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Chapter 1

Introduction

In daily life, one is often confronted with the phenomenon of queueing: in the su-
permarket, at the post office or when phoning a company or government institution.
While waiting on the phone, a waiting customers sometime is told how many cus-
tomers are waiting in front of him, or what the mean waiting time is !. In order to
be able to inform the waiting customers about their mean waiting time, some kind
of analysis of the queueing system has to be performed. This master thesis deals
with a part of evaluation of the performance of queueing systems, and especially
with simulation techniques.

Queueing systems do not only interfere in daily life, but are used in a variety of
applications such as the performance evaluation of computer systems and commu-
nication networks. In the mathematically modelling of queueing systems, an impor-
tant tool is Markov chains. One of the main points of interest is the behaviour of
the queueing system in the long run. For an irreducible, ergodic (i.e. aperiodic and
positive-recurrent) finite-state Markov chain with probability matrix P, this long
run behaviour follows the stationary distribution of the chain given by the unique
probability vector m which satisfies the linear system m = wP. However, it may be
hard to compute this stationary distribution, especially when the finite state space
is huge which is frequent in queueing models. In this case, several approaches have
been proposed to get samples of the long run behaviour of the system.

The most classical methods are indirect. They consists in first computing an
estimation of 7 and then sample according to this distribution.

Estimating 7 can be done through efficient numerical iterative methods solving
the linear system m = 7P [10]. Even if they converge fast, they do not scale when
the state space (and thus P) grows. Another approach to estimate 7 is to use
regenerative simulation [3, 6] based on the fact that on a trajectory of a Markov
chain returning to its original state, the frequency of the visits to each state is
steady state distributed. This technique does not suffer from statistical bias but
is very sensitive to the return time to the regenerative state. This means that the
choice of the initial state is crucial but also that regenerative simulation complexity
increases fast with the state space. This is exponential in the number of queues.

There also exist direct techniques to sample states of Markov chain according to
its stationary distribution. The classical method is Monte Carlo simulation. This

1In Dutch, this comes down to the the phrases everyone is familiar with like ”Er zijn nog twee
wachtenden voor u” (" There are two people waiting in front of you”) and ”De gemiddelde wachttijd
bedraagt 6 minuten” (”The mean waiting time is 6 minutes”). Lazy companies however only put
on some (often annoying) music, and the only information one gets is that ”al onze medewerkers
zijn in gesprek, een momentje geduld alstublieft” (”All employees are occupied, so please hang
on”).
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method is based on the fact that for an irreducible aperiodic finite-state Markov
chain with initial distribution 7(®, the distribution 7™ of the chain at time n
converges to m as n gets very large:

lim 7 = lim 7@ P" = 7.

n—oo n—oo
After running the Markov chain for a long time, the state of the chain will not
depend on the initial state anymore. However, the important question is how long
is long enough? That is, when is n sufficiently large such that |7(") — 7| < € for
a certain € > 0?7 Moreover, the samples generated by this method will always be
biased.

In 1996, Propp and Wilson [7] solved these problems for Markov chain sim-
ulation by proposing an algorithm which returns exact samples of the stationary
distribution very fast. The striking difference between Monte Carlo simulation and
this new algorithm is that Propp and Wilson do not simulate into the future, but go
backwards in time. The main idea is, while going backwards in time, to run several
simulations, starting from all states until the output-state at ¢ = 0 is the same for
all of these. If the output is the same for all runs, we say that the chain has cou-
pled. Because of this coupling property and the backward scheme, this algorithm
has been called Coupling From The Past (from now on: CFTP).

When the coupling from the past technique is applicable, one gets in finite time
one state with steady-state distribution. Then one can use either one long-run
simulation from this state or replicate independently the CFTP algorithm to get a
sample of independent steady-state distributed variables. The replication technique
has been applied successfully in finite capacity queueing networks with blocking and
rejection (very large state-space) [13]. The efficiency of the simulation allows also
the estimation of rare events (blocking probability, rejection rate) [12].

One can apply the CFTP technique to finite capacity queueing networks. The aim
of this master thesis is to study the simulation time needed to get a stationary
sample for finite capacity networks. More precisely, we study the coupling time
7 of a CFTP algorithm (i.e. the number of steps needed to provide one sample).
This coupling time is a random variable and we try to set bounds on the expected
coupling time.

The organisation of this thesis is as follows: In Chapter 2 we will introduce the
simulation method of CFTP. We will linger on the difference between the back-
ward algorithm and the forward equivalent. In Chapter 3 we introduce queueing
networks and explain that CFTP is applicable after uniformization of the system.
Furthermore, we will derive some general bounds on the coupling time.

Chapter 4 is dedicated to the analysis of a single queue with a finite capacity and
a single server (M/M/1/C queue). Of course, one does not need to run simulations
to obtain the stationary distribution of this simple model since they can be easily
computed [9, 11]. However, we will need the results on the coupling time of a simple
queue in order to construct a bound for acyclic networks. For the M/M/1/C queue,
we will derive a recurrence expression for the exact coupling time. Moreover, we
will provide some easily calculable bounds which are quite good with respect to
the exact coupling time. Finally, we will study the coupling time by a generating
function approach, so to set a stochastical bound on the distribution of the coupling
time.

In Chapter 5 we construct a bound on the coupling time of a acyclic queue-
ing network, by using the results of the previous chapter. This bound is tested
in Chapter 6. We ran several runs of the CFTP algorithm for different acyclic
queueing networks. These simulations are carried out with the simulation software
Psi2 which is developed in the ID-IMAG laboratory, Grenoble. Finally, Chapter 7
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summarises the results of this thesis and points out topics for further research.
This thesis is the result of a six month internship in the ID-IMAG laboratory
in Grenoble, France. In order to make clear for the reader what results are directly
related to the research project in Grenoble and what results have been published in
literature, we mark every result that is taken from the literature with its reference
by [-]. The main outline is that the results of the Chapters 2 and 3 are mainly based
on the literature, whereas the Chapters 4, 5 and 6 provide mainly new material.



Chapter 2

The coupling from the past
algorithm

The aim of this chapter is introducing a simulation method which is called coupling
from the past. This simulation algorithm was introduced by Propp and Wilson [7].
To do this, we will first define a Markov chain in terms of a transition function
which is driven by events. Then we will take a look at a coupling method into the
future and its restrictions, before turning to coupling from the past in section 2.3.

2.1 Markov chains and simulation

Let {Xn}neN be a discrete time Markov chain with a finite state space S and a
transition matrix P = (p; ;). In order to run simulations of the Markov chain, we
need to specify how to get from X,, to X,+1. The main ingredients for this are
events and a transition function.

Definition 2.1. [13] An event e is an application defined on S that associates to
each state s € S a new state.

The set of all events is called £, and we suppose that the set £ = {e°,...,eM} is
finite. Each event e has a probability p (¢) and we suppose that these probabilities
are strictly positive for each event e € £. The events in a Markov chain can be quite
natural. For example, in a random walk on Z, the set £ consists of two elements,
e® and e'. The event e° is a step from s to s + 1 and the other event e® is a step
from s to s — 1 for all s € S.

The second ingredient is the transition function

¢:SxE—S,

with P (¢(i,e) = j) = p;; for every pair of states (¢,j) € S and for any e € £. The
function ¢ could be considered as a construction algorithm and e the innovation
for the chain. Now, the evolution of the Markov chain is described as a stochastic
recursive sequence

Xn+1 - ¢(X7Laen+1)7 (21)

with X, the state of the chain at time n and {e,, },,. an independent and identically
distributed sequence of random variables. The sequence of states {X,} defined
by the recurrence (2.1) is called a trajectory.

To run a simulation using (2.1), we need to specify how to generate the events.
A way to generate the events is by using the inverse transformation method [9], p.

neN



2.1. Markov chains and simulation

644. Let u be distributed uniformly on [0, 1], and define f : [0,1] — £ as:
) forue [O,p (eo)) ,

?1 .for ue [p(e),p () +p(e)),

f(u) = :31' .for u € {Z;;Bp (ej) ’Ej’zop (ej)) ’

eM forue [ij\iglp (e) ,1] i

Now, when we start in state s € S, one can run a simulation of a trajectory of a
Markov chain from 0 to m by performing Algorithm 1.

Algorithm 1 Forward simulation of a trajectory of length m

n=0;
s « Xy {choice of initial value Xy}
repeat
n=n-+1;
u < Random_number; {generation of wu,}
e — f(u); {determination of e, }
s « &(s,e); {determination of state at time n}
until n=m
return s

Several Markov chains, each of them being constructed using a different function
¢, all have the same transition matrix P. The next example illustrates this:

Example 2.1. Suppose we have two states. We will construct three Markov chains,
each of them having a transition matrix P with

p:< )

Figure 2.1: The transition graph of a Markov chain with transition matriz P of Example
2.1.

[T
[T

—

1. Markov chain 1
Let the set of events £ consists of two events e’ and e! with p (eo) =p (el) =
1/2 and let the function ¢ be defined as:

0 for s=0,
1 fors=1,

1  for s =0,
0 fors=1.

10} (s,eo)

and

10} (s,el)
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This means that if we apply event €° , the chain stays in its present state, no
matter what its present state is. The event el represents a transition to the
other state for both states 0 as 1.

2. Markov chain 2
Let the set of events £ again consists of two events e and e! with p (eo) =
p(e') =1/2 and let the function ¢’ be defined as:

0 fors=0,
d(s,eo) - {0 fors=1

and

1  for s =0,
qﬁ’(s,el) - {1 for s = 1.

Remark that indeed the events are different form the events used for the
previous Markov chain. Now, if the present state is state 0 and we apply
event ¢, we stay in state 0 just as in the previous Markov chain. However,
if we apply event e if we are in state 1, we make a transition to state 0, and
this is different from the definition of event €° in the first Markov chain.

3. Markov chain 3
Let the set of events £ now consist of four events e, e', €2 and e* with
p(e) =1/4fori=0,...,3. Let the function ¢" be defined as:

1

¢ (s,e") = {0 for s =0,

0 fors=1,
and
0 fors=0
" 1 _ ?
¢(s,e) N {1 for s =1,
and
1 fors=0
" 2 _ ?
ng(s,e) N {0 for s =1,
and
1 fors=0
/1 3 _ ’
¢(s,e) N {1 for s = 1.
Now the three Markov chains all have the same transition matrix P. A

2.2 Coupling into the future

Let ¢ : § x £” — S denote the function whose output is the state of the chain
after n iterations, starting in state s € S. That is,

¢ (s,e1n) = (... P (D (s,e1),€2),. .. €n). (2.3)
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This notation can be extended to sets of states. So for a set of states A C S we
note

¢(") (Aye1p) = {¢(”) (s,e1-m),8 € A} .

Assume we run |S| copies of a Markov chain, and each copy starts in a different
state s € S. Then the number of states that can be attained after n iterations is
equal to ‘qﬁ(") (S, elﬂn)| . Consider an arbitrary sequence of events {e,}, . Let
al = |¢)(”) (S, el_,n)‘ . The index f indicates that we are using the forward scheme.

Lemma 2.1. The sequence of integers {afl}neN 18 non-increasing.

Proof. The cardinal a/ of the image of ("~ (S, e1_.,,_1) by &(., e,) is less or equal
than the cardinal afl_l of ¢~V (S,e;_n_1). Since

o) (Se1mn) = ¢ (677D (S,e1-01) ven)

the sequence {afl} is non-increasing. O

neN

Intuitively this is clear, since the transition function ¢ maps each pair (s, e) on
exactly one state. Therefore, when starting with m < |S| copies, the number of
states one can reach after n iterations cannot exceed m.

Theorem 2.1. Let ¢ be a transition function on S X €. There exists an integer [*
such that
lim [¢™ (S, e1n)| = 1" almost surely.
n—-+o0o

Proof. This result is based on the previous lemma and the fact that S is finite.
Consider an arbitrary sequence of events {ey}nen. Lemma 2.1 implies that the
sequence {af },en converges to a limit I. Because the sizes of these sets belong to
the finite set {1,---,|S|}, there exists a ng € N such that

a{m - ‘QS(RO) (8’ el—’”o) =1

Consider now [* the minimum value of [ among all possible sequences of events.
Then there exists a sequence of events {e’ } ,en and an integer ng such that

[0 (S.€1)

=1" forall n > ng.

As a consequence of the Borel-Cantelli Lemma, almost all sequences of events
{en}nen include the pattern e*l;ns. Consequently, the limit of the cardinality

of ¢ (S,e1_.,) is less than or equal to I*. The minimality of I* completes the
proof. O

This means that when starting the |S| copies from the different initial states,
after running enough iterations, the set of attainable states will be of size £*.

Definition 2.2. The system couples if £* = 1 with probability 1.

Note that the coupling property of a system ¢ depends only on the structure of
¢ and that the probability measure on £ does not affect the coupling property. The
proof of Theorem 2.1 shows that in order to couple with probability 1, it suffices
to have at least one sequence of events that ensures coupling. Since the existence
of such a sequence depends on the chosen transition function ¢, the choice of the
transition function is important. The next example shows this.
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Example 2.2. Recall that the three Markov chains from Example 2.1, constructed
by the functions ¢, ¢’ and ¢” respectively, all have the same transition matrix P.
These three transition functions are shown in Figure 2.2. In this figure, we see for
the three transition functions two intervals [0, 1], for state 0 and 1 respectively, and
the events. The correspondence between the unit interval and the events is obtained
by the method of (2.2). A dashed interval means that the transition function makes
a transition to state 0 and a blank interval means that the transition function makes
a transition to state 1.

I R I R
6(0,¢) | ¢ (0,¢) |
(Le) | #(1,0) |
0 3 1 0 3 1
(a) The transition function ¢ (b) The transition function ¢’
Poet el e e
¢ (0 SININNY—
o (le) XXX S— 1
U N 1

(¢) The transition function ¢

Figure 2.2: Three different transition functions all having the same transition matriz.

Now, coupling corresponds to having an interval (a,b) € [0, 1] which has the
same colour for state 0 as for state 1. So it is clear from Figure 2.2.a. that the
system represented by the transition function ¢ can never couple since the dashed
intervals do not match. However, if we look at Figure 2.2.b. for function ¢’, we
see that every iteration step leads to coupling. Finally, function ¢” only assures
coupling for the events e and e3 (Figure 2.2.c). A

Definition 2.3. The forward coupling time 7/ is a random variable defined by

:1}.

Provided that the system couples, the forward coupling time 7/ is almost surely
finite. From time 77 on, all trajectories issued from all initial states at time 0 have
collapsed in only one trajectory.

From now on, we suppose the Markov chain {X,, },en is irreducible and aperi-
odic. Then X, has a unique stationary distribution. However, P (X ;s = s) # 7, in
general. This means that the distribution of the state where coupling occurs (i,.e
the stochastic variable X ;) is not the stationary distribution of the Markov chain.
The next counterexample, obtained from [5], p. 81, shows that forward simulation
does not yield a sample that has the stationary distribution.

