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DynamicNeural-BasedBuffer Managementfor
QueuingSystemswith Self-SimilarCharacteristics

HomayounYouse�'zadeh EdmondA. Jonckheere

Abstract—Buffer managementin queuing systemsplays an im-
portant role in addressingthe tradeoff betweenef�ciency mea-
sured in terms of overall packet loss and fair nessmeasured in
terms of individual sourcepacket loss.Completepartitioning (CP)
of a buffer with the bestfair nesscharacteristic and completeshar-
ing (CS) of a buffer with the best ef�ciency characteristic are at
the opposite ends of the spectrum of buffer managementtech-
niques. Dynamic partitioning buffer managementtechniquesaim
at addressingthe tradeoff betweenef�ciency and fair ness. Ease
of implementation is the key issuewhen determining the practi-
cality of a dynamic buffer managementtechnique. In this paper
two noveldynamic buffer managementtechniquesfor queuingsys-
tems accommodatingself-similar traf�c patterns are intr oduced.
The techniquestake advantageof the adaptive learning power of
perceptron neural networks when applied to arri ving traf�c pat-
terns of queuing systems. Relying on the water-�lling approach,
our proposedtechniquesare capableof 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�c Forecasting,Water-
Filling, Buffer Management,Packet Loss,Fairness.

I . INTRODUCTION

Neural networks are a classof nonlinearsystemscapable
of adaptively learningandperformingtasksaccomplishedby
other systems. Their broad range of applicationsincludes
speechandsignalprocessing,patternrecognition,andsystem
modeling.Theadaptive learningpower of neuralnetworkshas
alsoprovenusefulin variouscontexts of theliteratureon com-
putercommunicationnetworks. For example,neuralnetworks
have beensuccessfullyutilized in dynamicallocationof band-
width for VariableBit Rate(VBR) video over Asynchronous
TransferMode(ATM) [9]. Systemswith neuralnetwork build-
ing blocksarerobust in thesensethat theoccurrenceof small
errorsin thesystemsdoesnot interferewith theproperopera-
tion of thesystem.Thischaracteristicof neuralnetworksmakes
themquitesuitablefor forecastingtraf�c patterns.

In [35] and[36], theabsenceof naturallengthof a burst for
thehighquality, high time-resolutionEthernetLAN traf�c data
was reported. The datawas collectedbetweenAugust 1989
andFebruary1992on several EthernetLANs. This behavior
is very differentfrom conventionaltelephonetraf�c andfrom
formal modelsof packet traf�c. The availabledatasetsveri-
�ed thepersistentself-similarfeatureof Ethernettraf�c across
thenetwork andacrossthetime. In general,thedegreeof self-
similarity dependson theutilization level of themedium. For
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the Ethernet,it increasesas the utilization increases. Anal-
ysis of traf�c datafrom other networks and servicessuchas
VBR video[7], ISDN traf�c [25], CommonChannelSignaling
Network (CCSN) [11], ATM traf�c [41], andbroadbandnet-
works [3] have all convincingly demonstratedthe presenceof
featuressuchaslong-rangedependence,slowly decayingvari-
ances,andheavy-tailed distributions. Thesefeaturesarebest
describedwithin thecontext of second-orderself-similarityand
fractaltheoryapproach.Forecastingself-similartraf�c patterns
is morechallengingthanforecastingtraditionaltraf�c patterns
consideringtheir rich dynamics.

Reducingpacket lossin queuingsystemsis oneof themost
important issuesin the designof traf�c control algorithms.
Reducingpacket loss in the queuingsystemsis equivalent to
improving ef�ciency and is usually consideredas a perfor-
manceevaluationtool. For systemsconsistingof morethanone
source,thereis anothermajor issueworth consideringknown
asfairness.Fairnessprovideseachindividual sourcewith the
ability to take advantageof a fair portion of the sharedavail-
able resourcessuchas buffer spaceor server bandwidthalso
known asservicerate.Thecombinationof buffer management
and server bandwidthschedulingspeci�es the ef�ciency and
the fairnessof a multiple sourcequeuingsystem. Accommo-
datingself-similartraf�c patternsfurthercomplicatesthebuffer
managementof multiplesourcequeuingsystemsmanifestingin
higherdropratesandlongerqueuingdelays.

In this study, two different server schedulingschemesare
considered. Theseare namely Fixed Time Division Multi-
plexing (FTDM) and StatisticalTime Division Multiplexing
(STDM). In FTDM, each sourcetakes advantageof a pre-
assignedportion of the server bandwidth. Server bandwidth
is allocatedto eachsourceregardlessof whetherit hasdatato
transmit.In STDM, eachsourceonly utilizesanaggregatepor-
tion of theserverbandwidthwhenit hasactualdatato betrans-
mitted. Simply put, thedifferencebetweenthetwo schemesis
thatin FTDM thereis nobandwidthsharingwhile in STDM the
unusedportionof theserverbandwidthassignedto eachsource
might be usedto servicepacketsgeneratedby 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 managementschemes
studiedin the literatureasdescribedin [37], [21], [31], [32],
and [19]. Theseare namelyCompleteSharing(CS) with no
enforcedcapacityallocationmechanism,CompletePartition-
ing (CP)with equalpartitioningof the availablebuffer capac-
ity, and Partial Sharing(PS) with dedicatedportions of the
buffer spaceas well as a commonsharedportion. A survey
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of the literatureshows that CS achieves optimal throughput-
delayperformance.However, the work of [28] suggeststhat
the CS schememay not perform well when accommodating
ill-behaved greedysourcesor heavily loadedsystems.There
is alsoanothervariationof CS known asthe StaticThreshold
(ST) schemein which an arriving packet is accommodatedif
thequeuelengthis smallerthana giventhreshold.Theworks
of [28], [18], and[37] all proposesimple implementationsof
Static PS (SPS)methodswith the objective of balancingthe
tradeoff betweenef�ciency andfairness.While implementation
of theseschemesis relatively simple,their performancesuffers
astheresultof relyingonstaticpartitioning.Thelatteris dueto
thefact that theschemescanallow packet lossin a partitioned
buffer while anotherpartitionedbuffer is not full. Thework of
[27] providesa discussionof performanceanalysisfor a class
of SPSmethods.

