service speeds are governed by a
single, irreducible, continuous-time Markov chain with a finite state space. For this network, we are interested in
both the marginal and the joint workload processes for each of the queues, as well as the processes describing the
virtual waiting time and the queue length. Stationary distributions for these processes are difficult to obtain, since
the workload process pertaining to one queue, as well as the virtual waiting-time and the queue length processes,
are correlated with the corresponding processes of the other queues. Our goal in this paper is to derive the heavy-
traffic behaviour of the network by obtaining the limiting stationary distributions of the aforementioned processes.
These results can serve as simple and accurate approximations when the network is heavily utilised or can be
combined with known light-traffic results to obtain approximations for arbitrarily loaded systems (see e.g. [14]).

The study of this general network is motivated by the fact that multi-queue performance models with time-
varying and mutually dependent service speeds find a wide variety of applications. An example is the field of
wireless networks, where multiple users transmit data packets through a wireless medium at speeds that are typ-
ically varying over time and mutually dependent, e.g. due to phenomena such as ‘shadow fading’ (cf. [38]).
Another such application constitutes an /O subsystem of an application server (see e.g. [40]), in which the content
of multiple I/O buffers is transferred to clients at varying and mutually dependent speeds, due to the varying level
of congestion of the application server’s network connection. A final example is given by the phenomenon of
garbage collection in multi-threaded computer systems (cf. [33]). Typically, when the total memory utilisation in
such a system exceeds a certain threshold, the processing speeds of the threads are temporarily reduced, and are
as such mutually dependent.
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Queueing models with service speeds that vary over time have received attention in multiple settings in the
literature. In practice, service speeds may be dependent on factors such as the workload present in the system,
which lead to the formulation of queues with state-dependent service rates; see e.g. [3] for an overview. Another
branch of work on time-varying service speeds is that of service rate control, where the aim is to minimise waiting
and capacity costs (e.g. [2, 16, 35, 41]) or to optimise a trade-off between service quality and service speed (e.g.
[20]) based on the state of the system by dynamically varying the service speed. In our case, the service speeds
depend on an external environment that is governed by a Markov process. Analyses of single-server queueing
models with Markov-modulated service speeds can be found in [17, 27, 29, 30, 37]. However, none of these
papers concern themselves with the derivation of heavy-traffic asymptotics. In this paper, we focus on a queueing
network where the service speeds of all servers in the network are simultaneously governed by a single continuous-
time Markov chain. This allows us to incorporate mutual dependencies between the service speeds into the model.
Conceptually, there are no additional challenges in obtaining heavy-traffic results for the queueing network with
multiple queues compared to the single-queue case, although deriving the results for the multi-queue case is more
cumbersome at times.

We are mainly interested in the heavy-traffic asymptotics of the network of queues. The study of queues in
heavy traffic was initiated by Kingman with a series of papers in the 1960s, starting with [24]; see [25] for an
overview of these early results. These papers were largely focused on the use of Laplace transforms. In our case,
however, Laplace transforms for the stationary distribution of the total workload process or even the workload
process for a queue in isolation are hard to obtain. The workload process of a queue in isolation can in principle be
modelled as a reflected Markov additive process (MAP). For the definition and an overview of the standard theory
on MAPs, see [1, Section XI.2]. However, the stationary distribution of the workload process is not easily derived
from that. For example, standard techniques such as relating the Laplace transforms of the stationary workload
conditional on the states of the modulator to each other typically lead to a linear system with a number of equations
smaller than the number of unknowns, defying straightforward solutions, as shown in [21]. Less straightforward
computations might involve studying the singularities of the characterising matrix exponent pertaining to the
reflected MAP (cf. [21]). In the past, stationary distributions for special cases of reflected MAPs have also been
analysed by studying their spectral expansion (e.g. [28]) or by determining the boundary probabilities in terms of
the solution of a generalised eigenvalue problem (e.g. [39]).

As it is not clear the approach via Laplace transforms will work in our case, we will use a functional central
limit theorem approach mainly developed by Iglehart and Whitt; see [43] for an overview. This is not always
trivial; see for example [10, 26]. Heavy-traffic approximations for generalised Jackson networks were studied in
[5, 15]. However, the model that we consider does not fall in the framework of generalised Jackson networks.
Instead, we tailor more classical arguments for single-node systems to our setting. An advantage of our approach
is that it can be extended to allow for variations or generalisations of our model. For example, it is assumed that the
workload input processes of the queues are compound Poisson processes. As we will see in the sequel, however,
our heavy-traffic analysis still works through completely under relaxed assumptions if Lemma 3.2 can be proved
for this more general setting.

As we study networks with general service speeds, our model also captures a class of queues with service in-
terruptions. Heavy-traffic asymptotics for single-server queues with vacations have been studied in [23]. Related,
but different problems are networks with interruptions, of which durations and frequency scale with the traffic
intensity, and have been studied in [6, 23] and [43, Section 14.7]. As opposed to these models, our model allows
the durations of consecutive service interruptions, which we assume to be independent of the traffic intensity, to be
interdependent through the Markovian random environment (see also [8]), and the interruptions are not restricted
to a point in time the queue empties.

For the network that we study in this paper, we find that the marginal workload, virtual waiting-time and queue
length processes pertaining to a queue in isolation exhibit state-space collapse under heavy-traffic assumptions
and have exponential limiting distributions. Moreover, we show that the limiting distribution of the joint workload
process (as well as that of the virtual waiting-time and the queue length processes) corresponds to the stationary
distribution of an /N-dimensional semi-martingale reflected Brownian motion (SRBM) with state space ]Rf (see
e.g. [7, Theorem 6.2] for a definition). The reflection matrix corresponding to this SRBM is an identity matrix,
so that positive conclusions about the existence of a stationary distribution can be drawn (cf. [18]). However,
computing this distribution is challenging. The conditions needed for the stationary distribution to have a product
form do not apply to our model, and results such as those of [11] seem hard to translate to our setting. In this
paper, we therefore show how to use the numerical methods developed in [9] for steady-state analysis of multi-
dimensional SRBMs to analyse the joint limiting distribution of the stationary workload process. This allows us
to compute quantities such as the correlation coefficients between the marginal components.



The rest of this paper is organised as follows. Section 2 describes the model in detail, gives the necessary
notation and gives several preliminary results. In Section 3, we derive the heavy-traffic limit for a properly scaled
workload process, and observe that the stationary distribution of the marginal workload processes converges to
an exponential distribution. Section 4 extends these results to heavy-traffic limits for the virtual waiting-time
and queue length processes. Finally, in Section 5 we study how one can compute the joint distribution of the
limiting processes pertaining to the workloads, virtual waiting times and the queue lengths, by viewing these as
SRBMs. By means of simulation results, we also show that the obtained heavy-traffic results give rise to accurate
approximations for considerably loaded systems, which marks the usefulness of the heavy-traffic analysis that we
perform from an application perspective.

2 Notation and preliminaries

In this section, we introduce the notation used in this paper, and we present several preliminary results. In the
remainder of this paper, vectors and matrices are printed in bold face. Furthermore, 0 and 1 represent vectors of
appropriate size where each of the elements are equal to zero and one respectively.

