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Abstract— The signi cant characteristic of bursty traf-
c is self-similarity. Self-similarity is the main reasonfor
obsewing the burst within burst patterns acrossa wide
range of time scales. This is one of the unique charac-
teristics of nonlinear systemswith fractal nature. Percep-
tron neural networks, becauseof their nonlinear nature
and simple method of learning, provide a powerful tool to
model suchkind of traf ¢ patterns. In this paper, we intr o-
duce a novel schemefor the modeling task of source-and
aggregated-level self-similar traf ¢ 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 ¢ Modeling.

|. INTRODUCTION

ELETRAFFICanalysisof of computelcommu-

nicationnetworksis oneof the mostimportant
applicationsof mathematicamodelingandqueuing
theory Thisis mostlybecaus®f thewidespreadlie-
ploymentof paclet switching, speci cally, services
from EtherneLANSs, VariableBit Rate(VBR) video,
ATM, andISDN. Modelingof burstytrafc patterns
is amongthemostchallengingoroblemsn teletrafc
analysis. Although, numerousmodelsof paclet ar-
rival processesvere proposedy Ramasvami et al.
[8], Hellsternetal. [9], Srirametal. [10], Heffes et
al. [11], it seemghatthereis still anumberof paclet
trafc featuresnot beingunderstoogerfectly This
is partlydueto uncertaintiesn thetraf c characteris-
ticsandto thedif culties in characterizinghetrafc
arrival models. Adas[17] provided a surwey of dif-
ferentteletrafc modelsin his paper
Analysisof traf c datafrom networks and services

suchasEthernetLANs [7], VariableBit Rate(VBR)
video[12], ISDN trafc [9], andCommonChannel
SignalingNetwork (CCNS)[14], have all corvinc-
ingly demonstratedhe presencef featuressuchas
self-similarity, long range dependenceslowly de-
cayingvariancesheavy-taileddistributionsandfrac-
tal dimensionswhich are amongthe characteristics
of fractal processesLelandandWilson from Bell-
coreresearchcenterpresenteda statisticalanalysis
of Ethernettrafc, on the presenceof "burstiness”
acrossa wide rangeof time scaleq7] in which traf-
c spikesride onthelongertermripples,thatin turn
ride on longerterm swells,soon andsoforth. This
phenomenoris explainedin termsof self-similarity,
I.e., self-similarphenomenahaow structuralsimilar-
ities acrossall or a very wide rangeof time scales.
This burst within burst structurenot only captures
the fractal propertiesobsered in actualtrafc data
but alsoexplainswhy measurementshov no actual
burstlengthfor thepaclettraf c patterndespitepre-
diction of corventionalmodels.

Chaosis a phenomenorobsered in nonlineardy-
namicalsystemsandmay be describedasa situation
in which alow ordersystemis ableto exhibit avery
complicatedbehaior. For thisreasonchaosusedto
be calleddeterministicnoise. Sincethe trajectories
of chaoticsystemsare mostly fractals,they may be
usedasvery suitablegeneratorsf fractals.Fromthe
modelingpoint of view, the challengeis to capture
the complity of burstytrafc patternwith a small
numberof parametersf a chaoticmap. Erramilli et
al [3] useda numberof simplenonlinearmapsin or-
derto capturesomeof therealtraf c patternschar
acteristics. Giovanardiet al. [15] usedself-similar



chaos-basettaf ¢ patternsn ananalyticalstudyof
gueuingsystemsAlkhatib etal. [16] usedchaoghe-
ory in modelingandforecasting/BR videopatterns.
Neuralnetworksarea classof nonlinearsystemsa-

pableof learningandperformingtasksaccomplished

by othersystems.Their broadrangeof applications
includesspeeclandsignalprocessingpatternrecog-
nition, systemmodeling,andseno mechanisnton-
trol. The variouskinds of neuralnetworks, gener
ally, have enegy functions. The learningprocedure
of neuralnetworksis, indeed nothingmorethande-
creasingtheseeneqgy functionsuntil reachinglocal
minimum levels. Neural networks acquirethe re-
guired information from the examplessuppliedto
themin their learningprocedure Systemswith neu-
ral network building blocks arerobustin the sense
that the occurrenceof small errorsin the systems
doesnot interfere with the properoperationof the
system. This characteristioof the neuralnetworks
makes them quite suitablefor our trafc modeling
task.

