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Abstract

In this thesis, we present a real time fteedback control strategy to optimize the dynamic
performance of computer communication network. In previous studies [8-10], feedback
delay, arising from communication delay, was shown to degrade system performance.
Considering this negative impact of delay, we propose a new control law which predicts,

in advance, the traffic and exercises control based on the predicted traffic.

In experiments, we apply the token bucket (TB) mechanism to construct a discrete dy-
namic system model [8-10], in which one multiplexor, linked to all the TBs, multiplexes
the conforming traffic that have been policed at TBs. We demonstrate that the improve-
nment of the system performance by presenting the simulation results corresponding to
different stochastic traffic models. The experiments and analysis in this thesis provide

valuable insight for the network researchers to do traffic optimal control [35].
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Chapter 1

Introduction

1.1 Motivation

Over the past two decades, the Internet has developed into a global, complex, fast and di-
verse communication system. The data flows are increasing every millisecond by enormous
utilities across the networks, such as web surfing, teleconferencing, and E-commercial ap-
plications. Moreover, the quality of delivery service becomes critical with respect to
packet loss, transmission delay and delay variation [4,22,25]. As a result, a number of
control mechanisms have been proposed to efficiently manage and optimally control net-
work traffic, i.e., allocating network resources, reducing delay. and minimizing congestion.
The Token Bucket (TB) or Leaky Bucket (LB) algorithm is one of the widely employed
control mechanisms which has been used to effectively shape and police traffic sources at

the edge of access nodes [1-3, 8-10, 21].

A TB (or LB) is described by a pair of parameters: token generation rate u and bucket
capacity T. It can be implemented as a traffic filter between the host and the network, or
between the routers. The operation of TB can be simply stated as follows: the incoming

tokens keep accumulating until they reach the capacity of the bucket (T'); if the incoming



tokens exceed T', tokens in excess of the capacity will be dropped. If the Token Bucket
acts as a traffic policer and there are sufficient tokens in the pool, the incoming traffic
will be transferred to the network without delay and the same or any other equivalent
amount of tokens will be removed from the token pool. If there are not sufficient to-
kens, the packets will be discarded without entering the networks. Therefore, the TB can

limit the traffic transmission rate to the number of tokens available in the bucket [4-10,21].

Since TB (LB) algorithm was applied to real time transmission by IETF, it has been
implemented as traffic control policy in wide areas such as admission control. congestion
control and access control. Reviewing the study found in the literature, M. Butto. E.
Caverolla, and A. Tonietti used LB to shape the incoming traffic and reduce the bursti-
ness at the network boundaries. Thus each individual traffic source can be accommodated
by an average bandwidth [1]. In order to effectively reserve network resources for users,
P. Tang and T.Tai had investigated the derivation of the suitable TB parameters (T and

u) based on the observation of traffic flows [5].

Similarly, applying TB algorithm at an access node of computer networks, Ahmed, Wang
and Barbosa constructed a dynamic system model [8]. In this model, token buckets police
incoming traffic, and one multiplexor serves all the superposition of the conforming traffic.
System performance was investigated with a simple feedback control law. The results
demonstrated improvement of QoS corresponding to the deterministic traffic. However,
the study only gave a simple and scalable infrastructure for the study of TB, and feasible
optimal feedback control laws had not been discussed in depth and token generation rate
had not been optimized [8]. To further study the model, B. Li et al. employed the
principles of dynamic programming and Genetic Algorithm (GA) to achieve an optimal
control law (token generation rate) corresponding to the MPEG traffic traces [9]. However,

for stochastic incoming traffic, this method may not be practical. In brief, in these papers



[8-9], there are some limitations that need to be improved and completed, such as:

e Although a simple concept of a traffic model was proposed, only one type of de-
terministic traffic model was fed to the system as its input traffic [8-9]. In fact,
the real time network traffic exhibits short rangé dependence (SRD) and long range

dependence (LRD), and most of traffic are stochastic.

o As mentioned before, the feedback control laws were not feasible. They were either
too simple, because the optimization of token generation rate was not considered 8],
or impossible to be implemented in practice. because the long period of enormous
computation had been required before taking action [9]. In addition, the feedback
control delay, arising from the communications, was not, taken into consideration in

these works.

In 2004, N.U. Ahmed, H. Yan and L.O. Barbosa further improved the model by feeding
various types of stochastic traffic and considering all the details of the feedback control
scenario [10]. The numerical results demonstrated that this system could be adapted
to any kind of stochastic traffic. However, because of the feedback delay (arising from
communications), system performance was highly degraded comparing with that in the
absence of delay. Due to the time delay, the traffic information captured at the current
time is the lagged or delayed version of the actual one. Provided with the delayed infor-
mation, the controller cannot make an appropriate decision which leads to performance
degradation. For that reason, in practice, the impact of delay cannot be ignored, and we
have to take it into account and compensate it. However, in the above papers [8-10], the
effort has not been made to deal with this problem and solve the impact of communication

delay in feedback control.

Some research demonstrated that predicting the delayed information is one of the alter-

native methods to relax the impact of the communication delay [11-12,14-15]. Prediction



techniques, such as forecasting the future behavior of the traffic, can effectively reduce
performance degradation caused by delay, and prevent network congestion by dynamic
bandwidth allocation. S. Hu, A. Duel-Hallen and H. Hallen predicted the number of
future users, and adjusted the channel capacity in advance to avoid system performance
degradation [11]. Similar work had been done in satellite networks [12]. A. Pietrabissa
and E. Guainella dynamically assigned the amount of bandwidth to each connection hased
on the estimation of network connection throughput. In the same way, A. Bhattacharya,
A. G. Parlos, and A.F. Atiya focused on the single-step-ahead (SSP) and multi-step-ahead
(MSP) traffic predictor to forecast MPEG-4 video traffic trace [14]. They had employed a
nonlinear estimation tool; however. the method was applied off-line and wasn’t adaptive.
In reference [15], bandwidth requirements had been predicted to solve the admission con-
trol problem subject to the constant bit rate trafic. However, the authors were not sure

whether this method was appropriate for other types of traffic.

Therefore, naturally inspired by prediction techniques, it would be very interesting that
we apply such techniques to solve the problem encountered in these papers [8-10]. A
real time feedback control scheme will be proposed in this thesis, and the delayed state
information will be replaced with the predicted ones based on the past history measured

online.

1.2 Objective

The key problem we address in this thesis is how to reduce the impact of feedback delay
which leads to significant system performance degradation. The main objectives of this

study include

1. developing an on-line traffic predictor that can capture major properties of network

traffic: LRD and self similarity;



2. exploring the relationship of Hurst parameters and system performance;

3. proposing a predictive feedback control law which can be implemented on line and

reduce the impact of feedback delay.

1.3 Contribution

In this study, we have proposed an on-line traffic predictor using the principle of Least
Mean Square Error (LMSE) [13]. Our approach aims to solve system degradation caused
by the lagged feedback information. The wain contribution of the study differs [rom those

methods proposed in previous studies in the following respects.

o Firstly, unlike the studies focused on one fixed type of traffic [8-9.14-15], our ap-
proach is not restricted to the underlying structure of traffic. The method is in-
dependent of the traffic model (statistics) and is useful for both SRD and LRD

precesses.

e Secondly, comparing with the study of using off-line training [14], our algorithin
only requires some matrix manipulations and takes less computation time. As a

result, the method works well for online implementation.

e Thirdly. in the studies {8-10], the authors either considered the scenarios only in the
absence of delay or presented the impact of delay without solution. In this thesis,
we consider the scenario with information delay, and propose a predictive feedback
control law, which compensates the feedback delay and greatly improves system

performance.



