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Abstract

Recent studies suggest that networks should be designed taking into account the long-range
dependence and high-variability properties of the traffic they carry. It has been proven in the
past that these two statistical properties can be properly represented using traffic models
based on a-stable self-similar stochastic processes. Assuming this traffic modeling approach,
in this dissertation we propose and evaluate some techniques for resource allocation. We
propose suitable envelope processes for the levels of bandwidth demand which allows us to
develop static resource allocation schemes. The proposal is based on a generalization, to the
a-stable case, of the concept of probabilistic envelope processes, which have been previously
defined for simpler models. It is shown that, with this approach, we can simply and
effectively deal with much of the argued complexity encountered in a-stable models and
develop techniques for proper dimensioning of network elements. From our analysis it is
concluded that the presence of heavy tails in the distribution of the traffic process has a
severe impact on the requirements of network resource. For instance, the multiplexing gain
is negatively affected, which directly impacts the scale economies expected by service
providers. In order to cope with these issues, dynamic resource allocation is also considered.
A dynamic prediction-based resource allocation method is introduced and evaluated. It is
shown that it significantly improves network utilization over static resource allocation
schemes in trade for some signaling and processing overhead. Although other schemes based
on prediction have been proposed, we use a novel linear prediction algorithm for symmetric
fractional stable noise. This approach is intended for some traffic classes whose marginal
distribution exhibits a heavy tail. The linear prediction algorithm we use was recently
introduced by other researchers, but has not been studied in detail. Therefore, its
performance evaluation is also carried out. In addition to this study on the prediction-based
approach, a dynamic resource allocation scheme based on envelope processes is also
introduced and evaluated. We conclude that when a-stable models are properly used and
interpreted, they let us accurately represent network traffic and therefore design and analyze

reliable resource allocation mechanisms.
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Chapter 1

Introduction

The immense number of complex interactions, taking place in today’s networks, makes the
planning and control of telecommunications systems a difficult task. Traffic generated by
different applications is transferred by diverse protocols coexisting in heterogeneous
physical links. In addition to the issue of complexity, factors such as increasing network size,
dynamic routing, changing congestion levels and the evolution of the hardware and
applications seem to indicate that whatever can be said at a certain instant, about the network
operation, will not be valid at a different point in time. These factors prevent us from
defining what could be considered a typical situation. Accordingly, traffic controls must be
designed considering a wide spectrum of realistic scenarios. Use of oversimplifications in
the analysis and design of traffic control algorithms may be misleading, resulting in inability
to satisfactorily meet the requirements of the traffic sources.

In [29] Floyd et al. tried to identify a set of invariant elements across the Internet.
Two of them are of particular importance in the case of aggregate traffic modeling: the self-
similar property of several traffic classes and the heavy-tailed distribution of the levels of
network activity. Although the impact of these statistical characteristics on network
performance is still subject of some controversy (e.g., see [80]), it is undeniable that
available performance analyses strongly suggest that they may be responsible in part for the

congestion commonly encountered in the current infrastructure.



Several issues arise with better understanding of the statistical properties of network
traffic and their relevance. One of them is that there is an evident necessity of using more
realistic traffic models in the simulation of telecommunications networks, so that their real
performance can be observed. Another consequence is that new or enhanced traffic controls
must be developed and evaluated using more accurate traffic models. Traffic controls
developed assuming earlier traffic models with finite-variance distributions (i.e., more
smoothly varying) are expected to underestimate the resource demand. This is the motivation
behind this dissertation: the development of traffic control mechanisms that take into

account the real behavior of network traffic.
1.1 Hypothesis to be tested

It is assumed that models based on a-stable self-similar stochastic models are more suitable
to represent aggregate network traffic when compared with more traditional approaches
based on Gaussian processes. This is a valid assumption since it has been satisfactorily
proven in the past [33] [46] that a-stable self-similar stochastic processes are able to
simultaneously and parsimoniously capture the following two properties of aggregate
network traffic: long-range dependence and heavy tails. We theorize that since these two
relevant statistical properties of network traffic are properly captured using this modeling
approach, it can be effectively used in the development of more reliable schemes for
resource allocation as compared with currently used approaches. This is an important issue
since use of effective resource allocation techniques will allow the network to support
applications with stringent quality of service requirements and therefore, improve customer

satisfaction.



1.2 Methodology

Resource allocation policies can be classified into two different categories: static and
dynamic. Static approaches are easy to implement and are usually encountered in network
technologies supporting quality of service guarantees. In turn, dynamic allocation schemes
achieve higher network utilization, but they incur in some signaling overhead which makes
them difficult to deploy.

In this work some resource allocation techniques are proposed and evaluated
assuming traffic models based on a-stable self-similar stochastic processes. For static
reservations it is proposed to compute the amount of bandwidth to be allocated using the
concept of a probabilistic envelope process. This idea has been explored by other researchers
assuming more traditional models; but in the case of the a-stable ones, the corresponding
envelopes have not been defined. Therefore, first we propose a suitable envelope process and
then we use it in the context of bandwidth allocation. The main difference with respect to
previously defined envelopes is that our proposal takes into account the large deviations
occurring in a traffic process. Therefore, with our approach we expect to find improvements
in performance when the traffic process under consideration exhibits heavy tails. The
evaluation is carried out through computer simulations and direct computation of some
performance metrics.

For dynamic reservations two approaches are considered in order to estimate future
bandwidth requirements in a traffic process. One is based on the use envelope processes and
the other one uses the prediction algorithm described by Gallardo et al. in [32]. However,
this prediction method has not been thoroughly studied and a number of issues arise when

implementing it. For instance, the selection of an appropriate order for the predictor remains



as an important issue to be satisfactorily justified. In order to address this and other issues,
we carry out its performance evaluation through extensive simulations since it becomes very
difficult to analyze by other means. We then use these techniques in some strategies for
dynamic bandwidth allocation and evaluate their performance.

It is worth emphasizing that in this work we do not focus on a particular network

platform; we rather provide techniques that can be implemented in diverse technologies.
1.3 Organization of the manuscript

Chapter 2 covers most of the concepts and methods used through this dissertation. It is
included with a twofold purpose, it is intended to be used as a quick and handy reference
while reading other sections of the document and it also allows us to introduce the notation
used in this work.

Chapter 3 provides a literature review on the topic of traffic modeling and queueing
analysis using fractional stable processes. In this section we make use of available results to
show that the long-range dependence and high-variability properties of network traffic have
a significant impact on the performance of a queueing system. This is an important matter
since it justifies our interest in: a) the use of these traffic models to conveniently represent
the two aforementioned statistical properties of network traffic and, b) the development of
more effective mechanisms for resource allocation than the ones currently used.

In Chapter 4 we develop the topic of static resource allocation. As previously
mentioned, the approach we follow is based on the use of probabilistic envelopes for traffic
models based on fractional stable processes. This sort of envelope has been defined for
simpler models and some analysis methods are already available. We build on this

knowledge and generalize related concepts and methods as to consider a-stable processes.



Dynamic resource allocation is the topic to be developed in the second part of the
dissertation. This service policy can be implemented through several techniques, but the
approaches we use are based on envelope processes and on linear prediction of symmetric
fractional stable noise. The linear prediction algorithm under consideration is thoroughly
evaluated in Chapter 5 since it has just been superficially studied and related studies are
scarce. In Chapter 6 we propose and evaluate some strategies for dynamic resource
allocation.

In addition to several conclusions given at the end of some chapters, we end this
dissertation in Chapter 7 with some comments, conclusions and recommendations for future

work.
1.4 Research contributions
In a succinct way the contributions of this dissertation can be listed as follows:

e Previous works on traffic modeling with fractional stable processes used exclusively
either: non-skewed [33] or totally skewed to the right [46] distributions. Instead of
assuming a fixed skewness in the distribution, in this work it is shown that the degree
of asymmetry on the traffic is an additional factor that can be properly modeled using
general a-stable distributions.

e Recently defined envelope processes for some traffic models take into consideration
the long-range dependence property of network traffic, but not the heavy tail of its
marginal distribution. In this work, the concept of envelope processes is generalized
one step further in order to consider discrete and continuous long-range dependent
traffic models exhibiting heavy tails. Available methods of analysis and design using

envelope processes are also extended.



e Due to the scarce availability of related studies, a thorough experimental study on the
performance of the prediction algorithm introduced by Gallardo ef al. in [32] was
carried out. Whereas this algorithm was found to be robust under likely parameter
estimation errors, it was also found to be inaccurate in some regions of the parameter
space. Some optimization procedures are proposed and tested. It is also concluded
that information about long-range dependencies in the traffic is of marginal
usefulness for linear prediction.

e Some strategies for dynamic bandwidth allocation are proposed and experimentally
evaluated.

Parts of this dissertation have been published in conference proceedings [60] [61] [62]

[63] (see also the joint contributions [41] and [42]) and in a journal article [59].



Chapter 2

Background concepts

2.1 Heavy-tailed distributions
The distribution of a random variable X is called heavy-tailed if [56]"

P{X >x}~L(x)x™ as x> and 0<ar <2, (1)
where L(x) is slowly varying at infinity (i.e., lim_, L(ax)/ L(x)= 1 for all @ > 0). Note that
the smaller the a, the more significant the amount of probability mass in the tail of the
distribution which means that the random variable can take values far away from the median
with non-negligible probability. It can be easily proven that when a<1 the distribution does
not have a mean value. Furthermore, when a<2 it has infinite variance.

2.2  a-stable random variables

a-stable random variables are examples of distributions that can exhibit heavy tails. The term
stable comes from the fact that addition of independent a-stable random variables, with the
same tail decay (i.e., common index a in Equation (1)), results in a random variable that is
also a-stable with the same tail behavior. Following the notation used in [81], Su(c; 5 1)

stands for an o-stable distribution with index of stability o (0<a<2), scale parameter o

' We use the notation a~b, to represent that the quantities @, and b, are asymptotically proportional (i.e.,

>



(020), skewness parameter S (—1< 8 <1) and shift parameter z (z€R). An a-stable

random variable X can be defined in terms of its characteristic function

exp| jub—-o* Igla .(1 -jB- sign(e). mn(f[—zgjﬂ if a#1,
D, (‘9) =FE [exp(j ex )] =1 i )

exp| jul— O'IO| . (1 +jp- % . sign(@)- lnl9|)] if a=1.

\ L.

In particular, a random variable X is symmetric a-stable (SaS) if and only if X~ S(5;0,0) 2.
In this case (2) simplifies to
@, (0)= exp(— o’ |6’|a ) 3)

Generally speaking, o-stable random variables lack of closed form expressions for
their probability density functions. An important exception is the setting a=2 which leads to
the Gaussian distribution. The other known exceptions are the Cauchy (a=1, f=0) and Levy
(a=1/2, B =1) distributions [81 p. 9].
2.2.1 Some relevant properties of a-stable distributions
Shift and multiplication by a constant. Let X ~ S, (0', B, ,u) and let a be a real constant. The

following properties can be easily demonstrated [81 p. 11]:

X+a~S,(c,8u+a), (4)
a-X~8,( lalo, sign(a)B, au) if a#1,
: 2 : &)
a-X~§, |a o,sign(a)pB,ap— —a(ln|a|)o;8 if a=1landa=0.
7

“Stability.” Let X; and X; be independent random variables such that X; ~ S, (o}, 8;, 1),

for i = 1, 2. From their characteristic functions it can be demonstrated that [81 p. 10]

% We use the notation X~f(x) to represent that the random variable X has the distribution f;(x).



] /o o’ +p,0%
X, +X, ~S0,(o',,B,,u)w1tho-=(o'1"’+0'§‘)l ,,B=ﬂ10_la+ and p=p +py.  (6)
1 2

Existence of moments. Let us consider an a-stable random variable X~S,(c; 8 1) with

O0<a <2. The existence of moments for X is conditioned upon the value of its index of

stability a [81 p.18] [70 pp. 22-23] as follows:
E[|X|P]1< o forany pe(0,e) and E[|X|"]=o0 for p2a. (7)

Tail behavior. For 0 <a <2 the tail probabilities of X~S,(ac; 5 1) behave according to the

following asymptotic behavior [81 p. 16]:

lim_, x*P{X >x}=C, %a“
(8)

lim

e X2P{X <—x}=C, —T’Ba
l-a

here C, =
WASHE Ta I'(2-a)cos(ra/2)

for a#1 and C, _2 for « =1. This property shows
T

that the a-stable random variable, with a <2, is indeed heavy-tailed.
Dispersion. A useful quantity derived from the parameters of a stable distribution is its
dispersion 7. It is obtained as

y=0% . )
Let again X; and X, be independent a-stable random variables and a, b real constants. From
(5) and (6) it can be easily proven that if a random variable X is defined as X = aX; +bX,

then its dispersion is given by
7x =71|a|a+72|b|a (10)

where y; and y; are the dispersions of X; and X3, respectively.



Codifference. Let X, and X; be two jointly SaS random variables, a measure of the statistical

dependence between them can be obtained through their codifference 7, , defined as [81
p. 103]

Tx, x,-0% +t0%, ~ 0% x, (11)
where 6 , 0, and oy _ are the scale parameters of X, X; and (X;-X) respectively.

2.2.2 Parameter estimation for a-stable distributions

Several estimation methods for the parameters of a stable distribution are currently available.
Although they are based on diverse principles, a recent performance comparison among
some representative techniques [6] concluded that there is not a single approach consistently
superior to the others. The most commonly used methods are based on sample fractiles (e.g.,
[26]) or on the sample characteristic function (see [70 Chapter 5] for a survey). The method
selected for this work is a combination of both and relies on a procedure introduced by
Koutrouvelis in [54] and [55], which haé shown consistently good results over large portions
of the parameter space [6]. As it will be explained, Koutrouvelis’ method is based on the
following two relations resulting from applying some transformations to the characteristic
function (2):

In(~ Re(In(®(9))) = « In|6|+a In(o) (12)

and for o #1
Im(in(®(8)))= u6 + po*|6|* Sign(ﬁ)tan(%) . (13)

Assume that given N samples of an a-stable random variable (X pi=1,N ) with

1<a <2, we wish to find the estimates &, 3, 6 and 2 for the parameters of its distribution.
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Since we are considering the case a >1, the mean of the random variable exists (see
Equation (7)) and it equals the shift parameter x4 [81 p. 19]. Therefore, we can use the sample

mean to find /. An initial estimate for the scale parameter &, can be obtained through the

sample fractile method assuming a symmetric distribution for the data (see Appendix C for a
description of the method). Once the parameters y and o have been estimated, it is

convenient to normalize the sample data by transforming each data point X; to
X, = (X ;= ,[t)/ & ,. The distribution of the set of transformed points has approximately zero

mean and unitary scale parameter, but retains the same values for a and f (see Equations (4)
and (5)). It is interesting to observe that under these conditions, Equations (12) and (13) can

be simplified as follows’:
In(~ Re(in(®(6)))) = a In|6) (14)

and
Im(in(®(0))) = Bl6" sign(e)mn(lz"i) . (15)

When we know that the sample data were drawn from a symmetric distribution, we can use
(14) to extract the remaining parameter. However, in the general case we have to consider

that the estimate &, provided by the fractile method is just an initial estimate and has to be

adjusted in order to take into account the degree of skewness in the sample data. Using (12)

instead, observe that this equation fits the linear model y=ax+b with
y =in(~ Re(In(®(9)))), x=1Inl6|, slope a and y-intercept b =aIn(c). Therefore, given a set

of ordered pairs {(x;,y; bk =1,---,K }, a linear regression model let us determine & and & .

* We use the notation a = b to represent that the quantities @ and b are approximately equal.

11



Samples of x can be calculated using an appropriate set {Gk;k =L--,K } The corresponding

samples of y can be obtained using the sample characteristic function:

“ 1 & ,
(6, )= -ﬁZexp(ijX,.). (16)

i=1

The authors in [53] proposed that if normalized data are used, @ can be sampled using as few
as ten evenly spaced points within the interval [0.1, 1]. It is worth mentioning that since we
are using normalized data in (16), the resulting estimate for the scale parameter has to be re-

scaled by the initial estimate &;.