Arrival processes We study the heavy-traffic asymptotics of a network consisting of IV parallel single-server
queues @1, ...,Qn, each with its own dedicated arrival stream. Type-i customers arrive at (J; according to a
Poisson process with rate \; and have a service requirement distributed according to a random variable B; with
finite first two moments E[B;] and E[B?]. In particular, we represent by B, ; the service requirement of the j-
th arriving type-i customer. We assume the service requirements of all customers to be mutually independent.
Further, we denote by {N;(¢),¢ > 0} a unit-rate Poisson process. Then, the cumulative workload that enters Q;
during the time interval [0, t) is given by

Ni(Ait)

Vi(Ait) = > Bij,

j=1

where the arrival rate is left as part of the argument, as this will prove to be useful for heavy-traffic scaling purposes
in the sequel. In the remainder of this paper, we will refer to {V;(¢),t > 0} as the arrival process of @;. The mean
corresponding to this arrival process is given by my,; = E[V;(1)] = E[B;]. Similarly, the variance is given by
0‘2/71- = Var[V;(1)] = E[N;(1)]Var[B;] + Var[N;(1)]E[B;]?> = Var[B;] + E[B;]> = E[B?]. Note that the arrival
process has stationary and independent increments, so that t ' E[V;(t)] = my,; and ¢! Var[V;(¢)] = 0‘2/’1» for any
t>0.

Cumulative service processes The service speeds of the IV servers serving (1, ..., Qy may vary over time
and are mutually dependent. More specifically, the joint process of these service speeds is modulated by a single
irreducible, stationary, continuous-time Markov chain {®(¢),¢ > 0} with finite state space S and invariant prob-
ability measure @ = (7;);es. When this Markov chain resides in the state w € S, the server of (); drains its
queue at service rate ¢;(w). We have as a consequence that the workload that the server of (); has been capable
of processing during the time interval [0, t) is represented by

Ci(t) = /:0 6:(D(5))ds.

We will also refer to the process {C;(t),t > 0} as the cumulative service process of @Q;. Note that, as the Markov
process {®(t),t > 0} is in stationarity, the increments of the process {C;(t),t > 0} are also stationary. The mean
corresponding to the process {C;(t),t > 0} is given by

me,; = E[C;(1)] = /:0 > di(W)P(D(s) = w)ds = Y hi(w)ms.

weS weS

Since the C;-process has stationary increments, it holds that t 'E[C;(¢)] = mc; for any t > 0. We denote the
asymptotic variance lim;_, o, ¢~ Var[C;(t)] by azc’i. Similarly, the long-run time-averaged covariance between the

cumulative service processes of the servers at (); and (); is represented by fyfj = limy_,c +Cov[C;y(t), C;(1)].
Computing expressions for a%’i and %C] is not trivial. We focus on this problem in Section 5.2.



Scaling A queue Q; is said to be ‘stable’ if the expected amount of arriving work A\, E[B;] per time unit is smaller
than the average workload mc; its server is capable of processing per time unit. Equivalently, @); is stable if its

load, defined as p; = An]f[B il is less than one. We are interested in the performance of the network of queues

in heavy traffic; i.e., the case for which the arrival rates A1, ..., Ay are scaled so that (p1,...,pn) — 1. For
this purpose, it is convenient to introduce the index . In the r—th system, each arrival rate )\; is taken so that
Bi(1 — p;)~! = r, where the j3;-parameters control the rate at which the arrival rates are scaled by 7, while the
series of service requirements B; 1, B; 2, . .. and the Cj;-processes are not scaled by r. The heavy-traffic limit for
any performance measure of the system corresponds to the limit 7 — oco. We denote by J; ;- the arrival rate of
type-i customers corresponding to the r-th system, so that A; , — mc t when r — oo. For notational convenience,

we write for two functions f(r) and g(r) that f(r) = o(g(r)) if llrnr_)Oo fr)/g(r) =

Functional central limit theorems for primitive processes For purposes that will become clear in the sequel,
we now state heavy-traffic limits for the primitive processes that are scaled in time by a factor 2. First, for
the scaled arrival processes, we observe that E[V;(\; ,r%t)] = X\; ,r*E[B;]t. As the arrival processes constitute
independent renewal reward processes, the functional central limit theorem for renewal reward processes (see e.g.

[43, Theorem 7.4.1]) implies that

{(Vl ()\1’7,7“215) )\1 T’I“2E[Bl]t VN()\N,’I‘th) — )\N’T’I‘ZE[BN]t

\/A17 T \/)\N,TT

as r — oo, where {Z (t),t > 0} is an N-dimensional Brownian motion with zero drift and covariance matrix
v = diag(oy,1, -0 )

JtzopS{zvme=0p M

Similarly, after observing that E[C;(r%t)] = mc 7?t, it follows from results in [42] that the time-scaled
cumulative service processes satisfy

Ch(r2t) — 72 C(r2t) — 7 2
{( 1(r“t Tmcﬁ“t rt mCNrt>

yesey
r

,tzo}i{zc(t),tz(J} 2)

as r — oo, where {Z¢(t),t > 0} is an N-dimensional Brownian motion with zero drift and covariance matrix
I'“ with elements Ffj = W,CJ Alternatively, this result follows from the functional central limit theorem for
MAPs obtained in [34, Theorem 3.4]. Using the results of [34], we will show how to obtain expressions for ’yfj
in Section 5.2.

A heavy-traffic limit for the joint scaled net-input process now follows by combining (1) and (2) with the

)\1,7«7‘2E[Bi]t7mc7ir2t - IB
- 7

observation that - imc,;t. In particular, this leads to

A1er2t) — %t AN r2t) — %t
{(Vl( 1, 2O V) = Onlr )),t >0} 4 {Z(),t > 0} 3)
r r
as r — oo, where {Z(t) = (Z1(t),...,Zn(t)),t > 0} is an N-dimensional Brownian motion with drift vector
p=(=Bfimca,...,—Bnmc,n) and covariance matrix
T = diag( 20 52 MON 52 )41 )

OV 1sens o
E[B,] *' E[Bn]

Representations Let {W,.(t) = (W1 ,(t),...,Wn(t)),t > 0} be the process that describes the workload in
each queue of the r-th system at time ¢ and let W, = (W1 ,,..., Wy ,) = W, (c0) denote the workload in the
system in steady state. The processes {D,.(t),t > 0} and {L,(t),t > 0} as well as D, and L, are similarly
defined for the virtual waiting time (the delay faced by an imaginary customer arriving at time ¢) and the queue
length (excluding the customer in service) respectively.