1.4 Thesis Organization

The rest of the thesis is organized as follows:

Chapter 2 reviews the basic concepts used throughout the thesis, including traffic charac-
teristics (long range dependence , short range dependence and self-similiarity), Quality of
Service ((QoS), 'I'B algorithm and tratfic policing and shaping. In addition, the methods
used in the thesis are explained, e.g., fractional Brownian Motion simulation and Monte

Carlo method.

Chapter 3 firstly describes a complete dynamic system model, including a single traffic
model, a token bucket model and a multiplexor model. Then, in order to evaluate the
overall system performance, an ohjective functional is introduced in section 3.4, and the

utilization is defined in section 3.5.

Chapter 4 discusses control strategies. First, we analyze the feedback control with and
without time delay. Secondly, we propose a predictive feedback control using the principle

of least mean square error (LMSE).

Chapter 5 describes the configuration of the system, and some assumptions made for sim-
ulation experiments. Furthermore, the specifications of traffic traces are also presented in

this chapter.

Chapter 6 analvzes and summarizes numerical results which evaluate the performance of
LMSE predictor regarding to different values of prediction time delay and observation
window size. Then, the performance of the complete system model is investigated using

LMSE predictor.



Chapter 7 summarizes the achievements of the work and gives some recommendations

and ideas for further research.



Chapter 2

Basic Concepts

The terminology and fundamental concepts related to this thesis are briefly introduced
in this chapter. First, the definition of Quality of Service (QoS) is given in Section 1.
Secondly. the characteristics of network traffic are covered in Section 2. including short
range dependence. long range dependence and self-similarity. In Section 3 and Section 4,
the TB algorithm and its usage are reviewed and extended to traffic policing and shap-
ing. Fractional Brownian Motion is explained as a mathematical foundation of the traffic
simulator in Section 5, and Monte Carlo method is introduced to compute the expected

value of random numbers in Section 6.

2.1 Quality of Service

Quality of Service (QoS) in ISO (the International Standard Organization) standards
is defined as a concept to specify how good the offered networking services are [24-25].
QoS can be characterized by a number of specific parameters. Generally, the parameters
are associated with network service performance, such as end-to-end delay (latency),

variation in end-to-end delay (jitter), packet/cell loss and bandwidth. For the purpose of



the satisfaction of QoS in communication networks, different control technologies are used
to deliver traffic over the Internet. According to the level of the control over performance
parameters, e.g., delay, loss, jitter, and/or bandwidth, end-to-end QoS service can be

categorized into three basic levels:

o Best Effort Service: the first level of QoS, providing the basic connectivity with no
euarantees, servicing the tratfic Hows by FIFO queues. 'I'he Internet is an example

of best effort level of service, which is acceptable for email, most HTML, and FTP;

e Differentiated Service: the intermediate level of QoS, providing expedited process

for some traffic, servicing QoS well to the large classes of data or aggregated traffic:

o Guaranteed Service : the highest level of QoS, providing a reservation of network re-
sources to the specific classes of traffic, thus guaranteeing the delivery with required

level of service [24-25|.

2.2 Traffic Characteristics

In early days, it was common to apply Poisson process models (short range dependence)
to characterize network traffic behavior. However, current networks integrate an increas-
ing variety of traffic streams (applications), such as video, audio and data. As a result,
the network traffic becomes more complex. Recent studies on actual traffic traces show
that network traffic exhibits long range dependent or self-similar features [26-28|. Thus
the traditional models (simple Poisson model) become inadequate to capture the diverse
traffic characteristics in current networks. The trend to represent the characteristics of ac-

tual aggregated traffic becomes to synthesize a statistical model of long range dependence.

In the following section, some basic theoretical definitions will be reviewed to explain

short range dependence, long range dependence and self-similarity.



2.2.1 Short Range Dependence and Long Range Dependence

Consider a sequence of traffic arrival V(;) (1 = 0,1,2,...), where each V(¢;) is a discrete-
time second order stationary stochastic process with mean pu, variance ¢?, and auto-

correlation function
(k) = cou(V (1), V(tigs)) = E[(V(t:) — p)(V (trsi) —u)]/0?,  for k=0,1.2,.. ..

According to vy, this second order stationary process can be classified into either short

range dependent process or long range dependent process:

e Short Range Dependent Proéess, if

> (k)] < oo; (2.1)

k=—nc

o Long Range Dependent Process, if

oC

> k)] = oo (2.2)

k=—oc

Here we are interested in long range dependent process. For long range dependent process,
it turns out that ) decays to zero as k increases, according to the power law as follows

[21-22,29):
y(k) ~ const k¢ as k—o0, for 0<a<l (2.3)

In summary, the auto-correlation function of the traffic with short range dependent prop-
erty (SRD) falls off exponentially or faster. On the other hand, it decays much slower than

exponential for long range dependent traffic, usually obeying some types of power law [30].

10



2.2.2 Self-Similarity

Comparing Figure 2.1(a) with Figure 2.1(b), we can clearly obtain the notion of self sim-
ilarity. The curves at different time-scales resemble each other in Figure 2.1(a). However,
in Figure 2.1(b), the process is more irregular and chaotic at large time-scales. Hence, for
a self-similar process, the characteristic will retain the similarity regardless of the scale at

which it is viewed. The scale can be space tlengih, widily) or tie.

With this introductory figure, the definition of self similarity is given subsequently. Let
Vi) (i =10,1,2,3...) be an aggregated series obtained from the original V (¢;) over

non overlapping time intervals of size m, i.e.,
V) = {V(Eaoyeme) + V(Eiotyemaa) + .+ V {(t(iany) } /0
Then the auto-correlation function is giveu by:
(k) = E[(VO() — @) (VI (tgs) — w)l /o for k=0,1,2,....
V(t;) is self-similar if the following couditions hold:

(k) ~ k7° as h—o0. for O0<a<l.
YURY o~ (k). as k—oo,m— o0, for 0<a<l
This imnplies that if k and m large enough, auto-correlation depends ouly on k, not m.

That is, the correlation structure in the original process is preserved and repeated in the

aggregated process.

For the historical reasons, we use the Hurst parameter H = 1 — «/2 instead of . The

Hurst paramneter characterizes the stochastic process as follows:

e [f 1/2 < H < 1 (which is equivalent to 0 < a < 1), the process has long-range

dependence;

11
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o If H < 1/2, we imply that & = 2(1 — H) > 1, thus the process has short-range

dependence.

2.3 Token Bucket Terminology

The token bucket algorithin, a variant and immproved version of the leaky bucket algo-
tithin [6], is one of the well-known traffic control mechanisms used nowadays. It has been

implemented to regulate the transmission rate at the access node to the network [20].

According to TB mechanisin, a TB model is composed of one token bucket (pool), with
a predetermined capacity and a token generation rate {1-6]. There are two types of token
bucket. unbuffered TB (see Figure 2.2) and buffered TB (see Figure 2.3) {3]. Simply
implying fromn their names, the major difference is whether a data buffer has been added
between the traffic source and the token bucket or not. The data buffer is usually used to
hold the incoming traffic in the case of insufficient tokens available (explained in Section

2.1).

