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Abstra ct

Packet networks have become an important research topic in telecommunications. This
research focuses on simulations of Power-law traffic in packet networks, and more

importantly, a novel method by which such simulations can be accelerated.

Considerable evidence has shown that network traffic may be dominated by Power-laws.
This is due to the fact that file sizes available on the networks are heavy-tailed distributed,
and the synchronisation of Transmission Control Protocol (TCP) connections. Power-law
traffic possesses properties that contradict traditional Markovian assumptions, and cause
very significant challenges for the designers of accurate traffic simulators. Heavy-tailed
distributions decay hyperbolically, and thus results in extremely high or infinite variance in
traffic. This leads to a high time consumption as the simulation requires a long period to
reach steady-state. In cases in which rare events, e.g. buffer overflows, are involved, some of

these simulations could take up to months or years.

In this research a technique called Traffic Aggregation (TA) was developed to speed up
simulations of Power-law traffic. One of the factors that influences the run-time of a
simulation is the number of traffic sources. TA aims to minimise this by reducing N sources
to a single source and thereby offer acceleration. The technique enables large-scale steady-
state simulations in the sense that a system is able to reach stability much earlier. TA also
plays an important role in abridging complexity. Results show that TA is highly accurate
while providing excellent speedup in network simulations. In addition, it is important to note
that TA, and many other techniques for accelerating simulation, are not mutually exclusive:

TA can be operated in parallel with other acceleration and variance reduction methods.

TA has been validated in a number of network scenarios. Firstly, the technique was applied
to a bottleneck situation where Power-law sources were multiplexed. Traffic was generated
using non-truncated and truncated heavy-tailed distributions, and both homogeneous and
heterogeneous settings were used. Secondly, an end-to-end link with foreground (FG) and

background (BG) traffic was considered. TA was applied to replace background sources at



individual nodes. Furthermore, the technique was also examined for use with the Weighted
Round Robin (WRR) scheduling mechanism. Lastly, the conjunction of TA and RESTART

(Repetitive Simulation Trials After Reaching Thresholds) was examined.

In addition, attempts were made to aggregate an end-to-end path, omitting all nodes but one.
The technique is named Node Aggregation (NA), early results show that the technique is

highly accurate in the prediction of delay time probabilities for an end-to-end path.

Besides simulation techniques, analytical and hybrid methods were also developed in the
area of Power-law traffic for the prediction of queueing behaviours. These method were

validated by simulation results and were found to be highly accurate.
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In the past decade, there has been a growing interest worldwide in studying Internet Protocol
(IP) networks in general, and the Internet in particular. However, exploring these networks
leads to many difficulties due to various complex characteristics. Firstly, the Internet is huge;
there are approximately 180 million hosts world wide [Netsizer], and despite of its size, the
Internet is still expanding. Moreover, the many different kinds of applications result in a

wide range of packet traffic heterogeneity.

As well as direct experimentation, packet level phenomena can be studied by analysis and
simulation modelling, both having their advantages and disadvantages. The major problem
with the former is that many complex scenarios cannot be represented by solvable
expressions and even in those cases where the system can be expressed analytically, solving
the related equations can be infeasible. This leaves simulation modelling as often a more
preferable choice, because any complicated network can always be modelled to an arbitrary
level of accuracy. However, the drawback is that time and computational demand can be

unaffordable.

There are many factors that influence the run-time of a simulation: the number of sources,
the size of a network etc. Time consumption for a simulation increases with the total number
of sources. This can be quantified by reference to an ON-OFF source scenario: a single ON-
OFF source consists of only two states, but N of them results in 2" states in total. This results
in expanding the overall time of a simulation in two ways: firstly, the simulation needs to run
much longer to encounter rare events; secondly, the traffic generation time increases
proportionally with the total number of sources. Therefore, simulation run-times are

significantly amplified when there are a large number of nodes in a network model.

In addition, high-resolution measurements show that IP traffic appears to be statistically self-

similar [Leland94]. Researchers have shown that traditional Markovian models are

15



1.1

inadequate to capture this phenomenon, and new traffic models have been developed such
that network performance can be accurately predicted, and, eventually, services delivered
with the expected quality. Self-similar traffic is vastly different from traditional voice and
data traffic models. Such traffic is highly variable, and extremely long packet-trains can be
encountered. This type of traffic can be described by heavy-tailed distributions which
possess properties that, critically, make stability of a simulation hard to achieve, and as a
result, simulations require a long period to converge to steady-state, and, even at steady-

state, high variability can still be observed [Crovella97].

Because of these considerations, researchers have put their attention in the area of efficient
and effective modelling schemes. The idea is to reduce the overall network simulation time
while still guaranteeing accurate results. Many accelerated simulation methods have been
suggested, e.g. Important Sampling (IS) [Rubinstein81] and Repetitive Simulation Trials
After reaching Thresholds (RESTART) [Altamirano91]. In the context of self-similar traffic,
there is no lack of literature on fast simulation techniques [Gallardo98 & 99, Li98, Paxson95
& 97a]. IS has been applied in different self-similar traffic models to accelerate simulations.
Gallardo et al [Gallardo98 & 99] proposed a fast simulation technique for Fractional Stable
Noise (FSN) processes which correspond to the aggregation of a relatively large number of
traffic streams mixed together into a single flow. In [Li98], a speedup scheme based on
Fractional Auto-Regressive Integrated Moving-Average (ARIMA) process was presented.
The scheme is said to provide an efficient way to monitor queueing performance in a system
in which the traffic possesses both Short Range Dependent (SRD) and Long Range
Dependent (LRD) properties. Paxson proposed a fast approximation technique for
synthesizing Fractional Gaussian Noise (FGN) traffic via a Fourier transform [Paxson95 &
97a]. Significant speedup, as far as 50 times, was obtained, however, the drawback is that

there is often some loss of accuracy.

Objective of this research

This research aims to provide a simple and accurate way to accelerate simulations of Power-

law traffic.

There are currently no existing acceleration technique specifically that targets the generation
of Power-law traffic using heavy-tailed distributions, and those present in the literature are

mostly generic methods, often require a thorough understanding of the techniques
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themselves prior to application. In addition, accuracy is always affected by the choice of
parameters. These factors are not desirable particularly in the area of Power-law traffic in the
sense that modelling such traffic itself is already complicated due to its statistical properties.
A simple and accurate approach is vital in the context of teletraffic engineering, so that

network modelling involves Power-law traffic can be carried out efficiently and effectively.

Contribution of this thesis

An acceleration technique, Traffic Aggregation (TA), was developed for modelling Power-

law traffic. This technique is simple, accurate and provides significant speedup.

TA is a powerful simulation algorithm in the sense that it is applicable to many different
scenarios, including end-to-end network paths. The technique is not mutually exclusive to
other acceleration methods; it can be applied in conjunction with other acceleration methods

to achieve further speedup.

Furthermore, while some speedup techniques, e.g. [Gallardo98, 99], aiming at the
acceleration of LRD traffic, are based on the fact that a large number of sources will
aggregate into a particular model (i.e. overlapping Pareto processes become Fractional
Brownian Motion (FBM) if the number of sources is large enough), it is a particular
advantage of the scheme developed here that it is not limited in this fashion, and can apply
equally well to a small number of sources being multiplexed. Very recent research has noted
the serious difficulties encountered when trying to get accurate models for a small

aggregation of packet traffic [Fraleigh02].

Organization of this thesis

In Chapter 2 a review of IP networks and their importance is provided. The chapter also
focuses on the self-similarity in network traffic, discusses its discovery, evidence as well as
its impacts on network performance. Moreover, self-similar traffic is also discussed in the
simulation modelling sense, in which the necessity of new simulation approaches for such

traffic is highlighted.

Chapter 3 concentrates on the simulation related issues. The importance of simulation in the

context of telecommunication networks is reviewed, and techniques in this aspect are
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discussed. The chapter also provides details on the choice of approach of this research. In
addition, the role of fast simulation techniques and related literature are studied. Finally,

validation and verification techniques exploited in this thesis are presented and explained.

Chapter 4 describes the principle of TA. Details of TA including the fundamental concept,
derivation of parameters, as well as validations are provided. In the validation section, TA
was tested under various traffic settings. Firstly, the technique was applied to a single buffer
with homogeneous non-truncated Power-law traffic, and results were found to be highly
accurate. Secondly, the application of TA was extended to truncated Power-law traffic as
well as traffic sources with heterogeneous settings. Again, excellent results were obtained.

In addition, acceleration achieved by TA is quantified.

Chapter 5 is an extension of the validation of TA. Unlike studies in Chapter 4 where
validations were limited to a single network node, an end-to-end path was introduced in this
chapter. Such a network path was fed with foreground (FG) and background (BG) traffic,
and TA was exploited to substitute the many BG sources. Excellent agreement between the
queueing behaviour of the original path and that of the TA substitution was obtained.
Furthermore, TA was tested using this network path with the Weighted Round Robin (WRR)

scheduling mechanism implemented, and results of this study are presented.

Chapter 6 outlines the conjunction of TA with another fast simulation technique —
RESTART. The success of applying the two techniques concurrently indicates that TA is not
mutually exclusively to other fast simulation techniques. The combination is efficient and
effective, allowing buffer states with a low probability to be estimated within an affordable

time, offering a powerful tool for tackling prohibitively time-consuming Power-law traffic.

Chapter 7 consists of studies carried out on end-to-end paths. An accelerated simulation
technique for modelling end-to-end paths, namely Node Aggregation (NA), is presented. The
idea is to use a single network node to mimic the operation of an end-to-end path which is
fed by FG and BG traffic. Accurate results were obtained and the technique provides

significant speedup.
The chapter also covers a hybrid technique for end-to-end performance evaluations. An end-

to-end path involves a large number of nodes requires excessive effort to model and

simulate. Simulation results show that delay time distributions shift along the
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x-axis as the number of nodes increases. The hybrid technique uses delay statistics measured
from the first few nodes to draw a relationship that describes the amount of shifting with
respect to the number of nodes, and such a relationship is applied to predict the delay

statistics of nodes further down the network path.

Chapter 8 consists of a discussion, further work related to this research and conclusions.
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This chapter firstly presents a brief overview of IP networks and their importance, followed
by the discovery of self-similar traffic, its impact and some evidence. It is then moving onto
the theoretical background of network self-similarity and related details in the context of

traffic modelling.

IP networks - overview

The development of today’s giant inter-networks can be traced back to 1970’s when packet
switching was first introduced. Traditional circuit switching was found to be inadequate and
inefficient to deal with the increasing amount of data transmission at the time. IP networks
provide interconnectivity between geographic regions. The best-known example is the
Internet, which consists of more than 180 million hosts world wide, and despite of its size, it
is still expanding. The many kinds of applications result in a wide range of traffic
heterogeneity. IP networks have become indispensable in many aspects, and a thorough

understanding of the topic is essential.

