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Abstract

This paperanalyzeshow TCP congestiorcontrol can propagateself-similarity betweendistantareasof the Internet. This
propertyof TCPis dueto its congestiorcontrol algorithm,which adaptsto self-similarfluctuationson severaltimescales.The
mechanismandlimitations of this propagatiorareinvestigatedlt is demonstratethatif a TCP connectiorshares bottleneck
link with aself-similarbackgroundraffic flow, it propagatethecorrelationstructureof thebackgroundraffic flow asymptotically
aboveacharacteristitimescale Thecut-off timescaledlepend®ntheend-to-engathpropertiese.g.,round-triptime andaverage
window size,andthereceverwindow sizein caseof high speedconnectionslt is alsoshavn thatevenshort TCP connections
canpropagatdong-rangecorrelationseffectively. In casewhenTCP encounterseveral bottleneckhops,the end-useperceved
end-to-endraffic is alsolong-rangedependenandit is characterizedby the largestHurstexponent. Throughsimpleexamples,
it is shawvn that self-similarity of one TCP streamcan be passedon to other TCP streamsthat it is multiplexed with. The
limitationsof propagatiordependon network conditions.Propagatiocomplementshewidespreadcalingphenomenaeported
in theliterature.Our algumentsaresupportedvith a combinationof analytictechniquessimulationsandstatisticalanalyzesf a

numberof wide arealnternettraffic measurements.
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|. INTRODUCTION

Statisticalself-similarityandlong-rangedependencareimportanttopicsof recentresearclstudies.Both

phenomenarerelatedto certainscale-independerstatisticalproperties. Statisticalself-similarity canbe
* Thisis anextendedversionof a papempresentedt SIGCOMM 2000[30].



detectedvhentraffic ratefluctuateson severaltimescalesandits distribution scaleswith the level of aggre-
gation. Long-rangedependenceneanghatthe correlationdecaysslower thanin traditionaltraffic models
(e.g.,Markovian),i.e., it decayshyperbolically A numberof authorshave arguedthatself-similarityin data
networks canbeinducedby higherlayer protocols[5] [6] [24] [26] [29] [31]. In this paperwe do not dis-
cusstherootsof self-similarity, instead we demonstratéow the inducedself-similarity is propagatecnd
spreadn the network by lower layeradaptve protocols,in particular by TCR which representshe domi-
nanttransportprotocolof the Internet. This paperalsoanalyzegheimpactof self-similarity on end-to-end
TCPdynamicsandhow the end-usepercevedratefluctuationsdependn the end-to-encpathproperties.

Thephenomenowof self-similaritywasobsenedin datanetworksin [14] [15], followedby severalexper
imentalpapersshowing fractalcharacteristicé othertypesof networksandtraffic, (e.g.,in videotraffic [3]
[11] orin ATM networks[18]). A comprehensie bibliographicalguideis presentedh [32]. Theseobsera-
tions have questionedhe validity of previous shortmemorymodelswhenappliedto network performance
analysig24]. Theimpactof self-similarmodels,e.g.,FractionalGaussNoiseon queuingperformancéias
beeninvestigatedn anumberof paperd4] [7] [20].

Considerablesffort hasbeenappliedto investigatingthe causef this phenomenonlin [5] the authors
argue that self-similarity is inducedby the heavy-tailed distribution of file sizesfoundin Web traffic. In
[31] EthernetLAN traffic wasmodeledasa superpositiorof independenOn/Off processesvith On and
Off periodshaving heary-tailed distributions. An importantrelatedtheoreticalresult[26] provesthatthe
superpositiorof a large numberof suchindependenalternatingOn/Off processesorvergesto Fractional
GaussiarNoise.

To prove the validity of this modelin TCP/IPnetworks, several papershave investigatedhe connection
betweenapplicationlevel file sizes,userthink-times,andthe On/Off model. As thereare several layers
betweenthe applicationandthelink layer, it is of primaryimportanceo investigatehow protocolscorvert
and transferheavy-tails throughthe protocol stackdown to lower layers. The effect of TCP and UDP
transporprotocolsareinvestigatedn [8] [22] [23] andit is foundthatTCP presereslong-rangedependence
(LRD) from applicationto link-layer.

Basedon this result,the authorsof [8] and[9] arguethattransportmedanismsstronglyaffect the short
timescaleébehaior of traffic, but they havenoimpactin large timescalesin this paperwe demonstratéhat
this statemenis valid only for thelocal behaviorof TCPwhenonly thetraffic of asinglelink is investigated.
In contrastjn the networkcasea surprisinglycomplex mechanisnis present.

The On/Off modelis attractve becausé captureshe heary-tailednesgproperty Neverthelesst assumes



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

algorithmto continuouslyadaptits rateto actualnetwork conditions.If network conditionsaregovernedoy

large timescalefluctuations then TCP will “sense”this andreactaccordingly This papershowns that TCP

efficiently adaptdo traffic ratefluctuationson severaltimescalesin addition,we demonstrat¢hat TCP can
be modeledasa linear systemabove a characteristidcimescaledependingon the round-triptime andthe

maximumwindow size(T' = RTT = W/2). Theasymptotidinearity impliesthatthe correlationstructure
of abackgroundraffic streamis takenover faithfully by anadaptve TCP flow. In particular we shav that

TCP caninherit self-similarityfroma self-similarbadkgroundtraffic stream SinceTCP hasanend-to-end
control, while adaptingto thesefluctuations,it propagatesself-similarityencounteredn its pathbetween
the sourceandthedestinatiorhost.

