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Abstract

This paperanalyzeshow TCP congestioncontrol canpropagateself-similarity betweendistantareasof the Internet. This

propertyof TCP is dueto its congestioncontrolalgorithm,which adaptsto self-similarfluctuationson several timescales.The

mechanismsandlimitationsof this propagationareinvestigated.It is demonstratedthat if a TCPconnectionsharesa bottleneck

link with aself-similarbackgroundtraffic flow, it propagatesthecorrelationstructureof thebackgroundtraffic flow asymptotically,

aboveacharacteristictimescale.Thecut-off timescaledependsontheend-to-endpathproperties,e.g.,round-triptimeandaverage

window size,andthereceiver window sizein caseof high speedconnections.It is alsoshown thatevenshortTCPconnections

canpropagatelong-rangecorrelationseffectively. In casewhenTCPencountersseveralbottleneckhops,theend-userperceived

end-to-endtraffic is alsolong-rangedependentandit is characterizedby the largestHurstexponent.Throughsimpleexamples,

it is shown that self-similarity of one TCP streamcan be passedon to other TCP streamsthat it is multiplexed with. The

limitationsof propagationdependon network conditions.Propagationcomplementsthewidespreadscalingphenomenareported

in theliterature.Ourargumentsaresupportedwith a combinationof analytictechniques,simulationsandstatisticalanalyzesof a

numberof wide areaInternettraffic measurements.
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I . INTRODUCTION

Statisticalself-similarityandlong-rangedependenceareimportanttopicsof recentresearchstudies.Both

phenomenaarerelatedto certainscale-independentstatisticalproperties.Statisticalself-similarity canbe

* This is anextendedversionof a paperpresentedatSIGCOMM 2000[30].



detectedwhentraffic ratefluctuateson severaltimescalesandits distributionscaleswith thelevel of aggre-

gation. Long-rangedependencemeansthat thecorrelationdecaysslower thanin traditionaltraffic models

(e.g.,Markovian),i.e., it decayshyperbolically. A numberof authorshavearguedthatself-similarityin data

networkscanbeinducedby higherlayerprotocols[5] [6] [24] [26] [29] [31]. In this paperwe do not dis-

cusstherootsof self-similarity, instead,we demonstratehow the inducedself-similarity is propagatedand

spreadin thenetwork by lower layeradaptive protocols,in particular, by TCP, which representsthedomi-

nanttransportprotocolof theInternet.This paperalsoanalyzestheimpactof self-similarityon end-to-end

TCPdynamics,andhow theend-userperceivedratefluctuationsdependon theend-to-endpathproperties.

Thephenomenonof self-similaritywasobservedin datanetworksin [14] [15], followedby severalexper-

imentalpapersshowing fractalcharacteristicsin othertypesof networksandtraffic, (e.g.,in videotraffic [3]

[11] or in ATM networks[18]). A comprehensivebibliographicalguideis presentedin [32]. Theseobserva-

tionshave questionedthevalidity of previousshortmemorymodelswhenappliedto network performance

analysis[24]. Theimpactof self-similarmodels,e.g.,FractionalGaussNoiseon queuingperformancehas

beeninvestigatedin anumberof papers[4] [7] [20].

Considerableeffort hasbeenappliedto investigatingthecausesof this phenomenon.In [5] theauthors

arguethat self-similarity is inducedby the heavy-tailed distribution of file sizesfound in Web traffic. In

[31] EthernetLAN traffic wasmodeledasa superpositionof independentOn/Off processeswith On and

Off periodshaving heavy-tailed distributions. An importantrelatedtheoreticalresult [26] provesthat the

superpositionof a largenumberof suchindependentalternatingOn/Off processesconvergesto Fractional

GaussianNoise.

To prove thevalidity of this modelin TCP/IPnetworks,severalpapershave investigatedtheconnection

betweenapplicationlevel file sizes,userthink-times,andthe On/Off model. As thereareseveral layers

betweentheapplicationandthelink layer, it is of primary importanceto investigatehow protocolsconvert

and transferheavy-tails throughthe protocol stackdown to lower layers. The effect of TCP and UDP

transportprotocolsareinvestigatedin [8] [22] [23] andit is foundthatTCPpreserveslong-rangedependence

(LRD) from applicationto link-layer.

Basedon this result,theauthorsof [8] and[9] arguethat transportmechanismsstronglyaffect theshort

timescalebehavior of traffic, but they haveno impactin largetimescales. In thispaper, wedemonstratethat

thisstatementis valid onlyfor thelocal behaviorof TCPwhenonly thetraffic of asinglelink is investigated.

In contrast,in thenetworkcaseasurprisinglycomplex mechanismis present.

TheOn/Off modelis attractivebecauseit capturestheheavy-tailednessproperty. Neverthelessit assumes



that during On periodsthe traffic rate is constant. In reality, TCP usesan end-to-endcongestioncontrol

algorithmto continuouslyadaptits rateto actualnetwork conditions.If network conditionsaregovernedby

large timescalefluctuations,thenTCPwill “sense”this andreactaccordingly. This papershows thatTCP

efficiently adaptsto traffic ratefluctuationsonseveraltimescales.In addition,wedemonstratethatTCPcan

be modeledasa linear systemabove a characteristictimescaledependingon the round-trip time andthe

maximumwindow size(
�������	��

�����

). Theasymptoticlinearity impliesthat thecorrelationstructure

of a backgroundtraffic streamis takenover faithfully by anadaptiveTCPflow. In particular, we show that

TCPcaninherit self-similarityfroma self-similarbackgroundtraffic stream. SinceTCPhasanend-to-end

control,while adaptingto thesefluctuations,it propagatesself-similarityencounteredon its pathbetween

thesourceandthedestinationhost.

Wealsodemonstratethatif aTCPstreamis multiplexedwith anotherone,then,dependingonthenetwork

conditions,it canpassonself-similarscalingto theotherTCPstream.In ourmodelthenetwork is regarded

asa meshof end-to-endadaptive streams.IntertwinedTCP streamscanspreadself-similarity throughout

thenetwork contributing to globalscaling.By analyzingtheeffectsfrom a network point of view weargue

that,on onehand,TCPplaysan importantrole in balancingandpropagatingglobalscaling. On theother

hand,it keepslocal scalingintactwhereit is alreadystrong. This way we complementresultsreportedin

[8]. Themainpurposeof this paperis to analyzethebasicmechanismsbehindthesephenomena.

To clarify our terminology, we briefly summarizethedefinitionof a few basicconcepts.Let � ��� ������������
be a weakly stationaryprocessrepresentingthe amountof datatransmittedin consecutive short

time periods.Let �! #"�$� � %
"

� "&('  �*) % $#"�+ % � & where, �.-
denotethe , aggregatedprocess.� is called

exactly self-similarwith self-similarity parameter/ if ���10� , % )�2 �! #"�$� andthe equality is in the sense

of finite-dimensionaldistributions. In thecaseof second-order self-similarity, � and , % )�2 �  3"4$ have the

samevarianceandautocorrelation.Second-orderself-similaritymanifestsitself in severalequivalentways,

oneof themis that thespectraldensityof theprocessdecaysas 5 % )�672 at theorigin as 598 �
. This latter

property alsodefinesthe classof Long-RangeDependentprocesses.