The combination of traditional Public Switched Telephone Networks (PSTNs) and circuit
switching technology provides an excellent media for voice transmission. A connection or a
call between two hosts is used as a basic unit. Resources are allocated to a specific call, and
are maintained throughout until the call ends. Traffic is forwarded by the circuit switching
technology in which switches are used to pass traffic from one link to the next. Since a
connection is not shared in voice environments, all active connections are recorded, so that
all the other idle links can be recognised when a new call needs to set up. Homogeneity and
invariance of voice traffic fit very well with the circuit switching concept. Although voice
calls tend to last for a long time respectively, the amount of bandwidth for the entire duration

of the call is highly predictable.
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The circuit switching approach, however, is far from ideal for data transmission. Data calls
are bursty', heterogeneous and unpredictable in the sense that a data connection ranges from
extremely short to long durations and from extremely low to high rates of transmission. If a
connection is reserved for a specific data call, a lot of resources are wasted in many ways.
Firstly, much of the time of a data connection is idle as information appears in bursts.
Secondly, the lifetime of a data connection is uncertain. Maintaining idle but open
connections is impractical and uneconomical. The idea of segmenting information into
packets, and forwarding them across networks independently, is efficient and effective as
packets from different connections/calls can be multiplexed onto the same physical link
during transmission. The basic concept of packet switching has remained essentially the
same during the past three decades and continues to represent one of the few effective

technologies for data communication in networks.

The success of IP networks has brought a lot of open questions, such as Quality of Service
(QoS) issues, resource provisioning and dimensioning etc., necessitating new research in the
field of telecommunications. Studying such huge and complex systems is a challenging task
[Paxson97b, FloydO1] due to the networks’ nontrivial heterogeneity and rapid changes. In
addition, recent traffic measurements show that IP traffic often exhibits self-similarity or

LRD, which intensifies the difficulties.

2.1.1 Impact of self-similarity

Previous research has concluded that call arrivals at links in networks are well described by
the Poisson distribution, and holding times by the exponential [Bear80]. There is no lack of
well-defined Markovian models in the literature (for examples, see [PittsO1]), and these

models have been widely used for traffic modelling in the past few decades.

The impact of self-similar traffic in modern networks is nontrivial because this particular
type of traffic disagrees with the long held paradigm of Markovian® traffic assumptions. The
phenomenon is in stark contrast to the appearance of traditional traffic in the sense that
bursts do not smooth out by simply aggregating over longer timescales. In other words,

traffic burstiness remains the same regardless the degree of resolution [Leland94, Paxson94,

! Connections are very often brief — on the order of seconds, but intense.
* Refers to traditional Markovian cases only. There are new models for IP traffic developed based on
Markovian approximations.
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Crovella96], see Figure 2-1. In that figure, three sets of traffic traces are shown with respect

to different time scales: 100s, 1s and 0.01s.
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Figure 2-1 Traffic traces at different time scales: An Ethernet traffic trace (first column),

a synthetic trace from a traditional Markovian traffic model (second column),
a synthetic trace from a self-similar traffic model (third column). Reproduced

from [Willinger97].

The first column corresponds to a real Ethernet traffic trace in which traffic burstiness is
persistent regardless of timescale. A Poisson synthetic trace is presented in the middle
column, however, does not possess the same degree of invariance as the traffic smoothes out
as the time unit increases. This has certainly necessitated new traffic modelling approaches
so that characteristics of self-similar traffic can be truly reflected. The last column consists of
a synthetic trace which origins from a self-similar traffic model, and the invariant traffic

burstiness is comparable with that of the real Ethernet traffic.

[Paxson94] provides evidence of how some crucial aspects of WAN traffic behaviour are
inadequately described by Markovian models. Traditional packet traffic models give rise to
exponential tail behaviour in queue size distributions, and such performance predictions

appear to be too optimistic, resulting in insufficient resource allocations. Queue length

22



2.2

distributions of self-similar traffic models decay hyperbolically or slower-than-
exponentially, and as a consequence, traffic packets encounter longer waiting times at
network processing elements such as routers and switches. This deviation in the queueing
behaviour is caused by two main reasons: the heavy-tailed nature of file sizes in networks
[Crovella96] and the synchronisation of TCP connections [Peha97]. One of the most
important characteristics of heavy-tailed distributions is the asymptotical shape of the tail of
the distribution, which gives non-negligible probability to extremely large values. With
respect to network traffic, this effectively means that transmissions can be in the form of

extremely long bursts, contributing significantly towards the overall burstiness of the traffic.

Evidence of network traffic self-similarity

Leland et al first introduced the notion of self-similarity to describe Local Area Network
(LAN) traffic [Leland94]. Many studies also reported that traffic exhibits self-similarity in
Wide Area Networks (WANs) [Addie95, Beran95, Crovella96]. In [Crovella96], World
Wide Web (WWW) traffic was found to be self-similar. Data related to web file request
times and transfer lengths were collected from the LAN in Boston University Computer
Science Department. Several surveys were carried out on file size information at various
WWW servers. File accessing patterns at both client and server sides were considered.
Studies on the collected data showed that WWW traffic exhibited self-similarity on time
scales of one second and above. Transmission and idle times were both heavy-tailed
distributed. The former case was directly related to the Power-law distributed file sizes

available in WWW. The latter case was determined by the thinking times of users.

Transmission Control Protocol (TCP) connections carrying File Transfer Protocol (FTP) and
TELNET traffic have also been monitored [Paxson94]. Studies showed that the burstiness of
TCP traffic was greatly underestimated. Firstly, TELNET traffic is well described by the
Poisson approximation provided that the scale is fixed at hourly rates. However, the
exponential inter-arrival times of the Poisson model result in a much less bursty traffic
pattern. Secondly, FTP is responsible for carrying out large bulk transfer. Again, Poisson
models do not capture sufficient burstiness to reflect the actual traffic appearance. While
Poisson arrival process provides bursty traffic for small range of scales, burstiness over a

wide range of scales is required to model FTP connections.
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TCP is one of the reliable transport protocols in which an end-to-end congestion control
mechanism is applied. One of the tasks of TCP is to adapt the transmission rate according to
the actual network conditions in order to minimise lost packets. When transmitting self-
similar traffic that is induced by Power-law file sizes, it was found that the adaptive nature of
TCP preserves the self-similar characteristics of the traffic [Veres00]. Moreover, TCP

propagates the effects to other parts of the network.

Stochastic self-similarity and long range dependence

The concept of self-similarity was pioneered by B. Mandelbrot [Mandelbrot63], and it has
been applied to many aspects such as hydrology, biophysics, financial economics etc. Self-
similarity is an important notion in describing the phenomenon where a certain property of
an object — e.g. a nature image, the convergent sub domain of certain dynamical systems, a
time series — is preserved with respect to scaling in space and/or time [Park00]. If an object
is self-similar, the appearance of the object remains the same regardless of the degree of
resolution. A Cantor set provides a graphical way to understand the concept, see Figure 2-2.
The set is constructed using the following procedures [Stallings98]:

1) Begin with the closed interval [0,1], represented by a line segment.

2) Remove the middle third of the line

3) For each succeeding step, remove the middle third of the lines created by the

preceding step

These steps essentially form a recursive process that can be more precisely defined by
assuming S; is the Cantor set after i levels of recursion. Then, the following obtained:

So =[0,1]

S, =10, 1/3]u [2/3, 1]

S, =10, 1/91 U [2/9, 1/3] U [2/3,7/9] U [8/9,1]

and the pattern continues.

The Cantor line can be referred to as a time line, and each successive step magnifies the time
scale by a factor of three. The Cantor set reveals two important properties observed in all
self-similar processes: Firstly, the structure has arbitrarily small scales. If a part of the set is
magnified repeatedly, the same complex pattern of points separated by gaps of various sizes
is observed. However, the fine details of the structure are lost in the magnification process, a

smooth and continuous line appears. Secondly, the appearance of the set remains the same at
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each step. Nevertheless, these properties do not hold indefinitely for real phenomena. At

some point under magnification, the structure and the similarity break down.

Figure 2-2 A Cantor set to four levels of recursion

The form of self-similarity demonstrated by the Cantor set is referred to as deterministic or
exact self-similarity, in which the object possesses an exact resemblance of their parts with
the whole at finer details. Surely, measured traffic traces cannot be exactly self-similar due
to that the random nature of many network events. To study network traffic self-similarity,
the degree of resemblance is no longer restricted to the exact appearance at different time
scales. Instead, certain statistics of the rescaled time series are used as an index, and self-
similarity of network traffic is determined by the preservation of its statistical properties. In
particular, burstiness and/or variability are captured by second-order statistics, and the most
important one is the autocorrelation function, in which its shape is monitored for the
verification of self-similarity. Correlation, as a function of time lag, is assumed to decrease
polynomially as opposed to exponentially. The existence of strong correlation “at a distance”

is referred to as LRD.

2.3.1 A mathematical approach

Self-similarity can be expressed mathematically by considering a stationary discrete time
stochastic process X = (X, X5, X3, ...). X can be used to describe the number of arriving
packets in successive intervals of time units, where the process is second-order stationary. A

new time series can be obtained by averaging X over non-overlapping blocks of size m, X™.

o) e 1 .
XM (i) ZE(X(i—l)erl +"‘+Xim) i1 Eqn. 2-1

25



X™ is the aggregate process of the time series X. If the time scale is compressed in terms of
X™ by assuming X" is the highest magnification for the process, then increasing m results
in moving towards smaller scales. For example, by definition, X is

X® (i) = Xyig + X4i—24+ Xyin + Xy Eqn. 22

This is the same process but with a quarter the original resolution. However, the fine details
of the highest magnification are expected to be lost through the averaging procedure. The
way to determine whether X is self-similar is via a corresponding statistical measure such as

variance and autocorrelation.

In general, the Hurst parameter, H, is used to describe the “strength” of the self-similarity,
and this parameter is in the range of 0.5<H<I. The higher the H value, the stronger is the
self-similarity. Autocorrelation functions, r™(k), where k > 0, of the aggregated process X™
can be used to characterize second-order self-similarity. The process is said to be exactly

second-order self-similar if

r™ (k) =r(k)

1 2H 2H 2H
= Slocep 21 4 -] Eqn. 2-3

It is called asymptotically second-order self-similar if
lim, ™ (k) =r(k)

~k (k) Eqn. 2-4

where L is a slowly decaying function at infinity.

