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Abstract

Stochastic comparison is a method to prove bounds on performance metrics of stochas-
tic models. Here, coupling can be used to define two processes on a common probability
space, which makes it possible to compare the steady-state distributions of the processes.
Two processes are stochastically related if their steady-state distributions satisfy a certain
comparison relation. Such a stochastic relation can be more general than a stochastic or-
der. In this thesis, a thorough description of stochastic comparison using coupling for
the probability kernels of Markov processes is presented. Necessary and sufficient con-
ditions for the stochastic comparison of stochastically related Markov queueing networks
are given, in particular for the coordinate-wise and the summation relation. Also, an ex-
ample of a Jackson network with breakdowns is studied, and an explicit coupling which
preserves a subrelation of the coordinate-wise order relation is constructed. This allows to
conclude that the steady-state distributions of the breakdown models are coordinate-wise
comparable.

Keywords: coupling, stochastic comparison, stochastic order, stochastic relation, Strassen’s
theorem, Markov queueing network, Jackson network, probability kernel
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Chapter 1

Introduction

Stochastic queueing networks are networks of multiple interconnected service stations. Cus-
tomers arrive in some random manner at a station in the system, where they may have to
wait until they are served. After service, the customers jump randomly from one server
to another, or leave the system. Queueing networks are used to model a great variety
of applications. A few examples where queueing networks can be used in mathematical
modeling are:

e call centers, where calls arrive and are put through to different service desks,

e manufacturing models, where requests or materials have to move along different
production facilities or employees,

e the internet, where data packets are routed from source to end,
e many more applications in physics, biology and economy.

More on the variety and applications of queueing networks can be found in [Serfozo, 1999],
[Kelly, 1985] and [Kelly, 1991].

Our principal aim is to obtain information about system quantities. For queueing mod-
els we can think, for example, of the number of customers in the system, the waiting
time, the loss probability, or the busy period of a service station. System quantities can
be means, but also distributions, such as the waiting time distribution at a certain server.
The behaviour of a stochastic model is completely determined when we know the model
dynamics and the initial distribution of the network. In practice, distribution functions
may not be known, or their full dependence structure may be unknown.

Often, queueing models are too complex to analyze explicitly, but if it is not possible
to compute the probability distributions, it may still be possible to provide bounds on
the system quantities of the model. For example, by comparing the model to a simplified
model. Possible ways to prove the validity of the bounds are (i) simulation, which is useful
in practice because it is easy to implement, but only gives results for certain parameters of
the model; (i7) mean value analysis, for example by using the Markov reward approach
[van Dijk, 1998]; and (iii) stochastic comparison, which provides approximations for the
distributions of the processes. In this thesis, stochastic comparison of Markov queueing
networks is considered.

Stochastic orders are frequently used for the derivation of comparison results for
stochastic models. Formally, stochastic ordering is a partial ordering on the state space
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of probability measures. The term order refers to the strong or usual stochastic order. How-
ever, in this context we require a partial order on the state space where both processes live.
In [Miiller and Stoyan, 2002] and [Shaked and Shanthikumar, 2007] the reader can find an
overview on stochastic orders. In [Kamae et al., 1977], characterizations for the partial or-
dering of probability measures are given. [Massey, 1987] and [Whitt, 1981] extended these
characterizations for the stochastic domination of continuous-time Markov processes, and
[Last and Brandt, 1995] extends it to more general jump processes. In [Leskeld, 2010], the
notion of stochastic orders is extended by defining stochastic relations. Unlike orders, re-
lations do not have to be reflexive or transitive. Also, a relation between two processes
is defined as an arbitrary subset of the product space in which the two processes live.
Therefore, the two processes do not have to take values in a common ordered space, and
the spaces do not have to be the same.

Coupling is a method for proving stochastic comparability. The main idea of cou-
pling is the joint construction of two random elements on a common probability space,
while adding dependencies on the processes. Adding dependencies allows comparison of
the distributions of the elements [Lindvall, 1992], [Thorisson, 2000]. In [Szekli, 1995] and
[Last and Brandt, 1995], several coupling constructions are described. Stochastic compar-
ison using coupling is often based on Strassen’s theorem, which ensures the existence of
an order-preserving coupling [Strassen, 1965]. Strassen’s theorem remains valid for rela-
tions, which allows us to use coupling methods to analyze stochastic relations. Leskeld
presents a characterization of stochastic relations and gives if and only if conditions for
the stochastic comparison with respect to relations. The existence of a coupling which
preserves some subrelation is sufficient to lead to strong comparison results.

Jackson networks are one of the simplest classes of Markov queueing networks to
study. Sufficient conditions for the stochastic comparison of Jackson networks with iden-
tical routing probabilities are given in [Lindvall, 1992]. In [Lépez et al., 2000], necessary
and sufficient conditions for the stochastic comparison of Jackson networks with increas-
ing service rates are derived, by constructing an explicit coupling. In [Economou, 2003],
sufficient conditions are stated for the coordinate-wise ordering without assumptions on
the service rates. However, these conditions are not sharp. If and only if conditions for
the same problem are presented in [Delgado et al., 2004].

In this thesis, the theory of stochastic comparison with coupling is applied to Markov
queueing networks. A detailed introduction to couplings and stochastic relations is pre-
sented. In most applications, the queueuing models consist of a finite number of ser-
vice stations and the state spaces are countable. These assumptions allow simplification
of the theory of stochastic comparison. The model dynamics of Markov processes are
usually given by transition probability matrices. New notions of coupling of transition
matrices and coupling of transition rate matrices are defined. Although several compara-
bility conditions and characterizations have already been given in terms of probability
kernels [Kamae et al., 1977] and [Leskeld, 2010], couplings of transition matrices have not
been defined before. The definition of coupling of bounded transition rate matrices for
continuous-time Markov processes follows naturally from the discrete-time definition. We
prove that the definitions of a coupling of transition probability matrices coincide with
coupling of the related discrete-time Markov processes. The same result for a coupling
of transition rate matrices and continuous-time Markov processes is given, by writing
continuous-time Markov processes in discrete-time using the uniformization method as
in [Ross, 2007].

For Markov queueing networks on countable state spaces, we derive necessary and
sufficient conditions for the stochastic comparison of these networks, using a comparison
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CHAPTER 1. INTRODUCTION

result from [Leskeld, 2010]. We work out these conditions for two relations. In particu-
lar: the coordinate-wise order relation compares the number of customers in the networks at
each service station, while the summation relation compares the total number of customers
in the entire system. The results obtained for the coordinate-wise order relation are com-
plementary to the results in [Delgado et al., 2004]. Also, we consider a Jackson network
where breakdowns can occur. In this example, it is not possible to give a coupling for
which the required comparison relation is invariant, but still, the stochastic comparison
relation can be proved by defining a subrelation of the comparison relation. We give an
explicit coupling which preserves a subrelation of the coordinate-wise order relation, and
illustrate that this indeed leads to a strong stochastic comparison result.

The thesis is outlined as follows. We start in Chapter 2 with an example of a coupling
of two single-server queueing systems. Then, after some basic definitions and measure
theoretic revisions, the notion of coupling is defined. For Markov processes, the coupling
of probability (rate) matrices is studied. Stochastic comparison of random elements and
processes is discussed in Chapter 3. In Chapter 4 a basic Markov queueing network is
presented and the necessary and sufficient conditions for the stochastic comparison of
two of those Markov queueing networks are proved for two different types of relations.
For the coordinate-wise order relation, a new characterization for sharp comparison con-
ditions of general Markov queueing networks is stated. The conditions of this theorem
are analytically easy to verify. Chapter 5 illustrates how strong comparison results follow
from a coupling which preserves some subrelation. Chapter 6 concludes the thesis.
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Chapter 2
Coupling

Coupling is a possible way to compare two or more random variables or processes. By
coupling two processes we establish a joint construction on a common probability space.
This chapter gives an introduction to the coupling approach. We start by giving a basic
example of the coupling of two single-server queues in Section 2.1. In the second section
the formal definition of the coupling of stochastic measures, elements and processes is
given. In Section 2.3 and 2.4 we consider the coupling of respectively discrete-time and
continuous-time Markov processes and we express coupling in terms of the transition
probability kernels of the processes.

2.1 Single-server queue

We consider two single-server exponential queueing systems X and Y. In both systems
customers arrive at the service station in accordance with a Poisson process having rate A.
That is, all inter-arrival times are independent and exponentially distributed with mean
1/A. The service times are also independent and exponentially distributed with mean
1/p for queueing system X, and mean 1/’ for system Y. As state description we use
the number of customers in the system, denoted by n with n € IN and 0 < n < N. The
notation IN is used for all positive integers where we adopt the convention that 0 € IN.
Furthermore, we assume that the systems have a capacity constraint of N on the total
number of customers in the system. If n > N, arriving customers are rejected and lost.

A A A
l=—/—/—/— 1l ... —
H H H

Figure 2.1: Single-server queue (M/M/1)

The two systems differ only in the service rate: the service rate y in system X is as-
sumed to be bigger than the service rate y/ in system Y. So we expect that on average
there are less customers in system X, because the waiting and service times of the cus-
tomers in this system are shorter. We expect the loss rate of system X to be smaller than
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2.1. SINGLE-SERVER QUEUE

the loss rate of system Y. In this simple example we can easily compute the steady-state
distribution, for example, by solving the equation 77 = 7P for the transition probability
matrix P [Ross, 2007]. In this example the state space is one-dimensional. In more dimen-
sional state spaces, however, we do not want to compute these steady-state distributions,
because it is too difficult or time-intensive.

The goal is to prove that process X is stochastically smaller than process Y in some sense.
If we do not want to compute the steady-state distributions we can use other approaches,
such as coupling. Formal definitions will be given in Section 3.1 and 3.2.

2.1.1 Three couplings

In this single-server example, X and Y are real-valued and live in a one-dimensional space.
A random variable X is a copy or representation of X if X and X have the same distribution.

R L Xifand only if P(X <s) =PP(X <s) foralls € R. (2.1)
A A
2 0,2) —— (1,2) ——— (2,2)
K H
A AW Al w A
A A
1 01 —/———— (1,1) ————— (2,1)
H 1
A oA VI A ]/l/ A ,14/
A A
0 (0,0) —————= (1,00 —/———— (2,0)
H H
A A

0—/] — 1= ——=
U U

Figure 2.2: The trivial coupling of X and Y.

A coupling of two processes X on S; and Y on S; is a third process Z = (X, Y) on the
product space S x Sy such that X is a copy of X, and Y is a copy of Y. So the marginals
of the new process coincide with the original processes. For the two single-server queues
X and Y described above we can have for example the simplest coupling, called the trivial
coupling, shown in Figure 2.2. In this picture we can see that in any state (x,y) in the
product space, the marginal outgoing rates behave just the same as the outgoing rates
from state x of X and state y of Y. So a coupling (X, Y) is a process on the product space
such that the marginal distributions behave just like X and Y.
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CHAPTER 2. COUPLING

(e ——— R ——

u 1

Figure 2.3: Maximal coupling of X and Y.

The trivial coupling always exists and does not give us any extra insight in the be-
haviour of the two original processes. Typically we want to include a certain amount of
dependency in the coupling (that is dependency between X and Y), although of course
the marginal distributions have to remain the same.

For our example, define A := p — y’. Then we can adapt the coupling such that
whenever a departure occurs at process Y, there will also be a departure in process X, and
thus we have a joint departure rate of y’. The arrival rates are also coupled. There exists
more couplings of X and Y. Figure 2.3 and Figure 2.4 gives two other couplings of X and
Y.

Summarized, we start with two processes X and Y, and we create a coupling of them

(X,Y) such that X L Xand V2 Y, and such that X and Y have an interesting dependence
structure. Now let us consider what we actually want to achieve. We want to prove that
X is stochastically less than Y. For random variables this means

P(X <s)>P(Y <s), foralls € R. (2.2)

RLXand VL Y, and (2.2) is equivalent to
P(X<Y)=1. (2.3)

Consider Figure 2.4. The dotted area in this figure is exactly the area where X < Y holds.
This is also the area where the relation R = {(x,y) : x < y} is true. So, all we have to do is
to prove that in steady-state the process (X, Y) is inside the dotted area R. The dotted area
is invariant (sometimes also called absorbing) for the process (X, Y). That is, once entered
into this area the process will never leave the dotted area anymore. So if we start in this
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2.1. SINGLE-SERVER QUEUE

Figure 2.4: A third coupling of X and Y.

area, we will stay there forever, but also when we do not start in this area, the probability
that we never enter it is zero. So we found a coupling process for which in steady-state
the relation R is true with probability one.

Note that to compute a coupling for which the relation R is invariant, we can start with
the trivial coupling and add dependencies only in those states at the boundary of relation
R. That is the dotted line in Figure 2.4.

2.1.2 Stochastic Comparison

Figures 2.3 and 2.4 both present couplings for which the relation R is invariant. Now that
we found such couplings, we can prove that X <g Y. Assume x < y, thatis (x,y) € R.
Let the initial states be Xy = x and Yy =y. Then foralls € R :

]P(Xt(x) > s)
(Xt)ter, is a copy of (X)rer,
= P(X((xy) >s)
due to the fact that P(X;((x,y)) > s, Xi((x,y)) > Yi((x,y))) =0
= P(R((xy) > X((xy) < Vil(xy))
because event (Yi((x,y)) > s) is a subset of (X¢((x,y)) > s, Xe((x,v)) < Yi((x,v)))
P(Yi((x,) > 5)

IN
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CHAPTER 2. COUPLING

and, because (Y1)ier, is a copy of (Yi)ier,

= ]P(Yt(y) > s).

Thus, X¢(x) <& Yi(y) for x < y for all t. Taking limits at both sides where we use 7x to
denote the limit distribution of X, using Theorem 3.14 we get that the limit distributions
of X and Y exist and do not depend on the initial states. By Theorem 3.15, which ensures
us that the probability to stay out of the invariant subspace R is zero, we have rtx <g 7y.
We call the processes X and Y stochastically related with respect to relation R.

Usually, the explicit coupling is never given. Existence of a coupling for which a (sub-
relation of) relation R is invariant is sufficient to prove the strong stochastic comparison,
as we conclude at the end of the next chapter. Another explicit coupling of Markov queue-
ing systems is presented in Chapter 5, and more examples can be found, for example, in
[Jonckheere and Leskeld, 2008] or [Chen, 2005].

2.2 Coupling

In this section, we introduce some basic concepts required for the rest of this thesis. After
a brief revision of the concepts of measurability, random elements, stochastic processes, and
the definition of the distribution of a random element, we give the definition of coupling for
probability measures and random elements.

2.2.1 Stochastic process

We start by introducing the necessary measure-theoretic terminology and notation. A o-
algebra on S is a non empty subset of the power set 2° which is closed under complements
and countable unions. A measurable space is a pair (S,S) where S is a set, and S is a
o-algebra on S. A probability space (), F,IP) is a measurable space with a probability mea-
sure. A mapping X between two measurable spaces (S, S) and (S', S’) is called measurable
if X"1(A") e Sforall A’ € S'.

A random element in a measurable space (S, S), defined on a probability space (Q2, F,P),
is a measurable mapping X : (Q), F,P) — (S, S), and we denote

X1 A)={XecAl:={weQ:X(w) € A} for A€ S.

A random variable is a random element in (IR, B), where R denotes the real numbers and
B denotes the Borel subsets of IR [Schilling, 2005].

A stochastic process with index set T is a family X = (X;);er where all X; are random
elements defined on a common probability space (Q), F,P) taking values in (S,S). We
can think of X as a mapping X : Q — U C ST, or equivalently we can see the process X as
a collection of random elements X; in the state space S with X; : () — Sforallt € T (see
[Kallenberg, 2002], Lemma 3.1). In this work the index set T denotes the time line, which
is either discrete (T = IN) or continuous (T = R ). The paths of a stochastic process X are
realizations X (w) = (X¢(w))teT, w € Q). When we speak about a path, no randomness is
involved anymore (w € Q is fixed) because the random elements (X;);cr are fixed. The
path space U is the subset of all paths X(w). Thus, X is a stochastic process on ) with
paths in U. For discrete-time stochastic processes, U = SN where

SN = {functions from N into S}.
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2.2. COUPLING

For continuous-time processes, the path space U is denoted by D = D(R, S), where
D(R4,S) = {functions from R4 into S which are right-continuous and have left limits}.

