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Abstract

The relationship between burstiness (a form of multi time-scale auto-dependence) in

ethernet traffic and its effect on backbone network performance has been explored using new

tools for the construction and analysis of dependent matrix-exponential (MED) queueing

network models. These tools are tailored to treat models with pseudo heavy tailed distri-

butions and auto-covariances which are significant for lags extending over many orders of

magnitude. They also introduce a new flexibility into the construction and solution of many

station network models involving such processes.

An algebraic approach extending the art of MED queueing to more complex and

extended networks of queues is outlined and used in the generation of an access/backbone

mode. It employs the tools of Kronecker products, hat spaces, and nearly completely de-

composable (NCD) operators to model event matrices modularly and hierarchically in time,

function and network scale.

The tools also improve algebraic intuition and computational effectiveness. The mod-

els examined allow multiple access-networks with realistically bursty, correlated traffic to be

included in a network with a backbone network model. The models employ the concept of

weak stability and multi-modal MED traffic to explore the effects of the multi-time-scale

properties found in real traffic. Recent evidence confirms that these are plausible models

that can faithfully represent the pathologies of published trace data.

The models have been explored to demonstrate the development of insight into the

effect of access network traffic and design on call losses on the backbone. Interesting in-
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sights have been presented, and offer guidance towards future, deeper explorations of other

properties of such models.
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Chapter 1

Introduction

It is well known that traffic in local area networks is often severely “bursty” in character,

giving rise to persistent problems in guaranteeing an acceptable quality of service for network

clients. Burstiness of traffic can result in poor performance due to limited buffering available

in the network.

With bursty traffic, each time a burst occurs there would be a rapid filling of buffer

space on the access network and the backbone network, followed by a slower draining as

traffic calms. This results in excessive packet loss in both the access and backbone networks,

and consequently excessive delivery delays due to retransmissions and other effects. The

intermittent bursts also introduce large queueing delays due to the very full buffers, and the

time it takes for them to empty.

Design of network control under these circumstances requires understanding of the
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mechanism by which the phenomenon works, and how performance is affected by changes in

traffic or design. Quantitative models of performance are needed which are predictive of the

effect of changes to parameters of design upon the desired measures of performance.

Much effort has been expended to determine an analytical explanation of the causes

of this random burstiness and its effects upon the buffering medium [1][7][13][14][15][21]. The

most intriguing of the ideas to come out of this work is the notion of weak stability [5] in

a queue. Under this view, the input stream is made up of sub-streams of traffic, each with

different average traffic rates. These are switched among by a much slower process. We refer

to these sub-streams as modes. Jelenkovic [5] calls modes whose average rate of arrival is

not less than the average service rate unstable modes, and otherwise stable. If the average

arrival rate of the combined process is less than the average service rate and there is at least

one unstable sub-stream, then the queue is termed weakly-stable, signifying that, though the

whole process is stable, it becomes unstable for intervals of time, from time to time.

Both intuitively and by design, it can be seen that if the average service rate of

the server is less than the fastest rate mode, then the queue will build rapidly until the

mode is once again stable[5][6]. So the weak-stability explains the observation that for such

traffic, there could be buffer overflows even with very large buffers. If the service rate of the

server is increased then, to compensate for the buffer overflow, the utilization of the server

would conversely have to be extremely low. This process of striking a balance between the

utilization and buffer capacity has sparked the need for various solution models.

Though the effect of burstiness on a single LAN is now reasonably well understood
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[8][6], very little work has been done to analyze how this burstiness, filtered through the

buffering medium, affects the backbone network performance. It is our purpose to examine

the effect of merging the output of several access networks with bursty traffic onto a backbone

network. We propose to extend this understanding to the backbone.

We propose to do this analytically, using some dependent matrix-exponential (MED)

queueing models which have recently been developed[6][8]. These models exploit the concept

of nearly completely decomposable (NCD) matrix exponential (ME) modes to represent the

traffic, and exploit the concept of weakly stable MED queues to represent the effect of the

traffic on performance [19]. By merging output traffic from weakly stable queues, we believe

we will have a simple credible model for approaching the behavior and stochastic structure

of a backbone network being fed from multiple bursty access networks. The exploration of

the consequences of merging these models is expected to yield insight into what the merging

of bursty streams of traffic does to the performance of backbone queues.

To better assist us in the development of such complex models involving many dimen-

sions of state space, we utilize the concepts of Kronecker operations and Hat Space. These

tools aid in the formation of event matrices hierarchically in either time, function or network

scale. They also improve algebraic intuition and effectiveness when addressing a variety of

design issues.

As stated earlier, the nearly completely decomposable (NCD), matrix exponential

traffic modes represent the traffic entering the model. When one or more NCD classes of

states have an arrival rate markedly faster than the average arrival rate then we call them
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burst modes [6][8]. Transition between these burst modes and states with much slower rates

of arrival (base modes) are relatively less frequent than arrival events. Also, it is understood

that the time spent in these burst modes must be a small fraction of the time spent in

base modes. Krishnaswamy [8] has demonstrated that the Bellcore traffic traces exhibit the

modal behavior used here.

The transition from one mode to another is instantaneous. A transition from a

burst mode almost always results in a return to a non-bursty base mode [8]. Such traffic

characteristics, keeping in memory the non-bursty mode from which the transition to bursty

mode took place, can pose an interesting challenge, since they clearly violate the memoryless

property assumed in conventional analytical performance studies.

When bursty traffic is filtered through the access network the output of the access

network will still be bursty, though usually to a lesser degree because of the packet losses

incurred, as well as the spreading of inter-arrival times caused by the access server. Thus,

the backbone network is fed by traffic which is spread and clipped, tough yet bursty. Our

model will allow analysis of the effect of this action.

The flexibility of applying the algebraic concepts for the analysis of the ethernet/internet

traffic is that we can trace the effects of events when the merging of this filtered traffic in

the backbone from multiple access networks occurs. The insight drawn in this research is

to explore the behavior in the backbone. This work will take the simplest possible network

models exhibiting the merging behavior and to explore what insights develop. The issues to

be dealt with are to predict the forms of burstiness in a backbone from known burstiness in
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the access networks. Success is determined by the quality of insights drawn and explanations

of the phenomena already published.

The mathematical tools to be used are discussed with appropriate examples and the

analysis of the network with focus on the call-loss probability is completed and documented

towards the later half of this thesis. The organization of the thesis is given below.

Chapter two describes mathematically the tools that are available and used. A brief

explanation about the matrix exponential representations of traffic (event sequences) and

systems, and the familiar formulae in use for this kind of problem is given. It also includes

moment matching technologies [17] to reduce state space in modelling. An introduction

and analysis of the Kronecker products and hats are given, which in combination is a tool

for representing the complex matrices needed and finally the modal ME representation for

dependent traffic in local networks.

In chapter three, an ME network theory is described along with its representations of

network components, their modal dependencies and the equations to be solved. The general

techniques used for the construction of modal queues in meaningful ways are illustrated with

simple examples without losing its focus to clarify the generality of the technique.

Having laid the foundation for understanding the network, chapter four deals with

the development of the pieces of the general backbone model and the equations that put it

together, step by step. It includes the general formulation and then illustrates it with the

simplified model that will be used for insightful results in the following chapter, chapter five.

It explains the need for the insight generating model and justifies the simplification done
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which are acceptable.

The last chapter, chapter five, describes the measures and strategy involved with the

execution of test cases. This is where the discoveries and confirmations of the findings are

explained and reasoned. It also includes the explanation and reasoning behind the choices

done in selecting the BBTR (burst to base traffic ratio) as one of the critical parameters.

This chapter uses the results obtained by the trace driven simulation done by Krishnaswamy

[8] for Bellcore (October) traffic as its bench mark to maintain the burst stability in the

network. The final chapter also includes the potential limitations faced by this model and

some suggested ways it can be further extended in its purpose and application.
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Chapter 2

Background

This chapter deals with the mathematical foundation of this thesis. A brief walk through

on the concepts of linear algebraic queueing theory including the matrix exponential repre-

sentation of traffic is given here. An introduction to the Kronecker operators is dealt here

along with the modal ME representation for dependent traffic.

2.1 Matrix exponential distribution

A matrix exponential distribution is defined as a probability distribution with representation

(p,B, ε′) [9] and [11]

F (t) = 1− pexp(−Bt)ε′, t ≥ 0, (2.1)
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where p is the starting vector for the process, B is the process rate operator which must be

non-singular and ε′ (the transpose of ε) is the summing operator.