We alsodemonstratéhatif a TCPstreamis multiplexedwith anotheione,then,dependingpnthenetwork
conditions,t canpasson self-similarscalingto theotherTCP stream.In our modelthe network is regarded
asa meshof end-to-endadaptve streams.Intertwined TCP streamscan spread self-similarity throughout
the network contributing to globalscaling.By analyzingthe effectsfrom a network point of view we argue
that,on onehand, TCP playsanimportantrole in balancingandpropagatingglobal scaling. On the other
hand,it keepslocal scalingintactwhereit is alreadystrong. This way we complementesultsreportedin
[8]. Themainpurposeof this paperis to analyzethe basicmechanisméehindthesephenomena.

To clarify our terminology we briefly summarizethe definition of a few basicconceptslLet X = (X :
k > 0) be a weakly stationaryprocessrepresentinghe amountof datatransmittedin consecutie short
time periods.LetX(m = L yhm (i—1ym+1 Xi Wherem > 1 denotethe m aggregatedprocess.X is called
exactly self-similarwith self-similarity parameter if X; = 4 mi- HX ) andthe equalityis in the sense
of finite-dimensionatlistributions. In the caseof second-oder self-similarity, X andm'~7 X have the
samevarianceandautocorrelationSecond-ordeself-similarity manifestdtself in severalequivalentways,
oneof themis thatthe spectraldensityof the processlecaysas f!~2 attheorigin asf — 0. This latter
property alsodefinesthe classof Long-RangeDependentprocesses.

In practice, exactself-similarity cannot be testedbecauset would require testing scaleinvariance
of all finite dimensionaldistrib utions. We restrict ourselvesto second-orderself-similarity, which can
be tested betweensomefinite upper and lower cut-off timescales,see[2]. Therefore, in this paper
we alsousethe term “self-similarity” to refer to scalingof second-orderpropertiesover somespecific
timescalesseealso[17] [27]. Wenotethat certain statementsof the paper are alsovalid in the senseof

exact statistical 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 the TCP version.

The paperis organizedas follows. In Sectionll, several wide-areaTCP measurementare analyzed
shawing self-similar scalingand a possibleexplanationis presentedasedon a few simple assumptions.
Sectionlll investigateshow TCP adaptsto fluctuationson differenttimescales.We showv that TCP in a
bottleneckouffer canbemodeledasalinearsystemabove acharacteristitimescale SectionlV investigates
how an aggrgateof TCP sessionavith durationsof heary-tailed andlight-tailed distributions propagates
self-similarity of a backgroundraffic stream.We alsoanalyzethe caseof high speedconnectionsywhen
the connectiorrateis limited by the adwertisedwindow of therecever. Finally, SectionV presentsesults
concerningthe spreadingof self-similarity in the network casewhen TCP hasto passmultiple hopsand

competdor resourcesvith otherTCP streams.

Il. ADAPTIVITY OF TCP: A PossIBLE CAUSE OF WIDESPREAD SELF-SIMILARITY

In this sectionwe demonstratéiow TCPadaptatioreadsto the propagatiorof self-similarityusingwide
areanetwork measurementsl he testmethodologyis alsoexplainedusinga singlemeasurementhenthe
testresultsof severalotherWAN TCP measurementarepresentedFinally, we introducea simpleanalytic

modelof TCP adaptation.

A. ScalingAnalysisof Wide AreaTCP Measuements

During the first experimenta large file was downloaded(a traffic tracefile from the Internet Traffic
Archive)fromanFTPsener (ita.eelbl.gov) to aclienthostl5hopsawayin Hungary(servl.ericsson.co.hu
passingseveral backboneprovidersanda trans-Atlanticlink. At the client sidetherewasno othertraffic
present.Theclientwasdirectly connectedo anISPby a128kbpsleasedine. All pacletswerecapturedat
theclient sidewith thetcpdumputility. Thetotalamountof bytesrecevedwas50 Mbyte andit waslogged
with aresolutionof 50 msduring the file transferwhich lastedfor 6900s. The averagethroughputwhich
takesinto accountthe retransmissionandthe TCP/IP overheadwasabout58 kbps(i.e., somecongestion
wasexperiencedn thenetwork). Theaverageound-tripdelaybetweerthesenerandtheclientwas208ms.
Fromthe paclettracewe concludedhattheversionof the TCPwasReno.

Testswereperformedfor the presencef self-similarity Herewe presenthreetests thefirstandsecond
onesarebasedon the scalingof the absolutemomentyalsocalledabsolutemeanandvariance-timeplots

[25]), andthe third oneis a wavelet-basedanalysis[1], seeFigure 1. The resultof the testssuggests
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Fig. 1. Scalinganalysisof thetraffic generatedy afile transfedoggedatthe client side.a) AbsolutemeanmethodH = 0.76.

b) Variance-timeplot H ~ 0.77. ¢) WaveletanalysisH ~ 0.744 [0.710.788].

asymptoticself-similaritywith Hurstparameteapproximately).75. Non-stationareffectsareoftenpresent
in actualdatatraffic, which candeceve theself-similarityandLRD tests,se€[19]. To avoid suchpitfallswe
appliedthe waveletbasedestdevelopedby Veitch [28] to testwhetherthe scalingexponentsare constant
throughouthetrace.