7 = min {n € N such that [¢(™ (S, e;.,)

Example 2.3 (Counterexample, [5]). Suppose we have a Markov chain with
state space S = {0,1} and transition matrix

11
—( 2 2
r=(: 1)
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1

oo

1
2

NI

Figure 2.3: The transition graph of the Markov chain of Example 2.3

The stationary distribution 7 is the solution of 7 = 7P with the normalization
equation my + m = 1. Solving leads to

7= (mo,m) = (;%)

Let us run two copies of the chain, one starting in state 0 and the other one in state 1,
and suppose that they couple at time 77. Now we will show that P (X s = 0) # 7.
Because of the definition of 7/, at time 7/ — 1 the two copies cannot be in the same
state. Thus at time 77 — 1, one copy is in state 0 and the other in state 1. Since
p1o = 1, the copy being in state 1 at time 7/ — 1, will be in state 0 at time 77.
Hence, P (X, = 0) = 1. and thus coupling always occurs in state 0. This is not in
agreement with the stationary distribution . A

Let e*l;n; be a sequence of events that ensures coupling. Then the probability

that this sequence occurs equals p (ef) -p(e5)----- p(es,) . If 77 > k-nj, then the
sequence e’{ﬁng does not appear in the events in the simulation run from time 1 up
to time k- ng. Then the sequence e]_,,,. does not appear in the events used for the
simulation from time ¢-ng§+ 1 up to time (¢ + 1) -n§ for s = 0,...,k — 1. Since this
are k independent events, it follows that,

P(rf > ko) < (1—p(ei)-ples) .. plel,))" (2.4)

Thus the existence of some pattern e’l‘_mg that ensures coupling, guarantees that

71 is stochastically upper bounded by a geometric distribution.

2.3 Coupling from the past

2.3.1 General coupling from the past

The iteration scheme of (2.3) can be reversed in time as it is usually done in the
analysis of stochastic point processes. To do this, one needs to extend the sequence
of events to negative indexes. The difference between coupling into the future
and coupling from the past is the order of using the events. Using coupling into
the future, a trajectory of length n of a single state s is obtained by choosing a
sequence of events ej_,, and applying (2.3). In a simulation run, the first event
used is ej, and the last one is e,,. While using coupling into the past, a trajectory
of length n of a single state s is obtained by choosing a sequence of events e_,, 11,0
and applying:

(b(n) (57 6—71+1—>0) =¢ ( o (¢ (57 e—77,+1) ae—n+2) LR 60) .

Thus now the the first event used is e_,, 11, and the last one is eg. In other words,
coupling into the past adds events at the beginning of the simulation, whereas
coupling into the future adds events at the end of the simulation.
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Consider an arbitrary sequence e_, 1.9 of events. Analogous to the definition
of {a}}, _ of the previous section, we define the sequence {a},} _. with a}, =
|¢(”) (S, e,nﬂéo)‘ . Now, a¥, counts the number of possible states at time 0 when
applying the sequence e_,+1_0 in a simulation run. By the same reasoning as
in Lemma 2.1 and Theorem 2.1, one can show that the sequence {a%}neN is non-
increasing and converges to a limit. Consequently, the system couples if the sequence
{a}}, cx converges almost surely to a set with only one element. Provided that the
system couples, there exists a finite time 7°, the backward coupling time almost

surely, defined by
7% = min {n € N; such that ¢(") (S, e,nﬂﬂo)‘ = 1} .
A sequence {up}, ., is called stationary if for every n = 1,2,... we have
(Uoy oy Upn) = (Uky vy Ukgn) forallk € Z

in distribution. Every independent and identically distributed sequence is station-
ary.
The main result of the backward scheme is the following theorem [7].

Theorem 2.2. Provided that the system couples, the state when coupling occurs
for the backward scheme, is steady state distributed.

Proof (based on [1/]). For all n > 7% and all s € S we can split the backward
scheme in first a trajectory from time —n + 1 up to time —7° and then a trajectory
from time —7° + 1 up to time 0. In doing so, we see that

¢(n) (87 efn+l~>0) = (b(Tb) (¢(nf'rb) (87 e—n+1—>—7'b) Je—Tb+1—>0) .

By definition of 7%, for all s € S we have qS(Tb) (s,e_rby10) = & for a certain
s’ € 8. Therefore,

¢(Tb) ((b(n_Tb) ($s€_np1r0), 677b+1*>0) =5,

and thus .
¢(n) (57 6—7L+1—>0) = (b(‘r ) (57 e*Tl’Jrl*»O) ’ (25)

forn > 7% and all s € S.
Let Y denote the state generated by the backward scheme and let a be an
arbitrary state. Then

=
~
Il
=
I
=
—
<
Gy

b
) (Sv e*TbJrl*»O) = Cl) )

I
=

I
=
P
(G

3
Il
=]

(@

’ S,6_rbi1 :an-b\n s
{¢(T)( 1-0) < })

3
Il
=]

{415(") (8, e—nt1-0) = a, 7" < n}) ,

= lim P (gb(") (s,e—nt1-0) = a) .

Since the sequence {ey }, . is independent and identically distributed, the sequence
is stationary and therefore

™ (s,e_pt1-0) = ™ (s,€1-n)

10
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in distribution. Hence,

lim P ((b(") (s,e—nt1-0) = a) = lim P ((b(") (s,e1-n) = a) .

n—oo n—oo

Since the Markov chain is irreducible and aperiodic, lim,, .o P (¢(™ (s, €1-.,) = a) =
7a. It follows that P (Y = a) = m, and thus the value generated by the backward
scheme is steady state distributed. O

The above proof goes wrong for coupling into the future. Due to the different
order of placing the events in a simulation run, the equivalence of (2.5) for coupling

into the future, ¢(™ (e;_.,) = qS(Tf) (s,ei1_rs), does not hold. We can see this as

follows: by the definition of 77, for all s € S we have qS(Tf) (s,e1,7) = & for a
certain s’ € S. Then for all n >: 77:

Qg(n) (1) = (b(n_Tf) (¢(Tf) (s,e101) €Tf+1ﬂn) _ ¢(n—q-f) (S/, eTf+1~>n) .
Since ¢(”7Tf) (s'yers11m) # ' in general, it follows that
0™ (e1-n) # 0" (s,01.7)
in general.

From the result of 2.2, a general algorithm (2) sampling the steady state can be
constructed.

Algorithm 2 Backward-coupling simulation (general version)

for all s € S do
y(s) < s {choice of the initial value of the vector y, n = 0}
end for
repeat
e <« Random_event; {generation of e_,+1}
for all s € S do
y(s) — y(o(s,€));
{y(s) state at time O of the trajectory issued from s at time —n + 1}
end for
until All y(x) are equal
return y(z)

The working of the algorithm is illustrated in Figure 2.4 for a Markov chain
with state space S = {0,1,2,3}. First, we set n = 1 and we generate an event
e_nt1 = €g € E. Suppose that

#(0,e0) = 0,
¢ (l,e0) = 2,
#(2,e0) = 3,
gb (3, 60) = 1.

Since the output is not a single state, we are obliged to do a second run with n = 2.
Suppose that we generate event e_; and that the sequence e_;_.g = e_1, eg delivers

¢(0,e_1.0) = 2,
¢(l,ec10) = 3,
¢(27€—1—>0) = 1a
¢(37€—1—>0) = 2

11
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9 ] o  Time

Time

-3 _9 1 0 Time

Figure 2.4: The coupling from the past algorithm applied to a Markov chain with four
states. The transitions carried out by the algorithm are in solid lines for every step and
the others are dashed.

Since the chain has not coupled yet, a third iteration is carried out by generating
event e_s. Suppose that the sequence e_o_,¢ yields

( )
¢(l,e_ag) =

( )

( )

NN

¢

Now the chain has coupled and the output of the algorithm is state 2.

Note that for the iteration at time —n we re-use the sequence of events from
time —n up to 0. This means that this sequence of events needs to be stored. One
can ask why we cannot take a new sequence of events for every iteration, so as to
avoid the storage of events. However, the following example, taken from [5] p. 82,
shows that by taking a new sequence of events for every iteration, biased samples
are obtained.

Example 2.4. [5] We use again the Markov chain of Example 2.3. We have two

12



2.3. Coupling from the past

events e? and e! in the chain and a transition function ¢ with:

0 for s=0,
(;5(5,60) - {0 fors=1

and

1 for s =0,
(b(s,el) - {0 for s = 1.

Now we apply the modified algorithm with a new random sequence of events
for each iteration. Let Y denote the output of this modified algorithm and 7°
is the backward coupling time. From the results of Example 2.3 it follows that
P (Tb = 1) = 1/2 and that P (Y =0 |7'b = 1) =1. When the coupling time 7°
equals 2, the first iteration has not lead to coupling. This happens with proba-
bility 1/2. From time —2, there are four possible sequences of events. Of these
four sequences, the three sequences consisting of at least once the event e lead to
coupling. Therefore, P (7 = 2) = 1/2-3/4 = 3/8. Of the three coupling sequences
of length two, there are two (namely {eo, eo} and {el, eo}) which lead to coupling
in state 0. Hence, P (Y =0|r* =2) = 2/3. Now:

Thus this modified algorithm does not generate samples which are distributed ac-
cording to the stationary distribution. A

The Algorithm 2.4 picks an event e, computes the update function ¢ (s,e) and
and adds this step to the trajectory in every loop. This procedure is performed for
all s € S until coupling at time 7°. The cost of the algorithm is the number of calls
to the transition function ¢. Therefore, the mean complexity cs to generate one
sample is

¢y =0 (E[r']-|5]). (2:6)

2.3.2 Monotone coupling from the past

From (2.6) it follows that the coupling time 7° is of fundamental importance for
the efficiency of the sampling algorithm. To improve its complexity, we could try
to reduce the factor |S| or reduce the coupling time. We will first take a look at
reducing the factor |S].

Definition 2.4. A relation < on a set S is called a partial order if it satisfies the
following three properties:

(i) reflexivity: a < a for alla € S.
(ii) anti-symmetry: if a < b and b < a for any a,b € S, then a = b
(iii) transitivity: if @ < b and b < ¢ for any a,b,c € S, then a < c.

Definition 2.5. A transition function ¢ : S x £ — S is called monotone if for every
e € £ and every x,y € S with z < y we have ¢ (z,¢e) < & (y, e).

13



2.3. Coupling from the past

Suppose that the state space S is partially ordered by a partial order < and
denote by M AX and MIN the set of maximal, respectively minimal elements of
S for the partial order <. Then for every s € S there exists a s; € MIN and
a so € MAX such that s; < s < s3. Furthermore, suppose that the transition
function ¢ is monotone for each event e. Consequently,

(b(sla e) = (b(S, 6) < ¢(827 6)7

and
B(51,6nt1-0) < (5,6 ntr1-0) < P52, _ni1-0).

Thus it is sufficient to simulate trajectories starting from the maximal and minimal
states. Note that when there is only one minimal and only one maximal element in
the state space S, the monotonicity property reduces the number of starting points
for each iteration from |S| to 2.

Now, suppose that our system is monotone with |[M AX| = |MIN| = 1. Then it
suffices to run the two copies starting from M AX and MIN. For each iteration we
need to run the two copies up to time 0 because we cannot test whether coupling
has occurred from the previous iterations. We run the copies until coupling occurs
at time 7°. Then the total number of calls to the transition function ¢ equals

2 (142434 +7) = (") + 7, (2.7)

where the 2 in front comes from the fact that we run two copies. This means that
the mean complexity ¢y, = O (IE {(Tb)zD for the monotone case.

Now we will show that by smartly choosing the starting points, we can reduce the
complexity of the monotone case. So let us take the starting points —1, -2, —4,....
Then we run the chain until the smallest integer k& with 2* > 7°. By doing so, one
can overshoot the real coupling time. However, this is not a problem since we have
seen that

oM ( — (")
S, €—7L+1—>0) - ¢ (57 €—7L+1—>0)

for every n > 7°. Then the number of calls to ¢ equals
2-(L4+244+-- 4281 42F),
and by induction one can show that
2 (142+44-- 42714 2F) < 2F+2, (2.8)

Now we will compare the number of iterations of (2.7) with (2.8). By definition
of k, we have 2= < 70 < 2%, When applying the monotone algorithm without the
doubling period, it follows from (2.7) that we need to perform at least (2’“’1)2—1—2’“’1
calls to ¢. When applying the monotone algorithm with a doubling period, one
performs less then 2512 calls. One can easily verify that 2512 < (2’“’1)2 +2F=1 for
k > 4. Thus as soon as k > 4, the doubling period scheme demands less calls than
the one step scheme. This means that as soon as 77 is bigger than 16, the doubling
scheme is more effective in monotonic systems with |[MAX| = |[MIN| = 1.

The monotone version with doubling period of Algorithm (2) is given by Algo-
rithm (3). In this case, we need to store the sequence of events in order to preserve
the coherence between the trajectories driven from MIN U M AX. A realization
of the monotone CFTP algorithm with doubling period on a random walk on five
states is shown in Figure 2.5. The partial order on this random walk is the ordinary
<.
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2.3. Coupling from the past

The equivalent of (2.8) in case of general monotony (that is: there exist MAX
and MIN, but its size is not necessarily equal to 1), is

(|IMAX| +|MINJ)-4- 21
(IMAX|+|MIN|)-4-E[r"].

(IMAX|+|MIN|) (1+2+---+2F) <
<

Thus this monotone version with doubling period leads to a mean complexity cg

¢y =0 (E[r"] - (IMIN| + |MAX))). (2.9)

Algorithm 3 Backward-coupling simulation (monotone version)

n=1;
R[n]=Random_event;{array will R stores the sequence of events }
repeat
n=2.n;
for all se MINUMAX do
y(s) < s {Initialize all trajectories at time —n}
end for
for i=n downto n/2+1 do
R[i]=Random_event; {generates all events from time —n + 1 to § + 1}
end for
for i=n downto 1 do
for all se MINUMAX do
y(s) — ly(s), Rli)
end for
end for
until All y(s) are equal
return y(s)
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2.3. Coupling from the past

o 4
N\
Ly
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Time
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1

[e] [e] [e] [e] 0
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T T T T 1 1 T 1 i Time
-8 -7 —6 -5 —4 -3 -2 —1 0 e

Figure 2.5: A run of the coupling from the past algorithm on a random walk on
{0,1,2,3,4}. The trajectories starting from the mazimal state MAX = 4 and the minimal
state MIN = 0 are in solid lines, whereas the trajectories for all other states are dashed.
The output is state 3.
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Chapter 3

The CFTP-algorithm in open
Markovian queueing
networks

In this chapter, we will explain how to apply the CFTP-algorithm on a open net-
work of queues. Furthermore, we will derive some general bounds on the backward
coupling time in a network.

