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Abstract—Buffer managementin queuing systemsplays an im-
portant role in addressingthe tradeoff betweenef ciency mea-
sured in terms of overall packet loss and fairnessmeasured in
terms of individual sourcepacket loss.Completepartitioning (CP)
of a buffer with the bestfair nesscharacteristic and completeshar-
ing (CS) of a buffer with the bestef ciency characteristic are at
the opposite ends of the spectrum of buffer managementtech-
nigues. Dynamic partitioning buffer managementtechniquesaim
at addressingthe tradeoff betweenef ciency and fairness. Ease
of implementation is the key issuewhen determining the practi-
cality of a dynamic buffer managementtechnique. In this paper
two novel dynamic buffer managementechniquesfor queuingsys-
tems accommodatingself-similar traf ¢ patterns are intr oduced.
The techniquestake advantage of the adaptive learning power of
perceptron neural networks when applied to arriving traf ¢ pat-
terns of queuing systems. Relying on the water- lling approach,
our proposedtechniquesare capable of coping with the tradeoff
betweenpacket lossand fair nessissues.Computer simulationsre-
veal that both of the proposedtechniquesenjoy great ef ciency
and fair nesscharacteristicsaswell aseaseof implementation.

Index Terms— Neural Network Teletraf ¢ Forecasting, Water-
Filling, Buffer Management,Packet Loss, Fairness.

|. INTRODUCTION

Neural networks are a classof nonlinearsystemscapable
of adaptvely learningand performingtasksaccomplishedy
other systems. Their broad range of applicationsincludes
speechandsignal processingpatternrecognition,andsystem
modeling. The adaptve learningpower of neuralnetworkshas
alsoprovenusefulin variouscontexts of the literatureon com-
putercommunicatiometworks. For example,neuralnetworks
have beensuccessfullyutilized in dynamicallocationof band-
width for VariableBit Rate (VBR) video over Asynchronous
TransferMode (ATM) [9]. Systemsawith neuralnetwork build-
ing blocksarerohustin the sensethatthe occurrenceof small
errorsin the systemsdoesnot interferewith the properopera-
tion of thesystem.This characteristiof neuralnetworksmakes
themquitesuitablefor forecastingraf ¢ patterns.

In [35] and[36], the absencef naturallengthof a burstfor
thehigh quality, hightime-resolutiorEthernetLAN traf ¢ data
was reported. The datawas collectedbetweenAugust 1989
and February1992 on several EthernetLANs. This behaior
is very differentfrom corventionaltelephonegrafc andfrom
formal modelsof paclettrafc. The available datasetsveri-

ed the persistenself-similarfeatureof Ethernetrafc across
thenetwork andacrosghetime. In generalthe degreeof self-
similarity dependn the utilization level of the medium. For
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the Ethernet,it increasesas the utilization increases. Anal-

ysis of trafc datafrom other networks and servicessuchas
VBR video[7], ISDN trafc [25], CommonChannelSignaling
Network (CCSN)[11], ATM trafc [41], andbroadbanchet-

works [3] have all convincingly demonstratethe presencef

featuressuchaslong-rangedependenceslowly decayingvari-

ances,and heary-tailed distributions. Thesefeaturesare best
describedwithin the context of second-ordeself-similarityand
fractaltheoryapproachForecastingelf-similartraf c patterns
is morechallengingthanforecastingraditionaltraf c patterns
consideringheirrich dynamics.

Reducingpaclet lossin queuingsystemss one of the most
importantissuesin the designof trafc control algorithms.
Reducingpaclet lossin the queuingsystemsis equialentto
improving ef ciency and is usually consideredas a perfor-
manceavaluationtool. For systemsonsistingof morethanone
source thereis anothermajor issueworth consideringknown
asfairness.Fairnessprovideseachindividual sourcewith the
ability to take advantageof a fair portion of the sharedavail-
able resourcessuchas buffer spaceor sener bandwidthalso
known asservicerate. The combinationof buffer management
and sener bandwidthschedulingspeci es the ef ciency and
the fairnessof a multiple sourcequeuingsystem. Accommo-
datingself-similartraf ¢ patterndurthercomplicateghebuffer
managemendf multiple sourcequeuingsystemsnanifestingn
higherdropratesandlongerqueuingdelays.

In this study two different sener schedulingschemesare
considered. Theseare namely Fixed Time Division Multi-
plexing (FTDM) and Statistical Time Division Multiplexing
(STDM). In FTDM, each sourcetakes advantageof a pre-
assignedportion of the sener bandwidth. Sener bandwidth
is allocatedto eachsourceregardlessof whetherit hasdatato
transmit.In STDM, eachsourceonly utilizesanaggreatepor-
tion of the senerbandwidthwhenit hasactualdatato betrans-
mitted. Simply put, the differencebetweerthetwo schemess
thatin FTDM thereis no bandwidthsharingwhile in STDM the
unusedportionof the sener bandwidthassignedo eachsource
might be usedto servicepaclets generatedy other sources.
FTDM is typically usedfor ATM switching systemswith a
numberof virtual pathswhereas STDM is typically usedin
ATM queuingsystemswith a numberof virtual channels.