The mainideaof usingneuralnetworks asa power-
ful teletrafc modelingtool wasoriginally extracted
from our previous researchopic in which we mod-
eleda classof chaoticmapsusingperceptromeural
networksandbackpropagationearningalgorithmas
describedn [1], and[2]. Combiningthatideawith
the bursty trafc chaoticmodelingproposalof Er-
ramilli et al [3] led us to introducethe currentre-
searchtopic. The objectve of this paperis, hence,
to introducethe applicationof neural networks in
burstyteletrafc patternanodeling.

An outline of the paperfollows. In section[2], we
brie y review the characteristicof aggreatedtraf-
c patternswith self-similarnature. In section[3],
webrie y review perceptromeuralnetworksandthe
backpropagatiodearningalgorithm. In section[4],
we explain how to model source-and aggreyated-
level burstytraf c patternswith neuralnetworks. Fi-
nally, we summarizeanumberof numericalissuesn
section[5].

Il. AGGREGATED BURSTY TRAFFIC

The main objectve of the currentsectionis to
provide an analyticalframework for self-similarity
as a statisticalproperty of time series. Intuitively,
self-similar phenomenalisplay structural similari-
tiesacrossa signi cant numberof time scales.The
degree of self-similarity is sometimesspeci ed by
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measuringa single parametercalled Hurst parame-
ter. In the following section,we provide a brief dis-

cussionaboutthe mathematicalndstatisticalprop-

ertiesof the self-similarprocesses.

A. Second-Cder Self-Similarity

SupposeX = (X, :t=0,1,2,...) isacovariance
stationarystochastigorocesswith meany, variance
o?, andautocorrelatiofiunctionR(n), n > 0. Par
ticularly, assumethe autocorrelatiorfunction of X
hastheform

R(n) ~ kn™?, as (1)
where0 < B < 1 andconstantsky, ko, ... are -
nite positive integers. For eachm = 1,2,3, ... let
Xm = (X™ :n =1,2,3,...) bethe covariance
stationarytime serieswith correspondingautocor
relationfunction R(™ obtainedfrom averagingthe
original seriesX over the non-overlappingtime pe-
riodsof sizem, i.e.,for eachm = 1,2,3, ..., X(™ is
givenby

n — oo

1
Xy(zm) = E(Xnm—m—kl + ...+ Xnm)a

n>1 (2)
The processX is called exactly second-ordeself-
similar with the self-similarity parameterH = 1 —
3/2 if the correspondingX ™ hasthe samecorre-
lation functionas X, i.e., R™(n) = R(n) for all
m 1,2,3,..., andn 1,2,3,.... X is called
asymptoticallysecond-ordeself-similar with self-
similarity paramete = 1—3/2 if R(™ (n) asymp-
totically approacheto R(n) givenby 1, for largem
andn. Hence,if the correlationfunctionsof the ag-
gregatedprocessesy (™ arethe sameasthe corre-
lation functionsof X or approachasymptoticallyto
the correlationfunctionsof X, then X is calledex-
actly or asymptoticallysecond-ordeself-similar
Fractal GaussianNoise (FGN) is a good example
of anexactly self-similarprocesswith self-similarity
parameterd, 1/2 < H < 1. FractionalArima
processewith theparametergp, d, ¢) suchthat0 <
d < 1/2 are examplesof asymptoticallysecond-
order self-similar processesvith self-similarity pa-
rameterd + 1/2.
Mathematically self-similarity manifestsitself in a
numberof equivalentwaysasfollows.

« The varianceof samplemeandecreasesnore

slowly than the reciprocalof the samplesize.



Thisis calledslowly decayingvarianceproperty
whichmeanar(X ™)) ~ k,m(5) asm — oo
with0 < 8 < 1.
« The autocorrelations decay hyperbolically
rather than exponentially fast, implying
a non-summable autocorrelation function
>n R(n) oco. This is called long range
dependencproperty
« The spectraldensity f(.) obeys a power-law
neartheorigin. Thisis theconcepbf 1/ f noise
with themeaningf(\) = k3A~7 asA — oo with
0<y<landy=1-p.
It appearsthat the most important feature of the
self-similarprocessess thattheiraggregatedprocess
X possess non-dgeneratecorrelationfunction
asm — oo. Thisis completelydifferentfrom typi-
cal paclettraf c modelspreviously consideredin lit-
erature all of which have the propertythattheir ag-
gregatedprocessesy ™ tendto secondorder pure
noise,i.e., R'™ — 0 asm — oo.
Theconcepbf self-similarprocesseprovidesavery
elegantexplanationfor theHursteffectphenomenon.
In orderto describethe Hurst effect, we should rst
describeherescaledadjustedange.For a givenset
of obserations(X, : n = 1,2,..., N) with sam-
ple mean X (N) and samplevarianceS?(N), the
rescaledadjustedrangedenotedby the R/S statis-
tic is givenby