During the experiment,therewas only one connectionactive on the link, so explanationsbasedon the
superpositionof heavy-tailed On/Off processesexponentialbacloff [10] [12], or chaotic behaior [29]
are not applicablelocally. However, the investigatedT CP connectiontraversedseveral backbonelinks
where dueto thelargetraffic aggregations self-similaritycouldariseeitherbecausef heary-tails or chaotic
competition. Presumablywhatever the reasonfor self-similarity was, the TCP connectionadaptedo the
backgroundraffic streamat the bottlenecKink, andthe effect of the adaptatiorwasthatself-similaritywas
propagatedo the measuremergoint.

We repeatedhe measuremertietweerdifferenthostsin the Internet,coveringvery differentnetworking
situations.Becausehe scalingregion hasto cover atleasttwo ordersof magnitudefor the scalinganalysis,

themeasurementsaveto belongenoughatleastseveralhundredsecondsong. During suchrelatively long



sewer 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 |

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

(WAVELET-H)

measurementslaily trendsor othertypesof non-stationaritynaydisturbthetests.Stationarityanalysisvas
performedto evaluatewhetherthe time seriescanbe consideredo be stationary As it wasshowvn in [10]
and[12], if the pacletlossprobabilityexceedsacertainvalue,it mayalsocausel CPtraffic to becomd.RD
evenif backgroundraffic is SRDandpacletlosseshappenndependentlyAlthoughthis phenomenomay
beveryimportantin theemegenceof LRD in TCPtraffic in highly congestedinks, sincewe areinterested
in TCP’s adaptationyve only consideredneasurementshereTCPtimeoutswerenot excessvely long.

Thebasicstatisticsof theanalyzedracesareshown in Tablel. Thefirst groupof measurementsonsists
of “international” measurementsetweerhostsoutsideof US and ColumbiaUniversity, New York. In this
groupwe have tracesfr3 (France) uk (UK), au (Australia). The next threemeasuremeni@retrans-Atlantic
measurementbutin thesecasetheend-hostsvereconnectedia relatively smallspeedeasedines,in case
of huthespeedf theleasedine was128k,while leasejan2@ndleasejan28vereperformedhrougha 256k
leasedine of asmallhome-ISPall in BudapestHungary Thenext measurementablejan wasperformed
betweenColumbiaUniversityandahostconnectingwith a cablemodemto a public ISR, alsoin New York.
Thelastgroupconsistof high-speedbackbone”measurementsll within theUS: us3 usFeb3 usRa. All
thesemeasurementseredonebetweenColumbiaUniversityandWWW or FTP senersconnectingo the
Internetvia high speedinks.

Self-similarity waspresenimostly in traceswherethe test TCP connectiorpossiblypassedneor more
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bottlenecks(i.e., in the“international”,“cable modem”and*“leasedline” traces).In caseof backbonemea-
surementsself-similarity was preseniduring peakhours. Otherwise during low load periods,we usually
measured? = 0.5. In almostall the casesvhenself-similaritywasnot presentwe couldfind thatthe TCP
ratewaslimited by the adwertisedwindow andnot the free capacityon the path. Anotherpossiblereason
is thatthe accesdine limits the TCP rate,in which casethe resultingtraffic flow is smoothed.The effect
of pathswith large bandwidthdelay productsand small windows on the propagatiorof self-similarity is

furtheranalyzedn SectionlV-C.

B. SimpleAnalyticModel

In this section,we introducea simple analytic model supportingthe argumentthat TCP canadaptand
inherit self-similarity from backgroundraffic. Laterin the paperwe analyzethe limitations of the simple
modelandwe aregoingto refineit further.

All relevant componentf the simplified network model areillustratedin Figure2. A single greedy
TCP connectiorsendsdatabetweerhostA andhostB. The pathof the connectionconsistsof threeparts:
a network cloud beforeandafterrouterR anda bottleneckbuffer in routerR, wherethe connectiorhasto
shareservicecapacityand buffer spacewith a self-similar backgroundraffic flow. Self-similarity of the
backgroundraffic canbe induced,for example,by large aggre@ationsof infinite varianceOn/Off streams
assuggestedn [5]. In theanalyticmodelit is assumedhat TCP canadaptideally to a backgroundraffic
streamin abottleneckouffer. Under“ideal adaptvity” we meanthatthe TCP connectioris ableto consume
all remainingcapacityunusedoy the backgroundraffic stream.lt is alsoassumedhatthe TCP connection
doesnothave ary effectonthebackgroundraffic. Thegeneralityof thisassumptiortoversseveralpractical
casesfor example,if thebackgroundlow is alarge aggregateconsistingof alarge numberof connections.
Thelimits of theseassumptionsreanalyzedaterin the paper

Denotethe backgroundraffic rateby B(t), 0 < B(t) < C, where( is the servicerateof the bottleneck



buffer in bit per seconds.If TCP congestioncontrolis “ideal” andits effect on the backgroundraffic is
neglected thenthe TCP connectiorwill utilize all unusedservicein the bottleneck.Therateof the “ideal”
TCPflow is denotedoy A(t):

A(t) =C — B(1).