3.1 CFTP in a queueing network

Consider an open network @ consisting of K + 1 queues Qo, ..., Qx. Each queue
Q); has a finite capacity (with the place at the server included), denoted by C;,
i =0,...K. Thus the state space of a single queue Q; is S; = {0,...C;}. Hence,
the state space S of the network is § = &1 X - -+ X Sg. The state of the system is
described by a vector s = (sg,...,Sk) with s; the number of customers in queue
@;. The state space is partially ordered by the component-wise ordering and so
there is a maximal state M AX when all queues are full and a minimal state M IN
when all queues are empty.

The network evolves in time due to exogenous customer arrivals from outside of
the network and to service completions of customers. After finishing his service at
a server, a customer is either directed to another queue by a certain routing policy
or leaves the network. A routing policy determines to which queue a customer will
go, taking into account the global state of the system. Moreover, the routing policy
also decides what happens to a customer if he is directed to a queue the buffer of
which is filled with C; customers. We assume that customers who enter from outside
the network to a given queue arrive according to a Poisson process. Furthermore,
we suppose that the service times at server ¢ are independent and exponentially
distributed with parameter pu;.

An event in this network is characterized by the origin queue, a list of the
destination queues, a routing policy and an enabling condition. A natural enabling
condition for the event end of service is that there must be at least one customer
in the queue. network. As in the preceding chapter, & = {e°,...,eM} denotes the
finite collection of events of the network. With each event e’ is associated a Poisson
process with parameter A;. If an event occurs that does not satisfy the enabling
condition, the state of the system is unchanged.

Example 3.1. Consider the acyclic queueing network of Figure 3.1 which is char-
acterized by 4 queues and 6 events. These 6 events are characterized by the origin
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3.1. CFTP in a queueing network

of customers, one destination queue (where queue () _; represents the exterior), an
enabling condition and the routing policy. In this network, customers who are di-
rected towards a queue which completely filled, are rejected and thus lost for the
system. In this network, the service rates are g = A1 + A2, 1 = A3, po = A\q and
3 = As.

Ci1 A3
T -O-
Ao As
Aa

C,

event | rate | origin | destination | enabling condition | routing policy
eV Ao Q_1 Qo none rejection if Qg is full
el M| Qo Q1 50> 0 rejection if Q is full
e’ A2 Qo Q2 s0>0 rejection if Q5 is full
e | @ Qs 51> 0 rejection if Q3 is full
et A Q2 Q3 s2>0 rejection if Q3 is full
e’ As Qs Q-1 s3>0 none

Figure 3.1: Acyclic queueing network with rejection.

For a transition function ¢ we get for the event el:

(so— 1,514+ 1,s9,s3) ifsp>1ands <Ch,
o(.,e") : (s0, 51,52, 83) — (so — 1, 51, 82, 83) if so > 1 and s; = C1,
(307 S1, 82, 83) if s = 0.

In addition to monotone functions, we will also define monotone events.

Definition 3.1. An event e is monotone if ¢(z,e) < ¢(y, e) for every z,y € S with
x < y and < a partial order on S.

Let N; : § — &; with N, (sg,...,skx) = s;. So N; returns the number of cus-
tomers in queue Q;.

Proposition 3.1. A routing event with rejection if all destinations queues are full,
s a monotone event.

Proof. ([13]) The proof is carried out by examining all possibilities. Let (z,y) € S2
such that z < y. Let e be a routing event with origin @); and a list of destinations
Qj,,Qjyy -, Q. If y; =0 then also x; is and thus the event does not change the
states « and y. Hence, ¢(z,e) =z <y = ¢(y,e). If y; > 0 and z; > 0, then

Ni(¢(y,e)) =yi —1 > max{z; — 1,0} = N; (¢ (z,¢)).

Let Q;, be the first non saturated queue in state y. If the first non saturated queue
for state x is strictly before Q;, , then it follows that ¢(x,e) < @(y, e). If Q;, is also
the first non saturated queue for both state x as y then also ¢(z,e) < ¢(y, e). Since
x < y, these are the only possibilities and this completes the proof. O
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3.2. General remarks on the coupling time

Moreover, also other usual events such as routing with blocking and restart and
routing with a index policy rule (e.g. join the shortest queue) are monotone events
[4, 13].

In order to apply the CFTP algorithm, we construct a discrete-time Markov
chain by the uniformizing the system by a Poisson process with rate A = Z?io A
One can see this Poisson process as a clock which determines when an event tran-
sition takes place. To choose which specific transition actually takes place, the
collection & of events of the network is randomly sampled with

) A
pi:IE”(event e occurs) :Kl. fori=0,...,M.
Proposition 3.2. The uniformized process has the same stationary distribution as
the queueing network, and so does the discrete time Markov chain which is embedded
in the uniformized Markov process.

For a more detailed overview of uniformization and a proof of the above Propo-
sition, see Appendix A. Provided that events are monotone, the CEFTP algorithm
can be applied to queueing networks to build steady-state sampling of the network.
One then only needs to simulate the two trajectories starting from the minimal state
MIN and the maximal state M AX. From now on, we consider queueing networks
with only monotone events.

3.2 General remarks on the coupling time

To get a first idea of the behaviour of the coupling time 7° of the CFTP algorithm,
we ran the CF'TP algorithm on the network of Example 3.1. So we produced samples
of coupling time. The parameters used for the simulation are the following:

Capacity of the queues: 10 for every queue @;, i =0,...3
Event rates: A1 =14, =0.6, A3 =08, \y =0.5 and \s = 0.4.

The global input rate Ag is varying. The number of samples used to estimate the
mean coupling time is 10,000. The result is displayed in Figure 3.2.

T

400

350

300

250

200

150 - 1

100 [~ 1

50 F |

0 ! ! ! !
0 1 2 3 4 AO

Figure 3.2: Mean coupling time for the acyclic network of Figure 3.1 when the input rate
varies from 0 to 5, with 95% confidence intervals.
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3.2. General remarks on the coupling time

This type of curve is of fundamental importance because the coupling time cor-
responds to the simulation duration and is involved in the simulation strategy (long
run versus replication). These first results can be surprising because they exhibit
a strong dependence on parameters values. The aim of this thesis is now to under-
stand more deeply what are the critical values for the network and to build bounds
on the coupling time that are non-trivial.

As in section 2.3, 7° refers to the backward coupling time of the chain, whereas 7/
refers to the forward coupling time.

Proposition 3.3. The backward coupling time 7° and the forward coupling time
71 have the same probability distribution.

Proof. ([14]). Compute the probability

P(rf >n) =P (‘¢(") (S, e1n)

>1).
Since the process {e, }nez is stationary, shifting the process to the left leads to

P (‘(b(n) (Sa el—m)

>1) =P (‘qﬁ(”) (S,e_n+1_>o)‘ >1) =P (" > n).
Therefore, 77 and 7° have the same distribution. O

Hence, if we want to make any statement about the probability distribution of
the coupling time 7% of CFTP, we can use the conceptually easier coupling time
7/. By combining Proposition 3.3 with Inequality 2.4 we see that the existence
of a sequence that ensures coupling also guarantees that 7° is stochastically upper
bounded by a geometric distribution.

Definition 3.2. Let Tib denote the backward coupling time on coordinate i of the
state space. Thus 77 is the smallest n for which

(5 S ) 1.

In the same way, we define Tif as the smallest n for which

(97 5.0 )| 1.

Because coordinate s; refers to queue Q;, the random variable Tib ( Tif respectively)

represents the coupling time from the past (the coupling time into the future re-
spectively) of queue @;. Once all queues in the network have coupled, the CFTP
algorithm returns one value and hence the chain has coupled. Thus

K

b _ b b

70 = lrgnizg{{n b <st ZlTi . (3.1)
i

By taking expectation and interchanging sum and expectation we obtain:

K K
Sol-Sep. ey

It follows from Proposition 3.3 that 7° and 7/ have the same distribution. The
same holds for 7/ and 7. Hence E [r!] = E {Tif } and

E[r] =E Lg& {rf’}] <E

5] < S E[]. 9



3.2. General remarks on the coupling time

The bound given in (3.3) is interesting because E {Tzf } is sometimes amenable

to explicit computations, as will be shown in following chapter. In order to derive
those bounds, one may provide yet other bounds, by making the coupling state
explicit.

Definition 3.3. The hitting time h;_j in a Markov chain X, is defined as

hj—p, = irﬁllf{n such that X, = k|Xo = j} with 5,k € S.

The hitting time h;_; with j,k € &; is the hitting time of a single queue @Q; of
the network. Thus ho_c, represents the number of steps it takes a queue @; to go
from state 0 to state C;. Suppose that ho_.c, = n for the sequence of events e1_.,,.
Because of monotonicity of ¢ we have

C;, = N, (¢<"> (MIN, elﬁn))

N; (gb(") (s, el_,n))
< N (¢<"> (MAX,eHn)) e

N

withs € S, MIN = (0,...,0) € Sand MAX = (Cy,...,Ck) € S. Hence, coupling
has occurred in Queue @;. So hg_c, is an upper bound on the forward coupling
time 7/ of queue Q;. The same argumentation holds for h¢, 9. Thus

E[/] < Efmin{ho-c,, he,o}]. (3.4)
Hence,
K K K
E[*] <3 E {Tif } <3 Emin{hoc,,he,—0)] < Y min(Eho—c,,Ehc, o).
=1 =1 =1
(3.5)

21



Chapter 4

Coupling time in the
M/M/1/C queue

The M/M/1/C queue is wellknown and there is no need to run simulations to get
the stationary distribution since this distribution can quite easily be calculated ([9]
p. 487-489 and [11] p. 191). However, in this chapter we will take a look at the
distribution of the coupling time in the M/M/1/C queue since this will serve as
a building block for establishing bounds on coupling time in acyclic networks. In
section 4.1 we focus on the mean coupling time. By linking the coupling time in
a new way with hitting times we are able to derive the exact coupling time and
easier calculable bounds on the coupling time. In section 4.2, we will explore an-
other approach which is based on formal series to derive bounds on the probability
distribution of the coupling time.

4.1 Mean coupling time

First, we will shortly introduce the M/M/1/C queueing model. The M/M/1/C
queueing model consists of a single queue with one server. Customers arrive at the
queue according to a Poisson process with rate A and the service time is distributed
according to an exponential distribution with parameter . In the system there
is only place for C customers. So the state space S = {0,...,C}. If a customer
arrives when there are already C' customers in the system, he immediately leaves
without entering the queue. After uniformization, we get a discrete time Markov
chain which is governed by the events e® with probability p = L and e? with

probability ¢ = 1 — p. Event e® represents an arrival and event e represents end of
service with departure of the customer.

e
D@ @ @ @Q”

q

Figure 4.1: The M/M/1/C queue and the discrete time Markov chain after uniformiza-
tion
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4.1. Mean coupling time

4.1.1 Exact mean coupling time

The construction of an exact bound on the backward coupling time is based on the
next proposition:

Proposition 4.1. In an M/M/1/C queue we have E [7°] = E [min{ho—c, hc—o}]

Proof. When applying forward simulation, the chain only can couple in state 0 or
state C. This follows since for r,s € § with 0 < r < s < C we have

op(re’)=r+1l<s+1=¢(s,e?),

and
¢(r,ed)=r—l<s—1:¢(s,ed),

So the chain cannot couple in a state s with 0 < s < C. Furthermore we have
#(C,e?) = C = ¢(C — 1,e) and $(0,e?) = 0 = ¢(1,e?). Hence, forward coupling
can only occur in 0 or C. Combining this result with Equation (3.5) leads to
E [7/] = min{ho—c,hc—o}. Since the forward and backward coupling time have
the same distribution, it follows that E [7°] = E [min{ho—c,hc—o}]. O

In order to compute min{ho_.c, hc—o} we have to run two copies of the Markov
chain for a M/M/1/C queue simultaneously. One copy starts in state 0 and the
other one starts in state C. We stop when either the chain starting in 0 reaches
state C' or when the copy starting in state C' reaches state 0.

Therefore, let us rather consider a product Markov chain X (g) with state space
Sx8 =A{(x,y),x = 0,...,C,y = 0,...,C}. The Markov chain X(g) is also
governed by the two events e and e? and the transition function 1) is:

Y ((z,y),e") = (@+1)AC,(y+1)AC),
¢ ((z,y),e?) = (z=1)VO0,(y—1)Vv0).

Without any loss of generality, we may assume that = < y. This system corresponds
with the pyramid Markov chain X (q) displayed in Figure 4.2. Now, running our
two copies corresponds with running the product Markov chain starting in state
(0,C).

The rest of this section is devoted to establishing a formula for the expected
time to reach the base of the pyramid. Although the technique used here (one step
analysis) is rather classical, it is interesting to notice how this is related to random
walks on the line. This relationship also explains the shifted indices associated to
the levels of the pyramid.

Definition 4.1. A state (4,j) of the product Markov chain belongs to level m if
li—i=C+2—-m.

Then state (0,C") belongs to level 2 and the states (0,0) and (C,C) belong to
level C' + 2. In Figure 4.2 we see that there are C' + 1 levels in total. Because of
monotonicity of ¥, the level index cannot decrease. Hence, starting at an arbitrary
level, the chain will gradually pass all intermediate levels to reach finally level C' + 2
in state (0,0) or (C,C). Thus, when starting in state (0,C), the chain will run
through all levels to end up at the level C'+ 2. This is also clear from Figure 4.2
and is in accordance with Proposition 4.1.

Definition 4.2. Let H;; denote the number of steps it takes the product chain
starting in (4, 7) to reach either state (0,0) or state (C,C) with (i,j) € S x S.
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@ Level 2
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~_ Level 5
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I

Level C+1

Level C+2

Figure 4.2: Markov chain X (q) corresponding to H; ;

Thus H, ; represents the hitting time of the coupling states (0,0) and (C,C) (also
called absorption time) in a product Markov chain. By definition,

Ho,c = min{ho_c,hc—o}.
Using a one step analysis, we get the following system of equations for E[H ;]:

L+ pE[H(i11)rc,(j+1)ac] + aE[H - 1yvo,i-1)vo] @ # J, (4.1)
E[H@j] = 0 1=7. )

—
=
=

Il

To determine E[Hy ¢] we determine the mean time spent on each level and sum up
over all levels. Let T}, denote time it takes to reach level m + 1, starting in level
m. Then

Hoc = Z Ton- (4.2)
m=2

In order to determine T,,, we associate to each level m a random walk R,, on
0,...,m with absorbing barriers at state 0 and state m (see Figure 4.3). In the
random walk, the probability of going up is p and of going down is ¢ =1 — p. We
have the following correspondence between the states of the random walk R,, and
the states of X (q):

State 0 of R,;,  corresponds with state (0,C—m+1) of X(q),

State i of R,,  corresponds with state (i —1,C —m+1+1) of X(q),
0<i<m,

State m of R,, corresponds with state (m—1,C) of X(q).