R(N) 1
S(N) — S(N)

where; =0,..., N, W, =0and

[max(W;) — min(W;)] ~ (3)

W,=(X;1+..+X,) —nX(N), n>1

(4)

While mary time seriesappeato bewell represented
by therelation E[R(N)/S(N)] ~ kyN*,asN —
oo, with HurstparameteH typically about0.73,0b-
senations.X,, from a short-rangaelependenimodels
areknown to satisfy E[R(N)/S(N)] ~ ksN%%, as
N — oo. Thisis usuallyreferredto asthe Hurst
effect.

B. An Evidenceof Self-Similarity: Ethernetand
VBRVideoTrafc Measuements

In [4], Lelandet al. from Bellcoreresearctten-
ter obsenredthe absencef naturallengthof a burst
for the high quality, high time-resolutionLAN traf-
¢ datacollectedbetweenAugust1989 and Febru-
ary 1992 on several EthernetLANs. This behaior
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is very different from corventional telephonetraf-
¢ and from previously consideredformal models
of paclettrafc. In [8], Beranetal. obsenedthe
samefeaturewhile studyingVBR videotraf c. With
the availabledatasets,Lelandetal. investigatedhe
persistenfeatureof Ethernettraf c acrossthe net-
work andacrosghetime irrespectve of themedium
utilization level. They graphicallyestimateda Hurst
parameteH of about0.80. In generalthe degreeof
self-similarity dependon the utilization level of the
medium. For the Ethernetit increasessthe utiliza-
tion increasesSee[2] for furtherdetails.

[11. PERCEPTRON NEURAL NETWORKS AND

BACK PROPAGATION ALGORITHM

Perceptromeuralnetworks andtheir learningal-
gorithm back propagationalgorithm (BPA) have
been studied extensvely in the literature [18],
[19],[20], [21], [22], [23], [24], [25]. In this section,
we investigateperceptromeuralnetworks andback
propagatioriearningalgorithmwithin the context of
our modelingtask.

A. Perception Neural Networks

In anarti cial neuralnetwork, the unit similar to
theneuronis calledprocessinglemen{PE).An arti-
cial neuralnetwork containsanumberof PEs.A PE
hasalargenumberof inputpathsandcombineghem
by a simple weightedaddition. Usually, the com-
binedinputis further processedy a transferfunc-
tion. Thistransferfunctionhasthe form of a contin-
uousfunctionfrom the combinedinput signal.
In the network we areusing,the outputpathof each
PE is connectedo the input pathsof other PEsby
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-
plete connectionsetweenconsecutie layers. The
input layer takesthe datafrom the outsideerviron-
ment,the outputlayerreturnsthe datato the outside
ervironment,andthe otherlayersknown ashidden
layersprocesghe datainsidethe network. Figurel
shaws a simple perceptrometwork. Therearetwo
phasesn theoperatiornof aneuralnetwork. The rst
phasecalledlearningprocedures, indeed,nothing
but the adjustmenbf weightingfunctionssuchthat
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Fig. 1. A simpleneuralnetwork with onehiddenlayer

the network canrespondsuitablyto the input stim-
ulation. The numberof samplesequiredfor train-
ing dependson the traf c patternthat the network
is attemptingto model. Thereare casesin which
the network needsseveral thousandsor millions of
samplego be trained. The secondphasecalledre-
calling phaseis a situationin which the network is
ableto createsuitableresponsefterthe appearance
of a speci ¢ stimulation. This phasemay be part of
thelearningphaseasit is the casewhenthe network
outputmustbecomparedo adesiredoutputin order
to createanerrorsignal.