A dynamicbuffer managementschemeis classi�ed under
PS methodswith the ability to adjustthe buffer size of each
sourceaccordingto theoverallbuffer occupancy. Theschemes
of [48], [49], [50], [20], and [38] areall classi�ed underDy-
namicPushOut (DPO) which is a variantof dynamicbuffer
managementschemes.Theschemesinvestigatedifferentissues
of the main DPO idea. In DPO, a packet that arrives to �nd
a partitionedbuffer full pushesout the packet at the headof
the longestpartitionedbuffer. Although offering excellentef-
�ciency and fairnesscharacteristics,DPO hasproven to have
a very high overheadof implementation.Relyingon themax-
min proposalof [29], thedynamicbuffer managementscheme
of [10] proposessimplerversionsof DPOin which theindivid-
ual partitionedbuffer length threshold,at any instantof time,
is proportionalto thecurrentamountof unusedbuffering in the
mainbuffer. Packetarrivalsfor a partitionedbuffer areblocked
whenever the partitionedbuffer length equalsor exceedsthe
currentthresholdvalue.In [23], theauthorsextendtheir earlier
work of [10] to regulatebuffer sharingamongtraf�c classes
with differentlosspriorities.

Otherbuffer managementandschedulingschemesthathave
beenextensively discussedin the literatureand can be cate-
gorizedunderthe above classi�cationsincludeEarliestDead-
line First (EDF), CompleteSharingwith Virtual partitioning
(CSVP),andGeneralizedProcessSharing(GPS).Among the
set of articles in the literature, the works of [15], [52], and
[12] provide an appropriateoverview of the latter techniques,
respectively. In [53] and[27], performanceanalysisstudiesof
a numberof buffer managementschemesare provided. The
tradeoff betweenthe available bandwidthand buffer spaceis
studiedin [40]. Thework of [33] and[5] areamongrecentlit-
eraturearticlesproviding a theoreticalandan intelligent treat-
mentof thebuffer managementproblem,respectively.

Theschemesintroducedin this paperarealsoclassi�ed un-
derdynamicbuffer managementschemes.They arecapableof
improving the lossperformanceof SPSschemeof [37] while
consideringfairnessversuslosstradeoff. Unlike thefamily of
DPO buffer managementschemes,our proposedschemesdo
not needto monitor andaccessany informationaboutthesta-
tusof all of thepartitionedbuffers. Hence,they canbeimple-
mentedat eachbuffer independently. Theschemesrely on the
powerof neuralnetworksto forecastthearriving traf�c patterns

of multiple sourcequeuingsystemsanddynamicallyadjustthe
buffer spacepartitioningaccordingto thecorrespondingtraf�c
arrival pattern.Theschemesutilize water-�lling techniquesat-
isfying the so-calledmax-minfairnesspropertywhendynam-
ically adjustingthe buffer space.We notethat while our pro-
posedschemesaredescribedfor �x ed-lengthpacketstypically
utilizedin ATM systems,they canalsobeappliedto to variable-
lengthpackets.

An outline of the paperfollows. In SectionII, we brie�y
review thecharacteristicsof self-similarpacket traf�c. In Sec-
tion III, we describeour proposedneuralnetwork forecasting
schemesof teletraf�c patterns. In SectionIV, we introduce
andanalyzea typical multiple sourcequeuingsystemutilized
in the context of our work. SectionV providesthe detailsof
our buffer managementscheme.SectionVI includesour sim-
ulation resultspertainingto packet loss reductionin multiple
sourcequeuingsystems.In this section,we alsocomparethe
performanceof our proposedDynamicNeuralSharing(DNS)
schemeswith otherbuffer managementschemes.Finally, we
concludethepaperin SectionVII.

I I . SELF-SIMILAR PACKET TRAFFIC

In thissection,weprovideadiscussionof second-orderself-
similarity as a statisticalpropertyof time series. Intuitively,
self-similarphenomenadisplaystructuralsimilaritiesacrossa
signi�cant numberof time scales.Thedegreeof self-similarity
is sometimesspeci�edby measuringasingleor asetof param-
eter(s)calledHurstparameter(s).
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Theprocess
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is calledexactly second-orderself-similarwith
theself-similarityparameterP
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. If the correlationfunctionsof the aggregatedpro-
cesses

�DC�EGF

are the sameas the correlationfunctionsof
�

or approachasymptoticallyto the correlationfunction of
�

,
then

�

is called exactly or asymptoticallysecond-orderself-
similar. FractalGaussianNoise (FGN) is a goodexampleof
an exactly self-similar processwith self-similarity parameter

P
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parameters
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areexamplesof
asymptoticallysecond-orderself-similar processeswith self-
similarity parameterP
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.
Mathematically, self-similarity manifestsitself in a number

of ways.In ourdiscussionbelow, we assumethattheconstants
*

�
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are�nite positive integers.
c Thevarianceof samplemeandecreasesmoreslowly than

the reciprocalof the samplesize. This is called slowly
decaying variance property indicating d<e-f
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c Theautocorrelationsdecayhyperbolicallyratherthanex-

ponentially fast, implying a non-summableautocorrela-
tion function l
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It appearsthat the most importantfeatureof self-similarpro-
cessesis that their aggregatedprocess

�gC�EGF

possessesa non-
degeneratecorrelationfunction as =

2 4

. This is differ-
ent from traditional packet traf�c modelswith the property
thattheiraggregatedprocesses
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tendto secondorderpure
noise,i.e.,  
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Theconceptof self-similarprocessesprovidesanelegantex-

planationfor theHursteffectphenomenon.In orderto describe
theHursteffect, we should�rst describethe rescaledadjusted
range.For a givensetof observations
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with anaverageHurstparameterP typically measuredat 0.73
[45], observations
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I I I . NEURAL NETWORK FORECASTING OF PACKET