In practice, exactself-similarity cannot be testedbecauseit would require testing scaleinvariance

of all finite dimensionaldistrib utions. Werestrict ourselvesto second-orderself-similarity, which can

be testedbetweensomefinite upper and lower cut-off timescales,see[2]. Therefore, in this paper

wealsousethe term “self-similarity” to refer to scalingof second-orderpropertiesover somespecific

timescales,seealso[17] [27]. Wenotethat certain statementsof the paper arealsovalid in the senseof

exactstatistical self-similarity. The mathematical analysispart of the paper provessomeasymptotic



resultsrelevant to LRD processes.

The ns-2simulator[21] is usedfor the network simulations. Several variantsof TCP are investigated

(Tahoe,Reno,SACK), however, we foundthatour conclusionsareinvariantto theTCPversion.

The paperis organizedas follows. In SectionII, several wide-areaTCP measurementsare analyzed

showing self-similarscalinganda possibleexplanationis presentedbasedon a few simpleassumptions.

SectionIII investigateshow TCP adaptsto fluctuationson different timescales.We show that TCP in a

bottleneckbuffer canbemodeledasalinearsystemaboveacharacteristictimescale.SectionIV investigates

how an aggregateof TCP sessionswith durationsof heavy-tailed andlight-tailed distributionspropagates

self-similarity of a backgroundtraffic stream.We alsoanalyzethe caseof high speedconnections,when

theconnectionrateis limited by theadvertisedwindow of thereceiver. Finally, SectionV presentsresults

concerningthe spreadingof self-similarity in the network casewhenTCP hasto passmultiple hopsand

competefor resourceswith otherTCPstreams.

II . ADAPTIVITY OF TCP: A POSSIBLE CAUSE OF WIDESPREAD SELF-SIMILARITY

In thissection,wedemonstratehow TCPadaptationleadsto thepropagationof self-similarityusingwide

areanetwork measurements.Thetestmethodologyis alsoexplainedusinga singlemeasurement,thenthe

testresultsof severalotherWAN TCPmeasurementsarepresented.Finally, we introduceasimpleanalytic

modelof TCPadaptation.

A. ScalingAnalysisof WideAreaTCPMeasurements

During the first experimenta large file was downloaded(a traffic tracefile from the InternetTraffic

Archive)from anFTPserver(ita.ee.lbl.gov) to aclienthost15hopsawayin Hungary(serv1.ericsson.co.hu),

passingseveral backboneprovidersanda trans-Atlanticlink. At the client sidetherewasno othertraffic

present.Theclientwasdirectlyconnectedto anISPby a128kbpsleasedline. All packetswerecapturedat

theclient sidewith the tcpdumputility. Thetotal amountof bytesreceivedwas50Mbyteandit waslogged

with a resolutionof 50 msduring thefile transferwhich lastedfor 6900s. Theaveragethroughput,which

takesinto accounttheretransmissionsandtheTCP/IPoverhead,wasabout58 kbps(i.e., somecongestion

wasexperiencedin thenetwork). Theaverageround-tripdelaybetweentheserverandtheclientwas208ms.

Fromthepacket traceweconcludedthattheversionof theTCPwasReno.

Testswereperformedfor thepresenceof self-similarity. Herewe presentthreetests,thefirst andsecond

onesarebasedon thescalingof theabsolutemoments(alsocalledabsolutemeanandvariance-timeplots

[25]), and the third one is a wavelet-basedanalysis[1], seeFigure 1. The result of the testssuggests
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Fig. 1. Scalinganalysisof thetraffic generatedby a file transferloggedat theclient side.a) Absolutemeanmethod<>=@?BADC7E .
b) Variance-timeplot <F=G?HAICJC . c) Waveletanalysis<F=K?HAICMLNL [0.710.788].

asymptoticself-similaritywith Hurstparameterapproximately
�PORQ�S

. Non-stationaryeffectsareoftenpresent

in actualdatatraffic, whichcandeceivetheself-similarityandLRD tests,see[19]. To avoid suchpitfallswe

appliedthewaveletbasedtestdevelopedby Veitch [28] to testwhetherthescalingexponentsareconstant

throughoutthetrace.

During the experiment,therewasonly oneconnectionactive on the link, so explanationsbasedon the

superpositionof heavy-tailed On/Off processes,exponentialbackoff [10] [12], or chaoticbehavior [29]

are not applicablelocally. However, the investigatedTCP connectiontraversedseveral backbonelinks

where,dueto thelargetraffic aggregations,self-similaritycouldariseeitherbecauseof heavy-tailsor chaotic

competition. Presumably, whatever the reasonfor self-similarity was,the TCP connectionadaptedto the

backgroundtraffic streamat thebottlenecklink, andtheeffectof theadaptationwasthatself-similaritywas

propagatedto themeasurementpoint.

Werepeatedthemeasurementbetweendifferenthostsin theInternet,coveringverydifferentnetworking

situations.Becausethescalingregionhasto coverat leasttwo ordersof magnitudefor thescalinganalysis,

themeasurementshaveto belongenough,at leastseveralhundredsecondslong. Duringsuchrelatively long



server bin size duration avg. rate VT-H Wavelet-H

fr3 100ms 1200s 471k 0.77 0.874[0.808,0.940]

uk 100ms 1800s 115k 0.66 0.704[0.621,0.786]

au 100ms 3346s 566k 0.8 0.94[0.854,1.038]

leasjan28 10ms 3591s 131k 0.8 0.95[0.875,1.019]

leasjan26 100ms 1000s 154k 0.82 0.855[0.782,0.929]

hu 50ms 6900s 58k 0.77 0.72[0.68,0.77]

cablejan 10ms 3601s 474k 0.85 0.831[0.759,0.903]

us3 10ms 495s 1.4M 0.53 0.562[0.458,0.666]

usFeb3 10ms 1868s 552k 0.5 0.511[0.466,0.556]

usRog 10ms 2115s 98k 0.89 0.889[0.848,0.931]

TABLE I

SUMMARY OF WAN MEASUREMENTS. HURST ESTIMATES: VARIANCE-TIME PLOT (VT-H), WAVELET METHOD

(WAVELET-H)

measurements,daily trendsor othertypesof non-stationaritymaydisturbthetests.Stationarityanalysiswas

performedto evaluatewhetherthe time seriescanbeconsideredto bestationary. As it wasshown in [10]

and[12], if thepacket lossprobabilityexceedsacertainvalue,it mayalsocauseTCPtraffic to becomeLRD

evenif backgroundtraffic is SRDandpacket losseshappenindependently. Althoughthisphenomenonmay

bevery importantin theemergenceof LRD in TCPtraffic in highly congestedlinks, sinceweareinterested

in TCP’s adaptation,weonly consideredmeasurementswhereTCPtimeoutswerenot excessively long.