A simplenetwork doesnot have ary feedbackcon-
nectionbetweentwo differentlayersor alayerwith
itself. Suchkind of network is calleda feedforward
network. In caseof the x edstructureneuralnetwork
thatwe areusing,theinput datafrom theinputlayer
appearsn theoutputlayervia theinterfaceof hidden
layers,andhenceit is calleda feedforward network.
Feedforvard networks are generallyconsideredoe-
causeof their nonlinearproperties. The data ow
in feedbacknetworksis morecomplicated.The net-
work operatessa synchronousetwork asall of its
PEssendtheir outputsat the sametime. Eachlayer
is consideredo have anormalizedoperatiorbecause
theoutputof thelayeris adjustecata x edlevel. As
the result, every PE of a layer hasa criterion about
thetotal outputof the layerandcanadjustits output
correspondingly

B. Badk PropagationAlgorithm

Generally a neural network must learn how to
classify input patterns. It hasbeenexperimentally
obseredthat, asthe numberof layersof a network
increasest canclassifymoreandmorecomplicated
patterns. A signi cant problemis how a network
can determinethe error betweenits outputandthe
desiredoutput. The network, then, overcomesthe
mismatchbetweendesiredand actualoutputby ad-
justing the weightingsof interconnections.This is
called Credit Assignment(CA). The back propaga-
tion algorithm(BPA), originally introducedby Min-
sky andPapert[18], solvesthe CA problemby using
all of the PEsandadjustingtheir total interconnec-
tions. It doessoby propagatingheoutputlayererror
to the precedinglayer via the existing connections.
This operationis thenrepeatedintil reachingthein-
put layer. In otherwords, outputerror movesfrom
from the outputlayer -just oppositethe direction of
themovementof originalinformation-onelayerata
time until reachingtheinputlayer.

The classicalform of a back propagationnetwork
consistof oneinputlayer, oneoutputlayer, andone
or two hiddenlayers. Although thereis no limit on
thenumberof hiddenlayerstheoreticallyit hasbeen
shown that it is possibleto solve very complicated
problemswith four hiddenlayers. In a backpropa-
gationnetwork, eachlayeris fully connectedo the
next layer. In the learningphase,information may
comeback throughthe network in orderto update
the weighting functions. The network may also be



hetero-associate (if thedesiredutput(s)s(are)dif-
ferentfrom the input(s)) or auto-associate (if the
desiredoutput(s)is(are) the sameas the input(s)).
We usethefollowing notationfor the purposeof de-
scribingthe backpropagatioralgorithm. Pleasesee
[1] for furtherexplnation.
« zj[s] : Thepresenbutputstateof the j-th neu-
ronfrom thelayers
« wj;[s] : Weighting function of the connection
betweeni-th neuronfrom layer (s — 1) andthe
j-th neuronfrom layers
« I;[s] : Thecombinednputof the j-th neuronof
layers
Hencea PEin abackpropagatiometwork transfers
its outputas

zjls] = S (wjils]-ails — 1))} = fF{L[s]}  (5)

where f may be every continuousfunction. We use
sigmoidfunctionfor our applicationasa continuous
versionof the stepfunction. It is de ned as

1

"1 +e? ©)

f(2)

Supposehatthe network hasanabsolutesrrorfunc-
tion differentiablewith respecto all of theweighting
functions. Thenthe critical parametethat is back
propagatedo the network is:

oOF

0I;]s] (")

ejs] =

whereF is theabsoluteerrorfunction. Therelation-
ship betweenthe relative error of a speci ed PE in
layer s andthe local errorsin layer s + 1 may be
introducedas

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

Note thatin relation 8 theremustbe a layer above
the layer s, and henceit is not possibleto usethis
relationfor the outputlayer. As thederivative of the
sigmoidfunction f canbeexpressedh termsof itself

Ly = F(Lls) A1 = f(L[sD}  (9)
relation8 mayberewritten as:

5ls] = z;{s].(1 — z50s]) . Sfenls + 1wngls + 1]}
‘ (10)
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Hencethe algorithmis describedasfollows. First,
information propagatesrom the input layer to the
outputlayer Then, the error betweenthe desired
outputandthe network outputpropagatesrom the
outputlayerto theinputlayerin thereturnpath.
The objectve of the learningprocedureis to mini-
mize the absoluteerror function. In this section,we
introducethe error minimizing procedurebasedon
the conceptof local error. Assumethat the weight-
ing functionsof the network aregivenin theform of
wj;[s]. In orderto decrease¢he absoluteerror func-
tion, onemay changethe weightingfunctionsin the
oppositedirectionof the gradientvectoras