The operation of the TB is stated as follows: tokens flow into the bucket at the specified
rate; if the number of the tokens reaches the bucket capacity while new tokens are gener-
ated, the newly generated tokens will be thrown away. Traffic flows through the TB to the
network (depicted in Figure 2.2-2.3). Before being granted to access to the network, the
traffic (or called packets) must obtain a number of tokens, which are equal to the same
or any other equivalent number of the packet size. The packets will occupy the tokens in
the order of their arrivals. Traffic that successfully obtains sufficient tokens will be passed
on to the network instantaneously, and the corresponding number of tokens are removed
from the token bucket simultaneously. In the case of failing to obtain enough tokens,

there are two different situations corresponding to the type of the TB. For unbuffered

13
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TB, the traffic will be discarded immediately without entering the network, whereas for
buffered TB, the incoming traffic can be temporarily stored in the data buffer and wait
until sufficient tokens available. If the traffic buffer has infinite capacity, there is no traffic

loss during the transmission [1-7].

2.4 Traffic Policing and Shaping

A TB model can be used as a shaping or policing mechanisin depending on the data
buffer. For traffic policing implementation, there is only one token bucket without the
data buffer (see Figure 2.2). For traffic shaping implementation, a data buffer is inserted

(See Figure 2.3) to temporarily hold the incoming packets.

Both the shaping and policing schemes enable the network coutrollers to accommodate
to the burstiness during traffic transinission and restrict the output rate to a predefined
value. They share the same way to identify traffic descriptor violations. However. the

differenices between them are as follows:

e Traffic policers cau limit the data source to a configurable rate at the network border,
which ensures that each traffic source will not occupy more bandwidth than what
has been allocated (see Figure 2.4 [4]). In short, it bounds the traffic rate below a

specified value, and drops the packets immediately on traffic exceeding this rate;

e By using a data buffer, traffic shapers buffer the input traffic at the end of systems
and then send it out to the network at a controlled rate (see Figure 2.5 [4]). In
short, it smooths the traffic burstiness, re-parameterizes the traffic rate to comply

with a predefined rate, and introduces the artificial delay before transmission.
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TB is used as a traffic policer in the thesis.

2.5 Fractional Brownian Motion

Browiian motion was first observed by Robert Brown in 1827, He noticed that the motion
of pollen grain particles suspending in fluid is an irregular and unceasing movement. This
random movement was then called “Brownian motion” [23]. Here we introduce two types

of Brownian motion: standard Brownian motion and fractional Brownian motion.

Standard Brownian Motion

First, we look at the imathematical explanation of standard Brownian motion. A standard
Brownian motion or standard Wiener process over [0,T], noted as B(t). is a continuous

function ou t € [0,7] and satisfies the following three conditions:
1. B(0)=0 (with probability=1);

2. For 0 < s <t < T, the randomn variable given by the increment B(t) — B(s) is

normally distributed with mean 0 and variance t — s :

3. For 0 < s <t <u < v <T, the increments B(t) — B(s) and B(v) — B(u) are

independent.

Fractional Brownian Motion

Fractional Brownian motion is a random walk process that has a defined Hurst exponent,
denoted by Bg(t), t € R. With the Hurst parameter H € (0, 1), it is a continuous and

centered Gaussian process, and satisfies the following conditions:

1. B(0)=0 (with probability=1);



2. For 0 < s <t < T, the random variable given by the increment By(t) — By(s) is

normally distributed with mean 0 and variance |t — s|*# ;

3. Cou[BHf BH] = %%(tQH + 527 — |t — 5 |?H), where s,t > 0,02 is the variance.

Furthermore, the constant H determines the covariance of the stationary increments.
When H > 0.5, the increment is positive correlated, whercas when H < 0.5, the incre-
ment is negative correlated. When H = 0.5, then Bg(t) coincides with the standard
Brownian motion B(t). The value of parameter H represents a measure of self-similarity
in the traffic, and “burstiness”. It becomes possible to provide a traflic model to describe

the complex and self-similar characteristics of current network traffic.

2.6 Monte Carlo Method

The basis of “Monte Carlo method”. along with its name, was apparently first formed
during World War IT in Los Alamos when Ulamn. Nicholas Metropolis and John von Neu-
mann applied this technique to build better atom bombs. With the appearaince of faster
and faster computers, Monte Carlo methods widely spread in fields as diverse as neutron
transport problems. queuing theory, computer engineering and mauy others. By simulat-

ing random quantities, it can approximately solve the problems which cannot be evaluated

analytically or are too complex to be calculated easily [31].

In this thesis, the method works specifically on solving the integration problemn, the coum-
putation of an expected value of random variables and functions of random process. Con-
sider a random variable of X and compute the expected value of an arbitrary function ¢
of X, it can be calculated with

E(y(X) = 3 gla) fx(2)

TEX
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if X is discrete, and

E(g(X)) = / 9(@)fx(x)de

if X is continuous, where fy(x) is probability mass function or probability density function
which is greater than zero on a set of values x. Because sometimes the result cannot
he obtained divectly, Monte carlo estimator will approximate E(g{r)) by taking a large
number of sawples over the domain y and averaging the values of g(x;):

N

- 1
l(j]\r(\.'l') = N Zg(ll)

By the strong law of large numbers, if N gets large. gn(x) shall be close to F(g(x)).

Elgla) = Jim Gw()
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Chapter 3

System Model with Performance

Measures

In this chapter. a complete system model is presented with token buckets, which are used
as traffic policing elements in a computer network. In Section 1, based on a general traf-
fic model for simulation implementation, a doubly stochastic Poisson process driven by
fractional Brownian motion is developed as the input traffic source. In Section 2, the
analytical description is given to a TB based model. Based on this single TB model, a
complete system model is extended, which consists of N traffic sources, N TB models
and one multiplexor in Section 3. The objective function and the utilization are defined

in Section 4 to evaluate the dynamic system model.

The following symbols and their meanings will be used throughout the thesis:
1. {anb} = Min{a,b} , {aVb} = Maz{a,b}, for a,be R;
2. {and} ={a;Abj,i=1,2,--- N} {avb} ={a;Vbh,i=1,2,--- N}, fora,b€ R"

. 1, if the statement S is true
3. For boolean function I(.S) =

0, if the statement S is false.
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3.1 Traflic Model

Over the Past two decades, a number of traffic models have been proposed and studied
in traffic management area. Traditional characterization of the Internet traffic is based
on Poisson process, which exhibits short range dependence, Bernoulli process or more
generally doubly stochastic Poisson processes (26]. However, with the growth of the In-
ternet and the increasing diverse of tratfic, recent studies have shown that network tratfic
has self-similarity characteristic and long-range dependence (LRD) [27-28]. Self similar-
ity means that a certain property of traffic behavior is preserved over space and/or time
scales, and LRD is said to exhibit long term correlations that decay at rates slower than
exponential. On the other hand, the correlation functions of traditional traffic models

decay exponentially or faster.

3.1.1 A General Model

Size of Packet (Bytes)

L II

to t‘] tz t3 t wnm. tk tk+1 e we tN 1 tN Time Series

Figure 3.1: A General Traffic Model

In Figure 3.1, a general model is presented to simulate the incoming traffic [8-10]. A
discrete time series represents the traffic arrivals {V(¢;), k = 0,1,2,--- | K} generated by
the users’ applications, where V (¢;) denotes the packet size (measured in bytes) arriving

during non-overlapping time intervals [t;,¢x.1). This can be modeled as a marked point
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process where the event time is the point and the size of the packets is the mark. For

sitnplicity, the tine intervals are assumed of equal length.