Thebasicstatisticsof theanalyzedtracesareshown in TableI. Thefirst groupof measurementsconsists

of “international”measurementsbetweenhostsoutsideof US andColumbiaUniversity, New York. In this

groupwehave tracesfr3 (France),uk (UK), au (Australia).Thenext threemeasurementsaretrans-Atlantic

measurements,but in thesecasestheend-hostswereconnectedvia relativelysmallspeedleasedlines,in case

of hu thespeedof theleasedline was128k,while leasejan26andleasejan28wereperformedthrougha256k

leasedline of asmallhome-ISP, all in Budapest,Hungary. Thenext measurement,cablejan, wasperformed

betweenColumbiaUniversityandahostconnectingwith acablemodemto apublic ISP, alsoin New York.

Thelastgroupconsistsof high-speed“backbone”measurements,all within theUS:us3, usFeb3, usRog. All

thesemeasurementsweredonebetweenColumbiaUniversityandWWW or FTPserversconnectingto the

Internetvia highspeedlinks.

Self-similaritywaspresentmostly in traceswherethetestTCPconnectionpossiblypassedoneor more
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bottlenecks,(i.e., in the“international”,“cablemodem”and“leasedline” traces).In caseof backbonemea-

surements,self-similaritywaspresentduringpeakhours. Otherwise,during low loadperiods,we usually

measured/ � �POTS
. In almostall thecaseswhenself-similaritywasnotpresent,wecouldfind thattheTCP

ratewaslimited by theadvertisedwindow andnot the freecapacityon thepath. Anotherpossiblereason

is that theaccessline limits theTCPrate,in which casethe resultingtraffic flow is smoothed.The effect

of pathswith large bandwidthdelayproductsandsmall windows on the propagationof self-similarity is

furtheranalyzedin SectionIV-C.

B. SimpleAnalyticModel

In this section,we introducea simpleanalyticmodelsupportingthe argumentthat TCP canadaptand

inherit self-similarity from backgroundtraffic. Later in thepaperwe analyzethe limitationsof thesimple

modelandwearegoingto refineit further.

All relevant componentsof the simplified network modelare illustratedin Figure2. A singlegreedy

TCPconnectionsendsdatabetweenhostA andhostB. Thepathof theconnectionconsistsof threeparts:

a network cloudbeforeandafter routerR anda bottleneckbuffer in routerR, wheretheconnectionhasto

shareservicecapacityandbuffer spacewith a self-similarbackgroundtraffic flow. Self-similarity of the

backgroundtraffic canbe induced,for example,by large aggregationsof infinite varianceOn/Off streams

assuggestedin [5]. In theanalyticmodelit is assumedthatTCPcanadaptideally to a backgroundtraffic

streamin abottleneckbuffer. Under“ideal adaptivity” wemeanthattheTCPconnectionis ableto consume

all remainingcapacityunusedby thebackgroundtraffic stream.It is alsoassumedthattheTCPconnection

doesnothaveany effectonthebackgroundtraffic. Thegeneralityof thisassumptioncoversseveralpractical

cases,for example,if thebackgroundflow is a largeaggregateconsistingof a largenumberof connections.

Thelimits of theseassumptionsareanalyzedlaterin thepaper.

Denotethebackgroundtraffic rateby U �RV � , ��W U �IV �XWZY
, where

Y
is theservicerateof thebottleneck



buffer in bit per seconds.If TCP congestioncontrol is “ideal” andits effect on the backgroundtraffic is

neglected,thentheTCPconnectionwill utilize all unusedservicein thebottleneck.Therateof the“ideal”

TCPflow is denotedby [ �RV � :
[ �RV � � Y]\ U �RV �^O

The resultingprocessis simply a shiftedandinvertedversionof U �IV � , which implies that the correlation

structureof processes[ �IV � and U �RV � arethesame.In otherwords,TCP“inherits” thestatisticalproperties

of the backgroundprocess.In particular, let us model the backgroundtraffic rateasFractionalGaussian

Noise(FGN):

U �IV � � ,`_]a bdc
2 �RV � (1)

where, is theaverageratein bit perseconds[bps], b is thevariance,and c
2 �RV � is anormalizedFGNpro-

cesswith Hurstparameter/ . NotethatFGNis adiscretetimeprocess,sotherateat time
V

is approximated

by theamountof bytessentduringsufficiently smallconstantdurationtimeperiods.Basedonthearguments

above, theadaptingTCPwill alsobeanFGN with thesamestatisticalself-similarityexponent/ . As TCP

congestioncontrolworksend-to-end,thesametraffic ratecanbemeasuredalongthepathbefore andafter

routerR aswell. This implies that TCP propagatesself-similarity or LRD to partsof the network where

otherwiseit wouldnotbepresent.

The resultabove is basedon a simplescenariousinga few assumptions,suchasideal TCP adaptivity,

singlebottleneck,andassumingthat theTCPflow doesnot modify thebackgroundtraffic characteristics.

However, if the implicationsof this simplescenarioarevalid in real TCP/IPnetworks, the consequences

for traffic engineeringare far reaching. Regardingthis, we aregoing to addressthe following important

questions:

1. Whatarethelimitationsof TCPadaptation,i.e.,how “ideal” is TCPcongestioncontrolwhenpropagating

self-similarityor otherstatisticalproperties?

2. A singlelong-lastingconnectionwasusedin thesimplenetwork modelandin themeasurements.Can

self-similaritybepropagatedby shortdurationTCPconnections?

3. Weassumedthatthebackgroundself-similaritytraffic flow is non-adaptive. Is self-similaritypropagated

if thebackgroundtraffic flow is anaggregateof adaptiveflows?

4. We considereda singlebottleneckon theTCPpath. On theotherhand,TCPconnectionsmay traverse

multiple bottleneckroutersandbufferswherethey canmix with multiple self-similarinputs. Whatarethe

characteristicsof theend-to-endTCPflow in thiscase?



5. Is self-similaritypropagatedbetweenadaptiveconnections,in particular, canself-similaritybeinherited

from oneTCPto anotheronethathasno directcontactwith thesourceof self-similarity?

II I . TCP AS A L INEAR SYSTEM

In the previous sectionit was assumedthat TCP congestioncontrol is “ideal”, which, as a matterof

course,cannotbe thecasein realnetworks. Theconsequenceof self-similarity is thatfluctuationsarenot

limited to a certaintimescale.Whenanalyzinghow “real” TCPspropagateself-similarity, the adaptation

of TCPto fluctuationson several timescalesshouldbeinvestigated.In this sectionit is shown thatTCPin

a bottleneckbuffer canbemodeledasa linearsystem,i.e., TCP takesover thecorrelationstructureof the

backgroundtraffic througha linearfunction.

TCPis anadaptivemechanismthattriesto utilize all freeresourceson its path.Adaptationis performed

asacomplex controlloopcalledthecongestioncontrolalgorithm.Of course,full adaptationis notpossible,

asthenetwork doesnot provide promptandexplicit informationabouttheamountof freeresources.TCP

itself musttestthepathcontinuouslyby increasingits sendingrategraduallyuntil congestionis detected,

which is signaledby a packet loss,andthenit adjustsits internalstatevariablesaccordingly. Using this

algorithm,TCP congestioncontrol is ableto roughly estimatethe optimal load in a few roundtrip times.