Therearea numberof differentbuffer managemergchemes
studiedin the literatureas describedn [37], [21], [31], [32],
and[19]. Theseare namely CompleteSharing(CS) with no
enforcedcapacityallocation mechanismCompletePartition-
ing (CP)with equalpartitioningof the availablebuffer capac-
ity, and Partial Sharing (PS) with dedicatedportions of the
buffer spaceaswell asa commonsharedportion. A suney



of the literature shaws that CS achieves optimal throughput-
delay performance.However, the work of [28] suggestghat
the CS schememay not perform well when accommodating
ill-behaved greedysourcesor heavily loadedsystems. There
is alsoanothervariationof CS known asthe Static Threshold
(ST) schemen which an arriving paclket is accommodatedf
the queuelengthis smallerthana giventhreshold. The works
of [28], [18], and[37] all proposesimpleimplementationof
Static PS (SPS)methodswith the objective of balancingthe
tradeof betweeref ciency andfairnessWhile implementation
of theseschemess relatively simple,their performancesuffers
astheresultof relying on staticpartitioning. Thelatteris dueto
thefactthatthe schemeganallow pacletlossin a partitioned
buffer while anothermartitionedbuffer is not full. Thework of
[27] providesa discussiorof performanceanalysisfor a class
of SPSmethods.

A dynamicbuffer managemenschemeis classi ed under
PS methodswith the ability to adjustthe buffer size of each
sourceaccordingto the overall buffer occupang. Theschemes
of [48], [49], [50], [20], and [38] areall classi ed underDy-
namic PushOut (DPO) which is a variantof dynamichbuffer
managemergchemesTheschemeivestigatalifferentissues
of the main DPOidea. In DPO, a paclet that arrivesto nd
a partitionedbuffer full pushesout the paclet at the headof
the longestpartitionedbuffer. Although offering excellentef-
ciency andfairnesscharacteristicsDPO hasprovento have
avery high overheadocf implementation.Relying on the max-
min proposalof [29], the dynamicbuffer managemenscheme
of [10] proposesimplerversionsof DPOin which theindivid-
ual partitionedbuffer lengththreshold,at ary instantof time,
is proportionalto the currentamountof unusedoufferingin the
mainbuffer. Packet arrivalsfor a partitionedbuffer areblocked
whenever the partitionedbuffer length equalsor exceedsthe
currentthresholdvalue. In [23], theauthorsextendtheir earlier
work of [10] to regulate buffer sharingamongtrafc classes
with differentlosspriorities.

Otherbuffer managemerdandschedulingschemeshathave
beenextensiely discussedn the literature and can be cate-
gorizedunderthe above classi cationsinclude EarliestDead-
line First (EDF), CompleteSharingwith Virtual partitioning
(CSVP),and GeneralizedProcessSharing(GPS).Among the
set of articlesin the literature, the works of [15], [52], and
[12] provide an appropriateoverview of the latter techniques,
respectiely. In [53] and[27], performancenalysisstudiesof
a numberof buffer managemenschemesre provided. The
tradeof betweenthe available bandwidthand buffer spaceis
studiedin [40]. Thework of [33] and[5] areamongrecentlit-
eraturearticlesproviding a theoreticalandanintelligenttreat-
mentof the buffer managemenroblem,respectiely.

The schemesntroducedin this paperarealsoclassi ed un-
derdynamicbuffer managemenéchemesThey arecapableof
improving the loss performanceof SPSschemeof [37] while
consideringairnessversusiosstradeoff. Unlike the family of
DPO buffer managemenschemespur proposedschemesio
not needto monitorandaccessary informationaboutthe sta-
tusof all of the partitionedbuffers. Hence they canbeimple-
mentedat eachbuffer independently The schemesely on the
power of neuralnetworksto forecasthearriving traf ¢ patterns

of multiple sourcequeuingsystemsanddynamicallyadjustthe
buffer spacepartitioningaccordingto the correspondindraf c
arrival pattern.The schemesitilize water lling techniquesat-
isfying the so-calledmax-minfairnesspropertywhen dynam-
ically adjustingthe buffer space.We notethat while our pro-
posedschemesiredescribedor x ed-lengthpaclketstypically
utilizedin ATM systemsthey canalsobeappliedto to variable-
lengthpaclets.

An outline of the paperfollows. In Sectionll, we brie y
review the characteristicef self-similarpaclettrafc. In Sec-
tion Ill, we describeour proposedheuralnetwork forecasting
schemeof teletrafc patterns. In SectionlV, we introduce
and analyzea typical multiple sourcequeuingsystemutilized
in the context of our work. SectionV providesthe detailsof
our buffer managemenscheme.SectionVI includesour sim-
ulation resultspertainingto packet loss reductionin multiple
sourcequeuingsystems.In this section,we also comparethe
performanceof our proposedynamicNeural Sharing(DNS)
schemeswith otherbuffer managemenschemes.Finally, we
concludethe paperin SectionVII.

Il. SELF-SIMILAR PACKET TRAFFIC

In this section we provide adiscussiorof second-ordeself-
similarity as a statisticalpropertyof time series. Intuitively,
self-similarphenomenalisplay structuralsimilarities acrossa
signi cant numberof time scales.The degreeof self-similarity
is sometimespeci edby measuring singleor asetof param-
eter(s)calledHurstparameter(s).

Suppose is a covariancesta-
tionary stochastigrocesswith mean , variance , andauto-
correlationfunction . Particularly, assumehe
autocorrelatioriunctionof  hastheform

as

(1)

where andconstant is a nite positive integer.
Foreach let be
the covariancestationarytime serieswith correspondinguto-
correlationfunction obtainedfrom averagingthe original

series overthenon-overlappingtime periodsof size , i.e.,
for each , is givenby

— )
Theprocess is calledexactly second-ordeself-similarwith

theself-similarityparameter if thecorresponding

processebave the samecorrelationfunctionsas , i.e.,

for all and . The

process is called asymptoticallysecond-ordeself-similar

with self-similarityparameter if asymp-

totically approachet givenby Relationshig1), for large

and . If the correlationfunctionsof the aggreyatedpro-
cesses are the sameas the correlationfunctions of

or approachasymptoticallyto the correlationfunction of
then is called exactly or asymptoticallysecond-ordeself-
similar. FractalGaussiarNoise (FGN) is a good example of
an exactly self-similar processwith self-similarity parameter
. FractionalARIMA processesvith the



parameters suchthat are examplesof
asymptoticallysecond-ordeself-similar processeswith self-
similarity parameter .
Mathematically self-similarity manifestsitself in a number
of ways. In our discussiorbelow, we assumehatthe constants
and are nite positiveintegers.