A second-order self-similar process is said to exhibit LRD if the autocorrelation function has

the following structure

r(k) ~ ak ™" Eqn. 2-5

for 0 < B < 1, where a is a positive constant. From this definition, it can be seen that the
asymptotically second-order self-similar process X™ is LRD with p = 2-2H. LRD processes

have nonsummable autocorrelation, i.e. Xy r(k) = oo,
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2.3.2 Heavy-tailed distributions

Evidence has suggested that self-similarity originates from heavy-tailed distributed file sizes

[Crovella96, Park96, Paxson94]. A distribution is heavy-tailed if

P[X>x]~x"“ x>0 and 0<a <2 Eqn. 2-6

The asymptotic shape of a heavy-tailed distribution is hyperbolic, and follows a Power-law
which results in a high or even infinite variance. The term “Noah effect” is used to describe
the infinite variance syndrome [Taqqu97]. The Pareto distribution is the simplest form of
heavy-tailed distributions and an example of its application is modelling the distribution of

incomes of a population [Pareto1896]. The probability distribution and density function are

given by:
(p o
F(x)=1- (;j Eqn. 2-7
a © o+l
f(x)= 6 : [;j Eqn. 2-8

where ¢ is the location parameter which defines the minimum value that the distribution can
accommodate, and a is the shape parameter which determines the characteristic “decay” of
the distribution. If a < 2, the distribution has an infinite variance. If o < 1, the distribution
has an infinite mean. As o increases, a larger portion of the random variables lies in the tail
of the distribution. In general, the probability of obtaining exceptionally large values is non-

negligible. The distribution has a mean equal to ap/(a-1), and a is related to H by:

H= 5 Eqn. 2-9

Figure 2-3 gives a good overview of the heavy-tailed concept. It is plotting the probability of
getting more than x arrivals in any timeslot against x. For clarity, discrete distribution points
are jointed together, forming solid lines. Curves (1) and (3) represent the Pareto and
exponential distribution respectively. The two distributions have the same mean of 10, but
there is a significant difference between the ways that their probability masses are located.
The exponential distribution has the logarithm of the probability decaying linearly as x
increases; the Pareto distribution falls very gradually with a large portion of random

variables in the tail. For that reason, the possibility of getting extremely large values cannot
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be ignored. The same result is also demonstrated by curves (2) and (4) which have a mean of

2.
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Figure 2-3 Comparisons between Exponential and Pareto distributions. Reproduced from

[Pitts01]

How do heavy-tailed distributions affect network studies in practical terms? A simple
experiment was carried out to further investigate the heavy-tailed behaviour with respect to
simulation modelling. A random number generator was constructed which gives Pareto
distributed random variables with reference to the shape and location parameters. For this
experiment, ¢ was 1 and o was 10/9 which provided a mean of 10. The generator was run for
5000 times and Figure 2-4 shows the obtained numbers. The majority of the variables from
the generator were small, mostly below 100. There were a few variables which were much
higher than the mean value, with values in the hundreds and thousands. The same
experiment was performed for a traditional distribution. This time, Poisson distributed
random variables with a mean of 10 were collected. The spread of the random variables was
substantially different from the Pareto case. They were mainly around the mean value with a

few of them at zero.
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Comparing the two sets of results, the Pareto random variables appeared to be extremely
variable. This is summarized by the infinite variance property of the distribution when o < 2.
Observations implied that heavy-tailed distributed sources can have long bursts, and
sometime they are several orders higher than the expected value. Even though most of the
variables are small, occasional large figures contribute the most to the mean and variance. In

contrast, relatively minor variations are expected from Poisson traffic.
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Figure 2-4 Comparisons on Pareto and Poisson dsitributed random numbers

2.3.3 Power-law queueing

Besides the actual distribution of transmission and idle times of the traffic, the research also
concerns the actual decay of buffer queues. The term ‘“Power-law” is used to describe the
decay characteristics of queues, and they are expected to follow a Power-law, in other words,

Eqn. 2-6 must be fulfilled.

A specified area has been selected in the research with respect to queues, the gradient of the
queues to be precise. Power-law queues decay linearly in log-log scale, which can be

described by
logy=-b-logx+c Eqn. 2-10

where x and y represent elements from the x-axis and y-axis respectively. b is the gradient of

the linear decay and c is a constant. Specifications of x and y for this research are given in
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4.3, here, the only focus is the condition set on the gradient, b, which is restricted in the

range of 1 <b <2.

Considering Eqn. 2-10, if both sides carry out inverse log,

y= 10—b-logx+c

y — 10—b~10gx . 10C

since ¢ is a constant, 10° is also a constant

y=c-107"hex

y=c- (1 Ologx )7b
and the below is obtained:

y=c¢-X

The gradient, b, therefore, corresponds to the characteristic parameter, o, of a Power-law

distribution.

Modelling approaches

The fact that Poisson assumptions are inadequate in describing LRD traffic has necessitated
the development of new traffic models so that the long memory properties can be accurately
reflected. Some of the common models in the literatures are ON-OFF models, FGN models,

fractional ARIMA processes and chaotic deterministic maps.

The ON-OFF process was originally suggested by Mandelbrot for economic settings
[Mandelbrot63] and Willinger et al applied the ON-OFF idea to stochastic self-similar traffic
modelling [Willinger97]. This approach is attractive as it approximates network traffic by
using the knowledge obtained from network measurements, providing an explanation of the
observed data characteristics. An ON-OFF process alternates strictly between ON and OFF
periods. The superposition of many ON-OFF sources with heavy-tailed sojourn times
produces a self-similar process. Furthermore, ON-OFF models are very simple and rather

good for IP traffic [Leland94, Paxson94].
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Norros et al first suggested using FBN to generate traffic with respect to the mean input rate,
H and the variance coefficient [Norros95]. It is aimed at producing a strictly self-similar
process. For a second-order self-similar process, FGN, the incremental process of FBM, is
used. These models were developed by referring to Standard Brownian Motion (SBM),
which can be interpreted as the limit of random walk. SBM appeals for network modelling in
the sense that the first order of approximation of the arrival behaviour in such a network can

be viewed as independent events, and as a form of random walk.

ARIMA models were first introduced by Box and Jenkins in [Box70]. These models have
been widely applied in many fields due to their simplicity and flexibility. Fractional ARIMA
modes are a natural extension of the ARIMA models. One of the important advantages of
this modelling method is the ability to capture both SRD and LRD correlation structure in
time series modelling, which allows modelling of complex structures like the case of

Variable Bit Rate (VBR) video.

Fractal traffic modelling in terms of chaotic maps (also known as non-linear maps) was
suggested by Erramilli et al [Erramilli94], and, in that paper, it was shown that low order
chaotic systems can be applied to generate complex traffic behaviour. Such systems exhibit a
chaotic behaviour that arises from a property known as Sensitive dependence on Initial
Conditions (SIC). A number of models have been developed based on different classes of

chaotic maps, e.g. intermittency maps [Pruthi95, Samuel99, Molnat97].

Choice of model — ON-OFF model

The model adopted in this research is an ON-OFF model with Pareto distributed sojourn
times. The choice of ON-OFF models is natural given its wide recognition in the context of
teletraffic modelling [Crovella96, Gribble98, O’Mahony01, Schwefel99, SchwefelO1,
Willinger97, Zwart01].

This ON-OFF approach aims to reproduce the observed features of the traffic measurements,
which represents traffic between a single source/destination pair. It alternates strictly
between ON and OFF periods, the former case corresponds to an active period of a traffic
source, such as a file transmission, Central Processing Unit (CPU) processing time for a
specific job, whereas the latter represents the system idle time. Figure 2-5 displays a

schematic view of an ON-OFF process. ON;, ON,, ... are Identically and Independently
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Distributed (IID) nonnegative random variables representing the ON sojourn times, and the
mean ON duration time is Don. OFF,, OFF,, ... are IID nonnegative random variables

describing the duration of OFF states, and the mean OFF sojourn time is given by Dogg.

ON

OFF

Figure 2-5 A single ON-OFF process

The relationship between the ON-OFF process and self-similarity is given in [Taqqu97]
which states that the superposition of many strictly alternating IID ON-OFF sources each of
which exhibits the Noah effect’ results in self-similar traffic. The aggregation of many such
processes leads in the limit to FBM. This theory assumes the ON and OFF sojourn times are
heavy-tailed, and this assumption is consistent with network measurements. OFF durations
can be highly variable as some source model phenomena are triggered by humans which can
have extremely long period of latency. And for ON periods, file sizes on networks are
Power-law distributed, which implies that the transfer times for these files also have the
same type of characteristics [Crovella96]. The ON-OFF model is extremely appealing due to

its simplicity and the physical resemblance to network measurements.

If an individual traffic is represented as a time series {W(t), t > 0}, and viewing W(t) as the
reward at time t. W(t) = 1 when the source is ON and W(t) = 0 when the source is OFF. The
process follows the IID and the strict alternation assumptions. Now, consider the aggregation
of M of these reward processes, each of them has its own reward sequence {W™(t), t > 0}.
The superposition of the cumulative cell/packet counts from the M sources in the given time

tis

M
Wy (D) =Y W™ (1) Eqn. 2-11
m=1

3 Refers to high variability or infinite variance
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Then rescaling the aggregated process by a factor T gives:

Wy, (Tt) = I (Z w (u)}du Eqn. 2-12
0

m=]

which is the aggregated cumulative packet counts in the interval [0, Tt]. The main interest is
to study the statistical behaviour of the stochastic behaviour of {W;,[ (Tt),t > O} when T and

M become large. Distributions for the ON and OFF periods need to be defined for one of the
following two approaches: 1) FBM model for aggregate cumulative packet traffic, or 2) FGN
(the increment process of FBM) for the aggregate traffic, which refers to the number of

packets per unit time without cumulating. The choice of distribution needs to fulfil the
condition that as M — o and T — oo, the aggregate process {W:A (Tt),t = 0} adequately
normalised becomes {GntH (1),t> 0}, where By(t) is FBM and has a covariance structure

dependent on H, and oy, is a finite normalising constant determined by the behaviour of the
sojourn distributions in the ON and OFF states. oy, depends on the complementary

distribution of sojourn times having the characteristic of a slow varying function at infinity.

Generally, the probability density of the ON or OFF distribution is denoted by fj(x) and the

cumulative distribution is given by

Fi(x) = [ f,(uxdu Eqn. 213
0

where j is the subscript equals to 1 or 2, representing ON and OFF states respectively.

The complementary distribution is Fi(x) = 1 — Fj(x), which is the property required to be
heavy-tailed and slowly varying at infinity, and it can be referred to as the probability of

staying in one of the two states. For x— oo, an approximation expression is given by:
F ~€jL with 1 <o, <2 or 62 <o
i (X) = N i(X) i j Eqn. 2-14

where (>0 is a constant and L;>0 is a slowly varying function at infinity. For any t>0,
lim,_,,, Lj(tx)/Lij(x) = 1 is valid. o is the tail decay rate (DR). The mean length of distribution

and the corresponding variance are given by
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By = Jij(X)dX Eqn. 2-15
0
ol = j(x — )2 (x)dx
j il Eqn. 2-16
0
respectively.