Whereas in the symmetric case the previously described procedure determines all the
parameters of the distribution (see [52]), an additional step is required to determine f in the

general case. Observe that (15) also fits a linear model y = fx with y = Im(in(®(9))) and

x=|¢9|asign(9)tan(ﬂa/2). Therefore, f can also be extracted from a linear regression

model on a set of sample points {(x;,y; sk =1,--,K} with @ sampled as previously

explained.
2.3 Self-similarity

A stochastic process exhibits self-similarity if it preserves its statistical properties under
judicious scaling over time or space. Following the standard definition of self-similarity [81

p. 311], a continuous time process {X(¢),z € R} is called self-similar with index H >0 (H-

ss) if for any a >0 the finite-dimensional distributions of {X(at),z € R} are the same as the
finite-dimensional distributions of {a” X (t),t € R}. In other words, for any d2>1,

tisty,.nt;€R and a>0, the random vectors (X(at),X(aty)....X(at;)) and

(aH X(t) a™ X (2, ),...,aH X(t, )) have the same distribution. As a consequence of this, for a

12



fixed time index, the marginal distributions of a self-similar process obey the following

scaling property:

X(at)2 4™ x() 17

d
where = means equality in distribution. Note that X(af) and X(¢) do not have the same

distribution and therefore, a process satisfying (17) cannot be stationary.
The notion of self-similarity can also be applied in the context of stochastic processes

with discrete time index resulting in closely related (but not equivalent) definitions. Let

Y= {Y isJ € Z} represent a (wide-sense) stationary time series. For each m=1,23... let
Y™ = {Yj('"), Jje€ Z} represent a new process obtained by aggregating the original one Y over

non-overlapping blocks of size m, i.e., ¥ j(m) =Ym-ms1 +---+Y,. It is said that ¥ is self-

similar if [19] [75] [86],

d
Y™ =my, s m21. (18)
Self-similarity is often investigated through the behavior of the autocorrelation

function. The process Y is called exactly second order self-similar if Y (’")/m possess the

same autocorrelation structure as the original process for any m >1 and asymptotically
second order self-similar if this property arises when m — o [16] [56]. Alternative, not
equivalent, definitions of self-similarity have also been proposed [86].

We end this section by introducing the notation H-sssi to denote a process that is self-

similar with index H and has stationary increments.
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2.4 Long-range dependence

The standard notion of long-range dependence involves the tail behavior of the
autocorrelation function of (wide-sense) stationary time series [92]. Assume a stationary

time series ¥ = {Y; Jje Z} such as the unitary increments of an H-sssi process X={X(¢),z € R}
(e, ¥Y;=X ( ¥ +1)—X ( j)). The discrete time process Y is said to exhibit long-range
dependence if its autocorrelation function p(k) has the following decaying behavior [8]:

plk)~L(k)-k™, as k> (19)
where 0<d <1 and L(k) is slowly varying at infinity. It is important to observe that (19)
also implies that the autocorrelation function is not summable, i.e., Z . plk)=co. The
presence of the long-range dependence property also implies that the spectral density,
defined as f(A)= Z f p(k)e"k’l , diverges at the origin like a power function, i.e. f (/1) —> 0
as A—0. In contrast, a process shows short-range dependence if its autocorrelation
function follows an exponential decay [8], i.e., p(k)~ a* with 0<a <1, as k> . It can
be seen that in this case the autocorrelation function is summable, i.e., z . plk) <.

It is important to mention that even though the terms “(second order) self-similarity”
and “long-range dependence” are not equivalent, they are frequently used interchangeably in
the literature. This is due to the fact that both refer to the tail behavior of the
autocorrelations. Furthermore, the increments of a finite variance H-sssi process exhibit
long-range dependence as long as 1/2 < H <1 with the parameter d in (19) related with the
index of self-similarity H through the expression [56][1 p. 48]

H=1-d/2. (20)
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Note that the long-range dependence of a process has been defined in terms of the
behavior of its autocorrelation function and spectral density. However, when we consider
processes with a-stable marginal distributions (e.g., the increments of an a-stable H-sssi
stochastic process), second order moments can only be obtained for the Gaussian case (i.e.,
a =2). For o <2 second order moments are non-existent (see Equation (7)) and therefore,
correlations and spectral densities cannot be obtained. Nevertheless, the sample

autocorrelation function converges in probability for a large class of processes with marginal

o0

distributions of infinite variance. More explicitly, let {Y, =Z cU.,, jeZ} be a

emmeo K
stationary moving average process where {Uj} are iid a-stable random variables with
O<a <2 and the real sequence {cx} satisfies some mild conditions as specified in [21].
Theorem 4.2 in [21] can be used to affirm that the normalized sample autocorrelation
function ﬁ(k) computed from N consecutive samples {Yj, Jj=L.,N } as

N-k
ZYij+k
ple)=L—— ;k=0,.,N-1, (1)

N

2
Yj
=

converges in probability, as the sample size increases, to the autocorrelation function defined
by plk)= Z;_w €iCuk / z;_w ¢} corresponding to an analogous process where the {Uj}

have finite variance (i.e., a=2).

The absence of autocorrelation has motivated alternate definitions of long-range
dependence for infinite-variance processes (see [12]). The asymptotic behavior of the
codifference (see Equation (11)) can also be used to study long-range dependence in the case

of SaS processes. In the skewed a-stable case, there are some other quantities closely related
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to the codifference that can be used instead [81 p. 213] [93]. Using this criterion, a stationary

process {YJ ,J € Z} is long-range dependent, in the codifference sense, if
(k) ~ L(k)t ™, ask — (22)
with (k)= ., 0<d <1 and L(k) as defined for (19).

2.5 Fractional stable motions and fractional stable noises

We will consider the following two self-similar processes with index H and stationary
increments (H-sssi): linear fractional stable motion (LFSM or {L,x(f), t€R}) and Log-
fractional stable motion (Log-FSM or {AJf), teR}) *. For these two processes the
statistical dependences among samples of their increment process decay to zero as a power
function (see [81 pp. 367-370]). The marginal distributions of these processes are not

restricted to be Gaussian, they can be a-stable (i.e., let {X(¢)~0 <z <} be one of the
considered a-stable H-sssi process, for a fixed ¢ we have that X(¢)~ S, (0', , B ,0)). A LFSM

process is defined as [81 p. 343]:
L, ()= [flex)Mdx), -0<t <o (23)

where M (dx) is an a-stable random measure on R with Lebesgue control measure and

skewness intensity f(x) with S(-)=0 if a=1 (let us assume a constant intensity S(-)= f). In

addition, the kernel function f (t, x) is given by

* The term “fractional” was proposed by Mandelbrot in [65] to denote those sequences whose experimentally
obtained sample spectral densities follow a power law near the origin (see [50] for an in-depth explanation).
Such behavior has been observed in a large number of phenomena occurring in diverse areas such as physics,

engineering, economics, music, weather, traffic and hydrology [91].
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fe,x)=ale-x), "V —(=x), 7] + bl(—x) 7V —(x) 7V (24)

where H #1/a,

z ;z20 0 ;z=0
z, = and z_ =
0 ;z<0 -z ;z<0

The parameters a and b are arbitrary real constants with |a| +|b| > 0, although some specific

values and relations between them are frequently used. For instance, the process is called
balanced when a = b, well-balanced when a = b =1 and anti-balanced if a =-b.

By analogy with the case a=2, it is considered that when H>1/a the increment
process of LFSM displays long-range dependence. Since the parameter H is restricted to lie
within the interval (0, 1), then o must be greater than 1 for the long-range dependence
property to be present.

In turn, a Log-FSM process is defined as [51] [89]:
A 0= [flex)M(dx), -0 <t <o (25)

where M(dx) is again an a-stable random measure as previously defined for (23) and the

kemel function is:

[, x)=1(t - x)-1(x) (26)

where

l(z): {?M ior Z i 0,
orz=0.

For the Log-FSM process, its parameters satisfy the relation H=1/a, where 1<a<2.
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A fractional stable noise (FSN) sequence {Y »J € Z} represents the increment during

the j-th time interval of unit length of an a-stable H-sssi process. From the previous
definitions we can see that linear fractional stable noise (LFSN) can be obtained from LFSM

as follows:
Y,=L,,(i+1)-L, (), jezZ @7)
Similarly, Log-fractional stable noise (Log-FSN) can be generated from Log-FSM by
Y, =A,(i+1)-4,0)), jez. (28)
We will use the term FSN to denote either LFSN or Log-FSN. It can be generalized

that

= [[G+10)-7G0] M(an) = JaGin) a7 @)

A
where = means equal by definition. Figures 2.1a and 2.1b show the integration kernel of two

LFSN processes with different values of d=H-1/a. The considered cases are: the well-
balanced and an anti-balanced (¢=-b=1 in (24)). As observed on the figures, with cl‘ose
values between H and 1/a, the integration kernel of the LFSN tends to produce degenerate
processes. In these cases, the kernel of the well-balanced LFSN tends to a function which is
equal to zero everywhere, except at the singularities j and j+1, leading to the generation of a
null process. In turn, the kernel of the anti-balanced process becomes zero everywhere,
except in the interval (jj+1), leading to the generation of uncorrelated noise. Figure 2.1c

shows the kernel of the Log-FSN.
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Figure 2.1 Kernel at j=0 for: a) well-balanced FSN (a=b=1), b) anti-balanced FSN (a=-b=1) and ¢) Log-FSN
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The stationarity property of the increments a fractional stable motion {X (t),t € R} let

us determine the distribution of its FSN sequence {Y Jel } since

Y; =Xx(j+1)- Xx( j)i X(1)- x(0). But X(0)=0 a.s., thus:

¥, = X(0)~ 5, (01.,.0). (0)
Renaming oy =0y and fy = f; we can use the notation ¥; ~ S, (oy,By,0). The process
Vi =Y, /0y , j€Z 31
is called standard fractional stable noise and is normalized in the sense that the scale
parameter of its marginal distribution equals 1.
Fractional Brownian motion and Brownian motion can be obtained by setting o =2

in (23) and (25) respectively, from which in turn we can obtain fractional Gaussian noise and

white Gaussian noise when we apply (27) and (28), respectively.
2.6  Synthesis of symmetric fractional stable noise

In the case of FSN processes with symmetrical marginal distributions (29) can be restated (in

distribution) as the following discrete time moving-average expression (see [32] for details):

Y= Y 4i-K)U, . jez (32)

=—0a0

where {U,} is a set of standard independent and identically distributed SaS random

variables, i.e. Uy~ S(1,0,0), and the coefficients ¢(j-k) are given by

k+1 Ya
$G- ) { flso )" dx] 0. (33)
k
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It can be observed from (32) that a symmetric FSN process with parameters H and o

can be generated by a linear filter driven by symmetric a-stable noise. The dispersion of Y

can be determined by applying the result stated by (10) into (32). Thus we obtain:
rr=0o7 =2 ¢"(k) (34)
k=-o0

where we have taken into consideration that the dispersion of Uy, results in a unitary value.

Observe that y, does not depend on j.
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Chapter 3

Aggregate network traffic modeling

Many researchers tried to determine the intrinsic characteristics of network traffic during the
past several years. As a result of this effort, a number of studies concluded that traditional
models, based on short-range dependent processes, cannot describe the behavior of real
network traffic (e.g., [76]). The work by Leland et al. reported in their seminal paper [56]
demonstrated that Ethernet LAN network traffic is rather self-similar in nature, with
statistical dependences decaying so slowly that they span across several orders of magnitude.
Since then, subsequent researchers have found and tried to explain the occurrence of these
statistical properties in several types of network traffic. For instance, in [8] it is concluded
that long-range dependence is an inherent feature of nearly all variable-bit-rate (VBR) video
sequences. In [19] it is shown that aggregate WWW traffic exhibits self-similar
characteristics, at least when the demand is high enough. Individual connections in a
wireless network have been observed to follow a scaling behavior consistent with long-range
dependence over several time scales [87].

Several traffic models have been proposed with the objective of reproducing the
statistical behavior of network traffic. As mentioned in [8] there are two known classes of
stochastic models that can capture long-range dependence in a flexible and parsimonious
manner: fractional ARIMA processes and the increments of self-similar processes. Having

more parameters, the former allows for simultaneous modeling of the short-range and long-
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range behavior of a time series [56]. With fewer parameters the latter allows for the
parsimonious modeling of long-range dependencies only [56] (see also some results reported
in [36]). However, use of this modeling approach is strongly motivated by the fact that self-
similar processes naturally arise as a result of the interactions occurring in the network [92],
allowing for a phenomenological justification of the model. In this work, only this type of
models will be considered.

Some of the most relevant self-similar models presented in the past are based on
fractional Brownian motion. In this context it is worth mentioning the model proposed by
Norros in [71] (see also [72]) which was later satisfactorily justified by Willinger et al. [92]
in terms of the aggregate effect of the traffic generated by individual connections.

In addition to the slow decay of correlations over several time scales, recent
statistical analyses showed that some aggregate traffic classes also contain higher variability
than the one assumed by Gaussian models meaning that they may take on sporadic large
values (relative to their mean value) with non-negligible probability [6]. Recent models like
the ones introduced in [33] and [46]° propose the use of stable non-Gaussian stochastic
processes to better capture the statistical properties of an aggregate traffic process. These
models are a generalization of the ones presented in [71] and [92], in the sense that, rather
than limiting the marginal distribution of the process to be Gaussian, a-stable distributions
are now used, which allows for a better agreement between the burstiness of the artificial
process and that of real traffic.

Use of a-stable stochastic processes in traffic modeling can be justified by means of

the Generalized Central Limit Theorem (see [20 p. 94], [70 pp. 3, 22] and [81 Definition

3 Parts of the work reported in [46] can also be found in [47] and [49].
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1.1.5]). This mathematical law states that the statistics of a normalized sum of a large
number of independent and identically distributed random variables converge to a function
that in the limit must be a stable distribution. The distribution of the referred random
variables can have either finite or infinite variance. The well-known Central Limit Theorem
can be considered as a particular case with summands of finite variance, leading to a sum
with a Gaussian distribution. Thus, a-stable random variables can be used to represent the
statistics of aggregate traffic (i.e., resulting from the aggregation of many individual sources
with or without finite variance) entering into a network node.

In this section we provide a survey on traffic models based on a-stable self-similar
stochastic processes and their effect on queueing performance. The section ends with some

comments on the use of this modeling approach.

3.1 Use of a-stable processes in aggregate traffic modeling

Define A*(t) as the actual number of arrivals in a traffic process during the time interval
[O,t]. This process can be modeled using a-stable self-similar stochastic processes as
follows:

Alt)=mt+aXx(t), t20 (35)
(ie., for any d >1 and a set {tl,tz,---,td}e[O,t] the random vectors (A"‘(t1 ) A7 (2, )) and
(4(t,)...., Az, )) are intended to have the same distribution) where the parameter m is the
mean number of arrivals per time unit, @ >0 is a scaling factor and {X(¢),z>0} is a

fractional stable motion. Although this model is suitable in some analyses, it may be of
limited usefulness in practical applications since it is based on fractional stable motion,

which is a non-stationary and continuous process. For simulation and modeling purposes its
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increment process, being a stationary sequence, may be more appropriate. Accordingly,
define Wj’k as the actual number of arrivals during the time interval (j,j+1] in a traffic
process. This discrete-time process can be modeled as a sequence {W;} (ie, as previously
explained for (35), the finite-dimensional distributions of {Wj*, j=0,1,2,---} and
w.,j=0,1,2,---} are intended to be the same) defined as follows:

W;=m+aY; ; j=0,12,... (36)
where the parameters m and® a >0 have the same meaning as in (35) and {Y i} is a

fractional stable noise. Gallardo er al. in [33] proposed this model with symmetric
distributions about m to represent network traffic exhibiting symmetric fluctuations around
its mean value (e.g. aggregate MPEG-coded video traffic [33]). A properly modified version
of (36), using symmetric marginal distributions for the FSN process, was also proposed in
[33] for several other traffic classes with asymmetric fluctuations. In these cases the traffic
pattern exhibits prominent upward deviations from its mean value; but the downward
deviations are rather small (e.g., Ethernet and WWW traffic [33]). A different approach to
represent network traffic with such asymmetry was independently developed and evaluated
by Karasaridis et al. in [46]. This one is again based on the model described by (36) but uses

a kernel function with parameters a=1,b =0 (see Equation (24)) and totally skewed to the

right distributions’ (i.e., skewness parameter £ =1 in Equation (2)). Some additional work

® In this work the scaling factor a (also appearing in (35)) is defined as the ratio of the scale parameter of the
traffic process to the scale parameter of the fractional stable noise in its model.
7 It is worth emphasizing that the term “totally skewed to the right” does not refer to the shape of the

probability density function. This terminology has caused some confusion and in some papers it has been
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with this model has been carried out by Garroppo et al. [36]. These proposals proved to fit
different levels of variability and long-range correlations in aggregate traffic better than
Gaussian self-similar models. With respect to these existing proposals, in this work we add a
bit of modeling flexibility by letting the skewness parameter f to take on any value within its
valid range. Otherwise stated, in this work the traffic model under consideration can be
expressed in the form of (35) or (36).