Sincecongestioncontrolwasintroducedin theInternet[13], it hasprovedits efficiency in keepingnetwork-

wide congestionundercontrolin awide rangeof traffic scenarios.

In thissectionweanalyzetheadaptivity of TCP, andconcludethatasimplenetwork configuration,which

consistsof a single bottleneckbuffer sharedby a “generator”flow and a “response”TCP flow, can be

modeledasa linearsystemabovea characteristictimescale.Thelower cut-off timescaleof linearbehavior

dependsonthepathpropertiesof theconnection.Thelinearsystemtransformscertainstatisticalproperties,

e.g.,autocovariance,betweenthe“generator”streamandthe“response”traffic streamthrougha transform

function,which is characteristicof thenetwork configuration.

A. MeasuringtheAdaptivityof TCPonSeveral Timescales

In thefirst analysisa single,long, greedyTCPstreamis mixedwith randombackgroundtraffic streams.

SeeFigure3 for theconfiguration.Thebackgroundstreamsareconstructedin away, suchthatthey fluctuate

on a limited, narrow timescale.To limit the timescaleunderinvestigation,the backgroundtraffic approx-

imatesa constantamplitudesinewave of a given frequency 5 : [�e(fhgi�^jhkmlonqp 0
� 5sr V � � b4tvuxw �y�{z 5 V _}| � _~,

where | is a uniformly distributedrandomvariablebetween� � r �{z�� . Theprocess[4e(fvgy��j7kolmnJp 0
� 5�r V � is a sta-

tionaryergodicstochasticprocesswith correlation
�K�I� � � b 6 �����d�{� t �i�{z 5 � � . Thepower spectrumof this
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Fig. 3. Simulationmodelfor thetestof TCPadaptivity to aself-similarbackgroundtraffic stream.Thetwo buffersareidentical:

servicerates� ��� � �4��� Mbps,propagationdelays� ��� � ���G� ms,buffer sizes� ��� � ��� LN? packets.

processconsistsof a singlefrequency componentat 5 . In thesimulationthebackgroundprocesshasto be

approximatedby a packet stream(packet sizeof 1000bytes). The resultingspectrumof the “packetized”

timeseriesis not animpulsebut anarrow spike,seeFigure4.

If TCP is ableto adaptto the fluctuationsof the backgroundtraffic flow, the samefrequency 5 should

appearasa significantspike in thepower spectrumof theTCPtraffic rateprocessaswell. Theratio of the

amplitudesof this frequency componentin thespectrais ameasureof thesuccessof TCPadaptationonthis

timescale.Denotethemeasureof adaptivityat frequency 5 by � � 5 �

� � 5 � �}��� gy� � 5 � ��� e(fhgy��j7kolonqp 0
� 5 � (2)

where
� e(fvgy��j7kolonqp 0

� 5 � is thespectraldensityof thebackgroundtraffic rateprocessat frequency 5 and
��� gy� � 5 �

is thespectraldensityof theadaptingTCPrateprocessat thesamefrequency.

Figure4a shows an experimentwith a backgroundsignalof 5 � �POT��- � - ���*� . The top part of the figure

showsthespectrumof thebackgroundtraffic approximatingasinewaveof frequency 5 . Thebottompartis

themeasuredspectrumof theTCPresponse.Thespectrumof theresponsehasa significantspike at 5 , but

it alsocontainsa few smallerspikesat higherfrequenciescausedby thecongestioncontrolmechanism.

Conductingtheexperimentfor awide rangeof frequencies5 , it is possibleto plot theadaptivity curveof

TCP. Figure4bshowstheresultfor severalversionsof TCP. Notethattheshapeof thefunctiononly slightly

dependson theTCPversion.It canbeseenthatin thisconfiguration,TCPadaptswell to frequenciesbelow

5N��� �PO�-NS � - ���*� , but it cannotadaptefficiently to fluctuationsonhigherfrequencies.

At 5N� aresonanceeffectcanbeobserved.At thisfrequency TCPis moreaggressive,andgainsevenhigher

throughputthanwhat is left unusedby thenon-adaptive backgroundflow ( � � 5J� ���.-
). This frequency is

equalto thedominantfrequency of theTCPcongestionwindow processwhenthereis nobackgroundtraffic

present(idle frequency), seeFigure5.

In [16] a macroscopicmodelfor TCPconnectionswaspublished.It is derivedthat if every � �I  packet is

lost for aTCPconnection,thenthecongestionwindow processtraversesaperiodicsawtoothandthelength
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of theperiodis
�±�²���	�>
������

, where
���³�

is the round-triptime of thepathin secondsand
�

is the

maximumwindow sizein packets.In ourcasewecanapproximate
���	�´� U � Y _¶µ , whereU is thebuffer

sizein packets,
Y

is theserviceratein packetspersecond,and µ is the total round-trippropagationdelay

in seconds.Themaximumwindow sizeis
� � U�_ Y µ , which is themaximumnumberof packetsin the

pipe(buffer andlink). Thisgivesanestimateof
�}�}· OR¸¹-

sand 5{gyºhgi»3¼ � - �J�}� �PO�-NS
[1/s]. Theresultagrees

with themeasuredresonancefrequency 5N� , andconfirmsourargumentthattheresonanceeffectobservedin

themeasureof adaptivity function � � 5 � is dueto theTCPwindow cycles(seeFigure4b).

Thecharacteristictimescaleof theTCPwindow cyclesspansarelatively widerangein realnetworks,and

therelationof
� � ���³��
������

canbeusedfor anapproximation.For example,if theround-triptime,which

in the previous simulationwasapproximately0.33s, is ratherin the rangeof a few tensof milliseconds,

the cut-off timescaledropsbelow 1 s. Even below this timescaleTCP adaptsto fluctuations,thoughthe

effectivenessis limited, as shown by the transmissioncurve. The characteristicfrequency 5J� separates



traffic dynamicsto “local” and “global” scales. Above 5J� the backgroundprocessshapesthe spectrum,

while below 5N� , thespectrumis aresultof TCPcontroldynamicsandexternalstochasticprocesseshaveless

impacton it.

B. Testsfor Linearity

In realnetworksbackgroundtraffic is not limited to a singletimescale.In thefollowing, we analyzethe

casewhenseveral frequenciesarepresentandtestwhetherTCP is able to adaptto fluctuationson these

timescalesor not. The motivation is to prove that TCP can adaptto fluctuationson several timescales

independentlyof eachother, moreprecisely, wewantto show thatTCPcontrolis linear.