Thevarianceof samplemeandecreasemoreslowly than

the reciprocalof the samplesize. This is called slowly

decaying variance property indicating

as with .

The autocorrelationslecayhyperbolicallyratherthanex-

ponentially fast, implying a non-summableautocorrela-

tion function . Thisis calledlong-range

dependencproperty

The spectraldensity obeys a powerlaw nearthe ori-

gin. This is the conceptof noisewith the meaning
as with and

It appearghat the mostimportantfeatureof self-similar pro-
cessess thattheir aggreyatedprocess possessea non-
degeneratecorrelationfunction as This is differ-
ent from traditional paclet trafc modelswith the property
thattheir aggreatedprocesses tendto seconddrderpure
noise,i.e., as .

Theconcepof self-similarprocesseprovidesanelegantex-
planationfor the Hursteffect phenomenonin orderto describe
the Hurst effect, we should rst describethe rescaledadjusted
range. For a given setof obsenations
with samplemean and samplevariance , the
rescaledadjustedrangedenotedby the statisticis given

by
—_— — ®3)
where and
a (4)
with . While mary time seriesappeato bewell repre-

sentecby therelation , as ,
with anaverageHurstparameter typically measure@t0.73
[45], obsenations  from short-rangedependeniodelsare
known to satisfy ,as . This
is usuallyreferredto asthe Hursteffect.

I1l. NEURAL NETWORK FORECASTING OF PACKET
TRAFFIC

As pointedoutin variousresearctarticles,mary paclettraf-
¢ sourcesandpatternsexhibit an ON-OFFbehaior. An ON-
OFFtrafc patterris characterizey two states Suchapattern
is deliveringtraf ¢ atapeakratein its active stateandis silent
in its passve state . AggregateEthernetraf ¢ patterng35] and
VBR video sourceq7] are amongthe examplesof ON-OFF
trafc patterns. In this section,we proposetwo neural-based
techniquesof forecastingON-OFFtrafc patterns.While our

Themainideaof forecastingself-similartraf ¢ patternswith
X edstructureneuralnetworksis relatedto theoriginal propos-
alsof [43] and[14] in which x edstructurdeedforwardpercep-
tron neuralnetworks with back propagatiorlearningare pro-
posedaspotentialmodelingtoolsof nonlinearsystemsThede-
tails of suchamodelingtaskcanbefoundin [24]. Treatingself-
similar trafc patternsas a classof nonlineardynamicalsys-
tems,we useperceptrometworkswith backpropagatiodearn-
ing to modelaggreyatedself-similartraf ¢ patternsasanalter
native to stochasticand chaoticsystemsapproachegroposed
in [35], [13], [4], and[2]. Our modelingapproachprovides
an attractve solutionfor trafc modelingand hasthe advan-
tageof simplicity comparedo the previously proposedmod-
eling approachesmamely stochasticand deterministicchaotic
map modeling. The promiseof neuralnetwork modelingap-
proachis to replacethe analytical dif culties encounteredn
theothermodelingapproachewith astraightforvardcomputa-
tionalalgorithm.As opposedo theothermodelingapproaches,
neuralnetwork modelingdoesnot investigateidenti cation of
appropriatenapsneitherdoesit introducea parametepr a set
of parameterslescribingthe fractal natureof traf c. It, hence,
neednot copewith the compleity of estimatingmultifractal
Hurstparameter§35], [16] and/orfractaldimensiong13]. The
proposedeuralnetwork forecastingscheme®f this work sim-
ply take advantageof usinga x ed structurenonlinearsystem
with a well de ned analyticalmodelthatis ableto forecasta
traf ¢ patternafterlearningthedynamicsof thepatternthrough
theuseof informationavailablein anumberof trafc samples.
Interestinglyandasproposedy Gomesetal. [22], neuralnet-
workscanalsobeutilized asappropriatestimatorof theHurst
parameter

The x edstructurefully connectedfeedforward perceptron
neuralnetwork utilized for the taskof forecastingn our study
consistof aninput layerwith eightneuronsthreehiddenlay-
erswith twentyneuronsn eachlayer, andanoutputlayerwith
oneneuron. Fig. 1 illustratesthe structureof the neuralnet-
work. In our perceptrometwork, a neurontransfersts output

Output Layer

H2

Input Layer

Fig. 1. The x edstructureneuralnetwork usedfor thetaskof trafc forecast-

rst techniquetakes advantageof a rst ordergradient-based jng.

backpropagatioearning,our secondechniqueutilizesa sec-
ondorderQuasi-Nevton backpropagatiordearning.



as

(5)
where is the presentoutputstateof the -th neuronin
layer and is the weightingfunction betweerthe -th

neuronin layer andthe -th neuronin layer . Further
is the combinedinput of the -th neuronin layer and
is the sigmoidfunctionde ned as

(6)

To considerthe thresholdeffects,eachneuronin layer is as-
sumedto have anextra input with a x edvalueof in addi-
tion to its inputsfrom the neuronsn layer . Thelearning
procesf theneuralnetwork is nothingmorethanminimizing
its enegy function . The enegy function of the network at
iteration of thelearningprocesss de ned as

(7)

where indicateshepresenbutputof the network to agiven
input and correspondso theactualoutput.