3.2 Survey on queueing analysis with self-similar traffic models

A number of performance analyses, scattered in the literature, have shown the effect of the
relevant traffic characteristics on network performance. Among them, of paramount
importance is the analysis of a queueing system, representing a network node, since a
number of performance metrics are related somehow with the buffer requirements. In this
section available analyses are used to determine how these statistical characteristics of
network traffic affect the performance of a queueing system.

Consider a single-server queueing system with an infinite buffer. Let C represent the

service rate measured in packets per time slot, ¥; the number of arrivals during the time slot

mistakenly implied or explicitly stated that a-stable random variables with =1 have a probability density
function which is skewed to the right and that therefore, its support is mostly for positive values. This was
believed to be a useful characteristic to represent inherently non-negative processes, such as a packet arrival
stream. However, with o>1 (the common case in traffic modeling), these statements are not correct since the
actual skewness in the probability density function is to the left and, assuming a zero shift, a considerable
amount of probability mass is concentrated in the negative part (e.g. see the graphs in [81 p. 36]). This by no
means demerits the usefulness of this type of random variables since, properly shifted and scaled, they can
accurately represent the statistical properties of network traffic as it will be shown in the sequel (see also [46]).

Reference [81 p. 13] explains the rationale behind the naming convention for these random variables.
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( J.J+ l] and ¢ ; the buffer occupancy at time j (i.e., the beginning of the time slot). Given

an initial condition (assume g, =0) the following well-known Lindley recursion describes

the evolution of the buffer occupancy:

qj+1=(qj+W,-—C)’ ; 7=0,1,2,... (37)
where
e z;z20
0;z<0

Let A, represent the value of the cumulative arrival process obtained as follows:
A, =Wy +W+...+W,y ; n=123,... (38)
with 4, =0. Equation (37) can be solved for ¢ ;j In terms of the cumulative arrival process

(see for instance [83 p. 264]):

g, =ggg(Aj ~4~C-(j-i)} j=012,.. (39)

It has been shown [64] that if the input sequence W= {WJ-, j=0,1, 2,...} is stationary and

ergodic with F {W}< C, then the system will eventually reach statistical equilibrium, i.e.
9;—54 for some R*-valued random variable ¢. This random quantity can be defined as
follows:

g =sup(4, - Cn) (40)

which is similar to the Reich formula [78] (see also [7] and [71]) We are interested in the
distribution of g, in particular in the probability that the buffer occupancy exceeds a certain

level x, i.e.,
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P(q > x) = P(sup(A,, - Cn) > x) . (41)

0<n

Taking into consideration the inequality [23]
P(sup(An ~Cn)> x) > sup P(4, - Cn > x) (42)
0sn 0<n

we have that

P(qg > x)=sup P(4, ~Cn > x). (43)

o<n
Several definitions for a cumulative arrival process {4(t) >0} have been proposed and
analyzed in this context (consider that 4, = A(¢ =n)). Here some pertinent results with self-
similar input processes will be summarized.
Gaussian input traffic
In [71] Norros carried out the analysis of the queueing system (40) with a traffic model
described by

A(t)=mt +Jam X (¢) (44)
where {X(¢),t €R} is a normalized fractional Brownian motion with Hurst parameter H,
H €[1/2,1) (which can be considered as fractional stable motion with index of stability
a =2); m is the mean input rate with m € (0,C) and a is a variance coefficient with @>0. It

was shown in [71] that this traffic model satisfies the previously mentioned conditions for
statistical equilibrium. Using a normalized service rate (i.e., C=1) Norros demonstrated that
the tail behavior for the queue length has a lower bound approximately given by

P(g> x)Zexp{-—[ 1 v ((l_ml)L(Il“H))m j|x2(1~H)J. (45)

2am(1-H
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This expression is of the form exp(— (x/b)c) with >0, ¢ > 0. This implies that the tail has

a lower bound that follows a Weibullian distribution {25 p. 154]. As an illustration of the
implications of this result, Figure 3.1 shows the tail behavior for a fixed value of network
utilization and different degrees of self-similarity (a unitary variance coefficient was
considered). It can be seen that the presence of this property in network traffic has a

tremendous impact in the buffer occupancy when compared with the exponential decay (i.e.,

P{q > x} ~e? as x> and b> 0) predicted using short-range dependent traffic models

[3]1 (8]
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19
k_ __________________________________________________________________________________________________________________ ) H
0.8” .'-..
I\ "-.‘0......" —05
QOG_ o--ccc.uo-.,..’........“‘ -——-0——06
&g 7 07
T 0.4 - ——08
------- 0.9
0.2
0 . ey, B ¢
0 10 20 30 40 50
X

Figure 3.1 Tail probability for the buffer occupancy (lower-bound values) with fractional Brownian input.

a-stable non-Gaussian input traffic
Let us now consider the queueing system (40) for the case 1 <a <2. Starting from the
traffic model given by Equation (35) the following cumulative arrival process gives the

number of packets arriving during the time interval [O,t]:
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A(t)=mt+aX(2) (46)
where {X(t)¢ > 0} is a normalized fractional stable motion; the parameter m e (0,C) is the

mean input rate and a is a scaling factor. Let us review the conditions for statistical

equilibrium for this model. It is evident that the sequence derived from the unitary
increments of (46) (ie., W, =A(j +1)—A(j)=m+an, j=0,1,...) is a stationary process

because the model is based on fractional stable motion, which has stationary increments. As
for the ergodic properties of the sequence, let us first consider the symmetric case. Theorem
2 in [11] provides the sufficient and necessary condition for mixing® of stationary SaS
processes with representation in the form of Equation (29). The referred condition is that the
codifference (see Equation (11)) between two sample points of the process must tend to zero
as the distance between them goes to infinity. This condition holds true for every SaS
moving average, thus it can be concluded that they are mixing [90 p. 328] [40 p. 302] and
therefore ergodic [79] (see also [81 p. 580]). With these results, ergodicity can be guaranteed
in the case of ¥; having symmetric marginal distributions (symmetric LFSN and Log-FSN,
whose marginal distributions are symmetric, see Appendix A). Regrettably, we cannot use
the previous result in the case of skewed LFSN processes since the codifference is only

defined for symmetric processes. However, a suitable generalization of this concept is also

¥ A stationary mixing sequence {Y 5, J=01, 2} satisfies lim P({YO € A}m {Y,, € B}) = P{Yo € A}P{Y0 € B}
n—»w

forall 4,Be O'{Y j} [31 pp. 563-564]. This property can be thought of as a kind of asymptotic independence.
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available. Let us consider a strictly stationary stochastic process Y= {Y (t);te R} and the
following quantity [81 p.2137°:

1(6,,6,;1) = —In E/ @Y 0O}y py plei®rOL, 1y pleior )}, 47)
It has been proven (see references in [81 p. 213]) that if lim,_,,, 7(8),6,;t)=0 for all 6,
and 6;, then the process Y is mixing. Since this is the asymptotic behavior observed for

skewed linear fractional stable noise [81 pp. 367 and 370 Remark 1], we conclude that it is

mixing and therefore ergodic. Thus, from Birkhoof’s Ergodic Theorem [37]:

n
lim-l—in=m+alileYj=m+aE{X(1)}=m+a,u=m<C (48)

n—)oonj=0 n—-)oonj=0

and statistical equilibrium can be guaranteed.
Assuming a large value for x and using a normalized service rate (i.e. C=1), the
following lower bound for the tail can be demonstrated from (43) following a derivation

similar to the one shown in [33] (see also [46]):

1+ 4 ((1—m)/H)H h -a(1-H)
P(g>x)=C, 5 [a(l—H)l—H x (49)

where f is the skeweness parameter of the distribution of Y; and the constant C, (not to be

confused with the service rate C), is given by

A

C,= -«

I'(2 - a)cos(ma/2)

(50)

Equation (49) shows that the tail of the queue distribution shows at the most a hyperbolic

decay (i.e., £ ~x7",as x =0, 0 <v <1). Note that the tail is so heavy that the mean value

? Equation (47) provides a measure of the statistical dependence between the two sample points of a stationary

stochastic process {Y (t),t € R} and is related with the codifference since 7y(;)y(o) = -/ (1-1;¢) [81 p.213).
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of the buffer occupancy does not exist, regardless of the traffic intensity. This striking
behavior is more demanding in terms of network resources than the Weibullian decay
obtained by Norros for the Gaussian case. This result, first presented by Gallardo et al. in
[33], encompasses and generalizes several others found in diverse papers (e.g., see
references in [33]). It is consistent with earlier works that have shown that high variability
gives rise to a non-existent mean waiting time [92].

Figure 3.2 below shows an example of the effect of the index of stability a on the tail
of the queue length distribution. It was obtained from Equation (49) considering symmetric
distributions (i.e., #=0), a unitary scaling factor a, and fixed values for both m and H. The
slow decay rate observed in the tail of the queue length distribution is an indication of the
buffer inefficiency problem, i.e. use of large buffers in the system does not substantially help
to decrease losses.

We close this section emphasizing that (49) was determined using the asymptotic tail
behavior of a-stable distributions, therefore it is expected to be more accurate for large
values of x. It is also worth mentioning that some work on upper bound expressions for the
tail of the queue length distribution has also been carried out by Karasaridis et al. and
reported in [44], [45] and [48]. In addition to these findings, recent investigations have found

approximations or more accurate expressions for P(q >x) considering Gaussian (e.g., see

[73] and references therein) or stable non-Gaussian self-similar input processes [68].
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Figure 3.2 Tail probability for the buffer occupancy (lower-bound values) with fractional stable input.

3.3 Some comments on the use of idealizations in traffic modeling

Long-range dependence, self-similarity and infinite variance are mathematical idealizations
that can be used to model the behavior of network traffic. However, this has to be said no
without caveats since some misconceptions may arise from the erroneous interpretation of
these statistical properties. For instance, a traffic model based on a self-similar process
displays self-similarity at all time scales; however, to affirm that network traffic shows the
same behavior can be considered as an overstatement since this cannot be validated from
finite data sets. As another example, it can be mentioned that wrong conclusions can be
drawn from the misuse of infinite variance models in performance analysis. For instance,
assume that we take samples of a highly varying traffic being carried by a link of certain
capacity. This traffic process most likely cannot be modeled using Gaussian processes, but it
can be represented using a-stable processes with a<2. Using the results from the previous

section, one can be tempted to affirm that when this traffic arrives to a network node,
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regardless of the outgoing link utilization and storage capacity, the arrival process will
certainly overflow the buffer. However, when the capacity of the outgoing link equals or
exceeds the one of the ingoing link (the one we used to take measurements), we can affirm
that there is no queue build-up in this node at all. This apparent contradiction comes from the
use of modeling idealizations. Use of a-stable distributions allows us to model sporadic large
deviations, but their magnitude in a real system is always limited by maximum link
capacities. This example illustrates the importance of both, a careful use of idealizations in
traffic modeling and the identification of the scales (time and amplitude) in which a model

applies.

34



Chapter 4
Static resource allocation

through probabilistic envelope processes

Estimation of the resource requirements of network traffic using a-stable models is not a
straightforward task. For instance, the concept of effective bandwidth [83 p. 261] cannot be
applied because the moment generating function for these models is not exponentially

bounded [33]. In this work it is proposed to use envelope processes'®

in a probabilistic sense
in order to represent levels of network activity (i.e., the traffic process is guaranteed to
remain under the envelope with a certain probability) and estimate the resource
requirements, This approach allows us to represent network traffic in a simple manner,
facilitating the analysis and design of network elements.

Probabilistic envelope processes have been defined for more traditional models and
usually consist of the mean value of the process plus some multiple of its standard deviation.

Consider, for instance, a cumulative arrival process A(f) modeled as the superposition of the

expected number of arrivals up to time ¢ plus a Brownian motion {B(¢), t € R} of variance

' In our naming convention we use the notion of “envelope process” by Chang [13], but in a probabilistic

sense. Chang uses this term to denote a deterministic function ,:I(tl,tz) that bounds a cumulative arrival process

Alt,1,), Le. A(tl,tz) < /i(tl,tz). This terminology has also been adopted in other works (e.g. [83 p. 264] [30]).

The concept of probabilistic envelope process has also been referred as “effective envelope” in [10].
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s*t . In other words, A(t)=mt+B(t), where m is the mean number of arrivals per time unit. A
probabilistic envelope process ;I(t) for this model can be defined as
Alf) = mt + K g5t (51)

where K determines the probability that the process will exceed its stochastic boundary as

explained below. Taking into consideration that the marginal distributions of A(f) are
N(mt,s*) [39 p. 1], this definition is motivated by the fact that P{4(r)> A(f)} becomes
P{X >K;} where X~N(0,1). In other words, we can determine K¢ from the well-known
Gaussian distribution. This concept has also been applied to other traffic models. Fonseca et

al. in [30] proposed a “fractional Brownian motion envelope process” to delimit a

cumulative arrival process A(f) modeled using a fractional Brownian motion of variance

s2t2H a5 follows:

At)=mt + K gst? (52)
where m and K have the same meaning as in (51) and 4(0)=0.

In the general case of a-stable stochastic processes, up to the author’s best
knowledge, suitable probabilistic envelope processes have not been defined yet. In this case
some new analytical difficulties arise, the most evident limitation being that, as previously
mentioned, a-stable processes generally lack second order moments. Consequently, the
standard deviation cannot be obtained and therefore, alternative statistical descriptors for the
variability of the process must be considered. In this section we address this issue and
propose probabilistic envelope processes suitable for some traffic models based on a-stable

self-similar stochastic processes.
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4.1 Probabilistic envelope process for a traffic model based on fractional
stable motion
Consider again the traffic model based on a fractional stable motion {X(¢),¢>0} as defined
by (35) (i.e., A(t) =mt+aX (t) ; t 20 where m is the mean number of arrivals per time unit
and >0 is a scaling factor). The proposed envelope for this model is given by the expression
Ar)=m 4(t)+ Ko 4(¢) (53)
where the parameters m 4(f) and o 4(¢f) are the mean and scale parameter of the process
A(t) at time ¢ respectively, and K is a parameter that determines the probability that the

process A(t) surpasses its envelope /Al(t). In our proposal we use the scale parameter instead

of the standard deviation because, except for the case a=2, the latter cannot be obtained for
o-stable distributions.
In order to obtain the components of the envelope, let us determine the marginal

distributions of A(f). Observe from (35) and basic properties of a-stable random variables
(see Equations (4) and (5)) that, for a fixed ¢, A(¢) ~ S, (]a|0',, ,B,,mt). Therefore, the mean
of A(?) at time ¢ is

m 4(t)= mt (54)
(for an a-stable random variable X, with 1<a <2, u= E{X }, see [81 p. 19]) and its
corresponding scale parameter is given by:

O'A(t)=|a|-0',. (55)
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Recall that o, represents the scale parameter of the process X(f) at time ¢. This parameter

can be determined taking into consideration that for an o -stable H-sssi process the

following property holds [81 p. 340]:

o, = oyl (56)
where o, has to be computed for the specific type of process under consideration. In the
case of LFSM [81 p. 345] !