Here, we restrict D C SR to the set of functions which are right-continuous and have left
limits to ensure measurability [Leskeld, 2010].

2.2.2 Coupling of probability measures
Let IP be a probability measure on S x Sp. The marginals of IP are defined by

[P]1(A1) :==P(A1 x Sy) for all A} € Sy, and
[]I)]2(A2) = ]P(Sl X Az) forall A, € S,.

Definition 2.1. [Coupling of probability measures]

Let IPx and Py be probability measures in (S1,S1) and (S, S2), respectively. A probability
measure P : S; x Sp — [0,1] is a coupling of Px and Py if the marginals of IP equal P
and Py. This means, IP is a coupling of Px and Py if

[P]1(A1) = Px(A;) for all A; € Sy,

and

[]P}z(Az) = ]Py(Az) forall A; € S,.

2.2.3 Distribution

The distribution of a random element X (under measure IP) is the probability measure on
(S,S) induced by X, namely PX~!, where

PX 1 (A)=P(Xc A) =P({wec Q: X(w) € A}) for A€ S.

A random element X' in (S, S) is a copy or representation of X if the distributions of X and
X' are equal, so
P(Xe A)=P(X' € A) forall A € S.

We write X’ 4x to indicate that X’ is a copy of X.

224 Coupling of random elements

Coupling is the joint construction of two (or more) random elements on one common
probability space. The idea of this probability space is that it is a common probability
space on which both random elements are defined.

Let X and Y be random elements in the spaces (S1,S1) and (Sy, S,), respectively. We
introduce a third bivariate random element Z = (X,Y) in a space (S,S). The random
element Z lives on the product space of (S1,S;1) and (Sy, Sz). This common probability
space is the natural product space

(51,81) ® (S2,82) = (851 X 52,851 ® S2),

where S; x S, denotes the ordinary Cartesian product of Sy and Sy, and &1 ® S; is the
product c-algebra generated by S; and S, (for reference see for example [Schilling, 2005]
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CHAPTER 2. COUPLING

or [Williams, 1991]). From Section 2.2.4 on, this product space will be denoded simply by
51 X Sy, leaving the c-algebra implicit. Also, we do not need to care about measurability
of the different sets, because our state spaces are always countable. Measurability also
ensures us that all subsets of the state spaces are closed. We denote the first marginal of
PZ~! by [PZ~']; or PX~! and the second marginal by [PZ~1], (or PY~1):

PZ711(Ar) :=PZ (A1 X S)),
[PZ M (Az) := PZ71(S1 X Ag).
Now we can give the formal definition of a coupling.

Definition 2.2. [Coupling of random elements]

Let X be a random element in (S1,S7) and Y a random element in (S;,S;). A random
element Z = (X,Y) in S; x S is a coupling of X and Y if the marginal distributions of Z
equal the distributions of X and Y. This means, Z = (X,Y) is a coupling of X and Y if

|:1[JZ_1i| . (Al) = ]PX_l(Al) fOI‘ a].]. A] S S]/

and
[IPZ”L (Ag) = ]PY_l(A2) for all A, € S,.
In other words: a coupling Z = (X,Y), defined on some probability space (Q, F,P), of
random elements X and Y is a measurable mapping Z : (Q), F,P) — (51 x 55,51 ® S)
such that X £ X and Y £ V.

Note that there always exists at least one coupling, namely the so-called trivial coupling
where X and Y are independent of each other (Fact 3.1 of Chapter 3 in [Thorisson, 2000]).

2.2.5 Coupling of random variables

Now that coupling is defined for random elements, by the definitions in the beginning of
the chapter we can specify the notion of coupling of random variables. A random variable
is a random element with values on the real line; in this case the distribution of a random
variable X is completely defined by P(X < s) = PX !((—oo,s]) for all s € R. For a
bivariate random element Z defined in R x IR, the marginal distributions are given by

[]Pz—l}l ((—c0,x]) := PZ 1 ((—c0,x], (—00,00)), for all x € R,

{Pzil]z ((—o0,y]) := ]PZ*l((_oo,oo), (—o0,y]), for all y € R.

Definition 2.3. [Coupling of random variables]

Let X and Y be two random variables on (R, B). A bivariate random element Z = (X, Y)
in R x R is a coupling of X and Y if the marginal distribution functions of Z are equal to
the distribution functions of X and Y. Hence, Z is a coupling of X and Y if

[]PZ*l}1 ((—o0,x]) = PX 1((—00,x]) for all x € R,

and
[1132*1}2 ((—00,y]) = PY~1((—oco,y]) forall y € R.
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2.3. COUPLING OF DISCRETE-TIME MARKOV PROCESSES

We make a few remarks on Definitions 2.2 and 2.3. First of all, it is important to
remark that for a coupling Z of X and Y, the marginal distributions coincide. Often for the
original elements X and Y, the joint distribution is not defined or at least not known. As
[Thorisson, 2000] says: X and Y live together, X and Y do not. This is exactly where couplings
can be useful. When constructing a coupling, only the marginals have to coincide, and
we have some freedom in constructing dependence between X and Y. The trick is thus
to find a coupling with a nice dependence relation of X and Y, which gives us some
comparison properties between X and Y. We study such comparison relations in Chapter
3. In Chapter 3 we will also present some theorems on the joint distribution of couplings.
Strassen’s Theorem (Section 3.3), for example, ensures the existence of a coupling which
preserves a certain ordering. In the next two sections we will consider coupling in a
Markov chain setting.

2.3 Coupling of discrete-time Markov processes

This section is focused on coupling of discrete-time Markov processes. A coupling of
transition probability matrices is defined, and we prove that a coupling of the transition
matrices of two processes is the transition matrix of a coupling of the processes.

2.3.1 Discrete-time Markov processes

Consider two discrete-time Markov processes X = (X;);er and Y = (Y})¢er having count-
able state spaces S; and S;, where the time horizon is IN. So each realization of process X
is an infinite path in SNN. At each time moment t € IN, the process jumps to another state
(or remains in the same state) with a certain probability. X(x, -) is a Markov process with
transition matrix P; on state space S; and initial state x. We write X(x,-) for (X¢(x))teN
where t stands for time and x denotes the initial state.

Process X has probability matrix, or transition matrix, P where Py (x, x) is the probability
to jump from state x to state x’. The second process Y, taking values in space S, has
probability matrix P,. For all probability transition matrices, we must of course have that
all entries are greater or equal than zero and all rows sum to one.

2.3.2 Coupling of transition matrices

Definition 2.4 generalizes the notion of coupling to discrete-time Markov processes deter-
mined by the transition probability matrices.

Definition 2.4. [Coupling of transition matrices]
Let P be a transition matrix on S; X Sp. Then matrix P is called a coupling of P; and P; if
forallx € S;andy € Sy,

Pi(x,x') =Y P((x,y),(x,y)) forallx’ €8,

yIGSZ
and
P(yy) = ) P((xy), (xy)) forally €S,
X/Esl

Theorem 2.5. [Coupling theorem for discrete-time Markov processes]
Let Py, P, be transition matrices on Sy and Sy. Let X(x,-) = (X¢(x))ten e a discrete-time
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CHAPTER 2. COUPLING

Markov process on Sy with transition matrix Py and initial state x. Similarly, let Y(y,-) =
(Y¢(v))ten be a discrete-time Markov process on Sy with transition matrix P, and initial state y.
Assume that P on Sy x Sy is a coupling of Py and P,. Let Z(z,-) = (X(z,-),Y(z,)) be a Markov
process on Sy X Sy with transition matrix P and initial state z = (x,y). Then the process Z(z, -)
is a coupling of the processes X(x, ) and Y(y,-). In particular, Z(z, t) is a coupling of X;(x) and
Y:(y) for all t.

As we know from the previous section, the realizations of process X are paths in the
state space. We are interested in IP(X(x,-) € F) for subsets of paths F C SN. For the
proof of Theorem 2.5, we use the following lemma which states that the distribution of a
process X = (X¢)seN is completely determined by the distribution functions of its finite-
dimensional paths.

Lemma 2.6. [Finite-dimensional distributions]
Let X = (X¢)tew and Y = (Yi)teN be processes living in S, with time horizon IN and paths in

SN. For each t, Xy and Y; are random elements in S. Then X Ly if and only if

(th,Xt2,...,th) g (Ytl,Ytz,...,Ytn)fOT’all t1,...,tn € N, n € N.

For the proof of Lemma 2.6 see [Kallenberg, 2002], Proposition 3.2. In other words,
Lemma 2.6 states that if we are interested in IP(X(x, -) € B) for all subsets of paths B C S,
it is enough to consider the probability distributions of all finite paths

]P(th =ag; Xy =a1;..; X, = Iln),

for all ty,...,t, € T, n € N and ag,a1,...,a, € S. In this section, we deal with discrete-
time Markov processes which jump at t = 0,1, ... Therefore, in Lemma 2.6 above, we can
read t; = i for all i € IN. But the lemma is also valid for continuous-time processes.

1 if A is true,

The indicator function of a set Ais 14 := { 0 otherwise

We denote X(x,-) by (X¢(x))ten; Y(y,:) = (Yi(y))ten and Z(z,-) = (Zt(z))ten where
Z = (X,Y),s0 Zi(z) = (Xt, Yi)(z) = (Xe(z),Yi(z)) for all z = (x,y) € S; x Sy. Now, the
coupling theorem for discrete-time Markov processes can be proved.

Proof of Theorem 2.5. Fix an arbitrary n € IN and a finite path (a¢);—o, , in Si: (ag, a1,
..o, y) € STH. Then, for all initial states by in S, we have:

]P(Xo(x) =ag; X1(x) =ay;...; Xu(x) = an)
= Ngy—gpy - Pr(ao,a1) - Pr(ay,a2) - ... - Pr(ap—1,an)

= Nyea} - 2 {p((ﬂofbo)/ (“1,51))' Y. {p((alfbl)/ (“2,172))'

b1652 h2652

.bné&{ls((an—z,bn—z)/ (ﬂn—lrbn—l))~ ) {p((ﬂn—lzbn—l)'(an/bn))}}...}}

hn652

= P(Z((x,)) € {a0} x $2; Z1((x,y)) € {m} x S i Zu((x,9)) € {au} x S2)

= P(Zo((x,y) = a0; Xi((x,y)) = a1; s Kul(x,9)) =),
forall y € S,.
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2.4. COUPLING OF CONTINUOUS-TIME MARKOV PROCESSES

In the same way we can fix an arbitrary finite path (b;)¢—,. , in Sy and show that for
this path also holds, for all initial states ayp € Sy:

P(Yo(y) = bo;Yi(y) = b Yaly) = bu) =

P(Yo((x,y)) = bor Fi((x,9)) = b Vul(x,)) = b

for all x € S;.

This holds for all finite paths (a¢);—o,. » in S1 and (bt)i—, , in Sy, and for all initial
states x, y in S; and S,. Using Lemma 2.6 we can generalize this to infinite paths. There-
fore, we conclude that process (Zt((x,y))) = ((Xt, Y/t)((x,y))) is a coupling of

teN N

te
the processes (X¢(x))iew and (Yi(y))iew When the transition probability matrix P is a

coupling of P; and P,.
O

24 Coupling of continuous-time Markov processes

In this section we will do the same for continuous-time Markov processes as we did in
Section 2.3 for the discrete-time situation. Probability matrices are replaced by transition
rate matrices. In Section 2.4.2 we present the uniformization method, which allows us to
express a continuous-time process in a discrete-time way. With Theorem 2.10 we prove
that a coupling of transition rate matrices yields a coupling of the associated processes.

24.1 Continuous-time Markov processes

Now, suppose we have a continuous-time Markov process with transition rate matrix Q
on state space S. During this section we will denote Markov processes in continuous-time
(where the time horizon T = IR ) using bold face symbols like X and Y. For discrete-time
processes the time T = IN, and these processes are denoted by normal-face symbols as X
and Y.

Suppose that a continuous-time process X on a space S has the transition rate matrix (or
probability kernel) Q where Q(x, x’) is the transition rate from state x to state x’ for x # x’.
In the continuous case we do not care about the transition rate from x to itself. Usually
the entry Q(x, x) is defined as Q(x, x) = — L, Q(x,x’), so that the entries on each row
of the transition rate matrix sum up to zero, which is useful for some computations. In
this work we will not need it, we can even leave the Q(x, x)’s undefined. For simplicity
we adopt the convention that Q(x,x) = 0 for all x € S.

2.4.2 Uniformization

Define for each state the outflow rate q(x) := Ys 2, Q(x, x') of that state. The time that the
process remains in state x has an exponential distribution with mean 1/¢(x). Assume that
the outflow rates are bounded: sup, gq(x) < . Then there exists a constant 7 € R
such that g(x) < « for all x € S. Fix this uniformization constant.

Definition 2.7. [Uniformization]

oty () (Bt (- i
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CHAPTER 2. COUPLING

We call P the uniformized matrix of the transition rate matrix Q, or more briefly: P
is the uniformized Q-matrix. Note that this matrix is uniquely determined for a fixed
uniformization constant .

The uniformization formula (2.4) transforms the collection of transition rates Q(x, x’)
into transition probabilities P(x,x’), where events occur according to a Poisson arrival

€3)

process with rate . Here qT is the fraction of the events which turn out to true jumps

q(x)

(to another state) of the Markov process, while 1 — o is the fraction of arrivals where

the process ‘jumps’ into the same state. The fraction Qéaj)cl) is exactly the probability that

a true jump in the continuous-time process out of state x goes to state x’, so it is the
transition probability of the jump process (also called the embedded Markov process).

Lemma 2.8. [Construction of continuous-time Markov processes]

Let X(x,-) = (X¢(x))ter, be a continuous-time Markov process with bounded transition rate
matrix Q, and let P be the uniformized Q-matrix with uniformization constant -y, as defined in
Definition 2.7. Given an initial state x € S, let X(x,-) = (X¢(x))teN be the discrete-time Markov
process with transition matrix P and let N = (N;);er. be a Poisson process with rate vy. Assume
that the discrete-time process X (x, -) and Poisson process N are independent. Then

(XN(t) (x))te]R+ = (Xt(x))te]R+

is a continuous-time Markov process with transition rate matrix Q.

This lemma follows from Theorem 12.18 of Kallenberg [Kallenberg, 2002], and gives us
a way of constructing a continuous-time Markov process. The Poisson process (Ni):eRr.
generates events which come independent of each other with inter-arrival times that have
exponential distribution with parameter 7. At an arrival instant, the state of the process
N(t) jumps from n to n 4+ 1. N; is thus a counting process giving for each time ¢ the
total number of events which occurred in the time interval [0,t]. Any realization of the
process N; corresponds to a random sequence in R of time moments (t,),cN, Where
O=ty<t <...

Intuitively, we can see the process (Xy ;) (x))er, as a discrete process, but the jumps
do not happen at fixed time points 1,2, ... € IN but at random moments in time ¢, ¢,,... €
R4. At those random time moments, generated by N, an alarm clock rings when an event
occurs. Every time that this Poisson-bell is ringing, with certain probabilities the process
jumps to another state. These probabilities are given by the discretized (uniformized)
probability P(x,x’) for a jump from state x to state x’ (given in Equation (2.4)). We use
two different notations: (X(x, N(t)))ier, = (Xn1)(¥))ier, -

2.4.3 Coupling of transition rate matrices

Suppose that a process X on S; has transition rate matrix Q1 and a process Y on S, has
transition rate matrix Q.