The resultingprocesss simply a shiftedandinvertedversionof B(t), which implies thatthe correlation
structureof processes!(t) and B(t) arethe same.In otherwords, TCP “inherits” the statisticalproperties
of the backgroundprocess.In particular let us modelthe backgroundraffic rate asFractionalGaussian
Noise(FGN):

B(t) = m + aNg(t) (1)

wherem is theaverageratein bit persecondgbps], a is thevarianceand Ny (t) is anormalized=GN pro-
cesswith Hurstparamete/. NotethatFGN is adiscretetime processsotherateattimet is approximated
by theamountof bytessentduringsufiiciently smallconstantiurationtime periods.Basedontheaguments
above, theadaptingTCPwill alsobeanFGN with the samestatisticalself-similarity exponentH. As TCP
congestiorcontrolworks end-to-endthe sametraffic ratecanbe measuredlongthe pathbefole andafter
routerR aswell. Thisimpliesthat TCP propagateself-similarity or LRD to partsof the network where
otherwiseit would not be present.

The resultabove is basedon a simple scenariousinga few assumptionssuchasideal TCP adaptvity,
single bottleneck,andassuminghatthe TCP flow doesnot modify the backgroundraffic characteristics.
However, if the implicationsof this simple scenarioarevalid in real TCP/IP networks, the consequences
for traffic engineeringare far reaching. Regardingthis, we are going to addresghe following important
questions:

1. Whatarethelimitationsof TCPadaptationi.e.,how “ideal” is TCPcongestiorcontrolwhenpropagating
self-similarity or otherstatisticalproperties?

2. A singlelong-lastingconnectionwasusedin the simplenetwork modelandin the measurementsCan

self-similarity be propagatedby shortdurationTCP connections?

3. We assumedhatthe backgroundself-similaritytraffic flow is non-adaptre. Is self-similarity propagated
if thebackgroundraffic flow is anaggreateof adaptve flows?

4. We considered single bottleneckon the TCP path. On the otherhand, TCP connectionsnay traverse
multiple bottleneckroutersandbuffers wherethey canmix with multiple self-similarinputs. Whatarethe

characteristicef theend-to-endlCP flow in this case?



5. Is self-similarity propagatedetweeradaptve connectionsin particular canself-similarity beinherited

from oneTCPto anothemnethathasno directcontactwith the sourceof self-similarity?

[I1. TCP ASA LINEAR SYSTEM

In the previous sectionit was assumedhat TCP congestioncontrol is “ideal”, which, asa matterof
course,cannotbe the casein real networks. The consequencef self-similarity is that fluctuationsare not
limited to a certaintimescale.Whenanalyzinghow “real” TCPspropagateself-similarity, the adaptation
of TCPto fluctuationson severaltimescaleshouldbe investigated.n this sectionit is shovn that TCPin
a bottleneckbuffer canbe modeledasa linear system,i.e., TCP takesover the correlationstructureof the
backgroundraffic throughalinearfunction.

TCPis anadaptve mechanisnthattriesto utilize all freeresource®nits path. Adaptationis performed
asacomple controlloop calledthe congestiorcontrolalgorithm. Of course full adaptations notpossible,
asthe network doesnot provide promptandexplicit informationaboutthe amountof freeresourcesTCP
itself musttestthe path continuouslyby increasingts sendingrate graduallyuntil congestions detected,
which is signaledby a paclet loss,andthenit adjustsits internal statevariablesaccordingly Using this
algorithm, TCP congestiorcontrolis ableto roughly estimatethe optimal load in a few roundtrip times.
Sincecongestiorcontrolwasintroducedn thelnternet[13], it hasprovedits efficiency in keepingnetwork-
wide congestiorundercontrolin awide rangeof traffic scenarios.

In this sectionwe analyzetheadaptvity of TCR andconcludethata simplenetwork configurationwhich
consistsof a single bottleneckbuffer sharedby a “generator”flow and a “response”TCP flow, canbe
modeledasa linear systemabove a characteristi¢cimescale.Thelower cut-off timescaleof linearbehaior
depend®nthe pathpropertiesof theconnectionThelinearsystemransformscertainstatisticalproperties,
e.g.,autocwvariance petweerthe “generator’streamandthe “response’traffic streamthrougha transform

function,whichis characteristiof the network configuration.

A. Measuringthe Adaptivityof TCP on Several Timescales

In thefirst analysisa single,long, greedyTCP streamis mixed with randombackgroundraffic streams.
SeeFigure3for theconfiguration.Thebackgrounagtreamsareconstructedn away, suchthatthey fluctuate
on alimited, narrav timescale.To limit the timescaleunderinvestigationthe backgroundraffic approx-
imatesa constantamplitudesinewave of a givenfrequeny f: Apuckgrouna(f,t) = asin(2rft + a) +m
wherea is a uniformly distributedrandomvariablebetween0, 27]. The processA,ackgrouna(f, ) IS asta-

tionary ergodic stochastigrocesswith correlationR(7) = a?/2 - cos(27 f7). The power spectrumof this



TCP stream Router A (C1,B1,d1) Router B (C2,B2,d2)

Measurement point
background stream

Fig. 3. Simulationmodelfor thetestof TCP adaptvity to a self-similarbackgroundraffic stream.Thetwo buffersareidentical:

serviceratesC, = Cy = 1Mbps, propagatiordelaysd; = d> = 5ms,buffer sizesB; = B, = 40 paclets.

procesonsistof a singlefrequeng componenat f. In the simulationthe backgroundorocesshasto be
approximatedy a paclet stream(paclet size of 1000bytes). The resultingspectrumof the “packetized”
time seriesis notanimpulsebut anarrav spike, seeFigure4.