In ourcurrentwork, we proposeheuseof two iterativelearn-
ing schemes.They are namelythe rst ordergradient-based
back propagationrand BFGS Quasi-Nevton back propagation
learningschemes.

A. TheFirst Order Gradient-BasedBad Propagation Learn-
ing
Our proposedgradient-basedback propagationlearning

schemeovercomesthe mismatchbetweenthe actual outputs
andthe generatedutputsof the neuralnetwork by adjusting
the weightingsof interconnectionén the oppositedirection of
thegradientvectorandits momentumslt is cateyorizedunder
rst degreeunconstraineaptimizationmethodsandtherefore
hasthe advantageof simplicity aswell aslow spacecomplex-
ity. Thelatter makesthe schemaeattractive from the standpoint
of implementatiorin intermediatébufferswith limited memory
resourceslteration of our proposedyradient-basettarning
schemds describedas

Formthegradient .

Utilize aquadratidnterpolationline searchmethodto nd

minimizing .
Find thevectorof weightingfunctions'changesas

(8)

with
Set

denotingthe momentunterm.

We referthereaderto AppendixC of [8] for further detailsof
theline searchmethods.

B. BFGSQuasi-NevtonBad PropagationLearning

TheBFGSQuasi-Ne&vton backpropagatioriearningscheme
also overcomegshe mismatchbetweenthe actualoutputsand

the generatedutputsof the neuralnetwork by adjustingthe
weightingsof interconnectionsHowever, it is categorizedun-

der seconddegree gradient-basedinconstrainedptimization
methodsandthereforehasmuchbettercorvergencecharacter
istics comparedto ary variation of the standardback propa-
gationlearningincluding our rst learningscheme.Although
quicker corvergenceof seconddegreegradient-basedethods
comesat the costof requiringto calculatethe inverseHessian
matrixin everyiteration,BFGSlearningavoidssucha periter-

ationcalculationasexplainedbelow. In iteration of learn-
ing, BFGSapproximateshe inverseHessianrmatrix by
apositive de nite matrix in theform of

©)
where and —— —. Wenote

thatthe spacecompleity of the schemds higherthanthat of

rst degreebackpropagatioearningschemeslueto requiring
to savetheelementof . Iteration of our proposedBFGS
learningschemas thendescribedas

Formthegradient .
Calculatematrix ~ asdescribedn Equation(9).
Utilize aquadratidnterpolationline searchmethodto nd
minimizing
Set
We refer the readerto Sectionl.7 of [8] for further detailsof
BFGSalgorithm.

Thefollowing discussions appliedto bothlearningschemes
describedhbove. In iteration of learning,bothschemegrop-
agatethe input vector  in the forward directionthroughthe
network until reachingto the output . During the propaga-
tion processall of the combinedinputs andoutputstates

for eachneuronareset. In iteration , the neuralnetwork

inputvector  consistsof samples through of the
actualtraf ¢ pattern.Thedifferencebetweersample  of the
actualtraf c patternandtheneuralnetwork output  is usedto

adjustthe weighting functionsof the network accordingly In
the next iteration, sample of the actualtrafc patternis
discardedsamples through of theactualtrafc pattern
are usedasthe new input vector andsample is usedas
the new actualoutput. The neuralnetwork continuesprocess-
ing moreinformationin consecutie iterationsof the learning
phaseuntil the absoluteerror is lessthana speci ed error
bound . Oncethe absoluteerroris within the speci ed error
bound , theself-generatedutputof the neuralnetwork canbe
usedto forecasta giventrafc pattern. The network caninde-
pendentlyself-generatsamplesy discardingthe oldestinput
sample shifting the input sample<y one,andusingits output
asthe mostrecentinput sample. Sincethe neuralnetwork is
utilizing sigmoidfunction, we assumehetrafc patternis ac-
tive if the generatedutputof the neuralnetwork is above the
thresholdof  andpassie otherwise A continuoussequence
of learningis carriedeven after the network is trainedconsid-
eringthefactthatthe network canonly predicta smallnumber
of iterationsat ary time independenthbeforethe outputerror
exceedgheacceptabl@rrorbound .



The numberof samplesrequiredfor the rst time training
of the neuralnetwork dependsn the compleity of thetraf ¢
patterndynamics.Thetime comple&ity andthespacecomplex-
ity of the rst ordergradient-basetack propagationscheme
arerespectiely and where is the numberof
weightingfunctionsin the network and is the numberof iter-
ations. Similar compleity termsfor the BFGSbackpropaga-
tion schemearerespectiely identi ed as and
However, the numberof iterations for BFGSlearningis usu-
ally an order of magnitudesmallerthan the similar quantity
for gradient-basedearning. Hence,the tradeof betweenthe
two approaches the bettertime compleity of BFGSlearning
versushetterspacecompleity of the rst ordergradient-based
learning.

Further the compleity characteristicef both neurallearn-
ing schemesretypically betterthanthoseof statisticalmodel-
ing schemesuchasfractional ARIMA processesr the com-
plexity of calculatingfractal dimensionssuch as correlation
dimension. However, wide variationsof prevent us from
makinga strongclaim aboutthe compleity advantageof our
neurallearningschemegomparedo othermodelingschemes.
Nonethelessombiningthe straightforwardway of implemen-
tation with the analysisof compleity, we claim that our pro-
posedneuralnetwork schemegprovide elegantapproachesor
the taskof traf ¢ forecasting. Further it is importantto note
that the schemef this sectioncanbe utilized to modelary
traf ¢ patternasidefrom thefactthattheemphasi®f ourwork
is onself-similartrafc traf c forecasting.

