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Abstract— The significant characteristic of bursty traf-
fic is self-similarity. Self-similarity is the main reason for
observing the burst within burst patterns across a wide
range of time scales. This is one of the unique charac-
teristics of nonlinear systems with fractal nature. Percep-
tron neural networks, because of their nonlinear nature
and simple method of learning, provide a powerful tool to
model such kind of traffic patterns. In this paper, we intro-
duce a novel scheme for the modeling task of source- and
aggregated-level self-similar traffic patterns relying on the
prediction power of perceptron neural networks. We also
present and discuss some of the experimental findings. In-
dex Terms— Perceptron Neural Networks, Back Propaga-
tion Algorithm, Packet Network, Bursty Traffic, ON-OFF
Source, Self-Similarity, Traffic Modeling.

|. INTRODUCTION

ELETRAFFIC analysis of of computer commu-

nication networks is one of the most important
applications of mathematical modeling and queuing
theory. This is mostly because of the widespread de-
ployment of packet switching, specifically, services
from Ethernet LANSs, Variable Bit Rate (VBR) video,
ATM, and ISDN. Modeling of bursty traffic patterns
is among the most challenging problems in teletraffic
analysis. Although, numerous models of packet ar-
rival processes were proposed by Ramaswami et al.
[8], Hellstern et al. [9], Sriram et al. [10], Heffes et
al. [11], it seems that there is still a number of packet
traffic features not being understood perfectly. This
Is partly due to uncertainties in the traffic characteris-
tics and to the difficulties in characterizing the traffic
arrival models. Adas [17] provided a survey of dif-
ferent teletraffic models in his paper.
Analysis of traffic data from networks and services

such as Ethernet LANSs [7], Variable Bit Rate (VBR)
video [12], ISDN traffic [9], and Common Channel
Signaling Network (CCNS) [14], have all convinc-
ingly demonstrated the presence of features such as
self-similarity, long range dependence, slowly de-
caying variances, heavy-tailed distributions and frac-
tal dimensions which are among the characteristics
of fractal processes. Leland and Wilson from Bell-
core research center presented a statistical analysis
of Ethernet traffic, on the presence of “burstiness”
across a wide range of time scales [7] in which traf-
fic spikes ride on the longer term ripples, that in turn
ride on longer term swells, so on and so forth. This
phenomenon is explained in terms of self-similarity,
I.e., self-similar phenomena show structural similar-
ities across all or a very wide range of time scales.
This burst within burst structure not only captures
the fractal properties observed in actual traffic data
but also explains why measurements show no actual
burst length for the packet traffic pattern despite pre-
diction of conventional models.

Chaos is a phenomenon observed in nonlinear dy-
namical systems and may be described as a situation
in which a low order system is able to exhibit a very
complicated behavior. For this reason, chaos used to
be called deterministic noise. Since the trajectories
of chaotic systems are mostly fractals, they may be
used as very suitable generators of fractals. From the
modeling point of view, the challenge is to capture
the complexity of bursty traffic pattern with a small
number of parameters of a chaotic map. Erramilli et
al [3] used a number of simple nonlinear maps in or-
der to capture some of the real traffic patterns char-
acteristics. Giovanardi et al. [15] used self-similar



chaos-based traffic patterns in an analytical study of
gueuing systems. Alkhatib et al. [16] used chaos the-
ory in modeling and forecasting VBR video patterns.
Neural networks are a class of nonlinear systems ca-
pable of learning and performing tasks accomplished
by other systems. Their broad range of applications
includes speech and signal processing, pattern recog-
nition, system modeling, and servo mechanism con-
trol. The various kinds of neural networks, gener-
ally, have energy functions. The learning procedure
of neural networks is, indeed, nothing more than de-
creasing these energy functions until reaching local
minimum levels. Neural networks acquire the re-
quired information from the examples supplied to
them in their learning procedure. Systems with neu-
ral network building blocks are robust in the sense
that the occurrence of small errors in the systems
does not interfere with the proper operation of the
system. This characteristic of the neural networks
makes them quite suitable for our traffic modeling
task.