By linear systemwe meanthat if the backgroundtraffic rate is given by U �RV � , and the adaptingTCP

traffic rate [ �IV � is expressedusinga function ½ , then [ � Y¾\ ½ � U � , where ½ is a linear function of

U : ½ � b % U % _¿b*6*U�6 � � b % ½ � U % � _}b*6*½ � U�6 � . Note that the linear systemdoesnot imply that [ is a

linear function of U . In caseof idealadaptivity, ½ takesthesimpleform of ½ �RÀ � �]À , andtheTCPrateis

obtainedsimply as [ �IV � � YF\ U �IV � , seeSectionII. If thebackgroundtraffic is a superpositionof streams

U & �RV � r Á � -�OÂOÂO c
U �RV � � Ã

&(' % U &
�IV �

thentherateof TCPis givenby

� �RV � � YÄ\ ½ � U �RV �v� � YÄ\ Ã
&(' % ½

� U & �RV �^�^O

This constructionprovidesuswith a simpleteston linearity: we investigatetheresponseto thesuperpo-

sition of several U & �RV � streamsandinvestigatethespectrumof the response.Figure6ashows thespectral

densityof thebackgroundandtheTCPresponsewhenthebackgroundis acompositionof 10randomphase

sinewavesequidistantlyspacedon a logarithmicscale(thenonzerowidthsof thespikesaredueto thefact

that the backgroundmix only approximatessinewaveswith varying packet spacing). It canbe observed

that,below 5 � -
, TCPis ableto adaptto all frequency componentsin themix.

To testwhetherTCPreally adaptsto fluctuationsindependently, a wide rangeof traffic mixesweresim-

ulatedconsistingof two frequencies5 % and 5N6 . A large numberof simulationswereperformed,covering

a wholeplanewith thetwo frequencies,in therangeof � �POT��S r S���� � � - ���*� . We thencalculatedtheadaptivity

measurefor oneof the frequencies( � � 5 % � ). If the systemis linear, the measureof adaptivity function at

frequency 5 % shouldbeindependentof theotherfrequency 5N6 . Oursimulationresultssupportthisargument,

seeFigure6b.
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response.b) Measureof TCPadaptivity ­�®(¦ �v¯ whenthebackgroundprocessis composedof two frequencies¦ � and ¦ � .
C. Responseto WhiteNoise

In thepreviousanalysisthebackgroundprocesseswerelimited to superpositionsof sinewaveprocesses.

In real networksbackgroundtraffic streamscannotbe modeledby just a few frequency components,it is

moreappropriateto modelbackgroundtraffic streamsas“noises”.

Two typesof specialnoisesaremostrelevantin traffic modeling:theWhite Noise(WN) processandthe

FractionalGaussianNoise(FGN) process.The White Noiseprocessis the mostcommonlyusedprocess

in the analysisthe frequency responseof a systemandthe FractionalGaussianNoiseprocessfrequently

appearsasthelimit processof traffic aggregations[26].

If TCPis a linearsystem,thenit shouldtransformthecorrelationof any complex stochasticprocess(e.g.,

WN or FGN) throughthesametransformfunction. In this sectiontheresponseof TCPto a WN processis

analyzed.WN is a specialnoisethathasconstantspectraldensity. If TCPis linear, thenit shouldrespond

with thecharacteristiccurve obtainedpreviously. The resultis depictedin Figure7. Thesimilarity of the

curve to ourprevioustest-signalbasedtest( � � 5 � ) supportsthelinearityargument.In addition,theconstant

flat range,which startsat a characteristictimescaleandspansseveraltimescalesupwards,providesuswith

information aboutthe timescalelimitation of TCP adaptivity. Note that this mechanismbehaves like a

low-passfilter.

IV. TCP ADAPTATION TO SELF-SIMILAR BACKGROUND TRAFFIC

Oncewe have investigatedthelinearity of TCPandhave shown thatthetransformfunctionis flat below

a characteristicfrequency, it is quite obvious to expect that TCP, while adaptingto signalsof complex

frequency content,reproducesthe samespectraldensityas the original signal above a timescale,which
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Fig. 8. Tracesof FGN ( < � ?HA Ð ) andadaptingTCPflowsat two aggregationlevels.a) 100msaggregationb) 10saggregation

dependson the pathproperties(round-trip time, sizeof the pipe, etc.). If, for example,TCP traversesa

link wherethetraffic shows self-similarity, it will adaptto it with a spectralresponseequalto thespectrum

of the self-similartraffic (asymptotically).As TCP’s control algorithmworks end-to-end,this propertyis

“propagated”all alongtheTCPconnectionpath.

A visual testcanbe seenin Figure8, wheretraffic ratesof a self-similar / � �POR¸
FGN background

streamandanadaptingTCParedepicted.Thefigureshows thaton largertimescalestheTCPtracemirrors

theFGNtrace.

In theexperimentwe simulateda singleTCPsharingthebottleneckbuffer with a syntheticFGN traffic

flow of / � �POR¸
. Figure9 shows thepower spectrumsof both theTCPandFGN tracesat anaggregation

level of 10ms.As suggestedin theprevioussection,TCPshows thesamespectrumasFGNasymptotically,

thereis adifferenceonly aroundandbelow thecut-off timescale.Consequently, theTCPtraffic flow is also

asymptoticallysecond-orderself-similarwith thesamescalingparameterastheFGNprocess( / � �POR¸
).
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Fig. 9. a) Power spectrumof backgroundtraffic < � ?HA Ð . b) Power spectrumof TCP traffic adaptingto the FGN, estimated

< � ?BA Ð .
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Fig. 10. Simulationmodelof SRD drivenTCP traffic multiplexedwith self-similarbackgroundtraffic (FGN with < � ?BA Ð ).
� � � � � �Ô� Mbps, � � � � � �Õ� ms, � � � � � � LN? packets. Ö �Ô� ? parallelsessionswith exponentiallydistributedOn

andOff periodswith means×�Ø�Ù � ×�Ø�ÚdÚ ��� ? « .
A. CanAdaptiveSRDTraffic PropagateSelf-Similarity?

Sofar we have analyzedcaseswhenlong greedyTCPsessionsweremixedwith backgroundtraffic. In

this section,weanalyzethemoregeneralcaseof shortfiles. It is demonstratedthattheaggregationof short

TCPsessionswith ligh-tailedOn andOff distributionsmaystill exhibit self-similarityproperty. This self-

similarity phenomenoncannotbeexplainedby theself-similaritygenerationmechanisminvestigatedin [6]

[26]. In [6] [26], it is reportedthatin caseof light-tailedOn andOff periodstheaggregatedtraffic is SRD.

We have carriedout a simulationstudywith theaggregationof light-tailedOn/Off TCPsources.During

thesimulationwe established
�

parallelsessions.Within eachsessionTCPconnectionsweregeneratedin-

dependentlyandthedurationsof TCPconnectionswereexponentiallydistributed(with mean
�ÜÛ p ) followed

by exponentiallydistributedsilentperiods(
�ÝÛ¹ÞqÞ

). Thesimulationwasstartedfrom theequilibriumstateof

theprocess.(SeeFigure10.) Let’sdenotethenumberof activeTCPsattime
V

by c �IV � , �ßW c �RV �4W}�
. With

thisconstructionc �RV � is astationaryMarkov processandit is short-rangedependent.Seetheself-similarity

testsfor c �RV � in Figure11a( /à� �PORS
).