IV. MULTIPLE SOURCE QUEUING SYSTEM

A. QueuingSystenAnalysis

Our applicationtestbedrelies on a multiple sourcequeuing
systemasillustratedby Fig. 2. The multiple sourcequeuing
systemconsistsof a numberof ON-OFF sourcessharingan
availablebuffer space Thesourcesanalsobethoughtof asthe
arriving traf ¢ patternsof the buffer. Dependingon the choice
of buffer managemergéchemethe queuingsystemcaninclude
dedicatedartitionsassignedo individualtraf ¢ patterns.

SWITCH

Fig. 2. Thestructureof amultiple sourcequeuingsystem.

In ourdiscussionwe view eachindividualsourceandits cor-
respondindouffer asa separatd-irstIn First Out (FIFO) queu-
ing system Next, we provideaqueuinganalysidor eachsource
within themultiple sourcequeuingsystem.n our FIFO model,
thereis a nite capacitybuffer storing arrived paclets before
they gettransmitted.The occupanyg of the buffer is determined

by the ow of the arriving paclets andthe rate at which the
pacletsareserviced.In this model,a queueis identi ed by its
buffer capacity , andits senercapacity . In eachqueue,
the arrival rateis comparedwith the servicerateto determine
whetherthesizeof thequeudsincreasingor decreasingiswell
aswhetherthequeusis losing paclets.

Usingthefollowing notation

: Theinputrateof the -th bufferattime .
: Theoutputrateof the -th buffer attime .
: Thequeuingrateof the -th buffer attime
: Thelossrateof the -th buffer attime .

: Thequeuesizeof the -th bufferattime .
: Thebuffer capacityof the -th buffer.
the stateof the queuefor eachbuffer is speci ed by

(10)

atary instantof time asshowvn in Fig. 3. Notethatbesideghe

valuesof thatcouldbepositive or negative, all of theother
valuesare always positive. Originally, the queueis empty It
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Fig. 3. Thequeuingdiagramof the -th sourceattime .
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beginsto form whenthe buffer input rate exceedsthe service
rate. Hence,the queuerate andthe lossrate remain
zeroaslong asthe input rateis lessthanor equalthe service
rate,i.e.,

(11

Thequeuesize beginsto increaseassoonastheinputrate
exceedghe servicerate . While the queueis not empty
the outputrateis alwaysequalto the queuesener capacity In
this scenariothe total queuingrate is the differencebetween
the input rate and the queuesener capacity The lossrateis
zeroat this stage.The queuekeepsgrowing in sizeand nally
becomedull if the input rate remainshigherthanthe queue
sener capacity In thatsituation,the queuingrateis zeroand
theexcessinputrateis the pacletlossrateas

(12)

with . The effect of a changein the input rate
is not immediatelyappearedf thereare pacletsin the queue
waitingto transmit.It is thequeuingratethatchangesiccording
to

(13)



Thequeussizebgginsto decreasavhentheinputratebecomes
lessthanthe sener capacity i.e., . As theresult,

thequeuingrategoesbelow zero,i.e., . Thequeuebe-
comesemptyif this situationlasts. The outputrateis obtained
from thefollowing equation,

(14)

The behavior of the queuingsystemdescribedaborve is ruled
by the gueuingdiscipline. Analyzing the paclet ar
rival rateof sucha queuingsystenis arathercomplicatedask.
Previously proposedechniquesof analysissuchasLindley's
Integral Equationdescribedn [39] andSection8.2 of [34] rely
onstochastictheoryapproachesThesolutionto Lindley'sInte-
gralEquationmaybeobtainedundercertainconditionsby rely-
ing on spectrunfactorizationandtransformtheorytechniques.
As an alternatve, we proposethe useof our neuralnetwork
scheme®f Sectionlll to learnthe dynamicsandforecastthe
paclketarrival of thequeuingsystem.

B. ON-OFF SouceAnalysis

Having describedthe multiple sourcequeuingsystemuti-
lizedin our study we naw focusonthe ON-OFFtraf c pattern
of individual sources. In our system,we representhe traf ¢
patternof atypical ON-OFFsourceby anarti cially generated
pattern.Thetraf c patterncanbegeneratedby a singlechaotic
mapor anaggrayateof suchmaps.Generallyspeakingan ON-
OFFsourceis generatingraf ¢ ata peakratewhenit is active
andbecomesctive assoonasthe statevariableof the describ-
ing chaoticmap goesbeyond a thresholdvalue. The source
becomegassie assoonasthe statevariablegoesbelow the
thresholdvalue. We utilize doubleintermittenyy mapin our
paclet generationprocessasit generates self-similartrafc
patternaccordingto whatis reportedin [13]. The describing
equationof doubleintermitteny mapis

(15)
where representshe discretestatevariableof the mapand
the restof the symbolsrepresentariousparametersvith the
property . Fig. 4 illustratesa sampledrawing of
doubleintermitteny map. As obsenedin the gure, theitera-
tive maprequiresmultiple sampledo move from onesegment
to another We selectinitial conditionsin the rangeof

alongwith a x ed thresholdvalue of
parameters
to obtaindifferenttrafc patternsfor differentsources.
As analternatve, one may usedifferentthresholdvalueswith
x edinitial conditionsto achieve varyingtrafc patterns.

It is provenin [6] that the binary trace of the autocorrela-
tion of the doubleintermitteny map with de-
caysslowly. However, it is unclearwhetherthis propertyis
presered with nonzeroalbeit small valuesof and and
whetherthe Hurst parameteiis continuous. Nonethelessnu-
mericalsimulationsseento indicatethatthe Hurstparameteis

and
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Fig. 4. A sampledrawving of the doubleintermitteng map. ThelegendIM
indicatesthe pathtraversedby the mapthroughconsecutie iterations.

and

continuousandthatfor smallvaluesof the Hurstpa-

rametercanbeapproximateds . Identi-

fying anapproximatiorof the valueof the Hurstparametefor

traf c aggreyatesobtainedfrom a setof doubleintermitteny

mapsis not straightforward. However, our numericalexperi-

mentshave identi ed the range for aggreyatesof
to  sources.