Awj;[s] = —le _OF_

wherelc denoteghelearningcoefcient. In relation
11 eachof theweightingfunctionsvary accordingo

the magnitudeandthe oppositedirectionof gradient
vector on the error surface. The variation of each
weightingfunctionis thencalculatedas:

Awj;[s] = le.ej[s].zi[s — 1] (12)

Theperformancef standardackpropagatioral-
gorithm can be signi cantly improved by inserting
amomentumterm, usingderivativescorrection,and
injecting the information obtainedfrom the preced-
ing layersto thecurrentlayer. Referencgl] includes
further detailsfor the enhancedrersionof the back
propagatioralgorithmdescribedoelow with the no-
tation o indicatingthe presenbutputof the network
to theinput i, d correspondinglesiredoutput,index
k denotingvariouselementf d ando, and E being
theabsolutesrrorfunctionde ned as

1 2
F = E Z(dk —Ok)

k

(13)

« Propagatdhe input i in the forward direction
throughthe network until reachingo the output
o. During propagatinghis informationthrough
the network all of the combinedinputs /; and
outputstatesr; for eachPE areset.

« For eachPE in the output layer calculatethe
scaledlocal error andthe variationsof weight-
ing functionsfrom relations

OE _ OE 3y
oI, oy oI,
Wa—y)y-1—-y)

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

€o



Awji[s] = leej[s]{zi[s — 1] + k.e;[s — 1]}
————
(k+1)—th step

k—th step

whereM standsfor the momentum. The vari-
ations of £ coefcient shov the greatestim-
pactontheadjustmenalgoritmof theweighting
functions. The suitablevaluefor this parameter
againdiffers from caseto casebut in the most
of thecasesavalueontheinterval [0, 1] hasled
to have a pleasingesult.

For eachPEin layer s locatedbelow the output
layerandabovetheinputlayerobtainthescaled
relative errorandthe variationin the weighting
functionsfrom 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

Updateall of theweightingfunctionsby adding
thevariationsto theold values.

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

Earlierin this papemnwe mentionedhatanalysisof
trafc datafrom networksandserviceshave demon-
stratedthat mary datasourcesproducestatistically
self-similardata.We alsomentionedhatonly afew
numberof the formal modelsof paclet trafc con-
sideredin the literatureareableto capturethe self-
similar natureof the measuredraf c. Thefollowing
listsanumberof implicationsof theexistenceof self-
similar paclettrafc onhigh-speedetworks.

« The Hurst parameterand fractal dimensions
suchas correlationdimensionprovide a more
satishctory measureof burstiness for self-
similartraf c thanthepreviouslyusedmeasures
suchastheindex of dispersiorof counts.

« The nature of congestionproducedby self-
similar network traf ¢ modelsdiffersfrom that

(15)
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predictedby standardmodels. More specif-
ically, the efciency of the proposedconges-
tion control schemedor high-speednetworks
greatlydependon how well thoseschemeper
form underthe in uence of self-similartrafc
scenarios.
In this section,a new approachcapableof dealing
with thefractal propertiesof theaggreatedtrafc is
introduced. This approachprovides a very elegant
solutionfor self-similartraf c modelingandhasthe
adwantageof simplicity compareto the previously
proposedapproachesamely stochasticand deter
ministic chaoticmap modeling. It is motivatedby
thedesirefor having arelatively simplemodelof the
comple paclet trafc generationprocess. As op-
poseto the abore mentionedmodelingapproaches,
it doesnot introducea parametethat describeghe
fractalnatureof traf c andhenceneednotcopewith
the compleity of estimatingHurstparameteand/or
fractal dimensions. The approachsimply takes ad-
vantageof usinga x ed structurenonlinearsystem

= lc.ej[s].{z;[s — 1] + k.e;[s — 1]}that is able to predicta bursty trafc patternafter

gettingtrainedby accessingo a numberof the sam-

(17)oles of the pattern. The numberof trafc samples

requiredfor the training proceduredependson the
network load andin generalthe compleity of the
network dynamics. We believe the usageof neural
networks providesa muchsimplerapproacHor the
taskof modelingbecausét works basedon indirect
learningof the network dynamicsby usingtheinfor-
mationavailablein anumberof samples.