00 1 5
of = ﬂal"‘ +|b|a ) J'((l +x)H—1/a _ xH—l/a)a e+ ﬂ a(l_x)H—l/a _pHVe|” g (57)
0 0

whereas for the Log-FSM it is demonstrated in Appendix A that

© 1
of =2 [l +x)-1x)" dx + (11— x)- 1) dx. (58)

0 0
Finally, the parameter K in (53) is uniquely determined by fixing an overshoot probability

£ (i.e., probability that the cumulative arrival process A(#) will surpass its envelope process

fl(t) ), as evidenced observing that:

P{A(t) > 21(t)}= P{A@®)>m 4(t)+ Ko 4 ()} = P{ A0)-m () > K} =£. (59)

o 4(t)

It is important to observe that shifting A(z) by m, (t) and scaling the result by 1/o 4 (t) is in

fact a normalization procedure. Thus,

it x=A0=ma0 gy S, (1, 3,,0). (60)

o 4(t)

' In Equations (57) and (61) the parameters a and b correspond to the ones in (24).
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The skewness parameter f; is not directly used in the envelope; but it is required in order to
determine the appropriate distribution of X from where K can be related with the probability

¢ . In the case of LFSM this parameter is given by [81 p. 345]

[24

B, = i (a<a> _p*> )Qj‘((l ~I_x)H—l/az _xH—l/a)" dx + l_[(a(l—x)H_l/“ — p Ve )<a> & (61)
0

where f# is the skewness intensity of the a-stable random measure in (23) and
z°P> =|2|” -sign(z) (i.e., signed power, see [81 p. 87]). For the Log-FSM we have that
B, =0 (see Appendix A).
4.2 Probabilistic envelope process for a traffic model based on fractional
stable noise
Let us recall that the traffic model (36) (i.e., W; =m+alY; ; j=0,1,2,...) is based on a
fractional stable noise {Yj, j=0,1 2,---} with parameters m and a representing the mean

number of arrivals per time unit and a scaling factor respectively. For this model, the

following envelope process W is proposed
W=m+Koy (62)
where oy =aoy . The scale parameter oy can be computed from equations (57) and (58)

(recall that we are using the notation oy =07, see Section 2.5). In the particular case where

the model uses fractional stable noise with symmetrical marginal distributions we can use

(34) and claim that'?

2 For an in-depth analysis of this approach using symmetric processes see Appendix B.
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/e
ow =a-|: Z¢“(k)] : (63)

k=—w

The parameter K is uniquely determined by fixing the overshoot probability ¢ :

P, >w}=P; >m+K0'W}=P{W2__m>K}=g. (64)
/4

It can be observed that

if Y =—L— then Y~ S, (1, By ,0). (65)
Cw

Unfortunately, in general, there are no closed form expressions for the distribution of an o-
stable random variable that would allow us to exactly determine K analytically from the
probability £. Some asymptotic expressions are available (see [81 p. 16]), but they only hold
for large values of K. Formulae for power series expansion of stable density functions are
also available [70 p. 14] and have the appealing feature of being appropriate for real-time
computations, but they are also prone to inaccuracies due to numerical precision [70 p. 14].
In this work, stable densities are computed using the inverse Fourier transform of the
characteristic function [57 p.146]. This procedure is quite accurate [70 p. 19], although
computationally intense. Using this method, the characteristic function of Y can be
numerically inverted in order to obtain its probability density function and then a table of
values of K versus ¢ (i.e., K versus P{Y >K }) can be generated. As an example, the tail
probabilities of four SaS random variables were obtained using this method and are shown in

Figures 4.1 and 4.2.
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Figure 4.2 Tail probability of some So.S random variables in the range [3,10].

4.3 Static resource allocation

Available queueing analyses with a-stable self-similar models suggest that the buffer
requirements are considerably increased by the presence of long-range dependence and high-

variability properties in the network traffic and that this situation is not alleviated by

41



reasonable increases in the buffer size [33][46][71][72]. Since an indiscriminate increase in
buffer sizes is not a viable option, in order to provide quality of service guarantees, the
deployment of high-speed links is required along with the development of techniques for
proper dimensioning of network elements. In this section we address this issue using
probabilistic envelope processes and traffic models based on a-stable self-similar stochastic

processes.
4.3.1 Bandwidth allocation with a loss constraint

Let us consider the previously described probabilistic envelope for the increments of an
arrival process. This envelope can be used by a constant bandwidth allocation policy in a
very straightforward manner. This is due to the fact that the envelope can be thought of as
the amount of bandwidth required to reduce, to an arbitrarily selected value, the percentage
of time in which the input traffic exceeds the allocation. With such allocation policy, the
magnitude of the actual data loss can be easily estimated (see the derivation in Appendix D).
This technique is illustrated with the following case study.

WAN traffic

In this example we use the file BC-Oct89Ext [95], which contains one of the traces collected
by researchers at Bellcore. This trace contains the time stamp and size of 1E6 external
packets (packets heading out of Bellcore’s facilities to the Internet). This represents
122,797.83 seconds of WAN traffic. From this file we obtained the number of packets per
10-second time slot, resulting in 12,279 records. The trace shows a high level of variability

and is shown in Figure 4.3.
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Figure 4.3 WAN traffic trace.

This trace has a sample mean m=81.43 [packets/time_slot] and standard deviation s=99.02
[packets/time_slot]. We used the procedure described in Section 2.2.2 to fit the sample data

with stable parameters. The scale parameter was found to be oy =56.23

[packets/time_siot] and the index of stability a =1.61. The estimate for the skewness
parameter exceeded its maximum valid value. This may be due to a number of factors such
as some limitations of the parameter estimation method in this region of the parameter space,
or to the fact that the data is not drawn from an a-stable distribution but we are rather fitting

the data into a stable law. We set it to the maximum permissible value (i.e. Sy =1) which

corresponds to the case of totally skewed to the right a-stable random variables. Since a >1,
we can consider the sample mean to be an estimate of the shift parameter.

Assume we want to transfer this traffic stream through a network node while
maintaining maximum loss guarantees. In order to determine the amount of bandwidth to be

allocated, we need to find the envelope process that probabilistically bounds the amount of
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packets arriving in a time slot. From the traffic characterization phase we can determine that

the envelope process is W =81.43+56.23K . As previously explained, K is selected
according to the required quality of service parameter ¢ from a table of K vs. e=P{Y>K}
where Y~ S;61(1,1,0). The envelope is implemented through a dropper section that detects
and drops the packets exceeding the allocated system capacity per time slot.

Figure 4.4 shows the results. The solid line corresponds to the experimentally
obtained fraction of slots with losses for different values of K in the range' [0, 10]. Each
point of this line was obtained by dividing the number of times the traffic samples exceeded
a particular bandwidth allocation (envelope process with a specific K) by the total number of
samples in the traffic trace. Observe that this curve closely matches the tail probability of the
random variable S;61(1,1,0) (line with circles) indicating that, due to the good fit, K can be
reliably selected from the 1.61-stable distribution. For comparison purposes we are also
including the tail probability of a Gaussian random variable (dashed line) of zero mean and
unitary scale parameter. It is interesting to observe that the asymmetry in the distribution of
the data and its heavy tail prevents us from using the Gaussian distribution for determining K

except for a few values around 1.5.

3 We do not consider values of K less than 0 since we restrict our attention to the cases where the amount of

bandwidth to be allocated is at least the mean value of the traffic process.
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Figure 4.4 Experimental overshoot probability for a case study with WAN traffic and comparison with the tail

probability of the Gaussian and 1.61-stable distributions.

The expected magnitude of losses can be computed as indicated in Appendix D. As
an example of this, the solid line appearing in Figure 4.5 was obtained from Equation (D.7).
It depicts the fraction of data loss expected to be achieved by the previously described
service policy. For comparison purposes, the graph also includes results using a probabilistic
envelope process that assumes a Gaussian marginal distribution in the traffic (dashed line).

The parameters of this envelope come from the sample mean and sample standard

deviation'?, i.e. W, =81.43+70.02K .

' The sample standard deviation has to be scaled down by V2 in order to obtain the scale parameter required

by the probabilistic envelope process. This is due to the fact that, for a Gaussian distribution its scale parameter

o and standard deviation s are related by the expression o2 = —;jsz [81 p. 20].
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From Figure 4.5 it is observed that the model using the 1.61-stable distribution
predicts a slower decay of the data loss with increasing bandwidth than the Gaussian
assumption. This is due to the fact that the model with a=1.61 takes into consideration the
heavy tail of the traffic and the other does not. Therefore, they lead to substantially different

assumptions on the levels of data loss occurring in the system.
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Figure 4.5. Expected fraction of data loss using a-stable and Gaussian models (WAN traffic).

4.3.2 Resource allocation with loss and delay constraints

Consider a single-server queueing system of constant-service rate C with cumulative arrival

process A(f). Assume a service policy where the bits or packets exceeding a probabilistic
envelope process fi(t) are discarded before entering into the queueing system. Denote by
q (t) the resulting buffer occupancy and let the time origin correspond to the beginning of a
busy period of length T (i.e,, T ={t:t20,q*(t)>0}). An upper bound for the buffer
occupancy g (t) during the busy period is given by

G@)=A@)-C-t ,teT. (66)
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We can analyze the envelope for the buffer occupancy as to determine the maximum buffer
requirements of the input process. It is appropriate to mention that this methodology was
first used by Fonseca et al. in [30] to analyze a queueing system with fractional Brownian

input. In this work we generalize this analysis to the a-stable case. Let us define
Gnax = max{g(e)}. (67)
In order to carry out the maximization procedure implied by (67) it is useful to use (53) and

its related expressions (54), (55) and (56) and restate (66) as
§(t)=K-la|-0,-t" —(C-m)-t , teT. (68)

Setting the first derivative of (68) to zero yields the time ¢* for which an extreme value is

reached. This derivation shows that

1

K-lal-H- 1-H

t*=(ﬂ——ﬁ‘-) , C>m. (69)
C-m

The second derivative of (68) confirms that é(t) takes on its maximum at the value given by

(69). Now the maximum of the envelope can be determined by
Das = G() - - (70)

After some algebra implied by (70), the resulting expression for gmay is

(71)

Recall that the parameter K let us reduce to an arbitrary small value the percentage of time in
which the input traffic exceeds the allocation and therefore, reduce data loss. However, due

to the exponent in (71) this might result in very large values for gmax.
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Although the magnitude of data loss can be accurately computed as explained in
Appendix D, at this point we can provide an approximate relation (which has also been
implicitly used in [30]). Let us denote by () the buffer occupancy in the system if the input
traffic was not limited by the envelope process. The following equation would describe the
evolution of the buffer occupancy over the busy period as previously defined:

q)=A@)-C-t ,teT. (72)
If we consider network operation in a state with high traffic intensity so that the buffer is

non-empty most of the time, we can approximate' the probability P{g(t)> ¢(¢)} with re T
by the probability P{A(t)> A(f)}=z. Under this assumption, we can claim that
Pig(t)> G(t)} = ¢ with teT. Thus, because g, is the maximum value of G(t), we have
that P{g(t)> 4(¢)} > P{g(t)> g, } and therefore & > P{q(t)>q,,, } with ¢ € T . In addition, ¢,

being approximately the probability that the buffer occupancy exceeds gmax, can be used, in
turn, to approximate the loss probability in a finite buffer system of size g, if it is “small

enough” [83 Chapter 4].

' Note that, using (66) and (72), the probability P{g(f)> ()} with teT can be transformed to
P{A(t) -Ct > .Z(t) - Cth* @) > 0}= P{A(t) > .»:I(t)lq* @) > 0}. In addition, from the theorem on total probability
[57 p. 52] we have that

Place) > i)} = Pl > dwla’ ) = Pl () = o)+ Placr) > Awlg' @ > ojply’ ) >0}. Therefore, the

probability P{A(t) > ;1(t)|q* (t) > 0} can be approximated by P{A(t) > ;I(t)}= & under the assumption that the

network traffic is so intense that P{q*(t) = 0} =0.
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Under previous assumptions, (71) can be used to find the bandwidth R required to
guarantee that the buffer occupancy in the system does not exceed a buffer size B with

probability 1-¢, i.e.,
R=m+BEYH (g |0 ) H(1- H)-HIH (73)

At this point it is worth mentioning that Equation (73) generalizes some results previously
found by other researchers. This result is consistent with the one obtained by Fonseca et al.
[30 Equation (5)] and by Stathis et al. [84 Equation (12)] using fractional Brownian motion
(this process can be regarded as a particular case with a=2). However, an important
difference should be pointed out. Whereas for the Gaussian case (i.e., a=2) small values of &
are achieved with relatively small values of K, this is not the case as o reduces its value (thus
the tail becomes “heavier”, see Figures 4.1 and 4.2) where significantly larger values of K
are required in order to achieve similar values for €. Because of the exponent affecting K in
(73), this situation may severely increase the bandwidth requirements of an aggregate traffic
flow exhibiting heavy tails when compared to the Gaussian case.

The following example illustrates how the ideas contained in this section are used for
resource provisioning in a network node transporting aggregate video traffic.
QoS-aware video communications
In the proposed case study we consider a traffic flow coming from the aggregation of several

MPEG video sequences obtained from the University of Wiirzburg in Germany [96]. The
resulting sequence {W-* ,j=0, 1, 2,...} is shown in Figure 4.6, it consists of 2627 samples

with a sample mean m=3,655,758 [bits/s]. The remaining parameters for the model described
by (36) were estimated as follows. We used the method described in Section 2.2.2 to

determine the parameters of the marginal distribution of the sequence, yielding a scale
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parameter oy, =281,615 [bits/s] and an index of stability a =1.97. The index of stability

resulted very close to 2, thus the value of By is rather irrelevant (see Equation (2)), we set it

to zero. The parameters that describe the evolution of the process in time were determined as

described below. In order to estimate the Hurst parameter, we took into account that the
scale parameter of an aggregate of W; over T time slots follows the law o7 =T H o (see
Equation (56), here we are using the notation & ,g4ye04sion _lever )- Therefore, H was found as

the slope of a linear regression model of log(T ) vs. log(O'T) yielding a value H =0091. It
was also concluded that the sample normalized autocorrelation function of this sequence was

more appropriately represented using an anti-balanced model (a=-b=1 in Equation (24)).
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Figure 4.6 Aggregate video traffic trace.

Assume we want to determine the amount of resources required to transfer such

traffic class through a network node with quality of service guarantees specified in terms of
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maximum tolerated delay and maximum percentage of losses. From the delay specification,
the value of the maximum buffer size B can be determined. The fraction of data loss can be
assumed to be approximately equal to the probability that the buffer occupancy in an
infinite-buffer system exceeds B if it is small [83 Chapter 4], which is the usual case in
modern networks. In turn, this buffer overflow probability can be approximated by the
probability ¢ under the conditions previously explained.

In order to apply (73), we need to determine the parameter K by looking up on a table

of K versus &=P{Y >K} where Y ~58¢7(1,0,0). In this example let us consider the

following values for &: 0.01, 0.001, 1E-4 and 1E-5, which results in the values for X shown

in the second row of Table 4.1.

Table 4.1 Probabilities e=P{Y>K} and resulting values of K from a distribution ¥ ~ S1 97 (1,0,0)

€ 0.01 0.001 1E-4 1E-5
K 3.39 5.06 12.89 40.76

For a given buffer size B, Equation (73) can be used to determine the amount of
bandwidth R to be allocated to this traffic class as to guarantee, with probability 1-¢, that the
buffer occupancy will not exceed B. Figure 4.7 shows the resulting bandwidth requirements
under different buffer sizes for the considered cases. As depicted in the figure, for relatively
high levels of losses, moderate increases in the allocated bandwidth results in a much more
effective way to reduce losses than large increases in the buffer size. However, due to the
heavy tail nature of the traffic process, in order to achieve relatively low levels of losses

more significant increases in bandwidth allocation are required.
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Figure 4.7 Resource provisioning chart for a case study with aggregate video traffic.