The order of the representation is indicated by the dimension of the B matrix and the

degree of the distribution F (t) is the minimal order of all its representations. Its probability

density function is defined as [12][17]

f(t) =
dF (t)

dt
= pexp(−Bt)Bε′ (2.2)

If T1, T2, T3, . . . is a sequence of ME random variables then the joint probability density

function over any finite sequence inter-event times is given by

fT1,T2,...,Tn(t1, t2, . . . , tn) = π(0)exp(−Bt1)L . . . exp(−Btn)Lε′ (2.3)

where π(t) is a vector representing the internal state of the process at time t and L is the

event rate matrix. If the process is renewal then L = Bε′p where p is the starting vector

for the process, the rank of L being 1. The nth moments satisfy the following

E[Xn] =

∫ ∞

0

xnf(t)dt = n!pVnε′ (2.4)

where V = B−1. The Laplace-Stieltjes Transform of f(t) is given by

B∗(s) =

∫ ∞

0

expstf(t)dt = p(I + sV)−1ε′ = p(B + sI)−1Bε′ (2.5)
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Matrix exponential distributions have rational Laplace-Stieltjes transform and are more gen-

eral than the phase-type (PH) distributions as defined by Neuts [12]. ME distributions place

fewer constraints on its representation. Although the class of second degree Matrix exponen-

tial distributions is equivalent to the physically based phase-type distributions higher degree

representation may not have physical representation. Phase type distributions are, in fact,

a strict subset of matrix exponential distributions.

According to Neuts [12], the class of distributions with rational Laplace-Stieltjes

transforms is dense in the set of all distributions, which means that any density function can

be approximated arbitrarily closely by a density function with a rational transform. Some of

such distributions are exponential, Erlangian, Coxian, hypoexponential, hyperexponential,

Marie and mixtures of convolutions of these distributions. Distributions belonging to the

above class have probabilistically interpretable components and have close relationship with

Markov chains. An advantage of using matrix exponential distributions is that higher order

moments can be matched using Van de Liefvoort’s algorithm [17] and they can be represented

in different canonical forms through the use of similarity transforms. The LAQT solution

method does not depend on the process representation and hence any representation can be

chosen while modelling.

2.2 Moment matching

Van de Liefvoort’s algorithm [17] can be used to match the moments of the distribution.

From the set of power moments E[Xn] of a continuous distribution F (t) an ME distribution
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(p,B, ε) can be generated. Let,

rn =
E[Xn]

n!
(2.6)

be the set of normalised or reduced moments of the distribution. Applying the algorithm

the following was generated by Van de Liefvoort [17],

p =

[
1 0

]
(2.7)

V =




r1 r1

(r2 − r2
1)/(r1) (r3 − 2r1r2 + r3

1)/(r2 − r2
1)


 (2.8)

ε′ =




1

0


 (2.9)

using the first three moments. This representation has the prescribed moments and a rational

Laplace-Stieltjes transform. The boundary conditions of the power moments have been

discussed in [12]. For a third order representation, the first five moments are mapped into

(p,B, ε′).

p =

[
1 0 0

]
(2.10)

V =




r1 r1 0

r2−r2
1

r1

r3−2r1r2+r3
1

r2−r2
1

r1

0 − r−n 2r1r2r3+r2
3+r4r2

1−r4r2

(r2
1−r2)2r1

β
γ
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ε′ =




1

0

0




where

β = −r4
2r1 + 3r2

2r
2
1r3 − 2r1r2r

2
3 − 2r2r

3
1r4 + 2r2

2r1r4 − r2
3r

3
1 + r3

3 + 2r3r4r
2
1

− 2r3r2r4 + r5r
4
1 − 2r5r

2
1r2 + r5r

2
2,

γ = (r3
2 − 2r1r2r3 + r2

3 + r4r
2
1 − r4r2)(r

2
1 − r2)

2.3 Introducing correlations

Auto-correlations can be arbitrarily introduced into a renewal process preserving the mar-

ginal distribution using Mitchell’s method [11]. The progress rate matrix of the arrival

process (B) describes what happens between the arrival events and the event rate matrix

describes (L) what happens at the time of an arrival. L can be altered from representing a

renewal process to represent a semi-Markov arrival process. The starting vector p and the

progress rate matrix B are kept unchanged from the renewal process representation. An L

can be chosen such that p and B remain unchanged,

L = β(Bε′p−B) + B (2.11)

L = (1− γ)(Bε′p−B) + B (2.12)
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where from Mitchell’s et.al [11] γ is the equilibrium solution for the embedded chain on B−1L

and β = 1 − γ is called the persistence of the process, and as β → 0, the autocorrelation

exhibited by the point process increases. This method can be used to match the decay of the

desired autocorrelation structure rather than matching the entire autocorrelation structure

of the process, which Mitchell has found out to be more effective. The covariance of a

sequence of MEs (assuming stationarity) is given by,

cov[Xn, Xn+k] = pV(Y)kVε′ − (pVε′)2 (2.13)

and the variance,

var[X0] = 2pV2ε′ − (pVε′)2 (2.14)

where V = B−1 and Y = VL and where p and ε′ are chosen so that Yε′ = ε′ and pY = p.

Thus ε′ is the right eigenvector of Y with eigenvalue 1 and p is the left eigenvector of Y

with eigenvalue 1. The value of p is assumed to be unique and its existence is guaranteed if

1 is the largest eigenvector of Y. The autocorrelation is obtained by dividing the covariance

by the variance,

autocorr[Xn, Xn+k] =
pVYkVε′ − (pVε′)2

2pV2ε′ − (pVε′)2
(2.15)

If L = Bε′p then Y is of rank 1, the process becomes renewal, and hence cov[Xn, Xn+k] = 0.

The matrix B in the above equations is the autogenous event matrix and the matrix L is

the endogenous event matrix for the MED arrival module. Since there is no input port and

only one output port for this module, it is the complete description.
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2.4 Kronecker operations and hat spaces

The modules we are using are complex involving many dimensions in the state spaces. Es-

tablishing a common plane for computation and algebraic manipulation is often frustrating

since disjoint operator spaces by nature are disjoint. This has been the driving force to

understanding the concepts of Kronecker operations.

Kronecker products are used to combine processes operating in different spaces. It is

a way to preserve independence among process in different spaces, whereby disjoint operator

spaces are embedded into the direct product space. For example in a ME/ME/1/N queueing

system the arrival process < Ba,La > and the service process < Bs,Ls > operate in two

disjoint spaces namely the arrival space and the service space. To algebraically represent

their behavior in the combined state space, we find it useful to employ Kronecker products.

The Kronecker product is represented by the symbol ⊗. According to [10], in order

to preserve the independence of each space, the operators in the disjoint spaces are combined

in the system space using the Kronecker product.

The Kronecker product of two matrices K1 (operating on objects in space 1) and K2

(operating on objects in space 2) is defined by,

K = K1 ⊗K2 =




(K1)11K2 . . . (K1)1n2K2

...
. . .

...

(K1)n11K2 . . . (K1)n1n2K2




(2.16)
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where K1 is of size n1 × n2 and the K2 is of size m1 ×m2.

Some properties of Kronecker product [3]:

1. The Kronecker product is a bi-linear operator. Given α real,

A⊗ (αB) = α(A⊗B) (2.17)

(αA)⊗B = α(A⊗B) (2.18)

2. The Kronecker product distributes over addition:

(A + B)⊗C = (A⊗C) + (B⊗C) (2.19)

A⊗ (B + C) = (A⊗B) + (A⊗C) (2.20)

3. The Kronecker product is associative:

(A⊗B)⊗C = A⊗ (B⊗C) (2.21)

4. The Kronecker product is not commutative in general. I.e, if A 6= B, then

(A⊗B) 6= (B⊗A) (2.22)
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5. Matrix multiplication, when dimensions are compatible,

(A⊗B)(C⊗D) = (AC⊗BD) (2.23)

The interpretation of ordering in Kronecker products is better visualized when ap-

plied to a transition matrix. When applied to this space, the Kronecker product shows the

combined effect of simultaneous transitions in two spaces. For example, K1 ⊗ K2 shows

simultaneous transition in two spaces, whereas K1⊗ I2 shows an operator with (potentially)

change occurring in space 1, but no change in space 2. We refer to K1 ⊗ I2 as an extension

of the operator K1, which is an operator from space 1 to space 1, into an operator from

space (1,2) to space (1,2) combined space. The expression K1 ⊗ I2 shows the extension of

transitions in one space into two spaces, the second of which is unaffected.

As can be observed, as the number of dimensions used in computation increase, the

Kronecker representation gets more complicated. As shall be discussed later, the ordering

needs to be taken into special consideration as well. In order for a more intuitive represen-

tation of the combination of the two dimensions and spaces, the hats are introduced.

Mitchel, et.al; [10] explain clearly the usage of hats. An operator that operates on

a space only (say arrival space) is embedded in the system space by taking the Kronecker

product of it with the identity operator from the remaining spaces. To preserve the ordering,

hat spaces are introduced.

For example if there are N spaces, then a matrix in one space is extended into the
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larger space by “hatting” it. So, in natural space ordering < K1, K2, . . . Kn >

K̂1 = K1 ⊗ I2 ⊗ I3 . . .⊗ IN

K̂2 = I1 ⊗K2 ⊗ I3 . . .⊗ IN (2.24)

K̂N = I1 ⊗ I2 ⊗ I3 . . .⊗KN

where Ii is the identity matrix of dimensions mi×mi and Ki is the matrix of that dimension.

The above construction of hats is applicable to square matrices. Each process embedded into

system space is differentiated from the non-embedded process by the use of hats, thus the

product space is sometimes referred to as hat space.