On the otherhand,if thesesessionsaremixed with self-similarbackgroundtraffic, the aggregateTCP

traffic, i.e., theamountof bytestransmittedby all TCPs,is self-similar(Figure11a).Thereasonis thatthe



superpositionof shortdurationTCPscanefficiently adaptto abackgroundself-similarprocessjust likeone

longdurationTCPconnection.
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Fig. 11. a) Variance-timetest for the simulatedOn/Off processçè®¨é ¯ ( <ê=Z?HA � ) and the simulatedaggregateTCP traf-

fic ( <�=]?HAICMë ). b) Variance-timeplot of traffic generatedby equalsizeshortfile transfersfrom serv1.ericsson.co.huto

locke.comet.columbia.edu, loggingresolution100ms, <F=K?BADC .
A realnetwork measurementalsosupportsour argument.Shortfiles (90 kbyte)weredownloadedusing

the wget utility from serv1.ericsson.co.huto locke.comet.columbia.edu(round-trip time
���³� � -N¸��

ms,

averagedownloadrate ìí� - · �
kbps,SACK TCP)1. Whenever thedownloadended,a new downloadwas

initiatedfor thesamefile. Theexperimentlastedfor anhour, andthefile wasdownloadedabout800times.

Thetraffic wascapturedwith tcpdumpat theclient host.TheVariance-Time plot shows thatthetraffic rate

dynamicswasself-similar, in spiteof theshortfile-sizes,seeFigure11b.

As a new downloaddoesnot useany memoryfrom a previousTCPconnection,long-rangecorrelations

in shortTCPconnectionratescanbeexplainedonly by thelong-memorydynamicsof thenetwork. In case

of smallerfiles, TCP’s capabilityto adaptto changingnetwork conditionsdecreases.Although 90 kbyte

is larger thanthecurrentaveragefile sizein the Internet,it hasto beemphasizedthata subsetof connec-

tions is enoughto propagateself-similarity. Furthermore,if HTTP 1.1 replacesHTTP 1.0,persistentTCP

connectionswill beableto adaptbetterto traffic fluctuations,eventuallyimproving thepropagationeffect;

similarly, if a TCPimplementationpreservessomestatefrom a previousconnection,thepropagationeffect

is improved.î
Notethattheaccessspeedat theserv1.ericsson.co.husidewasincreasedto 256kbpsduringthis measurement.



B. DiscussiononShort-RangeDependentTCPStreams

For simplicity, first assumethat there is only one sessionwith On/Off TCP connectionsmultiplexed

with self-similar traffic. In this casec �IV � takesthe values0 or 1 for exponentiallydistributeddurations.

Assumingidealadaptivity, whenthesessionis active (a TCPis active), it cangraball capacityleft unused

by thebackgroundself-similartraffic. Thetraffic rateduringtheactiveperiodsof theOn/Off sessioncanbe

expressedby [ �RV � �ðïñ�IV �
where

ï��RV �
is thefreecapacityleft by theself-similarbackgroundtraffic (

ï��RV �
is an FGN process,seeSectionII). During inactiveperiods [ �IV � � �

. Thus the traffic rateof the TCP

controlledOn/Off sessionfor all
V

canbewritten in explicit form as

[ �RV � � c �RV � ïñ�IV � (3)

Assumingthatthesessionsareindependentof thebackgroundprocess( c �IV � and
ï��RV �

areindependent),

theautocovarianceof [ �RV � : òsó �I� � � cov
� [ �IV � rÂ[ �RV _ � �^� is

ò�ó �R� � �´ô � � c �IV � ï��RV ��\ , Ã ,Õõ
� � c �RV _ � � ïñ�IV _ � �ö\ , Ã ,Õõ

� �
(4)

where, Ã
�´ô �#c �RV � � and,Õõ �}ô � ï��RV � � . Factorizing:

ò�ó �I� � �}ô �#c �IV � c �RV _ � � �÷ô � ï��RV � ïñ�IV _ � � � \ , 6 Ã ,
6 õ (5)

Theleft handsideof theproductis

ô �3c �RV � c �RV _ � � �¹�1ô � � c �RV �ö\ , Ã _¶, Ã
� � c �IV _ � ��\ , Ã _9, Ã

� ��� ò Ã
�R� � _9, 6Ã (6)

Thesameholdsfor
ïñ�IV �

, andsothecovariancecanbewrittenas

ò�ó �R� � �ð� ò Ã
�R� � _¶, 6Ã

� � ò�õ �I� � _9, 6õ ��\ , 6 Ã ,
6 õ (7)

Finally,

ò�ó �R� � � ò Ã
�R� � ò�õ �I� � _9, 6õ ò Ã

�R� � _9, 6Ã ò�õ
�R� �

(8)

If
ïñ�IV �

is LRD, its autocovariancedecaysasymptoticallyasò�õ �I� ��ø � )�ùûú as
� 8 ü , where

�ßW]ý õ9þ -
.

Ontheotherhand,if c �RV � is SRD,its autocovariancedecaysasymptoticallyfasterthan
� )�ùûÿ where

ý
Ã
�ð-

.

Consequently, thecovarianceof [ �IV � decaysasymptoticallyat the lower rate,in this case,at the rateof

thebackgroundLRD processsince
ý õ þ ý Ã :

ò�ó �I� ��ø � )�ù ú as
� 8 ü (9)



If theOn/Off processis LRD aswell, e.g.,theOnand/orOff timesareheavy-tailed,thenasymptoticallythe

larger Hurst exponentcharacterizesthe path. In practice,the borderof the scalingregion dependson the

actualshapeof thecovariancesandthemeans,Õó and,Õõ .

If therearemorethanoneOn/Off streamssharingthebottleneckbuffer with a self-similarbackground

traffic stream,c �RV � takeshighervaluesthan1 aswell. However, for the adaptivity of the aggregateit is

sufficient to have at leastoneactive connectionasit wasshown in SectionIV-A. Theaggregatetraffic of

multipleOn/Off streamsadaptingto abackgroundstreammaybeapproximatedby

[ aggr
�RV � � � �#c �IV � �xïñ�IV � (10)

where
� � OT�

is theHeaviside-function,(
� �RÀ � � -

if
À ���

and
�

otherwise).
� �3c �RV � � itself is alsoanOn/Off

process.If theOn/Off processesareindependentandthey areexponentiallydistributed,then c �IV � formsa

Markov process(
� �3c �RV � � is theindicatorprocessfor theemptystateof this Markov chain)andit is SRD.

The conclusionof this sectionis that if the end-to-endserviceusesTCP connections,then the traffic

generatedby theserviceis alsoadaptive,andin thiscasetheadaptivity of theend-to-endserviceis sufficient

to “propagate”LRD to otherpartsof thenetwork. Moreover, if c �RV � is LRD, thenthelargerHurstexponent

����� � / Ã r{/ßõ
�

is propagated.