Defining notations with reference to Eqn. 2-14:
tr2-a;) ‘

1) whenl<oy<2,seta;=
a;—1

2) when 0?<oo,setocj=2,szland a; ZG?.

The normalisation factors and the limiting constants in the theorem below depend on

whether the following expression is finite, O or infinite.

. —o, Li(1)

— 1 Oy —0y 1

b t1_)12‘[ —Lz(t) Eqn. 2-17
o . Lyt
If 0 <b < o, in this case o,; = o, and b = lim————=, set Olyin = O] = 0Ly,
t—o0 2
2(ula,b+pu’a
2 = (Hz T 2) where L = L; Eqn. 2-18

(Hl +U, )3 F(4 - amin)

On the other hand, if b= 0 or b = oo, set

2“1211axamin
(I’J'l +U, )3 r(4 - amin)

ol = and L = Ly Eqn. 2-19

where min is the index 1 if b = oo, i.e. ON has the dominant sojourn, and is the index 2 if

b =0, i.e. OFF has the dominant sojourn.
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Homogeneous case: for large M and T, the aggregate cumulative traffic process behaves

statistically as follows:

W, (Tt) = TM—EL— ¢ + T JL(T)Mo,, By, (1)

w4, Eqn. 2-20

where H = (3 - oym) / 2 and oy, is as above. The theorem depends on convergence in

probability as the limits of T and M are taken in the right order, more precisely,

(W;; (Tt) —TMultJ

~ 1~ 1 W+,
3 lim 3 lim T 1
Tow Moo THL(T)*M

Eqn. 2-21

= GlimBH (t)
where 3 lim represents convergence in the sense of the finite-dimensional distributions.

Heterogeneous cases: In the heterogeneous case, it is assumed that there are R distinctive
types of r sources being aggregated, i.e. r = 1,...,R types of sources. The characteristics of

@)

each source of type r are denoted Fj(r) ,a® 6™ LD If there is a total of M sources, there is a

proportion M”/M of sources that does not converge to 0 as M—>oo0. Assuming this proportion
is not negligible, and the theorem for the homogeneous case can be modified for

heterogeneous scenarios.

For large M®, r = 1,...,R and large T, the aggregated cumulative packet traffic behaves
statistically like:

r=1

) R
Z m__ M Z HO 1 (0 1) (1)
Wiy (Tt) = T[ " TR JH_ ! LY (MM 03By (1) Eqn. 2-22

where H™ = (3 —aln )/ 2and the B, are independent FBMs. The expression implies the

limit is the superposition of independent FBM with different Hurst parameters, H”. With
respect to fluctuations, the term with the highest H” (or equivalently smallest o) ultimately
dominates as T—oo. The contribution of sources with finite variance is simple that of

ordinary Brownian motion.

For an ON-OFF model with Power-law distributions of ON and OFF periods, these periods
give two separate H values quantifying the strength of self-similarity of individual states. It
is worth noting that the overall H is influenced by the stronger component. Typically, the
mean OFF time is assigned to be longer than the mean ON time, which gives H of the “OFF”
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2.6

component a higher value. Therefore, OFF periods always have the dominant effect towards
the final H value. However, research has shown that in fact the ON period is more important
for teletraffic engineering [MondragonO1, Samuel99], particularly with respect to the overall
queueing behaviour, and this is another limitation of relying only on H when modelling
Power-law traffic. In this research, H is only referred to as a LRD index and is always
maintained in the range of 0.5<H<I. Its effects towards the overall queueing behaviour are
not in the evaluations. The impact of the ON and OFF periods in the queue statistics is the

focus.

Generating Pareto distributed numbers

Generating Pareto distributed numbers is complicated by the heavy-tailed nature of the
Pareto distribution. In teletraffic modelling, pseudo-random number generators are deployed
to provide UJ[0,1] random numbers, and these numbers are then converted to a specific
distribution. This method works extremely well with light-tailed distributions, such as the
exponential, Poisson etc., where the distribution mean and variance can be reproduced
precisely. However, due to the limitation of the generators, difficulties arise when using
these generators for heavy-tailed distributions. The related problems will be discussed later
on in this section, but first it is important to understand the method exploited to create Pareto

distributed numbers.

The probability distribution function of the Pareto distribution was modified in a fashion
based on the inverse function method to produce an algorithm for generating Pareto

distributed random numbers. The formula is given by:

_ 0
X pareto =g Eqn. 2-23

where U is an uniformly distributed value in the range of [0,1]. In theory, the Pareto
distribution extends to infinity. However, in practice, generating Pareto distributed random
numbers using a pseudo-random number generator is always restricted by the limitations of
the generator, and specifically the maximum value of the Pareto distribution is limited by the
minimum value provided by the random number generator. Therefore, extremely large
values will not be generated. Any stream of random variables from a true Pareto distribution
of sufficient length will have values that exceed the range generated by a computer. This has

a negligible effect on light-tailed distributions, in the sense that the contribution of extremely
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large values towards the distribution is minimal. However, when generating Pareto
distributed numbers, the main problem associated with the missing tail is that the mean of
the distribution will be too small. Consequently, much of the information from the system
that related to the mean sojourn times is no longer valid (e.g. the system utilization). It is
therefore necessary to be able to calculate the distribution mean of the generated value

correctly.

Assuming w to be the smallest non-zero value that a uniform random generator may give,

the uppermost Pareto value will be q which is derived from Eqn. 2-23

__ 9
q Wl Eqn. 2-24

so the actual mean value of the Pareto distribution that results from the generation process

can be obtained from:

E(x)= .CILX -f(x)dx

- o Eqn. 2-25
o—1 1_(@j

substituting Eqn. 2-24 into Eqn. 2-25, the mean of the pseudo-generated Pareto distribution
is given by:

ol

E(x) = ap | 1-w

a-1] 1-w Eqn. 2-26

Eqn. 2-26 is important in the teletraffic modelling sense because it allows the actual mean
sojourn times of the traffic to be predicted. This is vital in calculating the effect that the
simulated traffic sources will have on the simulated network, e.g. even to know the load they
are providing is impossible without this knowledge. In this thesis, numerical figures are

presented using the rectified value, i.e. the actual value.
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2.7

Summary

In this chapter, the concept of self-similarity in network traffic was reviewed. Some of the
important properties of self-similar traffic were discussed. An overview on the related
modelling methods was provided. The ON-OFF approach adopted in this thesis was

described and explained in details with respect to both theoretical and practical sides.
The following chapter will cover materials related to simulation of networks. Simulation

techniques and output analyses will be reviewed. Furthermore, validation and verification

methods used in this research will also be discussed.
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3.1

C%ap{:ew 3

Simu|ation OF E‘ecommunication Netwow\{s

In this chapter, the importance of simulation in the context of network performance
evaluations is reviewed. Various simulation techniques and analysis methods are addressed.
Above all, the discrete-event simulation with steady-state output analysis, as the choice of
this research, is discussed in detail. Furthermore, the difficulties encountered when carrying
out this type of simulations, particularly in the area of LRD traffic, are discussed. The role of
accelerated simulation techniques and related literature will be reviewed and summarised.

The last section discusses the validation and verification techniques used in this research.

Importance of simulation modelling

Studies are often interested in the operation of many real-life systems. For instance, a good
understanding of a network is crucial in dimensioning for QoS. Studying any process
scientifically normally requires a set of assumptions, which can be defined by mathematical

or logical relationships.

Provided that the individual relationships that describe the model are simple enough,
analytical solutions can be obtained to give exact information about the system.
Unfortunately, most networks are far too complicated to solve analytically, necessitating the
simulation approach. In a simulation, a model is constructed based on the mathematical or
logical relationships, and data generated to give an estimate of the true characteristics of the

model.

Simulation plays a nontrivial role in the study of communication systems due to network’s
complexity, large scale and rapid evolution. Any complicated network can always be
modelled to an arbitrary level of accuracy, thus providing a good tool for evaluating the

behaviour of the object. However, there are drawbacks: firstly, a model’s complexity
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3.2

intensifies as the scale of a system increases, and the related program construction can be
gruelling. The good news is that there are now available well-developed software, e.g.
OPNET*, NS-2° etc, and these provide an excellent platform for network modelling with
built-in standard components. Secondly, many simulations can be prohibitively time
consuming and require excessive computational effort. In particular, simulations requiring
steady-state analysis need large amounts of time to run, and with large-scale network

models, a great deal of CPU power is always mandatory.

Literature review of simulation techniques

The fundamental concept of a simulation model is a system and the associated system states.
A system is defined as a collection of entities that act and interact together towards the
accomplishment of some logical end. The state of a system refers to a collection of variables
necessary to describe a system at a particular time, relative to the objectives of a study. In
this research, a system is referred to as the buffer queue, and the state of the system is the
number of packets accumulated in the queue at packet arrival instants. A simulation model
can be classified according to three different types [Law00]: i) static vs. dynamic, ii)

deterministic vs. stochastic and iii) continuous vs. discrete.

3.2.1 Static vs. dynamic simulation model

A static simulation model is a representation of a system at a particular time, or one that may
be used to represent a system which time simply plays no role. Model elements do not
change during the execution of the model and are therefore constant. These model elements
may be hard-coded into the simulation model or read in during the initialization phase of the

simulation, but remain the same during the entire execution.

Quite the opposite, a dynamic simulation model represents a system as it evolves over time.
Model elements of this type of model have the potential to change their properties or
attributes during the model execution. One form of simulation based on dynamic simulation

elements is an interactive simulation where users can make modifications during runtime.

* OPNET" is a commercial simulation tool with established libraries developed by Mil3.

° NS-2 is the 2™ version of NS. It is a jointed project developed by UC Berkeley, USC/ISS, LBL and
Xerox PARC for discrete event simulation modelling. The software is available at
http://www.isi.edu/nsnam/ns/.
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3.2.2 Deterministic vs. stochastic simulation model

A simulation model is deterministic if it does not consist of any probabilistic element. The
main characteristic of this type is that the inputs of the system determine the output as soon
as they are entered, even though the process might take a lot of time to evaluate. A typical
example is an analytical model of a network model in which appropriate mathematical or
logical expressions are used to construct the model, and corresponding outputs are given

once the input parameters are entered.

Models with one or more random input components belong to the stochastic class. As the
output produced by a stochastic simulation is random, it is important to note that it can only
be treated as an estimate of the true characteristics of the model. Hence, there is a need for
statistical output analysis. Network models often belong to the stochastic type as traffic
arrival patterns and other aspects of the workload are commonly obtained from a probability

distribution.