TRAFFIC

As pointedout in variousresearcharticles,many packet traf-
�c sourcesandpatternsexhibit anON-OFFbehavior. An ON-
OFFtraf�c patternis characterizedby two states.Suchapattern
is deliveringtraf�c at a peakratein its active stateandis silent
in its passivestate.AggregateEthernettraf�c patterns[35] and
VBR video sources[7] are amongthe examplesof ON-OFF
traf�c patterns. In this section,we proposetwo neural-based
techniquesof forecastingON-OFFtraf�c patterns.While our
�rst techniquetakesadvantageof a �rst ordergradient-based
backpropagationlearning,our secondtechniqueutilizesa sec-
ondorderQuasi-Newtonbackpropagationlearning.

Themainideaof forecastingself-similartraf�c patternswith
�x edstructureneuralnetworksis relatedto theoriginalpropos-
alsof [43] and[14] in which�x edstructurefeedforwardpercep-
tron neuralnetworks with backpropagationlearningarepro-
posedaspotentialmodelingtoolsof nonlinearsystems.Thede-
tailsof suchamodelingtaskcanbefoundin [24]. Treatingself-
similar traf�c patternsas a classof nonlineardynamicalsys-
tems,weuseperceptronnetworkswith backpropagationlearn-
ing to modelaggregatedself-similartraf�c patternsasanalter-
native to stochasticandchaoticsystemsapproachesproposed
in [35], [13], [4], and [2]. Our modelingapproachprovides
an attractive solution for traf�c modelingand hasthe advan-
tageof simplicity comparedto the previously proposedmod-
eling approachesnamelystochasticand deterministicchaotic
mapmodeling. The promiseof neuralnetwork modelingap-
proachis to replacethe analyticaldif�culties encounteredin
theothermodelingapproacheswith astraightforwardcomputa-
tionalalgorithm.As opposedto theothermodelingapproaches,
neuralnetwork modelingdoesnot investigateidenti�cation of
appropriatemapsneitherdoesit introducea parameteror a set
of parametersdescribingthefractalnatureof traf�c. It, hence,
neednot copewith the complexity of estimatingmultifractal
Hurstparameters[35], [16] and/orfractaldimensions[13]. The
proposedneuralnetwork forecastingschemesof thiswork sim-
ply take advantageof usinga �x edstructurenonlinearsystem
with a well de�ned analyticalmodel that is able to forecasta
traf�c patternafterlearningthedynamicsof thepatternthrough
theuseof informationavailablein a numberof traf�c samples.
Interestinglyandasproposedby Gomeset al. [22], neuralnet-
workscanalsobeutilizedasappropriateestimatorsof theHurst
parameter.

The�x edstructure,fully connected,feedforwardperceptron
neuralnetwork utilized for thetaskof forecastingin our study
consistsof aninput layerwith eightneurons,threehiddenlay-
erswith twentyneuronsin eachlayer, andanoutputlayerwith
oneneuron. Fig. 1 illustratesthe structureof the neuralnet-
work. In our perceptronnetwork, a neurontransfersits output

.....
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Output Layer


H1


Input Layer

.....


H3


H2


Fig. 1. The�x edstructureneuralnetwork usedfor thetaskof traf�c forecast-
ing.
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To considerthe thresholdeffects,eachneuronin layer ‘ is as-
sumedto have anextra input with a �x edvalueof

Q‰�

in addi-
tion to its inputsfrom theneuronsin layer ‘

Q+�

. Thelearning
processof theneuralnetwork is nothingmorethanminimizing
its energy function Š . The energy function of the network at
iteration




of thelearningprocessis de�ned as
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where
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indicatesthepresentoutputof thenetwork to a given
input ¥
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and
¡
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correspondsto theactualoutput.
In ourcurrentwork,weproposetheuseof two iterativelearn-

ing schemes.They are namelythe �rst order gradient-based
backpropagationandBFGSQuasi-Newton backpropagation
learningschemes.

A. TheFirst Order Gradient-BasedBack Propagation Learn-
ing

Our proposedgradient-basedback propagation learning
schemeovercomesthe mismatchbetweenthe actualoutputs
and the generatedoutputsof the neuralnetwork by adjusting
theweightingsof interconnectionsin theoppositedirectionof
thegradientvectorandits momentums.It is categorizedunder
�rst degreeunconstrainedoptimizationmethodsandtherefore
hastheadvantageof simplicity aswell aslow spacecomplex-
ity. Thelattermakestheschemeattractive from thestandpoint
of implementationin intermediatebufferswith limited memory
resources.Iteration




of our proposedgradient-basedlearning
schemeis describedas
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We refer the readerto AppendixC of [8] for furtherdetailsof
theline searchmethods.

B. BFGSQuasi-NewtonBack PropagationLearning

TheBFGSQuasi-Newtonbackpropagationlearningscheme
alsoovercomesthe mismatchbetweenthe actualoutputsand

the generatedoutputsof the neuralnetwork by adjustingthe
weightingsof interconnections.However, it is categorizedun-
der seconddegreegradient-basedunconstrainedoptimization
methodsandthereforehasmuchbetterconvergencecharacter-
istics comparedto any variation of the standardback propa-
gationlearningincluding our �rst learningscheme.Although
quicker convergenceof seconddegreegradient-basedmethods
comesat thecostof requiringto calculatethe inverseHessian
matrix in every iteration,BFGSlearningavoidssuchaperiter-
ationcalculationasexplainedbelow. In iteration
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that the spacecomplexity of the schemeis higherthanthat of
�rst degreebackpropagationlearningschemesdueto requiring
to save theelementsof ´
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. Iteration



of our proposedBFGS
learningschemeis thendescribedas
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We refer the readerto Section1.7 of [8] for further detailsof
BFGSalgorithm.