The main idea of using neural networks as a power-
ful teletraffic modeling tool was originally extracted
from our previous research topic in which we mod-
eled a class of chaotic maps using perceptron neural
networks and back propagation learning algorithm as
described in [1], and [2]. Combining that idea with
the bursty traffic chaotic modeling proposal of Er-
ramilli et al [3] led us to introduce the current re-
search topic. The objective of this paper is, hence,
to introduce the application of neural networks in
bursty teletraffic patterns modeling.

An outline of the paper follows. In section [2], we
briefly review the characteristics of aggregated traf-
fic patterns with self-similar nature. In section [3],
we briefly review perceptron neural networks and the
back propagation learning algorithm. In section [4],
we explain how to model source- and aggregated-
level bursty traffic patterns with neural networks. Fi-
nally, we summarize a number of numerical issues in
section [5].

Il. AGGREGATED BURSTY TRAFFIC

The main objective of the current section is to
provide an analytical framework for self-similarity
as a statistical property of time series. Intuitively,
self-similar phenomena display structural similari-
ties across a significant number of time scales. The
degree of self-similarity is sometimes specified by
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measuring a single parameter called Hurst parame-
ter. In the following section, we provide a brief dis-
cussion about the mathematical and statistical prop-
erties of the self-similar processes.

A. Second-Order Self-Similarity

Suppose X = (X;:t=0,1,2,...) is a covariance
stationary stochastic process with mean , variance
o2, and autocorrelation function R(n), n > 0. Par-
ticularly, assume the autocorrelation function of X
has the form

R(n) ~kn™, as Q)
where 0 < B < 1 and constants k1, ko, ... are fi-
nite positive integers. For each m = 1,2,3,... let
X = (X™ :n = 1,2,3,...) be the covariance
stationary time series with corresponding autocor-
relation function R(™ obtained from averaging the
original series X over the non-overlapping time pe-
riods of size m, i.e., foreachm =1,2,3, ..., X™ is
given by

n — oo

1
Xy(zm) = E(Xnm—m—kl + ...+ Xnm)a

n>1 (2)
The process X is called exactly second-order self-
similar with the self-similarity parameter H = 1 —
/2 if the corresponding X ™ has the same corre-
lation function as X, i.e., R™(n) = R(n) for all
m = 1,2,3,...,and n = 1,2,3,.... X is called
asymptotically second-order self-similar with self-
similarity parameter H = 1—3/2 if R(™)(n) asymp-
totically approaches to R(n) given by 1, for large m
and n. Hence, if the correlation functions of the ag-
gregated processes X (™ are the same as the corre-
lation functions of X or approach asymptotically to
the correlation functions of X, then X is called ex-
actly or asymptotically second-order self-similar.
Fractal Gaussian Noise (FGN) is a good example
of an exactly self-similar process with self-similarity
parameter H, 1/2 < H < 1. Fractional Arima
processes with the parameters (p, d, ¢) such that 0 <
d < 1/2 are examples of asymptotically second-
order self-similar processes with self-similarity pa-
rameter d + 1/2.
Mathematically, self-similarity manifests itself in a
number of equivalent ways as follows.

« The variance of sample mean decreases more

slowly than the reciprocal of the sample size.



This is called slowly decaying variance property
which means var(X ™)) ~ kom(=) asm — oo
with0 < 8 < 1.

« The autocorrelations decay hyperbolically

rather than exponentially fast, implying
a non-summable autocorrelation function
Yo R(n) = oo. This is called long range

dependence property.

« The spectral density f(.) obeys a power-law
near the origin. This is the concept of 1/ f noise
with the meaning f(\) = ksA~7 as A — oo with
0<y<landy=1-2.