4.3.3 Probabilistic envelope processes and connection admission control

Consider an aggregate of N independent flows, where the number of arrivals for the i-th flow

in the interval [0,¢] is modeled as
AV =mOt+aDx D (p) (74)
where X(¢) is fractional stable motion (either LFSM of Log-FSM), m® is its mean input rate

and a”>0 is its scaling factor. Assume that the FSM process has symmetrical a-stable
marginal distributions (i.e., for a fixed ¢ we have that X @ ®~S, (0',(” ,0,0)). This does not

affect the validity of the issues that we will discuss in this section, but some expressions are
more readable and can be easily generalized. Using again the basic properties of a-stable

random variables (see Equations (4) and (5)) it is observed that at time ¢ the marginal
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distribution of each flow is A (¢) ~ S, (a(i)at(i),o,m(i)t), therefore the total cumulative

arrival process

N
AN =2 490 (75)

i=1
is distributed as A(¢) ~ S, ( ( oF (’) )a] ,0 Zm(’)t at time ¢ (see Equation (6)). Now

assume that the flows are identically distributed. In this case, the marginal distributions of

A(t) become
A@) ~ S, (N ac,,0, Nm). (76)
It is observed that whereas the mean of the aggregate process increases proportionally to N,

its scale parameter grows as NV®

with 1<a <2 . Taking into consideration that these two
parameters can be used in an envelope process to determine the resource allocation for the
aggregate, the previous result implies that the bandwidth requirements grow slower than N.
To further investigate this issue, let us define the multiplexing gain as NR" /R"Y where
R® and R™ are the bandwidth requirements of 1 and N flows, respectively. Based on

Equation (76), let us propose the following probabilistic envelope process for an aggregate

of N iid flows (see Equation (53)):
AN ()= Nmt + KNV® a0, (77)
Let us consider the bandwidth allocation policy where data exceeding the envelope process

are simply dropped. Note that when (77) applies to time intervals of unitary length it

becomes a probabilistic envelope for the rate and then, the bandwidth requirements can be

determined as RW = AY(1) and R™) = AM(1). Therefore, the multiplexing gain can be
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computed as (N - AD (1))/ AM(1)  yielding (Nm+ KNaao, )/ (Nm+KN a0, ) Since
l<a <2, it is immediately observed that the maximum achievable multiplexing gain
corresponds to the Gaussian case and that it decreases as the marginal distributions of the
input process exhibit heavier tails.

For the bandwidth allocation policy, where the incoming packets are stored in a

queue, Equation (73) becomes
R™) = Nm+ pH-V/H (K -NY%|a|. o )V ¥ (- m)O-EH (78)

and the multiplexing gain can be computed as (N RO )/ R™) In this case the effect of the

parameters on the multiplexing gain is not so evident. When the input traffic is modeled
using the Gaussian self-similar process it has been observed in [30] that the multiplexing
gain increases with increasing values in variance, Hurst parameter A and number of sources
N. Due to the similitude of the equations, these observations are also valid in the a-stable
non-Gaussian case (take into consideration that the scale parameter replaces the standard
deviation). In contrast, increasing thickness of the tail of the marginal distribution, expressed
through the value of a, negatively affects the multiplexing gain. This is exemplified in
Figures 4.8 (a) and 4.8 (b) with a case study using typical values for the Hurst parameter.
Although the actual values of the multiplexing gain shown in the case study depend on the
selected parameter values, it can be generalized that the heavier the tail of the marginal
distribution is (lower values of the index a), the smaller the multiplexing gain becomes. In
other words, whereas multiplexing of scaled up processes increases the multiplexing gain,
increasing the probability of occurrence of sporadic large fluctuations has the opposite

effect.

54



H=0.90

8
[94

£
S —20
_g —1.8
E ——1.6
g -~-1.4
§ ------ 1.2

0 T T T T

0 50 100 150 200 250
Number of connections
(@)
H=0.80

8
[ o= [04
.g 6 |
o —2.0
.g —1.8
o —-—1.6
= ---1.4
=

0 T T T T

0 50 100 150 200 250

Number of connections

(b)

Figure 4.8 Examples of multiplexing gain for the bandwidth allocation scheme with loss and delay constraints.

Case study with the following parameters: m=10, a - 0";=100, k=1, B=10.
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With the results contained in this section we propose the following connection
admission control, similar to the ones proposed in the past for Gaussian models (e.g., [30],
[84]). During the connection-establishment phase, the model parameters of a new traffic
flow are provided to the network by its source along with the desired quality of service
specified in terms of the maximum tolerated delay and maximum percentage of losses. From
the maximum delay D4, the network determines the value of the maximum buffer size B,

since it is reasonable to require that B < RD,,, where R is the link rate. If a cost function

relating the link rate and buffer size is also available, the pair (B,R) that minimizes the cost
can be uniquely determined (e.g., see [22], [27], [77]). Other criteria, like minimum
bandwidth (e.g., [88]), can alternatively be taken into consideration. The fraction of data loss
can be assumed to be approximately equal to ¢ under the conditions previously explained.
The new connection is accepted only if the required capacity computed through (78) can be
accommodated within the available resource. If only loss constraints are to be satisfied,

Equation (77) with =1 can be used instead.
4.4 Conclusions

In this section we have provided some experimental evidence supporting the claim that
traffic models based on a-stable self-similar stochastic processes are more suitable to
represent aggregate traffic flows than Gaussian models. This is due to the fact that some
traffic classes exhibit asymmetry and heavy tails in their marginal distributions, which are
properly captured by a-stable random variables, but not by the Gaussian one. This suggests
that use of Gaussian models in some cases may be questionable. They may lead to an

erroneous estimation of bandwidth requirements, which results in unrealistic assumptions
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during the design, analysis and dimensioning of network elements and the consequent lack
of quality of service perceived by end-users.

Although it is not hard to accept that traffic modeling based on a-stable self-similar
stochastic processes allows for more accurate modeling, practical use of these models is
currently limited by increased computational cost, limited mathematical tractability and
scarce availability of performance analyses. The absence of closed form expressions for the
probability density functions of a-stable distributions and their general lack of second order
statistics have limited their applicability in traditional problems of teletraffic engineering.
We addressed this issue and showed that, in spite of the increased complexity, these models
can be effectively used in network analysis and control.

Assuming a traffic model based on a-stable self-similar stochastic processes, we
proposed an extension to the o-stable case of the concept of probabilistic envelope
processes, previously defined for more traditional models. We represented the bandwidth
demand imposed by the traffic model with an envelope process and showed that with this
approach we can simply and effectively deal with much of the argued complexity
encountered in a-stable models and develop techniques for proper dimensioning of network
elements. We concluded that the presence of heavy tails in the distribution of the traffic
process negatively affects some elements of network design (buffer sizes, link rates and

multiplexing gain) when compared with Gaussian assumptions.
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Chapter 5

Linear prediction

a-stable long-range dependent processes allow for parsimonious modeling of aggregate
network traffic. This characteristic is of great usefulness in performance evaluation and
system design. An immediate reason is that these models can be used for the creation of
realistic conditions in simulated environments. A more subtle reason is that modeling of the
statistical dependencies among samples of a traffic flow can be exploited in order to improve
the performance of applications and the network as a whole. For instance, since some
statistical information about the future of a network traffic process is contained in
measurements from the past and present, future bandwidth requirements can be estimated
using prediction techniques. This knowledge can be used to propose efficient resource
management mechanisms.

Development of applications based on the prediction of a-stable processes is
currently limited by computational cost, limited mathematical tractability and scarce
availability of performance analysis. The most evident limitation is that the value of the
parameter a conditions the existence of some moments, which in turn limits the applicability
of traditional statistical procedures. As a result of this, traditional criteria for selecting the
best predictor based on second order moments cannot be applied. Instead, several authors
have proposed to use alternative criteria like the minimization of the expected absolute

prediction error or the minimization of the dispersion of the error distribution [18].
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Based on the minimum dispersion criterion, a novel method for computing the
prediction coefficients of a linear predictor for a-stable long-range dependent processes was
introduced by Gallardo ez al. in [32]. Although the performance of this algorithm has not
been thoroughly studied, it is beginning to find some applications in proposals for traffic and
QoS control (e.g., [34], [35]).

S.1 A method of linear prediction for symmetric fractional stable noise

A linear combination of N past samples of a symmetric fractional stable noise can be used to

estimate a sample Y; of the process as follows:

Y,=>a,-Y,,. (79)

The prediction coefficients {ai,i =1,2,---,N } are constants that are computed in such a way

as to minimize a metric related to the prediction error. The computation of these coefficients
in the case of a-stable random processes is not trivial and is still object of ongoing research.
The linear space generated by the observations of the process {Y;} is a Banach space (with
1<a <2). It lacks the useful properties for the linear estimation problem that are present in
the Hilbert space corresponding to the linear space generated by samples of processes with
second-order statistics (including Gaussian processes) [70 pp. 98, 157].

As previously mentioned, the minimum dispersion criterion, proposed in [85], can be
used as a suitable criterion to obtain the set of prediction coefficients. In order to apply this
criterion, we need to find the dispersion of the prediction error distribution and then
determine the set of coefficients that minimizes such dispersion function. To this end, let us
use the constructive definition of fractional stable noise (see Equation (32)) to obtain the

prediction error e j as follows:
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e;=Y;-¥, z[«so k)- Za ¢(J—l“k)] Uy (80)

k=

In order to obtain the dispersion of the prediction error ¥, we can apply the property stated

by (10) into (80). Hence, the objective function is

-3

k=—0

p(k)- Za ¢(k—z) (81)

The values of the parameters {a,.,i =L...,N } must be defined in such a way as to minimize

7. - For this purpose, a number of multidimensional optimization methods can be used. In
this work, we focus on the algorithm proposed in [32] by Gallardo et al. 1t is briefly
explained below for clarity. Let us depart from the partial derivative of y, with respect to a

generic coefficient a,,. It is given by

k=~

(a-1
_a_é_ y. =—a- Z {(,,(k) Z“ ¢(k..,] -plk—m) for me{l,2,..,N} (82)

where we used the signed power function [81 p. 87] defined as
= |z|p - sign(z). (83)
It is worth mentioning that the positiveness of the second derivative of the equation for 3,

(not shown) indicates a concavity upwards. In order to solve the set of non-linear equations

—a——ye =0 ;me{l2,.,N} (84)
Oa,,

it was proposed in [32] to use a function (k) such as

k) ¢(k) Zb ¢ (k-i) (85)
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so that the set of simultaneous non-linear equations (84) can be approximated by the linear

set

iy/(k)-¢(k -m)=0 ;me{l2,.,N}. (86)

k=—00

If we define R(m)= i¢(k)¢(k—m), it is easy to see from (86) that the coefficients

=—0

{b,,i =1,...,N} in (85) satisfy
N
R(m)=> bR(m-i), me{l2,...N}. (87)
i=1

The values of the prediction coefficients can be obtained considering the function w(k) in

the context of (82). Thus, it can be demonstrated that
N
>a;-gle-i)=g(0) -y @« ke b2, N} (88)
i=1

Summarizing, the method introduced in [32] consists in solving the set of linear equations

(87) in order to to find the set {b

i’

i=1,...,N} which in turn let us obtain (through the
function y(k)) the prediction coefficients {a,,i=1,...,N} by solving a second set of linear
equations given by (88).

Some tacit assumptions have been made in the method for linear traffic prediction.
An important one is that the network traffic is considered to be stationary so that the
parameters that describe its statistical behavior do not change. These model parameters are
needed for the computation of the prediction coefficients so that they are also assumed to be

available beforehand.
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5.2 Performance evaluation of the prediction algorithm

A number of issues arise during the development of applications based on the prediction
algorithm proposed by Gallardo ef al. in [32]. For instance, no studies have been carried out
in order to determine the sensitivity of the prediction with respect to uncertainties in the
traffic model parameters. This is an important matter since the method makes use of
parameters extracted from a set of Samples of the actual process to be predicted. However,
due to a number of factors, like the finite nature of the data set from which the parameters
are extracted, there is always a discrepancy between actual and estimated values. Another
issue that requires further studies comes from the processing-efficient but approximate
solution for some equations in the algorithm. The effect of such approximations on the
performance of prediction-based applications has been largely overlooked. Finally, it can be
mentioned that determination of the appropriate order for the predictor remains as an
important issue to be satisfactorily justified. Up to the author’s best knowledge, these
problems and their solutions have just been superficially studied or have not been addressed
at all. In order to provide useful elements for a better use of this algorithm, in this work a
performance study is presented consisting of three parts: a) an analysis of the impact on the
linear prediction technique of possible inaccuracies in its parameters, b) a study of the
reliability of the solution provided by the method for computing the prediction coefficients

and, c) the effect of the predictor order on the prediction error distribution.
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5.2.1 Sensitivity study

The performance of the previously described prediction algorithm was extensively
investigated with both, standard'® LFSN and standard Log-FSN under different
combinations of values for their parameters. Recall that FSN processes, with symmetric
marginal distributions, are completely defined by the values of their index of stability o and
Hurst parameter H. In order to cover the range of common values for these parameters, the
sensitivity of the algorithm was explored in the vicinity of the valid points formed by the
combinations between o € {1.3, 1.6, 1.9} and He {0.80, 0.85, 0.90}. They correspond to
different levels of variability (high, medium and low) and the typical range of values for
long-range dependence reported in the literature (e.g. [56]).

The evaluation method was carried out as follows. Given a combination of & and H,
the sensitivity of the algorithm to the value of H was evaluated considering a certain estimate
(i.e. H ) and the actual value of a The corresponding set of purposely non-optimal
prediction coefficients was computed and the dispersion of the prediction error was

determined using (81). The summation in (81) was truncated including a large number of the

most significant terms {¢(k),|kl310,000}, which ensured a reliable computation of the
dispersion. The function ¢(k) is monotonically decreasing in [k| and the truncated terms
were relatively negligible (i.., for the most significant truncated terms ¢(k)/#(0) was

typically in the range of 107 to 107). The sensitivity of the prediction to the value of «

was determined with the same procedure: using the actual value of H, some values for «

'8 Consistent use of normalized noise processes (see Equation (31)) turns out to be important for a proper

presentation of results.
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were proposed (i.e. @), the corresponding prediction coefficients were computed and the
effect on the dispersion of the error was observed.

In all cases the order of the predictor was set to 50. This rather high order was chosen
based on the experimental observation that, at this order of magnitude, increments in the
order of the predictor do not produce a significant decrease in the dispersion of the
prediction error distribution (this issue will be further commented in Section 5.2.3). This was
done this way in order to determine the dispersion without introducing additional variability

in the measurements by a small observation window size.

We start by examining how inaccuracies in the value of H affect the prediction
when using an anti-balanced model (a =-b =1 in (24)). The results from the tests are shown
in Figure 5.1. It is observed that the linear prediction is quite robust to significant differences
between the actual and estimated values of the Hurst parameter, as long as they are not too
close to the point H= 1/ . This high level of dispersion is a consequence of the negligible
correlation among consecutive samples of the process generated by the kernel of the anti-

balanced process near the point H =1/« (see Section 2.5).
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Figure 5.1 Effect of discrepancies between H and H on the dispersion of the prediction error (anti-balanced
process.)

In the second set of experiments we evaluated the robustness of the prediction
algorithm under discrepancies between « and its estimated value & . The obtained results are
shown in Figure 5.2. It is clearly noticeable that the curves show a concavity upwards with
their deepest point around the value where o and & coincide. These graphs also show that
relatively small diferencies do not have a significant effect on the performance of the

prediction. However, as & gets farther from that point, and closer to 1/H, the prediction

error rapidly increases.
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Figure 5.2 Effect of discrepancies between o and & on the dispersion of the prediction error (anti-balanced
process.)

The results obtained with the well-balanced process (i.e., a=b=1) are shown in
Figures 5.3 and 5.4. In this case the high level of dispersion observed near the point
H=1/a is due to the fact that the kernel of the balanced process degenerates into a null
process at the point H =1/a (see Section 2.5). One difference worth mentioning with
respect to the anti-balanced case occurred in the tests of sensitivity to & where the minimum
dispersion point had an appreciable shift from the optimal value. We found that this
difference was completely due to an inherent lack of accuracy of the algorithm during the
computation of the prediction coefficients, which was made more evident with the well-

balanced case. A general solution to this problem will be discussed in the following section.
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Figure 5.3 Effect of discrepancies between H and H on the dispersion of the prediction error (well-balanced
process.)
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Figure 5.4 Effect of discrepancies between o and & on the dispersion of the prediction error (well-balanced
process.)

