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Abstract— The signi�cant characteristic of bursty traf-
�c is self-similarity. Self-similarity is the main reasonfor
observing the burst within burst patterns across a wide
range of time scales. This is one of the unique charac-
teristics of nonlinear systemswith fractal nature. Percep-
tr on neural networks, becauseof their nonlinear nature
and simple method of learning, provide a powerful tool to
model suchkind of traf�c patterns. In this paper, we intr o-
duce a novel schemefor the modeling task of source- and
aggregated-level self-similar traf�c patterns relying on the
prediction power of perceptron neural networks. We also
presentand discusssomeof the experimental �ndings. In-
dex Terms— Perceptron Neural Networks, Back Propaga-
tion Algorithm, Packet Network, Bursty Traf�c, ON-OFF
Source,Self-Similarity, Traf�c Modeling.

I . INTRODUCTION

TELETRAFFICanalysisof of computercommu-
nicationnetworks is oneof themostimportant

applicationsof mathematicalmodelingandqueuing
theory. This is mostlybecauseof thewidespreadde-
ploymentof packet switching,speci�cally, services
fromEthernetLANs, VariableBit Rate(VBR) video,
ATM, andISDN. Modelingof burstytraf�c patterns
is amongthemostchallengingproblemsin teletraf�c
analysis.Although,numerousmodelsof packet ar-
rival processeswereproposedby Ramaswami et al.
[8], Hellsternet al. [9], Sriramet al. [10], Heffeset
al. [11], it seemsthatthereis still anumberof packet
traf�c featuresnot beingunderstoodperfectly. This
is partlydueto uncertaintiesin thetraf�c characteris-
ticsandto thedif�culties in characterizingthetraf�c
arrival models.Adas[17] provideda survey of dif-
ferentteletraf�c modelsin his paper.
Analysisof traf�c datafrom networks andservices

suchasEthernetLANs [7], VariableBit Rate(VBR)
video [12], ISDN traf�c [9], andCommonChannel
SignalingNetwork (CCNS) [14], have all convinc-
ingly demonstratedthe presenceof featuressuchas
self-similarity, long rangedependence,slowly de-
cayingvariances,heavy-taileddistributionsandfrac-
tal dimensionswhich areamongthe characteristics
of fractal processes.LelandandWilson from Bell-
core researchcenterpresenteda statisticalanalysis
of Ethernettraf�c, on the presenceof ”burstiness”
acrossa wide rangeof time scales[7] in which traf-
�c spikesrideon thelongertermripples,thatin turn
ride on longertermswells,soon andso forth. This
phenomenonis explainedin termsof self-similarity,
i.e., self-similarphenomenashow structuralsimilar-
ities acrossall or a very wide rangeof time scales.
This burst within burst structurenot only captures
the fractal propertiesobserved in actualtraf�c data
but alsoexplainswhy measurementsshow no actual
burstlengthfor thepacket traf�c patterndespitepre-
dictionof conventionalmodels.
Chaosis a phenomenonobserved in nonlineardy-
namicalsystemsandmaybedescribedasa situation
in which a low ordersystemis ableto exhibit a very
complicatedbehavior. For this reason,chaosusedto
be calleddeterministicnoise. Sincethe trajectories
of chaoticsystemsaremostly fractals,they may be
usedasverysuitablegeneratorsof fractals.Fromthe
modelingpoint of view, the challengeis to capture
thecomplexity of bursty traf�c patternwith a small
numberof parametersof a chaoticmap.Erramilli et
al [3] usedanumberof simplenonlinearmapsin or-
der to capturesomeof the real traf�c patternschar-
acteristics.Giovanardiet al. [15] usedself-similar
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chaos-basedtraf�c patternsin ananalyticalstudyof
queuingsystems.Alkhatib etal. [16] usedchaosthe-
ory in modelingandforecastingVBR videopatterns.
Neuralnetworksarea classof nonlinearsystemsca-
pableof learningandperformingtasksaccomplished
by othersystems.Their broadrangeof applications
includesspeechandsignalprocessing,patternrecog-
nition, systemmodeling,andservo mechanismcon-
trol. The variouskinds of neuralnetworks, gener-
ally, have energy functions. The learningprocedure
of neuralnetworksis, indeed,nothingmorethande-
creasingtheseenergy functionsuntil reachinglocal
minimum levels. Neural networks acquirethe re-
quired information from the examplessuppliedto
themin their learningprocedure.Systemswith neu-
ral network building blocksare robust in the sense
that the occurrenceof small errors in the systems
doesnot interferewith the properoperationof the
system. This characteristicof the neuralnetworks
makes them quite suitablefor our traf�c modeling
task.
Themain ideaof usingneuralnetworksasa power-
ful teletraf�c modelingtool wasoriginally extracted
from our previous researchtopic in which we mod-
eleda classof chaoticmapsusingperceptronneural
networksandbackpropagationlearningalgorithmas
describedin [1], and[2]. Combiningthat ideawith
the bursty traf�c chaoticmodelingproposalof Er-
ramilli et al [3] led us to introducethe currentre-
searchtopic. The objective of this paperis, hence,
to introducethe applicationof neural networks in
burstyteletraf�c patternsmodeling.
An outline of the paperfollows. In section[2], we
brie�y review thecharacteristicsof aggregatedtraf-
�c patternswith self-similarnature. In section[3],
webrie�y review perceptronneuralnetworksandthe
backpropagationlearningalgorithm. In section[4],
we explain how to model source-and aggregated-
level burstytraf�c patternswith neuralnetworks.Fi-
nally, wesummarizeanumberof numericalissuesin
section[5].