Thefollowing discussionis appliedto bothlearningschemes
describedabove. In iteration




of learning,bothschemesprop-
agatethe input vector ¥
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in the forwarddirectionthroughthe
network until reachingto the output
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. During the propaga-
tion process,all of thecombinedinputs ›
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input vector ¥
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consistsof samples
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of the
actualtraf�c pattern.Thedifferencebetweensample
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of the
actualtraf�c patternandtheneuralnetwork output
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is usedto
adjustthe weightingfunctionsof the network accordingly. In
the next iteration,sample
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.’» of the actualtraf�c patternis
discarded,samples
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.’¼ through
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of theactualtraf�c pattern
areusedasthe new input vector, andsample
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,

is usedas
thenew actualoutput. The neuralnetwork continuesprocess-
ing moreinformationin consecutive iterationsof the learning
phaseuntil the absoluteerror Š is lessthana speci�ed error
bound ½ . Oncethe absoluteerror is within the speci�ed error
bound½ , theself-generatedoutputof theneuralnetwork canbe
usedto forecasta giventraf�c pattern.Thenetwork caninde-
pendentlyself-generatesamplesby discardingtheoldestinput
sample,shifting the input samplesby one,andusingits output
as the most recentinput sample. Sincethe neuralnetwork is
utilizing sigmoidfunction,we assumethe traf�c patternis ac-
tive if thegeneratedoutputof theneuralnetwork is above the
thresholdof


'�I¾

andpassive otherwise.A continuoussequence
of learningis carriedevenafter thenetwork is trainedconsid-
eringthefactthatthenetwork canonly predicta smallnumber
of iterationsat any time independentlybeforetheoutputerror
exceedstheacceptableerrorbound½ .
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The numberof samplesrequiredfor the �rst time training
of theneuralnetwork dependson thecomplexity of the traf�c
patterndynamics.Thetimecomplexity andthespacecomplex-
ity of the �rst ordergradient-basedbackpropagationscheme
arerespectively ¿

�UÀ!Áu�

and ¿

�JÁu�

where
Á

is the numberof
weightingfunctionsin thenetwork and

À

is thenumberof iter-
ations. Similar complexity termsfor theBFGSbackpropaga-
tion schemearerespectively identi�ed as ¿
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and ¿

�JÁ

�

�

.
However, thenumberof iterations

À

for BFGSlearningis usu-
ally an order of magnitudesmaller than the similar quantity
for gradient-basedlearning. Hence,the tradeoff betweenthe
two approachesis thebettertimecomplexity of BFGSlearning
versusbetterspacecomplexity of the�rst ordergradient-based
learning.

Further, thecomplexity characteristicsof bothneurallearn-
ing schemesaretypically betterthanthoseof statisticalmodel-
ing schemessuchasfractionalARIMA processesor thecom-
plexity of calculatingfractal dimensionssuch as correlation
dimension. However, wide variationsof

À

prevent us from
makinga strongclaim aboutthe complexity advantageof our
neurallearningschemescomparedto othermodelingschemes.
Nonethelesscombiningthestraightforwardway of implemen-
tation with the analysisof complexity, we claim that our pro-
posedneuralnetwork schemesprovide elegantapproachesfor
the taskof traf�c forecasting.Further, it is importantto note
that the schemesof this sectioncanbe utilized to modelany
traf�c patternasidefrom thefactthattheemphasisof ourwork
is onself-similartraf�c traf�c forecasting.

IV. MULTIPLE SOURCE QUEUING SYSTEM

A. QueuingSystemAnalysis

Our applicationtestbedrelieson a multiple sourcequeuing
systemasillustratedby Fig. 2. The multiple sourcequeuing
systemconsistsof a numberof ON-OFF sourcessharingan
availablebufferspace.Thesourcescanalsobethoughtof asthe
arriving traf�c patternsof thebuffer. Dependingon thechoice
of buffer managementscheme,thequeuingsystemcaninclude
dedicatedpartitionsassignedto individual traf�c patterns.

S
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S
2


S
3


SWITCH


Fig. 2. Thestructureof amultiplesourcequeuingsystem.

In ourdiscussion,weview eachindividualsourceandits cor-
respondingbuffer asa separateFirst In First Out (FIFO) queu-
ingsystem.Next, weprovideaqueuinganalysisfor eachsource
within themultiplesourcequeuingsystem.In ourFIFOmodel,
thereis a �nite capacitybuffer storingarrived packetsbefore
they gettransmitted.Theoccupancy of thebuffer is determined

by the �o w of the arriving packets and the rate at which the
packetsareserviced.In this model,a queueis identi�ed by its
buffer capacityÂ , andits servercapacityÃ

E§Ä"Å . In eachqueue,
the arrival rateis comparedwith the servicerateto determine
whetherthesizeof thequeueis increasingor decreasingaswell
aswhetherthequeueis losingpackets.

Usingthefollowing notation
cXÆ

C

•

F

� : Theinput rateof the ‚ -th buffer at time



.
c

Ã

C

•

F

� : Theoutputrateof the ‚ -th buffer at time



.
cºÇ

C

•

F

� : Thequeuingrateof the ‚ -th buffer at time



.
cXÈ

C

•

F

� : Thelossrateof the ‚ -th buffer at time



.
c

Â

C

•

F

� : Thequeuesizeof the ‚ -th buffer at time



.
c

Â

C

•

F

: Thebuffer capacityof the ‚ -th buffer.
thestateof thequeuefor eachbuffer is speci�edby

Æ
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at any instantof time asshown in Fig. 3. Notethatbesidesthe
valuesof Ç

C

•

F

� thatcouldbepositiveor negative,all of theother
valuesarealwayspositive. Originally, the queueis empty. It
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Fig. 3. Thequeuingdiagramof the É -th sourceat time Ê .

begins to form whenthe buffer input rateexceedsthe service
rate. Hence,thequeuerate Ç