The x edstructureneuralnetwork usedfor our mod-
eling taskconsistsof aninput layerwith up to eight
neuronsthreeor four hiddenlayerswith twentyneu-
ronsin eachlayer, andanoutputlayerwith oneneu-
ron. Theinputsof the network areeightconsecutie
samplesof the trafc patternand the outputof the
network is the ninth samplewhichis supposedo be
predicted. Basedon the richnessof the dynamic,it
might be possibleto reduceeitherthe numberof the
neuronsin the input layer or the numberof hidden
layersbut asthe standardstructure we usetheabove
mentionedstructureunlessotherwiseis stated.Fig-
ure 2 shaws the structureof the network.

A. ModelingIndividual SouceTraf ¢ Patterns

In thefollowing, threedifferentapproachebased
onthetypeof theinput samplesisedfor thetraining
of the neuralnetwork areintroduced.We usea x ed
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Fig. 2. Fixedstructureneuralnetwork usedfor the modelingtask.

structureneuralnetwork to modelarti cially gener

atedtraf c patternsoy chaoticmaps,namelythein-

termitteny family of mappings.In [3], the authors
provide adetaileddescriptiorof thesuchpacletgen-
erationschemes.

« The rst methodmakesdirectuseof the avail-
abletrafc samples.We work with normalized
valuesfor thetraf c samplesi.e.,asamplewith
valueoneis insertedwhenthe sourceis active
anda samplewith value zerois insertedwhen
the sourceis passve. This, in deed,is the nor-
malizedversionof the peakpaclet generation
ratedivided by the peakrate. The methodsuf-
fersfrom a major dravback,though. Sincethe
samplesprovided for the network are discrete
valuesequalto eitherzeroor one,the network
learningspeeds verylow. In fact,having acon-
tinuously distributed samplespectrumover the
intenal [0, 1] leadsto have a quite fasterlearn-
ing procedure.

« Thesecondmethodcanbeusedin caseof gen-
eratingarti cial traf c patterndy chaoticmaps.
The approachsimply accomplisheghe task of
modelingby insertingalevel of indirection,i.e.,
the neuralnetwork concentrate®n predicting
consecutre samplef the chaoticmapinstead.
By modelingthe chaotic map, and generating
its samples it would be very easyto generate

This approachis, hence,a combinationof the
approachesmtroducedin [1] asneuralnetwork
modeling of chaotic maps,and [3] as chaotic
modelingof burstytraf c.

The third methodprovides a sophisticatecand
an elegantlearningapproachfor well-behaed
sources.We de ne a well-behaed sourceasa
sourcethatdoesnot generatenorethana spec-
ied numberof pacletsin a time frame, i.e.,
thereis an upperlimit on the numberof pack-
ets generatedy the source. The most signif-
icant point aboutthis approachis that it uses
therealtrafc samplesvherethe sampleshave
beenarrangedo createa continuousrangeof
numbersdistributedin [0, 1] interval. Suppose
that the sourcegenerate$io morethana spec-
ied numberof trafc paclets,say P in a pe-
riod of time T'. Then,consideringanorigin for
thetime, the cumulatve distribution functionof
thetrafc patternfor the period7 is de ned as
the numberof paclets generatedsincethe be-
ginning of the time divided by the maximum
numberof paclets,i.e.,p/P. Obviously, thisis
amonolithicincreasingunctionstartingat zero
andendingat one. ! The samplesof this func-
tions canbe usedto provide the desiredsample
set. At the end of the period, the desiredout-
putis comparedwith the network outputandif

thesamearti cial trafc patternusingthe same | h t berof oadlets|

N somecasesine sourcemay generatea numperor packetsiess
Fh resholdvaluefor aslong aSthe_neuraln_etV\Drk thanthe maximumnumber Thatleadsto have a monolithic function
is ableto follow thecorrespondinghaoticmap. endingatavaluelessthanone.
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thevalueof errorhasnotenteredheacceptable gregatedtrafc, hencecanbeconsideredo be self-

boundthetrainingproceduras repeated.

Relying on the threementionedtraining algorithms
above, the x ed structureneuralnetwork is usedto
modela numberof arti cially generatedrafc pat-
ternsby chaoticmaps,namelysingleanddoublein-
termitteny mapsasdiscussedoreviously. The use
of arti cial trafc patterngrovidesthe possibility of
beingableto comparethe resultsobtainedfrom all
threeapproaches.