I I . AGGREGATED BURSTY TRAFFIC

The main objective of the current section is to
provide an analytical framework for self-similarity
as a statisticalpropertyof time series. Intuitively,
self-similar phenomenadisplay structuralsimilari-
ties acrossa signi�cant numberof time scales.The
degreeof self-similarity is sometimesspeci�ed by

measuringa singleparametercalledHurst parame-
ter. In thefollowing section,we provide a brief dis-
cussionaboutthemathematicalandstatisticalprop-
ertiesof theself-similarprocesses.

A. Second-OrderSelf-Similarity

Suppose
���������	��
���
������������������

is acovariance
stationarystochasticprocesswith mean � , variance��� , andautocorrelationfunction  �"!#��� !%$&


. Par-
ticularly, assumethe autocorrelationfunction of
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be the covariance
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The process
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is called exactly second-orderself-
similar with the self-similarity parameterQ ���SR4UT��

if the corresponding
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hasthe samecorre-
lation function as
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is called
asymptoticallysecond-orderself-similar with self-
similarity parameterQ �Y�ZR[4	TW�

if  ;G=H?\�"!]� asymp-
totically approachesto  ��!#� givenby 1, for large 6
and

!
. Hence,if thecorrelationfunctionsof theag-

gregatedprocesses
�J;>=	?

are the sameasthe corre-
lation functionsof

�
or approachasymptoticallyto

thecorrelationfunctionsof
�

, then
�

is calledex-
actlyor asymptoticallysecond-orderself-similar.
Fractal GaussianNoise (FGN) is a good example
of anexactlyself-similarprocesswith self-similarity
parameterQ � �NT��D3 Q 3 �

. FractionalArima
processeswith theparameters

�_^]�9`a�Fb��
suchthat


c3`d3 �NTW�
are examplesof asymptoticallysecond-

order self-similarprocesseswith self-similarity pa-
rameter̀

eL&�NT��
.

Mathematically, self-similarity manifestsitself in a
numberof equivalentwaysasfollows.f The varianceof samplemeandecreasesmore

slowly than the reciprocalof the samplesize.
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Thisis calledslowly decayingvarianceproperty
whichmeansg7h/i ��� ;>=	? �j')( � 6 ; ,/. ? as6 0 2
with


k3l4m3��
.f The autocorrelations decay hyperbolically

rather than exponentially fast, implying
a non-summable autocorrelation functionn B  ��!#�o� 2

. This is called long range
dependenceproperty.f The spectraldensity p �q��� obeys a power-law
neartheorigin. This is theconceptof

�rT p noise
with themeaningp �tsZ�C�u(�v�s ,�w

as
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with
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and
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It appearsthat the most important feature of the
self-similarprocessesis thattheiraggregatedprocess� ;G=H?

possessa non-degeneratecorrelationfunction
as 6 0 2

. This is completelydifferentfrom typi-
calpackettraf�c modelspreviouslyconsideredin lit-
erature,all of which have thepropertythat their ag-
gregatedprocesses

� ;G=	?
tend to secondorderpure

noise,i.e.,  ;G=	?M0 

as 6 0 2

.
Theconceptof self-similarprocessesprovidesavery
elegantexplanationfor theHursteffectphenomenon.
In orderto describetheHursteffect, we should�rst
describetherescaledadjustedrange.For a givenset
of observations

�}� B �@!o� �������������:�9~��
with sam-

ple mean
����~��

and samplevariance � � ��~�� , the
rescaledadjustedrangedenotedby the  T � statis-
tic is givenby

 �"~��� �"~�� �
�

� ��~���� 6�h�� �t���"�	R 6�� !H�t���"�q� (3)

where� �D
������:���9~1� �%���D
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(4)

Whilemany timeseriesappeartobewell represented
by the relation � �  ��~��\T � ��~��q��'X(���~��

, as
~ 02

, with HurstparameterQ typically about0.73,ob-
servations

� B from a short-rangedependentmodels
areknown to satisfy � �  ��~���T � ��~��q��'5(/�F~ ��� �

, as~ 0 2
. This is usually referredto as the Hurst

effect.

B. An Evidenceof Self-Similarity: Ethernet and
VBRVideoTraf�c Measurements

In [4], Lelandet al. from Bellcoreresearchcen-
ter observedtheabsenceof naturallengthof a burst
for the high quality, high time-resolutionLAN traf-
�c datacollectedbetweenAugust1989andFebru-
ary 1992on several EthernetLANs. This behavior

is very different from conventional telephonetraf-
�c and from previously consideredformal models
of packet traf�c. In [8], Beranet al. observed the
samefeaturewhile studyingVBR videotraf�c. With
theavailabledatasets,Lelandet al. investigatedthe
persistentfeatureof Ethernettraf�c acrossthe net-
work andacrossthetime irrespectiveof themedium
utilization level. They graphicallyestimateda Hurst
parameterH of about0.80. In general,thedegreeof
self-similaritydependson theutilization level of the
medium.For theEthernetit increasesastheutiliza-
tion increases.See[2] for furtherdetails.

I I I . PERCEPTRON NEURAL NETWORKS AND

BACK PROPAGATION ALGORITHM

Perceptronneuralnetworks andtheir learningal-
gorithm back propagationalgorithm (BPA) have
been studied extensively in the literature [18],
[19],[20], [21], [22], [23], [24], [25]. In this section,
we investigateperceptronneuralnetworksandback
propagationlearningalgorithmwithin thecontext of
ourmodelingtask.