Now the time spent on level m in X (gq) is the same as the time spent in a random
walk R, before absorption. Therefore, in determining 7,,, one can use the two
following results on random walks, which are also known as ruin problems (see
Appendix B).
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Corresponding random walk Rm
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=

Figure 4.3: Relationship between level m and random walk Ry, .

Lemma 4.1. Let o",, denote the probability of absorption in state O of the random
walk R, starting in i. Then:

= p# i
™ = (4.3)
m—i

_ 1
m p_ﬁa

where a = q/p.

Lemma 4.2. Let i»m denote the absorption time of a random walk R, starting in
i. Then: e
N i m(q_;éiﬂo)7 p#1,
E[T;"] = (4.4)
i(m —1i), p=13.
Let 35" (respectively §77) denote the probability that absorption occurs in 0 (re-
spectively m) in R,,. Then

B = ZO‘?LOP (R,, starts in state i), 2<m<C+1 (4.5)
=0

and B = 1— G". From the structure of the Markov chain X (¢) and the correspon-
dence between X (¢) and the random walks, we derive that (see Figure 4.3):

P (enter level m + 1 at (0,C —m + 1)) = P (absorption in 0 in R,, ) = G".
Now one has:

E(f.] = E[T7)65 " +EL7 )8
= E[765 " + BT (1- 65
E(Ty) + (B[] - ElT7a) 85 (4.6)

m—1 m—1

To complete the calculation, we need to make a distinction between the case with
p =1/2 and the case when p # 1/2. We will first examine the case p =1/2 .

Case p = 1/2

E[T;,] can be calculated explicitly for p = 1. Since the random walk is symmetric,
we have 7" = ) = % So:
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4.1. Mean coupling time

E[L,,] = BT + BT )05t = - g+ (m—1)g =m—1. (47)

m—1

Hence,
C+1 C+1 2
c?+C
E [Ho.c] = mZ:2IE[Tm] = mzzz(m_ 1) = T

Thus we have shown the next result:

Proposition 4.2. Consider an M/M/1/C queue where the arrival rate \ equals

the service rate . Then E [Tb] = L;—c

Case p # 1/2

Since the random walks are not symmetric, we cannot apply the same reasoning as
for the case p = % to compute (g*. Therefore, we will derive a recurrence relation
for G. Entering the random walk R, corresponds to entering level m in X (g).
Since we can only enter level m in the states (0,C —m+2) and (m — 2,C) this
means we can only start the random walk in state 1 or m — 1. Therefore (4.5)

becomes:

m
By = Z 0P (R, starts in state )
i=0
= of L P (R, starts in 1) + agn_;_ (P (R, starts in m — 1)

m m—1 m m—1
atoBy e (L=55""1)
m m—1
m

= ap o+ (oo —am_ 1)

a™ — amfl amfl —a .
N am™—1 + am—1 "0

One can easily see that 32 = ¢, since the random walk on 0, 1,2 starts in state 1
and the first step immediately leads to absorption. This gives the recurrence:

o= imal gy et e gmel gy s
{ B - q.amfl am—1 0 ) (4.8)
Thus we obtain,
Proposition 4.3. For a M/M/1/C queue, using the foregoing notations,
C+1
E[F'] =ElHocl = Y (BIT]+ (BT - ET5_]) 60), (49)
m=2

with B defined by (4.8) and E[T™ ] and E[T™] defined by (4.4).

Thus now Proposition 4.2 and 4.3 deliver expressions which are amenable to
explicit calculations. The next proposition says that the case with p = ¢ is a worst
case scenario for the coupling time. Intuitively this might be clear, since then one
is not driven to the left or the right side of the pyramid of Figure 4.2.

Proposition 4.4. The coupling time in an M/M/1/C queue is mazimal when the
input rate A and the service rate p are equal.

Before proving the Proposition, we first proof the following Lemma:
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4.1. Mean coupling time

Lemma 4.3. For 0 < p<1/2 and 1 < C € R we have,

(1-p)° —p° 20
(1 _p)C+1 —pCH1 T O+ 1

_ _(-p®pC _
Proof. (Lemma,). Let f (p) Observe that f(0) =1 and that

B A

lim f (p) (1-p° 1_(ﬁ)c

= m
pT% PT% (1_p)C+1 1 (1[) )C+1
—-p

c—-1
L1+ (2

' P
pi31—p 1+...+(1L)c
-p

N————

It suffices to show that f has no maximum is the interval (0,1/2). Therefore, we
take a look at the derivative of f:

(1—p)* = p*“+C(1—-p)“p° (ﬁ - 1%”)
2
((1 —p)“*! —pC“)
1-p)* —p*°+C@2p-1)(1—p) p°!

(- - pC“)Q

If there is a maximum in [0,1/2), then f/(p) = 0 for some p € (0,1/2). Therefore,
take a look at the numerator. If f = 0, then the numerator must be 0 as well. Call
the numerator n(p) = (1 —p)®¢ —p2¢ 4+ (2p — 1) C (1 — p)“ ' p©~1, and note that
n(0) =1 and n(1/2) = 0. Now,

f'p) =

n'(p) = —2C(1—p)*“T 20 —C(C-1)(1-p) P 2 1)
+C(C—1)(1-p) ' o2 (2p—1)+20 (1 —p)° 7 pC L.

Observe that for 0 < p < 1/2,

—20(1—p)* 201 -p) T p =201 - ) (— (1-p)° +pc‘1) <0,

and that also

—C(C-1)(1-p T -+ C(C-1)(1-p TP 2p-1) =
2p-1)C(C-1)(1-p) ?p°2((1-p)—p) < 0

Since also —20p?°~1 < 0, it follows that n’ (p) < 0 for 0 < p < 1/2. Thus n is
decreasing on (0,1/2) and thus n has no roots in the interval (0,1/2). Hence, f has
no maximum in (0,1/2) and thus f(z) < 2C/(C + 1) for x € [0,1/2). O

Proof. (Proposition 4.4). By definition, A = u corresponds to p = ¢ = 1/2. The
proof holds by induction on C. The result is obviously true when C' = 0, because
whatever ¢, E [Ho c] = 0.

For C + 1, let g be an arbitrary probability with ¢ > 1/2 (the case ¢ < 1/2
is symmetric). We will compare the expected time for absorption of three Markov
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4.1. Mean coupling time

0.C) 0.C) 0.C)
Level 2
Level C
0,1) (C —1,0) Level C+1
,,,,,,,,,,,,,,,, Level C+2
(0,0) (c,C)
X"

Figure 4.4: The three different Markov chains X, X' and X"

chains. The first one is the Markov chain X := X (1/2) displayed in Figure 4.2,
with ¢ = p = 1/2. The second one is the Markov chain X’ = X(q) displayed in
Figure 4.2 and the last one X" is a mixture between the two previous chains: The
first C levels are the same as in X while the last level (C + 1) is the same as in X".

The expected absorption time for the first C' levels is the same for X and for

X"
C C
> ET,, =) ET}.
m=2

m=2

By induction, this is larger than for X’: we have

C C C
> ET, =) ET, >> ET},
m=2 m=2 m=2

Therefore, we just need to compare the exit times out of the last level, namely
ETcy1, ET¢,, and ET¢ ,, to finish the proof.

We first compare ET¢1; and ET¢, ;. In both cases, the Markov chain enters
level C'+ 1 in state (0, 1) with probability 1/2.

Equation (4.7) says that ET¢y1 = C and Equation (4.4) gives after straightfor-
ward computations,

_ _ C+1 _ __CH+1
Ery,, - 122 +q1)_<; 00 @€ +q11(11? oc=) (4,19
 C+1 (@-1@-1) C+1 ¢%—pY (4.11)
2(q—p) aCtl-1 T2 Ot — Ol :

It follows from Lemma 4.3 that ET¢,, < % . Cz—fl = C = ET¢41. In order to
compare ET(, | and ET¢  , let us first show that 7" is at least 1/2, for all m > 2.
This is done by an immediate induction on Equation (4.8). If 7"~ > 1/2, then

m 2a™ —am ! —a
07 2(am—1)

Now,

2a™m — am—l —a

>1/2 if 20" —a™ t—a>a™ -1,

2(a™ —1) =1/ -

i.e. after recombining the terms, (a — 1)(a™~! — 1) > 0. This is true as soon as
a>1,ie. assoonasqz>1/2.

To end the proof, it is enough to notice that for the chain X ' the expected time

to absorption starting in 1, E77™ is smaller than or equal to the expected time to
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4.1. Mean coupling time

absorption starting in m — 1, ET/™ | for all m. The difference ET?" | — ET7" is

-, - m—-—1-m(l—alt_;_, 1-— 1—af",
ET, —ET™ = ( i) _ 1om(1-ofty) (4.12)
q—p q—p
anz_amfl a™—a
_ m—2+m*_tg— — mgm— (4.13)
pla—1)
_ a™—1 . m—2+ mama:naimlfl — mZ::‘ll (4 14)
a™—1 pla—1) '
_ ma™ —ma™ "' +ma —m + 2a™ + 2 (4.15)
pa™—1)(a—1) ’
2m(a — 1) (“m_;ﬂ _ 1+a+--7-n+am—1)
= . (4.16)
pl@"—1)(a—1)
(4.17)
By convexity of x — a”, we obtain
ET™ | —ET7 > 0. (4.18)

Thus by setting m = C + 1 we have ETS™Y > ETCHY. Furthermore, note that
the random walks associated with level C'+ 1 in X’ and X" are the same. Thus
ETSHY = ETS™Y and ETCHY = ETCHY Combining these observations with
(4.6) finally yields:

ETo,, = ETSH + (ETCH —ETGH) 6§ (4.19)

< ETSHY (4.20)

< %E:f“g“' + %ET}C“’ (4.21)

= %ETCCHN + %ETE“” (4.22)

= ETp,,. (4.23)

Thus we have shown that ET,, < ETp,, < ETcy. O

4.1.2 Explicit bounds

Equation (4.9) provides a quick way to compute the expected backward coupling
time E [Tb} using recurrence equation (4.8). However, it may also be interesting to
get a simple closed form for an upper bound for E [Tb]. This can be done using the

last inequality in Equation (3.5) that gives an upper bound for E [Tb} amenable to
direct computations:

E [Tb} E [min {ho—c, hc—o}] < min {E [ho—c],E [hc—o]} - (4.24)
Let T; denote the time to go from state ¢ to ¢ + 1. Then

c-1
Elho—c]= > EI[T (4.25)
1=0

To get an expression for E [T;], we condition on the first event. Therefore let E [T;|e]
denote the conditional expectation of T; knowing that the next event is e. Since
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4.1. Mean coupling time

E[T; | €] = 1 and E[T; | €] = 1+ E[T;_1] + E[T}], conditioning delivers the
following recurrent expression for the E [T;]:

E[T;] = E[T;]| )P (e?) +E[T; | e*]P (e*)
(1+E[T4) +E[T]) g +p.
(4.26)
Solving for E [T;] yields
L+ AR ([T;] for 0<i<C,
E[T;] = (4.27)
% for i = 0.

, k
By induction one can show that E[T;] = %ZZ:O (%) . Again, we need to distin-
guish the case p # ¢ from the case p = q.

Case p # q
, k g )i+t
Then E[T;] =137 _,(4) = 67 and from (4.25) it follows that
" p &ek=0\p p—
i+1 ¢
()" o (=0
E [ho_c] = ¢ _ L )
- P4 P—q (»—2q)

Efho—o] = — - . (4.29)

Case p=¢q

, k
Now E[T;] = %22:0 (%) =2(i+1), and from (4.25) it follows that

Q

E[ho—c]) = Y 2(i+1)=C*+C. (4.30)

%

Il
=]

By symmetry, also E [hc_o] = C? + C.

If p > g, then E[ho—c] < E[hc—o] and because of symmetry, if p < ¢ then
E[ho—c] > E[hc—o]. Since (C?+ C) /2 is an upper bound corresponding to the
critical case p = ¢ on the mean coupling time E [7°], as shown in Proposition 4.4,
one can state:

Proposition 4.5. The mean coupling time E [7°] of a M/M/1/C queue with arrival
rate A and service rate j is bounded usingp = \/(A+p) and ¢ =1 —p.
Crritical bound:

2
for every p € [0,1], E [Tb] < ¢ ;_C.
Heavy traffic Bound:
c
q{1- (3 )
1 (-G
ifp>2 E[*) <2 - 4
2 P—4q (»—q)



4.1. Mean coupling time

Light traffic bound:

ifp<s E["< _

2
2 q—p (¢—p)
120 ‘
100 - S~ C+C? |
light traffic heavy traffic
sl bound bound §
— _ c+c?
60| =7
0F // \\\ )
/ N \
0 E [r'] \7\*
% 02 04 06 08 1p

(a) M/M/1/10 queue.

W00 Jioht traffic bound ™ 5 4/ heavy traffic bound

L 4 | i
1200 26 i

1000

800

600

400

200

(b) M/M/1/50 queue.

Figure 4.5: Ezpected coupling time in an M/M/1/10 and an M/M/1/50 queue when p
varies from 0 to 1 and the three explicit bounds given in Proposition 4.5

Figure 4.5 displays both the exact expected coupling time as given by Equation
(4.9) as well as the three explicit bounds given in Proposition 4.5 for a queue with
capacity 10 and a queue with capacity 50. Note that the bounds for the M/M/1/10
queue are very accurate under light or heavy traffic (¢ < 0.4 and ¢ > 0.6). Then,
the ratio is never larger than 1.2. For the M/M/1/50, we see that the discrepancy
between the bounds and the real coupling time is even smaller.

Remark 4.1. Note that also the recurrence relation:

E [hi—o] = 1+ pE [h¢ir1)ac—o] + 4B [hi—1)vo—o] - (4.31)
holds for E [h;—¢]. Setting ¢ = C and solving leads to the light traffic bound.
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4.2. Formal series approach

4.2 Formal series approach

Another approach to gain understanding of the coupling time of a single queue is
a formal series approach. Consider both an M/M/1 queue with infinite capacity
and an M/M/1/C queue with finite capacity equal to C. Both queues have the
same arrival rate A and service rate p and suppose for reasons of stability that
A < p. Denote the underlying uniformized discrete Markov chain of the infinite
capacity queue by {X”}nEN and the underlying chain of the finite capacity queue
by {X C} . Let p = + denote the probability of an arrival, and ¢ = 1 —
denote the probablhty of a departure Define the hitting time of state 0 as

:i%f{n:XSZO}

for X¢ and as
ho = i%f{n : X, =0}

for X,,. Since the finite capacity queue does not accept arrivals when there are
already C customers in the queue, we have X¢ <, X,. This implies that hOC is
stochastically bounded by hg. In section 4.1.2 we have seen that conditioned on
starting in C, E [hg } is a rather good bound on the backward coupling time. In
this section, we will focus on the conditional distribution of hg.