3.1.2 Doubly Stochastic Poisson Process Model

2\ doubly stodlinstic Polsson process is one exadiple of inliciiogencous processes wliost
rate varies stochastically. It can be viewed as two forms of randomness: that’s associated
with the stochastically varying rate, and that’s associated with the underlying Poisson
nature of the process even if its rate 1s constant. Let N(¢) be a homogenous Poisson
process andd let A(¢). ¢ > 0 be a stochastic process indepeudent of N(#) and act as its
intensity function. That is, N(t) is a Poisson process conditional on A(t), which itself is

a stochastic process.

The intensity function chosen in this thests is a nonnegative function of FBM, denoted by
By (t). FBM itself is a self-simnilar process and constructed through the following integral

transformation of standard Brownian motion {B(t).t > 0}.
Bu(t) = /' Ky(t —s)dB(s),t >0, (3.1)
0
where Kg(t) is given by
Kyg(t) = CytH—2), % < H <1,

and C'y is any constant.

Thus, the intensity of Poisson process is obtained by
Mt) = |Br(t)],t = 0.

Therefore, a doubly stochastic Poisson process has been generated, which exhibits self-

similar and LRD. A sammple of DSPP trace is shown in Figure 3.2,
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Figure 3.2: A DSPP Traffic Modecl

3.2 Basic Model for A Token Bucket

In this section, we review the token bucket model developed in previous works [8-10]. The
TB model illustrated in Figure 3.3 is without a waiting huffer and acts only as a traffic

policer in this thesis.

The operation of this dynamic model of TB can be simply stated as follows. The incoming
tokens keep accumulating until they reach the capacity of the bucket 7. The number of
tokens offered during Ak — th time interval is denoted by u(t;) and the number of tokens
stored in the token pool is denoted by p(t). If the incoming tokens exceed the capacity ,
tokens in excess of the capacity will be dropped. Thus, the acceptable tokens during k—th
time interval can be represented by u(tx) A [T — p(tx)]. If the packet size of the arriving
traffic V'(tx) is less than the number of tokens available in the pool, the traffic is marked
as conforming traffic and will be immediately passed on to the network for queuing up
in the multiplexor. At the same time a number of tokens equal to the size of the packet
are taken out of the token pool. Thus the state of TB at any time is determined by

the algebraic sum of three terms: tokens left over from the previous time interval, new

23



Tokens Generate Rate (u)

Token
Bucket
Capacity (

Traffic Arnival ( ; Cunforming Traffic{ gt

DDD:‘>‘ G pooC—>

NonConforming  Traffic ( r(t))

Figure 3.3: A Token Bucket Model

tokens freshly added during current time interval and tokens consumed during current

v

time interval. As a result, the dynamics governing the status of the TB is given by the

following expression:

plterr) = p(te) + {ulte) AT = p(t)]} — g(tx), (3.2)

where g(tx) denotes the conforming traffic given by:

glte) = V() I{V (t) < [p(te) + u(te) AT = p(te)]]}- (3.3)

Obviously, the conforming traffic is equal to the arriving packet V(#;) provided that the
size of trafic arrival is smaller than or equal to the number of the tokens available in
the pool. Otherwise, the traffic arrival has to be dropped at the token bucket, then g(ty)

equals zero.
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The nonconforming traffic is defined as the traffic dropped at the token bucket by the
system, and it is given by

r(te) = V(te) — g(tr). (3.4)

3.3 A Complete System Model

A mathematical model is constructed to simulate a computer network. In this model, N
token buckets serve N individual users (traffic streams), and all the conforming traffic,
which have already been policed by the token buckets, are coupled to a multiplexor con-

nected to an outgoing link with a (bandwidth) capacity C'. This is illustrated in Figure 3.4.

AN—
3@

faz
‘ il

A >
N Traffic Sources N Token Buckets I Multiplexor

Figure 3.4: A Token Bucket Model

When the incoming traffic arrives at TBs, each TB implements its algorithm to police the
packet arrival by dropping the nonconforming traffic and accepting the conforming traffic.
All the conforming traffic are multiplexed and queued up to enter the multiplexor. As a
matter of fact, not all conforming traffic from TBs can be accepted by the multiplexor

because of the size limitation of the buffer size @) and the link capacity (speed) of the
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accessing node. If the suimn of these traffic exceeds the multiplexor size, some part of the

conforming traffic may be dropped. The discarded traffic is defined as the traffic loss at

the multiplexor.

The dynamics of a single TB is given by Equation (3.2). For a system consisting of N TBs,

served bv a sinele multiplexor. the associated variables are given hv mnlti-dimensional

vectors from RY listed as follows:

y

\

For the i-th TB, T;(ty) and p;(t;) represent its capacity and state,

T=(T)1Ts - ,ITn)

plte) = (pilt), pelte), s pn(te))

Vi(te) = (Vilte), Valte), - Viv(t))
u(te) = (ur(te) ualte), - un(te))
g(te) = (i(te), g2(te). - gn(ta))

r(te) = (ri(te). rate), - rv(ta))

u;(ty) is the token

generation rate. Vi(ty) denotes the incoming traffic injected to the 7-th TB. ¢;(¢;) and

ri(ty) denote the conforming traffic and the nonconforming traffic, respectively.

Since the sources are independent, the dvnamics of the system of TBs is now defined by

a system of N identical equations,

pi(te) = pulte) + {wilte) AT — pi(te)]} — 9:(tx),

where g;(t;) is the conforming traffic given by

(3.5)

9:(tk) = Vilte ) I{Vilts) < [oi(te) + wilte) A [T: — palte)]] )

andi=1,2,---,N.
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Hence, the traffic losses at the i-th TB, or the nonconforming traffic of the i-th TB, can
be expressed as

ri(te) = Vilte) = gilts)-
The conforming traffic is accumulated in the multiplexor. Due to the limitation of queue
buffer and the outgoing speed of the access node, not all the conforming traffic can be
accepted by the multiplexor. Durine the b-th time interval. the traffic accepted by the

multiplexor can be written as

> gilte) A1Q = ([q(ty) = Cx 7]V O)]. (3.6)

where the first term is the volume of all the couforming traffic provided by the TBs dur-
ing time interval ;. and the second term denotes the available buffer space after part of
traffic has already been delivered into the outgoing link during time interval t,. Hence,
the smaller of the two parts represents the fresh traffic that will be accepted during the

next tiine interval.

The state of the multiplexor. denoted by q(ts), is given by the volume of traffic waiting
in the buffer for service during the A-th tiue interval as follows:

N
altie) = la(t) ~ Cxrlv O+ S gt A[Q - (lg(t) - Cxrl V). (37)

i=1

The first term on the right side represents packets leftover from the previous (k-1)-th time
interval, the second term represents the packets accepted by the multiplexor during the
k-th time interval. This is a scalar equation governing the dynamics of the queue in the

multiplexor.

Clearly, part of conforning traffic may be dropped at the multiplexor. Therefore, the

traffic loss at the multiplexor is described as
N

Ly(ty) = Zgim) - _}:gi(m AQ — ([alty) — C x 7]V O)). (3.8)
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In summary, the dynamics of the whole access control protocol is governed by the system
of (N + 1) difference equations (3.5) and (3.7). This leads to the following nonlinear state
space model,

‘Xr(t}“+1> = F(tk? ‘X(tk)l ‘Ll(tk), ‘Y<tk))> (39)

where X = (p, ¢)" denotes the state vector, u is the control vector, V represents the input
traffic vector and F' is the state transition operator determined hy the expressions on the

right hand side of equations (3.5) and (3.7).