Notice that the hatted symbol identifies in its subscript the space it operates in, and

doesn’t by itself identify the ordering of a Kronecker representation, which is arbitrary. When

rendering a hat equation in its Kronecker form, consistency of order of terms is essential even

though the actual order used can be otherwise arbitrarily chosen. This is where the non-

commutative nature of the Kronecker product operation plays a role.

Although not commutative, there is a sense in which the ordering of the spaces is

arbitrary. Provided the ordering is changed consistently within an equation, the import of

the equation does not change. A⊗B differs from B⊗A only in a permutation of rows and

columns. For example, equations 2.16 - 2.22 are equally correct if the matrices were rendered

in the order B, C, A. All high level matrices in the expressions are permuted in the same

way in the result.
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Nevertheless, in various manipulations for insight or computational advantage, the

ordering is decisively important. A ⊗ B keeps B intact in sub-matrices of the product,

whereas B ⊗ A keeps A intact in the sub-matrices. Some Kronecker orderings will often

be more revealing than others for a given purpose and situation, so there is an advantage

associated with that choice. Its choice can be deferred in general equations by using the hats.

Hence the more compact hat notation is often used rather than explicitly using Kronecker

products in the equations.

The property, under space-order < 1, 2 >

K̂1K̂2 = K1 ⊗K2 = K̂2K̂1 (2.25)

satisfies the independence of spaces condition. The above relationship can be proved as given

below while taken into consideration the space-order < 1, 2 >

K̂1K̂2 = (K1 ⊗ I2)(I1 ⊗K2) (2.26)

= (K1I1)⊗ (I2K2) (2.27)

= (K1 ⊗K2)
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Now taking K̂2K̂1 and applying the same ordering < 1, 2 >

K̂2K̂1 = (I1 ⊗K2)(K1 ⊗ I2) (2.28)

= (I1K1)⊗ (K2I2) (2.29)

= K1 ⊗K2

Thus,

K̂1K̂2 = K1 ⊗K2 = K̂2K̂1

showing the hatted matrices over different spaces commute under matrix multiplication even

though Kronecker products do not. Notice that if space order is changed, so are the Kronecker

products.

Taking K̂2K̂1 with ordering < 2, 1 > gives us

K̂2K̂1 = (K2 ⊗ I1)(I2 ⊗K1) (2.30)

= (K2I2)⊗ (I1K1) (2.31)

= K2 ⊗K1

and similarly for K̂1K̂2, so that

K̂2K̂1 = K2 ⊗K1 = K̂1K̂2

But clearly K1 ⊗K2 6= K2 ⊗K1, in general. So we must state an ordering for any equation
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involving both hats and ⊗, but not if only hats are used or only ⊗ is used.

Similarly, the Kronecker product of two row-vectors v1 and v2 over spaces 1 and 2

respectively is defined as a vector

v1 ⊗ v2 = [(v1)1v2 . . . (v1)n1v2]

where v1 is of dimension n1 and v2 is of dimension n2.

We define v̂1 under space order < 1, 2 > as

v̂1 = v1 ⊗ I2 = [(v1)1I2 . . . (v1)n1I2] (2.32)

where I2 is an n2 × n2 identity matrix and v̂1 is an n2 × n1n2 matrix. Similarly, for v̂2

v̂2 = I1 ⊗ v2 (2.33)

=




v2

v2

. . .

v2




an n1 × n1n2 matrix.
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Then in space-order < 1, 2 >,

v1v̂2 = v1(I1 ⊗ v2) (2.34)

= (v1I1 ⊗ v2)

= v1 ⊗ v2

and

v2v̂1 = v2(v1 ⊗ I2) (2.35)

= v1 ⊗ v2

so that v1v̂2 = v2v̂1 = v1 ⊗ v2.

In space-order < 2, 1 >, v1v̂2 = v2v̂1 = v2 ⊗ v1. For N spaces in natural space-

order, from the above equations v1⊗v2⊗ . . .⊗vn=v1v̂2 . . . v̂n by associativity of Kronecker

products and inductive application using the results of the above equations.

For the dependent matrix exponential description B̂ and L̂ operating in N indepen-

dent spaces in natural order, the resultant matrices are given by the following,

B̂1 = B1 ⊗ I2 ⊗ I3 . . .⊗ IN

B̂2 = I1 ⊗B2 ⊗ I3 . . .⊗ IN (2.36)

B̂N = I1 ⊗ I2 ⊗ I3 . . .⊗BN
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and

L̂1 = L1 ⊗ I2 ⊗ I3 . . .⊗ IN

L̂2 = I1 ⊗ L2 ⊗ I3 . . .⊗ IN (2.37)

L̂N = I1 ⊗ I2 ⊗ I3 . . .⊗ LN

Starting (row) vector p:

p = p1 ⊗ p2 . . .⊗ pn (2.38)

= p1p̂2 . . . p̂n (2.39)

p = p1 ⊗ p2 (2.40)

= p1p̂1 (2.41)

Summing vector ε′

ε′ = ε′1 ⊗ ε′2 = ε̂′2ε′1 = ε̂′3ε̂′2ε′1 (2.42)

ε′ = ε̂′nε̂′n−1 . . . ε̂′2ε′1 (2.43)

2.5 Modes and weak stability

Before we proceed any further we need to understand the difference between the weakly-

stable and the unstable network. The following is an excerpt from Krishnaswamy’s thesis
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[8] which provides us with a clear idea about what modes are and its different types. The

ethernet traffic can be adequately represented by a continuous time Markov chain (cpMc)

model that captures the dependencies and burstiness observed in the traffic, and that this

traffic model can be used to predict the queueing behavior of networking systems that handle

this traffic.

Burstiness in traffic can be characterized by a modal cpMc. A modal cpMc can be

defined as a cpMc whose state transitions are nearly completely decomposable, with decom-

position classes each defining a particular arrival rate, inter-arrival time distribution and/or

dependency. These classes are called modes because to a general observer the traffic pattern

appears different whenever the nearly-decomposable process jumps from class to class. To

appear bursty one or more modes must have a mean arrival rate which is significantly greater

than the mean arrival rate taken over all modes.

The concept of weak-stability, discussed by Jelenkovich [5], suggests that with respect

to traffic, a stable queueing system can be either weakly stable or strictly stable. When it

is weakly stable the arrival rate of one or more modes exceed the service capacity, though

the overall service rate is greater than the overall arrival rate. As the modal traffic moves

from mode to mode, the system moves from stable to unstable state, even though the overall

system is stable. On the other hand, when the service capacity is greater than the arrival

rate of the fastest mode, the system is strictly stable. The Figure 2.1 explains the concept

of weak stability. The modes with mean arrival rate higher than the mean service rate are

unstable and the rest of the modes in the traffic are stable. As the service rate is adjusted

upward, unstable modes can become stable.
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Figure 2.1: Modes in traffic
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Chapter 3

Modelling Techniques

3.1 Introduction

In the earlier chapter we had discussed the Kronecker operations. We have discussed about

the problems and the new solutions. The concept of an algebraic ME network is a new

theoretical approach by Wallace which is a modernisation of a theory developed in [19][20]

making a new use of the ME formulation of van-der Liefvoort [17]. In this chapter we will

discuss the organization and setting up of the network. We need a tool that lets us look

directly at the components of a general Markovian and ME network and how their behaviors

combine to produce system behavior.

This section of this chapter gives a better understanding of the spaces involved with

the construction of the network model. Following the conclusions of Krishnaswamy [8], each
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access queue is, in general, represented by a multi-dimensional stochastic process consisting

of five state spaces with varying degrees of dependence. These represent:

1. Mode Space - identifies modes the process is in.

2. Arrival Space - generates MED inter-arrival times within current mode.

3. Burst Duration Space - generates MED duration of mode before change.

4. Queue Space - identifies the number of packets in buffer queue.

5. Service Space - generates MED service time distribution.

These spaces undergo transformation and merging when the arrivals pass the access network

and reach the backbone network. Our model builds on the queueing model employed by

Krishnaswamy, extending it to a network model that allowed exploration of the interplay

between a pair of access subnetworks and a backbone subnet. The earlier solution model

followed by Krishnaswamy[8] could not incorporate the functionality of the merging traffic.

This is because the mathematical procedure used to calculate the steady state vector did not

account for the possibility of the merging of two traffic streams. A new solution was proposed

by Dr.Victor Wallace and this thesis utilizes this new approach to effectively compute the

steady-state vector values and the call loss probabilities.

Based on the properties of modes observed, the inter-arrival times during mode m,

can be modelled using a suitable ME distribution. Even if the individual arrivals were

exponentially distributed, when the arrival stream is considered with the different modes, it

is autocorrelated over several time-scales.
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The duration space represents the burst durations in a mode. The mode duration

space is represented by the < Bd(m),Md(m),Ld(m) > combination. Ld(m) represents the

event transition matrix for the transition from mode m to base mode and Md(m) represents

the event transition matrix for the transition from base mode to mode m. The matrices

become scalars if exponentially distributed durations are assumed.

The process in mode space is considered independent from the arrival space and

the arrival mechanism is a function of the mode. This discovery following the findings of

Krishnaswamy [8] were vital in the computation of the steady state vector π values. This

also greatly reduces the state space for computational purposes. The concept of independent

modal arrival was incorporated from the very first step of construction of the matrices. This

tool was effective in increasing the computation speed and reduces the amount of memory

used in Maple during mathematical computations.