Define the formal series of the conditional distribution of the hitting time hg as:

o0 o0
=3 ) ZFa'Pi(ho = k)
k=0 i=0
with P; (ho = k) = P(ho = k| Xo = Z)

Our main goal is to obtain a closed expression for G, which can be used for de-
termining the moments of hy. First we will investigate the structure of P; (hg = k),
since we will use P; (ho = k) in the computations to deduce a closed form for G.
We distinguish five distinctive cases:

1. Casei=0and k>0
By definition, if there are 0 customers at time 0, the hitting time hg is equal
to 0. Hence,

2. Case k <1
When there are ¢ customers, the fastest way to reach the state with 0 cus-
tomers is by ¢ consecutive departures. But we are only allowed to make k < ¢
steps. Hence,
P; (ho = k) =0.

3. Caset=k
In order to reach state 0, there must be k = ¢ consecutive departures. Since
the probability of a departure equals ¢, it follows that

P; (ho = k) = ¢*.

4. Case i < k and k — i uneven
In order to reach state 0, there must be for sure i departures. Then there
rest k — i steps to take. These k — i events must consist of exactly the same
number of arrivals as departures. But since k — ¢ is uneven, this is impossible.
Therefore:
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5.

Case i < k and k — i even
The same reasoning as in case 4 applies. Since k —1 is even this time, we have:

Pi(ho=k)=q'q 2 p= W(ik),

with W (4, k) the number of walks starting at ¢ with hg = k. We will call such
a walk an admissible walk. In Figure 4.6 we see all the admissible walks for
i=1and k = 7. Remark that all the walks in Figure 4.6 end by a departure.
Every admissible walk ends with a departure. Since if it does not, then it ends
with an arrival and thus X;_; = 0. Then the hitting time is smaller than k
which is in contradiction with the definition of k.

BN W A
BN W A

BN WA

4

3

M\ ,
\ 1 \/\

1 2 3 4 5 6 7k 0

Figure 4.6: All admissible walks for i =1 and k = 7.

Now we will derive an explicit formula for W(1, k). Since the last step is fixed,
we can neglect it in counting all possible walks W (1, k). So, to each admissible
walk of length k corresponds a walk of length & — 1 by leaving the last step
away (see Figure 4.7). This corresponding walk of length k — 1 is known to
be a Dyck path.

Since k — 1 is even, there exists an n € N such that k — 1 = 2n. Let D,
be the number of Dyck paths of length 2n = k — 1. By conditioning on the
first return to 0, we can derive a recurrence for the D,,. The first return can
happen in 27 for 1 < ¢ < n. Then the Dyck path is split into two shorter
paths, the first of length 2¢ and the other of length 2(n — 7). Note that the
first path, before the return to 0, is composed of a step up, a Dyck path of
length 2¢ — 2 and a step down. Thus the number of Dyck paths D,, with the
first return in 27 is D;_1 D, —;. Since the returns can occur in every 2i with
1 < i < n, we obtain

n n—1
D, = ZDilenfi = Z D;Dy_;_1, (4.32)
i—1 i=0

with initial condition Dy = 1. This reccurence is exactly the recurrence of the
Catalan numbers. Hence, the number of Dyck paths of length £ — 1 is the
k — 1th Catalan number denoted by Cy_1 ([8], p. 357-358). Consequently we
have:

k—1 1
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PN W b
PN W b

(a) Admissible walk (b) Corresponding Dyke
path

Figure 4.7: To an admissible walk corresponds a Dyck path.

Thus we can state:

¢ Fp T ()= ifi=1k>Tand k-1 even,
2
ki k—i i . . :
By (ho k) — qzpz W(k) if 1 <i<kandk—1even,
qk if i =k,
0 otherwise.
(4.34)

Now we will develop the formal series G (z,x) to obtain a closed form. First note
that we can split the summation and rewrite the series as:

Zzzwp (ho = k) +sz]P’0 k)+ixi1pi(h0:0).

k=1 1i=1 =1

From (4.34) we derive that

> ZPy(ho=k)=1 and > a'P;(hg=0)=0.
k=0

i=1
It follows that o =
G(z,z)=1 +Zszxi]P’i (ho =k).
k=1 i=1

By conditioning on whether the next event is an arrival or a departure we get:

G(z,z) = 1+ Z Z FrlqPi_y (ho=k—1)+ Z Z 2FatpPiy (hg =k —1)

k=11=1 k=11=1

= 1l+gqzz Z Z AP (ho =k — 1)

k=11i=1

_'_p_ii —1 1+1]P> (ho—k—l)

X
k=1

= 1+ qz2G(z,2) + Zsz Lyt ip, o (ho =k — 1)
k=1 1i=1

5 |

> o0 o0 )
= 14qz2G(z,z) + % Z Z K2R (ho = k). (4.35)

k=0 i=2
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We observe that

SN P (hg =k) =G (z,2) = > 2Py (ho =k) — > z"aPy (hg = k).
k=0 i=2 k=0 k=0

Combining this with the results of (4.34) yields:

2P (ho=k) =G (z,2) —1—x Z PPy (ho = k). (4.36)
k=0 i=2 k=0

It follows from (4.34) that Py (ho = k) is zero for all even k. Therefore, in order
to obtain Y o, zFaPy (ho = k), we set k = 2m + 1 and sum over all m:

S ZPi(ho=k) = D 2Py (ho =2m+1) (4.37)
k=0 m=0
- m m m 2m ]'
N Gy
o m)m+1

= m [2m 1
= qz (zqu) ( ) _
7nz::O m/m+1

Since the generating function Y77 Crz"* of the Catalan numbers equals (See Ap-
pendix B):

s 1—y1—4
e
k=0

2z ’
we obtain:
i P (hg=k) = qz i (z2pq)2 <2m> L (4.38)
k=0 m=0 m/m+ 1
1—+/1—4pgz?
P i (4.39)
2pqz2
1—+/1— 4pqz?
= T. (4.40)

Using this result together with (4.35) and (4.36) yields:

1—/1— 4pgz?
G (2,2) = 1+ q22G (,2) + = <G<z7x>—1_xﬂ> |

2pz
Solving this last equation for G (z,z) finally returns the closed form:

-2 V1 — 4pqz?
G(z,x) Tt Pa= (4.41)

T o 2qx2z — 2pz

Remark 4.2. The method used above is not the only method to obtain G (z, z).
Another approach is the following. The hitting time hg, knowing that we start in
Xy =1, can be vizualized as a walk starting in state ¢ until we reach state 0. This
walk is a concatination of ¢ independently and identically distributed walks W; with
W; the walk in the M/M/1/00 queue, starting in state j until state j — 1 is reached
(see Figure 4.8).
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7
i—1 T
i-2 T
1 % } M Time
0

Wi Wiz Wi

Figure 4.8: The trajectory from i to 0 in a M/M/1/ queue is a concatination of i
walks.

Let the random variable Y; denote the duration of a walk W, i.e. the number
of steps it takes to reach state j — 1 starting from j. Observe that

Pi (ho = k) = ZY_k :

and thus
G(z,z) = i i PP (ho = k), (4.42)
k=0 i=0
= Z Z 2P ZY =k (4.43)
k=0 i=0
= Z;HE [zzj':l YJ} . (4.44)
i=0

The random variables Y} are independently and identically distributed and therefore
we can write:

E {sz=1 Yj] —E[Y]" = Gy, (2)', (4.45)
with Gy, (2) the generating function of Y;. Now, combining (4.44) with (4.45)

yields:

x) = Z:a:iGyj (z) = #Gyj(z) (4.46)

Note that
1—+/1—4pgz2
§ :zkIE” S i (4.47)

2pz ’

where the last equality follows from (4.38) and (4.40). Combining (4.46) with the
closed form for Gy, (z) of (4.47) delivers:

Gy, (

J

2pz

2pz — x + 2\/1 — dpgz?

At first sight, this might be surprising, since we already obtained the closed form
of (4.41) for G(z,z) . However, it is easy algebra to show that

2pz r —2pz+xy/1 —4pgz?
2pz — x + x+/1 — 4dpgz2 2z — 2qx?z — 2pz

G(z,x) = (4.48)
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One can use the function G (z,x) to calculate the mean, the variance and the
moments of P; (hg = k). We will illustrate how to obtain the mean and the variance.

The mean

By taking the partial derivative of G with respect to z and then setting z = 1 we
obtain with the help of Maple software:

= oG
$lEZ‘ (ho) = -

(1-2)*(g—p)
with EZ‘ (ho) =E (h0| XQ = Z) Since

i i+ (4.49)
( =0

we get for the Taylor series of x/ ((1 — )’ (g — p)) around z = 0:

T 1
(1-2)*(qg—p) q-p

<§: (i+ 1) Ii+l> ,
=0
-y e

i 41— P

Hence, in a stable M/M/1 queue, we obtain
1
q—p

By setting C' = i, we note that this result harmonizes with the bounds of (4.28)

and (4.29), since in these bounds the term % appears.

E; [ho] =

(4.50)

The variance
In order to obtain the variance of the hitting time hg, we use the identity

Var, [ho] = E; [h2] — E; [ho]” . (4.51)
It follows from Equation 4.50 that

(B: hol)” = (qip)z'

Ei [h§] = Ei [hg — ho| + E; [ho] - (4.52)
Taking the second partial derivative of G with respect to z and setting z = 1
delivers:

Moreover,

922G oo oo
gz - k (k ho = k
0z? z=1 kZ:2 =0 ( ’ )
- ix i k (k 2 (ho = k)
=0 k=0

= Z]EZ [ho (h() — 1)] IZ
=0
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2°G
022 |
z=1

Thus the i-th coefficient in the Taylor expansion of equals E; [h% — ho].

The next step is to expand %22?

as a Taylor series around x = 0. With the help
1

of Maple software we obtain:

0%G 2 (4]32:1:2 — 4p2x — 5px? + 3px + 1‘2)
022 |,y (¢—p)* (1-2)° ’
2 x? T
= ——— | (4p*-5p+1) —— + (3p— 4p?) 73> .
<q—p)3< (1-a)° (1)
In developing the series expansion of %QZ? we use the identity
z=1
1 _ii2+3i+2mi
(1 - x)g 1=0 2 .

This delivers:

9*G 2 2 i2—i i+,
— = 4 -5 +1) a:l—|—(3 —42) '
= | (40 —5p p — 4p ,
022 |, (¢—p) < ; 2 go 2
oo _ 2._2 .2 . .2_ . )
Z 8p=i — 2pi —|—8§92—|—z sz' (4.53)
i=0 (q_p)
By combining (4.52) with (4.50) and (4.53) we get:
- : — —8p%i =2t +8pi+ it —i ;i
Som et = Y MR E Ty
i=0 i=0 (¢—p) —~q-p
N —4p%i — 2pi® + Api +i?
=Y. - zt.
i=0 (q_p)

This result combined with (4.51) finally yields:

Val‘i [ho]

—4p2i — 2pi? + 4pi + i2 i \?

(q¢—p)° _<1—2p) ’

—4p%i + 4pi
(a—p)°
4p(1 —p)i

(@—p)°

It follows that the generating function of the conditional variance Var; [hg] equals

)

i 4p(1—p) i

3
i=0 (g —p)
in terms of power series. Since we know the generating function of the conditional
variance in terms of power series, we are able to determine a closed form for the
generating function of the conditional variance. From (4.49), it follows that

T o0
LN
(1-x) P
Hence, the generating function of the conditional variance becomes
4pi (1 — p) x

(@-p)° (1-2)*
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Chapter 5

Coupling time in acyclic
queueing networks

This chapter is dedicated to the effective computation of a bound of the coupling
time in acyclic networks. Acyclicity means that the network does not contain any
cycles, i.e. a customer cannot return to a queue he already has visited.

Recall that in Chapter 3 we ran the CFTP algorithm on the acyclic network
given in Figure 3.1 on page 18. One may see in Figure 3.2 that the coupling time
has a peak when Ay = 0.4. This corresponds to the case when the input rate and
service rate in queue U3 are equal. This should not be surprising regarding the
result for a single queue, which says that the coupling time is maximal when the
rates are equal. Then a second peak occurs around Ag = 1.4 when coupling in queue
Qo is maximal. The rest of the curve shows a linear increase of the coupling time
which may suggest an asymptotic linear dependence in Ag. In this part, an explicit
bound on the coupling time which exhibits these two features will be derived.

The result of Section 5.1 concerns an extension of inequality (3.5) to distribu-
tions. Then the next section shows how the results for a single M/M/1/C queue
can be used for an effective computation of bounds for acyclic networks of queues.

Throughout this chapter, we will illustrate the construction of the bound with
a tandem network. The first queue Qg has a capacity of 6 and the second queue Q)1
has a capacity of 3 (see Figure 5.1). This network is driven by three events:

event e': an arrival at queue Q.

event e?: an end of service at queue Qo and routing to queue Q; (provided that
the number of customers in Q) is strictly positive).

event e3: an end of service at queue @ and departure from the system (provided
that the number of customers in Q) is strictly positive).

Due to monotonicity, the CF'TP-algorithm only needs to be applied to state MIN =
(0,0) and state MAX = (6, 3).

—L 10O —0[10—

Coy=6 C1=3

Figure 5.1: Tandem queueing system.
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5.1. Distribution of the coupling time

5.1 Distribution of the coupling time

In the following, the queues Qy, ...k are numbered according to the topological
order of the network. Thus, no event occurring in queue (); has any influence on
the state of queue @Q; as long as i < j.

Proposition 5.1. The coupling time for an acyclic network is bounded in the
stochastic sense by the sum of the forward coupling time of all queues:

a4+

Proof. The proof is based on the following idea: construct a trajectory of a back-
ward simulation over which the comparison holds. This will imply the stochastic
comparison using Strassen’s Theorem.

Consider a backward simulation of the network starting at time 0 until coupling
occurs for the last queue, at time —7%. From time —7%, run a backward simulation
until queue Q1 couples. From time —7% — 7% |, run the backward simulation
again until queue Qg _o couples. Continue this construction until the first queue
has coupled at time —(7% + - -- + 7¢) (see Figure 5.2). Now, on this trajectory, the
state in queue Qg has coupled between times — (7% +---+78) and — (7% +- - -+ 7).
From this time on, Qg will remain coupled since no event in other queues may alter
its state. The same property holds for queue @); between times —(Tf{ +o k)
and —(7% + -+ 12 ’,1), and at time 0, all queues have coupled by acyclicity of the
network. Finally, note that the intervals of this simulation are independent of each
other so that . 70 =", Tif in distribution and one gets 7% < T[f( +oet T({. O

b b b
To TK-1 TK
N | N | | L
- \ \ \ | Time
K _p K _p b b b
=20 Ti =i T — (The + Tk 1) —Tk 0

Figure 5.2: The construction of the proof of Proposition 5.1.