3.4 Objective Function

An objective function is defined to specify which system feature should be minimized
during the optimization. Obviously, traffic losses are the major concern in the evaluation
of the system cost. In general, the traffic loss at the TBs during the A-th time interval is

given by

Lr(ty) = er‘(tk) = Z[Vi(tk) — gi(te)].

while the loss at the multiplexor L () during the same time interval is given by equation

(3.8).

In addition to these losses, it is also important to include a penalty for the waiting time
or time spent in the queue before served. For simplicity, the cost is assumed to be linearly

proportional to the queue length. It is given by:

Lw(tk) = q(tk).
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Thus, the cost functional can be obtained by adding all these losses (cost) together. Since
the incoming source (or user demand) is a random process, the average cost has to be

computed as an expected value of the sum of all the costs. This is given by,

K K K
J(u) = E {Z a(t) Lo (t) + Zﬁ(tk)LT(tk) + Zv(tk)LW(tk)} : (3.10)
k=0 k=0

k=0
where o is the conmrol law thar determines the state of the system and hence the ndi-
vidual losses and finally the total cost. The functions a, 3,~ are the relative weights or
importance given to each of the three distinct losses, where the first one gives the average
weighted loss at the multiplexor, the second for the loss at the TBs, and tlie last one is
the penalty assigned to the average waiting time in the multiplexor (queue). The value

of the functions chosen reflects the different concerus of network controllers.

Since the exact stochastic characterization of the traffic is not available or unknown,
Monte Carlo method is employed to compute the expected values of the performance
measures (explained in Section 2.6 ). Let N, denote the nunber of samples used and let
Q= {w;,j=123-- , N} denote the elementary events or sample paths with finite

cardinality N, the objective functional (3.9) is then given by:

N A K K
1 s
J(lL)%J—,Z{ZOtk LM l‘;\ u,]) ZJ(IL/\)LT ZLA wj +Z"; t/, q t;, wj)}.(&ll)
> k=0 k=0

3.5 Utilization

In addition to the objective functional. the network utilization is also used to evaluate
the overall system performance. The total amount of data successfully transferred to the

network 1s marked as the actual transferred traffic, while the maximum transfer capacity
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is given by the link capacity. Utilization is then defined as ratio of the two, measured in

percentage by:

K N K K
oo Vilte) = | 20 La(te) + X Lr(ty)
_ k=0i=1 k=0 k=0
7 = S x 100%. (3.12)
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Chapter 4

Control Strategy- Feedback Control

Unlike open loop control which does not consider the status of network resources shared hy
competing users, the feedback control mechanism (closed loop control) exercises control
based on available informiation at the current system state. and it can adapt to any change
of network resources [16,19]. In Section 1 and 2, two scenarios of feedback control laws
are studied to evaluate system performance of the dynamic model presented in Chapter
3. One scenario is the feedback control law without feedback delay, and the other one is
the feedback control law with feedback delay. The results in our simulation have shown
that the feedback control with time delay highly degrades system performance [10, 35].
In order to improve the degraded performance and reduce the impact of feedback delay,
a predictive feedback control law is proposed in Section 3 corresponding to the scenario

in the presence of delay.
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4.1 Feedback Control in the Absence of Time Delay

For the system model presented in Chapter 3, a general feedback control law without

communication (plus service) delay is of the form:
U(tk) = G<V(tk)7 [)(t}‘), Q(tk)> ’ k - 07 1) 27 Y [{ - 1: (41)

where (7 18 a suitable function (to he determined) that maps the available data into a
control action. The data may be given by the collection {V € RV p € RN, ¢q € R'},

which denotes the input traffic, the states of the TBs and the multiplexor, respectively.

In order to avoid cell losses at the multiplexor and monopoly by any users, a permission
variable is included to compute the maximum permissible allocation for each user. It is

given by:

O.(ty) = 4 —th) /\f/\—, (4.2)
;Vi(tﬂ

wheree; =1,2,--- | V.

Clearly, each user’s share is determined by the smaller of two fractions: the actual demand
and the weight of permission assigned by the controller. If 1 < e; < r and the actual
demand is larger than <, the network provider withdraws the i-th user’s full permission
and allows other users to occupy the supplementary bandwidth. If ¢; = N, the actual de-
mand will be fulfilled. Thus by choosing an appropriate value of ¢;, the network provider

can control monopoly and even assign priorities.

Thus, the actual allocation for i — th user is as follows:

Aitt) = {€4(t) + |@ = [{atti) = €+ 7) v O]} A viltn) (4.3)
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Including the true allocation for each user, a simple feedback control law was suggested

by Qun Wang et al. [8-10] as follows:

wi(te) = GV (te), plte), a(te)) = {Ai(te) — pi(te) FT{Ai(tr) = pilte), Ai(te) = Vi(t) },
(4.4)
where A; is given by the expressions (4.2-4.3).

4.2 Feedback Control in the Presence of Time Delay

In the presence of communication and service delay, if the same control law G 1s used,
the actual control action would be different and given by the following expression, which

is nothing but the delayed version u? of the control u without delay (equation 4.1):
wl(ty) = G(V(tk~,,71),p(tk*mz).q(tk_,,,z)).k =012, K -1, (4.5)

where m;.7 = 1.2, 3. denotes the number of time slots by which information reaching the
controller is delaved. Note that, if the celay is less than one time slot (0 < m; < 1. i =
1.2,3). the actual control action is simply considered as no delay. It is clear from the
above expression (equation 4.5) that the current control is decided on the basis of past
status information and therefore can not be expected to he as effective as the control
without delay. In the presence of feedback delay, it is difficult to make an appropriate
decision to effectively allocate network resources or prevent traffic congestion on the basis

of delayed information, which results in the degradation of system performance (8-10].

4.3 Predictive Feedback Control

To reduce the impact of delay, traffic prediction, i.e. accurately providing the statistical

characteristics of traffic, becomes one of the key issues in network control engineering.
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Recently a number of traffic predictors have been proposed. However, some of those
predictors either performed offline control [14] or focused only a particular type of traffic
model [13,15-17]. The algorithm proposed in this thesis is called Predictive Feedback Con-
trol (PFC), which uses the principle of the LMSE technique. The experiments carried out
by Ghaderi,Capka and Boutaba have demonstrated that the LMSE predictor can achieve
the same accuracy as those fractional predictors [13]. Furthermore, the LMSE predictor is
much simpler to implement and does not require excessive computation. In addition, this
adaptive predictor is independent of the traflic model (statistics) and is useful for hoth
short range dependent processes and long range dependent processes. Those characters

make the LMNSE method possible to be implemented online and more robustly.

4.3.1 Prediction Scheme-LMSE

The LMSE algorithm, one of most common used adaptive algorithms. was first introduced

by Widrow and Hoff in 1959. Its practice is simple and has a reasonable performance.

Let V(tx).k =0,1,2.-- , K denote the history of the traffic process measured in terms
of bytes. The way to predict the incoming arrival is to use one segment of past history
records which are a number of time units ahead of the current time. Thus, the predicted
value can be expressed as a function of the given history records as follows:

Ws+Ty
V(te) = Z o Vite,), Ty>0, Wy>0, Ti+ W, <k, (4.6)
r=Ty

where Ty denotes the number of time units ahead of the current time, and W, denotes
the length of the segment of past history, which is also called observation window size. In
other words, T, is the number of time units by which the samples are delayed and W, is

the number of past samples used to predict the future traffic. Here the vector o denotes
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the weight or importance given to past samples observed.