Figures3, 4, 5, and 6 shav the modelingresultsin
caseof singleanddoubleintermittengy mapsfor ini-
tial conditionszy = 0.1 andzy = 0.3. In the gures,
the horizontalaxis displaysthe discrete-timewhile
the vertical axis displaysthe normalizedversionof
pacletgeneratioratapeakrate. Comparingall three
approachedogethey it seemsthat the secondap-
proachprovidesthe bestresultsin termsof tracking.
Comparingthe rst andthird approachesi is easy
to obsene thethird approachprovidesmorereliable
resultsasit is ableto follow thetrafc patternin a
longerperiodof time. In generakndasillustratedin
the gures, thefamiliar ON-OFFlearning/prediction
patternis obsered. Theneuralnetworkis ableto fol-
low thetraf ¢ patternfor the rst time afterapprox-
imately 700'000and 1'000'000 million iterationsin
caseof singleanddoubleintermitteny mapsrespec-
tively andcanstaywithin theacceptablerrorbound
for the next 60 and 40 samples. The network then
goesout of syncandneedgo betrainedagainin or-
derto beableto follow the patternproperly

B. ModelingAggregatedBursty Traf c at the Gate-
way Level

Thefollowing sectionillustratesthe applicationof
neural networks in the modeling of an aggreyated
level of bursty trafc. In orderto be ableto access
suchanaggreatedtrafc pattern,a systemconsist-
ing of 100individual sourcesanda gatevay asindi-
catedin gure 7 is considered.This is an example
in which a numberof end nodessendtheir paclets
to an interemdiategatevay node. The trafc pat-
ternmightincludeavarietyof differentpacletssuch
astelnet,rlogin, ftp, malil, etc. The arrived paclets
arestoredin arelatiely large sizebuffer beforeget-
ting forwardedto the correspondinglestinationsin
orderto be able to simulatethe real network, each
individual sourceis replacedwith an arti cial traf-

¢ generatofollowing anON-OFFpattern.Theag-

similar [5]. It is importantto notethatthe objectve
hereis merelypredictingthetraf c patternarrivedat
the gatavay. Sameasbefore,a x ed structureper
ceptronneuralnetwork is usedfor thetaskof model-
ing. Thenetwork consistof aninputlayerwith eight
neuronsthreehiddenlayerswith twenty neuronsn
eachlayer, andanoutputlayerwith oneneuron.This
is thesamestructureasindicatedin gure 2. Thein-
putsof the network areeightconsecutie samplesf
thetraf c patternandtheoutputof thenetwork is the
ninth samplethatis supposedo be predicted.
Thetraf c patternof eachsources obtainedromthe
doubleintermitteny mapandis distinguishedrom
othersourcesdy assigningadifferentthresholdvalue
to the correspondingnap. Figure8 shows theresult
of neuralnetwork modelingtask.Again, thefamiliar
tracking periodfollowed by a divergentbehaior is
obsered. The only differenceis that self-similarity
increaseshe speedf convergenceattheaggreated
level. In caseof gure 8, theneuralnetwork learning
algorithmcorvergesafterapproximately280'000it-
erationsandis ableto follow the real patternfor the
next 55 arrivals. Knowing that a statistically self-
similartrafc patternexhibits a fractal-like behaior
in the sensethat aggreating streamsof suchtraf-
c patterntypically intensify burstinessinsteadof
smoothingit and remindingits seriousimpactson
design, control, and analysisof high speedpaclet
basednetworks, the obsered resultis a very inter-
estingoneasit shows self-similarity providesan ex-
tra sourceof informationthat canbe interpretedas
somekind of correlationamongthe generatedraf c
patterns.

The conclusionis thatthe simplenonlineardynamic
of neuralnetworksis ableto implicitly captureself-
similarity andhenceneuralnetworks maybeviewed
assuitablegenerator®f self-similartraf c.

V. NUMERICAL ISSUES

In the following, we brie y mentionsomeof the
practicalproblemsn theimplementatiorof themod-
eling algorithm.lIt is importantto notethatthelearn-
ing algorithmis time consumingbecausef therich
dynamicof thetraf ¢ patternthatthe neuralnetwork
is trying to learn.In deed,t takesthousand®f sam-
plesfor the network in orderto gettrained.