It appears that the most important feature of the
self-similar processes is that their aggregated process
X (™) possess a non-degenerate correlation function
as m — oo. This is completely different from typi-
cal packet traffic models previously considered in lit-
erature, all of which have the property that their ag-
gregated processes X (™ tend to second order pure
noise, i.e., R — 0 as m — oo.

The concept of self-similar processes provides a very
elegant explanation for the Hurst effect phenomenon.
In order to describe the Hurst effect, we should first
describe the rescaled adjusted range. For a given set
of observations (X,, : n = 1,2,..., N) with sam-
ple mean X (N) and sample variance S?(N), the
rescaled adjusted range denoted by the R/S statis-
tic is given by

R(N) 1
S(N) — S(N)

wherei =0,...., N, W, =0and

[max(W;) — min(Wy)] - (3)

W,=(X;1+..+X,) —nX(N), n>1

(4)

While many time series appear to be well represented
by the relation E[R(N)/S(N)] ~ kyN*, as N —
oo, with Hurst parameter H typically about 0.73, ob-
servations X,, from a short-range dependent models
are known to satisfy E[R(N)/S(N)] ~ ksN®, as
N — oo. This is usually referred to as the Hurst
effect.

B. An Evidence of Self-Similarity: Ethernet and
VBR Video Traffic Measurements

In [4], Leland et al. from Bellcore research cen-
ter observed the absence of natural length of a burst
for the high quality, high time-resolution LAN traf-
fic data collected between August 1989 and Febru-
ary 1992 on several Ethernet LANSs. This behavior
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is very different from conventional telephone traf-
fic and from previously considered formal models
of packet traffic. In [8], Beran et al. observed the
same feature while studying VBR video traffic. With
the available data sets, Leland et al. investigated the
persistent feature of Ethernet traffic across the net-
work and across the time irrespective of the medium
utilization level. They graphically estimated a Hurst
parameter H of about 0.80. In general, the degree of
self-similarity depends on the utilization level of the
medium. For the Ethernet it increases as the utiliza-
tion increases. See [2] for further details.

I1l. PERCEPTRON NEURAL NETWORKS AND
BACK PROPAGATION ALGORITHM

Perceptron neural networks and their learning al-
gorithm back propagation algorithm (BPA) have
been studied extensively in the literature [18],
[19],[20], [21], [22], [23], [24], [25]. In this section,
we investigate perceptron neural networks and back
propagation learning algorithm within the context of
our modeling task.

A. Perceptron Neural Networks

In an artificial neural network, the unit similar to
the neuron is called processing element (PE). An arti-
ficial neural network contains a number of PEs. A PE
has a large number of input paths and combines them
by a simple weighted addition. Usually, the com-
bined input is further processed by a transfer func-
tion. This transfer function has the form of a contin-
uous function from the combined input signal.

In the network we are using, the output path of each
PE is connected to the input paths of other PEs by
a number of weighting functions. Each of the in-
dividual input signals to a PE is adjusted by these
weighting functions before combining with other in-
put signals in the transfer function. PEs are arranged
in layers. Our network contains five layers with com-
plete connections between consecutive layers. The
input layer takes the data from the outside environ-
ment, the output layer returns the data to the outside
environment, and the other layers known as hidden
layers process the data inside the network. Figure 1
shows a simple perceptron network. There are two
phases in the operation of a neural network. The first
phase called learning procedure is, indeed, nothing
but the adjustment of weighting functions such that
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Fig. 1. A simple neural network with one hidden layer.

the network can respond suitably to the input stim-
ulation. The number of samples required for train-
ing depends on the traffic pattern that the network
is attempting to model. There are cases in which
the network needs several thousands, or millions of
samples to be trained. The second phase called re-
calling phase is a situation in which the network is
able to create suitable response after the appearance
of a specific stimulation. This phase may be part of
the learning phase as it is the case when the network
output must be compared to a desired output in order
to create an error signal.