As to the Log-FSN case, one can only test the sensitivity of the predictor to & since

its parameters are related by the expression a=1/H. The corresponding results are shown in
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Figure 5.5. Although the results were similar with the ones from the previous cases
(including a shift in the point of minimum dispersion with respect to the optimal value for
low values of the index of stability), one difference worth noting is the increasing trend in
dispersion with increasing values of a. This is explained by the fact that as this parameter
increases, the statistical dependencies decrease. Recall that at the point a=2 the process

becomes white Gaussian noise.
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Figure 5.5 Effect of discrepancies between o and & on the dispersion of the prediction error (Log-FSN
process.)

5.2.2 Accuracy considerations

The set of prediction coefficients {a,-,i =1,2,---,N } was determined by solving with an

approximation the set of N simultaneous non-linear equations described by (84). From the
results presented in the previous section, it can be inferred that these values usually provide
acceptable performance under some likely discrepancies between estimated and actual

values for the statistical descriptors of the traffic process. However, such procedure may
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produce a set of coefficients that do not make (84) exactly zero and therefore the
minimization of the dispersion of the error is not optimal. If more accuracy is needed, an
additional optimization procedure will be required. Our proposal is to use the method
proposed by Gallardo et al. [32] to get an initial estimate for the prediction coefficients and
then work with these values in such a way as to get closer to the point that minimizes the

dispersion.

In order to find the set of N prediction coefficients that better minimizes (81) several
methods can be implemented. A straightforward approach is to use the well-known Steepest
Descent Method, which consists in finding the minimum of a function along the direction
given by the negative of the gradient. In our case the gradient of the dispersion function can
be directly computed from (82) since in this case it is a vector whose m™ component is the
partial derivative of the dispersion with respect to a,. Once a new estimate for the minimum
is found, the gradient of the function is computed again at this point and we proceed along
the new direction. This procedure is repeated iteratively until an accuracy criterion is
satisfied. Preliminary results showed that even though this method indeed produces a set of
coefficients with better performance in terms of dispersion, it has the drawback of being
excessively slow. This is due to the fact that the gradient is not a global property but a local
one. One consequence of this fact is that the successive search directions, generated by this
method, produce a zigzagging path towards the minimum and therefore slow convergence. A
general solution for this problem was proposed by Fletcher and Reeves in [28]. They
proposed to use a suitable linear combination of the current gradient and the preceding
search direction. This combination may point more closely towards the actual minimum and

produce faster convergence. This method is known as the Conjugate Gradient Method.
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Using the conjugate gradient method we determined the amount of improvement in
performance when an optimized set of prediction coefficients was used for the prediction
procedure (see [61] for implementation details). For several combinations of  and H (where
a>1/H) the difference in performance with and without optimization was assessed, based on
the values for the dispersion of the prediction error. In all cases the order of the predictor was
set to 50 and, when optimizing the set of prediction coefficients, the number of iterations in
the optimization procedure was heuristically set to 20. Each iteration consisted of the
following steps. FirStly, the interval of uncertainty (i.e., the interval containing the
minimum) was determined by exploring the dispersion function until three points were
found for which the middle one had the least of the three values. This procedure was
performed in steps of one tenth one of the most significant coefficients. Secondly, a one-
dimensional technique for obtaining a local minimum was performed until the interval of
uncertainty was reduced to a fraction of the original step size. Finally, by using the two
endpoints of the interval and its middle point, an estimate for the minimum was computed by

using inverse parabolic interpolation.

Figures 5.6, 5.7 and 5.8 show the obtained results. It can be seen that in all cases the
percentage of improvement tends to zero at high values of the index of stability a. This can
be explained by the fact that when « is 2 (Gaussian case) the method for computing the
prediction coefficients becomes an exact method. In this region an additional optimization
procedure is not recommended since the computational overload, in our tests, counted on
average for about 65% of the total CPU time required to compute the prediction coefficients.

The decreasing trend in improvement when a approaches one might be due to the fact that,

70



in this region, the exponent of (82) approaches to zero, which minimizes the effect of the
values that the prediction coefficients take.
Observe that the cases with high levels of improvement match with the ones

observed in the previous section where appreciable shifts from the optimal point were

evident.
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5.2.3 Filter order selection

The effect of the predictor order on the magnitude of the dispersion of the error was
investigated using standard FSN processes and diverse combinations in their parameters a
and H. Figures 5.9, 5.10 and 5.11 below show the results for the well-balanced FSN, anti-
balanced FSN and Log-FSN respectively. These figures confirm our intuitive notion that the
larger the predictor order, the smaller the error (dispersion) is going to be. However, what is
interesting is the fast decay rate of the dispersion for the first decades whereas for larger
orders there is a nearly negligible improvement. Taking into consideration that the

complexity of the predictor will also increase, it is hard to justify the use of large predictors

in order to take into account long-range correlations.
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Figure 5.10 Dispersion of the prediction error with different predictor orders (standard anti-balanced process.)
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These results support the observation that long-range correlations are of marginal
usefulness in linear prediction. This statement is also supported by the following two
observations. First, by the fact that past samples of the traffic process, falling out of the
observation window set by the order of the filter, cannot be taken into consideration.
Consequently, their statistical information about long-range correlations is lost. Second,
additional observations on the relative magnitudes of the prediction coefficients led us to
conclude that far samples are expected to provide negligible contributions to the estimation.
Therefore, even if we increase the observation window size as to include past samples,
providing information about long-range correlations, it is expected that their contributions to

the estimated value will be rather negligible.
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5.3 Conclusions

Through extensive simulations in this section we investigated how diverse factors affect the
performance of the prediction algorithm proposed by Gallardo et al. in [32]. A summary of
the main findings follows.

We evaluated the robustness of the prediction method under parameter estimation
errors. Our results show that for different levels of variability (i.e. different values of a) and
long-range correlations (determined by the Hurst parameter H), likely discrepancies between
their actual and extracted values do not prevent the prediction algorithm from working
properly. It was found that its performance is more influenced by the estimated variability of
the process. The case when « and 1/H have close values deserves special attention since
significant errors can be avoided by using a suitable model from the family of FSN
processes.

We also found that under certain circumstances, the prediction coefficients obtained
from a direct implementation of the method proposed in [32] do not produce an optimum
performance. However, they can be optimized with a numerical method if more accuracy is
needed. When incorporating an additional numerical procedure for improving the accuracy
of the linear prediction, the amount of gain in performance depends on both, the Hurst
parameter H and the index of stability «. Significant improvements in the dispersion of the
error are achieved for high values of the Hurst parameter and middle values of a (within the
valid range).

In the last set of experiments we evaluated the effect of the order of the predictor on
the predicted values. As our intuition dictated, it was observed that the dispersion of the error

is strongly dependent on the values of recent past samples of the process and in a minor scale
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on samples from the far past. In addition, the slowly decaying rate of the dispersion with
respect to increases in the order of large predictors contrasts with the fast decay observed
with small orders. This observation led us to conclude that, taking into consideration the
additional computational cost, it is not advisable to use a relatively large order in an attempt
to capture long-range correlations. Consequently, we conclude that long-range correlations
are of marginal importance in linear prediction. We emphasize the consistency of this result
with previous studies by Grossglauser [38] that show that there is a “correlation horizon”,
specific to the system under study, after which the impact of correlations becomes negligible
for all practical purposes. Furthermore, some other researchers claim that only short-range
correlations are important for traffic prediction [74].

We believe that with the elements herein provided we can better determine the

applicability of the prediction technique to particular applications.
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Chapter 6

Dynamic resource allocation

In a scenario where different connections share a link, the network must provide enough
resources to each of them and simultaneously satisfy the expected quality of service. To this
end, a constant bandwidth allocation policy, i.e. to provide a constant-but-enough amount of
resources to each stream, can be easily deployed in network technologies supporting quality
of service guarantees. However, this approach is not the most efficient in terms of
multiplexing gain. Alternatively, dynamic allocation of resources can be implemented so that
unused bandwidth can be redistributed among those connections that require it. When low
demanding streams become more active, a redistribution of resources must take place so that
they can use their share of the total available resources.

A substantial amount of research has been done in this area yielding relevant
contributions worth mentioning. In [58] the authors observed that the performance of a finite
buffer is mainly determined by the low frequency component of the input process. Using this
result, in [14] it was proposed to extract this band from a compressed video stream, track its
bandwidth requirements and dynamically change the bandwidth allocation as to ensure
proper resource provisioning. In [4] the authors introduced, categorized, and evaluated
several dynamic bandwidth allocation policies. Although diverse conclusions can be drawn
from this work, it is worth calling up their observation stating that a simple dynamic

bandwidth allocation scheme that takes into consideration the heuristic “the future is similar
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to the near past” yields fair results. In [2] Adas observed that when a dynamic bandwidth
allocation scheme is implemented using traffic prediction, only the prediction errors leading
to underestimation, need to be buffered. This results in small queues since the error process,
in his tests, resembled white noise or at most a short-memory process. Therefore, smaller
delays with higher network utilization can be achieved.

Recently, dynamic bandwidth allocation has been the object of extensive research in
the context of video transmission (e.g. [5], [66]) as well as in diverse areas such as satellite
networks [43], burst switching [69], Differentiated Services [82], IP over Synchronous
Optical Networks (SONET) [94] and others.

In spite of the interest in this approach for bandwidth allocation, problems resulting
from signaling overhead and system latency have limited its deployment. The selection of an
appropriate reallocation frequency leads to a trade-off with the network utilization. The more
frequent the reallocation is, the higher the network utilization becomes, but the higher the
signaling overhead. This reallocation frequency is primarily limited by processing time and
system latency (i.e., the time the system takes to redistribute the bandwidth). In other words,
periodic reallocation is only feasible if the sum of the processing time plus the system
latency is smaller than the desired time between successive bandwidth adjustments.
Additionally, the particularities of a network technology also limit the frequency of changes.
Nevertheless, several strategies with varying degrees of effectiveness can be proposed to
reduce the changes. For instance, some bandwidth adjustments can be avoided if the
difference between successive values is negligible [4] (other techniques are explained in [2]

and [14]).
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In the first part of this section it is shown that dynamic allocation schemes
supplemented with prediction techniques can potentially lead to the development of efficient
algorithms with reasonable overhead. It is worth emphasizing that the prediction procedure
under consideration assumes modeling of aggregate network traffic using fractional stable
noise. Up to the author’s best knowledge, this particular approach has not been explored
before. In the second part of this section we propose a dynamic bandwidth allocation
algorithm based on the concept of envelope processes. This approach let us reduce the
number of renegotiations by properly determining the amount of bandwidth to be allocated
over a window of arbitrary length. These schemes are described and experimentally

evaluated.

6.1 Dynamic bandwidth allocation based on linear prediction

In this approach the amount of resources to be individually allocated in future time slots is
estimated based on the predicted bandwidth demand of the traffic flows. It is assumed that
the statistical behavior of aggregate traffic streams is described through « -stable long-range
dependent stochastic processes. Accordingly, each traffic process has to be modeled using an
underlying fractional stable noise process {Y;}. As previously mentioned, the following

model has been proposed [33] for aggregate video traffic:

d
W;=m+a¥;; j=0,1,2, .. (89)

where W; represents the actual number of bytes arriving during the j-th time interval of unit

length. The fractional stable noise process {Y ;} is symmetric with index of stability & and

Hurst parameter H . The parameter m is the mean of the number of bytes per unit time and

79



a is a scaling factor. A slightly modified version of the previous model was proposed in [33]
for Ethernet and WWW traffic:

v 2

Wi=m+a(Y;|-py); j=0,1,2, .. (90)

where uy is the mean value of |Y}. The model components m, a and ¥; have the same

meaning as in Equation (89). The values for all the model parameters have to be estimated
off-line from actual traffic samples.

Once the traffic modeling has been done, the prediction coefficients {a;} have to be
computed for each traffic class as previously explained in Chapter 5. As indicated by

Equation (79), these coefficients can be used to estimate future values of the process ¥; from

the observations {Y; }, which are extracted from actual past samples of the traffic process

{W; }. An additional parameter L (L >0) can be used to represent a time lag that due to a

number of factors (e.g., processing time or signaling) would prevent an immediate allocation

of the proper amount of bandwidth as follows:

N
Yj=Yk+L=Zai'YI:—i o1

i=1
where fj is the estimated value of the ;-th sample of the underlying FSN process. Finally,
future bandwidth requirements can be forecasted as:
W; =m(1+ p)+a¥; (92)

or

3,

j=m@+py+a(¥;|-py) (93)
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in the case of Ethernet and WWW traffic. The parameter p controls the QoS (in terms of

loss probability) by over-allocating additional bandwidth. For instance, in the case of

aggregate video traffic it can be observed from (89), (92) and (64) that:
GRS I,
PW; >W;{=P —n;(Yj—Yj)>p =c. (94)

The effect of the over-allocation can be observed through the percentage of downgraded data
(i.e., data that either, could not be transmitted or were given a lower priority). This

percehtage can be computed as:

> min(W; W, )
%downgraded _data = l—j———~;————— x100° 935)
27
i
Although the percentage of downgraded data can be reduced with additional
bandwidth, the over-allocation required to cope with the large excursions caused by the
burstiness of the traffic process may lead to a significant waste of resources. Therefore, the

proper operating point will be a trade-off between the desired values of QoS and efficiency

in the use of resources. We can quantify efficiency as follows:

Zmin(Wj,W;)
n% = %100 (96)
27
J
A periodic bandwidth allocation scheme, like the one previously described,

redistributes the total available capacity among the set of active traffic streams at regular

intervals.
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6.1.1 Experimental evaluation with unconstrained resource

In this section, through computer simulations, we evaluate the performance of the dynamic
prediction-based bandwidth allocation scheme. For our experiments we considered two types
of network traffic: aggregate MPEG-1 video and moderately bursty Ethernet LAN traffic.
Although the two traffic streams share the same link, they are not restricted in the amount of
bandwidth they can take. This approach was followed in order to observe the effect of some
parameters on the performance of the system without introducing additional randomness
generated by constrained resource and contenting requests of users, which could result in
refusals of additional resource provision because it has been reserved by other connections
(this issue will be addressed in the following section). Considering the suggested models and
parameter extraction procedures described in [33], the video traffic class was modeled using
(89) with the following parameters: m=3,655,758 [bps], a=295,431 and a standard well-
balanced Linear FSN with @ =1.95 and H = 0.90. Similarly, Ethernet traffic was modeled
using (90) with parameters m=1,105,424 [bps], a=839,624, uy=1.1575 [bps] and standard
well-balanced FSN process with a =1.95 and H =0.83. With this information, the
prediction coefficients were computed as explained in Chapter 5 considering a predictor of
order 50 in both cases. Since for both types of traffic a~2, there was no need to apply an
additional optimization procedure. It is worth mentioning that although both traces have the
same value for their index of stability a, the Ethernet trace showed a higher peak-to-mean
ratio (which is captured by the other model parameters). Each experiment was performed
eleven times using Equations (95) and (96) to obtain the metrics of performance.

In our first set of simulations we investigated the amount of improvement in

performance we expect to obtain when a dynamic prediction-based resource allocation
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technique is used instead of a constant bandwidth allocation. The following values for the
over-allocation parameter p (see Equations (92) and (93)) were used: 0, 0.01, 0.03, 0.05, 0.1,
0.15, 0.2, 0.25, 0.3, 0.4 and 0.5, resulting in increased requirements of average bandwidth
per time slot. The corresponding simulation results (sample mean values) are shown in
Figures 6.1 to 6.4. In the second part of the experiment, the previously obtained values of
average bandwidth were allocated to the traffic traces during the whole simulation time in
order to observe the performance of a constant allocation policy. These results are also
included in the figures. It is observed that for most cases the dynamic allocation outperforms
the static scheme. However, an efficiency comparison between the two techniques shows
that for the video traffic class both techniques show nearly comparable performance. This is
mainly due to the low burstiness of this traffic trace (small peak-to-mean ratio). However,
the difference becomes noticeable at higher levels of burstiness as evidenced by the values of
efficiency obtained with the Ethernet trace. It is clear that in order to obtain a comparable
performance with the dynamic approach, the static technique must allocate a large amount of

bandwidth, in order to be able to cope with highly varying traffic.
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Figure 6.1 Percentage of downgraded bits for the video class under static and dynamic bandwidth allocation
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Figure 6.4 Efficiency in the use of allocated capacity for Ethernet traffic under static and dynamic bandwidth

allocation policies.