C. TCPConnectionsLimitedby theReceiverWindow

In sectionII-A it wasfoundthatseveralhighspeedconnectionswithin theUSdonotshow self-similarity

in thetests.Commonto all of thesemeasurementsis that thebandwidthdelayproducton theconnection’s

pathwaslarge,andthe TCPstraffic ratewaslimited not by free link capacity, but theadvertisedwindow

of the receiver. Even in this case,it is most likely that the connectionsharesbuffers with self-similar

backgroundtraffic, but sinceTCPis not ableto utilize thefull bandwidth,theadaptationeffectbetweenthe

backgroundtraffic flow andtheTCPconnectionis weak.

We performeda seriesof simulationsthat reproducethe above backbonescenario. We modified the

previous simulationmodel: the link speedwas increasedto 4 Mbps and the round-trip link propagation

delayto 100ms.Thebuffer sizeremained40packetsasin theprevioussimulations.Thebackgroundtraffic

wasa syntheticFGN traffic flow with / � �POR¸
, average0.5 Mbps, andvariance0.5 Mbps. With these

settings,theaveragelink utilizationwasjust 12.5%, similarly to anoverprovisionedbackbonelink.

We performedseveralsimulationswith a singleTCPpassingthroughthebuffer. In consecutive simula-

tions,theTCPreceiverhaddifferentwindow sizesrangingbetween10to 45packets.Eachsimulationlasted

for 7200sec,longenoughto performself-similaritytests.Whenthewindow is small,TCPis limited by the
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VT plot of theFGN trace.

advertisedwindow, thusit is not ableto utilize themaximumavailablethroughput.We expectthat in this

case,theimpactof backgroundtraffic on theTCPflow’sautocorrelationis weak.As thewindow increases,

the averageTCP ratealsoincreases,finally, after somepoint, the averagerateflattensout asthe network

loadbecomesthelimit for theTCPthroughput(seeFigure12a).Fromtheend-userperspective, this is the

desiredoperatingpoint of thesystem.

After eachsimulationrun,we performedthetestsfor self-similarity. Figure12bshows theresultsof the

Variance-Time tests.It canbeseenthatall traceshave thesameslopeasymptoticallyastheVT plot of the

backgroundtraffic independentlyof thesizeof thereceiverwindow. Thedifferenceis in thetimescalewhere

self-similarityscalingstarts:asthewindow increases,scalingstartsat smallerandsmallertimescales.This

phenomenonis the possibleexplanationwhy weobservedself-similarity mostly in caseof non-window

limited scenariosin our real-life testsin SectionII-A.

Today, therearestill many operatingsystemsandapplicationsthatdonotsupportlargewindows. In case

of high speedaccessspeeds,thepriceis sub-optimalTCPperformance.As high speedaccesstechnologies

(e.g,DSL or cablemodem)becomemorewidespread,it is likely that operatingsystemsandapplications

will demandlarger windows, moving thecut-off timescaleof propagationcloserto theestimatedanalytic

valuederivedin SectionIII-A.

Although larger windows causeincreasedvariancesin all timescales,seeFigure12b, the end-userper-

ceived throughputalsoincreasessignificantly in caseof “f at pipes”. If otherperformanceparametersare

taken into account,however, suchasdelayor loss,long-rangedependence(andhigherTCPratevariance)

maybeundesirable.
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Fig. 13. A TCPconnectiontraversingmultiplehopswith independentbackgroundLRD ( <�� ) inputs.

V. SPREADING OF SELF-SIMILARITY IN THE NETWORK

PreviouslyweanalyzedthecasewhenaTCPconnectionsharesasinglebottleneckbufferwith self-similar

backgroundtraffic, andit wasonly this bottleneckthataffectedtherateof TCP. In this sectionthenetwork

caseis discussed.

Two aspectsareanalyzed. The first onedealswith the casewhen the pathof an adaptive connection

passesthroughseveralbufferswith self-similarinputs.Thesebuffersarecandidatesto becomebottlenecks

occasionallyduringthelifetime of theconnection.Thesecondoneinvestigateswhetherself-similaritycan

spreadfrom oneadaptiveconnectionto theothercausingwidespreadself-similarityin a network area.The

presentedresultsareintendedto highlight thebasicmechanisms,sotheinvestigatedscenariosaresimplified

for theeaseof discussion.

A. Discussionof theMultiple Link Case

A wide areaTCP connectionusuallyspans10-15routersalongits path,out of which thereareusually

severalbackbonerouterswith highlevel of aggregatedtraffic, seeFigure13. A TCPconnectionhasto adapt

to thewholepath.Thecapacityof theend-to-endpath,at time
V
, dependson which buffer is thebottleneck

at this time. Becauseof traffic fluctuations,thelocationof thebottleneckmovesrandomlyfrom onerouter

to theother.

Assumingidealend-to-endadaptivity, therateof theadaptiveTCPconnectionis equalto thefreecapacity

of thebottlenecklink at time
V
:

[ �RV � � � uxw&�� Ã
ï & �RV � (11)

where c is thenumberof links and
ï & �RV � denotesthefreecapacityof the Á �I  link on thepath.

For simplicity, assumethat thecrossingbackgroundLRD streamson the links areindependentandthe

link at time
V

is eitherempty:
ï & �RV � � -

, or full:
ï & �RV � � �

. With this simplificationtherateof theadaptive

connectioncanbewritten as

[ �RV � � Ã
&(' %
ï & �RV � (12)
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In theprevioussectionit wasshown thattheproductof independentLRD processesis alsoLRD andit is

asymptoticallycharacterizedby thelargestexponent:

ò�ó �I� � �]� ),+.-0/21où31 as
� 8 ü (13)

Thus,in themultiple link caseit is the largestHurstexponentamongthebackgroundLRD streamson the

links thatcharacterizestheTCPconnection.

For a numericalexampleusingmorecomplex processes,four FGN backgroundsamplesweregenerated

with equalmeanrates,but with differentHurstexponents,to model
ï & �RV � , Á � -�OÂOÂO54

, seeFigure14. The

end-to-endprocess[ �IV � , which is theminimumof theFGN processes,is asymptoticallysecond-orderself-

similar, andit hasthesameHurstexponentasthelargestHurstexponentamongthe
ï & �RV � processes,i.e., the

resultis thesameasin thesimplefull/emptycase.

Anotherpossibleinterpretationof (11) is thatweconsiderthe
ï & �RV � notasrateprocesses,but asindicator

processesof congestion.From the enduserperspective it is importantto analyzewhetherthe network is

ableto supporttheexpectedservicelevel requirements,for example,whetherthefile transferratedegrades

below anacceptablelevel or not. Let
ï & �IV � bethe indicatorprocessof link Á indicatingwhetherthe link is

congestedandit cannotsupporttheexpectedserviceratefor theconnection(
ï & �RV � � �

), or is notcongested

(
ï & �RV � � -

). Thus,if the backgroundcongestionindicatorprocessesareLRD, thenit is the largestHurst

exponentthatcharacterizestheend-to-endservicecharacteristicsof theinvestigatedTCPconnection.