A. PerceptronNeural Networks

In an arti�cial neuralnetwork, the unit similar to
theneuronis calledprocessingelement(PE).An arti-
�cial neuralnetworkcontainsanumberof PEs.A PE
hasalargenumberof inputpathsandcombinesthem
by a simple weightedaddition. Usually, the com-
bined input is further processedby a transferfunc-
tion. This transferfunctionhastheform of a contin-
uousfunctionfrom thecombinedinput signal.
In thenetwork we areusing,theoutputpathof each
PE is connectedto the input pathsof otherPEsby
a numberof weighting functions. Eachof the in-
dividual input signalsto a PE is adjustedby these
weightingfunctionsbeforecombiningwith otherin-
putsignalsin thetransferfunction.PEsarearranged
in layers.Ournetwork contains� velayerswith com-
pleteconnectionsbetweenconsecutive layers. The
input layer takesthe datafrom the outsideenviron-
ment,theoutputlayerreturnsthedatato theoutside
environment,andthe other layersknown ashidden
layersprocessthedatainsidethenetwork. Figure1
shows a simpleperceptronnetwork. Therearetwo
phasesin theoperationof aneuralnetwork. The�rst
phasecalled learningprocedureis, indeed,nothing
but the adjustmentof weightingfunctionssuchthat
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Fig. 1. A simpleneuralnetwork with onehiddenlayer.

the network canrespondsuitably to the input stim-
ulation. The numberof samplesrequiredfor train-
ing dependson the traf�c patternthat the network
is attemptingto model. Thereare casesin which
the network needsseveral thousands,or millions of
samplesto be trained. The secondphasecalledre-
calling phaseis a situationin which the network is
ableto createsuitableresponseafter theappearance
of a speci�c stimulation.This phasemaybepartof
thelearningphaseasit is thecasewhenthenetwork
outputmustbecomparedto adesiredoutputin order
to createanerrorsignal.
A simplenetwork doesnot have any feedbackcon-
nectionbetweentwo differentlayersor a layerwith
itself. Suchkind of network is calleda feedforward
network. In caseof the�x edstructureneuralnetwork
thatweareusing,theinputdatafrom theinput layer
appearsin theoutputlayervia theinterfaceof hidden
layers,andhenceit is calleda feedforwardnetwork.
Feedforward networks aregenerallyconsideredbe-
causeof their nonlinearproperties. The data�o w
in feedbacknetworksis morecomplicated.Thenet-
work operatesasa synchronousnetwork asall of its
PEssendtheir outputsat thesametime. Eachlayer
is consideredto haveanormalizedoperationbecause
theoutputof thelayeris adjustedata �x edlevel. As
the result,every PE of a layer hasa criterion about
thetotal outputof thelayerandcanadjustits output
correspondingly.

B. Back PropagationAlgorithm

Generally, a neural network must learn how to
classify input patterns. It hasbeenexperimentally
observedthat,asthe numberof layersof a network
increases,it canclassifymoreandmorecomplicated
patterns. A signi�cant problemis how a network
can determinethe error betweenits output and the
desiredoutput. The network, then, overcomesthe
mismatchbetweendesiredandactualoutputby ad-
justing the weightingsof interconnections.This is
calledCredit Assignment(CA). The backpropaga-
tion algorithm(BPA), originally introducedby Min-
sky andPapert[18], solvestheCA problemby using
all of the PEsandadjustingtheir total interconnec-
tions.It doessoby propagatingtheoutputlayererror
to the precedinglayer via the existing connections.
Thisoperationis thenrepeateduntil reachingthein-
put layer. In otherwords,outputerror movesfrom
from theoutputlayer -just oppositethe directionof
themovementof original information-onelayerata
timeuntil reachingtheinput layer.
The classicalform of a back propagationnetwork
consistsof oneinput layer, oneoutputlayer, andone
or two hiddenlayers. Although thereis no limit on
thenumberof hiddenlayerstheoretically, it hasbeen
shown that it is possibleto solve very complicated
problemswith four hiddenlayers. In a backpropa-
gationnetwork, eachlayer is fully connectedto the
next layer. In the learningphase,informationmay
comeback throughthe network in order to update
the weighting functions. The network may alsobe



5

hetero-associative(if thedesiredoutput(s)is(are)dif-
ferent from the input(s)) or auto-associative (if the
desiredoutput(s)is(are) the sameas the input(s)).
We usethefollowing notationfor thepurposeof de-
scribingthebackpropagationalgorithm. Pleasesee
[1] for furtherexplnation.f �7� ��� � : Thepresentoutputstateof the � -th neu-

ron from thelayer �f<� � � ��� � : Weighting function of the connection
between� -th neuronfrom layer

� � R��N� andthe� -th neuronfrom layer �f<� � �G� � : Thecombinedinputof the � -th neuronof
layer �

Hencea PEin a backpropagationnetwork transfers
its outputas

�7� �G� �Z� pM��� � � � � � ��� ��� � � �G� R ���¡��¢£� p-� � � ��� ��¢ (5)

where p maybeevery continuousfunction. We use
sigmoidfunctionfor our applicationasa continuous
versionof thestepfunction.It is de�ned as

p �"¤���� ��¥L§¦ ,7¨ (6)

Supposethatthenetwork hasanabsoluteerrorfunc-
tion differentiablewith respectto all of theweighting
functions. Then the critical parameterthat is back
propagatedto thenetwork is:

¦ � ��� �©�YR ª �ª � � ��� � (7)

where� is theabsoluteerrorfunction.Therelation-
ship betweenthe relative error of a speci�ed PE in
layer � and the local errorsin layer � L«�

may be
introducedas¦ � ��� �©� p©¬�� � � �G� �"¢�� �F­®� ¦ ­ �G� L������ � ­ � �G� L����"¢ (8)