A simple network does not have any feedback con-
nection between two different layers or a layer with
itself. Such kind of network is called a feedforward
network. In case of the fixed structure neural network
that we are using, the input data from the input layer
appears in the output layer via the interface of hidden
layers, and hence it is called a feedforward network.
Feedforward networks are generally considered be-
cause of their nonlinear properties. The data flow
in feedback networks is more complicated. The net-
work operates as a synchronous network as all of its
PEs send their outputs at the same time. Each layer
is considered to have a normalized operation because
the output of the layer is adjusted at a fixed level. As
the result, every PE of a layer has a criterion about
the total output of the layer and can adjust its output
correspondingly.

B. Back Propagation Algorithm

Generally, a neural network must learn how to
classify input patterns. It has been experimentally
observed that, as the number of layers of a network
increases, it can classify more and more complicated
patterns. A significant problem is how a network
can determine the error between its output and the
desired output. The network, then, overcomes the
mismatch between desired and actual output by ad-
justing the weightings of interconnections. This is
called Credit Assignment (CA). The back propaga-
tion algorithm (BPA), originally introduced by Min-
sky and Papert [18], solves the CA problem by using
all of the PEs and adjusting their total interconnec-
tions. It does so by propagating the output layer error
to the preceding layer via the existing connections.
This operation is then repeated until reaching the in-
put layer. In other words, output error moves from
from the output layer -just opposite the direction of
the movement of original information- one layer at a
time until reaching the input layer.

The classical form of a back propagation network
consists of one input layer, one output layer, and one
or two hidden layers. Although there is no limit on
the number of hidden layers theoretically, it has been
shown that it is possible to solve very complicated
problems with four hidden layers. In a back propa-
gation network, each layer is fully connected to the
next layer. In the learning phase, information may
come back through the network in order to update
the weighting functions. The network may also be



hetero-associative (if the desired output(s) is(are) dif-
ferent from the input(s)) or auto-associative (if the
desired output(s) is(are) the same as the input(s)).
We use the following notation for the purpose of de-
scribing the back propagation algorithm. Please see
[1] for further explnation.
o xj[s] : The present output state of the j-th neu-
ron from the layer s
« wj;[s] : Weighting function of the connection
between i-th neuron from layer (s — 1) and the
j-th neuron from layer s
o I;[s] : The combined input of the j-th neuron of
layer s
Hence a PE in a back propagation network transfers
its output as

zjls] = S (wsils]ails = 1))} = f{IL[s]}  (5)

where f may be every continuous function. We use
sigmoid function for our application as a continuous
version of the step function. It is defined as

1

@) = 1

(6)

Suppose that the network has an absolute error func-
tion differentiable with respect to all of the weighting
functions. Then the critical parameter that is back
propagated to the network is:

ejls] = _ o

0I;]s] 0

where FE is the absolute error function. The relation-
ship between the relative error of a specified PE in
layer s and the local errors in layer s + 1 may be
introduced as

ejls] = fH{I[s]}. Y {erls + 1awi[s + 1]} (8)

Note that in relation 8 there must be a layer above
the layer s, and hence it is not possible to use this
relation for the output layer. As the derivative of the
sigmoid function f can be expressed in terms of itself

fTls]y = f(lsD) A1 = f(lsD Y (9)
relation 8 may be rewritten as:

5ls] = z;{s].(1 — z50s]) . Sfenls + 1wngls + 1]}
‘ (10)
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Hence the algorithm is described as follows. First,
information propagates from the input layer to the
output layer. Then, the error between the desired
output and the network output propagates from the
output layer to the input layer in the return path.