Furthermore, Figures 6.1 and 6.3 show the benefits of using a prediction-based
dynamic bandwidth allocation scheme. Note that the y-axis in these two figures use a

logarithmic scale. For instance, from Figure 6.1 it is clear that when L = 0 and for a
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percentage of downgraded data of 0.01, there is a significant reduction, around 20%, on the
amount of bandwidth required with respect to a static bandwidth allocation. From the figure,
it is also clear that as L increases, the bandwidth requirements increase for a given
percentage of downgraded data.

In our second set of simulations we explore the effect of the prediction-related
parameters on the system performance. We ran several tests under varying values of the
parameters L and p (see Equations (91), (92) and (93)). The simulation results (sample mean
values) for video traffic are shown in Figures 6.5 and 6.6 whereas the ones corresponding to
Ethernet traffic are shown in Figures 6.7 and 6.8. These results clearly exemplify the trade-
off between the quality of service (in terms of percentage of downgraded data) and
efficiency. For instance, for video traffic, it is observed that when using a prediction lag of 9,
the percentage of downgraded data is reduced from 1 to nearly O (the actual values are:
0.9391 + 0.0284 and 0.0073 + 0.0061 using 95% confidence intervals) when the margin of
over-allocation is increased from 5% to 25% of the mean value of the traffic process.
However, this comes not without a cost. There is a drop in efficiency from 95% to 80% (the
actual values are: (94.3118 + 0.1989)% and (79.9391 + 0.3972)% using 95% confidence

intervals).

86



Downgraded bits [%]

0 1 3 5 10 25 50
Additional margin (% of the mean value)

Figure 6.5 Percentage of downgraded bits for the video class under different time lags.
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Figure 6.6 Efficiency in the use of allocated capacity for the video class under different time lags.
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Figure 6.7 Percentage of downgraded packets for Ethernet traffic under different time lags.
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Figure 6.8 Efficiency in the use of allocated capacity for Ethernet traffic under different time lags.

6.1.2 Experimental evaluation with constrained resource

Let us now assume that the traffic streams considered in the previous section share a link of

limited bandwidth C. This resource is periodically distributed using linear prediction to
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estimate the bandwidth requirements of individual traffic classes. If enough resources are
available in order to satisfy the total bandwidth requirement, the allocation will take place as
previously explained. However, this strategy has to be complemented with a way to cope

with the case when the estimated bandwidth demand exceeds the link capacity. It is proposed

to define in advance a set of weights {w‘.;i =1...,N } for the N contending traffic classes and

use it to split the link capacity in these cases. This set satisfies the following property:
3w =1 ©7)

This way, under heavy traffic situations each traffic class is guaranteed a share w,C of the

available bandwidth.

Under light-load conditions the performance of this bandwidth allocation scheme is
similar to the one observed in the previous section. This is due to the fact that in these cases
there is little or null interaction among different traffic streams and the bandwidth allocation
is primarily done using prediction. However, with heavier loads the situation changes and
the distribution of resources relies more on the set of weights. This is illustrated in the
following case study where we consider again the two traffic classes described in the
previous section, i.e. aggregate video and Ethernet traffic. Assume that these traffic

aggregates share a link of 7Mbps and are assigned the following weights: w, =w, =0.5. Let

us consider the same parameter values used in the previous section (i.e., prediction lag in the
range 0 to 9 and percentages of over-allocation 0, 1, 3, 5, 10, 25 and 50) in order to be able
to directly compare the impact of the contention handling scheme on the system
performance. Although the parameters for the bandwidth allocation algorithm for éach traffic

class are independent of each other, the tests were run under common conditions of
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prediction lag and over-allocation. Each experiment was performed eleven times obtaining
the sample mean values described below. Figure 6.9 shows the values of link utilization
achieved for the possible combinations of the parameters. It is observed that larger prediction
lags result on lower figures for the link utilization due to the diminished accuracy of the
predicted values. Over-allocation may also increase link utilization up to a point where there
is no more data available to make use of the resource or to a point where the estimated
bandwidth requirements exceed the available capacity most of the time precluding the use of
bandwidth allocation based on prediction in favor of the allocation based on the set of
weights. This is the situation shown in Figure 6.9 for an over-allocation of 50% of the mean
value. The simulation results for the video class shown in Figures 6.10 and 6.11 clearly let us
discern between the region where the curves are mainly influenced by the prediction-based
allocation and the one where they are primarily affected by the bandwidth allocation based
on the set of weights. Finally, Figures 6.12 and 6.13 show the simulation results
corresponding to Ethernet traffic which in our simulations had a lower mean value than
video traffic. It is observed that, for large values of over-allocation, the performance of the
system is independent of the prediction-related parameters. It is worth mentioning that, in
this region, the policy for bandwidth allocation is mainly static and therefore, the percentage

of losses can be estimated using envelope processes as previously explained.
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Figure 6.12 Percentage of downgraded data for Ethernet traffic in a shared link of 7Mbps.
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Figure 6.13 Efficiency in the use of allocated bandwidth for Ethernet traffic in a shared link of 7Mbps.

6.2 Dynamic bandwidth allocation based on envelope processes

Let us recall that, in previous sections, probabilistic envelopes for a-stable processes have
been used to determine the amount of long-term bandwidth allocation required by a traffic
stream. The parameters of the envelope are extracted from samples of the process and they
are assumed to be valid during the actual data transmission. These procedures (i.e.,
parameter extraction and bandwidth allocation) can be periodically executed in order to
exploit knowledge of local statistics of a traffic process and achieve more efficient use of the
network resource. This idea can be used to propose an envelope-based dynamic bandwidth

allocation algorithm as described below.
Let us again represent with ;, j= O,l,...} the actual number of arrivals of a traffic

process over time intervals of unitary length. Also let (36) be the model for this process (i.e.,

d

W:=m+a¥ ;» where m is the mean number of arrivals per time slot, a is a scaling factor

J
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and {Y;} is fractional stable noise). Recall that, for this model, the proposed envelope is
defined as W = m+ Koy (see Equation (62)), where m has the same meaning as in the
traffic model, oy is the scale parameter of the traffic process and K is a parameter

controlling the magnitude of the data loss.

In the proposed algorithm, future bandwidth requirements are estimated based on
local envelope processes as follows. Traffic samples are collected during a measurement
time (Teqs) and processed (extraction of the parameters of the envelope process) in order to
determine the proper bandwidth allocation that satisfies a loss constraint. The service rate is
updated with this value and remains effective during the following Ty, time units. This
algorithm is executed in a cyclic way by collecting the samples over a sliding window of
size Tueqs, Which advances Ty, time units each time to start a new cycle. Let us consider
that T,50¢c < Tyeas » SO that successive cycles can overlap. We consider the processing time
to be negligible in comparison to Ty and Tpeqs.

Experimental evaluation
The proposed dynamic bandwidth allocation algorithm will be compared to a more
conventional approach that assumes a Gaussian distribution in the traffic process. It operates
in the same way as our proposed algorithm, but determines the bandwidth allocations using
the following local Gaussian envelope process (see [15] and [24]):

W=m+Kgs (98)
where m is again the mean number of arrivals per time unit, s is its standard deviation and
K¢ is selected as to guarantee that the traffic will not exceed the envelope with probability

l-¢,1e. P{Y >Kg } =g where Y ~ N(0,1). The parameters m and s are estimated using the

sample mean and sample standard deviation, respectively. It is worth mentioning that, being
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the Gaussian distribution a particular case of the family of the a-stable distributions, the
envelope (98) can be transformed into an equivalent envelope process parameterized in
terms of the mean and scale parameter'’.

The metrics of performance to be considered in the evaluation include the percentage
of downgraded data and efficiency (see Equations (95) and (96)). The expected value of the
magnitude of downgraded data has been analyzed in Appendix D based on the assumption
that traffic characterization procedures and a long-term bandwidth allocation have been
carried out before the actual data transmission. In contrast, the algorithms considered in this
section use local parameter estimation and short-term allocations and therefore, some
differences in performance are expected. Nevertheless, the formulae derived in Appendix D
can be used to establish a point of reference.

In addition to the metrics of performance mentioned above, let us consider the ratio
of the average allocation to the mean value of the input process. Let us denote this metric as

rover and compute it as follows:

99)

'7 This transformation can be carried out taking into consideration that, for a Gaussian random variable, the
scale parameter o and standard deviation s are related by the expression V2o =5 [81 p. 318]. Using this

condition, it is trivial to prove that the Gaussian envelope as defined by (98) and the envelope W=m+K ow

with P{Y > K }= £ and Y ~ 8,(1,0) are equivalent if K = \[Z—KG. The estimation methods for the standard

deviation and the scale parameter are not the same, though.
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The simulations will be carried out with video traffic genefated from the model

W; =m+aY; using the following parameters: m=3,655,758 [bps], a=295,431 and standard

well-balanced LFSN with o =1.95 and H =0.90 [33]. We will consider the following
values for the probability ¢ that the process exceeds its envelope: 0.1, 0.01 and 0.001. These
probabilities uniquely determine K in our proposed algorithm and the value of K¢ in the

Gaussian envelope. The required values of the parameter K were obtained from the inversion

of the characteristic function of the random variable S; g5(1,0,0). The parameter K was

obtained directly from tables (e.g., see Table 3.4 in [57]). These values are shown in Tables
6.1 and 6.2 along with the expected magnitude of downgraded data (losses) for each case
(computed using Equation (D.7) from Appendix D). In addition to the values of the

parameter K¢ of the Gaussian envelope, Table 6.2 also includes, in parentheses, the values of
the parameter K (K = V2K ¢ ) that would be used in an equivalent envelope process using a-

stable parameters. The parameters m, ¢ and s are estimated in each cycle of the algorithm,
whereas the value of the parameters X and K¢ was kept constant for a particular value of ¢.
From the values shown on Tables 6.1 and 6.2 it can be inferred that for £ = 0.1 both
algorithms will produce similar performance (both have similar values for K, which indicates
that they will allocate a similar amount of bandwidth). As shown on the tables, in order to
achieve smaller values in the probability ¢, the parameter K has to be increased. However,
due to the different decay rate of the tail of the a-stable and Gaussian distributions the
increase rate for K is slower for the Gaussian envelope. Therefore, it is expected that for
£ =0.01 and £ =0.001 the difference in performance will be more noticeable. Furthermore,
from the values shown on the tables, it can be observed that the levels of the expected

downgraded data may be significantly different. The Gaussian assumption predicts a faster
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decay of the amount of downgraded data than the a-stable model. In order to explore this
issue a bit further, Equation (D.7) was sampled with additional values of K obtaining the
curves shown in Figure 6.14. As depicted on the figure, even though the values of o seem to
be relatively close values, they may lead to substantially different assumptions on the levels
of downgraded data occurring in the system. This is due to the fact that the model with

0=1.95 has a heavy tail and the other does not.

Table 6.1 Values for the parameter K corresponding to different values of the probability ¢ (P{Y >K }= £

where Y ~ 51.95(1,0,0)) and estimated fraction of downgraded data.

£=0.1 e=0.01 €=0.001
K 1.82 3.45 5.83
Downgraded data [%] 0.6568 0.1049 0.0405

Table 6.2 Values for the parameter K corresponding to different values of the probability ¢ (P{Y >Kg } =g

where Y ~ N(0,1) ) and estimated fraction of downgraded data.

£=0.1 £=0.01 €=0.001

Ko 1.2815 2.3263 3.0902
(K=1.8123) (K=3.2899) (K=4.3702)

Downgraded_data [%] 0.5536 0.0393 0.0032
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Figure 6.14. Fraction of downgraded data as a function of the parameter K of the envelope processes.

In the first set of simulations we let the measurement window (7.qs) take several
values from 1 to 5 minutes whereas the allocation time (Tyy,.) is set to a fixed value of 1

minute. The corresponding results (sample mean values) are shown in Figures 6.15 to 6.17.
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Figure 6.15 Performance of the envelope-based dynamic bandwidth allocation algorithms in terms of

downgraded data (tests with video traffic and different sizes for the measurement window).
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Figure 6.16 Performance of the envelope-based dynamic bandwidth allocation algorithms in terms of

efficiency (tests with video traffic and different sizes for the measurement window).
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Figure 6.17 Performance of the envelope-based dynamic bandwidth allocation algorithms in terms of the ratio

of the average allocation to the mean input rate (tests with video traffic and different sizes for the measurement

window).
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It is observed that as the measurement window increases, the percentages of
downgraded data achieved by our proposed algorithm asymptotically decrease to the
expected values shown in the second row of Table 6.1. This is due to the fact that larger
estimation windows allow us to obtain more accurate estimates for the parameters of the
envelope. A similar trend is observed in the simulations with the Gaussian envelope, but the
expected percentage of downgraded data shown in the second row of Table 6.2
underestimated the magnitude of the actual losses. This is more noticeable at more stringent
conditions of data loss. For instance, for £=0.001 the expected percentage of data loss (see
Table 6.2) with the Gaussian envelope is 0.0032, but the experimentally obtained value was
higher, (0.0351 +0.0109)% using 95% confidence intervals. In contrast, with the envelope
based on the « -stable model, the expected value (see Table 6.1) was 0.0405% and the
experimental result was (0.0088 +0.0041) %, again with 95% confidence intervals.

In the second set of experiments we set the measurement window to 5 minutes and

let the allocation window vary from 1 to 5 minutes. The simulation results are shown in Figs.

6.18 to 6.20.
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Figure 6.18 Performance of the envelope-based dynamic bandwidth allocation algorithms in terms of

downgraded data (tests with video traffic and different sizes for the allocation window).

Measurement window=300[s]

a-stable (solid), Gaussian (no fill)
100 £={0.1 (circle), 0.01 (square), 0.001 (triangle)}

§' 90 » * L ®

2y

©

‘O = = e —

£ 80

LU — 2 —i —A

70 T T T 1

60 120 180 240 300

Allocation window [s]

Figure 6.19 Performance of the envelope-based dynamic bandwidth allocation algorithms in terms of

efficiency (tests with video traffic and different sizes for the allocation window).
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Figure 6.20 Performance of the envelope-based dynamic bandwidth allocation algorithms in terms of the ratio

of the average allocation to the mean input rate (tests with video traffic and different sizes for the allocation

window).

Recall that the size of the allocation window is directly related to the reallocation
frequency, the larger its size, the less frequent the reallocations occur. Figure 6.18 shows that
there is an increasing trend in downgraded data for larger sizes of the allocation window.
This is due to the diminished responsiveness of the algorithms since the mean bandwidth
allocation remains nearly constant (see Figs. 6.19 and 6.20). The performance of the
algorithms in terms of percentage of downgraded data was again more closely predicted
using our proposed envelope than the Gaussian one.