Note, note that acyclicity is essential in the proof above. For networks with cy-
cles, one would need some kind of association properties of the states of the queues
to assess something about the comparison of the distribution of 7 and the 77s.

Example 5.1 (Tandem queue). Consider the tandem queueing network. We
illustrate the construction of Proposition 5.1 with Figure 5.3. On the vertical axe is
set the number of customers in one queue. The solid line represents the evolution
of queue g, whereas the dashed line represents the evolution of queue Q1. Since
Qo has a capacity equal to 6, the solid line does not exceed the value of 6. For the
same reason, the dashed one does not exceed the value of 3. For each queue, two
itineraries are depicted: one starting at state 0 and one starting in state C;. The
two trajectories starting in state 0 (one for Q¢ and one for (1) form together the
evolution of MIN = (0,0), and the two trajectories starting in state 3 and 6 (for
Qo and @ respectively) form together the evolution of MAX = (6, 3).

Figure 5.3.a shows a coupling run for Qp, and Figure 5.3.b shows a coupling
itinerary for queue )1. Note that T(l)’ = 12 and that 7 = 6. In Figure 5.3.c, one
trajectory is constructed from both coupling ensuring itineraries. This composite
trajectory leads to coupling.
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5.1. Distribution of the coupling time

3=C L e — o 4+

7N
2 ’ A
7
7
1 L - i
4
0 -t
Time
-7 0 -7 0
(a) The simulation of the tandem queue up to coupling of (b) The simulation of the tan-
Qo- dem network with up to coupling
of Q1.
6=Cp
5 1
4 L
3=Cl = = = = -
2 L
1 L
N
Time
773 — le *le 0

(c) The composition of the two previous simulations assures global coupling of the network.

Figure 5.3: The construction of a bound on the coupling time in a tandem network with
00:6 and01:3.
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5.2 Upper bound on the coupling time

Here, an acyclic network of M/M/1/C queues with Bernoulli routings is considered.
The events here are of only two types:

type 1: Exogenous arrivals. These are Poisson with rate ; in queue 1.

type 2: Routing of one customer from queue i to queue j after service completion
in queue ¢. These are exponential with rate p;;.

Queue K +1 is a dummy queue representing exits: routing a customer to queue
K + 1 means that the customer exits the network forever. In case of overflow, the
new customer trying to enter the full queue is lost. The service rate at queue i is
also denoted p; = Zf;gl ij-

For the construction of the bound, we will compare the acyclic network with
two other models. But first, let us introduce new random variables. The random
variable Tb(Sj = z) is the backward coupling time of the network, over the set of

all initial states with the j-th coordinate equal to x. Namely,
m°(s; = x) = min {n s.t. ‘ {QS(”) (SN{s; =z}, e—nt1,-- .,eo)} ‘ = 1}.

Let 77(s; = z) be the backward coupling time on coordinate i given s; = x:

7(s; = x) = min {n s.t. ’ {Ni ((b(”) (SN{s; =z}, e_pny1,.- -,60))} ‘ = 1}7

with IV; as defined in Chapter 3.
Since

HSn{sj ==} < 151,

we have 7°(s; = ) <4 7° and for all i, 70(s; = ) <s 77
We also have the same notions for forward coupling times:

7¥(s; = r) = min {n e N; s.t. ‘qb(") (SN{s; =z} ei1—n)

:1},

Tif (sj = x) being defined in the same manner, and for hitting times:

he,—o(s; = ) = min {n eN; s. t. ™ (SN{s; =Ci,s5 =x},e1n) € SN{s; = 0}}

Now one can construct a sequence of K + 1 backward simulations that ensures
coupling in the following way. Let X ; denote the state of coupling of queue i after
j + 1 simulations. First simulate the queueing system from the past up to coupling
of queue 0. The number of steps is by definition 7. Queue Qo has coupled in a
random state X§. Then, run a second backward simulation up to coupling of queue
Q1 given sop = XJ. This simulation takes 7(sp = XJ) steps and the state at time
t=0is Xi for Q1 and X{ for Qo.

This construction goes on up to the backward simulation up to coupling of queue
QK given

SOZXé(_l, SlzXlK_l, ey SK_1=XII((:11.

The last simulation takes
T}’( (50 = X(f(_l,sl = XlK_l, Y R Xﬁ:ll)

steps and the coupling state of Qf is XE.
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5.2. Upper bound on the coupling time

Lemma 5.1. Using the previous construction,
K
b Z b i—1 i—1
T ést T; (SOZXO ;---;Si—lin,1)7
1=0

and for all i, (X§,...,X}) is steady state distributed for Qo,...,Qi. Furthermore,
for all i,

K
b~ h — xi-1 — xi-1
T st ci—o(so =Xy .., =X 17).
i=0

Proof. From the previous sequence of backward simulations one can construct a
single simulation by appending them in the reverse order (see Figure 5.4): the
backward simulation for queue Qg preceded by the simulation of Qx_1, and so
forth up to the simulation of Q. This is a backward simulation of the system (the
last state is (X{,..., XK)).

A straightforward consequence, using acyclicity, is that (X¢,..., X?) is steady
state distributed for Qo, ..., Q; for all 4.

Furthermore, one gets in distribution

K
b 2 : b i—1 i—1
T Sst Ti(SOZXO 7---75i—1:Xi,1)
=0
K
— }: f _ yi—1 _ yi—1
= T,L-(SQ—XO ,...,Sifl—le_l)
=0

K
i—1 i1
st E he,—o(so = X5 sy sic1 = X[ 21)s

=0
by independence of the variables given the initial states X~ 1. O
(oo = X o)
/\
™ 1 (s0 = X9) mhoy(s0= X2 sk
| | | | 1 |
I I I o I | I Time
0
Starting point Qo couples in X Q1 couples in X7 QK -1 couples in X{\f:ll Qx couples in XE
so = X¢ S0 = Xé"’l s0=X{f
Skoa=XE") skoa= X[ o
si-1 = Xi_y

Figure 5.4: The construction of the proof of Lemma 5.1.

Example 5.2 (Tandem queue revisited). We will illustrate the construction
used in the proof of Lemma 5.1 with the tandem queue example. We use the same
events as in Example 5.1. Then the simulation up to coupling of queue @y does
not differ from the trajectory leading to coupling of queue Qg in Figure 5.3.a. Note
that coupling occurs in state 5.

Then we start a second simulation, given that sy = 5, up to coupling of queue
Q1. The trajectory of this simulation is represented in Figure 5.5.a. Note that
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5.2. Upper bound on the coupling time

there is only solid line to represent the evolution of (g since this queue has already
coupled. The system finally couples in state (3,2) and 77 (so = 5) = 5. Recall
from Example 5.1 that 7} for this sequence of events was equal to 6. So indeed,
(s =5) <.

The composition of both simulations of queue Qo (from Figure 5.3.a) and of
queue @7 (Figure 5.5.a) into a single simulation is shown in Figure 5.5.b. This
construction yields a series of events which assures coupling of the system. A

Time

(a) The simulation of the
tandem network with up to
coupling of Q1, given that

0 _
X0 =5.
6=0Ch £ £
1 \/
4 L
_ Xi=3
;7017 ----- - V4 i N I~ 0
AN /7 AN
2 L N/ N 7X]1:2
N
1 N
£ PrICICIC TN —_— -
’ N
0 b M e e
Time
*7'(11’*7'? (s0="5) le (50 =5) 0

(b) The composition of the two previous simulations assures global coupling of
the network.

Figure 5.5: The construction of a bound on the coupling time in a tandem network with
Co =6 and Cy = 3.

Model 1: co-model

Let us now consider the first new model. This model has one difference from the
original one: all queues are replaced by infinite queues, except for queue @); which
stays the same. In the following, all the notations related to this new network will
be expressed by appending the co symbol to all variables corresponding to this new
circuit.

Once this model achieves the steady state, the input stream in queue 7 is Poisson,
by using Burke’s Theorem (see Appendix A). The rate of the input stream in queue
1 consists of the exogenous input stream in queue i and of the proportion of the
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5.2. Upper bound on the coupling time

rate at which customers are directed to queue i from others queues. Thus the rate
of the input stream in queue i is given by ¢;, the solution of the flow equations:

Hji
b = ijﬂ—J_ + i
J<i J

The network is said to be stable for queue ¢ as soon as ¢; < u;. We assume stability
for all 7 in the sequel. Remark that strictly speaking, queue i is stable, since it has
a finite capacity. However,we use in the following our definition for the concept of
stability.

One can construct a sequence of backward simulations for the new network in
the same way as for the original network. This provides the quantities

O?X-ifl oo, b 00)(7;71 O?X-ifl
j T (80: 0 -9 Si—-1 = i_l)a

oo, fr. _ ooyi—1 _ ooyi—1
T (so ="Ky ", ..,8i-1 ="X]"7),

and
[e%s} i—1 i—1
hci_,o(S(): XO geeeySi—1 = iXifl)'

The monotony property given above implies that X Zj <st °°Xij and

i—1 i—1 i—1 i—1
hCiHO(SQ = XO ey Si—1 — Xifl) gst Oohc,iHQ(SO = XO R O?Xl*,l)-

Model 2: Isolated queue with null events

The next step is to build yet another model. This model is made of a single
M/M/1/C; queue with three types of events

type 1: Arrivals of customers with rate ¢; (provided that the number of customers
is smaller than C;).

type 2: Departures with rate p; (provided that the number of customers is posi-
tive).

type 3: Null events (with no effect on the queue) with rate A — ¢; — u;, where A is
the sum of all rates of the original network, i.e A =", cvi + > ;cq Hi-

For this isolated model, let us introduce the uniformizing probabilities

bi = ‘€i+,ufi,
¢ = 1-—p
A=t —p
4 = ——LTH
A

Let Fj, be the time to go from state k to state 0 in the isolated system. A one step
analysis gives

l; ;

E[F] = 1+dE[F]+ TE[Friac] + %E[F(kfl)vo]
1 b i

- 1-4, (1 + 1 EEwyac] + KE[F(k—l)VO]>

1
= 17 TPEERac] + GE[FE-1)vol-
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5.2. Upper bound on the coupling time

We get the same equation as (4.31) except for the additional constant which is

now ﬁ instead of 1, so that the solution is the same as before up to a multiplicative

factor of ﬁ = ﬁ Using Equation (4.29), one gets
(-
pi{1l—=1{+
A Cz (ql ) )
ElFg,] - (5.1)

T T (¢i — pi)?

Lemma 5.2. Under the foregoing notations and assumptions,
*hey—o(so ="K .oy sic1 = °X[T)) = Fo,
in distribution.

Proof. First, using Lemma 5.1 for the new network with infinite queues (except
for @Q;), the state (°°X8_1, e °°Xf:11) is steady state distributed. Using Burke’s
Theorem, this implies that the input stream in queue @; is Poisson with rate ¢;,
when one runs a simulation starting in any state in SN{s; = Cj, s; = OOX;_l,j <i}.

Now, during this simulation, one can couple the addition, subtraction and null
events for queue @Q; in isolation and for (J; in the complete network of infinite
queues, all of them having the same laws. This implies that the state of queue @,
in both systems is the same under that coupling. Hence, they reach 0 at the same
time: *h¢,o(so = OOXé_l, U T— ”Xf:ll) = F¢, in distribution. O

Derivation of the bound

We are ready to put everything together in expectation:
Er’ <a D Eho,—o(so=Xi" s = X)) (5.2)
< D E[®heo(so ="K s ="K (5.3)

= Y EIF) (5.4)

The sequence of inequalities may not hold in distribution because the variables
X and thus he,—o(so = X', ..., 81 = X/~{) are not independent.

Using (5.1),
Ci b <1 B (%)Ci)

qi — i (i — pi)?

Er® < Z[ —ﬁ,u»

. C, p'i(]'i(%‘) 1)
In subsection 4.1.2 we have seen that | ~=- — ——=; < C; + C? for

pi < q;- We summarize the results of this part in the following theorem.

Theorem 5.1. In an acyclic stable network of K +1 M/M/1/C; queues with
Bernoulli routing and losses in case of overflow, the coupling time from the past
satisfies in expectation,

Ko ) ,
< Z (Ci+C7). (5.5)

A C: p¢(1 - (&)CI)
Bt <) o | >

K
— i = Pi (¢ — pi)?
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5.2. Upper bound on the coupling time

Remark 5.1. Observe that in case ; has only exogenous arrivals, the arrivals at
@; occur according to a Poisson process. Then we have

E [Fcz] =E [Oohci—*O] =E [hci—>0] :

Therefore, we can bound the coupling time on this queue in the network by consider-
ing it as a single M/M/1/C queue, except for the additionally factor of A/ (¢; + ;).
Thus, we have:

. A 012 + C;
Elhe,—o] > min {E he—al Elho-c] g - = } ,
= ETib.
with o
E [hc,—o) = A ¢ _ P (1 _ (%))
! i+ pi \ @ — D (qi — pi)?
and c.
Elho—c;] = A ¢ P (1 _ (%))
ol \ g —pi (¢i — pi)?

Remark 5.2. Suppose we have a queue @); with arrival rate ¢; and a service rate
i such that ¢; > pj, i.e the queue is instable. Let @); be a queue which is directly
fed by the departures of @;, thus p;; > 0. Coupling in queue ); occurs in state
X} < co. In the oo- network, we have,

®he,—o (8i = X!) < ®he,—o (8i = 00).

By supposing that @; has an infinite number of customers, the departure process
of Q; is a Poisson process with rate min{¢;, u;}. Since u; < ¢;, we can model the
departure rate of (); by ;. Since our bound is based on the time to get from state
C; to state 0, this improves the bound for @;.
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Chapter 6

Numerical experiments

In the previous chapter, we derived a bound on the coupling time in acyclic networks.
In this chapter we will compare this bound with experimental values of the coupling
time. Before presenting the experiments, we can already indicate three factors which
may be responsible for the inaccuracy of the bound given by Theorem 5.1.

e The first factor is the replacement of the max by the sum. We believe that it
may be a hard task to get rid of this first approximation because of the in-
tricate dependencies between the queues. Furthermore, experiments reported
below show that this may not even be possible in many cases (see Figure 6.3).

e Another factor which may increase the inaccuracy of our bounds is the fact
that most events change the states of several queues at the same time, while
the bound given here disregards this. This may add a factor 2 between the
true coupling time and the bound given in Theorem 5.1.

e The most important factor which jeopardizes the quality of the bound is
the stability issue. If one of the queues is unstable, the bound provided by
Equation (5.5), also called the light traffic bound in Proposition 4.5, is very
bad (as seen in Figure 4.5). The reason for this is that an unstable queue,
tends to couple in state C, while the bound is based upon coupling in state 0.