Definition 2.9. [Coupling of transition rate matrices]
Let Q be a transition rate matrix on S; x Sy. Then Q is called a coupling of Q and Qy if
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2.4. COUPLING OF CONTINUOUS-TIME MARKOV PROCESSES

forallx € Sy and y € Sy:
Q1 (x ZQ ((x,y),(x,y")) forall x' €Sy, x' #x,
6

and

Qa(y Z x'y')) forall y €Sy, ¥ #y.
x'eS

This definition is in line with Definition 2.4, except the fact that the rates from a state to
itself Q1 (x,x) and Q2 (y,y) are not defined; they do not make any sense for a continuous-
time Markov process.

Theorem 2.10. [Coupling theorem for continuous-time Markov processes]

Let Q1 be a bounded transition rate matrix on Sy and let X(x,-) = (X¢(x))ter, be a continuous-
time Markov process on Sy with transition rate matrix Q1, and initial state x. Similarly, let Q; be
a bounded transition rate matrix on Sy, and Y(y, ) = (Y+(y))tcr. be a continuous-time Markov
process on Sy with transition rate matrix Qo and initial state y. Assume that the matrix Q on
S1 X Sy is a coupling of Q1 and Qy. Let Z(z, -) be a continuous-time Markov process on Sy X Sp
with transition rate matrix Q and initial state z = (x,y). Then the process Z(z, -) is a coupling of
the processes X(x,-) and Y(y, -).

The proof of this theorem is given in Section 2.4.4. We write Z(z,-) = (Z;(z))ter, and
Z = (X,Y),50 Z(z) = (X¢(2), Yi(z)), for z = (x,y) € S1 x Sy.

Fix uniformization constant y such that g;(x) < 7 and g»(y) < 7 for all x € S; and
for all y € S,. Define the uniformized matrices Py, P, and P derived from the transition rate
matrices (Q1, Q, and Q) of the processes X, Y and Z:

_ Qi (x,x
Piw ) = 0 (A Dy + (1= 22 By,
) () )
Poyy) = qZWy ( ‘72() )ﬂ{y#y} T (1_ qzwy )ﬂ{y:y’}' (2.5)
5 _ i) (0G2) i(2)
Pz) =12 (550) 1y + (1- %) 1y,

forall x, x' € Sy, ally, y' € S, and for all
=(xy), 2 =, y) €S xS,
Lemma 2.11. [Coupling of the uniformized matrices]

Let Q be a coupling of Q and Qy and define P, Py and P, as above. Then P is a coupling of P,
and P,.
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Proof. We first look at the outflow rate §(z) for all z = (x,y) € S1 x S,.

4(z) = Y, Q@&2)

2/651 xSp: Z/#Z

= X Q(x,), (x, )

(x'y') €S xSz (x"y) #(x.y)

= Y L Qan&ym+ X Q) (ny))

y' €Sy x'€Sy: x'#£x y'ESy y'#y
= qnx+ Y Qlxy), (xy),
y'eSy y'#y

where in the last step we used that

Y Y Quy) () =Y 1Ry, () = ) Qulx,x) = q(x).

Yy x'#x x'#Ex x!#x
From this, it follows that for all x = x’ we have:
Y, Qxy) (xy) =d4((xy) — q(x). (2.6)
Y'ESy: y'#y

We want to prove that for all x € S; and for all y € S

Y P((x,y), (x,y)) = Pi(x,x') for every x’ € S;.
y’GSz

o In the case that we have x = x':

Y, Plny), (xy) =

y/GSZ

by the definition of the uniformized matrix (Equation 2.5)

Z [Q((x/]/)) Q((x,y ’ <x Y ))1[ ) : <1 — M) Il{(x,y)—(x’,y’)}]
y' €Sy

the summation on y' disappears by the indicator function

_ oy [q«x,y»Q<<x,y>,<x',y'>>
pesmia |7 3((xy))

because of Equation (2.6)

_ f?((xry)ﬂ);ql(x) + (1 _ é((?;,y))) —1_ @ — Py(x, ).
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2.4. COUPLING OF CONTINUOUS-TIME MARKOV PROCESSES

e For the case that x # x:

Y, P(ny), (xy) =

y'eSy

Q is a coupling of Q1 and Qo, so by the definition of the uniformized matrix
(Equation (2.5)): Q1(x,x") = Lyres, QU(x,y), (x,y")) for all x # x'

v [Q«x’y);(x’y))]

y; q((?:y)) Q((J;(y(i,’(;; ),y ))ﬂ{u,y;#(x/,y/)}

Y'ESy
by the continuous-time definition of coupling (Definition 2.9)

Q1 (x,x")

v

again from definition of the uniformized matrix (2.5)
= Py(x,x).

We conclude that we have forall x € Sy and y € Sy

Pi(x,x") = Y P((x,y),(x,y)) forall x’ € S;.
y'eS

In exactly the same way we can prove that forally € S; and x € 51

Py(y,y) = 2 P((x,y), (x,y")) forally’ € S,.

x'eSy

These are exactly the conditions of Definition 2.4, so we conclude that P is indeed a
coupling of P; and P,.
O

2.4.4 Proof of the coupling theorem for continuous-time

Proof of Theorem 2.10. We use the uniformization method of Section 2.4.2 to write the
continuous-time processes as a (composed) discrete-time process. Let

X(x,-) = (Xn(x))en be the discrete-time Markov process on S; with initial state x
and transition matrix P; where P; is the uniformized Qq-matrix with rate v.
Let Ni(-) = (Ny(t))¢>0 be independent of X.

Y(y,-) = (Yn(y))nen be the discrete-time Markov process on S, with initial state y
and transition matrix P, where P, is the uniformized Q,-matrix with rate =.
Let Np(-) = (Na(t))¢>0 be independent of Y.

Z((x,y),) = (Zn((x,y))) = ((Xn, Yn)((x,y))) be the discrete-time Markov
nelN nelN ~ A~

process on S; x Sp with initial state (x,y) and transition matrix P where P is the

uniformized Q-matrix. Let N(-) = (N(t));>0 be independent of Z = (X, Y).
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For the processes N1, N, and N here we want to use a Poisson process with arrival rate

7. We let them coincide: (Ni(t))i>0 = (Na(t))t>0 = (N(t))¢>0, and furthermore this N is

independent of the processes X, Y and Z. Then Lemma 2.8 gives:

(X N(t) (x)) 4 (Xt(x)) is a continuous-time Markov process with transition
teR4+ teR4

rate matix Q.

II=

(YN(t) (y)) R, (Yt (y)) ex. is a continuous-time Markov process with transition

rate matix Qy.

(Zne(09), e = (B Ve (o)), £ (2(ey), = (R D)

is a continuous-time Markov process with transition rate matrix Q.

We want to prove that (Z;);>¢ is a coupling of (X¢);>p and (Y¢)t>o. To do this, it is
enough to prove the equivalent statement that (Zy;)(x,y)) >0 is a coupling of (X (x)) =0
and (Yn(4)(¥))e=0- We do this by proving that for all finite paths, Z is a coupling of X and
Y, and using Lemma 2.6 we get the general result for the continuous-time.

Forallnm € N, and forall 0 < t; < t, < --- < t, and for all finite paths (ag, a3, ...,axn),
where a; € S for alli = 0,1,...n, and for all initial states z = (x,y) = (a0, by) € S1 X S

we have:

P (Xy, (x) = ag; Xy, (x) = ag;.. . Xp, (x) = ay)
= P (Xt (x) = a;; X, (x) = ag;...; X, (x) = an) . (2.7)

Proof of Claim:
Initialization step
Equation (2.7) holds for n = 1:

(9]

P (Xy((xy)=m) = ;)H’(Ntlzn)ll’(??n((x,y))=a1)

because of Lemma 2.11

- }“jowtl — 1) P (Xa(x) = 1)
— P (X (x) = ).

The first and last equality come from the fact that Z and X are both independent of N.

Induction step
Assume (2.7) holds for n € N. Fix any 0 < #; < t < .-+ < f,41 and any path

Utrecht University 23 Aalto University
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(Cll,az,. . .,ﬂn+1) in Sl-

P (X ((5,9)) = 01K ((,9)) = @z Ko, (5,9)) = 3y11)
because of the memoryless property of Markov processes
= P ()A(tl (X) =4ay;.. .,')A(tn (X) = ﬂn) P ()A(tn_,_lftn (Cln) = an—H)
use the induction hypothesis
= P (th (X) =4ay;.. .,'th (x) = an) P ()A(tnﬂ_tn (an) = an+1)
use the initialization step
= P (th (X) =4ay;.. .,’th (X) = ﬂn) Pr (an+1*fn (ﬂn) = ﬂn+1)
because of the memoryless property of Markov processes

= P (Xy(x) =a1; Xy (x) =a2; ...; Xp,y (%) = ap41) -

By induction we proved that the claim holds for all n € IN.

In exactly the same way we can prove the claim for Y:
Foralln € N, and for all 0 < t; < tp < --- < t, and for all paths by, by, ..., b, where
bj € Sy foralli=1,...n, and for all initial distributions x = (x,y) = (ao, by) we have:

P (Ye, ((x,9)) = bi; Yi, ((x,y)) = bas .. Y, (x) = bn)
=P (Yn(y) = bi; Yoo (y) = b2; -5 Y, (y) = bu). (2.8)
Lemma 2.6 gives us the generalization that Equations (2.7) and (2.8) hold for every (infi-

nite) path. And we finally conclude that Z((x,y),-) is a coupling of X(x,-) and Y(y, -).
o

Utrecht University 24 Aalto University



Chapter 3

Stochastic comparison

The final goal is to compare two stochastic processes (or random elements). But to com-
pare the behaviour of two processes, they must somehow be comparable. This is basically
the purpose of this chapter. We will define the notion of stochastic comparison. In Section
3.1 we consider stochastic ordering of processes which are defined on one and the same
ordered state space, by a partial ordering on this space. The second section generalizes
the notion of a stochastic order. By defining relations it is possible to compare processes
defined on different probability spaces. In Section 3.3 Strassen’s theorem gives a nice com-
parison condition, and in Section 3.4 we look at the stochastic comparison of random
processes. Finally, in Section 3.5, we present theorems which give necessary and sufficient
conditions for the stochastic comparison of random processes which give us easier con-
ditions to check whether or not two Markov processes are stochastically related to each
other with respect to a given relation. As we proved the coupling equivalences between
discrete-time and continuous-time processes by uniformization in the previous section,
we will not anymore make a distinction in the notation of discrete-time or continuous-
time processes. For the rest of this thesis, all processes are assumed to be continuous-time
processes unless otherwise specified.

3.1 Stochastic orders

In this section we assume state space S to be equipped with a partial order <. A partial
order < on a set S is a binary relation for which the following three conditions hold:

x=x VxeS§ (reflexivity) (3.1)
x2y&yz = x=2z Vxyz€S (transitivity) (3.2)
x2y&y3x = x=y VxyeS (antisymmetry) (3.3)

An order which only satisfies (3.1) and (3.2) is called a pre-order. More on stochastic
orderings can be found in [Miiller and Stoyan, 2002] or [Shaked and Shanthikumar, 2007].

3.1.1 Stochastic domination of probability measures

Definition 3.1. [Stochastically ordered measures]
Let IPx and Py be two probability measures on (S, S) and let < be a partial order in S. We
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call the measures IPx and Py stochastically ordered with respect to a partial order < if there
exist a coupling IP of Px and Py such that

P({(x,y): x=y}) =1

We use the term stochastic domination for stochastic comparison in partially ordered spaces.
We say that the measure Py is stochastically dominated by Py and write Px <, Py.

Usually, the concept of stochastic domination (or strong stochastic ordering) is defined
in terms of expectations of increasing functions. This better known definition can be found
in for example in Chapter 4 of [Lindvall, 1992].

A function f : § — R is increasing with respect to the partial order < if

x=y= f(x) < f(y) forall x,y € S.

Definition 3.2. [Alternative definition of stochastic domination]
Two probability measures Px and Py on (S,S) are stochastically ordered with respect to a
partial order < on S if

/ fdPx < / fdPy
for all bounded increasing measurable functions f : S — R.

The assumption that the function f is bounded assures us that the expectations [ f dPx
and [ f dPy exist. Definition 3.2 holds if and only if our (alternative) Definition 3.1 holds,
this is proved with Strassen’s Theorem on stochastic ordering [Strassen, 1965] and follows
also from Theorem 2.6.3 in [Miiller and Stoyan, 2002].

3.1.2 Stochastic domination of random elements

Definition 3.3. [Stochastically ordered random elements]
Let X and Y be random elements on (S, S). A random element Y dominates X stochastically
with respect to a partial order < (notation X < Y) if the distribution of X is stochastically
dominated by the distribution of Y, that is if PX -1 < PY~!l. Recall that Z = (X, Y) isa
coupling of X and Y if the marginal distributions of Z coincide with the distributions of
X and Y. Therefore,

X jst Y

if and only if there exists a coupling Z = (X,Y) of X and Y such that
P(X

A

Y)=1.

3.1.3 Stochastic domination of random variables

For real-valued random elements the definitions for the stochastic ordering can be formu-
lated in an intuitively easier way. We denote the natural order on R by <, and we write
X <4 Y to denote that X is stochastically smaller than Y with respect to this order.

Stochastically ordered measures on (R, BB)
Let Px and Py be probability measures on state space (IR, B). For real-valued probability
measures, Definition 3.1 becomes

Px <q Py if and only if Px([s,o0)) < Py([s,c0)) for all s € R.
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See Section 3.2 in [Thorisson, 2000] or [Kamae et al., 1977].

Stochastically ordered random variables
For random variables X and Y, X <y Y if there exists a coupling Z = (X, Y) of Xand Y
with ]P(X' >s) < ]P(Y > s) for all s € R. And because (X’, Y) is a coupling of X and Y,
P(X >s) =P(X >s)and P(Y >s) = P(Y > s) for all s € R. So for real-valued random
variables we have

X <g¢Yifand only if P(X >s) <PP(Y >s) forall s € R.

Intuitively, X <4 Y means that the probability that the random variable X is big is smaller
than the probability that Y is big, or in other words, X assumes small values with a higher
probability than Y does.

3.1.4 Strassen’s characterization of stochastic orders

A characterization for the existence of a coupling (X, Y) for which X < Y is true with prob-
ability one, which thus implies X = Y, is presented for example in [Kamae et al., 1977].
Kamae, Krengel and O’Brien came up with a characterization in terms of upper sets of the
state space S.

A C S is an upper set (sometimes also called increasing set) if x € A implies {y : x <
y} C A. In [Massey, 1987] and [Whitt, 1986] necessary and sufficient conditions are given
for the stochastic ordering of continuous-time Markov processes using the notion of upper
sets. Note that A is an upper set if and only if 14 is an increasing function, and this is
how Definitions 3.1 and 3.2 in Section 3.1.1 are related.

Theorem 3.4. [Strassen’s characterization of stochastic orders]
Consider two random elements X and Y living on the same space S, where S is equipped with the
partial order <. Px =<5 Py if and only if

Px(A) < Py(A) for all upper sets A € S.

A proof is given, for example in [Miiller and Stoyan, 2002], see Theorem 2.6.4. A gen-
eralization of Theorem 3.4 for stochastic comparison with respect to relations will be given
in Section 3.3, Theorem 3.8.

3.2 Stochastic relations

A relation R between state spaces S; and S; is a measurable subset of the product space
S1 X Sy. We write x ~ yif (x,y) € R,and R = {(x,y) : x ~ y}.

Stochastic domination with respect to a partial order is a special case of stochastic com-
parison with respect to a relation. Working with the more general definition of relations
instead of orderings gives us the possibility to compare processes on different state spaces,
and furthermore, we have the possibility to use relations which are not partial orders, as
we will do for example in Section 4.3.

3.2.1 Stochastically related probability measures

Definition 3.5. [Stochastically related measures]
We consider probability measures Px and Py on (51,S7) and (S, Sy), respectively. The
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measures Px and Py are stochastically related (notation Py ~s; IPy) if there exists a coupling
P of Px and PPy such that P(R) = 1.

3.2.2 Stochastically related random elements

Definition 3.6. [Stochastically related random elements]

Let X and Y be two random elements in S; and Sy, and let R C S x S, be some relation
between S; and Sp. Then X is stochastically related to Y with respect to the relation R if
there exists a coupling Z = (X, Y) of X and Y such that

PZ Y(R) = 1.