Note that in relation8 theremustbe a layer above
the layer � , andhenceit is not possibleto usethis
relationfor theoutputlayer. As thederivativeof the
sigmoidfunction p canbeexpressedin termsof itself

p©¬�� � � �G� �"¢@� p � � � ��� �}��� � �|R p � � � ��� �¡��¢ (9)

relation8 mayberewrittenas:¦ � �G� �©� �7� ��� �t�¯�+�°R �7� �G� �¡��� � ­ � ¦ ­ ��� L��±�t� � ­ � �G� L����"¢
(10)

Hencethe algorithmis describedas follows. First,
information propagatesfrom the input layer to the
output layer. Then, the error betweenthe desired
outputand the network outputpropagatesfrom the
outputlayerto theinput layerin thereturnpath.
The objective of the learningprocedureis to mini-
mizetheabsoluteerror function. In this section,we
introducethe error minimizing procedurebasedon
the conceptof local error. Assumethat the weight-
ing functionsof thenetwork aregivenin theform of� � � ��� � . In orderto decreasethe absoluteerror func-
tion, onemaychangetheweightingfunctionsin the
oppositedirectionof thegradientvectoras

² � � � �G� �Z�³Rµ´�¶ ª �ª � � � �G� � (11)

where
´�¶

denotesthelearningcoef�cient. In relation
11eachof theweightingfunctionsvaryaccordingto
themagnitudeandtheoppositedirectionof gradient
vector on the error surface. The variation of each
weightingfunctionis thencalculatedas:² � � � �G� �©�D´�¶N�>¦ � �G� ��� � � �G� R ��� (12)

Theperformanceof standardbackpropagational-
gorithm can be signi�cantly improved by inserting
a momentumterm,usingderivativescorrection,and
injecting the informationobtainedfrom the preced-
ing layersto thecurrentlayer. Reference[1] includes
further detailsfor the enhancedversionof the back
propagationalgorithmdescribedbelow with theno-
tation · indicatingthepresentoutputof thenetwork
to theinput � , ` correspondingdesiredoutput,index(

denotingvariouselementsof
`

and · , and � being
theabsoluteerrorfunctionde�ned as

� � ��<� ­ �"` ­ R · ­ � � (13)

f Propagatethe input � in the forward direction
throughthenetwork until reachingto theoutput· . During propagatingthis informationthrough
the network all of the combinedinputs � � and
outputstates��� for eachPEareset.f For eachPE in the output layer calculatethe
scaledlocal error andthe variationsof weight-
ing functionsfrom relations

¦�¸E� R�ª �ª � ¸ �IR®ª �ªa¹ ªa¹ª � ¸ ��� ¹Wº R ¹ ��� pZ¬ � � ¸��� � ¹Wº R ¹ ��� ¹ �¡�q�»R ¹ � (14)
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² � � � ��� �¼ ½¿¾ À; ­ K * ? ,�Á:ÂHÃ:Á:Ä�Å
� ´�¶N�>¦ � �G� ��� �r� � �G� R ���7L§(©�>¦�� �G� RÆ����¢
L Ç�� ² � � � ��� �¼ ½¿¾ À­ ,�Á¯ÂUÃ:Á:Ä�Å

�
(15)

whereM standsfor the momentum.The vari-
ations of

(
coef�cient show the greatestim-

pactontheadjustmentalgoritmof theweighting
functions.Thesuitablevaluefor this parameter
againdiffers from caseto casebut in the most
of thecasesa valueon theinterval � 
������ hasled
to haveapleasingresult.f For eachPEin layer � locatedbelow theoutput
layerandabovetheinput layerobtainthescaled
relative errorandthevariationin theweighting
functionsfrom relations

¦ � ��� �©� �7� �G� ���¡�q��R �7� �G� �¡��� ��­x� ¦ ­ ��� LÈ���t� � ­ � ��� LÈ���"¢
(16)

² � � � ��� �¼ ½¿¾ À; ­ K * ? ,�Á:ÂHÃ:Á:Ä�Å
� ´�¶N�>¦ � �G� ��� �r� � �G� R ���7L§(©�>¦�� �G� RÆ����¢
L Ç�� ² � � � ��� �¼ ½¿¾ À­ ,�Á¯ÂUÃ:Á:Ä�Å

�
(17)

f Updateall of theweightingfunctionsby adding
thevariationsto theold values.

IV. SOURCE- AND AGGREGATED-LEVEL

NEURAL NETWORK MODELING OF BURSTY

TRAFFIC

Earlierin thispaperwementionedthatanalysisof
traf�c datafrom networksandserviceshavedemon-
stratedthat many datasourcesproducestatistically
self-similardata.We alsomentionedthatonly a few
numberof the formal modelsof packet traf�c con-
sideredin the literatureareableto capturethe self-
similar natureof themeasuredtraf�c. Thefollowing
listsanumberof implicationsof theexistenceof self-
similar packet traf�c onhigh-speednetworks.f The Hurst parameterand fractal dimensions

suchas correlationdimensionprovide a more
satisfactory measureof burstiness for self-
similar traf�c thanthepreviouslyusedmeasures
suchastheindex of dispersionof counts.f The nature of congestionproducedby self-
similar network traf�c modelsdiffers from that

predictedby standardmodels. More specif-
ically, the ef�ciency of the proposedconges-
tion control schemesfor high-speednetworks
greatlydependon how well thoseschemesper-
form underthe in�uence of self-similar traf�c
scenarios.