The major objective of traffic prediction is to minimize the mean square difference (error)
between the predicted traffic and the actual traffic measured. The choice of the weight
vector « determines the level of prediction error. In order to determine the best weight

vector, the estimation ervor is defined as follows:

J(a) = E|V(t) - V()% (4.7)
Then
Tyt W
o) = EfV(E) = > o V()|
r=Ty
Ty+Ws
= E|V{t)l* -2 Z o E(V(t_r). V{te))
r=Ty
Td+”"_q Td—!—”/,
+ Y Y BV (tor), V() (4.8)
[=T(1 T‘=Td
where

(z.y) = Z:r.iy,;

1

denotes the standard inner product in RY. If X, Y are two /N-dimensional random vectors
having finite second moments, then E(X,Y) denotes the expected value of their inner
product. Since there are no constraints on o € RY, (d = 1W,). differentiating .J with

respect to a and setting it equal to zero, it can be obtained

Ty+Ws

Y BV (o, Vite ) = E(V(ter), V(t)), (4.9)

=Ty

Let A and b denote the matrix and vector as defined below,
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E(V(te_1,), V{tr_1,)) E(V(tk_1,) Vit_(ry4n) E(V(ti_1,), V(tso(Tyew.)))

A= BVt ran) Viteor) o EV(t_r40) Vite—ren)) - BV _(rap)h Vit (raw.)))

E(V(ti_rypwo b ViteoT)) o E0 Uk rytay) V_(ry0n)) - BE(VEk_rpaay), Vo rwy)))
BV (k) ViIte))

b

it

E(V(tk...(TdH))w V(tl.-))

E(V (i zyaw) VL)

Then equation (4.8) can be written compactly as Aa = b, and if A is nonsingular, the
solution is given by o = A~'b. Hence, the estimated traffic can be computed by the
following expression,

CTg+Ws
Vi) = > (A7), V(tiey). Ta > 0, W, >0, Ty + W, < k, (4.10)

r=Ty

where (A471b), denotes the r-th component of the vector 4-'b.

4.3.2 Predictive Feedback Control ’.

In order to minimize performance degradation caused by feedback delay, we can apply an

appropriate control based on the estimation of future traffic instead of the delayed control.

Since the system states (p,¢) are monitored and analyzed in real time, it is assumed
that the delays for the system states are less than one time unit, and are not taken
into consideration. However, the information of the incoming traffic will take time to be

transmitted and processed. As we know, the delayed information will lead to inappropriate
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control, which causes excessive packet losses and wastes network resources. In order to
take the place of the delayed information, the predicted information is incorporated to

the feedback control law for the incoming traffic, which is given by,

Qty) = Glp(te), g(te), V(te), 0<Ty<k—1, Wy >0, Ty+ W, <k (4.11)
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Chapter 5

Basic Data Used for Simulation

Experiments

The implementation of the system approach is introduced in this chapter, as well as the
assumptions of the system. The system parameters and configurations are interpreted in
Section 1. which help to construct a mathematical system model for analysis. Then, two
types of traffic model are presented in Section 2. which will be applied as the input traffic

sources for the system model.

5.1 System Parameters and Configurations

For simplicity, the first assumption throughout the simulation is that only three traffic
sources will be injected into the system. That is, three individual traffic traces, each of
4-second duration, are fed into three TBs and then the conforming traffic from TBs will
be directed to a multiplexor. In addition, four more assumptions will be followed during

the implementation:
e Three independent traffic traces share the same statistical characteristics and last
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4 seconds;

e The packet size is measured in terms of bytes and one token is consumed for each

byte that successtully passes to the networks:
e Three TBs are identical and have the same parameters:
o [eedback delay vnly occurs in the process of wallic information.

While calculating the objective function and considering the trade-off among different
losses. it is necessary to assign different weights to different tvpes of losses. such as losses
at the TBs. losses at the multiplexor and losses associated with the waiting time in quene.
[f a heavier weight is assigned to one particular type of loss, then, this type of loss will
he ’t,mnsla.ted into a lower loss probability. It is possible for some traffic (packets) to
he dropped at the TBs or the multiplexor due to the limitation of system resource. In
this particular case, it is preferable to drop packets at the TBs rather than discarding
them at the multiplexor. The reason for this is that if the packets have already been
admitted to pass the Token Bucket, the system should successtully transmit them to the
network instead of being dropped at the multiplexor. Otherwise, dropping packets at the
multiplexor will unnecessarily waste the network resources by first accepting packets into
the system and then rejecting them inside the system. Hence, concerning all the issues.

the relevant weights have been assigned to the different types of losses as follows:
e oft) = 10, the weight assigned to losses at the multiplexor;
o F(t;) = 5, the weight assigned to losses at TBs:
e (1) = 0.3, the weight assigned to the waiting losses in the queue.

The initial system states (TBs and multiplexor) are all set to zero as follows:

o pi(ty) =0: fori=1,23;
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e g(to) = 0.

We follow the characteristics of a typical network system and assume that all the packets
conform to the UDP/IP protocol in an Ethernet LAN. Therefore, in general, the packet

size varies from 64 bytes to 1518 bytes. The rest of system parameters are listed in Table

5.1.

Parameters Bellcore Traffic DSPP Traffic
T;,i=1,2,3, (T'B Capacity) 15180 Bytes 15180 Bytes

C (Link Capacity) 8 1\;1;17)9‘ N 8 l\ibps ]
Q (Buffer Size) 45540 Bytes 45540 Bytes

7 (Time Unit) 0.005 Sec 0.005 Sec

K (Number of Time Unit) 800 800

M (Sample Paths) 600 1000

e;.1=1.23 3 3

Table 5.1: System Configuration and Parameters

5.2 Specification of Traffic Traces

Two types of traffic are studied throughout the thesis, one is Bellcore Ethernet traffic
(BC-pAug89), downloaded from the Internet [33], and the other is a self-similar traffic,

using a doubly stochastic Poisson process (DSPP) driven by FBM.
The traffic trace, produced from one or several sources over a long period, will be divided

into small time units that do not overlap. Each partition contains the original information

in units of bytes, and lasts 4 seconds. The data series will represent the volume of traffic
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arriving at the TBs during each time unit.

5.2.1 Bellcore Traffic Trace

Bellcore traffic trace [33] was captured on an Ethernet segment at the Bellcore Morristown
Rescarch and Engincering Facility, This data st carvied a wmajor portion of the local traffic
mixed with all the traffic between Bellcore and the Internet. The trace was measured at
11:25 on August 29, 1989, and lasted 3142.82 seconds. The trace captured one million
Ethernet packets, whose size was between 64 bytes and 1518 bytes. Figure 5.1 shows part

of the trace which is divided into 4- second segments.
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Figure 5.1: Bellcore Traffic Trace

5.2.2 DSPP Traftic Trace

The DSPP traffic trace is produced by driving a non-negative function of FBM, explained
in section 3.1, as the intensity rate of a Poisson process. This trace will be used to simu-

late a self-similar traffic trace.
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It has been reported that for the traffic stream generated from a video-conference appli-
cation, the value of its parameter A usually lies between 0.6 and 0.75 [34]. Hence, for
the first DSPP trace, the value of the Hurst parameter is chosen as 0.6. For the second
DSPP trace, the first consideration is to take a higher Hurst parameter, so that the trace
will appear “burstier” than the first one. Another cousideration is to choose a parameter
that relates the traffic simulation with an actual traffic trace measured on line. Thus, the
Bellcore traffic trace (BC-pAug89) has heen widely studied and its value of the parameter
H lies in (0.79.0.85)

Based on the above facts. the value of the second parameter H is

selected to be (.8.