Nevertheless, under certain conditions we are able to allow instable queues
and derive a bound which is not too bad. This is based on combining Remark
5.1 and 5.2. For a queue Q¢ with only exogenous arrivals, we can bound the
coupling time of this queue by using the bound introduced by Remark 5.1.
In case the queues which are directly nourished by this queue are stable with
respect to the service rate of g, we obtain a rather good bound. This will be
further investigated in 6.1.2. So far we have not been able to come up with a
better bound for unstable queues, unless for this particular case.

However, when all queues are stable (and even more so when the load is
smaller than 2/3), the bound tends to be more accurate. One should however
note that, on a practical point of view, most actual networks which require
stationary performance evaluations are indeed stable.

In the experiments, we focus on the stability issue in section 6.1 and on the
dependencies between queues that block the replacement of max by sum in section
6.2. For each experiment, the number of simulation runs equals 10,000. In the
construction of a bound, we use the result of Theorem 5.1 that

K
E’] <> B,
=0
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with o
A C; p<1_(%) )

GAmw | a—p  (6—p)?

i =

6.1 Stability

For the first series of experiments, we re-use the network introduced in Chapter 3.
The flow chart of this model is depicted in Figure 6.1.

Ci A3
o Co Ay Cs
[ A, As
Aa
C,
Figure 6.1: Flow chart of our model

6.1.1 Stability of last queue

We run three simulations, and the following parameters are fixed: The input rate
is A = 0.4 and the rates of the other events are A\ = 1.4, Ao = 0.6, A3 = 0.8 and
Mg = 0.5. To investigate the stability issue, we set a different value for A5 in each
simulation. Recall that ¢; is the solution of

Hji
j<i J

with «; the exogenous arrival rate at queue ¢ and that p; = £;/ (¢; + p;). Now we
can determine ¢;, u; and p; for i =0,1,2,3:

i | input stream ¢; | service rate u; | probability of arrival p;
0 0.40 2.0 1/6
1 0.28 0.8 7/27
2 0.12 0.5 6/31

The number of simulation runs is 10,000. The capacity C; is the same for all
the four queues and we let it vary from 1 to 20.

In the first model, we set A5 = 0.2 such that the last queue Q3 is instable. For
the second model, we set A5 = 0.6 such that Q3 is stable and in the third model we
set A5 = 0.4 such that the last queue is barely instable.

Model 1: Q3 is instable

In this model, A5 = 0.2 so that queue Q3 is unstable. Now A = 3.9, u3 = 0.2 and
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6.1. Stability

Using the expression for the B;’s, we obtain:

C
39 (3 3 3/1
Bo = Z‘GC‘§+§G>>

In a similar way we obtain B; for the three remaining queues:

c
15 . 105 105 (7
B = EC_EE+§E(%>’
C
195 , 1170 1170 [ 6
B = - _—__ - | =
? 19 " 361 T 361 <25) ’
39 .
By = —5C-39+392°.

Now the bound on the backward coupling time becomes Zfio B; with the B;’s
as above. Note that the bounds By, By and By get lineair in C' as C' increases.
However, the bound Bs is exponentially increasing as C' get large and therefore
makes that our bound explodes. This is shown in Figure 6.2 which displays the
bound as well as the mean coupling time computed over the 10,000 simulation
runs. A ratio larger than 10 with respect to the true coupling time is reached when
C = 5. It should also be noticed that the bound is convex in C while the coupling
time is not.

2000

1000 H 4

500 - ; 1
. .+
fe Y *
+ + *

p 4o+
Sl e vt *
e+ L I L

L
0 5 10 15 20 C

0

Figure 6.2: This figure displays the coupling time (dots) with 95% confidence intervals,
and the bound given by Equation (5.5) when queue Qs is unstable (As = 2/10), while the
capacity C varies from 1 to 20.

Model 2: @3 is stable

In the model, A5 equals 0.6, and all queues are stable with a load smaller that 2/3.
Now A = 4.3. For queue 3 we get pus = 0.6 and p3 = 2/5. We obtain the bound
Z?:o B; with:
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6.1. Stability

43 43 43 (1\¢
Bo = EO_G_4+6_4<5> ’
g, — 25 1505 @(1)
26 338 338 \ 20
g, - 25,129 @(ﬁ)
19 361 361 \ 25
c
B; = %C—43+43<§> .

Figure 6.3 shows this bound and the mean coupling time computed by simulation
runs. Both curves appear to be almost linear in C' (this is true for the bound: when
qi/p; is small, EF¢, is almost linear in C;) and the ratio is smaller than 1.3.

The third curve in Figure 6.3 is max;¢o,...3} Bi. Notice that

max B; <E [Tb]
i€{0,...3}
and thus we cannot replace the sum by the max. This is to be related with the first
item in the comments above.

800

700

600

500

400

300

200

100

0

C

Figure 6.3: Here are the bound given by Equation (5.5), the mean coupling time (dots)
with 95% confidence intervals and the mazimum over Equations (5.5) for all queues, when
queue Q3 is stable (As = 6/10), while the capacity C' varies from 1 to 20.

Model 3: @3 is barely instable

This time, we set A\g = 0.4, so that 3 = u3 and thus Q)5 is barely unstable. This
would correspond to the maximal coupling time for Q3 if it was alone. Furthermore,
we have A = 4.1 and ps = 1/2. For the Bls we obtain:

C
41, 41 41 /1
By = —C——+—|=
T: 64+64<5>’
C
205 , 1435 1435 (7
B = —C0-—" 4 (=
! 26 338 ' 333 <2o) ’
C
205 , 1230 1230 /6
B = - /| =
? 19 " 361 T 361 <25) ’
43
By = §(c2+c).
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6.1. Stability

and then E7° < Z?:o B;.

Note that for queue @3, we use a bound in C' + C? which is a bad approximation
because of the loss of the factor 2 when compared with the bound for isolated
queues.

Figure 6.4 displays the backward coupling time and the bound. Note that the
total gap has a ratio which is almost 2. In that case both the coupling time and
the bound exhibit a convex behaviour with respect to C. A ratio smaller than 2
is indeed interesting because efficient perfect simulation algorithm use a doubling
window technique to reduce the complexity and their running time (see Equation
(2.9)) so that our bound gives a good estimation of the mean running time of the
algorithms.

2000

1500

1000

500

‘ C

Figure 6.4: Display of the coupling time (dots) with 95% confidence interval and the
bound given by Equation (5.5) when queue Q3 is barely unstable (As = 4/10) while the
capacity C' varies from 1 to 20.

6.1.2 Stability of first queue

In this model, we use the same flow chart as in the three preceding examples,
but with different parameters. We let \; = 0.5, Ao = 0.5, \3 = 1.0, A\, = 0.8
and A; = 1.2. For all four queues, we take again the capacity equal to 10. The
exogenous input rate \g is varying from 0 to 10. Again we run 10,000 simulation
runs.

Observe that as soon as A\g > 1, the first queue becomes instable. From Remark
5.1 it follows that the instability of Q) is not a problem, since we can treat this
queue as a isolated M/M/1/C queue, except for the additional factor of A/ (¢; + ;).

However, stability is an issue for queues that are fed by departures of other
queues. Since we determine the bound on these queues by the time it takes to get
from C to 0, the queue need to be stable in order to obtain an acceptable bound.
From Remark 5.1 it follows that we can model the departure rate of queue Qg
with rate by min {\g, po}. Thus as soon as the input rate exceeds 1, we take the
departure process of Q¢ with rate 1. We can also apply this reasoning for the other
queues. Then we find the following values for ¢;:

| A <1 | A =>1
) Ao Ao
1 105X 0.5
ly | 0.5 X 0.5
l3 | 1.0- X 1.0

Note that the queues @1, @2 and Q3 are stable for all input rates Ag. Now, we will
construct the bound on the coupling time. Since we can treat ()¢ as an isolated
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6.2. Dependencies between queues

simple queue, we calculate the three bounds form Theorem 4.5 with the additional
factor.:

A w0 w(-(E)" -
By = 1ix Pl Light Traffic bound
By, = ﬁ . LQHO . Critical bound

A o r(-(8)) ;
By = 1% <q0_p0 S e High Traffic bound

In establishing the B; for i = 1,2,3 we need to distinguish between the case
with A\g < 1 and with \g > 1.
For A\g < 1 we get:

B, = A ( 10 _pl(l_(%))10> with p; = %50

1+0.500 |\ q1—p1 (q1—p1)? 0.5X0+1"
10
_(p2
B, — A 10 _p2<1 (qz)) with po = —0:5%0
2 = 081057 | 2—p2 (a2—p2)? P2 = 935x,+08°
10
_(r3
B. — A o »0-(8)) With pe — —0:5%0
3 1.24+0.5X0 | g3—ps3 (q3—p3)? b3 0.5M0+1.2”

and for Ag > 1 we get:

B, = A < 10 _pl(lcﬁ))m) with py = -5

1+0.5 | a1—p1 (q1—p1)*2 0.54+1°
10
p2
B, — A 10 _p2(1_(6)) with po — —0:5
2 = 08105 | ©a-p> (g2 —p2)? D2 = o550
10
_(ea
B, = A 10 _p3(1 (q's)) with pa = —0:5
3 T2+05 | g3—ps (g5 —p3)2 P3 = g5r12

Now we can construct the following bounds on the mean coupling time of the
network:

Bound 1 = By + By + B2 + Bs,
Bound 2 = Bé—f—Bl +BQ—|—B3,
Bound 3 = Bj+ B} + Bj + B3,
Bound 4 = B{ + B] + By + Bs.

Note that Bound 1 is the bound we obtain without using Remark 5.2 and Remark
5.1. Bound 2 is obtained by using Remark 5.1 and for Bound 2 and Bound 4 both
Remarks are used. These four bounds with the mean coupling time issued from the
simulations is shown in Figure 6.5. Remark that modelling the departure rate of Qg
by its service rate as soon as Ag depasses 1, highly improves the bound. Futhermore,
remark that the bound has a similar form as the coupling time.

6.2 Dependencies between queues

In the introduction we pointed out that the replacement of the max by the sum
makes our bound in some cases not appropriate. In Figure 6.3 we already saw that
sometimes the max is lower than the real coupling time obtained in simulation runs.
In this section, we show that the dependencies between the queues in the network
can play a role in the mean coupling time. To show this, we compare two queueing
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Figure 6.5: The four bounds and the mean coupling time (dots) with 95% confidence
intervals.

systems. Both systems consist of three queues in series, each of capacity 10 (Figure
6.6). In both queues, we set the arrival rate Ag = 1. In the first queueing system,
we set the service rates in an increasing rate: o = 2, u; = 4 and pg = 8. In the
second queue we set the service rates in a decreasing order: po = 8, 1 = 4 and
e = 2. Applying the method to construct a bound, we obtain the same bound for
both systems, and one can show that

~ A ¢ —pi(l_(%)cv < 205.

Er® <
; O+ | g — pi (qi — pi)?

A\ Ho H1 2

0

—> L O JO—> O
Figure 6.6: The flow chart of the three queues in series

By running 10,000 simulation runs for each model, we obtain a mean coupling
time of 148.2 for the network with increasing service rates and a mean coupling time
of 193.4 for the model with decreasing service rates (see Table 6.1). Note that in
the decreasing service rate model, the mean coupling time is relatively close to our
bound. What can explain the difference between these means? From Table 6.2 we
see that in the increasing model, the coupling time is in more than half of the time
determined by the time it takes the first queue to couple. For the decreasing model,
in almost all cases, it is the last queue that couples the last and thus determine the
coupling time of the system.

The explanation for this behaviour is the following. In the increasing service rate
model, the ratio between the arrival rate and the service rate is equal. However,
due to uniformization, most of the events affect Q2 and the least events affect Q.
Therefore, @2 tends to couple faster then Q.

For the decreasing service rate model, the system is not in the stationary mode
from the beginning. Therefore, note that at the beginning Q1 and Q)2 are instable.
Only queue @ is stable (even exteremly stable) and thus will couple very fast. Then
after coupling, Qo is stationary and thus the arrival rate at Q1 is 1. Hence, @)1 will
couple and ()5 is the last queue to couple. We see from Table 6.2 that in almost all
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mean coupling time
global system [ Qo [ Q1 | Q2
series with increasing rates 148.2 133.2 | 85.4 | 55.1
series with decreasing rates 193.4 20.1 | 66.5 | 193.4

Table 6.1: Mean coupling time of the queueing systems with increasing and decreasing
rates, and the mean coupling time per queue.

Frequency
Q | @ | @
series with increasing rates || 0.5298 | 0.2936 | 0.1766
series with decreasing rates || 0.0000 | 0.0008 | 0.9992

Table 6.2: Frequency of queue with longest coupling time.

simulation runs, indeed the last queue is responsible for the mean coupling time.
Thus this system couples exactly in the order we used to construct the bound.

We see that the intricate dependencies of the queues play a strong role in the
coupling time. We also showed that in some networks, the queues indeed couple
almost queue by queue, as is supposed in our construction on the bound. Hence, it
is hard to replace the sum. It might be subject for further research to investigate
the dependencies between the queues in the network in order to find a better bound.
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Chapter 7

Conclusion

The aim of this thesis was to study the coupling time of the coupling from the past
algorithm in queueing networks. Now we will shortly summarise the main result,
state a recommendation for effectively using the CFTP algorithm and point out
topics for further research.

In the analysis of the coupling time, we first focussed on single finite capacities
queues. We derived a recurrent expression for the exact coupling time and showed
that the mean coupling time in a single finite capacity queue is maximal when the
input rate and output rate are equal. Moreover, we derived three easy calculable
upper bounds on the coupling time that are based on hitting times: a light traf-
fic, high traffic and critical bound (page 30). Using formal series, we derived a
stochastical bound on the moments of the coupling time in a single finite capacity
queue.

The light traffic bound served to build a bound on the mean coupling time
in queueing networks. Experiments showed that the mean coupling time shows
a asymptotic lineair dependence with respect to the exogenous arrival rate. The
bound we established features this linear dependence.