3.2.3 Continuous vs. discrete simulation model

Continuous simulation models focus on the modelling of a system over time by a
representation in which the state variables change continuously with respect to time. Very
often, differential equations provide the relationship for the rate of change of a particular
state variable with time. For an example, if the variation of the load of a server over a 24-

hour period needs to be predicted, then a continuous simulation will be a suitable choice.

On the other hand, discrete simulation models are used to monitor a system that evolves over
time by a representation in which the state variables change instantaneously at separate
points in time, and these specific points are defined as an event, which is an instantaneous

occurrence that may change the state of the system.
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3.2.4 Simulation model overview

Certain components of a network (buffer queues in particular) were studied in this research,
and implementations were done using commercial software OPNET and MATLAB®.
Simulations described in this thesis are classified as static, stochastic and discrete event-

driven.

Static simulations were used mainly due to the focus of this research which was to accurately
speed up simulations of network scenarios with Power-law traffic. To achieve this, the
overall behaviour (queueing behaviour in this case) must be known thoroughly, so that the
scenario can be mimicked in the fashion that the same behaviour can be obtained while
providing a speedup. For a particular network scenario, its steady-state’ behaviour is required
which implies that none of the system’s parameters should be changed during the execution,
and time is only an index to specify the length of the simulation which has no direct impact
to the output result (obviously the simulation needs to run sufficient long to achieve steady-

state).

The stochastic nature of the simulations originates from the probabilistic property of the
buffer behaviour. Unlike many well-established traffic models, such as M/D/1, in which a
complete analysis is available for the model, there is not a defined analytical solution for the
network scenarios in this research. This leaves the stochastic approach the best option so that
a close approximation can be achieved. Traffic sources are defined from a probability
distribution, the Pareto distribution in this case, the state of individual traffic switches
randomly, and so as the state of the buffer which is determined by the incoming traffic and

the transmission rate.

During the execution of a simulation, the state of a buffer is examined. However, the buffer
monitoring process is only taken place at specific points, the continuous change of the buffer
with respect to time is not of interest. As a result, the discrete event-driven simulation

approach was chosen.

In discrete event-driven simulation, a computer model mimics the actual operation of the
network, and events can occur any time during the execution of the program. In a network

simulation model, an event can be referred to a wide variety of processes (e.g. packet loss),

® MATLAB® is a product of the MathWorks, Inc.
7 Steady-state simulation is described in section 3.3.
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and in this research, packet arrivals are the fundamental events, which allows traffic related
statistics to be provided, e.g. packet delay time probability. Whenever a packet arrives at a
buffer, the state of the buffer is studied. Recording and/or analysing output data are

considered as subsidiary tasks commonly carried out by a simulation program.

3.2.5 Simulation clock

In dynamic discrete-event simulations, it is vital to keep track of the time of the process. The
concept of a simulation clock is defined to describe the variable in a simulation model that
gives the current value of simulated time. Very often, when general-purpose programming
languages (e.g. C) are used to construct a simulation model, the unit of time for the
simulation clock is not stated explicitly, and it is assumed to be in the same units as the input
parameters. The actual wall-clock time of a simulation and the time of the simulation clock
are not necessarily related in the sense that a short simulated time of a system can be

extremely time consuming in reality (in wall-clock time).

In addition, a mechanism to advance simulated time from one instant to another is
indispensable. Two of the commonly known time advance mechanisms are: next-event time

advance and fixed-increment time advance.

3.2.5.1 Next-event time advance mechanism

The next-event time advance mechanism is a widely used approach, and it is commonly
found in simulation software. The simulation clock is initialised to zero and the times of
occurrence of future events are determined. The simulation clock is advanced to the time of
occurrence of the most imminent of these future events, and at this instant the system is
updated to encounter an event that has occurred. Figure 3-1 illustrates the concept: e,
represents the instant where an event takes place and t, refers to the time that the simulation

clock is advanced as well as the update of the system states.

0 4 t, t; ty ts Time

Figure 3-1 Next-event time advance mechanism
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This time advancing process forwards the simulation clock from one event time to another
continuously until eventually a pre-specified stopping condition is satisfied. Since all state
changes occur only at event times for a discrete event simulation model, periods of inactivity
are skipped over by jumping the clock from an event time to another event time. The scheme
omits all idle periods in a simulation, providing an efficient approach for dynamic simulation

modelling. This mechanism is found in OPNET models.

3.2.5.2 Fixed-increment time advance

In this time advancing approach, the simulation clock is forwarded in increments of exactly
dt time units for some appropriate choice of dt. After each update of the clock, a check is
made to determine if any events should have occurred during the previous interval of length
dt. If one or more events were scheduled to have occurred during this interval, these events
are considered to occur at the end of the interval and the system states are updated
accordingly. The concept is demonstrated in Figure 3-2, where e, is the actual time of
occurrence of an event and the simulation clock is advanced regularly at a fixed interval of

dt. In this research, all MATLAB models were built based on the fixed-increment time

concept.
| 11 | .
! e ! ! e e ! e ’ i
0 1 dt 2dt 2 B 3dt 4 4dt Time
Figure 3-2 Fixed-increment time advance mechanism

3.2.6 Random number generators

Models used in this research involve many stochastic elements, in which random number
generators were extensively used to provide random numbers for, e.g. the inter-arrival times
and burst lengths of individual traffic sources. These are derived from a specific distribution
produced by appropriate mathematical algorithm acting on the U[0,1] random numbers. The
performance of a random number generator has a direct link to the validity of any simulation

results, and therefore, the choice of a random number generator is critical.
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Random number generated should be IID on the interval [0,1]. These numbers should not
exhibit any correlation with the other; otherwise, the randomness of the process no longer

holds and the validity of the results are questionable.

Pseudo-random number generators were used to generate randomly distributed numbers. The
term “pseudo” is used because these generators are constructed by different algorithms. Ideal
generators do not exist as there are always limitations, e.g. the maximum and minimum
values that can be generated computationally; nevertheless, there are many good examples

available for simulation purposes, ¢.g. Mersenne Twister [Mastumoto92].

A random number generator can be seen as an extremely long sequence of numbers, and
producing a random number is equivalent to retrieving a number from the sequence. Even
though such a sequence is sufficiently lengthy in most generators, eventually, the generator
will reach the end of the sequence. With large-scale stochastic simulation, in which millions
of random events are required, it is critical that the end of the random number stream is
recognised before the generator repeats itself within a single simulation, leading to correlated
results. The length of the stream of a random number generator is known as the period, and

the longer the period, generally the better the generator.

\PO kPlOOOOO ‘{]200000 an x 100000

Figure 3-3 Concept of a random number generator

Besides the period, reproducibility is also an important property of a random number
generator. Each number in the random number sequence can be pointed at by a reference,
called the seed value and setting the seed of a generator corresponds to choosing a different
starting point to retrieve numbers from. Remembering the initial seed used, Wy, and initiate
the generator with this value again allows the same sequence of random numbers to be
produced again. In some simulations where independent streams of random numbers are
required, the W;’s are generated at any point in the sequence by saving the final ¥; obtained
previously and using it as the new seed; as a result, non-overlapping and “independent”
sequences of random numbers can be obtained. The concept is illustrated in Figure 3-3.

Streams are typically set up by specifying the initial seed. For example, if streams of a length
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of 100000 each are required, then set ¥y for the first stream to some value and W00 for the
second one and W,gp00 for the third one and so on, until all the required sequences have been
produced or the end of the period is reached. As a result, non-overlapping streams are

adjacent sub-sequences of the single stream of random numbers.

In OPNET simulations, Sun Solaris™ is the fundamental operating system, which uses a
non-linear additive feedback random number generator with a default state array of 31 long
integers to return successive pseudo-numbers in the range from 0 to 2°'-1. The period of this

random number generator is approximately 16 - (2°'-1) [Sun].

In MATLAB simulations, the built-in random number generator function was used. The
generator can generate all the floating-point numbers in the closed interval [27°, 1-27°].

1492
2

Theoretically, it can generate over values before repeating itself, which provides an

excellent tool for traffic modelling.

Having random number generators with such a long period is extremely important and
beneficial. This particular holds true for Power-law traffic modelling as simulations are
always required to run for an extremely long period of time to obtain results with an
acceptably small statistical error. Poor generators do have significant impact on the

simulation results, and the creditability of studies can be questionable [Pawlikowski02].

Simulation with reference to output analysis

Appropriate output analyses are indispensable in retrieving useful information from
simulation results. Very often, a simulation may have been constructed by a piece of
complicated code, and not much attention has been put into analysing the output data. To be
more precise, a simulation is a computer-based statistical sampling experiment, and to attain
useful information, suitable statistical techniques need to be designed for evaluating the

experiment once it is completed.
There are two classifications of simulations with regard to output analysis [Law00]:

terminating and non-terminating, see Figure 3-4. Depending on the objectives on the

simulation study, the two approaches are applied accordingly.
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Figure 3-4 Type of simulations with regard to output analysis

3.3.1 Terminating simulations

A terminating simulation requires the presence of a “natural” event ¢ that specifies the length
of the simulation. A number of replications of the simulation are carried out, referred to as
different runs, using independent random variables and the identical initialization rule. This
implies that comparable random variables output from the different runs are IID. The event g
is often defined as the point where the system is “cleaned out”, or a point in which no further
useful information can be retrieved. The ending event is specified prior to the start of any
runs, and the occurrence of the event can take place any time during the simulation. Initial
conditions have significant influences on the desired measures in a terminating simulation,

therefore it is important to have these conditions set with reference to those of a real system.

A terminating simulation can be applied to scenarios such as the performance evaluation of a
new TCP protocol stack only during the office (peak) hours, e.g. from
9am to Spm. In this case, traffic representing peak hour activities is simulated and the

simulation is terminated exactly after 8 hours of simulated time.

3.3.2 Non-terminating simulations

When designing a new system or changing an existing system, very often behaviour of the
system over a long period of time when it is under normal operating conditions is the subject

of interest. Therefore, there is no natural event g to specify the length of a simulation run. A
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measure of performance for such a simulation is said to be a steady-state parameter if it is a
characteristic of the steady-state distribution of some output stochastic process Yy, Y, .... If
the random variable Y has a steady-state distribution, then one might be interested in

estimating the steady-state mean E(Y) or a probability P[Y < y] for some real numbers of y.