3.2 Network description

The B and L are generalized uses of the process rate matrix and event transition matrix.

These matrices were introduced in chapter two. The B represents the changes in state which

E     B      L

Figure 3.1: Generic representation
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do not result in generation of an output event. The effect is autogenous,i.e. within the

module. Its usually called the progress rate matrix.

The L represents changes in state which result simultaneously, in generation of an

output event. The effect is endogenous, specific to the module affecting the world outside

the module. Its usually called the event rate matrix. If there are multiple ports, there will

be one L per output port.

The E represents changes in state resulting from input events as a result of the events

from outside the module. The effect is exogenous. It is a new matrix introduced and is called

the event transition matrix, denoted by a probability matrix. For every input port into a

module, there will be one E.

We illustrate the use of these matrices by a very simple network, represented in Figure

3.2. We construct the network with the arrival and departure process modelled outside our

1
µ

X
Figure 3.2: Simple Model

model. We assume that the queue length is infinite. The corresponding B, L and E matrices

are generated below. λ is the rate of arrivals into the system and µ1 is the service rate. We
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get;

BX =




0

0 µ1

. . . . . .




The departures are modelled as;

LX =




0

µ1 0

. . . . . .




Notice that the effect of a departure event is to reduce the state. Therefore the µ appears

in the lower diagonal.

The effect of the change in the system state on the adjoining state is shown as;

EX =




0 1

0 0 1

. . . . . . . . .




Notice that the effect of an arrival event into the module is to increase the state, which it

does with probability 1. Therefore the probability values are place in the upper diagonal.

Note that if the service intervals were ME distributed with (Bs,Ls), the state space

would be two dimensional and the µ elements would become matrices.
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X Y

AB LA

SB LS

Figure 3.3: MEd arrivals and service

B =




0 0

0 BS 0

0 BS

0
. . . . . .




(3.1)

L =




0

Le
′
S 0

LS

LS




(3.2)

The exogenous matrix is defined as follows

E =




0 p

0 0 IS

0 0 0 IS

. . .




(3.3)

What we have seen so far is the step-by-step construction of the network module which is

essential for network modelling. It can be seen that the fragments of the network are also

29



algebraic ME networks. Each fragment of the network has a state space S described by B, L

and E. These fragments of the network are also known as modules. Over the course of this

thesis, the term modules would be used interchangeably with the fragment of the network,

either the access network or the backbone.

If the queue were finite (lossy), the same algebra would apply except that

Bq =




0

0 µ

0 0 µ

0 0 0 µ




,Lq =




0

µ 0

0 µ 0

0 0 µ 0




,Eq =




0 1 0

0 0 1

0 0 0 1

0 0 0 1




(3.4)

The (n, n)th element in the E matrix is 1.

Baq = Ba ⊗ Iq + Ia ⊗Bq − La ⊗ Eq =




λ −λ

0 λ + µ −λ

0 0 λ + µ −λ

0 0 0 µ




and

Laq =




0

µ 0

0 µ 0

0 0 µ 0




(3.5)

⇒ Qaq = Laq −Baq.
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3.3 Construction of a network

The following section aids in the description of the connection between the different modules

to describe a larger module. A new joint space is created. The figure 3.4 is combination of

1

X Y

λ µ2µ

Figure 3.4: Simple Cascaded Network

two modules. The effect of the module X is seen on the module Y due to the link between

them. The autogenous events in each of the modules extend into the joint space. Hence the

hatting of each B matrix is done, B̂. The endogenous transitions join with simultaneous

exogenous events of connected module L̂ and Ê.

BY X = −(B̂Y + B̂X + ÊY × L̂X) (3.6)

The above equation can be represented in Kronecker notation with the state space ordering

of < Y,X >.

BY X = (BY ⊗ IX + IY ⊗BX − EY ⊗ LX) (3.7)
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When the above equation is expanded to show the matrices obtained we get the follow-

ing forms of matrices whose properties have already been discussed in chapter 2. While

expanding the matrices, the ordering was taken into account for consistency.

IY ⊗BX =




BX

0 BX

. . . . . .




BY ⊗ IX =




0

−µ2Ix µ2Ix

. . . . . .




(3.8)

EY ⊗ LX =




0 LX

0 LX

. . . . . .




What we have seen so far is the basic combination of two modules to better highlight the

relationship between the autogenous, endogenous and exogenous event rate transition ma-

trices.

We have a simple connection described in the figure 3.5. It is comprised of two

modules X and Y making up the network module XY . Each module X and Y have the event

transitions occurring between themselves and XY module has external events associated

with it. An input to the XY module is also an input event to the X module. The XY

module has an external exogenous event entering it which causes transitions in the state of
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module X described by exo-event matrix, EX ; and an external event exiting the system is

represented by the departure event matrix, the endo-event matrix, LY as seen in figure 3.5.

The event matrices are calculated as follows The autogenous matrix of the XY module, BXY

Y

Y

EX

XB

X

X

L E B LX Y Y Y

Figure 3.5: A simple connection

is obtained by performing a Kronecker sum “⊕” between the two autogenous matrices of the

X and Y modules, BX and BY . The BXY matrix also takes into account the interaction

between the two modules . The Kronecker product between LX and EY is a result of the

interaction.

BXY = (BX ⊗ IY ) + (IX ⊗BY )− (LX ⊗ EY )

The exogenous event matrix EXY is the Kronecker product of the EX and IY . This is the

external event exiting the system with-respect-to the X module and entering the Y module.

EXY = EX ⊗ IY

The network module as such would have an overall event that produces a change in the

neighboring module (if there was one ) namely the endogenous event matrix. It can be
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either absorbed into the module or shown to exit the system as the LXY matrix.

LXY = IX ⊗ LY

The network of modules discussed above could be considered the platform over which various

complex networks can be constructed. The combination of modules can be further extended

as follows. The figure 3.6 is a simple branched network. The output from module X gets

µ

1
λ

γ

(1−γ)

Y

Z
X

µ

µ

2

3

1

2

XYZ

Figure 3.6: Simple Branched Network

distributed with a certain probability amongst the Y and Z modules. If the arrival and

service rates are as indicated in the figure, we can write the autogenous, exogenous and

endogenous matrices.

BX =




λ −λ

0 λ + µ1 −λ

. . . . . . . . .




(3.9)

BY =




0

−µ2 µ2

. . . . . .




(3.10)
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BZ =




0

−µ3 µ3

. . . . . .




(3.11)

The main purpose of introducing this combination of modules is to understand the behavior

of the L and the E modules. It can be seen there, since there is one output port from module

X we have just one L but for every input port into the module Y and Z there is a E.

LX =




0

µ1 0

. . . . . .




(3.12)

EY =




0 1

0 0 1

. . . . . .




(3.13)

EZ =




0 1

0 0 1

. . . . . .




(3.14)

Combining the event rate matrices we get the B for the entire network.

BXY Z = BX ⊕BY ⊕BZ − [γLX ⊗ EY ⊗ IZ + (1− γ)LX ⊗ IY ⊗ EZ ]
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It can also be represented in Hat Space notation.

BXY Z = B̂X + B̂Y + B̂Z − [γL̂XÊY + (1− γ)L̂XÊZ ]

The figure 3.7 describes the conceptual framework of the modules to form a network.

The basic methodology followed is highlighted below.

Figure 3.7: Network Framework

• Modules + Directed Connections = network.

• A new module is formed by rolling together the old modules and the connections

between them.

• Repeat until there is only one module.

• The resulting unique module describes the infinitesimal generator of the network’s

Markovian or pseudo-Markovian model.

36



Similarly, the arrival process at any directed connection can be determined by combining

modules to produce a source module for the connection. The combination of modules is a

strictly algebraic manipulation of module-descriptive relations.

3.4 Solving MED networks

Once the components of the ME network have been developed, the next step is to solve the

algebraic ME networks. The computation of the infinitesimal generator for Markov or ME

chain is denoted by Q. From the above figure 3.4 we get Q matrix as

Q = L−B

Q =




−BX LX

µ2IX −(BX + µ2IX) LX

0 µ2IX −(BX + µ2IX) LX

. . . . . . . . . . . .




(3.15)
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We expand the Q matrix to get

Q =




−λ λ 0 · · · 0

0 −[λ + µ1] λ · · · µ1 0

0 0 −[λ + µ1]
. . . 0 µ1 0

0 0 0
. . . 0 0

. . . . . .

µ2 0 0 0 −[λ + µ2] λ 0 · · · 0

0 µ2 0 0 0 −[λ + µ1 + µ2] λ · · · µ1 0




Examples from the connections described above show that πmQm = 0.

3.5 Network Model

In the previous sections we have discussed how to construct the basic building blocks of the

network. We have also discussed the mathematics involved in explaining the basic models.

Now lets see how the final model looks. This leads into the modeling of backbone behavior.

The same rules for combining modules are applied to the backbone. The traffic entering the

backbone is a combined result of the merging of the traffic exiting out of the access networks.