PZ~1(R) = 1 means P((X,Y) € R) = 1 or in other words X ~ Y with probability one.
We write X ~g Y to denote that X is stochastically related to Y.

Recall that a coupling Z of X and Y couples the distributions of X and Y. This implies
that X ~g; Y) exactly if the distribution of X is stochastically related to the distribution of
Y:

PX !~y PYTL

3.3 Strassen’s characterizations of stochastic relations

Random elements are stochastically related if there exist a coupling of them, for which the
relation holds with probability one. In this section we give necessary and sufficient con-
ditions for the stochastic comparison of random elements. We look at a characterization
in terms of relational conjugates (a kind of upper sets for relations) of the state spaces, and
we present necessary and sufficient conditions for the existence of a coupling of random
elements, for which the relation is invariant.

3.3.1 Relational conjugates

In Section 3.1.4, Theorem 3.4 gives us a nice characterization for stochastic domination in
terms of upper subsets of the underlying state space. Relational conjugates are an intuitive
analogue of upper sets for relations. An analogous characterization for the stochastic
comparison of processes X and Y (not living in one and the same state space) with respect
to a relation can be given, see [Leskeld, 2010]. Instead of upper sets Leskeld introduces
relational conjugates which are a generalization of upper sets for a relation R of between
countable subsets S; and S».

Definition 3.7. [Relational conjugates]
The right conjugate of a set By C S1 with respect to relation R is given by

B = J{yeS:x~y} CS,. (3.4)

X€EB;

The left conjugate of a set By C Sy with respect to relation R is given by

By = |J{xeSi:x~y} C5. (3.5)
yEBy
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3.3.2 Strassen’s theorem

Strassen’s theorem for stochastic orders (Theorem 3.4) can be extended from orders to
relations as defined in the previous section.

Theorem 3.8. [Strassen’s characterization of stochastic relations]
Px ~s; Py if and only if
]PX(Bl) < ]Py(B?)fOT’ all B] - S]. (36)
Leskeld proved that it suffices if Equation (3.6) holds for all compact sets By, or in our

case where the spaces 51 and S; are countable, Py ~; Py if and only if (3.6) holds for all
finite By C S7 [Strassen, 1965], [Leskeld, 2010].

3.4 Stochastically related stochastic processes

For stochastic processes, we have to take the time aspect into account. Our first task in
this section is to extend the relation somehow to the different values of the processes in
the time. In the end, we look at the stochastic comparison of stationary distributions and
we present a useful theorem which assures us the comparison of stationary distributions
(Theorem 3.15).

3.4.1 Stochastic relation on a finite path

Suppose X and Y are finite paths in S; and S;. Relation R slightly changes to a relation
on finite paths in Sy x Sj:

R":={(x,y) € S} xSy :xj ~y;foralli=1,...,n}. [Finite path relation]

So if X and Y are finite paths of length 7 in S; and S, (X € S} and Y € S7) we say that
X is stochastically related to Y if (Xt,)i=1,.n ~st (Yt;)i=1,..,» With respect to the path-relation
R™.

3.4.2 Stochastically related random processes

Each realization of a process X is a path x = (x;);cR, . For a continuous-time process, each
realization of process X is an element in D; = D;(R4, S1) = {functions from R into Sy
which are right-continuous and have left limits}. Similarly, the continuous-time process
Y = (Yi)ier, has its realizations in D>(IR4,S;). The relation R C S; x S, generalized
to a relation between path spaces D; and D, is given by

RP :={(x,y) €Dy x Dy : x; ~ y; forall t € Ry.}. [Path relation]

A stochastic process X is stochastically related to Y if (X;)ier, ~st (Yi)ier, with respect
to the path-relation RP. Completely in line with earlier definitions, we call two stochastic
processes X = (Xt)ier, and Y = (Yi)ier, living in S; and S stochastically related if
there exists a coupling for which the relation RP is true with probability one:

Definition 3.9. [Stochastically related continuous-time processes]
A continuous-time process (Xi)ier, is stochastically related to (Y;)ier, if there exists a cou-

pling (Z¢)ier, = (X, Yi)ter. of (Xi)ter, and (Vi)ier, such that
P(Z; € Rforallt e Ry) =1.
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Theorem 3.10. [Stochastically related random sequences]
Two stochastic processes X = (Xi)ier, and Y = (Yi)ier, are stochastically related with respect
to the path-relation RP if and only if

(Xt,, Xty ooy Xby) ~st (Y, Yy, ..., Yy, ) with respect to relation R" for all tq,...,t,; n € N.

This theorem ensures us that it is sufficient to care about all finite paths of a process,
in the same way as Lemma 2.6 helped us in Chapter 2. The proof follows easily from
Lemma 2.6.

3.4.3 Relation-preserving Markov processes

We are interested in the steady-state behaviour of the processes under consideration.
Therefore we do not need to have that for the whole process the relation is true, as long
as for the tail the relation remains true once entered a state in the relation.

Definition 3.11. [Invariant set]
A set R C Sy x Sy is invariant (or absorbing) for a Markov process (Zt)ieRr, in Sq x Sy, if

P(Zi(z) € Rforallt e Ry) =1,

for all initial states z € R.

In terms of transitions rate matrices, a set R is invariant if the probability to get out of
R is zero.

Definition 3.12. [Invariance for transition rate matrices]
Let Q be the transition rate matrix of a process X on S. The set R C § is invariant for Q if
for all x € R:

Q(x,y) =0forally ¢ R.

Definition 3.13. [Relation-preserving Markov processes]
Markov processes (Xit)ier, and (Yi)ier, stochastically preserve a relation R if for all initial
states (x,y) € R:

(X¢(x))ier, ~st (Ye(y))ier. with respect to the path-relation R”.
Or, equivalently, if for all initial states (x,y) € R :
X¢(x) ~st Yi(y) with respect to relation R for all t € R

The last equivalence in Definition 3.13 comes from the memoryless property of Markov
processes.

3.4.4 Stochastically related stationary distributions

A Markov process is ergodic when it is positive recurrent and aperiodic. A process X in S
is irreducible if each state is visited with positive probability starting from any other state;
and positive recurrent if, when starting in a state x, the process will eventually return in x
with probability one.
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Theorem 3.14. [Stationary distribution of Markov process]
For an irreducible ergodic Markov process X, the stationary distribution exists and is independent
of the initial state x € S:

Xi(x) 4 rtx for all initial states x € S.
[Ross, 2007], Theorem 4.1.
Where the notation X; 4, X is used to denote convergence in distribution. That is,

tlirn P(X:(x) € A) — P(X € A) for all initial states x and all subsets A of S.

For continuous-time Markov processes X and Y which are stochastically related and
for which the stationary distributions exist, the following theorem gives us that the sta-
tionary distributions satisfy the relation.

Theorem 3.15. [Stochastically related stationary distributions]
Let (X¢)ier. and (Yi)ier, be continuous-time Markov processes with stationary distributions

7tx and 7ty; that is X 4, tx and Y 4, TTy.
If (Xt)ter, ~st (Ye)ier,, then Tx ~st Ty
Proof. (Xt)ter, ~st (Yt)ieRr,, so forall A; C S
P(X; € A)) <P(Y; € Ay).
Furthermore,

7TX(A1) = }LHOIOH)(Xt € A]) < }LTO]P(Tt € Ar) = }L%H)(Xt S A]),

where the first and the last equality is given by the convergence in distribution of X; and
Y:. So mx(Aq) < my (A7) for all A; C Sy, and Strassen’s Theorem 3.8 implies 71x ~st 7Ty.
O

3.5 Comparison conditions for Markov processes

In the last section of this chapter, we consider discrete- and continuous-time Markov pro-
cesses and their probability (rate) matrices. We define when transition matrices and transi-
tion rate matrices are stochastically related with respect to a relation, and two comparison
theorems which give necessary and sufficient conditions for stochastic comparison of X
and Y are presented.

3.5.1 Comparison conditions for discrete-time Markov processes

From Theorem 2.5 we know that a coupling of probability matrices P; and P, gives a
coupling of the processes. This motivates the following definition:

Definition 3.16. [Stochastically related transition matrices]

Let P; and P, be the transition matrices of a discrete-time Markov processes X and Y living
on S; and Sy, respectively. The transition matrices are stochastically related with respect to a
relation R if there exists a coupling P of P; and P, such that relation R is invariant for P.
We denote this by P; ~g; Ps.
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Theorem 3.17. [Stochastic relation conditions for discrete-time Markov processes]
Let X and Y be two discrete-time Markov processes with probability matrices respectively Py and
P, living in state spaces Sy and Sy. For a given relation R, the following conditions are equivalent:

(i) X and Y stochastically preserve the relation R.
(ii) There exists a Markovian coupling of X and Y for which the set R is invariant.
(iii) Probability matrix Py is stochastically related to Py with respect to the relation R:
Py~ Py.
(iv) Forall x € Sy and y € Sy with x ~ y:
Py(x,B) < Py(y, By") for all finite By C Sy.

3.5.2 Comparison conditions for continuous-time Markov processes

When we consider Markov processes in continuous-time, Theorem 2.10 motivates the
following definition:

Definition 3.18. [Stochastically related transition rate matrices]

Let Q; and Q; be bounded transition rate matrices of continuous-time Markov processes
X and Y living in S1 and S, respectively. The transition rate matrices are stochastically related
if there exists a coupling Q of Q; and Q7 such that relation R is invariant for Q. We denote
this by Q1 ~st Qo.

From Section 2.4 we have that the transition rate matrices Q1 and Q, are stochastically
related with respect to the relation R exactly if the uniformized Q-matrices P; and P, are
stochastically related with respect to R.

Theorem 3.19. [Stochastic relation conditions for continuous-time Markov processes]

Let X and Y be two continuous-time Markov processes with bounded transition rate matrices
respectively Q1 and Q living in state spaces Sy and Sp. Furthermore, let Py and P, be the
uniformized Q-matrices of Q1 and Qy according to Definition 2.7. For a given relation R, the
following conditions are equivalent:

(i) X and Y stochastically preserve the relation R.
(ii) There exists a Markovian coupling of X and Y for which the set R is invariant.

(iii) The uniformized Q-matrices Py and P, are stochastically related:

Py ~gt Py.
(iv) Forall x ~ y:
Q1(x,B1) < Qa(y,By") for x ¢ Byand y ¢ By, (3.7)
Q2(y,B2) < Q1(x,By") for x ¢ By and y ¢ B,. (3.8)

For the proofs of Theorems 3.17 and 3.19 we refer to [Leskeld, 2010]. Theorem 3.19
gives us simply verifiable conditions to test whether or not processes X and Y are stochas-
tically related to each other.

The conditions in (iv) are intuitively interpretable in the following way: For each pair
(x,y) in the relation R, we want to construct a coupling so that the rate from (x,y) to
(x',y') is zero whenever (x’,y") ¢ R. So for each positive rate from x to x/, this rate
should be smaller than the total rate from y to any i’ for which the relation is preserved.
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Chapter 4

Stochastic queueing networks

Queueing networks are networks of multiple interconnected service stations. Customers
arrive at a station in the system, where they are served (eventually after a queueing pe-
riod), and can jump from one station to another after being served. We call such a network
a queueing network. We describe a general model of Markov queueing networks in terms
of continuous-time Markov processes in Section 4.1. In Section 4.2, we derive step-by-step
necessary and sufficient conditions for the stochastic comparison of two Markov queueing
networks considering the stochastic coordinate-wise order. In Section 4.3 we consider the
stochastic comparison of those networks under the summation relation.

4.1 Stochastic queueing networks

In this section, we describe a class of stochastic queueing networks as continuous-time
Markov processes. This class is a generalization of the so-called Jackson networks.

4.1.1 Markov queueing network

Consider a stochastic network with M service stations (servers or machines), where cus-
tomers receive services at the stations they pass. We write this as a Markov process X =
(Xt)ter, over continuous time. The state of the system is denoted by x = (x1,...,xp) € S,

where x; represents the number of customers at the i-th station, and S is a subset of NM,

Arrivals and services
Customers (or jobs) arrive at station i according to a time-inhomogeneous Poisson process
at rate B;(X;). The service requirements are exponentially distributed and can differ per
station. The service rate at station 7 is denoted by 6;(X;). The arrival rate and the service
rates can both depend on the state of the whole system. If there are no customers at sta-
tion i the service rate is zero: 6;(x) = 0 if x; = 0.

Jumping to another queue
After the service at station i, the customer jumps to another station j with routing proba-
bility p;;. We assume 0 < p;; < Tand 0 < };,; pjj < 1. With probability p; =1 -3, pjj
the customer leaves the system from station i.
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Bounded state space
Furthermore, we assume the state space to be bounded. This means that the total number
of customers in the system can not be larger than N. If there are more than N jobs in the
system upon an arrival instant, this arrival will be rejected (and lost).

All the service requirements, inter arrival times and jump probabilities are assumed to
be independent of each other. To summarize, the system can be described by the following
three equations, where e; stands for the i-th unit vector in INM:

q(x,x+e;) =pBi(x) Ly foralli=12..., M 4.1)
qx,x—e;+e;)) = 5i(xX)p; foralli,j=1,2,...,Mandi #j (4.2)
gx,x—e;)) = 6(x)p; foralli=1,2,..., M. (4.3)

4.1.2 Two service stations

In the rest of this chapter we derive conditions for the stochastic domination of two M-
station Markov queueing processes X and Y. For simplicity we start with M = 2. The
arrival rates, service rates and jump probabilities of X are denoted by B, § and p respec-
tively, and we write p/, 6’ and p’ for the same parameters of process Y. A graphical
representation of the model is presented in Figure 4.1.

eeccececccccccccccccce
.

Ba(x) : : (P2
L

eececcce

(X)p12 | | S2(x)p2n

eeeeccccccccce

B1(x) 1 a1(x)p1
Ty —

eec0eccecccccccccccce

Figure 4.1: A two-station queueing network.

The first process X takes values in state space S € IN X IN. For each element x =
(x1,x2) in S1, 0 < x1 + xp < N. The following formula expresses the total transition rate
from state x to the subset By C Sy, for all x € 5 and for any subset By of S;:

Q1(x,B1) = P1(x) Lixie ey + B2(X) - Lixreen )t
01(X) P12 Lix—e;+ereBy} T 02(X) P21  Lixte, —ereBy} (4.4)
+010)p1 - Lyx—eyep) T02(X) P2 Lix_eyeB, }-
The second process Y is also a Markov queueing network, and lives in state space
S CIN x IN. State y = (y1,y2) € Sy if and only if 0 < y; +y, < N’. The state spaces can

be the same, in this case when N = N/, but this is not needed in general. In practice this
can be useful, for example if N # N’ or if N’ = o0, S; is not the same as S;. In this thesis,
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N = N’ is assumed to keep notations more simple, but this assumption does not effect
the presented results.

The arrival rates of process Y are denoted by B} (y) and B,(y); service rates &;(y) and
8 (y); jump probabilities p},, p5, and departure probabilities p} and p}. For ally € S, and
for all B, C S, we have:

Q2(yl BZ) = IB/l (Y) ’ ]]‘{y+e1€Bz} + IB/Z(Y) ’ Il{y+e2€Bz}+
5{ (Y) piZ ) Il{y7e1+e2€Bz} + % (Y) pél ’ Il{y+e17e2)€Bz} (4.5)
+ 5{ (Y)p/l ’ Il{y—eleB2} + 5,'/Z<Y)p/2 : Il{y—QQEBz}‘

4.1.3 Jackson and Whittle

The queueing network described in this section, is a generalization of the Jackson network.
In Jackson networks, the arrival rates f; are positive constants and the service rates at a
node depend only on the number of customers at this node: 6;(x;). Jackson networks ful-
fill the so-called balance equations and have relatively simple, product-form steady-state
solutions. The general network that we present in this section are sometimes called Whit-
tle networks [Whittle, 1986] if all states satisfy the load balance equations. For a thorough
background on the generality and applications of stochastic networks we refer the reader
to [Serfozo, 1999]. In the next section we derive necessary and sufficient conditions for the
stochastic comparison of these queueing networks under the coordinate-wise order.