The workload W; ,-(t) present in (); at time ¢ can be represented by the one-sided reflection of the net-input
process {V;(\; rt) — C;(t), ¢t > 0}, under the assumption that W; ,-(0) = 0:

Wir(t) = Vi(Aint) — Ci(t) — ér[%)ft {VilAirs) = Ci(s)}

= sup {Vi(Airt) = Vi(Airs) — (Ci(t) = Ci(s))}- ®)

s€[0,t]



As the joint cumulative service process {(C1(¢),...,Cn(t)),t > 0} has stationary increments, it holds
that (Cl(t) — C1(s),...,Cn(t) — CN(S)) 4 (Cl(t —8),...,Cn(t — s)) where < means equality in dis-
tribution. Furthermore, since the arrival processes are independent and compound Poisson processes have time-
reversible increments, we also have that (Vl()\“t) —Vi(A1,08), -, V(AN t) — VN()\N7T3)) 4 (Vl()\l,(t —

8)), -, VN (AN (t — s))) Due to this, we have by (5) that W ,.(¢) satisfies

W, ()2 ( Zl[lopt]{w/\l”'(t —5) = Ci(t=s)},..., Zl&)pt]{VN()‘N,r(t =) —Cn(t— S)})

= (sup (i(ur(s)) = Ca(9)} -, sup Vv () = Cn(s)})

s€[0,t] s€[0,t]

By letting ¢ — oo, this results in

W2 (sp{Vi(Arrs) — Culs)}, - sup{VicOns) — O (s)}): «©

s>0 s>0

In this study, we are particularly interested in the distribution of the scaled workload WT = % (as well as

the similarly defined scaled virtual waiting time D, and scaled queue length ir) in heavy traffic, i.e., as r — oo.
It is easily seen from (6) that the scaled workload can be written in terms of the similarly scaled net-input process.
That is, after scaling time by a factor 72, we have

WL (sup{vl()‘l’”%) — Oy (rt) } N ’igg{VN(ANﬂ,er) — Cn(r?t) }) o

t>0 r T

3 Heavy-traffic asymptotics of the workload

In this section, we derive the following heavy-traffic asymptotic result for the scaled workload ﬁvf,..

Theorem 3.1. For the scaled workload vector ﬁ}r, we have
w,47Z,
asr — oo, where Z = (Z1,...,ZN), Zi = sup;>o{ Zi(t)} and Z;(t) is as introduced in Section 2.

In order to prove this theorem, observe that, as opposed to the infinite-domain case, the supremum of cadlag
functions on a finite domain [0, M), M € R is a continuous functional; see e.g. [43]. The proof uses this fact in
combination with an additional result stated in Lemma 3.4. To prove Lemma 3.4, we first establish upper bounds of
the tail probabilities for the suprema of the processes {V;(\; »t) —E[V; (i )]¢, t > 0} and {E[C;(1)]t—C(t), ¢ >
0} in Lemmas 3.2 and 3.3, respectively.

Lemma 3.2. For the arrival process {V;(A;r),t > 0} of Q;, we have that

\i-E[B3T
P( sup {Vi(Airt) —E[Vi(\i,)]t} > ) < #’
te[0,T) x

foranyr,x, T € R,.

Proof. As {V;(X\i,rt) — E[Vi(X\ir)]t,t > 0} is a right-continuous martingale, we have by Doob’s inequality (cf.
[31, Theorem I1.1.7]) that P(sup,¢jo 7 {Vi(Airt) — E[Vi(Ai )]t} > 2) < x? supeo,m{ Var[Vi(Ai »t)]}. Since
Var[V; (A . t)] = /\i,TU‘Q/’it is strictly increasing in ¢, the lemma follows. O

Lemma 3.3. For the cumulative service process {C;(t),t > 0} pertaining to the server of Q;, there exist for every
x, T € Ry a set of positive real constants c1, ca, cs and c4 such that

ClT C2 C3T
P( s ]ECil t—Cit > < —+ =+ .
(s ECE-COY20) S Tr+ 7+ 2




Proof. The lemma is a consequence of Proposition 1 in [22]. Define h = max,cs{¢;(w)} and H(t) = ht—C;(t).
The process { H(t),t > 0} represents increments of the regenerative process { h—¢;(®(t)),t > 0} and regenerates
for example every time the Markov process {®(t),t > 0} enters the reference state w = ®(0). We denote the
n-th of such regeneration times by T;,. Furthermore, we define v, = supy, |, <;<7 {H(t) — H(T,—1)} and
vy =T, —T,_1. Note that v1, 15, . . . can be seen as i.i.d. samples from a random variable Y, and represent return
times of state w in the Markov chain {®(¢),¢ > 0}. Proposition 1 in [22] now implies that, for all ,T € R,
there exist positive real constants dy, ds, ds and dy4 such that

P( sup {E[Ci(1)]t — Ci(t)} > 2) < dy (e~ 2T + e~%T 4 Te=dav), (8)
tel0,T)

if E[eVsPosisy IHO}] « o0 and E[eV77] < oo for any n € IN,. This statement follows by substituting the
variables By, b and Q(x) in [22, Proposition 1] by H(t), h — E[C;(1)] and /z respectively. To show that the
necessary conditions hold in our case, observe that H (¢) is non-decreasing in ¢ and takes values from [0, ht]. By
combining this with the fact that \/z < ez + L forany # > 0 and € > 0, we have that E[e S“POSf«SY{H(t)}] —
E[eVEM)] < E[eVPY] < E[ehY+< '] = ¢ E[e"Y] for any € > 0. As v < hu, for any n > 0, similar
computations yield that E[eV "] < effl]E[eehY] for all n € IN and any ¢ > 0. Subsequently, note that the
regeneration time Y, which constitutes the return time of state w in the Markov chain {®(¢),¢ > 0}, can be
decomposed into a period of time Y7 until the transition away from w, and the following period Y5 until reentry
to state w. The former period Y; is exponentially distributed with a certain rate o, so that E[e"Y1] = 7
for € < h~'a. The latter period Y5 is easily seen to be stochastically smaller than a geometrically distributed
random variable with the positive success parameter ¢ = min, cgs\ (o} {P(®(1) = w | ®(0) = w’)}. Hence,

E[GEhYQ] S

% for e < —h~!log(1 — q). As Y; and Y5 are mutually independent, we thus have for
0 < € < h~'min{a, —log(1 — ¢)} that e¢ E[e"Y] < eeflﬁ% < 00, so that the necessary
conditions are satisfied. The lemma now follows from (8) by noting that e=7 < T~ for all T > 0 and taking
c1 = didy ", co = dyds ", c3 = dy and ¢4 = dy. O

Based on the results obtained in Lemmas 3.2 and 3.3, we now establish the final auxiliary result needed to
prove Theorem 3.1. This result is summarised in the following lemma.

i, t)—Ci (121)

Lemma 3.4. The scaled net-input process {Vi(A = ,t > 0} corresponding to Q); satisfies

V;‘()\i,r’lﬂt) — Ci (7’2t>

r

lim lim P(sup {

M—ocor—00 >\

}21‘):0

Sforallx, M € R..