If TCPis ableto adaptto the fluctuationsof the backgroundraffic flow, the samefrequeng f should
appearasa significantspike in the power spectrunmof the TCP traffic rateprocessaswell. Theratio of the
amplitudesof thisfrequeny componentn the spectrds ameasuref thesucces®f TCP adaptatioronthis

timescale Denotethe measue of adaptivityatfrequeny f by D(f)

D(f) = Stcp(f)/sbackground<f) (2)

whereSy.ckgrouna( f) is thespectrabensityof the backgroundraffic rateprocessatfrequeny f andsS,.,(f)
is the spectraldensityof theadaptingT CP rateprocessat the samefrequeng.

Figure 4a shavs an experimentwith a backgroundsignalof f = 0.01[1/s]. Thetop partof the figure
shownsthe spectrunof thebackgroundraffic approximatinga sinewave of frequeng f. Thebottompartis
the measuredpectrunof the TCP responseThe spectrunmof the responsdiasa significantspike at f, but
it alsocontainsafew smallerspikesat higherfrequenciesausedy the congestiorcontrolmechanism.

Conductinghe experimentfor awide rangeof frequencies, it is possibleto plot theadaptvity curve of
TCR Figure4b shavstheresultfor severalversionsof TCP. Notethatthe shapeof thefunctiononly slightly
depend®nthe TCPversion.It canbeseerthatin this configuration,TCP adaptswvell to frequenciedelon
fo = 0.15[1/s], but it cannotadaptefficiently to fluctuationson higherfrequencies.

At f, aresonanceffectcanbeobsened. At thisfrequeny TCPis moreaggressie,andgainsevenhigher
throughputthanwhatis left unusedby the non-adaptie backgroundlow (D(f,) > 1). This frequeng is
equalto thedominantfrequeny of the TCP congestiorwindow processvhenthereis no backgroundraffic
presen{idle frequeng), seeFigureb.

In [16] amacroscopienodelfor TCP connectionsvaspublished.It is derivedthatif every p!* pacletis

lostfor a TCP connectionthenthe congestiorwindow procesgraversesa periodicsavtoothandthelength
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of theperiodis T = RTT x« W/2, where RTT is theround-triptime of the pathin secondsand IV is the
maximumwindow sizein paclets.In our casewe canapproximateR7TT = B/C + d, whereB is the buffer
sizein paclets,C' is the serviceratein pacletspersecondandd is the total round-trip propagatiordelay
in secondsThemaximumwindow sizeis W = B + (Cd, whichis the maximumnumberof pacletsin the
pipe (buffer andlink). This givesanestimateof 7" = 6.81sand f.,.. = 1/7" = 0.15[1/s]. Theresultagrees
with themeasuredesonancérequeny f,, andconfirmsour agumentthattheresonanceffectobsenedin
the measuref adaptvity function D(f) is dueto the TCPwindow cycles(seeFigure4b).
Thecharacteristitimescaleof the TCPwindow cyclesspansarelatively wide rangein realnetworks,and
therelationof 7" ~ RTT«W /2 canbeusedfor anapproximation For example,if theround-triptime, which
in the previous simulationwas approximately0.33s, is ratherin the rangeof a few tensof milliseconds,
the cut-off timescaledropsbelon 1 s. Even below this timescaleTCP adaptsto fluctuations,thoughthe

effectivenesss limited, as shavn by the transmissiorcurve. The characteristidrequeng f, separates



traffic dynamicsto “local” and“global” scales. Above f, the backgroundorocessshapeghe spectrum,
while below f,, thespectrunis aresultof TCP controldynamicsandexternalstochastiprocessebave less

impactonit.

B. Testsfor Linearity

In real networks backgroundraffic is not limited to a singletimescale.In the following, we analyzethe
casewhen several frequenciesare presentandtestwhetherTCP is ableto adaptto fluctuationson these
timescalesor not. The motivation is to prove that TCP can adaptto fluctuationson several timescales
independentlyf eachother morepreciselywe wantto shav that TCP controlis linear.

By linear systemwe meanthatif the backgroundraffic rateis givenby B(t¢), andthe adaptingTCP
traffic rate A(t) is expressedusinga function ¥, then A = C — ¥(B), whereV is a linear function of
B: V(a1 By + a2Bs) = a1V (B) + aa¥(Bs). Note that the linear systemdoesnot imply that A is a
linear function of B. In caseof idealadaptvity, W takesthesimpleform of ¥(z) = 2, andthe TCPrateis
obtainedsimplyasA(t) = C' — B(t), seeSectionll. If thebackgroundraffic is a superpositiorof streams

Bi(t), i=1...N

thentherateof TCPis givenby
X(t)=C—=¥Y(B(t)=C-— z; U(B;(t)).

This constructiorprovidesuswith a simpleteston linearity: we investigatehe responseo the superpo-
sition of several B;(t) streamsandinvestigatethe spectrumof the response Figure 6a shavs the spectral
densityof thebackgroundandthe TCPresponsavhenthebackgrounds acompositionof 10 randomphase
sinewavesequidistantlyspacedn alogarithmicscale(the nonzerowidths of the spikesaredueto the fact
that the backgroundmix only approximatesine waveswith varying paclket spacing). It canbe obsenred
that,below f = 1, TCPis ableto adaptto all frequeng components the mix.