The objective of the learning procedure is to mini-
mize the absolute error function. In this section, we
introduce the error minimizing procedure based on
the concept of local error. Assume that the weight-
ing functions of the network are given in the form of
wj;[s]. In order to decrease the absolute error func-
tion, one may change the weighting functions in the
opposite direction of the gradient vector as

Awj;[s] = —le _OF_

where [c denotes the learning coefficient. In relation
11 each of the weighting functions vary according to
the magnitude and the opposite direction of gradient
vector on the error surface. The variation of each
weighting function is then calculated as:

Awj;[s] = le.ej[s].zi[s — 1] (12)

The performance of standard back propagation al-
gorithm can be significantly improved by inserting
a momentum term, using derivatives correction, and
injecting the information obtained from the preced-
ing layers to the current layer. Reference [1] includes
further details for the enhanced version of the back
propagation algorithm described below with the no-
tation o indicating the present output of the network
to the input 4, d corresponding desired output, index
k denoting various elements of d and o, and F being
the absolute error function defined as

1 2
F = E Z(dk —Ok)

k

(13)

« Propagate the input ¢ in the forward direction
through the network until reaching to the output
o. During propagating this information through
the network all of the combined inputs /; and
output states x; for each PE are set.

« For each PE in the output layer calculate the
scaled local error and the variations of weight-
ing functions from relations

OE _ OE 3y
oI, oy oI,
= (ya—v)y.(1-y)

= (yd - y)'f,(lo)
(14)

€ =



Awj;[s]
————
(k+1)—th step
+ M(Awj[s])

H/—/

k—th step

where M stands for the momentum. The vari-
ations of £ coefficient show the greatest im-
pact on the adjustment algoritm of the weighting
functions. The suitable value for this parameter
again differs from case to case but in the most
of the cases a value on the interval [0, 1] has led
to have a pleasing result.

« For each PE in layer s located below the output
layer and above the input layer obtain the scaled
relative error and the variation in the weighting
functions from relations

ejls] = z;[s].(1—z;[s]) . Y {ex[s+1].wy;[s+1]}
'“ (16)

Awj;[s]
N —
(k+1)—th step
+ M(Awj[s])

N —

k—th step

« Update all of the weighting functions by adding
the variations to the old values.

IVV. SOURCE- AND AGGREGATED-LEVEL
NEURAL NETWORK MODELING OF BURSTY
TRAFFIC

Earlier in this paper we mentioned that analysis of
traffic data from networks and services have demon-
strated that many data sources produce statistically
self-similar data. We also mentioned that only a few
number of the formal models of packet traffic con-
sidered in the literature are able to capture the self-
similar nature of the measured traffic. The following
lists a number of implications of the existence of self-
similar packet traffic on high-speed networks.

« The Hurst parameter and fractal dimensions
such as correlation dimension provide a more
satisfactory measure of burstiness for self-
similar traffic than the previously used measures
such as the index of dispersion of counts.

« The nature of congestion produced by self-
similar network traffic models differs from that

= lc.e;[s]{zi[s — 1] + k.e;[s — 1]}

(15)
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predicted by standard models. More specif-
ically, the efficiency of the proposed conges-
tion control schemes for high-speed networks
greatly depend on how well those schemes per-
form under the influence of self-similar traffic
scenarios.

In this section, a new approach capable of dealing
with the fractal properties of the aggregated traffic is
introduced. This approach provides a very elegant
solution for self-similar traffic modeling and has the
advantage of simplicity compare to the previously
proposed approaches namely stochastic and deter-
ministic chaotic map modeling. It is motivated by
the desire for having a relatively simple model of the
complex packet traffic generation process. As op-
pose to the above mentioned modeling approaches,
it does not introduce a parameter that describes the
fractal nature of traffic and hence need not cope with
the complexity of estimating Hurst parameter and/or
fractal dimensions. The approach simply takes ad-
vantage of using a fixed structure nonlinear system

= lc.ej[s].{z;[s — 1] + k.e;[s — 1] }that is able to predict a bursty traffic pattern after

getting trained by accessing to a number of the sam-

(17)ples of the pattern. The number of traffic samples

required for the training procedure depends on the
network load and in general the complexity of the
network dynamics. We believe the usage of neural
networks provides a much simpler approach for the
task of modeling because it works based on indirect
learning of the network dynamics by using the infor-
mation available in a number of samples.