V. BUFFER MANAGEMENT UTILIZING WATER-FILLING

The main idea of our neural-basedbuffer management
schemerevolves aroundpartitioning the available spaceof a
sharedbuffer amonga numberof trafc sourcesaccordingto
theirtraf c generatiorpatterns.Forecastingof thetrafc gen-
erationpatterncanbe doneutilizing oneof the neuralnetwork
learningscheme®f Sectionlll.

Considetthegenerabssignmenof agivenbuffer spacewith
capacity amonga numberof sourcesasillustratedin Fig.
5. Thebuffer spaces partitionedinto a commonportion with

|
5, m) | B,

_— —

S, # B,

Fig.5. Generabssignmenof thebuffer spacg
system.

) for athreesourcequeuing

a x edsize  andanumberof dedicatecersourceportions.
We proposethe useof water lling approacho setthe size of
the dedicatedportionsof the buffer. We follow the notationof
SectionlV.A to describghewater lling approachFor agiven
multiple sourcequeuingsystemaccommodating sourceslet
usassumehatsource is generatingpacletswith therate



in atime epochwith length , i.e., . Further
assuméhatthequeuesizeof thededicategortionof thebuffer
to source atthebeginningof theepochis givenby . Then
thequeuesizeof source attime is describedas

(16)

whereall of the quantitiesin Equation(16) arede ned in Sec-
tion IV.A. Source is guaranteeahot to experienceary paclet
lossduringthe epochif

17

Hence,the requestediedicatecbuffer spaceof source in the
time epochcanbeidenti ed as

(18)

De ning asthe remainingbuffer spaceafter
assigninghe commonportion of the buffer andfor anordered
setof , our proposedvater lling approach
assignsadedicategortionof thebufferspace  tosource as

Casel: If

(19)
Case2: If

(20)
where is anintegersatisfyingthefollowing condition

(21)

for .

We obsenre thatthe water lling approactof Equation(20)
startshy dividing the remainingbuffer spaceequally among
all of the sourceauntil the rst sourcereachests requested
buffer space , thenit x esthe assignedouffer spacefor
the rst sourceto and divides the new remainingbuffer
spaceamongthe remainingsourcesequally andsoon. Con-
sequently the sourceswith lower requestedouffer spaceare
morelik ely to receve their requestedbuffer spacen full while
the othersourcegeceve equalsharesof the remainingbuffer
spaceguaranteedot to be lessthanthe assignedgsharesof the
sourcedully receving their requestecuffer space. We note
thatour proposedvater lling solutionis max-minfair accord-
ing to de nition of [29]. The solutionhasa linear complex-
ity andis hencequite practicalfrom the implementatiorstand
point. In [54], we alsoprovethatthewater lling solutionpro-
vided above is the solutionto an optimal resourceallocation
problemfor a classof piecavise linear utility functions. Be-
causethe sameresourceallocationproblemcan be appliedto
the currentbuffer managemenproblem,we concludethat our
proposedvater lling approachs optimal.

VI. SIMULATION RESULTS

In order to investigatethe performanceof our proposed
buffer managemenschemewe utilize a triple sourcesystem.
Thetrafc patternsof the rst, secondandthird sourcecon-
sist of an aggreyate patterngeneratecoy , , and in-
dividual doubleintermitteny map paclet generatorsrespec-
tively. We obsene that the aggreyatetraf c patternsexhibit
self-similarcharacteristicsvith Hurst parameterén the range
of . We apply the proposedneuralnetwork fore-
castingscheme®f Sectionlll to predictthe input rateof each

buffer, i.e., with overthediscretetime . We

notethatthe volumesof trafc generatedy differentsources
are not the samebecauseof using a differentnumberof per

sourcepaclketgenerators.

First, we shawv that our proposedneural learningschemes
are ableto forecastself-similartraf ¢ patterns. Fig. 6 illus-
tratesandcompareghe numberof generateghacletsby a sin-
gle sourcedoubleintermittenyy mapandthetrainedneuralnet-
work. We have utilized the rst ordergradient-basetraining
schemeof Sectionlll.A. Fig. 7 shows similar resultsfor anag-
gregatesourcedoubleintermitteny map. Applying thousands
of learningiterations,the single and aggreyatetrafc pattern
have beenfollowed within the speci ed error rangefor an av-
erageof and samplesaheadrespectiely. An interest-
ing obsenationis that applying the neuralnetwork modeling
schemeo an aggragatesourcetrafc patternconsistentlypro-
ducesbetterresultscomparedo a singlesourcetraf ¢ pattern
in termsof the numberof accurateposttraining samples.The
obsenationis expectedasincreasinghe numberof sourcege-
ducesthe degreeof self-similarity in an aggreyatetrafc pat-
tern.

Modeling Results of Single Source Double Intermittency Map

Modeled Pattern|
@ Artificial Pattern
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1 5 9 131721252933 374145495357 61

Post Training Iterations

Fig. 6. Firstorderneuralnetwork modelingresultsof a singlesourcedouble
intermitteng map.