To testwhetherTCP really adaptgo fluctuationsindependentlya wide rangeof traffic mixesweresim-
ulatedconsistingof two frequenciesf; and f;. A large numberof simulationswere performed,covering
awhole planewith the two frequenciesin the rangeof [0.05, 500][1/s]. We thencalculatedthe adaptvity
measurdor oneof the frequencie{D( f1)). If the systemis linear, the measureof adaptvity function at
frequeny f; shouldbeindependensof theotherfrequeng f,. Oursimulationresultssupportthis argument,

seeFigure6h.
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C. Respons#& WhiteNoise

In the previousanalysisthe backgroundgrocessewerelimited to superpositionsf sinewave processes.
In real networks backgroundraffic streamscannotbe modeledby just a few frequeny componentsit is
moreappropriateéo modelbackgroundraffic streamsas“noises”.

Two typesof specialnoisesaremostrelevantin traffic modeling:the White Noise(WN) processandthe
FractionalGaussiarNoise (FGN) process.The White Noise processs the mostcommonlyusedprocess
in the analysisthe frequeng responsef a systemandthe FractionalGaussiarNoise processrequently
appearssthelimit procesf traffic aggreyations[26].

If TCPis alinearsystemthenit shouldtransformthe correlationof any complex stochastigrocesge.g.,
WN or FGN) throughthe sametransformfunction. In this sectiontheresponsef TCPto aWN processs
analyzed.WN is a specialnoisethathasconstantpectraldensity If TCPis linear, thenit shouldrespond
with the characteristicurve obtainedpreviously. Theresultis depictedin Figure7. The similarity of the
curve to our previoustest-signabasedest(D( f)) supportghelinearity algument.In addition,the constant
flat range which startsat a characteristitimescaleandspansseveraltimescalesipwards,providesus with
information aboutthe timescalelimitation of TCP adaptvity. Note that this mechanismbehaeslike a

low-pasdilter.

IV. TCP ADAPTATION TO SELF-SIMILAR BACKGROUND TRAFFIC

Oncewe have investigatedhe linearity of TCP andhave shovn thatthe transformfunctionis flat belov
a characteristidrequeng, it is quite obvious to expectthat TCR, while adaptingto signalsof complex

frequenyg content,reproduceshe samespectraldensity as the original signal above a timescale,which
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dependson the path properties(round-triptime, size of the pipe, etc.). If, for example, TCP traversesa

link wherethetraffic shavs self-similarity, it will adaptto it with a spectraresponsequalto the spectrum
of the self-similartraffic (asymptotically). As TCP’s control algorithmworks end-to-endthis propertyis

“propagated’all alongthe TCP connectiorpath.

A visual testcan be seenin Figure 8, wheretraffic ratesof a self-similar H = 0.8 FGN background
streamandanadaptingT CP aredepicted.Thefigure shavs thaton largertimescaleshe TCP tracemirrors
theFGNtrace.

In the experimentwe simulateda single TCP sharingthe bottleneckbuffer with a syntheticFGN traffic
flow of H = 0.8. Figure9 shows the power spectrumsf boththe TCP andFGN tracesat anaggreation
level of 10ms.As suggesteth the previoussection, TCP shavs the samespectrumasFGN asymptotically
thereis adifferenceonly aroundandbelow the cut-off timescale Consequentlythe TCPtraffic flow is also

asymptoticallysecond-ordeself-similarwith the samescalingparameteasthe FGN procesg H = 0.8).
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andOff periodswith meansloy = Torr = 10s.

A. CanAdaptiveSRDTraffic Propagate Self-Similarity?

Sofar we have analyzedcasesvhenlong greedyTCP sessionsvere mixed with backgroundraffic. In
this section,we analyzethe moregeneralkaseof shortfiles. It is demonstratethattheaggregationof short
TCP sessionsvith ligh-tailed On and Off distributionsmay still exhibit self-similarity property This self-
similarity phenomenoimannotbe explainedby the self-similarity generatiormechanismnvestigatedn [6]
[26]. In [6] [26], it is reportedthatin caseof light-tailed On andOff periodsthe aggreatedtraffic is SRD.

We have carriedout a simulationstudywith the aggreationof light-tailed On/Off TCP sourcesDuring
the simulationwe established: parallelsessionsWithin eachsessionlT CP connectionsveregeneratedn-
dependenthandthedurationsof TCPconnectionsvereexponentiallydistributed(with meanTy,,) followed
by exponentiallydistributedsilentperiods(Zo ). The simulationwasstartedirom the equilibrium stateof
theprocess(SeeFigurel0.) Let’'sdenotehenumberof active TCPsattimet by N(t), 0 < N(¢) < k. With
this constructionV (t) is astationaryMarkov procesandit is short-rangelependentSeethe self-similarity
testsfor N(t) in Figurella(H = 0.5).

On the otherhand,if thesesessionsare mixed with self-similar backgroundraffic, the aggrgate TCP

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



superpositiorof shortdurationTCPscanefficiently adaptto a backgroundself-similarprocesgustlike one

long durationTCP connection.
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Fig. 11. a) Variance-timetest for the simulatedOn/Of processN(¢) (H ~ 0.5) and the simulatedaggreyate TCP traf-
fic (H ~ 0.72). b) Variance-timeplot of traffic generatedy equalsize shortfile transfersfrom servl.ericsson.co.hto

locke.comet.columbia.ediloggingresolutionl00ms, H ~ 0.7.