We have, as we can see, two access networks (for simplicity and insight purposes) get-

ting two independent streams of traffic merging into a backbone network. Each module has

a buffer with a predetermined queue length and a server with calculated service rate values.

Independent of the arrival modules, we have the ’modal’ module that has the distribution of
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2µ2

1

Z

Y

X

XYZ

m1

m2

Network with modes

Figure 3.8: The network diagram with 2 modules, each with modal traffic, merging into a
backbone.

the modes for the different arrivals that enter each node of the network (access networks).

The arrival mechanism is a function of the mode.
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Chapter 4

Modeling Backbone Traffic

4.1 Introduction

Using our algebraic approach, this chapter deals with the construction of a matrix expo-

nential multi-modal queueing model to calculate the merging onto the backbone of different

arrival streams of dependent traffic. The buffer and service rates can be varied sufficiently

so that a relationship between the call loss probability and a measure of burstiness called

the burst-to-base ratio.

To gain insight into the way in which bursty arrivals affect an entire network, we

need to reduce the number of parameters, while retaining the main elements of dependency.

Our model consists of three modal queues, representing two access network queues and a

backbone. We view the entire effect of a local network of users as a single queue with bursty
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Figure 4.1: The network diagram with 2 modules merging into a backbone.

arrivals, which we call an access network. The access network has incoming traffic that is

exponential per mode but multi-modal. We view the internetwork joining access networks

as a single queue serving a stream of traffic formed by merging the outputs of the access

networks. We call this part of the model the backbone network. The output traffic from the

access networks is merged to become the input traffic to the backbone network.

The merging of the traffic can increase as the square of the number of modes. However,

if bursts are rare, as they are in our case, then most combined modes are highly unlikely and

growth of the number of modes can be linear, or even fixed. We will analyze this network,

shown schematically in Figure 4.1, in order to see how the long-term dependence induced by

the bursty access streams affect the performance on the backbone and overall.

It was not part of the goals of this research to study computational efficiencies re-
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sulting from the NCD or QBD character of these modes. Such algebraic tools are likely

to have an enormous impact on the tractability and richness of more complex models than

are treated here. As a result we simplify the state structure by a number of assumptions

which enhance analytical tractability and reduce the number of parameters to be considered.

We make the queue capacities finite and small, and we reduce the number of modes to the

most important ones. We also make the per-mode arrivals exponential, and service times

exponential and independent. Nevertheless, the model will be interesting and give a clear

idea of the potentials of the methodology.

Making the per-mode inter-arrival times simple and independent still leaves the entire

input traffic model multi-time-scale and strongly dependent over an extended time frame.

We can see from Figure 4.1 that we have applied the rules discussed in chapter three to

construct this network. We can see the effects on the backbone network due to the events

that leave the access networks. The merging of the access networks is clearly shown here.

This model gives a scaled down insight into what one can expect to see in real time networks.

4.2 Mathematical solution

The modes shift from base mode to one of the burst modes, and then back. Let δ0 be the

infinitesimal rate of occurrence of the shift from base mode to any of the burst modes, and

δi, i = 1, 2, 3 be the rate of occurrence of the shift from base to burst mode i. This δ0 =

δ1 + δ2 + δ3. Let δi, i = 1, 2, 3 be the rate of occurrence of a shift from mode i to the base

mode, so 1/δi is the mean sojurn time in a burst mode i and 1/δ0 is the mean sojurn time
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in base mode. The process description of the mode-space module < Bm,Lm > is thus given

by

Bm =




δ0 0 0 0

0 δ1 0 0

0 0 δ2 0

0 0 0 δ3




Lm =




0 δ1 δ2 δ3

δ1 0 0 0

δ2 0 0 0

δ3 0 0 0




The arrival stream entering the backbone is in reality the departure streams from the access

networks. Hence, the modes presented to the backbone come from the access modes. Since

we are predetermining the service rate of the access networks, it is observed that the arrival

rates are reduced in the backbone due to buffer overflows in access. The effects of modal

traffic has been discussed in both chapter two and three. The effects of modes is critical in

our discussion and their importance in controlling the behavior of the network cannot be

overstated. The infinitesimal generator Qm can be calculated by the formula :

Qm = Lm −Bm

Having calculated the Qm we can find the steady state probability πm as follows: πmQm = 0.

We can also notice that this network fits the different spaces discussed in Chapter 3.
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Each access network has the arrival space, duration space and the mode space. We can see

that the mode space of the backbone is a combination of the modes of the arrival space. The

backbone has the queue space and service space and its arrival space is determined by its

inputs. For our model the combination of the entire arrival streams into each of the access

networks merging into the backbone signifies the flexibility and power of our modelling. We

want to focus our model on the degree of burst traffic, not on its finer characteristics.

The arrival rate and the transition rate matrices for the access networks can be defined

as follows. For insight purposes we assign the arrival rate for each of the access networks as

Ba = λ and the transition event rate as La = λ.

The event descriptors for the access network’s queues are:

Bq =




0 0 0 0

0 µ 0 0

0 0 µ 0

0 0 0 µ




,Lq =




0 0 0 0

µ 0 0 0

0 µ 0 0

0 0 µ 0




,Eq =




0 1 0 0

0 0 1 0

0 0 0 1

0 0 0 1




For a finite buffer space, notice the (n, n)th element which is 1, as discussed in chapter three

about the finite queues with overflows. Utilizing the concepts dealt with in the chapter three
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in section 3.2, we can construct the B, L and E for each of the modules X, Y and Z as

BX =




0

0 µ

0 0 µ

0 0 0 µ




,LX =




0

µ 0

0 µ 0

0 0 µ 0




,EX =




0 1 0

0 0 1

0 0 0 1

0 0 0 1




(4.1)

BY =




0

0 µ

0 0 µ

0 0 0 µ




,LY =




0

µ 0

0 µ 0

0 0 µ 0




,EY =




0 1 0

0 0 1

0 0 0 1

0 0 0 1




(4.2)

Applying the concepts of the Kronecker sums and products and the hat space as

discussed earlier in chapter two, we can combine the three spaces; (two Access network

spaces X, Y and one Backbone Z).The combination and the interaction of the spaces forms

the network that interacts with the mode space on a different plane.

The overall arrival rate matrix after merging of the two access networks with the

backbone is:

BXY Z = B̂X + B̂Y + B̂Z − (L̂X + L̂Y )ÊZ (4.3)

The event rate matrix for the entire network is

LXY Z = L̂Z (4.4)
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Hence the infinitesimal generator matrix

QXY Z = LXY Z −BXY Z (4.5)

If there are two modes for each of the access networks, then it’s observed that there would

be four modes in the joint mode space. The above set of equations needs to be calculated

four times for every single combination of free parameters. The QXY Z indicated above is

the generic representation of the Q matrix. When the Q is to be represented as a function

of the modes, then it is indicated as QXY Z(m1,m2) where m1 and m2 are the modes of the

respective access networks. Then the steady state probability vector in the space XY Z,

πXY Z can be calculated as the solution vector for πXY Z

πXY ZQXY Z = 0 (4.6)

It has been noted that, though the modes could have been combined with the X,Y and Z

space to make MXY Z space, it has been determined that we can separate the modes at the

very beginning of the calculation. The steady state vector of the modes is calculated. It is

then combined with the steady state probability vector of each of the four combination of

modes. This improves the efficiency of the calculation.

Since the arrival rates are a function of the modes, the final state probability, π, is

given by

π0 = πm[1]πXY (1, 1)
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where πXY (1, 1) indicates the π for the combination of mode 1 from module X and Y . On

similar lines we can write

π1 = πm[2]πXY (1, 2)

π2 = πm[3]πXY (2, 1) (4.7)

π3 = πm[4]πXY (2, 2) (4.8)

4.3 Calculation of the results

The objective now is to exercise our model. We will critique the performance calculations

of the model, comparing the model behavior with intuitive expectations. To perform this

comparison we would have to first take a look at the variables that are used for computation,

which can be categorized into free variables and dependent variables.

The independent variables are those that would typically be statistically measured as

the environment of an operating network – such variables as:

1. Buffer capacity of access networks.

2. Burst arrival rate in the access network.

3. Burst duration in the access network.

4. Base arrival rate in the access network.
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5. Base duration in the access network.

6. Backbone/access network service rate

The dependent variables are those that would typically be observed as measurements of

performance – such variables are

1. Network call loss probability

2. Backbone call loss probability

3. Throughput

4. output stream distributions

5. output stream auto-covariances

For presentation, the parameters are chosen more for insight and are often ratios

rather than absolute value. In our case, we will concentrate on call loss probability as

a function of certain derived parameters. We will hold the burst arrival rates and burst

durations at observed values derived from the Bellcore October trace data as reported in

[8]. We will also hold the buffer capacities fixed at a value that will not cause our state

space to become too large. The access traffic intensity – the ratio of mean arrival rate to

the mean service rate, whose values are varied from 0.2 to 0.9 signifying the high packet loss

in the access networks, and the base arrival rates and mean base duration are chosen as our

primary parameters for analysis.
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The backbone traffic intensity is calculated based on the burst and base modes seen

in the Bellcore traffic. The service rate of the backbone, as a design choice, is chosen to

be of value in the range of the individual service rate of the access network and the sum of

the service rates of the access networks. The backbone traffic intensity is the ratio of mean

service rate of the access network and the mean service rate of the backbone. Once these

values are obtained, the mean arrival rate for the access network can be calculated as follows.