Interestingly, stochastic processes for most real systems do not have a steady-state
distribution as the properties of the system change over time. For instance, characteristics of
IP networks change rapidly and unpredictably along many dimensions, it is impossible to
draw a conclusion on the overall networks’ behaviour [Paxson97b, Floyd01]. However,
simulation models, which can be described as an abstraction of reality, may have steady-state
distributions. This is due to the fact that characteristics of a model are often treated as
invariant. For instance, when modelling a network, it is possible to just focus on a particular
time segment, such as the peak hours, by setting the appropriate parameters. As a result, the
steady-state behaviour of such a period can be obtained. In the case where new information
on the characteristics arrives or new time segment needs to be studied, the model can always
be re-simulated for steady-state analysis. For example, if the long-term packet loss rate in a

congested router needs to be estimated, this type of simulation approach is the most suitable.

In addition, steady-state cycle parameter analysis can be applied in cases where the
stochastic process Y1, Y, ...for a non-terminating simulation does not have a steady-state

distribution. To perform the evaluation, the time axis is divided into equal lengths, and

contiguous time intervals are called cycles. Assume Y be the random variable defined on

h

the i" cycle, and suppose Y, ,Y;,... are comparable. If the process Y ,Ys,... has a

steady-state distribution F€ and that Y ~ F€. A measure of performance can then be defined
as a steady-state cycle parameter if it is a characteristic of Y©. An example can be the mean

E(Y®). As a result, a steady-state cycle parameter is just a steady-state parameter of the

appropriate cycle process YlC , YzC yeene

An example of this will be the performance evaluation of a server of an organization over a
24-hour period. Within a day, there are times that the demand on the server is relatively
stable, such as the high demand during office hours and idle during off peak. Therefore,

individual steady periods can be analysed using the steady-state cycle parameter approach.
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There are models that continue to change over time, and as a result, they do not have a

steady-state distribution, and there is no appropriate cycle definition such that the
corresponding process Y©,Ys ... has a steady-state distribution. However, there will

typically be a fixed amount of data describing how input parameters change over time. This
provides, in effect, a terminating event ¢ for the simulation, and analysis techniques for
terminating simulations are applicable. This type of simulations is classified to the “other

parameter” category.

Consider one is interested in evaluating the performance of a new scheme for downloading
say 100 specific objects from a popular website. In this particular case, it can be assumed
that users round the world can access the site at any time of the day, and a regular usage
pattern is not available. Therefore, the steady-state and/or the steady-state cycle conditions
cannot be fulfilled. The appropriate approach will be the “other parameter” (terminating)

method, in which the simulation terminates as soon as the 100 “jobs” have been completed.

3.3.3 Choice of approach — steady-state parameter analysis.

The decision on the steady-state method was based on the fact that the long-term behaviour
of a buffer queue is required in this study, so that fair and accurate comparisons can be made
between the non-accelerated simulation approach and TA. For a particular network
simulation scenario, it is aimed to exploit TA for traffic substitution, and hence achieve
speedup. To determine the applicability of TA, it is essential to obtain the steady-state
queueing behaviour of the original non-accelerated case, so that the expected response of the
system is known. Subsequently, the same scenario with traffic substituted by TA is
simulated, and the corresponding steady output is collected. By comparing the two steady-
state queueing behaviours (of the non-accelerated model and TA), it evidently provides a

validation of TA, and its usability can be justified.

Literature review of accelerated simulation techniques

Fast simulation techniques can be categorised into three major types: distributed and parallel

simulation, hybrid techniques and statistical variance reduction.
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3.4.1 Distributed and parallel simulation

The most obvious way to speed up simulations is to increase the computational power so that
a larger portion of the task is carried out within the same period of time. This method uses
computational parallelism to reduce the experimental period by increasing the number of
calculations per unit time. There are two different approaches: Parallel And Distributed
Simulation (PADS) [Benveniste95, Heidelberger94, Kalantery94] and Parallel Independent
Replicated Simulation (PIRS) [Kurose98, Lin94, Mishra99].

In PADS, sub-models are defined from the original model, and they are then evaluated in
parallel on different processors. In a network model, each queue or traffic source, can be
treated as an individual parallel sub-models. However, the main difficulty is that it is not
always straightforward to locate these sub-models for efficient parallel simulation. This is
because maximum acceleration requires these sub-models to be independent. In cases where
sub-models are related, at interaction points where synchronization is needed, the whole

process is slowed down for the interaction among sub-models.

Stochastic simulations always require a number of independent runs to obtain an estimate
within a specific confidence interval (further details on confidence interval is included in
3.5.1). PIRS is a way to obtain more observations in a shorter time by making replications of
the simulation process and distributing them on different processors. Despite all simulation
overheads, such as data collection from different machines, the speedup provided is N,

which is equal to the number of applied processors.

3.4.2 Hybrid techniques

When using hybrid techniques, the idea is to reduce the number of simulation events by
combining the flexibility of simulations with the computational efficiency of analytical
models. There are two common techniques: conditional sampling and decomposition

[Frost88, Kurose98, Lewis88].

The former is a mathematical approach which aims to reduce the variance by using a known
functional relationship between two random variables. The relationship can be conditional
arguments, conditional expectation, and substructures of the random variables and system
response. An analytical model is applied as a starting point of the evaluation and the

remaining unknown elements that have no analytical solution are retrieved by simulations.
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The second approach, decomposition, can be seen as an engineering method where the target
model is divided into sub-models, either in time or space, e.g. [Stol91]. Some sub-models
only require to be evaluated once throughout the entire simulation, via analysis or
simulation. By correctly identifying these “one-time” sub-models, simulation acceleration is
feasible by omitting unnecessary repeated simulations of sub-models. Furthermore, the

application of an analytical solution contributes significantly towards the overall speedup.

A hybrid simulation technique was developed as part of the work done in this research, see
Appendix 2. This technique was published in [Ma02c], for the analysis of multiplexed
Power-law traffic in broadband networks. The technique allows the prediction for buffer
overflow probabilities based on the simulation of the input traffic, measuring particular
parameters, and then applying analysis to obtain queueing results that long before a purely

simulation based approach could.

3.4.3 Statistical variance reduction

This simulation acceleration technique uses some statistical properties of the model to reduce
the variance in the output values. There are two major types under this category: Variance

Minimization and Rare Event Provoking.

Variance Minimization involves rearranging the simulation set up without changing the
underlying processes to achieve variance reduction. Commonly known methods include
Antithetic Samples, Common Random Number and Control Variables [Lewis88, Bratley87].
The main difficulty in applying these techniques is to gain sufficient knowledge of the
system behaviour so that appropriate correlated controls can be identified, and to predict

their corresponding influences.

In the Rare Event Provoking approach, the occurrence of a particular rare event is increased
by changing corresponding statistical properties, e.g. IS [Rubinstein81] and RESTART
[Altamirano91].

IS was initially introduced for performing integration by Monte Carlo methods, i.e. by the
generation of random numbers [Rubinstein81], and now has been applied to many other
areas in recent years, e.g. [Nicola90]. In [Townsend98], the technique has been proposed to
simulate rare events such as cell loss probabilities of the order of 10 in ATM networks. The

scheme involves modifying, or biasing, the underlying probabilities in such a way that rare
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events occur much more frequently. To correct for this modification, the results are weighted
in a way that yields a statistically unbiased estimator. There is a fundamental restriction on
the original probability biasing in the sense that the biased probability mass must consist of
an occurrence of the rare event of interest. The key to applying IS is to determine which

parameter(s) of the system to bias and the amount of biasing.

M. and J. Villén-Altamirano [Altamirano91] presented the RESTART technique which
conditions rare events on more common network states. The probability of rare events, such
as packet loss probability, can be predicted based on a less rare event (e.g. a threshold level
in the queue). System states leading to the target rare event are saved and re-entered a
number of times as the starting point for sub-runs. This leads to a great increase in the
occurrence of the rare event and hence speedup is achieved. The rare event estimate is
obtained by combining results from sub-runs with measurements for reaching the threshold.
The overhead required to restore the system for retrials does affect the efficiency, but despite
this, it has been reported that RESTART can reduce simulation run times by several orders

of magnitude.

In this thesis, RESTART is in fact exploited in conjunction with TA. A comprehensive
explanation of RESTART is provided in Chapter 6, where the co-operation of the two fast

simulation techniques will also be discussed.

Validation and verification

In order to merit TA, appropriate statistical methods are essentially required to validate and
verify simulation results. In simple terms, the queueing results of TA should be more or less
same as the original non-accelerated scenario. However, saying “more or less” is inaccurate
and unscientific, certainly cannot justify the functionality of TA. A suitable way is needed
for the comparisons between the original non-accelerated model and the equivalent TA, so
that the accuracy provided by TA can be clearly illustrated and any differences between the
two models can be precisely quantified. One way to achieve this is by using confidence
intervals [Law00]. This technique is also useful when comparing steady-state results from
individual runs of the same simulation. The way to determine the “steadiness” is by
comparing these results obtained from individual runs, and checks the differences among

them.
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Two other techniques were used in examining results are Power-law bestfit and

exponentially binning [Adamic]. Further details are followed later on in this section.

3.5.1 Confidence intervals

In this thesis, confidence intervals were applied in the following two result analysis
procedures. Firstly, results obtained from the original non-accelerated models and TA were
compared and the confidence intervals were used as an indicator to reflect the closeness
between the two sets of results. Secondly, the confidence intervals were applied in the
verification of the steady-state distribution among different runs of individual simulations. In
steady-state output analysis, individual sets of simulation, for both original and TA, were
replicated and run with different seeds. If every set of results is obtained during the system’s
steady status, the obtained data from various runs are expected to follow the same
distribution, although high variance is observed in some LRD cases [Crovella97]. To
determine the precision of individual output distributions, the confidence intervals were

applied.

A confidence interval is defined by a parameter 1, which is the percentage of the desired
confidence interval. To find a 100(1 - n)% confidence interval, assume X;, X, ... , X, are
IID random variables with finite mean p and finite variance o’ (6® > 0).The sample mean

and variance® are given by [Law02, Milton95]:

X.
_ Z i Egn. 3-1
X(Il)z i=1

n

n

N
§*(n) = 3 b o) Eqn. 3-2

Defining Z, to be a random variable in which

7 _Xm)-p

n Eqgn. 3-3
Vol /n

¥ The sample mean and variance corresponds to the mean and variance obtained via different runs of
same simulation, with the same input parameter settings.
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The distribution function of Z, is denoted as F,(z) for a sample size of n, where
Fu(z) = P[Z, £ z]. In accordance with the central limit theorem, Fy(z) - ®(z) as n - o,

where @(z) is the distribution function of a normal random variable,

1 ¢
D(z) = NG Ie Y dy for -0 <z < o0 Eqn. 3-4
n—oo

with p=0and ¢° = 1.

According to the theorem, if n is sufficiently large, the random variable Z, will be

approximately distributed as a standard normal random variable, regardless the underlying
distribution of X;’s. Furthermore, for a large number of n, the sample mean i(n) is roughly

distributed as a normal random variable with mean p and variance 6*/2.