Proof. The first part of the proof is inspired by the proof of (20) in [32]. For any , let b; ,, = w,

so that b; , — E[V;(\ir)] = E[Ci(1)] = bsr = % = %ﬁimc,ﬂfl. Due to the subadditivity property
of the supremum operator, we have for any /M > 0 that

‘/7( " 7>7’2t> - Ci(TQt)

P(su — >

(tZ]I\;{ ' } - )

V;()\z T?”'Qt) - b1 T?”'zt bl T7’2t - Ci(T‘Qt)

<P ) ) LA A ST S

< (f;l}}{ g } +ts;5{ - } > )

< IP’(sup{VZv()\i,rrzt) — biyrrzt} >0) + P(sup {bmrzt - Ci(r2t)} >0)

t>M t>M

o,

P( sup {Vi(Nipr?t) — by pr?t} > 0) + ZIE”( sup {bi 7%t — C;(r*t)} > 0)
0 t€[20M 201 M) D0 el M2t

J

1
P( sup {Vi\irt) = E[Vi(Ai )]t — 5 Bime,ir™ 't} > 0)
te[29r2 M, 29102 M) 2

M

<.
I
=)

LR s {EC()E—Cilt) - %ﬁimair—lt} > 0)
7=0

te[29r2 M,27+1r2 M)



<Y P sup {Vi(higt) = E[Vi(Ai )]t} > 277! Bime,ir M)
j—0 t€l02i1r20)

+ ZIP’ sup {E[C;(D]t = Ci(t)} > 2j_1ﬁimc’irM)

€[0,29+1r2 M)
i+ E[B?] 2J+1 1Y — 012J+1 M o c320 12 M 9
Z 225 — 252 2M2 Z (22] 253 2M2 2j+1mcﬂ-r2M + 664\/m) ©)

for certain positive constants ¢, cg, cs and c4. The second-to last inequality follows by observing that the max-
imum value of —%3;mc ;7 't in the domain ¢ € [2/r2M, 27112 M] equals —27~! 8;mc ;v M and by enlarging
the intervals of the suprema to also include [0, 2772 M). The last inequality follows from Lemmas 3.2 and 3.3.
Simplifying (9) leads to

(N, 24\ — (. (2 . 2
Vi(Airr2t) — Ci(r t)} > 4) < 16(\; +E[B?] + c1) (10)

P { L i(r, M),
(sup B Bim¢ ;M i mcﬂ“?M * Zf’j (r,

t>M r

where f; ;(r, M) = 32t 2 Me=caV? BimearM - The Jemma now follows from (10) by taking the limit
r — oo and subsequently the limit M — oo, if lim,._, o, Z?io fi,j(r, M) = 0. To show that this condition holds,
observe that the derivative of f; ; with respect to r reads %fi,j(r, M) = c32/rMe s MVT(4 — by 5(M)/1),

where h; j(M) 1= car/271f;me, ;M. As aresult, %fi’j(r, M) < 0if and only if 4 — h; j(M)\/r < 0. Due to
the monotonicity of h; ;(M) and \/r in j and r respectively, there thus exist positive constants jo and rg, so that
yor 9 f, i(r,M) < 0 forany j > jo and r > 7. This results in the fact that SUD;>,, fij(r, M) = fi ;(r«, M) for
every r, > 1. Hence, an upper bound for Z ~o fi,j(r, M) whenr > r, > rq is given by

Jo—1 Jo—1

Zfi,j(T7M qu]rM +Zf2]rM Zfz]rM +Zfz,] 7"*7 (11)
7=0

J=Jo J=Jjo
When r — oo, we can use (11) with r, taken arbitrarily large so that
Jo—1

hme”rM ) < hm Zf”rM +Z hm fij(re, M).

T—00
J=Jjo

By observing that lim, o f; ;(r, M) = 0, this inequality reduces to lim, ., ch o fi,j(rsM) < 0. Since
fij(r, M) > 0, it thus must hold that lim,_, Z o fi,j(r, M) = 0, which concludes the proof. O

Using these auxiliary results, we can now prove Theorem 3.1.

Proof of Theorem 3.1. By (7), it is enough to show that

N N
. Vi(Xipr2t) = Ci(r®t)
lim P {su { : } } {Su Zi(t)} > xl} (12)
00 (101 tzlg T D t>g{ } )
for all z1,...,xzxy > 0. We first obtain a lower bound for the left-hand side of (12):
N
. V;(/\l T’I“Qﬁ) — Ci(’l“zt)
) > 1.
tm PO {p {Z2 T 2

32

> i () { g (HOEOZCEY )

te[0,M) r

{ sup {Z;( )}sz}) (13)

te[0,M)

for all M € R, where the equality follows from (3) together with a combination of the continuous mapping
theorem and the continuity property of the supremum operator applied to cadlag-functions on the finite domain
[0, M). Next, to derive an upper bound for the left-hand side of (12), denote by E; the event that

(Aipr?t) = Ci(r? i(Aipr?t) — Ci(r?
{Vz(m t) = Ci t)}i‘iﬁ{V(A’ t) = Ci( t)}

sup
te[0,M)

’
r r



and let £, ; be its complementary event. It is trivial to see that P(ﬂi]\il{supte[o’ m){Zi(t)} = xi}) is an upper
bound for lim,_, P(ﬂf\il{SUPQo{w} > x;; En,}) for all M € Ry, Furthermore, we have
that Zf\il P(suptZM{—%(Ai"ﬂ?fc"wt)} > ;) is an upper bound for P(ﬂij\il{suptzo{—v"(/\i""rz?fc"(th)} >
i} Uf\il EY; ;). Therefore, we obtain by using De Morgan’s law that

Tllrgop(ﬁ {sup{ Vilhipr?t) = Cilr™) 2o}

r
i=1 t>0

ﬂ{ sup {Zi(t)} = @i }) + lim ZP sup {‘/”(A"”'TQ’f) - Ci(rzt)} > ;). (14)

te[0,M) t>M

When M — oo, the lower bound established in (13) converges to ]P’(ﬁZ 1 { SUPse(0,00)1Zi(t)} > xl}) The

upper bound found in (14) also converges to this expression, as the second term in the right-hand side of (14)
vanishes due to Lemma 3.4. From this, (12) immediately follows, which proves the theorem. O

Remark 3.1. The joint distribution of Z is not straightforward to derive explicitly. However, explicit expres-
sions for the marginal distribution of Z; are not hard to obtain. Note that Z; = sup,-, Z;(t) is the all-time
N . N N . . . bl mc,i 2 2
supremum of a one-dimensional Brownian motion with negative drift —3;mc ; and variance BBV, T 0C.
It is well-known that the all-time supremum of a Brownian motion with negative drift —a and variance b is ex-
ponentially ( 2) distributed. Therefore, the distribution of the steady-state scaled workload WZ ~ present in Q;

2 v -1
+ G ) as 7 — oo. In the next section, we will

converges to an exponential distribution with rate 2; (E[ BT mos

see that the limiting distributions of Dl » and Lz ~ only differ from the limiting distribution of WZ r by a multi-
plicative factor malz and E[B;] ™1, respectively. As a result, the distributions of the steady-state delay D“n and the

2 -1
steady-state queue length Li’r also converge to exponential distributions with rates 23;m¢ ; (E[ 51t :lf; i )

2

2 —1
and 26;E[B;] (% + ZLCC) , respectively. We will study the derivation of the complete distribution of Z in
Section 5.3.

4 Extension to virtual waiting times and queue lengths

In Section 3, we derived a heavy-traffic limit theorem for the scaled workload vector ﬁv/ In this section, we
extend this result to heavy-traffic limits for the distributions of the virtual waiting-time vector D and the queue
length vector L, by regarding the joint distribution of D, and W as well as that of I L, and W in Section 4.1
and Section 4.2 respectively. It turns out that, when r — oo, the distributions of both D, and L, are elementwise
equal to the distribution of W up to a multiplicative constant.

4.1 Heavy-traffic asymptotics of the virtual waiting time

‘We now study the distribution of the scaled virtual waiting time in heavy traffic. First, we obtain the tail probability
of the joint distribution of D, and W,. as r — oo in Proposition 4.1. Based on this, we obtain an extension of
Theorem 3.1 for the scaled virtual waiting time in Corollary 4.2.