In this section,a new approachcapableof dealing
with thefractalpropertiesof theaggregatedtraf�c is
introduced. This approachprovidesa very elegant
solutionfor self-similartraf�c modelingandhasthe
advantageof simplicity compareto the previously
proposedapproachesnamely stochasticand deter-
ministic chaoticmap modeling. It is motivatedby
thedesirefor having arelatively simplemodelof the
complex packet traf�c generationprocess. As op-
poseto the above mentionedmodelingapproaches,
it doesnot introducea parameterthat describesthe
fractalnatureof traf�c andhenceneednotcopewith
thecomplexity of estimatingHurstparameterand/or
fractal dimensions.The approachsimply takesad-
vantageof usinga �x ed structurenonlinearsystem
that is able to predict a bursty traf�c patternafter
gettingtrainedby accessingto a numberof thesam-
ples of the pattern. The numberof traf�c samples
requiredfor the training proceduredependson the
network load and in generalthe complexity of the
network dynamics. We believe the usageof neural
networksprovidesa muchsimplerapproachfor the
taskof modelingbecauseit worksbasedon indirect
learningof thenetwork dynamicsby usingtheinfor-
mationavailablein anumberof samples.
The�x edstructureneuralnetwork usedfor ourmod-
eling taskconsistsof an input layerwith up to eight
neurons,threeor four hiddenlayerswith twentyneu-
ronsin eachlayer, andanoutputlayerwith oneneu-
ron. Theinputsof thenetwork areeightconsecutive
samplesof the traf�c patternand the output of the
network is theninth samplewhich is supposedto be
predicted.Basedon the richnessof the dynamic,it
might bepossibleto reduceeitherthenumberof the
neuronsin the input layer or the numberof hidden
layersbut asthestandardstructure,weusetheabove
mentionedstructureunlessotherwiseis stated.Fig-
ure2 showsthestructureof thenetwork.

A. ModelingIndividualSourceTraf�c Patterns

In thefollowing, threedifferentapproachesbased
onthetypeof theinputsamplesusedfor thetraining
of theneuralnetwork areintroduced.Weusea �x ed
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Fig. 2. Fixedstructureneuralnetwork usedfor themodelingtask.

structureneuralnetwork to modelarti�cially gener-
atedtraf�c patternsby chaoticmaps,namelythe in-
termittency family of mappings.In [3], the authors
provideadetaileddescriptionof thesuchpacketgen-
erationschemes.

f The �rst methodmakesdirect useof the avail-
abletraf�c samples.We work with normalized
valuesfor thetraf�c samples,i.e.,asamplewith
valueoneis insertedwhenthe sourceis active
anda samplewith valuezero is insertedwhen
thesourceis passive. This, in deed,is thenor-
malizedversionof the peakpacket generation
ratedividedby thepeakrate. The methodsuf-
fers from a majordrawback,though. Sincethe
samplesprovided for the network are discrete
valuesequalto eitherzeroor one,the network
learningspeedis verylow. In fact,having acon-
tinuouslydistributedsamplespectrumover the
interval � 
������ leadsto have a quite fasterlearn-
ing procedure.f Thesecondmethodcanbeusedin caseof gen-
eratingarti�cial traf�c patternsbychaoticmaps.
The approachsimply accomplishesthe taskof
modelingby insertingalevel of indirection,i.e.,
the neuralnetwork concentrateson predicting
consecutivesamplesof thechaoticmapinstead.
By modelingthe chaoticmap, and generating
its samples, it would be very easyto generate
thesamearti�cial traf�c patternusingthesame
thresholdvaluefor aslongastheneuralnetwork
is ableto follow thecorrespondingchaoticmap.

This approachis, hence,a combinationof the
approachesintroducedin [1] asneuralnetwork
modelingof chaoticmaps,and [3] as chaotic
modelingof burstytraf�c.f The third methodprovidesa sophisticatedand
an elegant learningapproachfor well-behaved
sources.We de�ne a well-behaved sourceasa
sourcethatdoesnot generatemorethana spec-
i�ed numberof packets in a time frame, i.e.,
thereis an upperlimit on the numberof pack-
ets generatedby the source. The most signif-
icant point about this approachis that it uses
thereal traf�c sampleswherethesampleshave
beenarrangedto createa continuousrangeof
numbersdistributedin � 
������ interval. Suppose
that the sourcegeneratesno morethana spec-
i�ed numberof traf�c packets, say É in a pe-
riod of time Ê . Then,consideringanorigin for
thetime,thecumulativedistribution functionof
the traf�c patternfor theperiod Ê is de�ned as
the numberof packets generatedsincethe be-
ginning of the time divided by the maximum
numberof packets,i.e.,

^ZT É . Obviously, this is
amonolithicincreasingfunctionstartingatzero
andendingat one. 1 Thesamplesof this func-
tionscanbeusedto provide thedesiredsample
set. At the endof the period, the desiredout-
put is comparedwith thenetwork outputandif

Ë
In somecases,the sourcemay generatea numberof packets less

thanthemaximumnumber. That leadsto have a monolithic function
endingata valuelessthanone.
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thevalueof errorhasnotenteredtheacceptable
boundthetrainingprocedureis repeated.