The fixed structure neural network used for our mod-
eling task consists of an input layer with up to eight
neurons, three or four hidden layers with twenty neu-
rons in each layer, and an output layer with one neu-
ron. The inputs of the network are eight consecutive
samples of the traffic pattern and the output of the
network is the ninth sample which is supposed to be
predicted. Based on the richness of the dynamic, it
might be possible to reduce either the number of the
neurons in the input layer or the number of hidden
layers but as the standard structure, we use the above
mentioned structure unless otherwise is stated. Fig-
ure 2 shows the structure of the network.

A. Modeling Individual Source Traffic Patterns

In the following, three different approaches based
on the type of the input samples used for the training
of the neural network are introduced. We use a fixed
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Fig. 2. Fixed structure neural network used for the modeling task.

structure neural network to model artificially gener-
ated traffic patterns by chaotic maps, namely the in-
termittency family of mappings. In [3], the authors
provide a detailed description of the such packet gen-
eration schemes.

« The first method makes direct use of the avail-
able traffic samples. We work with normalized
values for the traffic samples, i.e., a sample with
value one is inserted when the source is active
and a sample with value zero is inserted when
the source is passive. This, in deed, is the nor-
malized version of the peak packet generation
rate divided by the peak rate. The method suf-
fers from a major drawback, though. Since the
samples provided for the network are discrete
values equal to either zero or one, the network
learning speed is very low. In fact, having a con-
tinuously distributed sample spectrum over the
interval [0, 1] leads to have a quite faster learn-
ing procedure.

« The second method can be used in case of gen-
erating artificial traffic patterns by chaotic maps.
The approach simply accomplishes the task of
modeling by inserting a level of indirection, i.e.,
the neural network concentrates on predicting
consecutive samples of the chaotic map instead.
By modeling the chaotic map, and generating
its samples , it would be very easy to generate

This approach is, hence, a combination of the
approaches introduced in [1] as neural network
modeling of chaotic maps, and [3] as chaotic
modeling of bursty traffic.

The third method provides a sophisticated and
an elegant learning approach for well-behaved
sources. We define a well-behaved source as a
source that does not generate more than a spec-
ified number of packets in a time frame, i.e.,
there is an upper limit on the number of pack-
ets generated by the source. The most signif-
icant point about this approach is that it uses
the real traffic samples where the samples have
been arranged to create a continuous range of
numbers distributed in [0, 1] interval. Suppose
that the source generates no more than a spec-
ified number of traffic packets, say P in a pe-
riod of time T'. Then, considering an origin for
the time, the cumulative distribution function of
the traffic pattern for the period 7T is defined as
the number of packets generated since the be-
ginning of the time divided by the maximum
number of packets, i.e., p/P. Obviously, this is
a monolithic increasing function starting at zero
and ending at one. * The samples of this func-
tions can be used to provide the desired sample
set. At the end of the period, the desired out-
put is compared with the network output and if

the same artificial traffic pattern using the same . " t ber of oackets |

N some cases, the source may generate a numpoer ot packets less
'_[hreShOId value for as Iong as th? neural n_etwork than the maximum number. That leads to have a monolithic function
is able to follow the corresponding chaotic map. ending at a value less than one.



the value of error has not entered the acceptable
bound the training procedure is repeated.

Relying on the three mentioned training algorithms
above, the fixed structure neural network is used to
model a number of artificially generated traffic pat-
terns by chaotic maps, namely single and double in-
termittency maps as discussed previously. The use
of artificial traffic patterns provides the possibility of
being able to compare the results obtained from all
three approaches.