Proposition 4.1. The tail probability of the limiting joint distribution of D, and ﬁ//r satisfies

5.

N
Tim P(() {Die = 553 Wi > ti}) = P

=1 7

{Z,’ 2 max{mqisi, t,}})
1

with Z1, ..., Zx as defined in Theorem 3.1.

Proof. Observe that since the waiting time faced by an imaginary type-i customer arriving at time w is longer than
s; time units, the workload present in ); just before w is larger than C;(u + s;) — C;(w). This is evident, since the
latter number represents the amount of work the server of Q; is able to process in the s; time units following time



u. In other words, {D; ,(u) > s;} is tantamount to the event {W; ,.(u) > Cy(u+s;) — C;(u)} fori =1,..., N,
so that in steady state (i.e., u — 00) we have

DX

P(ﬁ {Dm > 5 Wi p > tz}) =P

i=1

{Wm > max{C’i(si),ti}}). (15)

-
Il
_

Based on this, we obtain an expression for the tail probability of the joint distribution of 1~7,. and W/,.:

P(ﬁ {ﬁi,v' > 31’;Wi,r > tz}) =P(

i=1

{Wir 2 max{Cilrsg). vt} })

e

s
Il
-

= ( {17[/" zmax{@,ti}}), (16)

5.

s
Il
=

where we used (15) in the first equality. We now focus on showing that

Tl;n;op(ﬁ {Wi,r > max{ci(zsi),ti}}) = P(ﬁ {71 > max{mqisi,ti}}), a7

=1 1=

which combined with (16) directly implies the result to be proved. To this end, we observe that, since {C;(t),t >
0} is a renewal reward process, r‘lC,»(rsi) — mc,;5; almost surely as r — oo due to standard results in renewal
theory. Denote by FiE,r for any € > 0 the event that r—1C; (rsi) € [mc,i8; — €,m¢,;i8; + €] and let FZ’TC be its
complementary event. Thus, lim,_, ]P)(Ff,r) = 1. As aresult, we have due to De Morgan’s law that

P(ﬁ {W” = max{@’tl}}) = P(ﬁ {Wi,r > maX{Ci(:Si),ti};Fifr}) +o(1).

1= 1=

Letting 7 — oo in this expression, using the definition of the event £, and applying Theorem 3.1, we obtain the
following lower bound for the left-hand side of (17):

=

i ) {2 { S5, 1 >

= i=1

{7i > max{mc,;s; + 67ti}})- (18)

Similarly, an upper bound for the left-hand side of (17) is given by

N N
Thj;o P(ﬂ {Wzr > maX{Ci(:Si)yti}}) < P(ﬂ {7z‘ > max{mc,;s; — €, tz}}) (19)

i=1 i=1
In Remark 3.1, we found that Z; is exponentially distributed for i = 1,... N, so that the joint distribution of Z

has no discontinuity in the point (mc 151,...,mc,NSN). As a consequence, by taking the limit ¢ — 0 in the
right-hand sides of (18) and (19), we obtain (17), which, as explained above, proves the proposition. O

From Proposition 4.1, the heavy-traffic limit for the virtual waiting time follows in the following corollary.

Corollary 4.2. For the scaled virtual waiting-time vector INDT, it holds that

~ 1 1 _
D, % ( )Z7
mc mc, N

asr — oo, with Z defined in Theorem 3.1.

Proof. This is an immediate result from Proposition 4.1 by takingt; = ... =ty = 0. O



4.2 The joint queue-length distribution

In this section, we obtain an extension of Theorem 3.1 for the scaled steady-state queue length L, in heavy traffic.
Let B be the remaining service requirement of a type-i customer in service in the r-th system if L; ,. > 0, and
Zero 0therw1se. It is then trivially seen that

Ly, Ly,

W, =(BE,. .. BE )+ (Zﬁl,j, LY EN,j) (20)
i=1 =1

for all 7 > 0, where Ez ;j represents the service requirement of the waiting customer in the j-th waiting position of
()i and is distributed according to B;. These service requirements are mutually independent as well as independent
from W, and L,. Note that B; ; is defined differently from B; ;, which we defined in Section 2 to be the service
requirement of the j-th arriving type-: customer since the start of the queueing process. The scaled version of (20)
is given by

’I”Ll r TZN,T
W,=(BE,. .. BE)+ (ZBIJ,...,ZBNJ), 1)
j=1
where ER = lBR fori = 1,...,N. It is intuitively tempting to conclude that (Bf?r7 .. Eﬁf ») — 0as

r — 00, and based on that, conclude that W and L _are equal elementwise up to a multiplicative constant.
However, this is not straightforward, since, for example, L, and (BE Yy BR ,-) are not independent. We make
these results rlgorous in this section. Inspired by [44, Proposition 1], we ﬁrst obtaln another representation for the
joint distribution of Lz ~ and Wl ~ for a single queue (); in Lemma 4.3. Based on this result, we derive the heavy-
traffic asymptotics for (Lm, V[/w,7 B i ) in Lemma 4.4, which imply that B R — 0 as r — oco. We subsequently

conclude that (Bf

Lo Eﬁ,ﬁ) — 0 as r — oo and derive the joint dlstrlbutlon of L, and W, as 7 — oo in
Proposition 4.5. From this, an extension of Theorem 3.1 for the scaled queue length L, follows in Corollary 4.6.

In order to construct an additional representation for the joint distribution of L; ,. and W; ,., we need to intro-
duce some additional notation. Denote by W, and L}, the workload present in ); and the queue length of Q;
respectively in the r-th system, just before the n-th arrlval of a type-i customer. Furthermore, A} ; refers to the
time between the j-th and the (j + 1)-st arriving type-i customer in the r-th system, so that S’f nr =" =1 A%

and SB = Z;Ll B, ; represent the cumulative series of interarrival times and service requirements of type-i
, =151,

customers. By construction of the heavy-traffic scaling, A7 ; <4 Aij and E[A] ;] — E[A; ] as 7 — oo, where
— (S,

Aj ; are i.i.d. samples from an exponential (m¢,;/E[B]) distribution. Finally, we define S}, = S7 i

7,n
The required representation is now given in the following lemma.

Lemma 4.3. Foranyz,y > 0andi=1,..., N, the joint distribution offm and Wi,r satisfies

P(Ei,r > -T§Wi,r > y) (WZ r+Bi 2 G (Sv Dx'\)

-1 W, T
m i,r S , m S Sz . 2 .
r ax{ + i,[ra] {l,a,)[(rw]}{ i,[rz] ,J}} y)

Proof. The proof is inspired by [44, Proposition 1]. Observe that, for any £ > 1 and n > 1, the event {LZ ik =
k} coincides with the event that the workload the server at (); was capable of processing between the arrival of

the n-th and (n + k)-th customer, C; (SZ k1) — C;(S4" ), does not exceed the amount W, + Bin of work

i,m—1
present in (); just after the arrival of the n-th customer. Hence, we have that

{Liin >k} = W+ Bin > (S 1) = CilSET 1)} 22)
Moreover due to Lindley’s recursion, which is given by W/, | = = max{W/, +SI, — in—1s 0} or Wi ik =

max{W, in T SZ k1 = i1, MaAXje 0,k 1 Sinsk—1 = Sintjth we have for any y > 0 that

Wi >y} = {max (W0 + Sy = Sty max AT = S} } 2 ) @)

10



By combining (22) and (23), taking the probabilities of these events, letting n — oo and observing that the vector
(L} ., W!,) weakly converges to (L; .., W; ,.), we obtain

MmmZkﬂwrzw:P@%¢+&2%M$¥ﬁmu{wm+5%v£ﬁﬁﬁ$k—%ﬁ}zw,

for any k > 1,y > 0. By noting that P(L;,. > z, Wi, > y) = P(L;, > [rz],r Wi, > y), the desired

statement follows immediately. [

Based on Lemma 4.3, we derive the heavy-traffic asymptotics of (Ll r WZ o BR ) in the following lemma.