λmean =
burst arrival rate ∗ burst duration + base arrival rate ∗ base duration

base duration + burst duration
(4.9)

Once the value of the λmean and ρ, the traffic ratio of the access networks, are known, the

service rate of the access network, µ, can be computed from the equation.

ρ =
λmean

µ

⇒ µ =
λmean

ρ
(4.10)

Any change in the arrival or mode duration affects the overall µ, if we want to keep a specific

ρ value. The above set of values is associated with the access networks. One of the positive

outcomes of this model is the facility to compute the call-loss probability (CLP) with relative

ease. The computation of CLP is associated with the modification of the burst to base traffic

ratio (BBTR).

The main reason for choosing this derived parameter (BBTR) as a measure is because

of the fact that BBTR signifies the bursty nature of the arrivals entering the network. Its a

ratio describing the relationship between the bursty traffic and the base traffic. The traffic
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characteristics are determined by the amount of traffic entering the network in the given

interval of time. Long burst with small number of arrivals during that burst is much more

tolerable than short bursts with a large number of arrivals during that burst periods. In

this thesis, we have defined the burstiness of traffic as observed by Krishnaswamy [8] in the

Bellcore October traffic trace. We are maintaining the burst stability and modifying the

BBTR by varying the base arrival rate. By maintaining the burst stability we determine the

nature of the burst arrivals in the given interval of time.

Since the call loss probability is to be computed, the variations in burst to base ratio

is taken into account. The burst to base traffic ratio (BBTR) is defined as follows:

BBTR =
burst duration ∗ burst arrival rate

mean arrival rate ∗ burst duration + base duration
(4.11)

=
burst duration ∗ burst arrival rate

mean arrival rate ∗ cycle time
(4.12)

=
λ(0)/δ0

λmean ∗ cycle time
(4.13)

The BBTR is the ratio of the packets in burst to the total packets. To increase the burst to

base traffic ratio, do one or more of the following

1. decrease λmean

2. decrease cycle time

3. increase burst duration or burst arrival

It has been observed that varying the base arrival rate has the most significant effect on the
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ratio. As the burst to base ratio increases, it is noted that the overall CLP increases. The

overall CLP is calculated from the sum of the individual CLP at the access network and the

CLP at the backbone. Approximate value range for the service rate of the backbone server

is greater than the service rate of the individual access network and much less than the total

service rates. The CLP is calculated by the formula [11]

CLP =
πn La e′∑
i πi La e′

(4.14)

The CLP is the probability of arrival occurring while the buffer is full. It is also referred as

the fraction of arrivals that find the buffer full.
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Chapter 5

Results and insights

5.1 Introduction

We have constructed the network consisting of the access networks and the backbone. We

have seen the traffic exiting from the individual access networks merging as they enter the

backbone. With all the efforts spent in looking at the access networks, the importance of

the backbone network in maintaining the overall stability of the network is overlooked. This

is what makes it challenging and interesting to look at. The behavior of the backbone is

governed by the service rate of the access networks and also by the burst characteristics of

the traffic entering the access networks, whose effect is seen in the arrival to the backbone.

We can expect to see the backbone behave, to an extent, like the access network when it is

fed with bursty traffic filtered through the access networks. From the service rate that is

chosen for the backbone network, we can see the weak-stability characteristic appear when
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the bursty traffic reaches the backbone. We can also notice the variations in the CLP in the

backbone as the service rate of the access and the service rate of the backbone are changed.

We can expect the access network to behave more erratically as the burstiness of the traffic

into it is increased. This effect coupled with the effects resulting from the changes in the

time scale of the burst arrival traffic, the changes in the duration of the bursts and how fast

the arrivals occur during a burst, govern the modelling of the backbone. The queue capacity

is taken as the point beyond which the arrivals entering the queue are considered to be lost.

These contribute to the packet loss of the network.

What we propose to develop is a measure of burstiness for streams to use as a primary

parameter for exploration. We shall exercise the model described in the section 4.5 from

chapter 4 using Maple. The main purpose is to gather insights of the CLP as function of

burstiness, under various parameter values.

5.2 Experimental setup

Ours is an insight generating model. From chapter four, we can notice the parameters that

are considered independent and those that are dependent. We have restricted ourselves to a

fixed queue capacity. Another important decision on the selection of modes was done. We

chose to have two modes in each of the access network’s arrival stream, which when merged

would give a total of four modes entering a backbone. More modes would make it harder

to focus on the behavior of bursts. There is one burst mode and one base mode per access

network. We have also assigned the buffer capacity to 13 due to memory used by Maple for
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computation. The amount of memory used in Maple for computation is dependent on the

size of the matrices computed. For instance, in this case, there are three modules with buffer

capacity of 13 each and there are two modes in the access networks for each access network.

When hatted, we would find the memory used for the matrix of size

Size of Matrix = (133 × 22)× (133 × 22)

= 8788× 8788

As can be seen from the above calculation, the total number of elements under consideration

for a simple insight generating model is equal to 77228944. Such is the increase in the state

space.

5.3 Case 1

We have modelled and analyzed a network topology. We were successful in representing the

merging of arrival streams into the backbone, from more than one access network, mathemat-

ically. We have plotted eye-catching graphs from the results we got, running the calculations

in Maple. But, now the question that bothers us all is, do these values represent anything

worthwhile? Our first experiment was to run a sanity check on our model. Intuitively,

one would expect the total CLP to increase as the BBTR of the arrivals increases. General

knowledge dictates that as the burstiness, as measured by BBTR, increases at the access

network, the CLP would increase. BBTR here refers to the ratio of the burst traffic to the
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The service rate of the backbone (muz) is fixed to 3333.33 (pkts/sec). 
The rho for the access network is varied from 0.3 to 0.9. 

Notice the increase in the total CLP with the increase in the BBTR.

Figure 5.1: BB rho = 0.3 BBTR vs CLP

The service rate of the backbone (muz) is fixed to 1666.66 (pkts/sec). The rho for the access 
network is varied from 0.3 to 0.9. Notice the increase in the total CLP with the increase in the BBTR.
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Figure 5.2: BB rho = 0.6 BBTR vs CLP
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Notice the increase in the total CLP with the increase in the BBTR.

Figure 5.3: BB rho = 0.9 BBTR vs CLP

base traffic in an interval of time. In order for us to compute the total CLP, we maintain

control over the backbone service rate. Hence, for a given backbone service rate, the CLP of

the access network and the backbone is calculated for various traffic intensities of the access

networks. The total CLP is taken as the sum of the access network CLP and backbone CLP.

It is observed that, the increase in CLP as the BBTR increases is as expected as seen

from the graphs 5.1, 5.2 and 5.3. Also noted, is the overall increase of the CLP in the access

network with higher traffic ratio in the access network. Notice the shift in the curves in the

different graphs which indicate the increase in the values of the access network CLP as the

ρ of the access network increases. These observations are a clear indication that our model

is working as expected.
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5.4 Case 2

Having satisfied the basic requirements for a sanity check, the next step was to take a look at

the elements that are the building blocks of this thesis, the access and backbone network CLP.

We have confirmed that as the BBTR increases, the total CLP increases but what intrigues

us is the relative contribution to this effect by the backbone and access network. This case

deals with the effect on the access network and backbone network CLP independently. The

insight generated here is to determine which element is more susceptible to changes as the

BBTR is varied at the access network.

In this case, the service rate of the backbone network is fixed and the BBTR at the

access network is increased. The initial value of the backbone service rate is calculated from

the observed access network burst and base values from Bellcore October trace as shown by

Krishnaswamy [8]. The ρ for the backbone is fixed, based on the Bellcore trace values and

the service rate of the backbone is calculated from the service rate of the access networks that

are considered to be the arrival rate into the backbone when the servers are busy. It is true

that as the values of the access networks are changed, the ρ of the backbone also changes, but

the graphs following, indicate the ρ of the backbone dependent on the group of parameter

values of the access networks when the weak stability was first observed. The access network

display weak stability when the access network ρ = 0.5 and this value is taken for calculating

the backbone network service rate. The backbone service rate takes three values which are

1111.11 pkts/second, 1666.666 and 3333.333 pkts/second closely simulating the 0.3, 0.5 and

0.9 traffic intensity in the backbone.
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Figure 5.4: Range of backbone service rate relative to access network service rates

This is done to regulate the traffic entering the backbone. The arrival rate into the

backbone starts from being much lower than the service rate of the backbone to being much

greater than the service rate of the backbone as BBTR increases. From the network topology,

we can say that the mean rate of arrivals to the backbone network is limited by the losses

on the access networks, and ultimately by the mean service rate of the access networks. The

traffic entering the backbone, starts from being stable and becomes weakly stable mode.

This can be seen from the values assigned to the backbone service rate in the figure 5.4.

When the service rate is 1111.11 pkts/second, it is noted that the backbone service rate lies

from anywhere close to service rate of single access network to much greater than the sum

of the service rates of the access networks.