Relying on the threementionedtraining algorithms
above, the �x ed structureneuralnetwork is usedto
modela numberof arti�cially generatedtraf�c pat-
ternsby chaoticmaps,namelysingleanddoublein-
termittency mapsasdiscussedpreviously. The use
of arti�cial traf�c patternsprovidesthepossibilityof
beingableto comparethe resultsobtainedfrom all
threeapproaches.
Figures3, 4, 5, and6 show the modelingresultsin
caseof singleanddoubleintermittency mapsfor ini-
tial conditions� ����
���� and � �»��
��>8 . In the�gures,
the horizontalaxis displaysthe discrete-timewhile
the vertical axis displaysthe normalizedversionof
packetgenerationatapeakrate.Comparingall three
approachestogether, it seemsthat the secondap-
proachprovidesthebestresultsin termsof tracking.
Comparingthe �rst andthird approaches,it is easy
to observe thethird approachprovidesmorereliable
resultsas it is ableto follow the traf�c patternin a
longerperiodof time. In generalandasillustratedin
the�gures, thefamiliarON-OFFlearning/prediction
patternis observed.Theneuralnetwork isableto fol-
low thetraf�c patternfor the �rst time afterapprox-
imately700'000and1'000'000 million iterationsin
caseof singleanddoubleintermittency mapsrespec-
tively andcanstaywithin theacceptableerrorbound
for the next 60 and40 samples.The network then
goesout of syncandneedsto betrainedagainin or-
derto beableto follow thepatternproperly.

B. ModelingAggregatedBurstyTraf�c at theGate-
wayLevel

Thefollowing sectionillustratestheapplicationof
neural networks in the modelingof an aggregated
level of bursty traf�c. In orderto be ableto access
suchanaggregatedtraf�c pattern,a systemconsist-
ing of 100individual sourcesanda gateway asindi-
catedin �gure 7 is considered.This is an example
in which a numberof endnodessendtheir packets
to an interemdiategateway node. The traf�c pat-
ternmight includeavarietyof differentpacketssuch
astelnet,rlogin, ftp, mail, etc. The arrived packets
arestoredin a relatively largesizebuffer beforeget-
ting forwardedto thecorrespondingdestinations.In
order to be able to simulatethe real network, each
individual sourceis replacedwith an arti�cial traf-
�c generatorfollowing anON-OFFpattern.Theag-

gregatedtraf�c, hence,canbeconsideredto beself-
similar [5]. It is importantto notethat theobjective
hereis merelypredictingthetraf�c patternarrivedat
the gateway. Sameasbefore,a �x ed structureper-
ceptronneuralnetwork is usedfor thetaskof model-
ing. Thenetworkconsistsof aninputlayerwith eight
neurons,threehiddenlayerswith twentyneuronsin
eachlayer, andanoutputlayerwith oneneuron.This
is thesamestructureasindicatedin �gure 2. Thein-
putsof thenetwork areeightconsecutivesamplesof
thetraf�c patternandtheoutputof thenetwork is the
ninthsamplethatis supposedto bepredicted.
Thetraf�c patternof eachsourceis obtainedfromthe
doubleintermittency mapandis distinguishedfrom
othersourcesby assigningadifferentthresholdvalue
to thecorrespondingmap.Figure8 shows theresult
of neuralnetwork modelingtask.Again,thefamiliar
trackingperiodfollowed by a divergentbehavior is
observed. Theonly differenceis that self-similarity
increasesthespeedof convergenceat theaggregated
level. In caseof �gure 8, theneuralnetwork learning
algorithmconvergesafterapproximately280'000it-
erationsandis ableto follow therealpatternfor the
next 55 arrivals. Knowing that a statisticallyself-
similar traf�c patternexhibits a fractal-like behavior
in the sensethat aggregating streamsof suchtraf-
�c patterntypically intensify burstinessinsteadof
smoothingit and reminding its seriousimpactson
design,control, and analysisof high speedpacket
basednetworks, the observed result is a very inter-
estingoneasit shows self-similarityprovidesanex-
tra sourceof information that canbe interpretedas
somekind of correlationamongthegeneratedtraf�c
patterns.
Theconclusionis thatthesimplenonlineardynamic
of neuralnetworksis ableto implicitly captureself-
similarity andhenceneuralnetworksmaybeviewed
assuitablegeneratorsof self-similartraf�c.

V. NUMERICAL ISSUES

In the following, we brie�y mentionsomeof the
practicalproblemsin theimplementationof themod-
elingalgorithm.It is importantto notethatthelearn-
ing algorithmis time consumingbecauseof therich
dynamicof thetraf�c patternthattheneuralnetwork
is trying to learn.In deed,it takesthousandsof sam-
plesfor thenetwork in orderto gettrained.
In addition, there is a speci�c problemwhich can
beexplainedby the fractal natureof traf�c, i.e., the
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Neural Net Modeling of Single Intermittency Map
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Fig. 3. Resultsof modelingtheON-OFFtraf�c patterngeneratedby singleintermittency mapfor the initial condition Ì�ÍMÎxÏPÐÒÑ . Resultsare
shown for thearti�cial traf�c pattern,the�rst modelingmethod,thesecondmodelingmethod,andthethird modelingmethod.
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Fig. 4. Resultsof modelingtheON-OFFtraf�c patterngeneratedby singleintermittency mapfor the initial condition Ì Í ÎxÏPÐ Ó . Resultsare
shown for thearti�cial traf�c pattern,the�rst modelingmethod,thesecondmodelingmethod,andthethird modelingmethod.