The difficult part is that o* is often unknown, however, as the sample variance S*(n)

converges to o> as n becomes large, it is feasible to replace o° by S*(n), giving

Z, =[§(n)—p]/ \S*(n)/n , which is approximately distributed as a standard normal

random variable. Hence, for large n, Z, follows

Pl =i = w = Zl—n/zl :Pli(n) “Z1n S'(n) Sps i(n) +Zl-n/2\/S27(n)]

= I-m

Therefore, for a given data X;, X,, ... , X,, provided that n is sufficiently large, an

approximate 100(1 - n)% confidence interval for p is

= S*(n
X(n)izl_nm/% Eqn. 3-5

where T lies between the lower confidence-interval endpoint

I(n,m) = i(n) ~Ziy \S*(n)/n and the upper confidence-interval  endpoint

u(n,n) = i(n) + zl_n,zwlsz(n)/n .

In this thesis, a 95% confidence interval was generally used for the comparison between the

non-accelerated model and TA. In comparisons among different runs of the same simulation,
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a steady-state distribution is expected from individual cases, and the confidence interval is

expected to be more precise.

3.5.2 Power-law bestfit and exponentially wider bins

Power-law bestfit was another procedure taken in this research for ensuring the accuracy of
the simulation results. All simulations were run for several numbers of times and those
which are within the 95% confidence interval were then averaged to achieve maximum
accuracy. As results were obtained from stochastic processes, small variations are bounded
to be found in the results. The bestfit concept was therefore introduced to describe the
overall queueing behaviour. For Power-law traffic, unquestionably, a Power-law equation

would be the best in characterising the corresponding queue decays. A Power-law bestfit is
obtained by calculating the least squares fit through points by using y =c-x", details refer to

section 2.3.3.

Queueing behaviour obtained from traditional Markovian traffic models is not as bursty as
Power-law traffic. This can be explained by the SRD property of the distribution used to
produce the traffic, and so the probability of rare event (long traffic bursts) is negligible.
Once a simulation is run for a sufficiently long period of time, meaningful results are
available for collection. The problem with studying Power-law traffic lies in the heavy-tail
property of their distributions. Those extremely long traffic bursts with nontrivial probability
produced by the Pareto distribution contribute a Power-law pile-up in the buffer. When
plotting the queueing results on a log-log graph, it is expected the queue to decay linearly.
However, applying a Power-law bestfit directly to the collected data leads to a gradient that
is too steep due to the enormous number of statistics at the end of the queue tail, which
contribute unevenly towards the calculation of the bestfit, see Figure 3-5. To rectify this,
output data are binned into exponentially wider bins [Adamic], so that the “noisy” tail of the
queue will not contribute disproportionately towards the overall queueing trend. Results will
appear evenly spaced on a log-log scale. Subsequently, a clear Power-law relationship can be
obtained using the binned data, see Figure 3-6, and which the actual queueing behaviour is
truly reflected. This technique was also applied when examining the distribution of both ON

and OFF sojourn times.
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3.6

Summary

The role of simulation modelling was discussed in this chapter. Modelling concepts and
output analysis techniques were provided. The approach used in this research was classified
and explanations were provided. A literature overview was presented on the topic of
acceleration simulation techniques. Finally, the validation and verification methods used in

this thesis were examined.

In the next chapter, TA, the core of this thesis will be described. The concept of TA will be
presented, as well as the parameterization involved. Simulation results will be provided to
validate the technique. The application of TA to different traffic settings will also be

demonstrated.
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4.1

C%ap{:ew 4

‘ntwoJuction to —Eﬂaﬁtic Aggregation (TA)

The principle of TA is presented in this chapter. A similar traffic aggregation technique was
first published in [Schormans00], and in that paper, Markovian traffic was the focus. The
concept was to reduce an arbitrary number of independent sources to one single aggregate
process, and effectively reduce the overall state-space from 2" states to just 2: an ON state
and an OFF state. In general there are two advantages in using the aggregate process: 1)
acceleration — only one single traffic source is needed instead of N, and the simulation time
required by a two-state process is significantly shorter than that of a 2" process for the same
stability, and 2) simplification - the overall state-space reduction in the sense that the total
number of system states is decreased to only two, which may allow simple analytical

solutions to be applied.

This research now targets Power-law traffic. The previous Markovian aggregation technique
has been redeveloped and is applied to Power-law traffic. An algorithm has been developed
for the parameterization of TA, and details are covered in this chapter. In addition,
comparisons between the results of the original non-accelerated and TA models are also
included and evaluated. The accuracy provided by TA is clearly shown, as well as its

applicability to many scenarios. Models in this chapter were built in Matlab.

Traffic Aggregation (TA)

Consider a traffic model that comprises N homogeneous ON-OFF sources with Pareto
distributed sojourn times. Individual traffic sources transmit packets at a rate of
R packets/timeslot during ON periods, where a timeslot is the basic time unit. During OFF
periods, these sources are inactive and no packets are sent. The mean ON and OFF sojourn
durations are described by Doy and Degr respectively, and the queueing system has an

overall service rate of C packets/timeslot. These traffic sources switch between ON and OFF
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states randomly, i.e. there is no synchronization on the state switching among these sources.
A resultant traffic pattern can be obtained which is similar to the pattern shown in Figure

4-1(a). The First-In-First-Out (FIFO) queueing mechanism is used and the utilization of the

system, p, is given by:

Doy 1
p:—.NR_ )
DON +DOFF C qu’l 4-1

This is referred to as the “original” scenario in this thesis, in which no acceleration technique

has been applied.

, 1 equivalent

1

E C packets/slot source only C packets/slot

N

Each link:

R packets/slot

| Rox
T _— ONAG ONAG
ON
Rorr
snnheshopssunnnnnnfonfuafuandas = C Y CEF CECEETEEEEETEET] EEI EEX CXY CET (ERN'g)
Torr OFF OFF ¢
TOFF TON
(a) Original scenario (b) TA
Figure 4-1 Concept of TA

In TA, acceleration and simplification are achieved by introducing a single equivalent ON-
OFF process to replace the multiplexing scenario. The two-state process is defined by
reference to the resultant traffic pattern, and a number of new definitions are essentially
specified during the derivation. ONsg and OFF g correspond to the ON and OFF states in
the aggregated process, and they are derived with reference to the service rate, C. An ONxg
period occurs when the total number of incoming packets is greater than the service rate, i.e.

NR>C, and the mean duration of this is denoted by Ton. An OFF g period is obtained when
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there is a contiguous number of timeslots in which the number of packet arrivals is less than
or equal to the service rate, and the mean of this duration is referred to as Torr. As the rate of
packet arrivals during an OFF period is always lower than the service rate, therefore, there is
no piling up and effectively, there is spare capacity to release accumulated packets. NR=C is
considered as OFF is due to the fact that there is no net effect on the buffer size, in other
words there is no further accumulation of packets. The concept is demonstrated in Figure

4-1(b).

Previously, TA (the early version for Power-law traffic) involved evaluating both Roy and
Rorr which denote the arrival rate during the ON and OFF states respectively. However,
experimental results show that the OFF periods have negligible effects towards to overall
queueing behaviour of the system for Power-law traffic (further detail is included in the
parameterization section). Based on this observation, Rorr has been set to zero in this
research, and thus TA becomes a single Pareto ON-OFF traffic source with three parameters
only: Ton, Torr and Ron (i.e. an ordinary ON-OFF source), see Figure 4-2. Results in this

thesis are all based on the modified scheme.

Rox

ONa4c

] (L EEERREERRRRRRRRY (ER! FRE FEE 'BN] RO C

OFF\¢

TOFF TON

Figure 4-2 Modified TA

Setting Ropr = 0 has several major advantages: Firstly, further acceleration is offered in the
sense that there are even fewer events which greatly decrease the overhead of a simulation.
Secondly, the modelling process is further simplified as the number of parameters is reduced.
Thirdly, with Rogr > 0, the mean OFF time of TA, Torr, can be extremely large, which
results in increasing the location parameter’, ¢, of the distribution so that the corresponding

mean can be achieved. However, when high mean values are encountered, it is extremely

? Location parameter, ¢, denotes the minimum value of the Pareto distribution, see 2.3.2 for details.
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4.2

difficult to predict the mean value accurately from a simulation as the variance between
individual elements of the distribution can be extremely large. These considerations did not
arise in the previous application to Markovian traffic. Furthermore, as applying TA to
Power-law traffic requires the parameterization scheme to be re-established, with the

absence of Rogr, the process is certainly simplified.

Parameterization of TA

Applying TA to any network scenario requires knowing the value of Ton, Torr and Ron. A
parameterization scheme has been developed to derive precise values for these parameters
provided that the settings of the original non-accelerated model are known. Individual
parameters were formulated via a simulation approach. This approach was considered as a
more appropriate choice than analysis because there are not many analytical studies on
Power-law traffic available, to apply analysis to characterise a new scheme for the modelling
of this new type of traffic has no guarantee on the success of a final algorithm. Moreover,
with limited resources to refer to, the whole analytical process can take an unrealistic period

of time, which can be unaffordable as far as this research is concerned.

Moreover, studies in the area of Power-law traffic mostly concentrate on the strength of self-
similarity which is measured by the H parameter e.g. [Fonseca00, Willinger98].
Unfortunately, the value of H has no direct relationship with the actual queueing behaviour
in an ON-OFF traffic model [MondragonO1]. This is due to the value of H is substantially
affected by the stronger component of the two, and in most cases (if not all), the OFF periods
have the dominant effect as they always have a higher mean. Contrarily, the queueing
behaviour is always determined by the ON sojourn times. As a result, carrying out analysis is
elusive. In addition, there are other issues that need to be taken into account, such as
multiplexing gain when multiplexing traffic sources [Cao01]. Consequently, the simulation
approach has become a more preferable option as a look-up table of some sort can often be

produced by referring to the obtained results, if not the actual algorithm.

The parameterization scheme is divided into three parts: firstly, the most important part of
the parameterization scheme is the derivation of Ton. A formula has been defined for
parameterizing Ton based on simulation results. Data collected from these simulations were
analysed, and a relationship was drawn between the original non-accelerated scenario and

TA. Secondly, the evaluation of Roy is to be carried out. This is done by using the binomial
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distribution for calculating the rate of arrival during the system’s ON state. Lastly, Topr is to

be defined via the utilization formula, Eqn. 4-1.

4.2.1 Deriving Ton

The derivation of Ton is the most crucial part of the parameterization process for two
reasons: firstly, Ton has the most influential effect towards the overall queueing behaviour,
which directly affects the accuracy of TA. And secondly, the value of Togr is determined
from Ton. As Reon is evaluated independently, once Ton is obtained, the rest of the
parameterization can be accomplished. Therefore, Toy is considered as the prime parameter

of TA.