4.2 Coordinate-wise coupling of Markov queueing networks

Recall that Theorem 3.19 gives necessary and sufficient conditions for the stochastic com-
parison of Markov processes. In this section we work out this theorem for the coordinate-
wise order. We first derive sufficient conditions for the coordinate-wise comparison of
2-station Markov queueing networks. We obtain rate conditions which are sufficient to
ensure the existence of an order-preserving coupling, but not necessary. Subsequently,
we present if and only if-conditions for the M-station case, which are stated in Theorem
4.4. This theorem gives a new characterization of stochastic comparability with respect to
the coordinate-wise order. Finally, we show similarity to an alternative characterization
presented in [Delgado et al., 2004].

Two vectors x and y in RM are coordinate-wise ordered if x; < y; foralli = 1,..., M. That
is, the coordinates x; and y; are ordered with respect to the usual order in R for every i.

Definition 4.1. [coordinate-wise order relation]
R — {(x,y) :x; < y;foralli=1,...,M}. (4.6)

Recall Definition 3.13. If we have two Markov queueing networks X and Y, these
processes X and Y are comparable with respect to relation R°°™ if at every station, the
number of customers at time ¢ in X is less than or equal to the number of customers in Y.
Processes X and Y stochastically preserve the relation R if there exist a coupling of X and
Y for which the relation R®°" is invariant.
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4.2.1 Sufficient two-station comparison conditions

[Right-conjugate conditions]
Recall condition (3.7): Forallx € S, By C Syandy € S

Qi1(x,B1) < Qa(y,By'), withx ~y,x¢ By, y & By". 4.7)

Let By C Sp be arbitrary. Recall that the right conjugate of a set By C S; is the subset in
the second state space for which a jump from x to By in S; can be compensated such that
relation R remains valid. The right conjugate is given by B” C S,, where

B = U{y:ix~yt= U{y:m <y &x <y} (4.8)

x€ B xEBy

4 ..............................................................

Boi ESSEEEEEEEEEEE S,
TR = e S

S P

1. .......... ( 2,1). ......... ...........................

S N NS SRS SO S
0 1 2 3 4 5 6

Figure 4.2: The right conjugate of x = (2, 1) is given by the shadowed area.

For all x € S \ By, the following formula gives the value of Q(x, B1):

Q1(x, B1) = B1(X) " Lixye ey} + B2(X) - Lixye,ey)
+01()P12* Lix_etereB ) T023)P21 - Lixie)—ereBy )
+010)P1  Lixyeren) T02(X)P2 - Lixteren, -

We see that the value of Q1(x, B1) depends on whether or not the following elements are
in By:
X—e]; X—ey X—ej+ey x+e —ey x+ep; and x + es.

By adding any other element X which is not equal to one of those six elements listed above,
to By would not increase Q;(x, B;). However, it would increase the size of B;” and thus
could it increase the rate Q,(y, B{”).

We are looking for the minimal conditions such that Equation (4.7) holds; and to break
this inequality, we want to choose Bj such that Qi(x, By) is as big as possible while for
this same By, Q»(y, B{”) is as small as possible. Therefore, without loss of generality, we
have to look only at sets for which

Bi C{x—ej;; x—ey x—e;+ey x+e —ey x+ep; x+ep}
e Suppose x —e; € By. Then {x —e;}” = {y:x1 -1 < yj and x, < yp} C By".

Condition (4.7) must hold for all y for which x ~y & y ¢ B;". But {y : x ~ y}
C {x— ey}, therefore there exists no such y.

Utrecht University 36 Aalto University



CHAPTER 4. STOCHASTIC QUEUEING NETWORKS

e In the same way, suppose x —e; € B;. Then {y: x ~y} C {x —ep} " = {y : x1 <
yiand x, —1 < y,} C By". Hence, there exist no y such that x ~ yand y ¢ B;".

We conclude that it suffices to consider the By C S for which x —e;, x — ey ¢ By:
By C {x—e; +ey x+e —ey x+ep; x+ep}.

e Let x —e; +ey € By, so that Qq(x,B1) > d1(x)p12- The right conjugate {x — e; +
e} ={y:x—-1<y;&x+1<y} CB. Fory € S;\ B such that x ~ y,
we must have x, = y». If x; < y7 and x, = y, and there is an 12-jump in Sy, the
only way to maintain the relation R°™ is when the second coordinate y, is also
increased by one:

Qa(y, {x—e1 +e2} ) = Ba(y) + 01 (y) p1o-

Note that {x+ ey}~ ={y:x <ypandxp+1 <y} C{y:x—-1<y; and
x2+1 <y} = {x—e;+e} . Hence, by adding the state x + e, to B; we can
increase Q;(x, B1) while Q;(y, B;”) remains unchanged:

Qa(y, {x+e2} ™) = Bo(y) + 1 (¥)hix <y} P2

because
{X+ ez}_> U {X —er —l—ez}_’ = {X —er+ 82}_).

We want Q1(x, B1) < Qa(y, Bi"), and in the worst case for x — e; + e; € By we also have
x + ey € By. This gives the following condition:

Ba(x) +81(x)p12 < By (y) + 61 (y)pp for all x1 < y1 & x2 = ya. (4.9)

e Suppose x + e; — ey € By. With a similar argument as above we have {x+e;}~ C
{x+e; — ey}, and the worst case situation is that whenever x + e; — e, € B we
also have x + e; € By (because this increases Q; while it does not increase Q,) and
the condition becomes:

B1(x) + 62(x)pa1 < B1(y) + 5(y) pay for all x1 = y1 & x2 < 2. (4.10)

e Suppose now both x — e; + e, and x + e; — ey € By. Then, the worst case is when
all these four elements are in B; and we get the combination of the two conditions
above:

B1(x) + Ba(x) + &1 (x)p12 4+ 62(X) p21 < Bi(y) + Ba(y) + 61(y) pia + 2(¥) Py

for all x = y. We omit this condition, because it is less strict than the conditions (4.9)
and (4.10) together.

e Now, suppose we have x+e; € By and x+e; —e; ¢ By. Then {y : x;1 +1 <
y1 & xp < yo} € By, and x ~ y combined with y ¢ B;” implies x; = y; and
x2 < yo. Relation R remains true only if the arrival rate of type-1 customers in
51 is compensated by a type-1 arrival in S;. The maximal type-1 arrival rate out of
state y is

Qa(y, Bi') = Bi(y) +62(y)Pa1 - Lizy <y}
The worst case happens if x, = v, which gives the condition

Bi(x) < By(y) forx =y. (4.11)
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e Similarly, suppose x+ e, € B; and x —e; +e, ¢ B;. The worst-case condition leads
to

Ba(x) < Bi(y) forx =y. (4.12)

e Again, conditions (4.11) and (4.12) cover also the case in which states x 4- e, and
X + e € Bi, but the statesx —e1 + e, and x+e; —ey ¢ Bj.

[Left-conjugate conditions]
Now, we work out the left-conjugate conditions for the stochastic comparison of two
Markov queueing networks with respect to the coordinate-wise order. Recall condition
(3.8): Forallx € S1,y € S, and B, C Sp

Qa(y, B2) < Q1(x,By ), forall x ~y with x ¢ By, y ¢ Bo. (4.13)

Let (x,y) be an element in the product space such that x ~ y, and let B, be an arbitrary
subset of S, with y ¢ B,. The left conjugate B~ C Sy is the maximal subset of states in S;
such that for each state x’ € B~ there exists an y’ € B, such that x' ~ y’. That is

By = U{xix~yt= U {xin <y &x <y} (4.14)
yE€B yE€B;

An example of the left conjugate of a singleton in S, with respect to the coordinate-wise
order is given in Figure 4.3.

4 ..............................................................

STHRNIN VORI VORI NUOON SO o538 S
1 {x€81:x1 <5&x <3}

SRR s RS R i gt .

Figure 4.3: The left conjugate of y = (5, 3) is given by the shadowed area.
The outgoing rate from y to any subset B, in Sy is given by

Qa(y, B2) = B1(Y) - Liyseseny} + B2(Y)  Liysereny)
+ 5{ (Y) P/12 ’ ﬂ{y7e1+e2€Bz} + 5£ <Y) Pél ’ ﬂ{y+e17e2€Bz}
+ 5{ (Y) pi : ]]‘{Y7e1€Bz} + 5é (Y) p,/Z ’ Il{Y7e2€Bz}‘

Note that Q;(y, B2) depends on whether or not the following elements are part of By:
{y+e1, yte,y—e +e,y+e —ey,y—ey y—ez}~

The assumption that x ¢ By~ implies that there isnoy’ € B such that x; < yj and x, < 5.
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e Suppose y +e; € By. Then x € By because {y} C {y+e;}. This contradicts
with x € B;, thus, we can assume y + e; & By.

e With the same argument we have that {y}~ C {y + e}, therefore, if y + e, € B,
then there would not exist such an x we are looking for outside B; .

We conclude that

ByC{y—e +e, y+e—ey,y—e, y—e}

e Suppose now y +e; —ex € By. x € By & x ~ yif and only if x1 <y & x2 = y».
The transition rates from y to {y + e; — ez} and from x to {y +e; — e} are given

by: Qi(x{y+e1—e}7) = &(x)(p2+ p21) and Qa(y, {y + e1 — e2}) = 5 (y) ;-
Thus, for any B, > y +e; —e; x1 < y1 & xp =y we have Qx(y, By) = 85(y)ph; +
5 (¥)P2 - L{y—e,eB,}- In the worst case y — e; is also in B; and we get the condition

85 (y)(pa + ph1) < 62(xX)(p2+ pa1) for x1 < y1 & x = ¥

o If y—e; +e € Bp, in the worst-case situation we also have y —e; € Bp. The
condition becomes now

81(y)(p1 + Pla) < 61(X)(p1+ p12) for x1 = y1 & x5 <y,

and, because we have p1 + p12 = pa+ p21 = p} + P, = ps+ ph; = 1, these conditions
become together

5(y) < 62(x) for x; <y & x2 =y, (4.15)
and

51(y) < 61(x) for x1 = y1 & x3 < . (4.16)

e Remark that if bothy —e; + e, € B, and y + e; — ey € B, are in By, conditions (4.15)
and (4.16) together are stricter than the condition

81 (y) + 63(y) < 61(x) + 62(x) for x =y.

Finally we look at the departure rates from y.

e Supposey — e € By, buty —e; +ey ¢ By. Both x ¢ B;” and x ~ y are true if and
only if x; = 11 & x < yp. Thus, Q1(x,{y —e1}) = &1 (x)p1.

e We can hold a similar argument for y —e, € By, buty +e; —ey ¢ B;. Then x ¢
By” & x ~ y if and only if x; < 11 & xo = y». It gives us the following conditions:

S1(y)ph < 51(x)p1 for x1 = y1 & x2 <12, 4.17)
5 (y)py < S2(x)p2 for x1 < yp & x2 = . (4.18)

All together, the conditions are summarized in the following theorem:
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Theorem 4.2. Let X and Y be two 2-station Markov queueing networks with parameters (B, 6, p)
and (B',6', p'). If for all x and y with x ~ y the following conditions hold:

if x1 = y1:
Bi(x) < Bi(y),
Bi(x) +o(x)pn < BL(y) + 65 (y)pay,
Sy < a@p,
W) (Pi+rn) < s (p1+pw).
and if x, = yy:
Ba(x) < PBa(y),
Ba(x) +61(x)p12 < Baly) +01(y)pha
Sy < S(x)p2
HW)(pa+ra) < &%) (p2+pn),

then there exists a coupling of the processes X and Y for which the coordinate-wise relation is
invariant. That means precisely that X is stochastically related to process Y in the steady-state.

4.2.2 Sufficient comparison conditions for M-station queueing networks

We can generalize Theorem 4.2 to Markov queueing networks with an arbitrary number
of stations. This theorem is stated below, and is a natural extension of Theorem 4.2. The
proof is omitted because in Section 4.2.3 a stronger result is proved. Theorem 4.3 below
is basically equivalent with the results derived in [Economou, 2003], and it can give the
reader more insight in Theorem 4.4.

Theorem 4.3. Let X and Y be two M-station Markov queueing networks with parameters (B, 6, p)
and (B',0', p'). Suppose for all x and y for which x ~ y conditions

Bi(x) + ) 6i(x)pji < Biy) + ) 6i(y)pji (4.19)
jeT jeJ
and
5i(y) |pi+ ) pi-,-] <6i(x) |pit+ ) pf,-], (4.20)
jed jeg

hold, for each i € {1,..., M} for which x; = y;, and for all 7 C {1,...,M} \ {i}. Then there
exists a coupling of the processes X and Y for which the coordinate-wise relation is invariant.

4.2.3 Sharp comparison conditions for M-station queueing networks

Finally, we give necessary and sufficient conditions for the general case where the Markov
queueing networks have an arbitrary (but finite) number inter-connected service stations.
In [Economou, 2003], necessary conditions and sufficient conditions are separately de-
rived. However, these conditions were not sharp. Theorem 4.4 gives sharp conditions
for the stochastic comparison of two M-station queueing networks with respect to the
coordinate-wise relation.
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Theorem 4.4. Let X and Y be two M-station Markov queueing networks with parameters (B, 6, p)
and (B',8',p"), respectively. There exist a coupling of the processes X and Y for which the
coordinate-wise relation is invariant if and only if for all x, y with x ~ y:

Bilx) + Y i(x)pji < Bily) + 1 5i(Wpji + ) Ly ox 55 (W) P (4.21)
jer jer 7%
and
Si(y) |pi+ X pij| <60 |pit ) pij+ ) ey pif| s (4.22)
jer jes e

for all i such that x; = y;, and forall 7 C {1,..., M} \ {i}.

Proof. PArT 1
Let x ~ y be arbitrary and suppose that condition (4.21) holds for all i such that x; = y;,
forall 7 C {1,...,M}\ {i}. We want to prove that also condition (3.7) is fulfilled.

Let By C Sp be arbitrary, x ¢ B; and y ¢ B;”. We want to prove Q;(x, B1) < Q2(y, By").
Remark that Q1(x, B1) depends only on the elements where x can jump to in just one step.
That is all elements in Ny, the neighbor set of x, where

Ny = {x+e;, X+e —ej, x—e; fori,j=1,...,Mand j#i}.

Thus, Q1 (x, By) does not increase by adding any elements from S; \ Ny to By, while when-
ever By C By we have B;” C By” and Q,(y, B;”) < Qa(y, By"). In other words, we have for
all By:

Q1 (X, B]) =0 (X, (Bl n Nx)), and

Qa(y, (B1 NN ™) < Qaly, B
For this reason we can consider without loss of generality only those sets By such that
B; C Ny

Now suppose that x — e; € By for a certain i. Then the right conjugate of B; contains

theset {x —e;}” ={y:x—e ~§} ={y:x -1 < ygrand x; < yj forall j # i}. But
this set contains y, which contradicts the assumption that y ¢ B;”. We conclude that
x —e; & By for all i, and hence, it is sufficient to study the sets

B1 C {x+e;, x—l—ei—e]-;i,j:1,...,Mandj7éi}.

For all 7 and for every x, define the subset of neighbors of x for which the i-th coordinate

is increased by one:
AD(x) :={x:% = x;+1}.
Define also the intersection ‘ ‘
B (x) := B;n AW (x).
Hence, only the elements x + e; and x + e; —e; (for all j # i) are possible elements of
B;l)(x): .
Bf)(x) = {xX' € B; : X' = x+¢; or X' = x — e; + ¢; for some j}.