We notethatthe corvergenceof the learningschemes time
consumingbecausef the rich dynamicsof thetrafc pattern.
In addition,all of the corvergenceresultsarestronglyaffected
by the choiceof initial conditionsof the weighting functions
andthe minimum acceptablesrrorbound . This is specially
importantaswe have obsened situationsin which the optimal
valuesof the weightingfunctionsonly re ect alocal optimum
ratherthana globaloptimum. While this is expecteddueto the
natureof the utilized learningalgorithms,the effectstypically
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Fig. 7. Firstorderneuralnetwork modelingresultsof a
doubleintermitteny map.

aggreatesource

shaw in quicker divergencefrom the acceptablerror bounds.
Setting andtheinitial valuesof theweightingfunctions
randomlybetween and yields bestpracticalresults
while avoiding biasingandsaturation.We have alsoobsened
the corvergenceof BFGSbackpropagatioriearningis eightto
tentimesfasterthanthe rst ordergradient-basethack prop-
agationlearningfor the samechoicesof parameters.Further
its accurayg in termsof the numberof sampledollowedin the
posttraining phaseis about 10% betterthan that of the rst
orderbackpropagatioriearning. Anotherimportantconsider
ationis thatimproving the accuray of the forecastingprocess
in termsof the numberof samplescould resultin a betteref-
ciency, it shouldnot affect the fairnesscharacteristicof the
utilized scheme.In addition, we have utilized the hybrid lin-
ear/nonlineatearningschemeof [42]. However, we have not
foundmuchbettercorvergenceresultscomparedo BFGSback
propagatioriearningscheme.

Next, the trafc generatedy eachsourceis collectedand
sentto a sharedbuffer in a round robin manner Depending
on the buffer managemenscheme the sharedbuffer may be
partitionedinto acommonportionandthreededicategortions.
In the latter case the arriving pacletsof eachsourceare rst
destinedto the portion of the buffer dedicatedto the source.
Packetsareonly sentto thecommonportionof the buffer if the
dedicatedportionis full. Packetsarelostif thereis no space
availableeitherin thededicatedr the commonportion. At the
outputof the buffer, the sener utilizes eitherFTDM or STDM
schedulingschemego servicethe threededicatedportionsof
the buffer andthe commonportion.

We comparethe performanceof ve different buffer man-
agemenscenariosln the rst scenarioCSschemés deployed,
i.e.,thereis only onequeudor all of thesourceslt is associated
with and in Fig. 5. Thesecond
scenarids asimpleimplementatiorof CPschemean whichthe
capacityof the buffer is distributedequallyamongthe sources.
It is associatedvith and - in
Fig. 5. Thethird scenarids a simpleimplementatiorof SPS
schemeahathasthreeequalportionsfor the threesourceswith
an additionalcommonportion availableto all of the sources.
It is associatedvith and in
Fig. 5. Thelasttwo scenariosarethe dynamicassignmenof

thebuffer spacerelying onthewater lling resultof SectionvV
in conjunctionwith the neuralforecastingscheme®f Section
Ill. It is importantto notethatthe neuralforecastingschemes
are appliedcontinuously i.e., the training continueseven af-
ter reachingthe acceptablesrror bound. We refer to the neu-
ral forecastingschemessDNS schemesThey areassociated
with the generalcaseof Fig. 5. Thelasttwo scenariosare,in
fact,generalization®f the third scenarickeepingthe common
portion size x ed and adjustingthe buffer spacesize of each
sourcedynamically accordingto their traf ¢ arrival patterns.
Eachof thelasttwo methodshave a potentialto outperformthe
otherbuffer managemenschemesasthey rely on forecasting
the arriving traf c patterns. The processof utilizing our pro-
poseddynamicbuffer managemenschemeworks asfollows.
We utilize an independenteuralnetwork per trafc pattern.
Originally, we allow the neuralnetworksto learnthe dynamics
of the underlyingtrafc patterns.During the original learning
period,thededicategortionsof thebuffer spacearesetaccord-
ing to the default valuesof the third scenario.Oncethe neural
networks have learnedthe dynamicsof thetrafc patternswe
proceedwith applyingconsecutie epochf buffer spaceallo-
cation. At the beginning of eachepoch,individual portionsof
thebuffer spaceareassignegroportionalto the arrival pattern
of the sourcesand utilizing the water lling approachof Sec-
tion V. The assignmentsemainin effect for aslong asnone
of the conditionsbelow areviolated: (1) the forecastingerrors
remainwithin theacceptabléhresholdbound , (2) thenumber
of samplegpredictedaheads not passedhe moving averageof
the accuratelypredictedsamplesn all of the previous epochs,
and(3) thecurrentepochhasnotended.If conditions(1) or (2)
aboveareviolatedin themiddleof theepochthededicategor
tions of the buffer spaceareresetto the default valuesof SPS
scenariofor the restof the epoch. To considerpracticalover
headof managinghe buffer, we have selectecanepochlength
of samples.The dedicatedbortionsare setaccordingto
the pacletarrival patternof the sourcesat the beginning of the
next epochandsoon.

In order to evaluatethe efciency and fairnessof differ-
entscenariosye comparetheir overall andtheir mostpassve
sourcelossratestogether Our experimentsspanover different
choicesof the buffer sizewith a x edservicerateanda mod-
eratelyloadedqueuingsystem.In our experimentswe rely on
the samediscretetime scalesfor both the neuralnetwork and
thetraf ¢ generatingntermittengy maps.

Fig. 8 andFig. 9 respectiely showv plots of total paclet
loss and the most passve sourcepaclet loss rate versusnor-
malizedbuffer size diagramfor the triple sourcequeuingsys-
temin presencef FTDM schedulingalgorithm. Fig. 10 and
Fig. 11 show plotsof the samequantitiesn presencef STDM
schedulingalgorithm. In the gures, we usethe abbreiations
DNS1andDNS2to denoterst degreegradient-basedynamic
neuralsharingandBFGSdynamicneuralsharingrespectiely.
The simulationresultshave beencollectedover ten million it-
erationgperchoiceof buffer size.