This lemma directly implies that B - — 0asr — oo.

Lemma 4.4. For any queue, the scaled steady-state queue length, workload and remaining service requirement
exhibit state-space collapse under heavy-traffic assumptions. In particular, we have that

1 —
L BE ———1,0) Z;
( ZT?W’LT7 ) (E[Bl]’ 70> 7

asr — oo foranyi € {1,..., N}, with Z; defined in Section 2.

Proof. Again, the proof is inspired by [44, Proposition 1]. We first focus on the joint distribution of Ei » and Wi -

Due to the strong law of large numbers, r 1SA(;$1 — E[A; ]z = n[f 2 almost s surely as » — co. Moreover,

t~1C;(t) — mc,; almost surely as t — oo, so that

Ci(str ) cistr ) s
(Sifra) _ (Al trat) Sifrl s, (24)
r Sz [:x‘\ "

in probability as » — oco. We further have due to the weak law of large numbers that r 1S ra] E[B;]z, so

that r 15{,[m] — 0and r~ mane{L..‘,(m]}{SZ-,[Tﬂ — 8P} — 0asr — oo. Let, for any € > 0, G  denote
the event

{r _10%(51 (,ﬂ) [E[B;]x — €, E[B;]z + €; r_le[m] € [E[B;]z — ¢, E[B;]x + €];

rlST . € [—e€;rTt max Slir.1—5S.}e0,€e}.
i,[rz] [ ] GE{Lps [ME]}{ i,[rz] z,j} [ }}

Due to the convergence results above, lim,_; o P(Gfﬂ,) = 1 so that ]P’(Em > x; Wm >y) = ]P’(EZ-,T > x; Wi,r >
y; G5 ,.) + o(1). After combining this with Lemma 4.3 and consequently taking the limit 7 — oo, we obtain

lim IP’(WZ r > max{E[B;]z + €,y + €})

T—00

< lim P(L;, > x; WL »>y) < lim IP>(I/Vz » > max{E[B;]x — €,y — €}),

r—00 r—00

since Ei — 0 as r — oo. By first applying Theorem 3.1 on the left-hand side and the right-hand side, next noting
that the distribution of Z; has no discontinuity points (cf. Remark 3.1), and finally letting ¢ — 0, we obtain

lim P(Lz > Wl » >y) =P(Z; > max{E[B;]z,y}). (25)
r—00
It remains to consider the convergence of Efr. We show that lim,_, P(Efr > §) = 0 for all § > 0, which
finalises the proof of the desired statement. Note that due to representation (21), we have that P(Efr > 0) =
(WZ > ZTL’ " B; j+0). Let Hf . denote the event {1 Z?:l Elj € (E[B;] — ¢, E[B;] +¢) foralln > /r}.
By using the 1aw of total probability and noting that lim,_, P(H{,.) = 1 due to the weak law of large numbers,
we thus have similar to earlier calculations that

TZi,r TLz T
PUBL, > 6) = BWiy > T > B+ Hi,) +o(1) = B(Way > Lip—— > Buy+5:H,) +o(0)
Jj=1 l"' j=1

11



By taking the limit » — co and using the established convergence of Zi’,«, we obtain

lim P(Wi, > Liy(E[Bi] +¢) +6) < lim P(B}, > 6) < lim P(Wi., > L (E[B;] — €) + 6).

By letting ¢ — 0 and noting, as before, that the limiting distribution of /V[v/” has no discontinuity points, this leads
to lim, oo P(BE. > §) = lim, oo P(W;,» > L;,E[B;] + 6) for any § > 0. Observe that (25) implies that

7,7

lim, o P(W; ,» > EME[BZ-] + 0) = 0 for any § > 0, which completes the proof. O

Based on the previous results, we now obtain the limiting joint distribution of 1~lr and ﬁ;} in the following
proposition.

Proposition 4.5. The tail probability of the limiting joint distribution of L, and f/‘v/} satisfies
N - N
T—00
i=1 i=1

with Z1, ..., Z n defined in Section 2.

Proof. Equation (21) implies that the event {L; . > s;} coincides with the event {Ww > Eﬁr +1 S Ei’j},

as the B; ; can only take non-negative values. Thus, we have

T8

N N
~ —~ —~ ~ 1 ~
P(ﬂ {Li,r Z Si;Wiﬂn 2 ti) = ]P(m {Wi,r Z maX{Bﬁ; + ; E Bi7j,t7;}}).
i=1 i=1 j=1

Let Hy . be defined as before and recall that lim,.—, o ]P’(ﬂf\[:1 H{ ) = 1, so that due to the law of total probability,

TSs;i

N N
~ —~ —~ ~ 1 ~
P(m {Li,r Z Si;Wiﬂ‘ Z tz}) = P(ﬂ {Wi,r Z maX{BfT + Slg ZBl,]7tl}7Hz€,r}) + 0(1)
i=1 i=1 vj=1

Note that, according to Lemma 4.4, Efr — 0asr — oofori=1,..., N, so that also (Efr, - ,Eﬁ,m) — 0 as
r — oo. We thus obtain

=

—
IS
=
AV
»
=
3
(V4
Sk

=

N
lim () {W > max{E[B;] + e,ti}}) < lim P

r—00

=1 i=1
N
< Jim P() {Wiy > max{B[B] - ¢ 1:}}).

By taking the limit ¢ — 0, an application of Theorem 3.1 and the notion that the distribution of Z has no
discontinuity points yields the desired result. O

Corollary 4.6. For the scaled queue length vector INLT, it holds that

~ 4q 1 1 —
L, ey Z,
“(emy BB
as r — oo, with Z defined in Section 2.

Proof. The desired statement follows immediately from Proposition 4.5 by takingt; = ... =ty = 0. O
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S Application to a two-layered network

In this section, we apply the results obtained so far in this paper to a network that is inspired by a manufacturing
application and fits the class of so-called layered queueing networks (see e.g. [12, 13, 14]). We will also refer to
this network as the two-layered network. We first describe the network in more detail in Section 5.1 and show
that this particular model fits naturally in the general framework described in Section 2. Then, in Section 5.2, we
study the question of how to compute the covariance matrix I' of the N-dimensional Brownian motion Z based
on this example. More specifically, we obtain expressions for the covariance terms 'yic:j, by using results from the

literature on MAPs. We also compute the limiting distributions of W/T, E,. and ir. Doing so in an exact fashion
turns out to be hard. Therefore, we study how to numerically obtain the limiting distributions, by viewing Z as
an N-dimensional SRBM in Section 5.3. Finally, in Section 5.4, we conclude by means of simulation that the
distribution of W/r converges quickly to the distribution of Z as » — oo, and therefore, that the heavy-traffic
asymptotics constitute useful approximations for stable systems with a considerable load.