Given By and x, define furthermore the index set

Iy :={i: Bgi) # D},
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and, for each i € Z;, define the subsets 7)) C {1,..., M} \ {i} by
JW = {j:x+e —e €Bi}

We can write B; in terms of the B Vs: B = U B
i€y
Observe that

Qi(x,B1) = Z]l{x-f-e,-eBl}ﬁi(x) + Zﬂ{x+e;—e,-631}5f<x)Pﬁ
1 L]

which can be written in terms of i € Iy

= Z 1{X+E[€Bl}ﬁ + Z 5 P]l:|

i€y ]Gj

< 2 )+ 2 5 P]z
i€y L ]Gj
foralli € Iy, the set Bf) is non-empty. This implies that x 4+ e; € By and
because conditions x ~ y and y ¢ By, the equality x; = y; must be true. Hence,
Equation (4.21) holds for all i € I.
S 2 + Z 5, P]l + Z Il{xk<yk}5k< )p;(l
iGIl ]Gj kéj
k;él
= Quly, Br).

On the other hand, suppose Q1(x, B1) < Q»(y, Bi”) holds for all x ~ y such that x ¢ By
and y ¢ B;”. Let x ~ y be arbitrary and suppose x; = y;. Let 7 C {1,...,M}\ {i} be
arbitrary. Let

By ={x+e}U [J{x+e —e}.
jeJ
Then By C S; is such that x ¢ By and y ¢ B;’, and therefore we have Q;(x,B;) <
Q»(y, Bi"). Hence,

Qi1(x,B1) = Bi(x) + Y_ 6;(x)pji, and
jeJg
Qa(y, By") = Bily) + szy )i+ 2 1y, >xj}‘5 (Y)Pji
j

which gives the first condition of Theorem 4.4 because the set J was arbitrary.

PART 2
In this second part we will prove (3.8) < (4.22).

Let x ~ y be arbitrary and suppose that condition (4.22) is true for all i such that
xj = y;, forall J C {1,...,M}\ {i}. Let B C S, be arbitrary such that y ¢ B, and
x ¢ By . We want to prove (4.22), that is

Qa2(y, B2) < Qi(x,By).
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As formula (4.5) shows, Q»(y, B;) depends only on the elements from B, which are also
in the neighbor set of y Ny of y, where

Ny={y—e,y—e +e,y+e;forij=1,...,Mandj#i}.
Without loss of generality, we can assume that B, C Ny, because

Q2(y, B2) = Q2(y, (B2 N Ny))
holds, while
Q1(x, (B2NNy)™) < Qa(x, By ),

(where in the last inequality we use that B, N Ny C By).

Suppose y +e; € B, for some i. Then the left conjugate contains {y + e;}*~, but then
alsoy € By, and x ~ y implies x € B;~, which is in contradiction with the assumption
that x ¢ B;~. We conclude that we can restrict us to the sets B, for which y +e; ¢ B.

By C{x—e;, x—ei+e]-;i,jzl,...,Mandj;éi}.

For all y and for all 7, define the subset of neighbors of y for which the i-th coordinate
is decreased by one.

Define also

hence, ‘
Bél)(y) C{y €By:y =y—ejory =y—e+e;for some j}.
Define furthermore index sets ]
T, :={i: BY) # 0},
and foralli € 7 ‘
JD={jry—ei+e B} C{l....M}\{il

We can write B, in terms of the Béi)’s: By, = U Béi).
i€l

Utrecht University 43 Aalto University



4.2. COORDINATE-WISE COUPLING OF MARKOV QUEUEING NETWORKS

Now,

Qa2(y, Ba)

Zﬂ{y—e[EBQ}él{(Y)p; + Z ]l{y_ej+ejeB2}5l{(Y)p;j
i i j
j#i
which we can write in terms of i € 1

= Z H{Y*eiGBz}é P1+ 2 5/ pl]]

iEIZ ]Gj

< 1|9 m+2y Y)Pij
i€Z2 L ]6]
foralli €1y, Bé 0 # O. This implies that y — e; € B5~, and because
conditions x ~ y and x ¢ By, we must have y; = x;. Hence, (4.22) is true for
all i.
< Z pz + Z 5 pz] + 2 ]l{xk<yk}5 ( )pik
iEIZ ]Gj kéj
k;éz
= Q] (X/ B;Z_)

We conclude that indeed condition (4.22) implies condition (3.8).

Now we will prove (3.8) = (4.22). Suppose Q(y, Bo) < Qq(x.B; ") is true for all x ~ y
wherey ¢ B, and x € B; . Let x ~ y be arbitrary with x; = y;, forsome i =1,..., M and
let J be an arbitrary subset of {1,..., M} \ {i}. Define

={x—e}U [J{x—ei+e}.

jeJ

Then B, C S, is such that y ¢ B, and x ¢ B;~. Hence we have Q>(y, B2) < Q1(x, By ). The
transition rates are given by

Qx(y, B2) = di(y) ,and

pit ) i
jeJ

Ql(X/B?) = (

PfFZPw+21vqm%y
j€J i#

which imply exactly condition (4.22) of Theorem 4.4 since i and J were arbitrary. This
concludes the proof.

o

4.24 Alternative sharp comparison conditions

In 2004; Delgado, Lépez and Sanz also derived if and only if conditions for the stochastic
comparison of M-station queueing networks. The models that the authors use are based
on interacting particle systems. In their proof they construct the order-preserving coupling
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explicitly. The formulation of the theorem in [Delgado et al., 2004] looks more complex,
but after some study we can proof in fact their equivalence.
Delgado, Lopez and Sanz use the following notation:

Hay _ ] A ifx#y
A - { AT :=max(A, 0) ifx=y (4.23)

Theorem 4.5. Consider two M-station Markov queueing networks X and Y with rates (B, 6, p)
and (B',8',p’). There exist a coupling of the processes X and Y for which the coordinate-wise
relation is invariant if and only if for all x,y with x ~ y:

/ / / [+Hxjy)
B -0 2 T [5@pi-p] (@24
JEN;
and
/ / / / [+]xjy;
6i(x) [1 - Pij] —6i(y) ll - Y Pz [‘5i(y)r’ij _‘5i(x)r’ij} T (4.25)
jGNi jGN,‘ jENi

hold for all i such that x; = y;.

In Theorem 4.5, the transition rates B; and J; can also depend on the whole state X,
hence, the models are the same as described in Section 4.1. Although formula’s (4.24) and
(4.25) look more complicated and less intuitive than the conditions of Theorem 4.4, the
advantage of Theorem 4.5 is that for a specific example we have to check only two for-
mulas. In Theorem 4.4 we need to check (4.21) and (4.21) for all subsets of service stations
J C{1,...,M}. Typically in queueing theory the number of stations we work with is
not very high. Using then the conditions of Theorem 4.4 can help our intuition. But, for
applications such as interacting particle systems where we have to deal with a large number
of stations, we might prefer Theorem 4.5 because of the computational complexity. Thus,
we prefer Theorem 4.4 when checking conditions in an analytic way while Theorem 4.5
gives advantages when we want to check a certain example numerically.

Proof. The proof is divided into four parts, which together prove (4.24) < (4.21) and (4.25)
< (4.22).

Condition (4.24) = condition (4.21):
Let x,y be arbitrary elements from the product space with x ~ y and suppose x; =
yi; so that (4.24) holds. Let J C {1,..., M} \ {i} be arbitrary. We want to prove that
Equation (4.21) is true.

By rewriting and working out the function AFI%¥i i (4.24) we have the following
equivalence:

[+xjy;
Biy) — i) = X [60pi — gjypy]
JEN;
if and only if
Bix)+ Y. 6(x)pji+ ). S;i(x)pji
j: x]-<yj ] x]:y] &

8;(x)p;i=di(y)pj;

<P+ L Wit L W
j: xj<y; jxp=y; &
8(x)p;izdi(y)pj;
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This inequality remains valid if we add 6;(x)p;; on the left and 5]{ (y)p}i on the right when-
ever 5;(x)pj; < 5}(y)p}i. We apply this to all j: j € J and x; = y; to conclude that (4.24)
implies

X)+ ) 6i(x)pji+ Y 6j(x)pji + Y 6j(x)pji

Jixi<y; joxj=y; & joxi=y; &
i (X)pji=di(y)p}; 8i(x)pji<di(y)pj;
& jeJ
< B+ Y S+ Y e+ Y. &Y
Joxj i<Yj j: yj=y; & IE xj=y; &
8i(x)p;i=di(y)pj; 8(x)p;i<di(y)pj;

& jeJ

If 6;(x)pji > 0 ( )p}i, the inequality remains valid when we subtract 5;(x)p;; on the left

and 5]{(y) Pii on the right. We applyittoall j: j¢ J & x; = y; and get that (4.24) implies

)+ Z Sj(x)pji + Z 5i()pji + Z 5;(x)pji

Jixj<y; joxj=y; & joxj=y; &
6i(x)pi=di(y)p}; 8 (x)pji<di(y)p};
& jeJ & jeJ
< B+ X et X gt X §(p
Jo X<y, Jixi=y; & Jixi=y; &
8i(x)pi=di(y)p}; 8i(x)pi<di(y)p};
& jeJ & jeJg
The index set {j: xj=y; &j€ J} C {j: x; =y;} and all rates are positive, thus
Z Si(x)pji < Z 3i(x)pji- We subtract Z dj(x)pji only on the left-hand side. We
] x<y] ] x<y] ] x<y]
& jeg & je g
get
)+ Y, G(pi+ ), Gpi+ ), G(X)pi
IE x!<y] IE xj= yl IE xj=y; &
& jeJ 8(x)pji=8i(y)pj; 8(x)pji<&i(y)pj;
& jeJ & jeJ
< Biy)+ Y Spi+ Y S+ Y. S
j: Xj<y; Jrx=yp & jxj=y; &
8(x)p;i=di(y)pj; 8(x)p;i<di(y)pj;
& jeJ & jeJ

which is equivalent to

Bix)+ Y, 6(pii+ Y, 6()pji

j: x]<y] & ] x]:y] &
jeJ jeJ
< By)+ Y, Gri+ Y. §y)p
J: Xj<Yyj ]+ Xj=Yj
& jeJ

Rewriting the equation above gives

)+ Y 5(pi < Biy)+ ) Si(ypit+ Y S
jiied j jeg Ji X<y;
& j¢J
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which is exactly condition (4.21).

Condition (4.21) = condition (4.24):
Let x,y be arbitrary elements from the product space with x ~ y and suppose x; = y;.
Suppose we have

)+ Y, G(pi < Biy)+ Y Syri+ Y S(y)pj
jijeg jjed Ji X<y,
& j¢T

forall 7 C {1,...,M} \ {i}. Choose J C {1,..., M} \ {i} such that
jedJ forallj:xj<yj,
jeJ forallj: x;=y; & §;(x)pji > I (Y)P and
j¢ J forallj: szy,-&(sj(x)pﬂd(y)p

This implies that the subset {j : x; < y; & j ¢ J} is empty, as wellas {j : x; = y; &

5i(x)pji = 0} (y)p; & J'éj}—@and {i:xj=y; & 6;(x)pji < di(y)pj; & JGJ}—
Hence, for this specific J, condition (4.21) tells us

)+ Z ‘S p]z Z 5j(X)Pji: )+ Z 5 P]l

Ji Xj<y; Jrxj=y; & jjed
5'(X)ij>5'-(Y)P}i
< Bily)+ Y srit Y. S(y)p
jied J: xj<y;
&jeé]
i xj <y] Jox=y; &

8()p;izdi(y)pj;

Condition (4.25) = condition (4.22):
Let x, y be arbitrary elements from the product space S; x S, for which x ~ y and suppose
x; = y; and suppose (4.25) holds.

[+l
(%) [1 - Pij] —3i(y) [1 - P;j] > ). [55(Y)P§j—5i(x)mj} "
JEN; JEN; JEN;
if and only if
x)pi + 2 di(x Pz] Z ‘Si<x)Pij
Ji X<y Jixj=y; &

5f(Y)P§j25'(x)Pij

J: x<y/ o xj=y; &
5y )p,],o( )Pij

Where we use p; = (1 — Ljcn, pij) and we use Delgado’s definition (4.23).
This inequality remains valid if we add J;(x)p;; on the left and 5]{(y)p;i on the right
when (515(y)p§]- < 0i(x)pij. We apply this on all j for which x; = y; and j € J, therefore
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(4.25) implies

+ ), G(pij+ ) 5i(x)pij + ) 5i(X) pij

IE X<y j: xi=y; & IE xj=y; &
5 (y)pij=0i(x)pij 5 (y)pij<di(x)pij
& jeJ
> o(ypi+ Y sWr+ X sWrt+ X &y)pi
jrxj i<Vj IE xi=y; & IE xi=y; &
5 (y)pij=0i(x)pij 5 (y)pij<di(x)pij

& jeJ
The inequality remains also valid when we subtract J;(x)p;j; on the left and 5;(y)p}i on
the right if 5§(y)p§j > 6i(x)pij. We apply thison all j: j ¢ J and x; = y;. Remark that
[ %=y & Q)P = &i(x)py & € T} is exactly equal to {j : ¥; = y; & 8(y)pl, >
SiX)piit \ {j: xj=yj & 5f(y)p§j > 6i(x)pij & j & J}. Hence, (4.24) implies also

+ Y, G()pij+ ) si(pij+ ) 5i(X) pij

IE xj<yj j: xj= y] J:xj=y; &
5 (y)pij=0i(x)pij 5 (y)pij<di(x)pij
& jeJ & jeJ
> Gi(ypi+ Y s+ XL st X Gy
jrxj i<Yj IE xi=y; & IE xi=y; &
5 (y)pij=0i(x)pij 5 (¥)pij<di(x)pij
& jeJ & jeJ

The set {j : x; = y] &j € J} is a subset of {j : x; = y;} and all rates are positive,
therefore ) &i(y)p;; < ). 6i(y)pi;. We subtract Y. di(y)pij on the right-hand

Ji xj<y; Ji xj<y; Ji xj<y;
&jed & j¢J
side of our equation and get

)pi+ Y, Gpi+ Y, &(Opi+ ), &(X)pi

jrx; i<y j: Xj=y; & j: Xj=y; &
5:(y)pij=0:(x)pij 5 (y)pij<di(x)pij
& jeJ & jeJ
> Sy)pi+ Y, slypy+ Y. G+ Y, Gri
j: x‘ <yj j: xj=y; & j: xj=y; &
& jeJ 5;(y)pi;=0i(x)pij 5 (y)pi<0i(x)pij
& jeJ & jeJ

which is again equal to

+ ), G(pi+ Y si(x)pij

Ji X<y Ji Xj=Yj
& jeJ
> oi(y)pi+ Y, S+ ). di(y)pi
Ji Xi<yj Ji Xi=Yj
& jeJg & jeJg
This holds if and only if
x)pi + Z di(x P1]+ Z di(x P1]> 5/ Pz+ Z ‘S, pz]/
jjeg Ji xj<y; jjed

& 2T
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which is exactly condition (4.22).

Condition (4.22) = condition (4.25):
Let x,y be arbitrary elements from the product space with x ~ y and suppose x; = y;.
Suppose we have, for all 7 C {1,..., M} \ {i}

x)pi + 2 Si(x Pz] + 2 Si(x Pz] > 5/ Pz + Z ‘5/ pz]‘
jjed Ji Xj<y; j: jed
& j¢J

Let 7 C{1,..., M} \ {i} be such that

j€J forallj: x; <y;
jeJ forallj: xj=y; & 5§(y)p§j > 8i(x)pij
j&J forallj: xj=y; & 5i(y)p; < i(X)pij.

This implies that {j : x; < y; & j ¢ T} = O, {j : xj = y; & 5(y)p}; = si(x)pij &
jE Tt =0and {j:x;=y; & 5i(y)pj; < di(x)pij & j € T} = @. Hence, for this specific
J

Z 5 pz] Z 5i(x)pij:

Jr Xj<y; =y &
5 (y)pij=0i(x)pij

X)p; + Z 5i( pz]"‘ Z 5i( Pz]> 5/ Pz“‘ Z 5/ pz]

iied Ji xj<yj jied
&j%]
= 5/ 2 5/ Pz] Z 51/(Y)P;]’
jrxj i<Vj IE xi=y; &

5 (y)pij=0i(x)pij

which gives us exactly condition (4.25).