C

•

F

� andthe lossrate È

C

•

F

� remain
zeroas long asthe input rate is lessthanor equalthe service
rate,i.e.,
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(11)

Thequeuesize Â

C

•

F

� beginsto increaseassoonastheinput rate
exceedstheservicerate Ã

EGÄÍÅ . While thequeueis not empty,
theoutputrateis alwaysequalto thequeueserver capacity. In
this scenario,the total queuingrate is the differencebetween
the input rateand the queueserver capacity. The loss rate is
zeroat this stage.Thequeuekeepsgrowing in sizeand�nally
becomesfull if the input rate remainshigher than the queue
server capacity. In that situation,the queuingrateis zeroand
theexcessinput rateis thepacket lossrateas

È
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with Ã
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•

F

�

�

Ã

E§Ä"Å . The effect of a changein the input rate
is not immediatelyappearedif therearepacketsin the queue
waitingto transmit.It is thequeuingratethatchangesaccording
to
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Thequeuesizebeginsto decreasewhentheinput ratebecomes
lessthantheserver capacity, i.e., Æ

C

•

F

�

6

Ã

EGÄÍÅ . As theresult,

thequeuingrategoesbelow zero,i.e., Ç
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•

F

�

6t


. Thequeuebe-
comesemptyif this situationlasts.Theoutputrateis obtained
from thefollowing equation,
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(14)

The behavior of the queuingsystemdescribedabove is ruled
by the Î

R

Î

R<�

queuingdiscipline. Analyzing the packet ar-
rival rateof suchaqueuingsystemis a rathercomplicatedtask.
Previously proposedtechniquesof analysissuchasLindley's
IntegralEquationdescribedin [39] andSection8.2of [34] rely
onstochastictheoryapproaches.Thesolutionto Lindley'sInte-
gralEquationmaybeobtainedundercertainconditionsby rely-
ing on spectrumfactorizationandtransformtheorytechniques.
As an alternative, we proposethe useof our neuralnetwork
schemesof SectionIII to learnthe dynamicsandforecastthe
packetarrival of thequeuingsystem.

B. ON-OFFSourceAnalysis

Having describedthe multiple sourcequeuingsystemuti-
lized in our study, we now focuson theON-OFFtraf�c pattern
of individual sources.In our system,we representthe traf�c
patternof a typicalON-OFFsourceby anarti�cially generated
pattern.Thetraf�c patterncanbegeneratedby asinglechaotic
mapor anaggregateof suchmaps.Generallyspeaking,anON-
OFFsourceis generatingtraf�c at a peakratewhenit is active
andbecomesactiveassoonasthestatevariableof thedescrib-
ing chaoticmap goesbeyond a thresholdvalue. The source
becomespassive assoonas the statevariablegoesbelow the
thresholdvalue. We utilize doubleintermittency map in our
packet generationprocessas it generatesa self-similar traf�c
patternaccordingto what is reportedin [13]. The describing
equationof doubleintermittency mapis
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(15)
where •

�

representsthediscretestatevariableof themapand
the restof the symbolsrepresentvariousparameterswith the
property

Ñ•,
�

,

.1Ô

³

.’Õ

Õ�Ö

. Fig. 4 illustratesa sampledrawing of
doubleintermittency map.As observedin the�gure, theitera-
tive maprequiresmultiple samplesto move from onesegment
to another. We selectinitial conditionsin the rangeof •

ˆX×

~


'�����@
'� A^…

along with a �x ed thresholdvalue of
\��5
��IØ

and
parametersÐ

,
�y
�� 
����

Ð

�

�y
'� 
?¾'�

=

�;¾'�
Ñ�,

�m���—Ø^A��
Ñ

�

�

��Ù-Ø<� Ú?Û

to obtaindifferenttraf�c patternsfor differentsources.
As analternative, onemayusedifferentthresholdvalueswith
�x edinitial conditionsto achievevaryingtraf�c patterns.

It is proven in [6] that the binary traceof the autocorrela-
tion of the doubleintermittency map with Ð

,
�

Ð

�

��


de-
caysslowly. However, it is unclearwhetherthis property is
preserved with nonzeroalbeit small valuesof Ð

,

and Ð

�

and
whetherthe Hurst parameteris continuous.Nonetheless,nu-
mericalsimulationsseemto indicatethattheHurstparameteris

Double Intermittency Map (DIM)
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Fig. 4. A sampledrawing of the doubleintermittency map. The legendIM
indicatesthepathtraversedby themapthroughconsecutive iterations.

continuousandthatfor smallvaluesof Ð

,

and Ð

�

theHurstpa-
rametercanbeapproximatedas P

�>���

,

E

.

,

�+
'�—ØV¾

. Identi-
fying anapproximationof thevalueof theHurstparameterfor
traf�c aggregatesobtainedfrom a setof doubleintermittency
mapsis not straightforward. However, our numericalexperi-
mentshave identi�ed the range ~


��IØ����B
��IØ?Ø•…

for aggregatesof
A�


to
¾�


sources.

V. BUFFER MANAGEMENT UTIL IZING WATER-FILL ING

The main idea of our neural-basedbuffer management
schemerevolves aroundpartitioning the available spaceof a
sharedbuffer amonga numberof traf�c sourcesaccordingto
their traf�c generationpatterns.Forecastingof the traf�c gen-
erationpatterncanbedoneutilizing oneof theneuralnetwork
learningschemesof SectionIII.