5.1 Description of the two-layered network

The two-layered network that we consider in this section is an extension of the machine-repair model (cf. [36,
Chapter 5]) and consists of N machines M1, ..., My as well as a single repairman R, see Figure 1. The second
layer of this network constitutes the classical machine-repair model, where each machine breaks down after a
stochastic lifetime and the repairman repairs the machines in the order of breakdown. In the event of a breakdown,
the machine moves to the repair buffer, where it will wait if the repairman is busy repairing, otherwise repair will
start instantly. Contrary to the classical machine-repair model, we assume that each machine M, also processes
its own queue @; of products at a service speed of one when it is operational, which forms the first layer of the
two-layered network.

When lifetimes and repair times follow a phase-type distribution, this networks fits the general model given
in Section 2, as the availability of the Markov chains can then be modelled by a continuous-time Markov chain
{®(t),t > 0}. For the sake of brevity, we will assume in the remainder of Section 5 that N = 2 and that the
lifetime and repair-time distributions of M; are exponentially distributed with rate o; and v;, respectively. Then,
{®(t),t > 0} operates on the state space S = {(U,U), (U, R), (R,U), (W, R), (R, W)}. A state w = (w1, ws) €
S represents for each machine M/; its condition of being up (w; = U), in repair (w; = R), or waiting in the repair
buffer for repair (w; = W) at time ¢. The generator matrix @ with elements g; ;, 7, j € S that corresponds to this
Markov chain is given by

—01 — 032 D) o1 0 0
1] —Vy — 01 0 g1 0
Q= %1 0 -v1—oy O (op) )
0 0 1] —UVy 0
0 121 0 0 -un
and we let ¢; = —g; ; be the sum of the outgoing rates of state 7. The continuous-time Markov chain {®(t),¢ > 0}

is irreducible and aperiodic, so that its invariant probability measure 7 = (7;)jcs is uniquely determined by the
equations w = 0 and 7v1 = 1, and can be obtained explicitly in terms of the model parameters o1, 02, 1 and vs.
Since the machines drain their queues of products at service rate one if they are operational (and zero otherwise),
the connection with the general framework in Section 2 is completed by choosing the state-dependent service
speeds as ¢;(w) =1 {w;=U}» Where 1 4y denotes the indicator function on the event A.

5.2 Derivation of the covariance matrix

Now that the two-layered network is cast as a special instance of the general model given in Section 2, we show
how to compute expressions for the covariance matrix I' of the N-dimensional Brownian motion Z completely in
terms of the model parameters. We do this based on the example of the two-layered network described in Section
5.1. However, the following methods can also be used to find the covariance matrix I'" for any instance of the
model given in Section 2 without any conceptual complications. By (4), it remains to compute expressions for the
covariance terms %% = lim;_, 00 +Cov[C;(t), C;(t)] forallé,j € {1,..., N}. In order to compute these, observe
that the increments of {C;(t),t > 0} and {C;(t),t > 0} are conditionally independent given {®(¢),t > 0}.
Therefore, we can view {(®(t), Ci(t)),t > 0}, {(®(t),C;(t)),t > 0} and {(®(t),C;(t) + C;(t)),t > 0} as

13
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Figure 1: The two-layered model under consideration.

MAPs. As a consequence, a functional central limit theorem for MAPs obtained in [34] can be applied to compute
'ygj foralli,j € {1,...,N}. Let wef € S be an arbitrary reference state and let T}, be the k-th time after t = 0
that the Markov chain {®(¢),¢ > 0} enters this state. Then, the results of [34] imply the following lemma.

Lemma 5.1. Suppose that {Y (t),t > 0} is a Markov-modulated drift process, of which the drift equals dy, when
the Markov chain {®(t),t > 0} is in state k € S. Furthermore, suppose that |dy| < oo for each k € S and that
> kes Trdr = 0. Then, {ﬁY(st),t > 0} converges in distribution, as s — o, to a driftless Brownian motion
starting at 0 with variance parameter

&2 d
SRS Sr i LU STE  (XCSI @n
ies \ T es\(0re,

where the fi-parameters are the unique solution to the set of linear equations

_dm Gm.n
fm = o 2 Im

fo-
n€S\{{m}U{w )}

In particular, we have that lim;_, ., 1 Var[Y (t)] = o%.

Proof. The convergence in distribution immediately follows from [34, Theorem 3.4] by taking X (¢t) = ®(¢) and
D; ; =V;; =v; = 0forall 7, j in the notation of that paper. To show the result for the asymptotic variance of the
modulated process Y, observe that M () = maxy.7, <¢{k} counts the number of times the Markov chain returned
to the reference state up till time ¢, so that { M (¢),¢ > 0} can be interpreted as a (delayed) renewal process. As a
consequence,

lim VarY'(t)] = lim VaI[Y(Z?i(lt) (Ti41 —T7))] + o(t)
t—o0 t t—o00 t
— lim E[M (t)]Var[Y (T — Ty)] + Var[M (t)|E[Y (Tz — T1)]?
t—o00 t
=Var[Y (T, — T1)] Tim ]E[]Vt[(t)] _ Va%}[/jsjinl)]

Section 3 in [34] shows that Var[Y (T — T1)] = E[(Y(Tz — T1))?] = 0%E[T2 — T1], which concludes the
proof. O
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We now apply this lemma to obtain the covariance matrix for the two-layered model with N = 2. In par-
ticular, to compute o, ;, we study the process Y (t) = C1(t) — E[C1(t)] = C1(t) — (7w,v) + 7(w,r))t With
conditional drift dp = 1(reqw,v),w,r)} — (T(w,v) + T(w,r)) When the modulator @ resides in state k. As
Var[Y (t)] = Var[Cy(t)] for any ¢ > 0, an expression for o, is then readily given in Lemma 5.1 by (27).
An expression for oé 5 can be found similarly to the computations above or simply by interchanging the in-
dices in the expression of 02 ;. Observe that an expression for lim;_, o § Var[C1(t) 4+ Ca(t)] can also be found
using the same technique, but now considering the process Y(t) = Ci(t) + Ca(t) — (E[C1(t) + Ca(t)]) =
Cl(t) + Cg(t) - (27T(U,U) + W(U,R) + W(R,U))t instead with dk = ]l{ke{(U,U),(U,R)}} + ]l{ke{(U,U),(R,U)}} —
(2mw,v) + TRy + T(r,U))- Again, it then holds that an expression for limy_o 1 Var[C1(t) + Ca(t)] is given
in (27). After these computations, the covariance matrix I' can be expressed explicitly in terms of the model
parameters. The covariance parameters 71(’: 1 and 72(’: o are by definition equal to 0%71 and 02072, for which we have
already derived explicit expressions. As for the remaining parameters, we have that both 716: o and 72(’: 1 are equal to

.1 1 1 o1 1
Jim SCov[Cy (1), Cs(8)] = 5 (tlggo VarlCy(t) + Ca(t)] = lim - Var[Cy (1)) - lim tVar[Cg(t)]) ,

where all of the terms between the brackets in the right-hand side are now known. As the rest of the terms
appearing in (4) were already expressed in terms of the model parameters, the covariance matrix I' is now explicitly
known.