4.3 Summation coupling of Markov queueing networks

In the previous section we considered the coordinate-wise ordering of Markov queueing
networks X and Y. In this section we consider an alternative relation, which is not an
order. In many situations, it makes sense to consider the total number of customers in the
system. We call this relation the summation relation. The total number of customers in the
system is important, for example, if there are certain costs per customer in the system —
no matter at which service point this customer is situated in the system.

We start again to consider the 2-station Markov queueing network. We now look at
a different relation, which keeps track on the total number of jobs (or customers) in the
system. We denote x1 + x, = |x| and y1 + y2 = |y|.

Definition 4.6. [Summation relation]
R ={(xy) : [x| < [y[}. (4.26)

Note that this relation is an example of a relation which is not a partial order, because
it does not satisfy the anti-symmetry condition.
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4.3.1 Summation-order comparison of two-server queueing networks

ConprTioNs FOR Q1(x, B1) < Qa(y, By”)
Recall Condition (3.7):

Ql(x, Bl) < Qz(y,B?), for all Bl - Sl with x ¢ Blr y ¢ B?

The right conjugate B~ of By C Sy is in this case given by B;” C Sy, where

By = Uly:lyl=x} = {y €S2z Iyl = inf x|} (427)

XEBy

0 i P 3 g 5 s
Figure 4.4: The right conjugate of x = (4,0) is given by the shadowed area.
Let x ~ y be an element from S; x Sy and let By be an arbitrary non-empty subset of S;

with x ¢ By. Because By # @, infycp, |x| is well-defined. Then either one of the following
three possibilities holds:

e Suppose infycp, [X'| < [x|. Then {y: |y| > [x|} C By, thus we always have y € Bi~
while the condition of the theorem only holds for y ¢ B;”. Thus, this case does not
give us any conditions on the different transition rates.

e Suppose infycp |X'| = |x| +1. This means the only point to which x can jump
into By with positive rate is when a new arrival occurs, provided of course that the
specific state is an element of B;:

Q1(x,B1) = B1(x) Lixre e,y +B2(X) - Lixyeyen, )

On the other hand, B;” = {y : |y| > |x| +1}. We havey ¢ B;” and thus |y| < |x| +1,
while |x| < |y| due to x ~ y. This implies |x| = |y|. Hence, Q;(y, B;”) contains only
arrival rates from y:

Qa(y, By') = Bi(y) + Ba(y).

To break the condition Q1 (x, B1) < Q2(y, B"), Q1(x, B1) has to be as large as possible
while Q>(y, B]”) is as small as possible. Therefore, the worst case scenario happens
if x4+ e; and x+ e, € B;. And this worst case gives us the condition

B1(x) + B2(x) < B1(y) + Ba(y) V x, y with [x| = |y|. (4.28)
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e Suppose infycp, [X'| > [x| + 1. In this case there are no possibilities for x to jump to
any other state with positive probability:

Q1(x,By) = 0.

In this case we always have Qi(x,B1) < Qx(y,B;”") and we do not get any extra
conditions on the rates.

ConprrioNs ForR Qx(y, B5™) < Qa(y, By)

The second condition of Theorem (3.19) is
Q2(y,B2) < Qa(y,By ) forallx~y, y & Byand x ¢ B; .
Let (x,y) € R®*™, By C S; (non-empty) be arbitrary and y ¢ B.

0 1 2 3 4 5 6

Figure 4.5: The left conjugate of y = (2, 3) is given by the shadowed area.

The left conjugate B;~ C S; with respect to relation R**™ is equal to

By = Uyep,{x € S1: x| < |y[} = {x € By : |x| < sup |y|}. (4.29)
yES2

Again, there are three possibilities:

e Suppose supy.p, ly'| < |y|—1. Then Qx(y,B2) = 0, therefore we have always
Qz(y, B?) < Qz(y, Bz) for y ¢ Bz and x ¢ B?

e Suppose supy/cp, |y'| = [yl — 1. This implies B;~ = {x : [x| < [y| —1}. The con-
ditions x ¢ By~ and |x| < |y| imply |x| = |y|. For Q(y, B2) it means that only a

departure can cause any positive outgoing rate. This happens only if y —e; € B
and/ory —ep € By:

Qa(y, B2) = 051(¥)P1 - Ny—ereB,} + 2(Y)P2 - Ly—ereny}-

On the other hand, x can jump to each state X' for which |x'| < |y| —=1 = |x| — 1.
Thus, also in this case all rates outgoing from x are caused by departures

Q1(x, By ) = 01(x) p1 + d2(x) p2-
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We conclude that in this case the following condition is equivalent with inequality
(3.8):

01(y)p1 + 62(y)pa < 61(x)p1 + 62(x) p2 for all x, y with |x| = [y|. (4.30)

e Suppose supyp, [y'| > |y|- Now By~ = {x : [x| < |y}, and there is no x such that
x ~ y but x € B;". Hence, we do not get any conditions.

The derivations above lead to the following theorem.

Theorem 4.7. [Coupling of two 2-server Markov queueing networks]

Let X and Y be two Markov queueing networks with parameters (B,6,p) and (B',6',p") on S
and Sy. Then there exists a coupling of X and Y for which the relation R*™ is invariant if and
only if for all (x,y) € S1 X Sy with |x| < |y|:

Bi(x) +B2(x) < Bi(y) +Ba(y), (4.31)
and,
S1(x)p1+62(x)p2 = S1(y)py + % (y)pa- (4.32)

An idea of the proof is already given, for the formal proof we refer to the proof of
Theorem 4.8.

4.3.2 Summation relation comparison of M-station queueing networks

Theorem 4.8. [Coupling of two M-station queueing networks]

Let X and Y be two M-station Markov queueing networks with parameters (B,6, p) and (',6', p’)
on Sy and Sy. Then there exists a coupling of X and Y for which the relation R°*" is invariant if
and only if for all (x,y) € S1 X Sy such that |x| < |y|:

M M
Y Bilx) < ) Bily) (4.33)
i=1 i=1

and

M M

Y. 4i(x)p > Y 6i(y)pi (4.34)

i=1 i=1

In words, this theorem states that whenever there is an equal number of customers in
both systems, the total arrival rate into the system in process X must be smaller than or
equal to the total arrival rate of Y, and the total departure rate of X must be bigger than
or equal to the total departure rate of Y. This makes sense intuitively.

Proof. Tt suffices to prove that conditions (4.33) and (4.34) hold if and only if the conditions
(3.7) and (3.8) hold for the summation relation. In Part 1 we prove that (4.33) < (3.7); and
in Part 2 (4.34) < (3.8).
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Part 1

M
Suppose that for all x,y such that x| = |y| we have Z Bi(x) < 2 Bi(y). Let By C S; be
arbitrary with x ¢ By and y ¢ B;”. Recall condition (3 7) of Theorem (3.19) is
Q1(x,B1) < Q2(y,By") forallx~y, x¢ By andy ¢ By (4.35)

If By = @ we have Q;(x,B;) = 0, which is always less or equal than Q,. Therefore,
assume By # @. Then infycp |X'| is well defined and infycp, [x'| € IN. The right conjugate
is given by (4.27):

= Uly:lyl 2 x} ={y €SIyl = inf [x}.

x€B;
There are three possibilities:

e Suppose infycp, [X'| < [x| +1. Then {y : |y| > [x|} € B;”, hence we always have
y € B;” while Condition (4.35) of Theorem 3.19 is only required for y ¢ B;”. Thus,
this case does not satisfy Condition (4.35).

e Suppose infycp, [X'| = [x| + 1. This means that the only station to which x can jump

into By with positive rate is when a new arrival occurs, provided of course that the
specific state is an element of B;. Hence, x can jump to x + e; for eachi =1,..., M.
This occurs with rate B;(x):

Qi(x,B1) = Zﬂ{x+e,eBl}/3 (x).

On the other hand, B;” = {y : |y| > |x| +1}. We assumed y ¢ B;~, hence |y| <
|x| + 1, while |x| < |y| due to x ~ y. This implies |x| = |y|. Hence,

Q2(y, By') 2,3

Thanks to Condition (4.33) Q1(x, B1) < Q2(y, By") is always true.

e Suppose infycp, [X'| > |x| + 1. In this case there are no possibilities for x to jump
to any other state with positive probability, because the probability that two arrivals
occur exactly at the same moment in time is zero:

Q] (X, B]) =0.
Therefore, in this case we always have Q;(x, B1) < Q2(y, By).

We conclude that Condition (4.35) always holds.
To prove the converse, suppose that Q1(x, B1) < Q»(y, B") is true for all x ~ y such
that x ¢ By and y ¢ B;". Let x,y € S; x S, and suppose that [x| = |y|. Let By =
U {x+e}. Then By C Si; x & By and y ¢ By, thus we can apply Condition (3.7). As

i=1,...M
a consequence,

M=

I
—

Q1(x,By) = ) _ Bi(x)
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and

hence, Equation (4.33) holds.

PArT 2
Suppose that Equation (4.34) holds for all x, y for which |x| = |y|. Let B, C S, be arbitrary
such that y ¢ By and x ¢ B; . We can assume that B, C Ny, because

Qa(y, B2) = Qa(y, B, N Ny)

and
Q1(x,By ) > Q1(x, (B2N Ny)™).

The second condition of Theorem (3.19) is
Qa(y, B2) < Q1(x,By ) forallx~y, y ¢ By and x ¢ By (4.36)

Hence, it is sufficient if for all B, C Ny Condition (4.36) holds.
The left conjugate B;~ C S with respect to the summation relation R**" is equal to:

U {xeSi: x| <y} ={xeBy:|x| < sup |y} (4.37)
y'€B, y'€S,

Furthermore we can assume that By # @, so that sup |y| is well defined. (Remark that if
y'€B,

B, = @, we have Q,(y, By) = 0, such that then (4.36) is automatically true.) Again, there

are three possibilities:

o Suppose supcp, [y'| < |y| — 1. Then Q:(y, B;) = 0 and we have always Q;(y, B;") <
Qa(y, By) fory ¢ By and x ¢ By .

e Suppose supy/cp, |y'| = [yl —1. This implies B;~ = {x : [x| < [y| —1}. The con-
ditions x ¢ By~ and |x| < |y| imply |x| = |y|. For Q(y, B2) it means that only a
departure can cause any positive outgoing rate. This happens only if y — e; € By:

2(y, B2) = Z 5 (Y)Pi * Liy—e,cBy)-

On the other hand, x can jump to each state x' for which |x'| < |y| -1 = |x| — 1.
Therefore, also in this case all rates outgoing from x are caused by departures:

1(x,By") 2(5

And because we have Z 0i(x)p; > Z 5!(y)p: we conclude that (4.36) is true.
i=1

e Suppose supycp, ly'| > |y|. Now, B; = {x : |x| < |y|}, and there is no x such that
x ~ ybut x ¢ B;, and the condition Q,(y, Bz) < Qi(x, B;") is not violated.
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Finally, suppose that the conditions of Theorem 3.19 are true for all B, C S, with

M
y ¢ By and x ¢ By . We want to prove that ) _ &;(x)p; > Z 5/(y)p; for all x,y such that
i=1
x| = lyl-
Let x, y be arbitrary such that |x| = |y|. Define

32 = U {x—ei}.

i=1,...M

Then B, C Sy;y ¢ B and x € B, therefore we can apply Condition (4.36).

2(y, B2) = Z iy

and
x B2 Z IB

and because we also have Q>(y, B2) < Q1(x, B; ) hence Condition (4.34) holds.
O

We give a last remark on single-server Markov queueing systems. If M = 1, the
coordinate-wise order and the summation relation are the same

Rcoord Rsummatzon _ {(x,y) X S ]/}

In our notation, since we only have one service station, we ommit the ‘subscript-i’. The
conditions of Theorems 4.4 and 4.8 are equal, and to ensure the existence of an order
preserving coupling we must have

B(x) < B'(y)

and

'(y)-p < d(x)-p
for all x = y. That is, if both systems happen to be in the same state (on the boundary of
the relation), the arrival rate in X should not exceed the arrival rate in Y and the departure

rate in Y should not exceed the departure rate in X. As we have seen, these conditions
hold for the example given in Section 2.1.
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Chapter 5

A loss network with breakdowns

In this chapter we study a Jackson network with breakdowns. Having breakdowns in
the network complicates the stochastic comparison. We construct an explicit coupling
and obtain a stochastic comparison result with respect to the coordinate-wise ordering.
The chapter is outlined as follows. In Section 5.1 we introduce the Jackson network with
breakdowns. We study the single-server case and present a coupling for this simple case
in Section 5.2. In Section 5.3 we derive a coupling for the general multi-server network
and give the stochastic comparison result.

5.1 Jackson network with breakdowns

Jackson network
Consider a Markov queueing network X with M service stations and Poisson arrivals with
parameter A. The service requirements are exponential and all service requirements and
inter-arrival times are assumed to be independent of each other. At station i, the service
rate is p;(x;) if x; jobs are present at station i, where we assume y;(x;) to be increasing in
x; for every i. This is a simplification of the queueing networks described in Section 4.1,
and is also known as a Jackson network. After service, the job (or customer) jumps from
station 7 to station j with routing probability p;;, and the probability of leaving the system

from station i is p; =1 — Zj]\il pij- Furthermore, the total number of jobs at service station

i is bounded by N;. If there are more than N; jobs upon an arrival instant at a server i, this
arrival will be rejected.

Breakdowns
In addition, each workstation i has a departure channel which is subject to breakdowns.
When the departure channel is down, a job attempting to leave station i (either to jump
to another station or to leave the system) remains at that station. We denote the state of
departure channel of server i by 8;, where ; = 0 if the departure channel is down and
0; = 1 if the channel is working.

The state space is S € INM x {0,1}M, where (x,0) € S if and only if 0 < x; < N;
and 6; € {0,1}. We denote a specific state in the system by (x;0) € S, where x € NM
represents the number of customers at each station and the vector 8 € {0,1}M represents
if the stations are up or down.
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In the system X', which we want to compare to, only the arrival rates are different. The
customers join the queue at station i only if the departure channel of that station is up,
thus arrivals are rejected if #; = 0. By this modification, the so-called balance equations
hold in every state of the system. The balance equations state that for each subset of states
in the system, the total inflow rate must equal the outflow rate in steady-state. Then, a
product-form solution of the steady state distribution exist. In this sense, the modified
system would give us an relatively easier bound for the behaviour of the original system.
See also [van Dijk, 1998] and [Kelly, 1979].

As in Section 4.1, the systems can be described as continuous-time Markov processes
with the transition rates given in Table 5.1.

Table 5.1: Transition rates of the Jackson network with breakdowns

Original system X Modified system X’
(x; 0) — ... (x; 0) —
arrival: arrival:
(x+Tyen,y @i 0) at rate A; | (X' + 01 nei; o) at rate A;
departure: departure:

(x = 0ilooy s 6) at rate pi;(x;) | (X' = 0iligyyei; 6) at rate pjp;(x;)

i-j jump: i-j jump:
(x = 6iLjp<x <njyei +0iljocxanjyejs 0) | (X = Oiljocvanyei + 6iljocxan;yej; 6')
at rate pijp;(x;) at rate pij],ti(xg)

breakdown: breakdown:

(x; 6 —06;e;) at rate §; | (X'; 0/ —ble;) at rate 6;

repair: repair:

(x; 6+ (1—106))e)) atrate B; | (x'; 0+ (1 —06))e;) at rate B;
foralli,je{1,.,M},j#i foralli,je{1,.,M},j#i

Each station has a capacity constraint N; on the total number of jobs at each service
station i, thus upon an arrival instant the number of customers x; at station i determines
if the arriving job is accepted to join the queue or not. The indicator 1, _n,, = 1 if there
is place for a new arrival and 1;,, - n,; = 0 if the arrival is rejected. The differences of the
processes X and X occur only in the first line of Table 5.1. In the original system the i-th
unit vector is added to the number of customers at station i if x; < N;. When we consider
the modified system we also need to have that station i is working (that is if §; = 1) for
an arrival to enter the system. Departures and i-j jumps only occur from station i if that
station is working. Breakdowns occur at rate J; only if station i is working (that is exactly
as ; = 1). Repairs take place at rate 3, only if the system is down, that is when 6; = 1 or,
equivalently if (1—6;) = 0.
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The goal is to compare the original system X with the (easier) second system X’ which
is a modification of the original system. Common sense says that the modified system
gives a lower bound on the number of customers in the system, simply because less
customers are accepted to the network. Or, in process X’ the loss rate is higher.