traf�c patternswith self-similarcharacteristicshave
beenshown to exhibit chaoticbehavior. See[3] for
adetaileddiscussion.To explain theproblem,it suf-
�ces to mentionthatalthoughit is possibleto reach
a very small network error at somestepduring the
learningphase,it is notpossibleto reachanabsolute
zeroeror. It is observed that the small network er-
ror begins to grow as time proceedsif it is studied
for furthersamples.Thereasonrelatesto thechaotic
natureof thesystem,i.e,sincethenonlinearnetwork
wantsto modela chaoticsystem,it becomeschaotic
itself. In thissituationthesmallerrormaybeconsid-

eredasa small differencebetweentwo closeinitial
conditionsfor the desiredoutputand the generated
outputandasacharacteristicof achaoticsystem,the
differencebeginsto grow soon.This is nothingmore
thanhigh sensitivity to the variationsof initial con-
ditionsin termsof chaostheory. As a matterof fact,
observingsucha phenomenoncanbe interpretedas
asignto show thatanetwork thathasbeentrainedto
modela chaoticmaphasbecomechaoticitself. One
way of relieving the effect of having an error com-
ponentwhich grows with time is to periodicallyre-
peatthelearningphasebetweenrecallingphases.In
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Neural Net Modeling of Double Intermittency Maps
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Fig. 5. Resultsof modelingtheON-OFFtraf�c patterngeneratedby doubleintermittency mapfor theinitial condition Ì�Í�ÎcÏ�Ð�Ñ . Resultsare
shown for thearti�cial traf�c pattern,the�rst modelingmethod,thesecondmodelingmethod,andthethird modelingmethod.
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Fig. 6. Resultsof modelingtheON-OFFtraf�c patterngeneratedby doubleintermittency mapfor theinitial condition Ì Í ÎcÏ�Ð Ó . Resultsare
shown for (a) thearti�cial traf�c pattern,the�rst modelingmethod,thesecondmodelingmethod,andthethird modelingmethod.

practiceafter the �rst learningphasewith lessthan
onemillion examples,thenetwork would beableto
predict lessthanonehundredsamplesandthenthe
learningphasehasto be repeatedfor a comparable
numberof examplesasin thepreviouslearningphase
andsoon to have reliableresults.
Basedon thesameline of reasoning,all of thecon-
vergenceresultsareaffectedstronglyby the choice
of initial conditions. It is important to note that
the choiceof initial valuesof the parametersplay
a crucial role in the convergenceof the algorithm.
Poor choie of initial conditionscan and will lead

to observinga divergent behavior. As a practical
result and the for the traf�c patternsstudied, se-
lecting small initial valuesof the parameters,e.g.,� � �¿�"
��È�Ô
��G
�� Õ � � � typically speedsup the learn-
ing phase.

VI. CONCLUSION

In this paper, we studiedthe modeling of self-
similar traf�c patternswith a multi-purpose�x ed
structuresystem,i.e, a neuralnetwork. We investi-
gatedtheperceptronneuralnetwork andbackpropa-
gationlearningalgorithmfor thetaskof modeling.
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Fig. 7. A samplenetwork usedto demonstratethemodelingpower of neuralnetworksin modelingaggregatedlevel burstytraf�c.

Aggregated Traffic Modeling Results
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Fig. 8. Neuralnetwork modelingresultsof aggregatedlevel traf�c patterns.

We used a �x ed structure neural network with
threehidden layers in order to model source-and
aggregated-level traf�c patterns.Theneuralnetwork
hadeightneuronsin its input layer, andtwentyneu-
ronsin eachof its threehiddenlayers. The number
of neuronsin its output layer wasone. We applied
eight consecutive samplesof the patternas the in-
put of thenetwork andusedtheninth sampleasthe
desiredoutputin eachiterationof thelearningalgo-
rithm. Thenumberof samplesrequiredfor thetrain-
ing of the �x ed structureneuralnetwork depended
on thesteadystatebehavior of thetraf�c patternand
the network load, i.e, the numberof requiredsam-

plesincreasedin thecaseof heavily loadednetwork
which obviously indicatedmorecomplicatedsteady
statebehavior.
Therewereseveral issuesin the learningalgorithm
suchas the large numberof requiredtraining sam-
plesandthedivergentbehavior of thetrainedneural
network. We madeuseof enhancedbackpropaga-
tion learningalgorithmto shortenthelearningphase
after which the network wasable to predict the se-
quentialsamplesof thecorrespondingtraf�c pattern
with anerror lessthan


��>
��NÖ
. We followedeachre-

callingphasewith atrainingphaseto beableto cope
with thedivergentbehavior of thetrainedneuralnet-
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work andprovidedsomeintuitive reasoningmaking
useof sensitivity to the variationsof initial condi-
tionsargumentdiscussedin chaostheoryto explain
theobserveddivergentbehavior.

REFERENCES
[1] H. Youse�'zadeh,E. A. Jonckheere,”NeuralNetwork Modeling

of DiscreteTime ChaoticMaps.”, Submittedto IEEE Trans.on
NeuralNetworks,Jan.2002.

[2] H. Youse�'zadeh,M. Sha�ee, A. Ziloochian, ”Chaotic Arrays
Modeling with NeuralNetworks.”, Proc.of the IranianConfer-
enceof ElectricalEng.,Vol.4, PP. 667-679,May 1993.

[3] A. Erramilli, R. P. Singh,P. Pruthi,“ChaoticMapsasModelsof
Packet Traf�c. ”, ITC Vol. 14,PP. 329-338,1994.

[4] W. E. Leland,W. Willinger, M. S.Taqqu,D. V. Willson, “Statis-
tical AnalysisandStochasticModelingof Self-SimilarDatatraf-
�c”, ITC Vol. 14,PP. 319-328,1994.

[5] W. Willinger, M. Taqqu, “Self-Similarity through High-
Variability: StatisticalAnalysisof EthernetLAN Traf�c at the
SourceLevel”, IEEE/ACM Trans.on Networking,Vol. 5, No. 1,
Feb. 1997.

[6] A. Erramilli, J. Gordon,W. Willinger, “Applicationsof Fractals
in Engineeringfor RealisticTraf�c Processes.”, ITC Vol. 14,PP.
35-44,1994.