Considerthegeneralassignmentof agivenbuffer spacewith
capacity ÂšÜ amonga numberof sourcesasillustratedin Fig.
5. Thebuffer spaceis partitionedinto a commonportionwith
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Fig.5. Generalassignmentof thebuffer space( ÝHÞ ) for athreesourcequeuing
system.

a �x edsize Âšß anda numberof dedicatedpersourceportions.
We proposetheuseof water-�lling approachto setthesizeof
thededicatedportionsof thebuffer. We follow thenotationof
SectionIV.A to describethewater-�lling approach.For agiven
multiple sourcequeuingsystemaccommodatingƒ sources,let
usassumethatsource‚ is generatingpacketswith therate Æ

C

•

F

�
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in a time epochwith length à , i.e.,

 ×

“

�?��á�á�á"�

à

™

. Further,
assumethatthequeuesizeof thededicatedportionof thebuffer
to source‚ at thebeginningof theepochis givenby Â

C

•

F

ˆ

. Then
thequeuesizeof source‚ at time


 M �

is describedas
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whereall of thequantitiesin Equation(16) arede�ned in Sec-
tion IV.A. Source‚ is guaranteednot to experienceany packet
lossduringtheepochif
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(17)

Hence,the requesteddedicatedbuffer spaceof source‚ in the
timeepochcanbeidenti�ed as
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De�ning Â†ìtí
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Q

Â¢ß asthe remainingbuffer spaceafter
assigningthecommonportionof thebuffer andfor anordered
setof Â
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F
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, our proposedwater-�lling approach
assignsadedicatedportionof thebufferspaceï
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where
ò

is anintegersatisfyingthefollowing condition
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.
We observe that thewater-�lling approachof Equation(20)

startsby dividing the remainingbuffer spaceequally among
all of the ƒ sourcesuntil the �rst sourcereachesits requested
buffer spaceÂ

C

,

F

, then it �x es the assignedbuffer spacefor
the �rst sourceto Â

C

,

F

anddivides the new remainingbuffer
spaceamongthe remainingsourcesequally, andso on. Con-
sequently, the sourceswith lower requestedbuffer spaceare
morelikely to receive their requestedbuffer spacein full while
the othersourcesreceive equalsharesof the remainingbuffer
spaceguaranteednot to be lessthantheassignedsharesof the
sourcesfully receiving their requestedbuffer space.We note
thatourproposedwater-�lling solutionis max-minfair accord-
ing to de�nition of [29]. The solution hasa linear complex-
ity andis hencequitepracticalfrom the implementationstand
point. In [54], we alsoprovethatthewater-�lling solutionpro-
vided above is the solution to an optimal resourceallocation
problemfor a classof piecewise linear utility functions. Be-
causethe sameresourceallocationproblemcanbe appliedto
thecurrentbuffer managementproblem,we concludethatour
proposedwater-�lling approachis optimal.

VI . SIMULATION RESULTS

In order to investigatethe performanceof our proposed
buffer managementscheme,we utilize a triple sourcesystem.
The traf�c patternsof the �rst, second,andthird sourcecon-
sist of an aggregatepatterngeneratedby

A?


,
Ú-


, and
¾V


in-
dividual doubleintermittency map packet generators,respec-
tively. We observe that the aggregatetraf�c patternsexhibit
self-similarcharacteristicswith Hurst parametersin the range
of ~


��IØ����B
��IØ?Ø•…

. We apply the proposedneuralnetwork fore-
castingschemesof SectionIII to predictthe input rateof each
buffer, i.e., Æ

C

•

F

� with ‚

×

“

�?�@�'�BA�™

over thediscretetime



. We
notethat the volumesof traf�c generatedby differentsources
are not the samebecauseof using a different numberof per
sourcepacketgenerators.

First, we show that our proposedneural learningschemes
are able to forecastself-similar traf�c patterns. Fig. 6 illus-
tratesandcomparesthenumberof generatedpacketsby a sin-
glesourcedoubleintermittency mapandthetrainedneuralnet-
work. We have utilized the �rst ordergradient-basedtraining
schemeof SectionIII.A. Fig. 7 showssimilar resultsfor anag-
gregatesourcedoubleintermittency map. Applying thousands
of learningiterations,the single and aggregatetraf�c pattern
have beenfollowedwithin thespeci�ed error rangefor an av-
erageof

Ú��

and
¾VÙ

samplesahead,respectively. An interest-
ing observation is that applying the neuralnetwork modeling
schemeto an aggregatesourcetraf�c patternconsistentlypro-
ducesbetterresultscomparedto a singlesourcetraf�c pattern
in termsof thenumberof accurateposttrainingsamples.The
observationis expectedasincreasingthenumberof sourcesre-
ducesthe degreeof self-similarity in an aggregatetraf�c pat-
tern.

Modeling Results of Single Source Double Intermittency Map
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Fig. 6. First orderneuralnetwork modelingresultsof a singlesourcedouble
intermittency map.

We notethattheconvergenceof thelearningschemeis time
consumingbecauseof the rich dynamicsof the traf�c pattern.
In addition,all of theconvergenceresultsarestronglyaffected
by the choiceof initial conditionsof the weighting functions
andthe minimum acceptableerror bound ½ . This is specially
importantaswe have observedsituationsin which theoptimal
valuesof theweightingfunctionsonly re�ect a local optimum
ratherthanaglobaloptimum.While this is expecteddueto the
natureof the utilized learningalgorithms,theeffectstypically
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Modeling Results of Aggregate Source Double Intermittency Map  
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Fig. 7. First orderneuralnetwork modelingresultsof a ý"þ aggregatesource
doubleintermittency map.

show in quicker divergencefrom the acceptableerror bounds.
Setting½

�O
'���

andtheinitial valuesof theweightingfunctions
randomlybetween


'� 
'�

and

�� 
?Û

yields bestpracticalresults
while avoiding biasingandsaturation.We have alsoobserved
theconvergenceof BFGSbackpropagationlearningis eightto
ten timesfasterthanthe �rst ordergradient-basedbackprop-
agationlearningfor the samechoicesof parameters.Further,
its accuracy in termsof thenumberof samplesfollowedin the
post training phaseis about10% better than that of the �rst
orderbackpropagationlearning. Anotherimportantconsider-
ation is that improving theaccuracy of the forecastingprocess
in termsof the numberof samplescould result in a betteref-
�ciency, it shouldnot affect the fairnesscharacteristicsof the
utilized scheme.In addition,we have utilized the hybrid lin-
ear/nonlinearlearningschemeof [42]. However, we have not
foundmuchbetterconvergenceresultscomparedto BFGSback
propagationlearningscheme.