7.1 Recommendation for using the algorithm

In chapter 3 we explained how one can apply the CFTP algorithm after uniformiza-
tion of a queueing system. We explained that if one picks an event whose enabling
condition is not met, the systems stays unchanged. However, choosing such an
event does indeed increase the coupling time. When one uses the CFTP algorithm
in order to obtain a steady state distributed sample, one would like to avoid that
one picks events that do not change the system at all. Therefore, one can determine
for each state the set of admissible events and pick an event out of this set for every
state. However, to do this, one needs to check in what state one is and this testing
increases the complexity. Therefore, one should avoid to test on every state, but
more likely to test for some specific events that might occur very often. The effect
of picking events that cannot be carried out, increases when there is an event that
dominates the uniformized Markov chain. Therefore, one should test only whether
a dominating event is admissible. This means that one only tests on the coordinates
of the queues that are involved with this particular event. For example, if the input
rate at Queue Q; is very large compared to its service rate, one only needs to check
whether the number of customers in @); equals C;. In testing this way, one only
needs to test one coordinate of the state s € S.

This effect explains the linear behaviour of the coupling time with respect to the
input rate at the topological first queue at the system: a very large input rate with
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respect to the service rate, makes that a lot of customers arrive and immediately
leave the system. But it does increase the coupling time.

7.2 Topics for further research

The topics for further research are strongly related to the three factors we indicated
in Chapter 6 that may be responsible for the inaccuracy of the bound.

e One might study the intricate dependencies between the queues. Our bound
does not take into account the structure between the queues. However, in
section 6.2 we have shown that the structure of the chain does play a role in
the mean coupling time.

e In the establishment of our bound, we studied acyclic networks with Bernoulli
routings. One can extend the analysis to cyclic networks, or networks with
other routing policies.

e The bound we derived is based on the time it takes each queue of the network
to reach state 0 (light traffic bound of 4.5). Therefore, the bound is terribly
bad in case the network contains unstable queues. We have partly overcome
this, since we can obtain acceptable bounds when only queues with only ex-
ogenous arrivals are unstable. While we have only been able to show that the
light traffic bound holds for each queue, we conjecture that the heavy traffic
bound and the critical bound should also hold. This would yield an overall
quadratic bound:

B < 3 2o
o bt

for any monotone Markovian network of queues with a finite state space.
Furthermore under light or heavy traffic in all queues, the bound should rather
be linear:

Sl 0(G).
To illustrate this conjecture, we have run simulations for the network displayed
in Figure 3.1 with the following parameters. The rates are A\g = 0.4, \; = 1.4,
A2 = 0.6, A3 = 0.8, Ay = 0.5. The capacity is fixed to 10 in all queues and we
let A5 (the service rate in Q3) vary from 0 to 4. As long as A5 < 0.4, Qs is
unstable and our proven bound (Bj) is poor. As soon as A5 is large enough
our bound becomes acceptable. In Figure 7.1, note that both the bound and
the mean coupling time 7 have a linear asymptotic growth in 5. The Figure
also displays the heavy traffic bound Bs and the critical bound Bs. Should
these two bounds hold, the minimum of By, B2, Bs (in bold in the figure)
would provide a remarkable bound on the coupling time, up to an additional
constant, since these bounds scale very well with the number of queues. This
explains why perfect simulation of monotone queueing networks is so fast,
especially when dealing with large scale networks as in [12] where systems
with up to 32 queues of capacity 30 (the state space is of size 3132 ~ 107) are
sampled over a classical desktop computer is less than 20 milli-seconds. This
is good enough to estimate rare event probabilities.
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7.2. Topics for further research
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By (conjecture)
600 \ B; (proven) 1
/ Bs (conjecture)
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400

300

200 \
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0 0.5 1 15 2 25 3 35 4 As

Figure 7.1: This figure displays the actual coupling time ET° together with the proven
light traffic bound B1, the conjectured heavy traffic bound B2, the conjectured critical bound
Bs and the minimum of the three bounds.

o8



Appendix A

Markov chain theory

This appendix summarises some results on discrete time and continuous time Markov
chains. For a more detailed exposition, the reader is referred to handbooks on
Markov chain theory like [1, 5, 9, 11].

Discrete time Markov chain

A Markov chain {X, }, .y is a stochastic process in discrete time on a state space
S with the property that

P(Xnt1 = Snt1| Xo =50, X = $n) =P(Xps1 = Sny1| X = sn),

for every possible value of s, ... $,11 € S. A Markov chain is called time-homogeneous
if

Dij = IE”(XHH =j| X, = z) for every i,j € S. and for every n € N.
The probabilities p;; are the one-step transition probabilities. These one step prob-
abilities satisfy

pij =0 fori,jes and Zpijzl-
jes

Let the matrix P = (p;;) denote the matrix whose entries are the one step proba-
bilities. From now one, we suppose that the Markov chains are time-homogeneous.
The n-step probabilities p}; are defined as

Py =P(Xn =j| Xo =1),

and denote the probability of going from state ¢ to state j in exactly n steps.

A state i is accessible from state j if there exists an integer n such that p; > 0.
State ¢ and j communicate with each other if j is accessible from state ¢ and 7 is
accessible from j. Two states that communicate with each other are said to be in
the same class. A Markov chain consisting of only one class is irreducible.

Let f;5 denote the first passage probability of state j, provided we start in state
i. That is

i=P(Xn=7j, Xp#j forl<m<n—1][Xo=1).

Now
o

fijzz i = P (there exists an n € N: X, = j | Xo =1).
n=1
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A. Markov chain theory

A state is called recurrent if f; = 1 and a state is transient if f; < 1. Thus, if
a state recurrent, the Markov chain will visit state ¢ infinitely often and when the
state is transient, the state will be visited only a finite number of times. One can
show that if Y7 plt = oo, then state i is recurrent and that if Y ° /p!% < oo, the
state ¢ is transient. Recurrence and transience are class properties.

A recurrent state ¢ is called positive recurrent if

oo

Znﬁ<oo.

n=1

Thus for a recurrent state the expected time to return to state 4 is finite. Positive
recurrence is also class property.

A state 7 has period d if pl: = 0 whenever n is not divisible by d, and d is the
largest integer with this property. A state with period 1 is said to be aperiodic.
Periodicity is a class property.

In an irreducible Markov chain with finite state space S, all states are positive
recurrent.

A probability distribution (7;,j € S) is called the stationary distribution of a
Markov chain if

Wj:ZWipija jes.
€S
This stationary distribution 7; of a state j can be interpreted as the long run
proportion of time that the process is in state 7. Thus m; = lim, P
One of the main results for finite-state Markov chains is the following:

Theorem A.1. Let {X,}, .y be a aperiodic and irreducible Markov chain on a
finite state space. Then there exists a unique stationary distribution.

Continuous time Markov processes
A stochastic process {X (t),t > 0} is a continuous time Markov process if

(i) The amount of time spent in a state ¢ € S before a transition to an other state
j € S is exponentially distributed with parameter v;.

ii) When the process leaves state ¢, it enters state j with some probability p;;:
J
{ Dii = 0, forallie S

(A1)
Dby = 1 forallie S

We suppose that the parameters v; are bounded and that the set S of all states is

finite. The discrete time Markov chain {X,}, .y with transition matrix P = (p;;)

is called the embedded chain. The transient probabilities

pij (1) = P(X (t +5) = j|X (s) = i)

denote the probability that a process currently in state ¢ will be in state j at ¢ time
units later.

Let qi; = v; pij for ¢ # j denote the rate at which a process makes a transition
from state i to state j. This rate is called the infinitesimal transition rate.

A probability distribution (p;,j € S) is called the stationary distribution of a
continuous time Markov chain if

vipi = Qipk, JES.
oy

This stationary distribution p; of a state j can be interpreted as the long run
proportion of time that the process is in state j. The main result is:
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A. Markov chain theory

Theorem A.2. Let {X(t),t > 0} be a continuous time Markov process on a finite
state space. Let the embedded Markov chain be irreducible and aperiodic. Then X (t)
has a stationary distribution p;.

A continuous time Markov process is time reversible if
Di Gij; = Dj Qi for all 7,5 € S.

This means that the rate at which the process goes directly from state i to state j
is equal to the rate at which it goes directly from j to .

Theorem A.3 (Burke’s Theorem). Consider an M/M/1 queue in steady state
with arrival rate A and service rate p and X < p. Then the departure process is a
Poisson process with parameter A.

Proof. ([9], p. 378) In any interval of length ¢, the number of transitions from state
1 to i+ 1 must equal within one the number of transitions from i+ 1 to i. By letting
t — oo, the number of transitions goes to infinity and the rate of transitions from
i to i + 1 equals the rate of transitions from ¢ + 1 to i. Thus the M/M/1 queue
is time reversible. Let N (t) count the number of customers in the M/M/1 queue.
By going forward in time, the points where N (¢) increase by one, correspond with
the arrivals of customers and thus is a Poisson process with parameter A. Since the
process is time reversible, the points at which the reversed process increases by one
must also represent a Poisson process with parameter A\. These latter points are
exactly the points when customers depart in the reversed process (see Figure A).

Hence, the departure process is Poisson with parameter . O
N(t)
3 €
1T
1T 5
0 X X x X Xt

Figure A.1: Realization of N(t). The time points at which arrivals occur in the reversed
process are indicated by x.

Uniformization

The aim of uniformization is to construct for a given continuous time Markov chain
a stochastic process such that the distribution of the sojourn time in a state is
independent of the specific state one is in. Therefore, take a finite number v such
that v > v;.

We define {Y"}n < @ discrete time Markov chain whose transition matrix P =

(pi;) is given by
_ Y pij i # J;
Pi=Y 1 m i = .

v

Note that the discrete time Markov chain X,, does allow transitions from a state
to itself, whereas the the embedded chain X, does not. Let {N (¢),t > 0} be
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A. Markov chain theory

a Poisson process with parameter v. Now define the continuous time stochastic
process {X (t),t >0} by

X (t) =X N, t>0. (A.2)

In other words, this stochastic process X (t) is driven by a Poisson process with
parameter v to determine when a transition takes place and a discrete time Markov
chain X,, to determine which transition takes place. In fact, the transitions out of
state ¢ are delayed by a factor v/v; while the time it takes until the next transition is
condensed by a factor v; /v. This explains that the continuous time Markov process
X (t) is probabilistically identical to the new constructed process X (t).

The uniformized model is thus driven by a single Poisson process and a discrete
time Markov chain X,. The stationary distribution of the uniformized process is
therefore determined by the stationary distribution of the discrete Markov chain
X ,,. Because the model before uniformization and after uniformization are proba-
bilistically identical, this means that the stationary distribution of the continuous
time Markov process {X (t),t > 0} is also determined by the stationary distribution
of the discrete time Markov chain X,,.
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Appendix B

Useful theorems and results

This appendix consists of theorems and other results that are used in this thesis.

Strassen’s Theorem

Let X,Y be random variables. We say that X is stochastically smaller than Y if
P(X >1t) <P(Y >¢) for every t. We note X <4 Y. Let D (R"™) denote the set of
probabilities on R™.

Theorem B.1 (Strassen’s Theorem). (/2/, p. 877-378) Let F' and G be two
cumulative distribution functions in D (R™). Now F <s G if and only if there
ezist two R™ random variables X and Y defined on the same probability space with
probability distribution F' and G respectively and such that X <Y almost surely.

Proof. For dimension one, the proof is obtained from the following construction: Let
U be the random variable uniformly distributed on [0,1]. Let X = F~1 (U) and Y =
G~ (U) with the inverse of F defined by F~! (u) = inf {z such that F (z) > u}. It
follows from the assumption F' < G that X = F~1 (U) <G 1 (U) =Y.

On the other hand, if X <Y almost surely, then P(X < z) = F (z) > G (x)
P(Y < z) for all z > 0, and this is equivalent to F <y G.

o

Random Walks

A random walk with absorbing barriers is a walk on 0, ..., m with p the probability
of going up and ¢ = 1 — p the probability of going down. Let P; denote the
probability that absorption occurs in state m when starting in ¢ and let Q; = 1—F;
denote the probability that absorption occurs in 0.

Proposition B.1. In a random walk on 0,...m, we have

{ dloat ifp £ 4,

Pi= i . 1
m pr:§7
with a = q/p.

Proof. ([1] p. 65-66) Conditioning delivers the following recurrent relation for P;:

P, =pPiy1+qP—y fori=1,...,m—1,

with the boundary conditions Py = 0 and P,, = 1. The characteristic polynomial
ispr? —x+¢q=0.
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In case p # ¢, the roots of the caracteristic polynomial are 1 = 1 and r; =
q/p = a. The general solution becomes:

P, = Ari + Bri = A + Bd', (B.1)

with A, B € R constants. These constants can be determined using the boundary
conditions. We obtain that A = —B =1/ (1 — a™) such that

1—at

P’L:
1—am

for p # q.

In case p = g, there is only one root, namely r = 1. The general solution therefore
is

P; = Ari + Birl = A+ Bi. (B.2)
Again, we use the boundary conditions to determine A and B. We find that A =0
and B =1/m.
Thus: .
P, = L for p=q.
m
O
By setting 1 — P; we obtain the next result:
Corollary B.1. In a random walk on O, ..., m, we have
e ifp#
Qi - m—1 . 1
N fr=s,
with a = q/p.
Let T; denote the absorption time of a random walk on 0,...,m starting in 4,
and let ay denote the probability of absorption in 0.
Lemma B.1. )
1 m_ 1—a’ 1
7 arplam PFD
E[T;] = (B.3)
i(m — 1), p= %
Proof. By a one step analysis, we get
]E[TZ] =1 —|—pE[TH_1] + q]E[Ti_l], for 1 § ) § m — 1, (B4)

with the boundary conditions E[Ty] = E[T},] = 0. The general solution equals (B.1)
for p # q and (B.2) for p = ¢, but this time we also need to find a particular solution
since the factor +1 appears in the recurrence.

In case p # ¢, we try the particular solution Ci 4+ D. Using (B.4), we find that
C =1/(q—p) and D = 0. Thus the solution becomes:

A—i—Bai—i—L.
q—Dp

By sing the boundary conditions we get:

1 m 1—a

E[T)] = - .
7 q—p q—pl—am

In case p = ¢, we try the particular solution Ci2 + Di+ E. Using (B.4), we find
that C = —1 and D = E = 0. Then the solution becomes:

A+ Bi— 2.
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By using the boundary conditions, we obtain:

E[T;]=i(m—1).

Catalan Numbers

The Catalan numbers are given by the recurrence

|
—_

n

Cn = Ckcnflfka
0

~
Il

with the initial values Cy = C{ = 1.
Let C(x) be the generating function of the Catalan numbers. Then

2C (z)’ = x(Co+ Cra+Cor® +...) (Co+ Cra + Coz® +...)
= C2+(CoCy + C1Cp) 2% + (CoCy + C1Cy + C2Co) 23 + . ...
= C(z)-1.

Solving for C'(z) yields:

1—+v1—4x

Cla) = 2z

Note that we choose the minus sign, since when choosing for the plus sign, then

lim, o C(z) = co. A direct expression for C,, is (27?) n%rl Hence,

n

O(x):i (2:>nil
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