Recalling the parameters of the original scenario, Doy, Dorr, N, R and C. The way to derive
Ton was based on the fact that these individual parameters have separate influences on the
value of Ty, and simulation results have verified the existence of these relationships. For
instance, increasing Doy leads to a higher Toy, providing the rest of the settings remain the
same. Similarly, increasing N results in a raise in the value of Ton. On the contrary,
increasing Dogr or C causes a decrease in Ton. Logically, Ton can be defined provided that

the resultant effect of these parameters is established.

4.2.1.1 Relationship between Doy and Toy

Studies were carried out to monitor the effect of Doy, which involves varying the parameter
over a range of values, while having a fixed setting for the rest of the configuration. A list of

simulations was carried out, and parameters for these simulations are listed in Table 4-1.

N 8 10 14 18 22 26 30
C 4 5 7 9 11 13 15
R 1
Dorr 10
Don Varies from 3.6 to 5.8
Table 4-1 Parameters for monitoring the effect Doy
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These Doy values were chosen for several reasons, mainly as these values can be accurately
generated. Values from the Pareto distribution are highly restricted by the pseudo-random
number generator (see Chapter 3), and to be able to produce a specific distribution with a
correct mean, it is important to keep the targeted mean value relatively small. Nevertheless,
these values were chosen given the fact that the LRD requirements were fulfilled. Variance
plot were carried out to ensure that the overall H parameters of these traffic scenarios were in

the range of 1 and 2. See Appendix 3 for the details of variance plot method.

Appropriate values of Toy were then obtained for each case, and the relationship between the
two parameters investigated. Dox and corresponding Ton were plotted and presented in
Figure 4-3. It can be seen that for a given combination of N, R and C, Toy increases linearly
with Doy, giving a relationship in the form y = mx + ¢ with x and y corresponds to Doy and
Ton respectively. The gradient, m, is extremely important as it directly links the two
parameters together. Referring to these linear regressions, m is technically insensitive to the
changes of N and C, which essentially concludes that it describes the “sole” effect of Doy on
Ton. The remaining c is the intercept of the linear equation, whose value is determined by N,

R and C, seen as the offset of the queue.

45 ¢
Ton = 0.8914Dgy, - 1.0647
40 + Ton = 0.8955Dy - 1.2649
Ton = 0.8691Dgy, - 1.3974
Ton = 0.8797Dgy, - 1.5693
351 Ton = 0.8723Dgy - 1.6431
Ton = 0.8619Dy, - 1.7204
- Ton = 0.8893Dgy, - 1.9532
© 3.0
@
()
£
225 |
F ¢ 8 srcs
m 10 srcs
20 14 srcs
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15 X 26 srcs
X 30 srcs
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3.5 4 4.5 5 55 6
Doy (timeslots)
Figure 4-3 Relationship between Doy and Tox
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The final value of m which is then used in part of the Toy formula was derived from the
linear equations obtained from the simulation results. There are seven equations and the
gradient of these equations were averaged, and the following equation is defined to associate

DON and TON-
Tox =m-Doy +x, Eqn. 4-2

where m is the averaged gradient value which has a value of 0.87969 and standard deviation
of 0.01157, and therefore, the confidence is 98% which implies the accuracy is extremely
high. «; is a constant for a specific N and C combination, and its value varies according to

the value of N and C.

4.2.1.2 Relationship between Dorr and Ton

TA was developed based on the assumption that Dogr is significantly longer than Doy, and
this is a phenomenon observed in network traffic. In cases where Dopr satisfies this
condition, changing the value of Dopr causes only a trivial effect in the overall queueing
behaviour of the buffer. This benefits the parameterization process of TA in the sense that
the effect brought by Dorr can be neglected provided that this assumed condition is met,

which effectively simplifies the process.
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Figure 4-4 Effect of Dogr on the overall queueing behaviour
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Figure 4-4 illustrates the way that queueing behaviour is altered by the variation of Dogr. The
rest of the parameters are as follows: Doy = 3.9, N =10, R =1 and C = 5. This configuration
fulfils the above assumption, and queueing results show minimal changes even when Dogr
was amplified considerably. Subsequently, no alternation is required for the value Toy of the
equivalent TA model for these cases. On the contrary, if Doy were raised by the same

amount, the queueing behaviour would have been drastically transformed.

Therefore, Dorpr has been omitted in the characterization of Toy as it has trivial influence

towards the overall queueing results, and hence the value of To.

4.2.1.3 Relationship between N and Toy

Increasing N obviously has the effect of increasing the burstiness of the traffic, and hence
necessitating a higher Ton. Figure 4-5 corresponds to the results of simulations of Table 4-2.
N covers a range of values which reflects the number of sources from small to large. C was
varied to show that the effect on Ton by N is independent to the configuration of the rest of

the parameters.

N In the range of 7 to 28
C 5 6 7 8 9 10 11
R 1
Dorr 10
Don 39
Table 4-2 Parameters for monitoring N

N was plotted against Toy, and this demonstrates that Toy increases exponentially with N.

The relationship can then be generalised in the form of

gN

Toxn =K, - Eqn. 4-3

where «; is a constant for a particular setting of Doy and C, and it varies according to the
combination of the two parameters. ¢ is an index that describes the exponential relationship
between N and Ton. With reference to Figure 4-5, the scaling factor, €, in the power term is

highly close to each other regardless the variation in C. By averaging the value of g, from
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individual cases presented in Figure 4-5, the final value of €, concluded from those results is

0.13667, and the standard deviation is 0.00333. Again, the accuracy is highly respectable.
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Figure 4-5 Relationship between N and Ton

4.2.1.4 Relationship between R and Toy

The effect of R is not considered as part of the parameterization process for Toy due to the
fact the arrival rate of TA, Ro, is calculated separately via the binomial distribution in terms
of R. Therefore, any changes in R will be reflected in Ron during the calculation. See 4.2.2

for the calculation method of Roy.

4.2.1.5 Relationship between C and Ton

Changing C directly affects the queueing behaviour in the buffer, and therefore, it is
expected to have impact on Ton. If C is reduced solely when the other parameters remained
unchanged, Toy is required to increase so that the extra delays in the queue can be reflected.

In order to draw this relationship precisely, again, simulations were carried out.
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Similar to previous investigations for Doy and N, parameters were set in the sense that C was
adjusted while the rest of the configuration kept unchanged. Table 4-3 consists of the settings

of individual simulations, corresponding results are illustrated in Figure 4-6.

Observations show that C and Toy are correlated exponentially, and this relationship holds
true regardless the rest of the parameters. A general formula can be used to describe the way

that Toy varies as C is modified.

—g,C
Ton =K3-€ ™ Eqn. 4-4

where k3 is a constant for individual cases with the same Doy and N, and as these two
parameters are modified, k3 changes accordingly. &, is the scaling factor in the power term
that characterises the exponential distribution, and it is illustrated that the value of ¢, is
technically unaltered by the change of other attributes. This concludes that &, can be referred
to as an index that expresses the influence of C on Ton. With respect to the results presented
in Figure 4-6, &, was calculated by taking the mean of all €,’s, and has a value of 0.3394 and

a standard deviation of 0.0248. The confidence is 95% indicating a tremendously high

accuracy.
N 8 10 12 14 16 18 20 22
C In the range of 3.25to 11.5
R 1
Dorr 10
Don 3.9
Table 4-3 Parameters for monitoring C
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4.2.1.6 Formula for Toy

Relationships between individual parameters and Toy have been discovered (Eqn. 4-2, Eqn.
4-3, and Eqn. 4-4), the next step is to solve these equations so that it is feasible to obtain a
straightforward formula in which Ton can be evaluated by substituting for the associated
parameters of the original scenario. This is equivalent to attaining the resultant effect of Doy,

N and C.

First of all, the two exponential equations (Eqn. 4-3 and Eqn. 4-4) were combined into one
by multiplying them, giving

2 N —-£,C
Ton =%K,-€" -K5-€

K and k3 are constant for a particular setting of N and C, it can then be assumed that the
multiplication of two constants gives another constant. Therefore,

_ 0.5(¢,N—g,C)
Tony =w-e Eqgn. 4-5

where « is the product of k; and k3 and yet another constant.
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At this stage, there are two independent equations, with one common unknown Ton. To
solve these two equations, the simultaneous approach was used which requires a link

between Eqn. 4-2 and Eqn. 4-5. This was done by relating «; with k.

For a given combination of Doy, N and C, the same Ton should be obtained regardless
whether Eqn. 4-2 or Eqn. 4-5 is applied. With the aid of existing simulation results, it is
possible to locate Toy for a limited number of cases, and by substituting Ton and
corresponding parameters into the appropriate equations, k; and k can subsequently be

evaluated.

Values «; and k were collected from all studies, and all «;’s were plotted against
corresponding k’s, illustrated in Figure 4-7. A linear relationship was observed and can be

formulated into:

K, =1.6394K —5.4503 Eqn. 4-6

Eqn. 4-6 plays a non-trivial role in the formulation of Toy as it provides a connection
between the two independent equations of Toy, fulfilling the simultaneous equation solving

requirement.
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Figure 4-7 Relationship between k and x;
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At this point, there are three simultaneous equations, and they can be solved by first of all

substituting Eqn. 4-2 into Eqn. 4-5, giving,

0.5(eN-£,C) _
Kee T =m- Doy + Eqn. 4-7

Then, substituting k; by putting Eqn. 4-6 into Eqn. 4-7,

ic-e" N0 = m . D +1.6394K —5.4503 Eqn. 4-8

Rearranging Eqn. 4-8 to express « in terms of the rest of the parameters,

K[eo.S(alN—szC) ~1.6394|=m-D,, —5.4503

_ m-Dgy —5.4503
K= eO.S(ElN—SZC) _ 1 6394 Eqn 4'9

Putting Eqn. 4-9 into Eqn. 4-5 to obtain an expression for Toy,

m:- DON - 5.4503 . 60‘5(81N752C)
Q03(EN-60) _1 ¢394 Eqgn. 4-10

Tox =

Eqgn. 4-10 expresses Toy in terms of Doy, N and C, which effectively provides a formula for
characterising Ton. However, as the formula was developed based on simulation results, a
certain degree of error has been introduced. The term “error” here is used to describe the
small disagreement between the Toy from Eqn. 4-10 and actual Ty value (with correction).
These differences were found to be relatively small, and according to the results recorded the
average error is £0.26127 timeslot. To minimise this error statistic, the amount of error of
individual cases was analysed, and observations showed that as Doy increases, the amount of
the error also increases, see Figure 4-8. Errors in these studies, however, appear to be noise

and have no direct relationship with N and C, see Figure 4-9 and Figure 4-10 respectively.
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In order to evaluate Toy accu