A realnetwork measuremerdlsosupportsour agument. Shortfiles (90 kbyte) weredownloadedusing
the wget utility from servl.ericsson.co.hio locke.comet.columbia.ed(round-triptime RTT ~ 180 ms,
averagedownloadrater ~ 160 kbps,SACK TCP). Wheneer the downloadended,a nev downloadwas
initiatedfor the samefile. The experimentlastedfor anhour, andthefile wasdownloadedabout800times.
Thetraffic wascapturedwith tcpdumpat the client host. The Variance-Tme plot shavs thatthe traffic rate
dynamicswasself-similar, in spiteof the shortfile-sizes seeFigure1lh

As anew downloaddoesnot useany memoryfrom a previous TCP connectionJong-rangecorrelations
in shortTCP connectiorratescanbe explainedonly by thelong-memorydynamicsof the network. In case
of smallerfiles, TCP’s capabilityto adaptto changingnetwork conditionsdecreasesAlthough 90 kbyte
is larger thanthe currentaveragefile sizein the Internet,it hasto be emphasizedhata subsef connec-
tionsis enoughto propagateself-similarity. Furthermorejf HTTP 1.1 replacedHTTP 1.0, persisteniTCP
connectionsill be ableto adaptbetterto traffic fluctuations.eventuallyimproving the propagatioreffect;
similarly, if a TCPimplementatiorpreseressomestatefrom a previousconnectionthe propagatioreffect

is improved.

!Notethatthe accesspeedatthe servl.ericsson.co.rsidewasincreasedo 256 kbpsduringthis measurement.



B. Discussioron Short-Rang Dependent CP Streams

For simplicity, first assumethat thereis only one sessionwith On/Off TCP connectionsnultiplexed
with self-similartraffic. In this caseN(t) takesthe valuesO or 1 for exponentiallydistributed durations.
Assumingideal adaptvity, whenthe sessions actve (a TCPis active), it cangraball capacityleft unused
by thebackgroundself-similartraffic. Thetraffic rateduringtheactiveperiodsof the On/Off sessiorcanbe
expressedy A(t) = F(t) whereF(t) is the free capacityleft by the self-similarbackgroundraffic (£'(¢)
is an FGN processseeSectionll). During inactive periodsA(t) = 0. Thusthe traffic rate of the TCP

controlledOn/Off sessiorfor all ¢ canbewrittenin explicit form as
A(t) = N () F (1) 3)

Assumingthatthe sessiongreindependenof thebackgroundrocesg N (t) and F'(t) areindependent),

the autocoarianceof A(t): v4(7) = Cov(A(t), A(t + 7)) is
va(T) = E[(N(O)F(t) — mymp) (N(t + 7)F(t +7) — mymr)] (4)
wheremy = E[N(t)] andm;. = E[F(t)). Factorizing:
1a(7) = EIN@ON(t + 1) E[F () F(t 4 7)] — mm? (5)
Theleft handsideof the productis
EIN{)N(t +71)] = E[(N(t) — my +my)(N(t +7) = my +my)] = yn(7) +m (6)
Thesameholdsfor F(t), andsothe covariancecanbewritten as
va(r) = (W (7) + M) (v (T) + mE) — mimp (7)

Finally,
va(T) = W (T)yp(T) + mpyn () + miyve(T) (8)
If F'(¢)isLRD, its autocwariancedecaysasymptoticallyasyr(7) ~ 7 °F ast — oo, where) < 3 < 1.
Ontheotherhand,if N(t) is SRD,its autocwariancedecaysasymptoticallyffasterthant ="~ wheregy > 1.

Consequentlythe covarianceof A(t) decaysasymptoticallyat the lower rate, in this case at the rate of

thebackground-RD processinceSr < Gy

Ya(T) ~ P as 1 — oo (9)



If theOn/Off processs LRD aswell, e.g.,theOnand/orOff timesareheary-tailed,thenasymptoticallythe
larger Hurst exponentcharacterizeshe path. In practice,the borderof the scalingregion dependson the
actualshapeof the covariancesandthemeansn 4, andmp.

If thereare morethanone On/Off streamssharingthe bottleneckbuffer with a self-similarbackground
traffic stream,N(¢) takeshighervaluesthanl aswell. However, for the adaptvity of the aggr@ateit is
sufficient to have at leastoneactive connectionasit wasshown in SectionlV-A. The aggregatetraffic of

multiple On/Off streamsadaptingto a backgroundtreammay be approximatedy
Aagg(t) = O[N(1)|F(t) (10)

where©(.) is the Heaviside-function,(©(x) = 1 if > 0 and0 otherwise) ©O[N ()] itself is alsoan On/Off
processlf the On/Off processeareindependenandthey areexponentiallydistributed,then N (¢) formsa
Markov procesgO[N(t)] is theindicatorprocesdor the emptystateof this Markov chain)andit is SRD.
The conclusionof this sectionis thatif the end-to-endserviceusesTCP connectionsthen the traffic
generatedby theserviceis alsoadaptve,andin this casetheadaptvity of theend-to-enderviceis sufficient
to “propagate’LRD to otherpartsof thenetwork. Moreover, if N(t) is LRD, thenthelargerHurstexponent

max(Hy, Hr) is propagated.