Figures 3, 4, 5, and 6 show the modeling results in
case of single and double intermittency maps for ini-
tial conditions zy = 0.1 and zq = 0.3. In the figures,
the horizontal axis displays the discrete-time while
the vertical axis displays the normalized version of
packet generation at a peak rate. Comparing all three
approaches together, it seems that the second ap-
proach provides the best results in terms of tracking.
Comparing the first and third approaches, it is easy
to observe the third approach provides more reliable
results as it is able to follow the traffic pattern in a
longer period of time. In general and as illustrated in
the figures, the familiar ON-OFF learning/prediction
pattern is observed. The neural network is able to fol-
low the traffic pattern for the first time after approx-
imately 700’000 and 1°000°000 million iterations in
case of single and double intermittency maps respec-
tively and can stay within the acceptable error bound
for the next 60 and 40 samples. The network then
goes out of sync and needs to be trained again in or-
der to be able to follow the pattern properly.

B. Modeling Aggregated Bursty Traffic at the Gate-
way Level

The following section illustrates the application of
neural networks in the modeling of an aggregated
level of bursty traffic. In order to be able to access
such an aggregated traffic pattern, a system consist-
ing of 100 individual sources and a gateway as indi-
cated in figure 7 is considered. This is an example
in which a number of end nodes send their packets
to an interemdiate gateway node. The traffic pat-
tern might include a variety of different packets such
as telnet, rlogin, ftp, mail, etc. The arrived packets
are stored in a relatively large size buffer before get-
ting forwarded to the corresponding destinations. In
order to be able to simulate the real network, each
individual source is replaced with an artificial traf-
fic generator following an ON-OFF pattern. The ag-
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gregated traffic, hence, can be considered to be self-
similar [5]. It is important to note that the objective
here is merely predicting the traffic pattern arrived at
the gateway. Same as before, a fixed structure per-
ceptron neural network is used for the task of model-
ing. The network consists of an input layer with eight
neurons, three hidden layers with twenty neurons in
each layer, and an output layer with one neuron. This
is the same structure as indicated in figure 2. The in-
puts of the network are eight consecutive samples of
the traffic pattern and the output of the network is the
ninth sample that is supposed to be predicted.

The traffic pattern of each source is obtained from the
double intermittency map and is distinguished from
other sources by assigning a different threshold value
to the corresponding map. Figure 8 shows the result
of neural network modeling task. Again, the familiar
tracking period followed by a divergent behavior is
observed. The only difference is that self-similarity
increases the speed of convergence at the aggregated
level. In case of figure 8, the neural network learning
algorithm converges after approximately 280000 it-
erations and is able to follow the real pattern for the
next 55 arrivals. Knowing that a statistically self-
similar traffic pattern exhibits a fractal-like behavior
in the sense that aggregating streams of such traf-
fic pattern typically intensify burstiness instead of
smoothing it and reminding its serious impacts on
design, control, and analysis of high speed packet
based networks, the observed result is a very inter-
esting one as it shows self-similarity provides an ex-
tra source of information that can be interpreted as
some kind of correlation among the generated traffic
patterns.

The conclusion is that the simple nonlinear dynamic
of neural networks is able to implicitly capture self-
similarity and hence neural networks may be viewed
as suitable generators of self-similar traffic.

V. NUMERICAL ISSUES

In the following, we briefly mention some of the
practical problems in the implementation of the mod-
eling algorithm. It is important to note that the learn-
ing algorithm is time consuming because of the rich
dynamic of the traffic pattern that the neural network
Is trying to learn. In deed, it takes thousands of sam-
ples for the network in order to get trained.

In addition, there is a specific problem which can
be explained by the fractal nature of traffic, i.e., the



Neural Net Modeling of Single Intermittency Map
4
s @ Third Method
@ Second Method
2
@ First Method
1 W Artificial Pattern
0
- N~ ™ (o] Ln — N~ ™ (©)] Ln —
— — N ™ [32] < < n [{e]
Post-Sync lterations

Fig. 3. Results of modeling the ON-OFF traffic pattern generated by single intermittency map for the initial condition zo = 0.1. Results are
shown for the artificial traffic pattern, the first modeling method, the second modeling method, and the third modeling method.
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Fig. 4. Results of modeling the ON-OFF traffic pattern generated by single intermittency map for the initial condition zo = 0.3. Results are
shown for the artificial traffic pattern, the first modeling method, the second modeling method, and the third modeling method.