The graphs 5.5, 5.6 and 5.7 show the relationships between the access network
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Backbone rho = 0.9. The rho for the access network is varied from 0.3 to 0.9.  Access network
CLP increases with BBTR. The backbone CLP reaches a constant value.

Figure 5.5: BB rho=0.9 BBTR vs CLP - Access network and Backbone CLP
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Backbone rho = 0.6. The rho for the access network is varied from 0.3 to 0.9.  Access network
CLP increases with BBTR. The backbone CLP reaches a constant value.

Figure 5.6: BB rho=0.6 BBTR vs CLP - Access network and Backbone CLP
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Figure 5.7: BB rho=0.3 BBTR vs CLP - Access network and Backbone CLP

CLP or the backbone CLP with the BBTR. The solid lines shows the dependence of the

backbone CLP on the BBTR. The increase in BBTR results in more bursty traffic entering

the backbone but since the backbone service rate is held constant, any further increase in

the BBTR beyond a certain limit has no significant effect on the CLP of the backbone.

A simple analogy is like a tub with a leak in it being filled with water. The volume

of the tub being the capacity of the backbone. Once the tub is filled up to the brim, keeping

the water output from the leak constant, any variation in the speed in which the water keeps

filling the tub makes no difference, since the water always overflows as long as the leak is

not bigger than the arrival. This justifies the call-loss-probability in the backbone reaching

a constant for a given service rate of the backbone as the burst to base ratio is increased,

which is actually increasing the burstiness of the traffic.

60



It can be concluded that the increase in the BBTR results in the increase in total

CLP as expected but the contribution to the increase in the CLP, predominantly comes from

the access network when compared to the backbone.

5.5 Case 3

We have found that our model satisfies the sanity check. We were able to identify the level

of contribution the access network and the backbone network provided towards the variation

in the total CLP by fixing the backbone service rate and varying the BBTR. We found that

for a given backbone service rate, the contribution of the access network towards the total

CLP was much greater when compared to the effect of the backbone. The next question that

follows the above discussion is, what is the significance of the backbone properties. Is there

a role that backbone plays in regulating the total CLP? This question can be answered by

taking a look at the next scenario.

In the above two cases, the backbone service rate was held constant. Any variations

to the parameters was done on the access networks. Now the backbone service rate is varied

to observe the effects on the CLP. As explained in case two, we are more focussed on the

weak stability of the network. Previously, for a given backbone value, the access network

values were changed. But now, for a given set of values for the access networks, the backbone

service rate is varied.

From the graphs 5.1, 5.2 and 5.3, we can see that for the same values of arrival rate
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Figure 5.8: BB rho=0.3 BBTR vs Backbone CLP

and service rate of the access network, there is a drop in the value of the total CLP. This

is shown more clearly by the following figures 5.8, 5.9 and 5.10. The bold lines in figure

5.11 give the backbone CLP and it can be noted that as the service rate of the backbone is

increased, the CLP becomes much less, but more stable. Since the CLP is dependent on the

BBTR, any variation in the BBTR affects the CLP of a network for a given service rate of

the backbone. The graph indicating the various thresholds of stability in chapter two, figure

2.1 provides a visual aid to understand the limit on the increase of the burst-to-base traffic

ratio.

As the BBTR increases it is noted that the mean arrival rate of the entire network

slowly increases and the burst arrival rate increases beyond the mean service rate. This is

when the burst mode becomes an unstable mode. Hence any dramatic increase in the burst-
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Figure 5.9: BB rho=0.6 BBTR vs Backbone CLP
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Figure 5.11: Comparison between Backbone CLP at different rho

to-base ratio would result in the entire network to be modelled as an unstable network rather

than a weakly stable network. Intuitively, any variation in the backbone service rate would

affect the call loss probability at the backbone. The call loss probability of the backbone has

an influence on the total call loss probability which is actually the sum of the backbone and

access network call loss probabilities. It can be seen that as the service rate of the backbone

increases, total call loss probability decreases. This is because there is a decrease in the CLP

at the backbone which contributes to the decrease in the total CLP.

From figures 5.8, 5.9 and 5.10, it can be seen that as the burst to base ratio increases,

the call loss probability decreases till a certain point and after that starts increasing again in

the backbone network. This at first glance seems like an anomaly since our understanding

was that as the burst to base ratio increases the CLP should also increase, which happens to

be true with the case of the total CLP. A possible conclusion can be drawn for this anomaly
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which sounds intuitively plausible. It can be explained as follows. When the burst to base

ratio is less, the amount of traffic entering the access network in the base mode is relatively

high. Hence the amount of packet loss in the access network is less which causes the backbone

network to receive a large volume of traffic and hence a heavy call loss probability in the

backbone.

As the burst to base ratio increases, the CLP at the access network increases resulting

in the drop in volume of traffic to the backbone, consequently resulting in the drop in the

CLP in the backbone. Beyond a certain value, the burst to base ratio increase results in

heavy burst traffic coming into the access network and even though there is a high CLP

in the access network, there is still a relative increase in the traffic hitting the backbone

resulting in increase of the CLP in the backbone.

The sum of the access network and backbone CLP result in the increase of the total

network CLP which clearly matches the intuitive thought process. These graphs enable us

to design the backbone network better such that there are no steep increase or drop in CLP

and at the same time focussing on the near optimal configuration.

5.6 Case 4

We have satisfied the sanity check conditions with our model. We have had unexpected

results, such as the dip in the CLP values, and have made an attempt to answer them

intuitively. The next step is the observation of any behavior which this model would display,
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Figure 5.12: BB rho=0.3 BBTR vs Total CLP with Access network rho=0.3

not part of our original plan.

It has been noted that for a fixed service rate in the backbone, any variation in the

traffic intensity, for the incoming access network produces almost identical call loss proba-

bility variations in the backbone. For a given backbone service rate, as long as the BBTR is

held constant along with the burst capacity, the total CLP remains same for different values

of ρ in the access network. For instance, for backbone service rate = 3333.3333packets/sec

and for burst to base ratio of 0.05882 the total call loss probability for an access network

with ρ = 0.9 is 0.0000287 and for access network with ρ = 0.7 its again 0.0000287. The

figures 5.12, 5.13, 5.14 and 5.15 show the variation of the total CLP with respect to the

BBTR when the service rate of the backbone is 3333.333 packets/sec. The ρ of the access

network take the values 0.3, 0.5, 0.7 and 0.9. The figures 5.16, 5.17, 5.18 and 5.19 show the
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The service rate of the backbone (muz) is fixed to 3333.333 (pkts/sec).
Backbone rho = 0.3. Access network rho = 0.5

Figure 5.13: BB rho=0.3 BBTR vs Total CLP with Access network rho=0.5
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The service rate of the backbone (muz) is fixed to 3333.333 (pkts/sec).
Backbone rho = 0.3. Access network rho = 0.7

Figure 5.14: BB rho=0.3 BBTR vs Total CLP with Access network rho=0.7
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The service rate of the backbone (muz) is fixed to 3333.333 (pkts/sec).
Backbone rho = 0.3. Access network rho = 0.9

Figure 5.15: BB rho=0.3 BBTR vs Total CLP with Access network rho=0.9
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Backbone rho = 0.6 Access network rho = 0.3

Figure 5.16: BB rho=0.6 BBTR vs Total CLP with Access network rho=0.3
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The service rate of the backbone (muz) is fixed to 1666.66 (pkts/sec).
Backbone rho = 0.6 Access network rho = 0.5

Figure 5.17: BB rho=0.6 BBTR vs Total CLP with Access network rho=0.5
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The service rate of the backbone (muz) is fixed to 1666.66 (pkts/sec).
Backbone rho = 0.6 Access network rho = 0.7

Figure 5.18: BB rho=0.6 BBTR vs Total CLP with Access network rho=0.7
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The service rate of the backbone (muz) is fixed to 1666.66 (pkts/sec).
Backbone rho = 0.6 Access network rho = 0.9

Figure 5.19: BB rho=0.6 BBTR vs Total CLP with Access network rho=0.9

variation of the total CLP with respect to the BBTR when the service rate of the backbone

is 1666.66 packets/sec. The ρ of the access network take the values 0.3, 0.5, 0.7 and 0.9.

The figures 5.20, 5.21, 5.22 and 5.23 show the variation of the total CLP with respect

to the BBTR when the service rate of the backbone is 1111.111 packets/sec. The ρ of the

access network take the values 0.3, 0.5, 0.7 and 0.9.