[7] W. E. Leland,W. Willinger, M. S.Taqqu,D. V. Willson, “On the
Self-SimilarNatureof EthernetTraf�c”, IEEE/ACM Trans.on
Networking,Vol. 2, NO. 1, PP. 1-15,Feb. 1994.

[8] V. Ramaswami,“Traf�c PerformanceModelingfor PacketCom-
munication:Whence,Where,andWhither”, Proc.of Australian
Teletraf�c Seminar, Nov. 1988.

[9] K. M. Hellstern,P. Wirth, “Traf�c Modelsfor ISDN DataUsers:
Of�ce AutomationApplication”, Proc.ITC-13,Denmark,1991.

[10] K. Sriram,W. Whitt, “CharacterizingSuperpositionArrival Pro-
cessesin Packet Multiplexersfor VoiceandData”, IEEE JSAC,
Vol. SAC-4,NO. 6, Sep.1986.

[11] H. Heffes,D. M. Lucantoni,“A Markov ModulatedCharacteri-
zationof PacketizedVoiceandDataTraf�c andRelatedStatisti-
cal Multiplexer Performance.”, IEEE JSAC, Vol. 9, NO. 7, Sep.
1991.

[12] J. Beran,R. Sherman,M. S. Taqqu,W. Willinger, “VariableBit
RateVideo Traf�c andLong RangeDependence”,IEEE/ACM
Trans.onNetworking,Vol. 2, NO. 3, Apr. 1994.

[13] J. M. Pitts,L. G. Cuthbert,M. Bocci, E. M. Scharf,“An Accel-
eratedSimulationTechniquefor ModelingBurstScaleQueuing
Behavior in ATM”, ITC Vol. 14,PP. 777-786,1994.

[14] D. E. Duffy, W. Willinger, “Statistical Analysis of CCSN/SS7
Traf�c Data from Working CCS Subnetworks”, IEEE JSAC,
1994.

[15] A. Giovanardi,R. Rovatti, G. Mazzini, “QueueSystemAnalyt-
ical Studywith Self-Similar Chaos-BasedTraf�c”, Electronics
Letters, Volume:37 Issue:3 , PP169-170,Feb. 2001.

[16] A. Alkhatib, M. Krunz, “Application of ChaosTheory to the
Modelingof CompressedVideo”, Proceedingsof the IEEE ICC
2000Conference,Vol. 2, New Orleans,June2000.

[17] A.Adas,“Traf�c Modelsin BroadbandNetworks”, IEEE Com-
municationsMagazine,PP82-89,July1997.

[18] M. Minsky, S.A. Papert,”Perceptrons:An Introductionto Com-
putationalGeometry.”, MIT Press,Cambridge,MA, expanded
edition,1988/1969.

[19] S. E. Fahlman, ”An Empirical Study of Learning Speedin
Back-PropagationNetworks”, TechnicalReport CMU-CS-88-
162,Carnegie Mellon University, June1988

[20] A. VanOoyen,B. Neihuis,”Improving theConvergenceof Back
PropagationAlgorithm”, NeuralNetworks,Vol.5, No.3,1992

[21] H. Guo,S.Gel�and, ”Analysisof GradientDescentLearningAl-
gorithmsfor Multilayer FeedForwardNeuralNetworks”, IEEE
Trans.onCircuit & Syst.,Vol. 38,No.8,Aug. 1991

[22] H. Yang,T. Dillon, ”Convergenceof Self-OrganizingNeuralAl-
gorithms”,NeuralNetworks,Vol.5, No.3,1992

[23] G. Mirchandani,W. Cao,”On HiddenNodesfor NeuralNets”,
IEEETrans.on Circuit & Syst.,Vol.36,No.5,1989

[24] N. J. Dimpoulos,”A Studyof Asymptotic Behavior of Neural
Networks”, IEEE Trans.on Circuit & Syst.,Vol. 36,No.5,1989

[25] V. Kurkova, ”Kolmogrov's Theorem and Multilayer Neural
Nets”,NeuralNetworks,Vol.5, No.3,1992

PLACE
PHOTO
HERE

Homayoun Youse�'zadeh wasbornin Tehran,
Iran. HereceivedB.S.,M.S.,andPh.D.degrees
all in ElectricalEngineeringfrom Sharif Uni-
versity of Technology, TehranPolytechnicIn-
stitute,andUniversityof SouthernCaliforniain
1989,1993,and1997respectively. Dr. Homay-
ounYouse�'zadehresearchandindustryexpe-
riencespansover teletraf�c modelingandanal-
ysis, network traf�c control, real-time media
systems,distributeddatabasesystems,storage

networking, andenterpriseclient-server applications.He is currently
with theCenterfor PervasiveCommunicationsin ElectricalandCom-
puterEngineeringDepartmentof Universityof California,Irvine. He
hasbeeninvolvedwith a numberof academicandindustryinitiatives
in differentcapacitiesincludingchairpersonof systems'management
workgroupof StorageNetworkingIndustryAssociation(SNIA), mem-
berof Scienti�c Advisory Board(SAB) of IntegratedMediaServices
Center(IMSC) at theUniversityof Southernof California,refereefor
IEEE CommunicationLetters,main panelistin domesticand inter-
nationalstoragenetworking eventssuchas IDC's EuropeanStorage
SymposiumandSearchStorageOnline, memberof AmericanMan-
agementAssociation(AMA), and memberof AmericanSocietyfor
EngineeringEducation(ASEE). His researchinterestsinclude intel-
ligent modelingof nonlineardynamics,teletraf�c analysisand con-
trol, heterogeneousreal-timemediasystems,high-speedbroadband
networks,anddistributedalgorithms.