The value of C'y is chosen to be 15 throughout the thesis, which can influence the intensity

of traffic A(t).
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Figure 5.2: Hurst Parameter = 0.6 (a) Bg(t) (b)  A(t)=|Bg(t)]|

Figure 5.2 depicts the intensity rate of a DSPP traffic trace with the Hurst parameter
H = 0.6. Figure 5.2a is the value of FBM, denoted by Bpy(t), obtained by the equation
(3.1), and Figure 5.2b is the intensity rate A(t), i.e. the absolute value of FBM (|By(t)]).
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Using the data in Figure 5.2(b) as the input rate of a Poisson process, we are able to
produce a doubly stochastic Poisson process, which exhibits self-similar property. The

sample of the trace, lasting 4 seconds, is plotted in Figure 5.3.
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Figure 5.3: DSPP Traffic Trace (H = 0.6)

Figure 5.4 shows another set of the intensity rate with H = 0.8. The sample of DSPP

traffic trace with H = 0.8 is plotted in Figure 5.5
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Figure 5.5: DSPP Traffic Trace (H = 0.8)
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Chapter 6

Numerical Results and Analysis

In this chapter, numerical results are produced from the experiments corresponding to
the Bellcore traffic and the DSPP traffic. The performance of the LMNSE predictor is
studied with different values of observation window size and prediction time delay. Since
prediction time delay varies with the communication delay which causes delayved control
actions, the numerical results corresponding to required prediction time delays can be
used to evaluate the performance of the system described by the equations (3.5), (3.7)
and (4.10). Hence. the LNSE predictor will be incorporated into a feedback control law.
Then, based on the different input traffic, it will be shown that how the observation win-

dow size and prediction time delay influence the system response and performance .

6.1 Performance of the LMSE Predictor

The performance of the LMSE Predictor is evaluated for different observation window
sizes and prediction time delays, subject to the Bellcore traffic and the DSPP traflic. In
addition, the numerical results presented here explore the relationship between the Hurst

parameter and the prediction errors.
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6.1.1 Criterion of LMSE Performance

&

To illustrate the dependence of estimation error on the observation window size W, and
the prediction time delay 7}, the following equation is used to calculate the expected value

of tlic estintation crron:

BT, W) = BIV(0) = V()1 = || (5 3 (P(tew) = Visw))

8 ]:1

where w; denotes the j-th sample path and N, denotes the number of sample paths used.

The inverse of Signal-to-Noise Ratio (Ensg) is used to evaluate the quality of prediction

results. This is written as:

S E(T W2 (,% Y (Vitewy) - V(h-ww)))2
V()2 Y (V(t))? '

The smaller the Exgg. the more accurate the prediction result.

ENSR =SNR 1=

(6.1)

6.1.2 Prediction Performance with Bellcore Traffic Trace

In this section, the prediction results will be analyzed by feeding the Bellcore traffic with

different observation window sizes and prediction time delays.

(A) Comparison of Prediction Performance

Figure 6.1 shows the comparison between the actual traffic and the prediction result
corresponding to one set of multi-step predictor with a fixed observation window size

W, = 3 7. Figure 6.1A is the real traffic obtained from Bellcore Lab, and Figure 6.1B
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and 6.1C depict the estimated traces computed by the LMSE method corresponding to
different prediction time delays. Clearly shown in Figure 6.1, the predicted traffic trace
with the lower prediction time delay 7; = 1 7 appears more similar to the original one
than that with time delay T; = 3 7. Therefore, when doing a prediction, the further
the history information is behind the current state, the less accurate the prediction result

will be.

(B) Dependence of Eysr on Observation Window Size

Figure 6.2 shows the plots of Enxgr as a function of observation window sizes for fixed
prediction time delays as parameters. It is clear that for a fixed prediction time delay,
the error decreases with the increase of (observation) window size. This is expected be-
cause the more past records are used to predict the future traffic, the more accurate the
predicted output will be. On the other hand. it is also clear from this figure that. for a

fixed window size. prediction error increases with the increase of prediction time delay.

Furthermore, for a fixed prediction time delay, as the window size increases. the predic-
tion error tends to reach a lower limit. but still greater than zero. This means that by
simply increasing the window size we cannot expect to improve the performance beyond

a certain limit.

(C) Dependence of Eysg on Prediction Time Delay

In Figure 6.3, Ensg is plotted as a function of prediction time delay for fixed values of
observation window size. It is clear from these plots that for any fixed window size, Ensgr

increases with the increase of prediction time delay required. This is also expected.

Again for a fixed prediction time delay, as the window size increases the prediction error
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decreases. However, the level of decrease will slow down with large window size as illus-
trated in Figure 6.4. Clearly, there is no large difference existing among those 3 curves

with increasing window sizes.
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Figure 6.4: Prediction Error vs Ty - 2 (Bellcore Traffic)

6.1.3 Prediction Performance with DSPP Traffic Traces (H =
0.6, 0.8)

In this section, the predictor performance has been evaluated corresponding to DSPP
traffic traces with the Hurst parameter equal to 0.6 (DSPP-1) and 0.8 (DSPP-2), respec-
tively. The issue of how the Hurst parameter influences the prediction results has also
been discussed by using the increasing observation window sizes and different prediction

time delays.
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(A) Comparison of Prediction Performance

Here, the LMSE technique is applied to forecast two sets of the DSPP traces. Figure 6.5
and Figure 6.6 show the numerical results for the traces with the Hurst parameter H = 0.6
and H = 0.8, respectively. These two figures provide a good view to make comparison
between the actual traffic and predicted traffic traces using one step ahead and three
steps alicad predictor for two scts of traces. Clearly, the forecasted values in Figure 6.5B,
“which are obtained by using one step ahead predictor, appear closer to the actual values
in Figure 6.5A than those values in Figure 6.5C, which are obtained by applying three
steps ahead predictor. This 1s also true for the trace in Figure 6.6 for the Hurst parameter
H = 0.8. Therefore, based on a fixed numnber of history records. it demonstrates that if

the records are closer to the current state, the prediction result will be more accurate.

(B) Dependence of Ensr on Observation Window Size
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Figure 6.7: Prediction Error vs W - DSPP-1 Traffic (for H = 0.6)
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Figure 6.8: Prediction Error vs 1V, - DSPP-2 Traffic (for H = 0.8)

It is clear from Figure 6.7 and 6.8, plotted for two different Hurst parameters. that the
prediction error decreases when the observation window size increases for a fixed predic-
tion time delay. This is similar to what has been observed in the case of the Bellcore
traffic (Figure 6.6). The more history records are used for trafhic prediction, the more

accurate the result will be.