From these tests it is concluded that the dynamic bandwidth allocation algorithm
based on local a-stable envelope process results in a more reliable way to provide stringent
quality of service guarantees when the input traffic exhibits heavy tails. Further refinements
iﬁ the algorithm are possible, such as on-line estimation of the index of stability, and are left

for future research.
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6.3 Conclusions

We have argued that a static allocation of network resources can be highly inefficient. Based
on this premise, in this section, we have explored dynamic bandwidth allocation schemes.
Our approach is based on the modeling of network traffic using FSN processes and
appropriate estimation methods for future bandwidth requirements (suitable to the statistical
properties of the samples of FSN processes). It was shown that dynamic prediction-based
bandwidth allocation algorithms can significantly improve network utilization over static
resource allocation schemes with minimum overhead since even low order linear predictors
can achieve acceptable performance. We also explored dynamic bandwidth allocation
algorithms based on the concept of probabilistic envelope processes, used in previous
sections of this work for static allocations. The basic idea is to carry out short-term static
allocations, as opposed to a single long-term constant bandwidth allocation, in order to
increase the efficiency on network usage. Our proposed algorithm can arbitrarily reduce the
frequency of renegotiations in trade for some over-allocation. Use of envelope processes for
a-stable processes resulted to be appropriate to provide stringent quality of service

guarantees to network traffic exhibiting heavy tails.
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Chapter 7
Thesis conclusion and suggestions

for future research

Increasing awareness of the relevance of long-range dependence and high variability
properties of network traffic will certainly have an impact on the future network
infrastructure. For instance, in this work it was shown (using our proposed envelope
processes) that due to the large deviations happening in the traffic process, the amount of
network resource required, in order to achieve a small percentage of losses, is significantly
larger than the one expected using more traditional models that do not take into account the
high variability encountered in some traffic classes. One can be tempted to predict that if
quality of service guarantees are to be provided, future networks will consist of over-
provisioned links which will remain lightly loaded most of the time. On the other hand, it
was also shown that the heavy tails in the traffic process negatively affect the multiplexing
gain, which in turn directly impacts the scale economies expected by service providers. As
pointed out by the authors in [17], this interaction between customer satisfaction and cost
factors becomes both a business and a technological problem. Whereas the effect of this
interaction on the future network infrastructure may lead to merely speculative analysis at
this point in time, we can be certain that with the limited resources provided by the current

infrastructure an alternate way to satisfy increased quality of service expectations is to
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implement more efficient resource allocation mechanisms. In this work this issue was
addressed by using dynamic bandwidth allocation based on linear prediction of symmetric a-
stable stochastic processes. With this approach, it was shown how one can substantially
improve the network utilization in trade for additional complexity and signaling overhead.

It can be concluded that although resource allocation schemes can be developed
based on different policies (constant, dynamic or a combination of both) and the balancing of
diverse factors (simplicity, cost, efficiency, customer satisfaction and others), proper use of
traffic models based on a-stable long-range dependent stochastic processes let us introduce
realistic assumptions during their analysis and design.

The series of issues arising during the development of this work motivate a great deal
of research in diverse-but-interrelated directions. We observed, for instance, that in the past
few years the importance of short-range correlations has been largely neglected in traffic
modeling. Although it is true that short-range correlations do not have an important effect on
some metrics of performance evaluation, in this work it has been concluded that they can
play an important roll in the performance of linear prediction. This result suggests that use of
models that simultaneously capture short and long-range correlations is highly desirable in
the evaluation of resource allocation schemes based on prediction.

In addition to the proper modeling of correlations, accurate modeling of network
traffic is complemented by properly capturing the statistical properties of the marginal
distributions. As previously mentioned, existing models based on self-similar stochastic
processes have tried to address this issue by using a-stable random variables in order to
capture the heavy-tail decay of the marginal distributions. However, they have used

exclusively either symmetric distributions [33] or totally skewed to the right random
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variables [46]. In this work it has been suggested to consider the degree of skewness in the
process as an additional parameter, worth of being taken into consideration. This approach
allows for more accurate traffic modeling, but it is dampened by the scarce availability of
related analysis using skewed distributions. It seems that we are just beginning to explore the
rich parameter space that a-stable self-similar processes have to offer. Whereas symmetric
processes have been favored by practitioners, comparable works using skewed processes are
rather scarce. Therefore, methods for synthesis, parameter estimation and prediction of
skewed processes have been less exhaustively studied. For instance, most of the available
prediction methods (including the one we used in this work) are intended for symmetric
processes. Development of comparable prediction methods for skewed processes is left as
future work.

It can be finally mentioned that adaptive linear prediction of a-stable processes has
not been applied to network traffic, although some algorithms for adaptive linear prediction
of symmetric a-stable time series have already been proposed (e.g., [9] and [70 Section 8.5]).
Applications using an adaptive approach would have a high level of flexibility, but it would
also introduce some new problems such as convergence and adaptation time. This is also left

as material for future research.
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Appendix A

The marginal distributions of Log-FSM

The marginal distributions of a Log-fractional stable motion (Log-FSM) process are briefly
discussed here for clarity purposes since the author could not find a suitable reference.

Recall from Equations (25) and (26) that Log-FSM can be obtained as follows:
Ag(0)= [Ue-x)-1(x))-M(dx) ; -o<t<o (A.1)

where M(dx) an c-stable random measure on R with Lebesgue control measure and

constant skewness intensity f. For fixed >0 the stochastic integral (A.1) yields an a-stable

random variable i.e.,
Ag(6)~ S4 (04, 5,,0) (A2)

From the properties of the a-stable integral [81 p. 117] we have that o, and S, in (A.2) are

given by:
ol = Oj.ll(t —x)=1(x)* dx (A3)
and
B, = % o}[I(t — x)=1(x)[** dx (A4)

where z<P> =|z|” -sign(z). Consider the scale parameter of the marginal distribution given

by (A.3). Let us split the integration interval into the subintervals (- ,0], [0,] and [t,0),

and then apply the definition of / () (see Equation(26)) as to obtain:
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1y t” ©
o/ = I lln]t - x| - lnlx[la dx + ﬂlnlt - xl - lnlx“a dx + ﬂln|t - x| - ln]x"a dx (A.5)
—0 ot t
so that the first and third integrals in (A.5) can be transformed into:

o | ©
j lln|t ~x|- ln[x”a dx = ﬂln|t +x|— ln|x|ladx (A.6)
-0 o+

ojﬂln|t — x|~ Inln] " dx = wﬂ— Inj| + Inft + x| dx (A7)
t 0*
Therefore, (A.5) can be expressed as:
o/ = 0]'|ln|t + xl - ln]x"a dx + iﬂln]t - x| - ln|x||adx + Ojﬂln|t + xl - ln|x"adx (A.8)
0 0* 0*

From (A.8) we obtain (58) when we set ¢ =1. The proof for Equation (57) is obtained in a
similar way.

Now consider the skewness parameter of the marginal distribution given by (A.4). In
this case it is convenient to split the integration interval into the subintervals (— oo,O],
[0,2/2], [t/2,¢] and [t,0). Following similar procedures to the ones previously used, it is a
matter of simple algebra to show that the resulting integrals cancel out each other yielding a
skewness parameter S, =0, which indicates that the marginal distributions of the Log-FSM

are symmetric.
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Appendix B
Probabilistic envelope process for a traffic model

based on symmetric fractional stable noise

Let us consider a particular case of the traffic model given by (36) with the number of
arrivals during the interval (j,j+1] given by:

Wj=m+an ; 7=0,1,2,... (B.1)
where m is the mean number of arrivals per time unit, a is a scaling factor and Y, is
fractional stable noise with symmetric marginal distributions.

Let A, represent a cumulative arrival process with 4, =0 at the beginning of an
observation window, i.e.,
A =Wy +Wi+..+W,_| ;n=123,.. (B.2)
Using (B.1) this process can also be restated as:
A, =nm+aYy+H+..+Y,_) ; n=123,... B.3)
Observe that the summation of samples of fractional stable noise implied by (B.3) becomes

in fact fractional stable motion with discrete time index.

In order to provide an upper bound for 4, the following envelope process ;1,, is proposed:
;ln =mA(n)+ KO'A(n) B.4)
where m 4(n) and & ,(n) are the mean and scale parameter of the cumulative arrival process

at time n. The parameter K determines the probability that the process will surpass its
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envelope. In order to determine the parameters of the envelope process it is useful to apply
the definition given by Equation (32) and transform (B.3) into:
o0 n-1
A, =nm+ D Uila) ¢(j-k)| ; n=123,... (B.5)
k=-0 Jj=0
Now we apply expectation to (B.5) to obtain its mean:
0 n—1
my(n)=E{d,}=nm+ > E{U,}a> ¢(j-k)|=nm (B.6)
k=—c0 Jj=0
In (B.6) we have used the fact that for the SaS random variables under consideration, with
1 < @ £ 2, their mean equals the shift parameter (see [81] p. 19), which in turn is zero.
Using Equation (10) into (B.5) it can be easily shown that the dispersion of the process

7 4(n) is given by:

==00

n(n>=ki

n-1 @
a2¢(j—k# YU, (B.7)

Jj=0
After some simple algebraic steps, and taking into consideration that the dispersion yy;,

results in a unitary value, we obtain the following expression for the scale parameter of the

process A,:

e

¢(j—k)l (B.8)

n—1

2

j=0

o4 =lr e =[a | 3

k=~00

Finally, the parameter K is uniquely determined by fixing the overshoot probability ¢ :
{ p An —my (n)
Pi4, >A,,}=P{An >my(n)+ Ko 4(n)}=P >Kt=¢ (B.9)

O'A(”)

Note that
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if x=Ammaln) oy S, (1,0,0) (B.10)
o 4(n)

Therefore, from the distribution of X we can determine K using the probability ¢. As
previously mentioned, this distribution can be obtained numerically from the characteristic

function. The following case study is provided in order to illustrate the concepts described in

this section.

Probabilistic envelope processes for aggregate video traffic

In the set of experiments we used traces consisting of 10,000 samples of symmetric balanced
fractional stable noise with parameters o =1.95 and H=0.90. As explained in [33] this
particular combination can be used to generate synthetic aggregate video (MPEG-1) traffic.
We considered several observation window sizes in the range from 1 to 50. The value of K
that satisfies an appropriate probability ¢ had to be determined from a tailored table of K

versus ¢ (i.e, K versus P{X > K} where X ~ S} 45(1,0,0)). In order to generate such table, the

characteristic function was numerically inverted to obtain a punctual representation of the
probability density function. Table B.1 shows the theoretical overshoot probability & and
Table B.2 shows the simulation results in terms of the sample mean (95% confidence
intervals are also included).

It can be observed that the envelope process let us accurately specify a stochastic

upper bound for the values of the synthetic trace, regardless of the observation window size.
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Table B.1 Theoretical overshoot probability £ from the distribution S; ¢5(1,0,0).

K 1 2 3 5
£ 0.2401 0.0808 0.0199 0.0016
Table B.2 Experimentally observed overshoot probability ¢ .
Window size K
1 2 3 5
1 0.2396 0.0795 0.0201 0.0016
(£0.0401) (£0.0250) (£0.0118) (£0.0014)
2 0.2398 0.0794 0.0201 0.0016
(£0.0402) (£0.0250) (£0.0118) (£0.0014)
3 0.2397 0.0793 0.0201 0.0016
(£0.0403) (£0.0252) (£0.0119) (£0.0014)
5 0.2394 0.0795 0.0202 0.0016
(£0.0405) (£0.0253) (£0.0120) (£0.0015)
10 0.2394 0.0794 0.0202 0.0015
(£0.0410) (£0.0257) (£0.0122) (£0.0014)
20 0.2395 0.0792 0.0201 0.0016
(£0.0419) (£0.0260) (£0.0125) (£0.0015)
30 0.2388 0.0778 0.0198 0.0014
(£0.0423) (£0.0265) (£0.0129) (£0.0015)
50 0.2388 0.0778 0.0202 0.0016
(£0.0431) (£0.0271) (£0.0142) (£0.0017)
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Appendix C

Method of sample fractiles

Let Xi,...,Xy be N samples of a random variable X. We can obtain the corresponding order
statistics Xy,...,X(v by placing the sample values in ascending order i.e., Xu) <...<X(w).

Recalling that for a cumulative distribution function F(x) its f(0<f<1) fractile xyis defined by

F(x7y~f, an estimator for the f fractile % is simply given by Xu+1)» However, in order to

avoid spurious skewness in the estimate a correction has to be made as described below [70].

Assuming that 0<i<N and 2i-1 £f< 2i+1 then
2N 2N

_ S —q@)
=X +(X(i+1) X(i))q(i+—1)—q(i) (C.1)
where
a0 =22

with £, = X, fori=0 and %, = X, for i=N.

In [26] the authors proposed to estimate the scale parameter o of an a-stable distribution
through the appropriate sample fractiles. In the case of standard symmetric a-stable
distributions they observed that the 0.72 fractile is in the interval 0.827+0.003 for 1<a<2,

therefore it was suggested to estimate the scale parameter ¢ as:

5 = C2
o 200. 827)( 012~ 0.28) (C2)
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Due to its computational simplicity and robustness over a large portion of the
parameter space, some methods use Equation (C.2) in order to provide initial estimates for

the scale parameter of skewed a-stable distributions [54][55].
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Appendix D
Fraction of downgraded data produced by

constant envelope-based bandwidth allocation

Let us again represent with ;, j=0,.,N —1} a sequence of samples of a traffic process

and let {Wj =m +0'WYJ-} be its model (i.e., for any integer d >0 with j+d < N -1, the

vectors (W;,...,W}‘+ d) and (Wj,...,Wj+ d) have the same distribution), where m is the mean

number of arrivals per time slot, oy is the scale parameter of the traffic process and {Y j} isa

standard fractional stable noise. The probabilistic envelope process for this traffic model is
given by W = m+ Koy , where m and oy have the same meaning as above and K is a
parameter that controls the probability ¢ that a traffic sample exceeds its envelope, i.e.

P{W; >W}=£.

Consider a constant bandwidth allocation policy where data exceeding the envelope
are downgraded (dropped or given a lower priority). We can quantify the fraction of

downgraded data as indicated by (95) or by using the following equivalent way:

N-1 .
Z max(O, W, - W)
Downgraded _data = 2= — (D.1)

Wy
j=0

Let us apply expectation to (D.1) and make use of the traffic model in order to estimate this

metric of performance. Thus,
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E{Downgraded _ data} = E > (D.2)

Observe that the denominator in (D.2) can be expressed in terms of the components of the
traffic model as Nm+ oy (Yo +...+7 1) Recall that the fractional stable noise processes
considered in this work are ergodic with zero mean and therefore, a summation of a large

number of their samples tends to zero. Assuming a large N, the denominator becomes a

constant and we can approximate the computation of (D.2) as follows:

=z

-1

E {Downgraded _ data} = E {max(O W, - Vf’)} D.3)

HM

__1_
Nm
where we have also made use of the linear property of the expectancy operator. Since the

traffic model is a stationary sequence, the expected value on the right hand side of (D.3) does

not change from sample to sample and the following equation holds:

E {Downgraded _ data} =—-F {max(O, W - W)} (D.4)

1
m

Without loss of generality, in (D.4) we have eased the notation by making use of a random

d
variable W representing the marginal distribution of the traffic model (ie., W=W;).

Equation (D.4) implies that:

4 o
E{Downgraded data E ——1— IO Fw W)W + I(W W)fW w)aw D.5)

W

where fy (W) is the marginal distribution of {W } Therefore,
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o

[ =¥ )1 7 Yaw D.6)

W

E{Downgraded data E 1
m

Let us express the integral in (D.6) in terms of the components of both, the envelope process

and the traffic model. In order to ease the notation, let us denote the marginal distribution of

d
the fractional stable process {¥j} with a random variable Y (i.e., Y=Y 7). From previous

definitions, given at the beginning of this section, we can make the following substitutions:

a) the limits of the integral can be re-expressed in terms of Y, considering that the limit
W=w implies that Y =K and W — « implies that Y — o; b) the factor (W—W)
becomes ow (Y -K); c) the probability density function'®

fw W)=U/ow )fy (W -m)/oy) becomes fy(Y)/ow and d) dW =opdY. Thus, we

finally obtain:
o e ¢}
E{Downgraded _data}= =" (v - K)fy (¥)dY (D.7)
m
K
Equation (D.7) can be simplified a bit further if we re-express it as:
E{Downgraded _data}= —W( [xf, (v)ar -k j £, (Y)dYJ (D.8)

The second integral on the right hand side of (D.8) is, in fact, the probability ¢, since

P{W > W} Y >K } ¢ . Therefore, we can conclude that:

E{Downgraded _data}= ——W{ I}’fy (Y)dy - Ke} (D.9)

'® This function is obtained from the density function of ¥; through the well-known formula to determine the

probability density function of a linear function of a random variable (see [57 p. 121]).
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Although there are no closed-form expressions for the a-stable probability density

function f(Y), the integrals in (D.7) or (D.9) can be computed numerically.
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