The explanation for the backbone taking the service rates of 1111.111,1666.666 and

3333.333 is that the backbone is assigned values that closely resemble the current backbone

service rates in real time networks. Many networks, including the one in the University of

Kansas have the backbone ρ equal to around 0.5. For insight and calculation purposes, we

have taken the backbone ρ to be equal to 0.3,0.6 and 0.9 with 0.3 corresponding to 3333.333

70



0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.18 0.20

T
ot

al
 C

el
l L

os
s 

P
ro

ba
bi

lit
y

0.00

0.05

0.10

0.15

0.20

0.25
BBTR vs CLP

Burst to base traffic ratio

The service rate of the backbone (muz) is fixed to 1111.11 (pkts/sec).
Backbone rho = 0.9 Access network rho = 0.3

Figure 5.20: BB rho=0.9 BBTR vs Total CLP with Access network rho=0.3
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The service rate of the backbone (muz) is fixed to 1111.11 (pkts/sec).
Backbone rho = 0.9 Access network rho = 0.5

Figure 5.21: BB rho=0.9 BBTR vs Total CLP with Access network rho=0.5
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Figure 5.22: BB rho=0.9 BBTR vs Total CLP with Access network rho=0.7

0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.18 0.20

T
ot

al
 C

el
l L

os
s 

P
ro

ba
bi

lit
y

0.16

0.18

0.20

0.22

0.24

0.26

0.28

0.30

0.32

0.34

0.36

0.38

Burst to base traffic ratio

The service rate of the backbone (muz) is fixed to 1111.11 (pkts/sec).
Backbone rho = 0.9 Access network rho = 0.9

BBTR vs CLP

Figure 5.23: BB rho=0.9 BBTR vs Total CLP with Access network rho=0.9
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BBTR Backbone CLP Access CLP Access CLP Access CLP Access CLP
– BB ρ = 0.9 ρ = 0.3 ρ = 0.5 ρ = 0.7 ρ = 0.9

0.058823529 0.064981097 0.00068001 0.022171726 0.053544049 0.117589631
0.085714286 0.033849736 0.017759691 0.074025018 0.105754713 0.158883692
0.111111111 0.035959071 0.060666341 0.124741382 0.15546096 0.200021163
0.135135135 0.038735849 0.107814659 0.172764981 0.202728063 0.240635935
0.157894737 0.04146626 0.153215361 0.218268525 0.247683371 0.280452005
0.17948718 0.044109094 0.196379451 0.26144247 0.290459026 0.319270386

Table 5.1: The CLP values access network rho 0.9

BBTR Backbone CLP Access CLP Access CLP Access CLP Access CLP
– BB ρ = 0.6 ρ = 0.3 ρ = 0.5 ρ = 0.7 ρ = 0.9

0.058823529 0.00942709 0.00068001 0.022171726 0.053544049 0.117589631
0.085714286 0.00659004 0.017759691 0.074025018 0.105754713 0.158883692
0.111111111 0.005834334 0.060666341 0.124741382 0.15546096 0.200021163
0.135135135 0.00557383 0.107814659 0.172764981 0.202728063 0.240635935
0.157894737 0.005527581 0.153215361 0.218268525 0.247683371 0.280452005
0.17948718 0.005586904 0.196379451 0.26144247 0.290459026 0.319270386

Table 5.2: The CLP values access network rho 0.6

packets/sec, 0.6 corresponding to 1666.666 packets/sec and finally 0.9 corresponding to

1111.11 packets/sec.

Here are a list of the values that were calculated that further show the variations in

the ratios and CLPs. It can be concluded from the tables 5.3, 5.2 and 5.1, that the burst

BBTR Backbone CLP Access CLP Access CLP Access CLP Access CLP
– BB ρ = 0.3 ρ = 0.3 ρ = 0.5 ρ = 0.7 ρ = 0.9

0.058823529 2.87161E-05 0.00068001 0.022171726 0.053544049 0.117589631
0.085714286 2.42981E-05 0.017759691 0.074025018 0.105754713 0.158883692
0.111111111 2.69169E-05 0.060666341 0.124741382 0.15546096 0.200021163
0.135135135 3.07029E-05 0.107814659 0.172764981 0.202728063 0.240635935
0.157894737 3.47253E-05 0.153215361 0.218268525 0.247683371 0.280452005
0.17948718 3.873E-05 0.196379451 0.26144247 0.290459026 0.319270386

Table 5.3: The CLP values access network rho 0.3
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BBTR Total CLP Total CLP Total CLP Total CLP BB CLP
ρ = 0.3 ρ = 0.5 ρ = 0.7 ρ = 0.9

0.058823529 0.065661107 0.087152815 0.118525135 0.182570722 0.064981097
0.085714286 0.051609427 0.107874747 0.139604444 0.19273342 0.033849736
0.111111111 0.096625411 0.160700458 0.191420032 0.235980237 0.035959071
0.135135135 0.146550508 0.211500832 0.241463915 0.279371787 0.038735849
0.157894737 0.194681622 0.259734787 0.289149633 0.321918267 0.04146626
0.17948718 0.240488544 0.305551562 0.334568119 0.363379477 0.044109094

Table 5.4: Table 4: Total CLP, BB rho = 0.9 with Access network range

BBTR Total CLP Total CLP Total CLP Total CLP BB CLP
ρ = 0.3 ρ = 0.5 ρ = 0.7 ρ = 0.9

0.058823529 0.0101071 0.031598814 0.062971137 0.127016721 0.00942709
0.085714286 0.02434973 0.080615054 0.11234475 0.165473728 0.00659004
0.111111111 0.066500674 0.130575718 0.161295294 0.205855499 0.005834334
0.135135135 0.113388488 0.17833881 0.208301893 0.246209766 0.00557383
0.157894737 0.158742942 0.223796106 0.253210952 0.285979587 0.005527581
0.17948718 0.201966354 0.267029373 0.29604593 0.324857289 0.005586904

Table 5.5: Table 5: Total CLP, BB rho = 0.6 with Access network range

to base ratio plays the most critical role in determining the backbone call loss probability.

The next set of values from tables 5.6, 5.5 and 5.4, actually are those of the total

CLP and the backbone CLP .

BBTR Total CLP Total CLP Total CLP Total CLP BB CLP
ρ = 0.3 ρ = 0.5 ρ = 0.7 ρ = 0.9

0.058823529 0.000708726 0.022200442 0.053572765 0.117618347 2.87161E-05
0.085714286 0.01778399 0.074049316 0.105779012 0.15890799 2.42988E-05
0.111111111 0.060693257 0.124768299 0.155487876 0.20004808 2.69164E-05
0.135135135 0.107845362 0.172795684 0.202758766 0.240666638 3.07028E-05
0.157894737 0.153250087 0.21830325 0.247718096 0.280486731 3.47253E-05
0.17948718 0.196418181 0.2614812 0.290497756 0.319309116 3.873E-05

Table 5.6: Table 6: Total CLP, BB rho = 0.3 with Access network range

74



Chapter 6

Conclusion and future work

6.1 Conclusion and insight

We have paid little attention to exploiting known numerical efficiencies in solving the models,

preferring to keep the model as simple as possible, and reducing the scope of the project

to manageable size. The insights obtained in chapter five serve as demonstration, we hope,

of the possibilities of the new methodology to contribute to general understanding of the

dynamics of bursty traffic on larger networks. This thesis also shows how this type of model

can be used to gain more detailed insight, even with simplified models. The analysis of

the burstiness (a form of multi time-scale auto-dependence) in the access network, filtered

through the buffering medium, reaching the backbone was done.

The relationship between burstiness in ethernet traffic and its effect on backbone
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network performance has been explored using new tools for the construction and analysis of

dependent matrix-exponential (MED) queueing network models. These tools are tailored to

treat models with pseudo heavy tailed distributions and auto-covariances which are signif-

icant for lags extending over many orders of magnitude. They also introduce a promising

new flexibility into the construction and solution of many station network models involving

such processes.

An algebraic approach extending the art of MED queueing to more complex and

extended networks of queues is outlined and used in the generation of an access/backbone

mode. It employs the tools of Kronecker products, hat spaces, and nearly completely de-

composable (NCD) operators to model event matrices modularly and hierarchically in time,

function, and network scale. The tools also improve algebraic intuition and computational

effectiveness.

The models examined allow multiple access-networks with realistically bursty, cor-

related traffic to be included in a network with a backbone network model. The models

employ the concept of weak stability and multi-modal MED traffic to explore the effects of

the multi-time-scale properties found in real traffic. Recent evidence confirms that these are

plausible models that can faithfully represent the pathologies of published trace data.

The models have been explored to demonstrate the development of insight into the

effect of access network traffic and design on call losses on the backbone. The effects of the

changes in the access network’s traffic intensity on the total CLP is observed. The effects on

the backbone as a result of the merging of weakly stable Markovian queues from the access
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network was better understood by manipulating the parameters that would yield the best

insight into this model. Interesting insights have been presented, and offer guidance towards

future, deeper explorations of other properties of such models.

6.2 Future work

Future work should address the numerical efficiency issues in solving for state probabilities

and other measures of performance. We could also use a simulated validation to confirm

numerical work using traces as opposed to analytical models. Further understanding of

the modular traffic can be obtained by increasing the number of modes entering the access

network. This is generally achieved by modelling the network using modal hyper-exponential

arrival streams into the access networks as observed by Krishnaswamy [8]. This would result

in the increase in the number of modes entering the backbone. This also would increase the

probability of occurrence of weakly stable modes in the backbone providing more insights.

The model in our experiments turned out to be Markov modulated Poisson process

(MMPP), but the general model we have described in Chapter 3, is a MED modulated

MED process. It would be interesting to explore the effects of the richer model upon the

results of our experiments. This MED modulated MED process model could then match the

experimental observations more closely. The scope of this project can be extended to meet

the requirements of the insights sought for by the researcher.
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