In the next section we consider the model described above for the single-server case
and show that by choosing the right state space description we can use coupling argu-
ments to compare the two processes. In Section 5.1.3 we generalize this coupling to the
case with an arbitrary number of servers.

5.2 Single-server queue

To get more intuition on what is happening in both systems, and how to construct a
coupling, we consider both Jackson networks with just one service station (M = 1). For
simplicity we assume the service rate to be constant whenever there are customers at the
server; u(n) = u for 1 < n < N. A graphical representation of processes X and X' is given
in Figures 5.1 and 5.2, where the maximum number of customers in the system is N = 4.

A A A A
0=1 01— 1Ll = 21) = (61 =—= 41
(up) U U U U Network
Bllo Bllo Bllo Blls Blls X
A A A A
=0 (0,0) — (1,0) — (2,0) — (3,0) — (4,0)

(down)
Figure 5.1: Original Jackson network for M =1 and N = 4.

A A A A
=1 01) — (1,1) — (2,1) — (3,1) — 4, 1)
(up) U U U U Network
Bl|¢ Bl|¢ Bl|o Bl|o Bl|o X
=0 (0,0) (1,0) (2,0) (3,0) (4,0)

(down)
Figure 5.2: Modified Jackson network for M =1 and N = 4.

Studying these figures gives us the idea that coupling techniques might work to prove
not only that the adapted model gives a lower bound for the steady-state mean loss rate
(as is done in [van Dijk, 1998]), but we can even get a stronger result, namely that in steady
state the number of customers in X stochastically dominates the number of customers in
system X':

P(X <n) <P(X'<n)foralln=0,1,..., M.

Explicit rates for a coupling of X and X' are given in Table 5.2. Considering the Tables 5.1
and 5.2, it is not difficult to check that this is indeed a coupling of X and X'.
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Table 5.2: A coupling of the single-server Jackson networks

Coupling (X, X')

arrival:
((x, 0),(x, 0) +—— ((x+Lzeny, 0), (x" +0N0ony, 0)) at rate A

o departure: o /
((x, 0),(x,0)) —((x— OL{0<x)s 6),(x'—0 Ligerny, 0 ) at rate y

breakdown:

((x, 0),(x', 0) +— ((x,0),(x",0)) at rate &
repair:

((x/ 9)/ (X/, 9/)) — ((X, 1)/ (X/, 1)) at rate ,B

What we want to achieve is that in steady-state the number of customers in system X
is bigger than the number of customers in the modified system X’, hence, at start we are
interested in the relation

R = {((x, ), (x', 0')) : x > x'}. (5.1)

The coupling given in Table 5.2 however does not preserve this relation. This can easily be
shown by considering again the Figures 5.1 and 5.2. Namely, let X be in state (3,1) and
X’ in state (3,0) at some point in time. Then ((3,1),(3,0)) € R, but with a positive
rate of it > 0 the process X goes to state (2,1) while process X’ remains in state (3,0). But
((2,1),(3,0)) ¢ R, and this shows that R is not invariant for the coupling .

For this reason, the state space was chosen such that also 6 is included and the coupling
in Table 5.2 preserves actually relation RY¢k0wns \which is a subrelation of R, The
subrelation R"¢akowns jg inyariant for the coupling in Table 5.2, where

Rbreakdowns — {((x, 9), (x/, 9/)) Cx > ¥ and 6 = 9/}' (5.2)

Or in other words, in steady-state, the processes X and X’ are stochastically related with
respect to the relation RY"¢#kd0wns We have to remark here that for the elements (x, 6) and
(x/, 0') to be related, the equality of the breakdown-indicator (¢ = ') is crucial.

Again, this is not difficult to check. By looking at Table 5.2 we see that there is no
positive rate for which an element in RP°%4°%" can jump to an element not in RVrekdown,

Theorem 5.1. Let X and X' be single-server Jackson networks which are subject to breakdowns,
as described in the beginning of this section. Then, in steady-state:

P(X<n)<P(X' <n)foralln=0,1,..., M.

Proof. In Table 5.2, a coupling (X, X) of X and X' is given for which RPeekd0wn js invariant.
Hence,
]P((X, X/) c Rbreakdown) =1,
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and because Rbreakduwns C Rcoord
P((X,X') € ROy = 1.

Hence, IP(X has less customers than X’ at every station) = 1. With this coupling, we
showed that the steady-state distributions of X and X’ are stochastically related with
respect to R, and because the coupling couples the distributions of X and X', we
conclude that indeed

P(X <n) <P(X'<n)foralln=0,1,..., M.
O

A consequence of Theorem 5.1 is that the mean loss rate in the original model is
less than or equal to the mean loss rate in the modified system, which is also shown in
[van Dijk, 1998].

5.3 Coupling of the Jackson network example

We extend the coupling of the single-server networks of the previous section to the case
where X and X’ have a general number of M servers. The coupling is a Markov process
living in the product space S x S C (NMx{0,1}M) x (NMx {0,1}M). We denote an
element of the product set by ((x,0),(x’,8')). First, we show that the coupling given in
Table 5.3 coupled indeed the processes X and X'. Second, we show that this coupling
preserves a subrelation of the coordinate-wise relation. This gives us the result which
states that the steady-state distributions of X and X’ are stochastically related with respect
to the coordinate-wise relation.

Lemma 5.2. The process (X, X') in Table 5.3 couples the processes X and X'.

Proof. To show that (X, X’) is indeed a coupling of X and X', we have to verify that the
marginal transition rates of (X, X’) match with the transition rates of X and X’. This is
easily verifiable. Furthermore all the transition rates are non-negative. The transitions
map S x S into S x S. Theorem 2.10 implies that (X, X’) is a coupling of X and X'.

O

Note that in this coupling the initial states of 8 can be different. But if at some moment
in time 6; = 6/, then from that moment on they will remain equal. This holds for each
i =1,.., M. For each i the set {((x,0),(x,0')) : 6; = 0!} is invariant for the coupling of
Table 5.3.

Define the following relation on S x S:

Rbreakdowns . «((x, 9),(x, 8')) : x; > x/ and §; = ¢/ forall i = 1,..., M.} (5.3)

For all (x,8) and (¥, 8’) with (x,8) ~ (x,8’), the coupling preserves relation RV"eakdowns,

Lemma 5.3. Relation RY°kd0wns jg invariant for the coupling of Table 5.3.
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Table 5.3: A coupling of the multiple-server Jackson networks.

Coupling (X, X’) of X and X’
((x0), (X, 8))— ...

arrival:
((X+]l{xi<Ni}ei/ 0), (x/+91{1{x"-<N,-}eif 9/)) at rate  A;
departure:
((X — 91‘]1{0<X1}e1‘, 9) , (X, — 9;1{0<xi}ei, 9/)) at rate  p;- min{],ti(xi), yl(x{)}
((X —0il{o<x,yei,0) , (X, 9/)) at rate  p;- (pi(x;) — pi(x})) ™
((0), (0 =0Lgpyyye;, ) atrate  pi- (i(x]) — i)+
i-j jump:

((X = 0illjo<x;<njyei 0l jocx<nyejs 0) , (X = Biljocwanyei + Billjocrian ) 9/))
at rate  py; - min{p; (x;), pi(x}) }
((X — 0l jo<r,<ny€i + 0l jocx<njrej; 0) , (X, 9')) atrate  pi; - (ui(xi) — pi(x})) "
((X, 0), (x/ — 91’.1{0<x;<N].}ei + 91{1{0<X}<Nj}ej? 9’) at rate pij - (Vl(x;) — Vi(xi))+
breakdown:

((x,B—Giei) , (x’,B’—Gl’.ei)) at rate  §;
repair:
((x,9+(1 —0)e;), (x,0 +(1 —eg)ei)) at rate  B;

foralli,je{l,.,M},j#i

Where we use the notation (u)* := max{p, 0} for u € R to describe the departure and jump
rates.

Proof. When ((x, 8), (X, 8')) € Rbreakdowns ye wyrite

;o x; > x. foralli
(x,0) ~ (x,0) & { 0, = 05 for all i. G4

Suppose that RPeekdowns ig pot invariant for the coupling. Then there must exist two
states A and B in the product space such that A is in the relation but B is not, and
there is a positive rate to jump from state A to B. Write A = ((x4,04),(X4,0))) and
B = ((xp,08), (x5, 03)). State A € Rb"g“kdow"s, hence x4; > x',; and 04; = ¢, for all
i=1,..., M. But, for state B there is an i such that (1) 6p; # 0}; or (2) xp; < X,

((XA/ BA)f (X;\/ 9;\)) — ((XB/ HB)/ (X;S/ 9;3))

(1). Suppose there is an i such that 6p; # 6p;. Then the jump out of the relation must
be caused either by a breakdown or by a repair of station i. When a breakdown of station
i occurs and the stations were down (04; = ¢,; = 0), in both systems nothing happens.
When 6,4; = 6/;; = 1, both systems go down at rate J;. Thus then 0p; = 63; = 0. Similarly,
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if a repair occurs when the servers were down in both systems this will cause a repair,
and if they were already up nothing happens. Therefore, fp; remains always equal to 6};
with probability one, and 6; := 04; = 0'); = 0p; = 0}, is true.

(2). Suppose xp; < xj; for a certain i. If x4; > x/,;, and in one jump we go to a
state where xp; < x%;, we must have x4; = x/,;. There are two possibilities. Either (i) a
station-i-departure occurs in X but not in X/,

/ / /
XpAi — XBi :xAi—l andxAl- —— XB; = XA/
or (ii) a station-i-arrival occurs in X’ but not in X
!/ / !/
XAi > XBi = XAj andxAl- — Xp; :xAl-—l—l.

(i) The event x4; — xp; = x4; — 1 and x/,; — 'x%i = «/;; can happen by a departure
or by a jump of a customer from a server j to i.

Departure

Observe that 64; = 0141‘ = 0;, therefore, a departure can only cause this jump if
pi- (i(xai) — pi(x'y;)) T is positive. But x4; = x', ., thus this rate is zero.

i-j jump

A jump from i to j occurs only if 04; = 0/,; = 6; = 1 and if x4; = x/;; < N;. An i-j
jump happens in X and not in X’ only if pj; - (#i(xa;) — pi(x/y;))" is positive. This
is not the case because y;(x4;) = p;i(xy;). We conclude that this possibility can not
happen.

(ii) Suppose x4; — Xxp; = xa; and x/y; — xp; = x%); + 1. "'Fhis.jump is possible when

an arrival occurs (at rate A;) or by a jump from a station j to i.
Arrival
We know that x4; = x/s; 50 gy, Ny = Ly, <n;}- Foran arrival this means that an
arrival in X" always goes together with an arrival in X.
j-1 jump
For an j-i jump, 64; = 60/, =1 (otherwise the customer can never leave station j).
Such a jump from j to i in X" and not in X can only happen if the rate p;; - (;(x4j) —
‘u]-(quj))* is positive. We know that x4; > qu]-, hence, if p;(x;) is non-decreasing in
x; for every j this rate is zero.

We conclude that a jump out of the relation can never happen and thus that the relation

is absorbing in the coupling of Table 5.3.
O

Combining Lemma’s 5.2 and 5.3, we can state the following theorem.

Theorem 5.4. Let X and X' be two M-station Jackson networks where the departure channels are
subject to breakdowns, as described in Section 5.1. In the steady-state, process X is coordinate-wise
stochastically bigger than X':

P(X; >s;, forall i) > P(X; > s;, for all i) for all s € RM.

Proof. By Lemma’s 5.2 and 5.3, there exists a coupling (X, X’) of X and X’ such that, the
relation RPe?kdowns s inyariant for this coupling. Theorem 3.19 ensures that X ~g X’ with
respect to R°". In steady state

]P((X X/) € Rbreakdowm:) - 1.
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5.3. COUPLING OF THE JACKSON NETWORK EXAMPLE

Since Rbreakdowns jq 5 gubrelation if R0,
]P((X, X’) S Rcoord) =1.

Hence, in the steady-state the processes X and X' are stochastically related with respect
y p y p
to the relation R¢07;

P(X; > s;, for all i) > IP(X; > s;, for all i) for all s € RM.
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Chapter 6

Conclusion

Stochastic comparison is a strong comparison method which does not only compare
means and expectations of random elements, but compares the distributions of the stochas-
tic elements under consideration. The recently introduced stochastic comparison with re-
spect to relations is more generally applicable than stochastic ordering. It allows us to
compare processes on different state spaces for non-trivial relations on the product space.
With the help of coupling arguments, strong results on the comparison of processes can
be obtained.

In this thesis, we have studied the stochastic comparison of Markov queueing net-
works. An introduction on couplings of random elements and stochastic processes was
given in Chapter 2. Definitions of the coupling of transition (rate) matrices are presented
and we proved that a coupling of transition (rate) matrices of Markov processes is equal to
the transition (rate) matrix of a coupling of the processes, in both discrete and continuous-
time. Chapter 3 gave an introduction on stochastic comparability. We have shown that
comparability of processes in ordered spaces is naturally extended to stochastic compara-
bility with respect to relations. In Chapter 4 we studied a basic Markov queueing network
and presented a new necessary and sufficient conditions for the stochastic comparison of
two of those Markovian queueing networks, for the coordinate wise order relation and
the summation relation. Theorems 4.4 and 4.8 summarize these results, and we have
proved that the conditions of 4.8 are indeed equivalent to an alternative characterization
presented in [Delgado et al., 2004]. Although the theorem in [Delgado et al., 2004] would
be more useful for numerical computation, Theorem 4.4 gives analytically simpler con-
ditions. In Chapter 5, we have studied an example of two Jackson networks, where the
servers are subject to breakdowns, and we have illustrated how strong comparison results
follow from a coupling which preserves some subrelation.

Altogether, we have presented a thorough overview of the theory of stochastic compar-
ison with respect to relations. We have shown how to derive conditions, on the transition
rates of Markov queueing networks, which ensure that these networks are stochastically
comparable with respect to a certain relation. Furthermore, we have shown how construc-
tions of explicit couplings can be used to prove strong comparison results in an intuitive
way.
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Discussion and further research

I studied several examples which are not discussed in this thesis. These are examples
where it is not (yet) known whether or not stochastic comparison can be proved. In
[van Dijk, 1998], queueing networks are presented for which mean value analysis can
be used to derive bounds on certain system quantities, and it is claimed that stochastic
comparison using order-relations can not be proved in these examples. However, no proof
is given and thus, this remains an open question. It may be possible that there exists a
choice of state space and subrelation for which the coupling method works. Although
I tried to construct these, I did not manage to find such couplings. There is not yet a
characterization of where the coupling method fails. Further investigation can be made to
explore the boundaries of stochastic comparison.

There are two important directions for extending the theory of stochastic comparison.
First, it would be useful to study more complex queueing networks. Secondly, stochastic
comparison using relations gives the possibility of comparing networks that are highly
different of each other. It is interesting to further explore this.

There are many extensions of queueing networks that could be considered. For ex-
ample, we can add batch arrivals, priority classes of customers or server-sharing mod-
els. We can also think of adding more dependencies in the network models, such as
state-dependent transition probabilities. In this work, we assumed that the service re-
quirements and inter-arrival times are independent and exponentially distributed. We
can think of relaxed constraints or simply other distributions. All of these extensions are
useful for modeling real networks in various applications.

When working with relations, instead of orders, we are not restricted to have equal
state spaces in both models. This invites us to think in a much broader way of compara-
ble models to provide bounds on the original network. This seems especially promising
for high-dimensional networks. A bounding model with simplified state space can be
constructed, for example, by grouping sets of servers. Furthermore, infinite-dimensional
networks can be bounded by finite-dimensional models. It is, however, not directly ob-
vious which merging and bounding operations can be used while ensuring stochastic
comparability.
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