In addition, thereis a speci ¢ problemwhich can
be explainedby the fractal natureof trafc, i.e.,the
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Fig. 4. Resultsof modelingthe ON-OFFtrafc patterngeneratedby singleintermitteny mapfor theinitial conditionzo = 0.3. Resultsare
shawn for thearti cial trafc patternthe rst modelingmethod the secondnodelingmethod,andthe third modelingmethod.

trafc patternswith self-similarcharacteristichave
beenshawn to exhibit chaoticbehaior. See[3] for
adetaileddiscussionTo explain the problem,it suf-
ces to mentionthatalthoughit is possibleto reach
a very small network error at somestepduring the
learningphaseit is not possibleto reachanabsolute
zeroeror. It is obsered that the small network er-
ror begins to grow astime proceedsdf it is studied
for furthersamplesThereasorrelateso thechaotic
natureof thesystem|j.e, sincethe nonlineametwork
wantsto modela chaoticsystemjt becomeghaotic
itself. In this situationthe smallerrormaybe consid-

eredasa small differencebetweentwo closeinitial
conditionsfor the desiredoutputandthe generated
outputandasacharacteristiof achaoticsystemthe
differencebeginsto grow soon.Thisis nothingmore
thanhigh sensitvity to the variationsof initial con-
ditionsin termsof chaostheory As a matterof fact,
observingsucha phenomenoranbe interpretedas
asignto shav thatanetwork thathasbeentrainedto
modela chaoticmaphasbecomechaoticitself. One
way of relieving the effect of having an error com-
ponentwhich grows with time is to periodicallyre-
peatthelearningphasebetweerrecallingphasesin
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shawn for (a) thearti cial trafc patternthe rst modelingmethod the secondmodelingmethod,andthethird modelingmethod.

practiceafterthe rst learningphasewith lessthan

onemillion examplesthe network would be ableto

predictlessthanone hundredsamplesandthenthe

learningphasehasto be repeatedor a comparable
numberof examplesasin thepreviouslearningphase
andsoonto havereliableresults.

Basedon the sameline of reasoningall of the con-

vemgenceresultsare affectedstrongly by the choice
of initial conditions. It is importantto note that

the choice of initial valuesof the parametergplay

a crucial role in the cornvergenceof the algorithm.
Poor choie of initial conditionscan and will lead

to observinga divergent behaior. As a practical
result and the for the trafc patternsstudied, se-
lecting small initial valuesof the parameterse.g.,
w;;(0) = 0.01 Vi, j typically speedsup the learn-
ing phase.

V1. CONCLUSION

In this paper we studiedthe modeling of self-
similar trafc patternswith a multi-purpose x ed
structuresystem,i.e, a neuralnetwork. We investi-
gatedthe perceptromeuralnetwork andbackpropa-
gationlearningalgorithmfor thetaskof modeling.
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We used a x ed structure neural network with
three hiddenlayersin orderto model source-and
aggreated-leel traf c patterns.Theneuralnetwork
hadeightneuronsn its input layer, andtwenty neu-
ronsin eachof its threehiddenlayers. The number
of neuronsin its outputlayer wasone. We applied
eight consecutie samplesof the patternasthe in-
put of the network andusedthe ninth sampleasthe
desiredoutputin eachiterationof the learningalgo-
rithm. The numberof samplesequiredfor thetrain-
ing of the x ed structureneuralnetwork depended
onthe steadystatebehaior of thetraf c patternand
the network load, i.e, the numberof requiredsam-

plesincreasedn the caseof heavily loadednetwork

which obviously indicatedmore complicatedsteady
statebehavior.

Therewere several issuesin the learningalgorithm

suchasthe large numberof requiredtraining sam-
plesandthe divergentbehaior of thetrainedneural
network. We madeuseof enhancedack propaga-
tion learningalgorithmto shortenthelearningphase
after which the network was ableto predictthe se-
guentialsampleof the correspondingraf ¢ pattern
with anerrorlessthan0.01%. We followedeachre-

calling phasewith atrainingphaseo beableto cope
with thedivergentbehaior of thetrainedneuralnet-



work andprovided someintuitive reasoningnaking
useof sensitvity to the variationsof initial condi-
tions agumentdiscussedn chaostheoryto explain
the obsereddivergentbehaior.
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