It's also noted that with the increase of the Hurst parameter, Engp decreases. Figure
6.9 demonstrates the relationship between Engsg and the Hurst parameter with a fixed
prediction time delay and three different window sizes. The result illustrates that the long
range dependence (LRD) property exists in those traces. The larger the Hurst parameter,
the stronger the correlation with past information, which results in reduced prediction

error with increasing observation window sizes.
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(C) Dependence of Eysr on Prediction Time Delay

Figure 6.10 and 6.11 offer another insight to analyze how the prediction time delay affects
the prediction accuracy. These two figures describe Exsg as a function of prediction time
delay based on fixed values of observation window size with the Hurst parameter H = 0.6
and H = 0.8. Clearly, for any fixed window size, Fysr increases with the increase of
prediction time delay and appears to reach a plateau, which appears similar in the pre-
vious case for the Bellcore Trafhic. It’s also noted that Engg is smaller with larger Hurst
parameters, which is further illustrated in Figure 6.12. [t demonstrates the relationship
between Engp and Hurst parameter dependence of prediction time delay with fixed ob-

servation window size.
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6.2 System Performance with Predictive Feedback
Control

As described in Chapter 1 and Chapter 4, communication delay in the network, resulting
in the delay in control actions, adversely affects the system performance [10]. In this
thesis, by forecasting the future traffic and state information, the impact of time delay
has been compensated. Thus, appropriate control actions, based on the prediction infor-
mation instead of delayed ones, will be taken to improve network utilization and reduce
the packet losses. In this section, simulation results illustrate the improvement of the

overall system performance by using predictive feedback control.
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6.2.1 Dependence of System Performance on Control Policies

In the experiment, five feedback control cases, listed below, have been considered to
evaluate the performance of predictive feedback control laws corresponding to two types
of traffic (Bellcore traffic and DSPP traffic). The numerical results, shown in Figure

6.13-6.15, are produced and analyzed corresponding to the following five control laws.

e Case 1: feedback control (without delay, 7, = 0)

Case 2: feedback control (with delay, T, = 1)

®

Case 3. feedback control (predictive feedback control, T, = 1, 1, = 1)

Case 4: feedback control (predictive feedback control. T, = 1, W, = 6)

e Case 5: feedback control (predictive feedback control, Ty = 1, 1y = 11)

(A) Bellcore Traffic Trace
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Figure 6.13: System Performance (Costs and Utilization, cases 1-5)- Bellcore Traffic
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In Figure 6.13, the weighted TB losses, the waiting-time losses, the total cost and the
utilization are listed for comparison. It is clear from Figure 6.13 that feedback control
without (communication) delay (case -1), achieves the minimum cost and the highest
utilization. The worst situation occurs in Case-2 with one unit of communication delay.
Provided with the delayed (traffic) information, the controller can not supply the required
number of tokens to match the incoming traffic. This leads to significant packet losses at
the Token Bucket resulting in degradation of performance and utilization. On the other
hand, by using the predictive feedback control law ( Cases 3-5), it is possible to reduce the
performance degradation significantly as shown. In all these cases we nse predictive feed-
hack control laws with increasing window sizes. It is clear (case-3) that the usage of this
control law substantially improves the performance despite communication delay. This
is further improved by using larger window sizes as seen in cases-4-5. System utilization
given by the thin curve shows that utilization is highest in the absence of communication
delay and lowest in its presence (case-2). It then increases if predictive feedback control

is used with increasing window size (cases 3-5).

(B) DSPP Traffic Trace

Performance results, shown in Figure 6.14-6.15, are yielded corresponding to DSPP traffic
traces with H = 0.6 and H = 0.8 using the same 5 cases as in Bellcore traffic. The results
have a similar general pattern as those of Bellcore traffic shown in Figure 6.13. Among 5
cases, case-1 maintains the lowest system cost and the highest utilization, and the worst
case is case-2 without any control optimization. With predictive feedback control law,
system performance is getting better with increasing window sizes in cases 3-5. The
loss at TB is progressively reduced with the increase of (observation) window size, and
the utilization is improved drastically with the growth of (observation) window size. In
summary, the predictive feedback control provides a good estimation of future traffic,

which is helpful in minimizing the packet losses and improving the utilization.
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6.2.2 Dependence of Cost on Observation Window Size

The cost function is a measure of overall system performance, which is plotted as a func-

tion of window size for 3 different values of communication delay.

(A) Bellcore Traffic Trace
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Figure 6.16: Svstem Cost vs IV, (for T; = 1,2, 3)- Bellcore traffic

Figure 6.16 shows the plots of total cost as a function of the observation window size
(W) with the fixed feedback delay (Ty). It is clear from this figure that system cost
decreases with increasing (observation) window size for any given communication delay

and it increases with increasing delay for any fixed window size.

(B) DSPP Traffic Trace

Again in Figure 6.17 (a,b), the system cost is plotted as a function of the window size
for two different values of Hurst parameters. It is clear that these results show a similar

pattern as those of Bellcore traffic shown in Figure 6.16. Comparing Figure 6.17a and
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Figure 6.17: System Cost vs W, - DSPP Traffic (for T, = 1.2.3) (a) H=0.6 (b) H=038

6.17b, it is observed that the cost reduction, with the increase of observation window size,
is again more pronounced for larger Hurst parameters. This is due to the fact that the
process with larger Hurst parameter has stronger correlation with the past, and hence
larger window size contains more useful information for a more accurate prediction of the

future traffic.

6.2.3 Dependence of Utilization on Observation Window Size

Systemn utilization depends on the volume of trafhic successfully transmitted to the net-
work. The utilization presented here is plotted as a function of observation window size

for three different values of communication delay.

(A) Bellcore Traffic Trace

Figure 6.18 gives another aspect of system performance. It is clear from these curves
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Figure 6.18: Utilization vs 1V ,-Bellcore Traffic

that utilization increases with increasing window size by feeding the same input traffic.
Noted that as the window size increases to a certain level, the growth of utilization slows
down. It illustrates that by simply increasing the window size, the packet losses cannot
be prevented beyond a certain limit. Again this is due to the same reason as mentioned
in section 6.1.2B. In addition, among three different values of prediction time delay, the
prediction accuracy is lowest with the largest prediction time delay. which also leads to

the lowest utilization.

(B) DSPP Traffic Trace

Dependence of utilization on DSPP traffic traces is plotted in Figure 6.19. Clearly, as the
window size increases, utilization increases, which has been observed also in Figure 6.18
for Bellcore traffic. The reason is that, by using predictive feedback control with increasing
window sizes, we improve the prediction accuracy and then reduce packet losses at TBs.
As a result, the total volume of traffic transmitted to the network increases, and then the

utilization increase.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

In this thesis, we have proposed and analyzed a predictive feedback control law, which is
applied to reduce the impact of feedback delay. The control law has been incorporated
in the system describing the dynamics of the token bucket access control mechanism and

the multiplexor.

During the implementation of the predictive feedback control, we have started by an
in-depth analysis of the prediction accuracy dependence of prediction time delay and ob-
servation window size. From the analysis, we are able to derive some useful guidelines
for the settings of these two variables, and we also find that by simply increasing the
observation window size for any fixed prediction time delay, the performance will be not
beyond a certain limit. Furthermore, we also study the relationship between the Hurst
parameter of the traffic and the prediction performance. It has been found that the pro-
cess with larger Hurst parameter exhibits long range dependence and strongly affects the
prediction performance. Finally, with new predictive feedback control law, we analyze

the improvement of the utilization and system cost, such as losses at the TBs, losses at
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the multiplexor and waiting time in the queue of the muitiplexor. From the simulation
result, we have been able to get an insight into the dependence of system performance on

observation window size, corresponding to different values of Hurst parameters.

In summary, according to the numerical simulation results presented in chapter 6, this
LMSE control law effectively improves the overall svstem performance and prevents net-
work instability. It also leads to a better understanding of the impact of Hurst parameters
on network performance. With this method, the impact of feedback delay has been com-

pensated without causing performance degraclation.

7.2 Future Work

The further study of the predictive control law could be of interest in the following issues:

1. To improve the system performance and compensate the prediction error, there is

a need of studying the buffered version of the token bucket in our system model;

2. Another challenging topic is to test the predictive feedback control law in a real

time environment.
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