Next, the traf�c generatedby eachsourceis collectedand
sentto a sharedbuffer in a round robin manner. Depending
on the buffer managementscheme,the sharedbuffer may be
partitionedinto acommonportionandthreededicatedportions.
In the latter case,the arriving packetsof eachsourceare�rst
destinedto the portion of the buffer dedicatedto the source.
Packetsareonly sentto thecommonportionof thebuffer if the
dedicatedportion is full. Packetsare lost if thereis no space
availableeitherin thededicatedor thecommonportion.At the
outputof thebuffer, theserver utilizeseitherFTDM or STDM
schedulingschemesto servicethe threededicatedportionsof
thebuffer andthecommonportion.

We comparethe performanceof � ve differentbuffer man-
agementscenarios.In the�rst scenario,CSschemeis deployed,
i.e.,thereisonlyonequeuefor all of thesources.It isassociated
with Âšß

�

ÂšÜ and Â

,
�

Â

�

�

Â

`¢�%


in Fig. 5. Thesecond
scenariois asimpleimplementationof CPschemein whichthe
capacityof thebuffer is distributedequallyamongthesources.
It is associatedwith Â†ß

�9


and Â

,
�

Â

�

�

Â

`3�

,

`

Â¢Ü in
Fig. 5. The third scenariois a simpleimplementationof SPS
schemethathasthreeequalportionsfor thethreesourceswith
an additionalcommonportion available to all of the sources.
It is associatedwith Â

ß�ÿ

��


and Â

,{�

Â

�

�

Â

`

ÿ

�Y


in
Fig. 5. The last two scenariosarethe dynamicassignmentof

thebuffer spacerelying on thewater-�lling resultof SectionV
in conjunctionwith the neuralforecastingschemesof Section
III. It is importantto notethat theneuralforecastingschemes
are appliedcontinuously, i.e., the training continueseven af-
ter reachingthe acceptableerror bound. We refer to the neu-
ral forecastingschemesasDNS schemes.They areassociated
with thegeneralcaseof Fig. 5. The last two scenariosare,in
fact,generalizationsof thethird scenariokeepingthecommon
portion size �x ed andadjustingthe buffer spacesizeof each
sourcedynamicallyaccordingto their traf�c arrival patterns.
Eachof thelasttwo methodshaveapotentialto outperformthe
otherbuffer managementschemesas they rely on forecasting
the arriving traf�c patterns.The processof utilizing our pro-
poseddynamicbuffer managementschemeworks as follows.
We utilize an independentneuralnetwork per traf�c pattern.
Originally, we allow theneuralnetworksto learnthedynamics
of theunderlyingtraf�c patterns.During theoriginal learning
period,thededicatedportionsof thebufferspacearesetaccord-
ing to thedefault valuesof thethird scenario.Oncetheneural
networkshave learnedthedynamicsof the traf�c patterns,we
proceedwith applyingconsecutiveepochsof buffer spaceallo-
cation. At thebeginningof eachepoch,individual portionsof
thebuffer spaceareassignedproportionalto thearrival pattern
of the sourcesandutilizing the water-�lling approachof Sec-
tion V. The assignmentsremainin effect for as long asnone
of theconditionsbelow areviolated: (1) the forecastingerrors
remainwithin theacceptablethresholdbound½ , (2) thenumber
of samplespredictedaheadis notpassedthemoving averageof
theaccuratelypredictedsamplesin all of thepreviousepochs,
and(3) thecurrentepochhasnotended.If conditions(1) or (2)
aboveareviolatedin themiddleof theepoch,thededicatedpor-
tionsof thebuffer spaceareresetto thedefault valuesof SPS
scenariofor the restof the epoch. To considerpracticalover-
headof managingthebuffer, we have selectedanepochlength
of

��
�
?


samples.The dedicatedportionsaresetaccordingto
thepacket arrival patternof thesourcesat thebeginningof the
next epochandsoon.

In order to evaluate the ef�ciency and fairnessof differ-
entscenarios,we comparetheir overall andtheir mostpassive
sourcelossratestogether. Our experimentsspanoverdifferent
choicesof thebuffer sizewith a �x edservicerateanda mod-
eratelyloadedqueuingsystem.In our experiments,we rely on
the samediscretetime scalesfor both the neuralnetwork and
thetraf�c generatingintermittency maps.

Fig. 8 and Fig. 9 respectively show plots of total packet
lossand the most passive sourcepacket loss rate versusnor-
malizedbuffer sizediagramfor the triple sourcequeuingsys-
temin presenceof FTDM schedulingalgorithm. Fig. 10 and
Fig. 11show plotsof thesamequantitiesin presenceof STDM
schedulingalgorithm. In the�gures, we usetheabbreviations
DNS1andDNS2to denote�rst degreegradient-baseddynamic
neuralsharingandBFGSdynamicneuralsharing,respectively.
Thesimulationresultshave beencollectedover tenmillion it-
erationsperchoiceof buffer size.

It is clearly observed from the �gures that for both FTDM
andSTDM schedulingalgorithmsunderDNS1andDNS2sce-
narios,thetotal lossratecomparedto CPscenarioaswell asper
sourcelossratecomparedto CS and/orSPSscenariosarere-
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Fig. 8. Total packet loss rate versusbuffer size diagram for the triple
sourcequeuingsystemusingCP, SPS,DNS1,andDNS2in presenceof FTDM
schedulingalgorithm.

1.E+04


1.E+05


1.E+06


1.E+07


1.E+08


0
 2
 4
 6
 8
 10
 12


Normalized Buffer Size


Lo
ss

 P
ro

ba
bi

lit
y 

(x
1.