traffic patterns with self-similar characteristics have
been shown to exhibit chaotic behavior. See [3] for
a detailed discussion. To explain the problem, it suf-
fices to mention that although it is possible to reach
a very small network error at some step during the
learning phase, it is not possible to reach an absolute
zero eror. It is observed that the small network er-
ror begins to grow as time proceeds if it is studied
for further samples. The reason relates to the chaotic
nature of the system, i.e, since the nonlinear network
wants to model a chaotic system, it becomes chaotic
itself. In this situation the small error may be consid-

ered as a small difference between two close initial
conditions for the desired output and the generated
output and as a characteristic of a chaotic system, the
difference begins to grow soon. This is nothing more
than high sensitivity to the variations of initial con-
ditions in terms of chaos theory. As a matter of fact,
observing such a phenomenon can be interpreted as
a sign to show that a network that has been trained to
model a chaotic map has become chaotic itself. One
way of relieving the effect of having an error com-
ponent which grows with time is to periodically re-
peat the learning phase between recalling phases. In
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Neural Net Modeling of Double Intermittency Maps
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Fig. 5. Results of modeling the ON-OFF traffic pattern generated by double intermittency map for the initial condition zo = 0.1. Results are
shown for the artificial traffic pattern, the first modeling method, the second modeling method, and the third modeling method.
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Fig. 6. Results of modeling the ON-OFF traffic pattern generated by double intermittency map for the initial condition zo = 0.3. Results are
shown for (a) the artificial traffic pattern, the first modeling method, the second modeling method, and the third modeling method.

practice after the first learning phase with less than
one million examples, the network would be able to
predict less than one hundred samples and then the
learning phase has to be repeated for a comparable
number of examples as in the previous learning phase
and so on to have reliable results.

Based on the same line of reasoning, all of the con-
vergence results are affected strongly by the choice
of initial conditions. It is important to note that
the choice of initial values of the parameters play
a crucial role in the convergence of the algorithm.
Poor choie of initial conditions can and will lead

to observing a divergent behavior. As a practical
result and the for the traffic patterns studied, se-
lecting small initial values of the parameters, e.g.,
w;;(0) = 0.01 V4, j typically speeds up the learn-
ing phase.

V1. CONCLUSION

In this paper, we studied the modeling of self-
similar traffic patterns with a multi-purpose fixed
structure system, i.e, a neural network. We investi-
gated the perceptron neural network and back propa-
gation learning algorithm for the task of modeling.
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Fig. 7. A sample network used to demonstrate the modeling power of neural networks in modeling aggregated level bursty traffic.
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Fig. 8. Neural network modeling results of aggregated level traffic patterns.

We used a fixed structure neural network with
three hidden layers in order to model source- and
aggregated-level traffic patterns. The neural network
had eight neurons in its input layer, and twenty neu-
rons in each of its three hidden layers. The number
of neurons in its output layer was one. We applied
eight consecutive samples of the pattern as the in-
put of the network and used the ninth sample as the
desired output in each iteration of the learning algo-
rithm. The number of samples required for the train-
ing of the fixed structure neural network depended
on the steady state behavior of the traffic pattern and
the network load, i.e, the number of required sam-

ples increased in the case of heavily loaded network
which obviously indicated more complicated steady
state behavior.

There were several issues in the learning algorithm
such as the large number of required training sam-
ples and the divergent behavior of the trained neural
network. We made use of enhanced back propaga-
tion learning algorithm to shorten the learning phase
after which the network was able to predict the se-
quential samples of the corresponding traffic pattern
with an error less than 0.01%. We followed each re-
calling phase with a training phase to be able to cope
with the divergent behavior of the trained neural net-



work and provided some intuitive reasoning making
use of sensitivity to the variations of initial condi-
tions argument discussed in chaos theory to explain
the observed divergent behavior.
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