It is clearly obsened from the gures thatfor both FTDM
andSTDM schedulingalgorithmsunderDNS1andDNS2 sce-
narios thetotallossratecomparedo CPscenariaswell asper
sourcelossrate comparedo CS and/orSPSscenariosarere-
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duced. TheresultsprovidedunderDNS1andDNS2 scenarios
areinterpretedas the evidencethat the tradeof betweenfair-
nessandef ciency hasbeenaddressedComparingthe results
of SPSDNS1,andDNS2scenarioshow the higheref ciency
of the latter two methods.We alsoobsene that both fairness
and ef ciency characteristic®f the resultsof DNS2 scenario
outperforntheresultsof DNS1scenario As mentionedefore,
the priceis the higherspacecompleity of DNS2 comparedo
thatof DNS1.

An importantobsenationis that reducingthe epochlength
decreasethe overall andsinglesourcelossratesof bothDNS
methodsat a highercostof buffer managementFor an epoch
lengthof DNS1andDNS2 lossratesare almostmatching
the overall and single sourcelossratesof CS and CP, respec-
tively. Ultilizing the standardvariantof DPO buffer manage-
ment schemealso leadsto efciency and fairnesscharacter
istics similar to the caseof utilizing CS and CR, respectiely.
Utilization of the othervariantsof DPOtypically leadsto trad-
ing a lower overheaddf implementatiorwith alower lossper
formance. Further we note that the performanceof different
methodsare very differentas the result of applying different
methoddor traf c managementf a heavily utilized system.

In addition,it is worth mentioningthattheresultsof theplots
mayresembleshort-rangelependenplotsin whichlogarithmic
losscurvesdroplinearly with theincreaseof thebuffer size.As
indicatedby [17] and otherresearcharticles,the plots of loss
versusbuffer sizein the caseof self-similartrafc patternsare
expectedto becomeat for anincreasen the buffer size be-
yond a certainthreshold.As indicatedpreviously, the rangeof
measuredHurstparameterindicatethatthetraf c patternsare
self-similar The obsenationsaremostlyjusti ed by the mod-
eratelevels of sener utilization. For heavily utilized seners
operatingcloseto full capacity the obsenationsareconsistent
with the previously reportedobsenations.

In whatfollows, we discusssomeof theimportantaspect®of
theimplementatiorof our experiments.We startby comment-
ing on the choiceof our neuralnetwork type andstructure We
consideredperceptronHop eld, and Kohonennetworks and
selectedx ed-structurgerceptromeuralnetworksdueto sim-



plicity of implementationThenumberof neuronsn eachlayer
re ects our bestoverall practical ndings leadingto a balance
betweencompleity andaccurag. We obseredthatthereis a
signi cant improvementin thelearningperformancevhengo-
ing from asinglehiddenlayerstructureo adoublehiddenlayer
structure However, increasinghe numberof hiddenlayersbe-
yondtwo doesnot have the sameeffectandis thusnotjusti ed
consideringthe overheadof calculations. Further small vari-
ationsin the numberof neuronsof the input and eachof the
two hiddenlayersdo not have the sameeffect on the learning
performance.We anticipatethat the bestchoiceof the struc-
ture shouldbe relatedto the degreeof self-similarity captured
throughthemeasuref the Hurstparameteor anothemquantity

We closethis sectionby mentioningthattheresultspresented
in our currentwork point to somepredictabilityof trafc that
canbeviewedasasourceof contradictiorwith the resultspre-
sentedn [46] and[47]. We pointoutthatbesideghedifference
in thenatureof traf ¢ tracesobtainedrom arti cial trafc gen-
eratorsaand TCPtraf ¢ simulatorsthekey differences thatthe
utilized neuralnetwork of our studyrepresents time-varying
systemconsideringcontinuousreadjustmenbf the weighting
functionswhereastheresultsof thosearticlesareobtainedrom
asetof stationarymodels.

VIl. CONCLUSION AND FUTURE WORK

In this paper we provided dynamic buffer management
schemessan applicationof adaptve neurallearningsystems.
We utilized two differentlearningschemegor a x edstructure
perceptromeuralnetwork to forecastteletrafc patterns.Our
proposedschemesverethe rst ordergradient-basetkarning
and BFGS Quasi-Nevton learning. Basedon our forecasting
results,we provided dynamicbuffer managemenschemego
improve the loss performanceof static partial sharingbuffer
managemengchemavhile consideringhe fairnessssue.Our
dynamicbuffer managemergchemeseliedonthewater lling
approachOurexperimentationutilized amultiple sourcequeu-
ing systemaccommodatingarti cially generatedself-similar
trafc patterns. We comparedthe performanceof different
buffer managemenschemesnamelycompletesharing,com-
plete partitioning, static partial sharing, and dynamic neural
sharingin presenceof differentsener schedulingalgorithms,
x ed time division multiplexing and statisticaltime division
multiplexing. We concludedthat our dynamicneuralsharing
schemesvere ableto offer the bestsolutionsconsideringthe
tradeoff betweerfairnessandlossissuesaswell aspracticality
of implementation.

We note that our dynamicneuralsharingschemesare best
suitedfor the classof sourceswith a life spanexceedingthe
duration of the original learning period. In orderto apply
our schemedgo short-livedsourcesye areinvestigatingpoten-
tial ways of improving the speedof standardtrafc learning
schemes.We are also studyingthe applicability of statistical
of ine learningmethoddo thedynamicsof short-lvedsources.
Our future work furtheraimsat applyingour schemego a set
of realtraf ¢ traces.
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