0E
-0

9)



CP


SPS


DNS1


DNS2


Fig. 9. Singlesourcepacket lossrateversusbuffer sizediagramfor thetriple
sourcequeuingsystemusingCP, SPS,DNS1,andDNS2in presenceof FTDM
schedulingalgorithm.
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Fig. 10. Total packet lossrateversusbuffer sizediagramfor thetriple source
queuingsystemusingCP, SPS,DNS1, DNS2, andCS in presenceof STDM
schedulingalgorithm.
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Fig.11. Singlesourcepacket lossrateversusbuffer sizediagramfor thetriple
sourcequeuingsystemusingCP, SPS,DNS1, DNS2, andCS in presenceof
STDM schedulingalgorithm.

duced.TheresultsprovidedunderDNS1andDNS2scenarios
are interpretedas the evidencethat the tradeoff betweenfair-
nessandef�ciency hasbeenaddressed.Comparingtheresults
of SPS,DNS1,andDNS2scenariosshow thehigheref�ciency
of the latter two methods.We alsoobserve that both fairness
andef�ciency characteristicsof the resultsof DNS2 scenario
outperformtheresultsof DNS1scenario.As mentionedbefore,
theprice is thehigherspacecomplexity of DNS2comparedto
thatof DNS1.

An importantobservation is that reducingthe epochlength
decreasestheoverall andsinglesourcelossratesof bothDNS
methodsat a highercostof buffer management.For an epoch
lengthof

¾V


DNS1 andDNS2 lossratesarealmostmatching
the overall andsinglesourcelossratesof CS andCP, respec-
tively. Utilizing the standardvariantof DPO buffer manage-
ment schemealso leadsto ef�ciency and fairnesscharacter-
istics similar to the caseof utilizing CS andCP, respectively.
Utilization of theothervariantsof DPOtypically leadsto trad-
ing a lower overheadof implementationwith a lower lossper-
formance. Further, we note that the performanceof different
methodsare very differentas the result of applying different
methodsfor traf�c managementof a heavily utilizedsystem.

In addition,it is worthmentioningthattheresultsof theplots
mayresembleshort-rangedependentplotsin whichlogarithmic
losscurvesdroplinearlywith theincreaseof thebuffer size.As
indicatedby [17] andotherresearcharticles,the plots of loss
versusbuffer sizein thecaseof self-similartraf�c patternsare
expectedto become�at for an increasein the buffer sizebe-
yonda certainthreshold.As indicatedpreviously, therangeof
measuredHurstparametersindicatethat thetraf�c patternsare
self-similar. Theobservationsaremostly justi�ed by themod-
eratelevels of server utilization. For heavily utilized servers
operatingcloseto full capacity, theobservationsareconsistent
with thepreviously reportedobservations.

In whatfollows,wediscusssomeof theimportantaspectsof
theimplementationof our experiments.We startby comment-
ing on thechoiceof our neuralnetwork typeandstructure.We
consideredperceptron,Hop�eld, and Kohonennetworks and
selected�x ed-structureperceptronneuralnetworksdueto sim-
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plicity of implementation.Thenumberof neuronsin eachlayer
re�ects our bestoverall practical�ndings leadingto a balance
betweencomplexity andaccuracy. We observedthat thereis a
signi�cant improvementin thelearningperformancewhengo-
ing from asinglehiddenlayerstructureto adoublehiddenlayer
structure.However, increasingthenumberof hiddenlayersbe-
yondtwo doesnothavethesameeffectandis thusnot justi�ed
consideringthe overheadof calculations.Further, small vari-
ationsin the numberof neuronsof the input andeachof the
two hiddenlayersdo not have thesameeffect on the learning
performance.We anticipatethat the bestchoiceof the struc-
ture shouldbe relatedto thedegreeof self-similaritycaptured
throughthemeasureof theHurstparameteror anotherquantity.

Weclosethissectionby mentioningthattheresultspresented
in our currentwork point to somepredictabilityof traf�c that
canbeviewedasasourceof contradictionwith theresultspre-
sentedin [46] and[47]. Wepointout thatbesidesthedifference
in thenatureof traf�c tracesobtainedfrom arti�cial traf�c gen-
eratorsandTCPtraf�c simulators,thekey differenceis thatthe
utilized neuralnetwork of our studyrepresentsa time-varying
systemconsideringcontinuousreadjustmentof the weighting
functionswhereastheresultsof thosearticlesareobtainedfrom
a setof stationarymodels.

VI I . CONCLUSION AND FUTURE WORK

In this paper, we provided dynamic buffer management
schemesasanapplicationof adaptive neurallearningsystems.
We utilized two differentlearningschemesfor a �x edstructure
perceptronneuralnetwork to forecastteletraf�c patterns.Our
proposedschemeswerethe �rst ordergradient-basedlearning
andBFGSQuasi-Newton learning. Basedon our forecasting
results,we provided dynamicbuffer managementschemesto
improve the loss performanceof static partial sharingbuffer
managementschemewhile consideringthefairnessissue.Our
dynamicbuffermanagementschemesreliedonthewater-�lling
approach.Ourexperimentationutilizedamultiplesourcequeu-
ing systemaccommodatingarti�cially generatedself-similar
traf�c patterns. We comparedthe performanceof different
buffer managementschemes,namelycompletesharing,com-
plete partitioning, static partial sharing,and dynamic neural
sharingin presenceof differentserver schedulingalgorithms,
�x ed time division multiplexing and statisticaltime division
multiplexing. We concludedthat our dynamicneuralsharing
schemeswereable to offer the bestsolutionsconsideringthe
tradeoff betweenfairnessandlossissuesaswell aspracticality
of implementation.

We note that our dynamicneuralsharingschemesarebest
suitedfor the classof sourceswith a life spanexceedingthe
duration of the original learning period. In order to apply
our schemesto short-livedsources,we areinvestigatingpoten-
tial ways of improving the speedof standardtraf�c learning
schemes.We arealso studyingthe applicability of statistical
of�ine learningmethodsto thedynamicsof short-livedsources.
Our futurework furtheraimsat applyingour schemesto a set
of realtraf�c traces.
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