5.3 Numerical evaluation of the limiting distribution of Z

Now that I' can be computed explicitly, we investigate in this section the joint distribution of Z, i.e. the limiting
distribution of the scaled workload WT, in stationarity. Since the limiting distributions of D, or L, equal the
distribution of Z up to a scalar as observed in Corollaries 4.2 and 4.6, the results also directly relate to the limiting
distributions of the scaled virtual waiting time and the scaled queue length.

To study the joint distribution of Z as defined in Theorem 3.1, we first observe that this distribution equals the
stationary distribution of an N-dimensional SRBM. In particular, by the definitions of Z(¢) and Z;(t) in Section
2 and Theorem 3.1, respectively, we have that the process Z(t) = {Z1(t), ..., Zn(t)} satisfies

Z(t) = ( sup {Z1(s)},..., sup {ZN(S)}>

s€[0,t] s€[0,t]

4 ( sup {Z1(t) — Zy(t — s)},..., sup {Zn(t) — Zn(t — s)}>

s€[0,t] s€[0,t]

- (Zl(t) inf {Z1(s)},..., Zxn(t) — inf {Zn(s )}>

s€10,t] s€0,t]
—Z(t) + RY (1),

where the equality in distribution follows since multi-dimensional Brownian motions are time-reversible [4,
Lemma I1.2]. In this representation, R is the N x N identity matrix, and Y (¢) = (Yi(¢),...,Yn(t)) =
(—infsepo,q {Z1(8)}, ..., —infsepo,1 {Zn(s)}). Observe that {Y'(t),t > 0} is a continuous, non-decreasing
process starting in 0, of which the elements Y; can only increase at times t when Z;(t) = 0. A process with
such a representation is known to be an SRBM on the state space Rf (see e.g. [7, Section 7.4]). By letting
t — 00, it is now clear that the joint distribution of Z coincides with the stationary distribution of an SRBM on
the non-negative orthant with drift vector p, covariance matrix I' and reflection matrix R.

Computing the stationary distribution of a multi-dimensional SRBM is in general a challenging problem.
Although the SRBM corresponding to our model satisfies the conditions derived in [18] for a unique stationary
distribution to exist, it does not necessarily satisfy the necessary requirements found in [19] for this distribution
to have a product form. A numerical approach obtained in [9] to compute the stationary distribution is however
applicable to our setting.

We now apply this numerical algorithm to the two-layered network and observe several parameter effects.
Note that for the two-layered network, R resolves to a 2x2 identity matrix, and the underlying Brownian motion
{Z(t),t > 0} has a drift vector u = (—p1 (7,1 + 7(w,Rr)), —B2(T(w,v) + T(r,v))) and a covariance matrix

I' = diag (Egﬂ (M) + Tw,r)) %(”(U’U) + 7T(R7U))) + T, where T'C is a 2x2 matrix consisting of the
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Table 1: Numerical results for several instances of the two-layered network.

elements ’ygj computed in Section 5.2. For a number of instances of the two-layered network, we have computed

several characteristics of the stationary distribution, such as the first two moments and the cross-moment of 74
and Zo. The results are summarised in Table 1, where for each of the instances the found values for E[Z,], E[Z5]
and the correlation coefficient Corr[Z1, Z5] = ,E[leﬁ]_m[zl]g [Z2]__ are given. Recall that the marginal
VE[Z)|-E[Z,*VE[Z5] -E[Z>)?

distribution of Z; is exponential, so that E[72] = 2K[Z;]2. Observe also that the limiting distributions of D,. and
1~37. are equal to the distribution of Z up to a scalar, so that Corr[Z 1,7 2] does not only represent the correlation
coefficient pertaining to the limiting distribution of the scaled workload WT, but also to that of the scaled virtual
waiting time and the scaled queue length. It follows from Table 1 that the competition between the machines of the
repair facilities can be of such a level, that the correlation coefficient pertaining to the queue lengths is significant.
Moreover, by taking the first instance as a reference, we observe that the correlation coefficient is highly influenced
by the relative convergence speed of the arrival rates (instance no. 2), the variability of the service times (instance
no. 3), the level of asymmetry in the model parameters (instance no. 4), the frequency of machine breakdowns and
speed of machine repairs with respect to the arrivals and services of products (instance no. 5), and the duration of
the machine lifetimes with respect to that of their repairs (instance no. 6).

5.4 Comparison with simulation results

We end this section with an assessment of the quality of the distribution of Z as an approximation for the joint
workload distribution in systems with a considerable load. In Table 2, simulation results for the scaled workload
ﬁv/r corresponding to the values » = 5, 10, 20 are given for each of the instances given in Table 1. Recall that
pi =1— %, so that » = 5,10, 20 corresponds to p; = 0.8,0.9,0.95 if 5; = 1. Thus, the values » = 5,10, 20
represent systems that operate under a high load, as is often the case in practice.

As expected, Tables 1 and 2 suggest that the distribution of Z generally approximates the distribution of ﬁ//,,.
well in terms of marginal means and the correlation coefficient. In particular, the tables confirm that E[WM]
converges to E[Z;] from below as 7 — oo at a fast rate, so that E[Z;] is a provably useful upper bound close to
the actual value of E[Wl ] for large r (i.e., significantly loaded systems). Surprisingly, the rate at which E[W -]
converges to [E[Z;] does not seem to differ much between the model instances. The slowest convergence occurs
in the third model instance due to the high variability of the service times, but it does not deviate much from the
other instances. The only outlying rate of convergence can be found in the expected scaled waiting time of the
first queue in the second model instance, where convergence is a lot faster. However, this is obvious by the nature
of our scaling, since 8; = 1/2 for that model instance instead of 51 = 1. Furthermore, the values of Corr[Z 1,2 2}
turn out to be accurate approximations of the values Corr[W1 s W2 ], ¥ = 5,10, 20, for almost all of the model
instances. Thus, the limiting distribution seems to capture the correlation structure between the queue lengths in
the stable case rather well. One can argue that the fifth model instance is an exception to this. However, due to the
high frequency of machine breakdowns and repairs, there hardly is any correlation between the queues, making
correlation coefficients hard to approximate accurately.
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1 346 | 390 | 4.12 | 3.46 | 3.90 | 4.12 | 0.262 | 0.271 | 0.273
2 || 7.80 | 823 | 845 | 3.46 | 390 | 4.12 | 0.217 | 0.225 | 0.228
3 442 | 5.11 | 547 | 442 | 511 | 547 | 0.180 | 0.189 | 0.192
4 1| 3.08 | 346 | 3.65 | 572 | 6.46 | 6.82 | 0.466 | 0.460 | 0.453
5 1.07 | 1.20 | 1.27 | 1.07 | 1.20 | 1.27 | -0.053 | 0.001 | 0.044
6 164 | 1.85 | 195 | 1.64 | 1.85 | 1.95 | 0.121 | 0.126 | 0.125

Table 2: Simulation results for W5, W1o and Wzo.
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