B. Spreadingof Self-SimilarityamongAdaptiveConnectionsin Multiple Steps

So far, in all analyzedcases,adaptive traffic wasin direct contactwith self-similarbackgroundtraffic.

In this sectionit is investigatedwhetherself-similarity causedby adaptationcanbe passedon to adaptive
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Fig. 15. Network modelfor theinvestigationof self-similarityspreading.

traffic streamsthat have no direct contactwith the source of self-similarity. A few simpleconditionsare

given aswell. Assumingthat our argumentis valid, self-similarity canspreadout from a localizedarea,

consequently, strongself-similarityis balancedthroughoutawider areaof thenetwork.

A simplenetwork scenariois usedfor theinvestigation.An adaptive traffic stream(directstream) shares

alink with self-similarFGN( / � �POR¸
) backgroundtraffic. Thedirectstreamis mixedwith anotheradaptive

streamon a secondlink, which itself hasno direct connectionwith the FGN traffic (indirect stream),see

Figure15. Thedatarateof thedirectstreamis thusaffectedby two otherstreams,andalsothetwo adaptive

streamshaveaneffectononeanother. Wearegoingto investigatethestatisticalpropertiesof boththedirect

andtheindirectstreams.

Assumeidealadaptivity andmax-minfairnessamongtheadaptivestreams.Also assumethattheservice

ratesof both links areequal(
Y

). If thebackgroundstreamwasinactive, thebottleneckwould be thefirst

buffer andtheadaptivestreamswouldsharesimplyhalf theservicerate,bothsendingat a rateof
Y �B�

.

[ 0 & k
�RV � � [ & p 0 & k

�RV � � Y �B�
(14)

In thepresenceof theFGNstreamflowing throughthesecondbuffer, theratescanstill remain
Y �B�

, unless

it is thesecondbuffer whichbecomesthebottleneck,i.e.,whenthecapacityleft unusedby theFGNstream

is
Y]\ [4õ76 Ã

�RV � þ Y ���
. In thiscasethedirectstreamcanuseatmost [ 0 & k

� Y]\ [�õ76 Ã
�RV �

, sotheindirect

streamcangraball remainingservicecapacityin thefirst buffer [ & p 0 & k
� YF\ [ 0 & k

� [�õ76 Ã . In short:

[ 0 & k
�IV � � � uTw � Y ��� r Y]\ [�õ76 Ã

�RV �v�
(15)

[ & p 0 & k
�IV � � �8�5� � Y ��� r{[�õ76 Ã

�RV �^�
(16)

Calculationof the autocovarianceof [ 0 & k and [ & p 0 & k is difficult becauseof the min andmaxoperators.

We considertwo simple,extremecases.In thefirst case,therateof thebackgroundLRD streamis always

greaterthan
Y ���

, simplifying the expressionsto [ 0 & k
�RV � � Y´\ [�õ76 Ã

�RV �
and [ & p 0 & k

�IV � � [�õ76 Ã
�RV �

, i.e.,

spreadingof self-similarity is ideal. In the secondextremecasethe rateof backgroundprocessis always

smallerthan
Y �B�

, leadingto [ 0 & k
�IV � � [ & p 0 & k

�RV � � Y ���
, i.e.,self-similaritydisappears from bothadaptive

streams.Theseresultshasbeenverifiedby simulationsaswell.
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Fig. 16. a)R/Splot of heavy-tailedstream< � ?HA ÐJë . b) R/Splot of indirectstream< � ?HAIC �
The investigatedscenariodemonstratesthesimplestmechanismof how adaptive connectionsmayhave

effect on eachother. We simulateda morecomplex scenario,wherethesyntheticFGN streamis replaced

by anaggregatestreamof randomlygeneratedshortTCPfile transfers.Thedistribution of thefile sizesis

heavy-tailed. ThedirectandindirectTCPstreamsarealsoreplacedby aggregates,but thefile sizeswithin

theseaggregatesarelight-tailed.

Thestreamsconsistof ?
  ¼mfA@7º{) � f & »3¼ 0

�
? 0 & k

�
? & p 0 & k

� -J���
sessions.Thefile sizedistributionsarePareto

distributionswith the following parameters:the averagefile size is 40 kbyte for all streams,the average

waiting time betweenfiles is 20 sec.Theshapeparametersare b   ¼mfA@7º{) � f & »3¼ 0
� -{O�-

and b 0 & k
� b & p 0 & k

�CB
for

boththefile sizeandthewaiting time distributions.With theseparametersonly onestreamhasheavy-tails

( b   ¼mfA@7º{) � f & »3¼ 0 þ
�
).

The resultsof thesimulationexperimentareshown in Figure16. As suggestedin [5] the traffic stream

consistingof heavy-tailed file downloadsis LRD ( / � ��OT¸ �
). In addition, the indirect traffic stream,

althoughit wascreatedusinglight-taileddistributionsis LRD aswell ( / � �PORQ¹-
). Thecauseis that long-

rangedependentfluctuationsarepropagatedvia theindirectstream.

Performingthe previous experimentusingdifferentparameters,we have found that dependingon the

traffic mix, the spreadingbetweenindirect and direct streamscan be strongbut it can be also weak as

well. In certaincases,spreadingto anindirectstreamdoesnot happenat all, just like in thesimpleanalytic

exampleassumingidealTCPflowsandmax-minfairness.Theexactrequirementsfor spreadingaresubjects

for furtherstudy.



VI. CONCLUSIONS

It wasdemonstratedhow a TCPconnection,whenmixedwith self-similartraffic in a bottleneckbuffer,

takeson its statisticalsecond-orderself-similarity, andpropagatesscalingphenomenato otherpartsof the

network. It is suggestedthatTCP’sadaptationmechanismcanbemodeledasalinearsystem.Thecharacter-

istic transformfunctionis shown to belargely independentof theTCPversion.An analyticapproximation

of thecut-off timescaleof thepropagationeffect waspresented,suggestingthatthelower cut-off timescale

dependson the end-to-endpathproperties.The calculationsarealso in agreementwith the resultsfrom

macroscopicTCPmodelspublishedin theliterature.Thelimitationsof this propertywereanalyzed.It was

shown thatTCPinheritsself-similaritywhenit is mixedwith self-similarbackgroundtraffic in abottleneck

buffer throughthe transformfunctionof the linearsystem.This propertywasdemonstratedfor bothshort

andlong durationTCPconnections.We alsoinvestigatedTCPbehavior in a networking environment.We

arguethat the phenomenonof propagationis robust evenwhenTCP connectionspassseveral routersand

alsowhenthereceiverwindow sizelimits thesendingrate.

Themechanismsdiscussedin this papercanbeconsideredasbasic“building blocks” for a futurewide-

areatraffic model; in real-life it is always their combinedeffect that we can observe. As thousandsof

parallelTCPconnectionscontinuouslyintertwinetheInternet,themechanismsdescribedin this papermay

provide uswith a deeperinsight into why significantandstrongself-similarity is a generalandwidespread

phenomenonin currentdatanetworks.
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