C. TCPConnectiond.imited by the ReceiveMindow

In sectionll-A it wasfoundthatseveralhigh speedconnectionsvithin the US do not shav self-similarity
in thetests.Commonto all of thesemeasurements thatthe bandwidthdelayproducton the connections
pathwaslarge, andthe TCPstraffic ratewaslimited not by free link capacity but the adwertisedwindow
of the recever. Evenin this case,it is mostlikely that the connectionsharesbuffers with self-similar
backgroundraffic, but sinceTCPis not ableto utilize the full bandwidth the adaptatioreffect betweerthe
backgroundraffic flow andthe TCP connections weak.

We performeda seriesof simulationsthat reproducethe above backbonescenario. We modified the
previous simulationmodel: the link speedwasincreasedo 4 Mbps andthe round-triplink propagation
delayto 100ms. Thebuffer sizeremainedt0 pacletsasin the previoussimulations.Thebackgroundraffic
was a syntheticFGN traffic flow with H = 0.8, average0.5 Mbps, and variance0.5 Mbps. With these
settingsthe averagdink utilization wasjust 12.5%, similarly to anoverprovisionedbackbondink.

We performedsereral simulationswith a single TCP passinghroughthe buffer. In consecutie simula-
tions,the TCPreceverhaddifferentwindow sizesrangingbetweerl0to 45 paclets. Eachsimulationlasted

for 7200sec,long enoughto performself-similaritytests.Whenthewindow is small, TCPis limited by the
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adwertisedwindow, thusit is not ableto utilize the maximumavailablethroughput.We expectthatin this
casetheimpactof backgroundraffic onthe TCPflow’s autocorrelations weak. As thewindow increases,
the averageTCP rate alsoincreasesfinally, after somepoint, the averagerateflattensout asthe network
loadbecomeghelimit for the TCP throughput(seeFigure12a). Fromthe end-useperspectie, thisis the
desiredoperatingpoint of the system.

After eachsimulationrun, we performedthetestsfor self-similarity. Figure12b shows theresultsof the
Variance-Tme tests.It canbe seenthatall traceshave the sameslopeasymptoticallyasthe VT plot of the
backgroundraffic independentlyf thesizeof thereceverwindow. Thedifferenceds in thetimescalevhere
self-similarity scalingstarts:asthewindow increasesscalingstartsat smallerandsmallertimescalesThis
phenomenonis the possibleexplanationwhy we obsewved self-similarity mostly in caseof non-window
limited scenariosin our real-life testsin Sectionll-A.

Today therearestill mary operatingsystemsandapplicationghatdo not supportargewindows. In case
of high speedaccesspeedsthe priceis sub-optimalT CP performanceAs high speedaccessechnologies
(e.g,DSL or cablemodem)becomemorewidespreadit is likely that operatingsystemsandapplications
will demandargerwindows, moving the cut-off timescaleof propagatiorcloserto the estimatedanalytic
valuederiedin Sectionlll-A.

Although larger windows causeincreasedsariancesn all timescalesseeFigure12b, the end-uselper
ceived throughputalsoincreasesignificantlyin caseof “fat pipes”. If otherperformancegarametersre
takeninto accounthowever, suchasdelayor loss,long-rangedependencéandhigher TCP ratevariance)

may beundesirable.
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V. SPREADING OF SELF-SIMILARITY IN THE NETWORK

Previouslywe analyzedhecasevhena TCPconnectiorsharessinglebottleneckbuffer with self-similar
backgroundraffic, andit wasonly this bottleneckthataffectedthe rateof TCP In this sectionthe network
caseis discussed.

Two aspectsare analyzed. The first one dealswith the casewhenthe path of an adaptve connection
passeshroughseveral bufferswith self-similarinputs. Thesebuffersarecandidateso becomebottlenecks
occasionallyduringthe lifetime of the connection.The secondneinvestigatesvhetherself-similarity can
spreadrom oneadaptve connectiorto the othercausingwidespreadelf-similarityin anetwork area.The
presentedesultsareintendedo highlightthe basicmechanismssotheinvestigatedgcenariosaresimplified

for the easeof discussion.

A. Discussiorof the Multiple Link Case

A wide areaTCP connectionusually spansl0-15routersalongits path,out of which thereare usually
severalbackboneouterswith highlevel of aggreatedtraffic, seeFigure13. A TCPconnectiorhasto adapt
to thewhole path. The capacityof the end-to-endpath,attime ¢, depend®n which buffer is the bottleneck
atthistime. Becausef traffic fluctuationsthelocationof the bottleneckmovesrandomlyfrom onerouter
to theother

Assumingidealend-to-endadaptvity, therateof theadaptve TCPconnectioris equalto thefree capacity
of thebottlenecHink attimet:

A(t) = min Fj(t) (11)

iEN
whereN is the numberof links and F;(¢) denoteghe free capacityof the:” link onthe path.
For simplicity, assumehatthe crossingbackground_RD streamson the links areindependenandthe
link attimet is eitherempty: F;(¢) = 1, or full: F;(¢) = 0. With this simplificationtherateof the adaptve

connectiorcanbewritten as

AW =TT R (12)
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theend-to-endgprocessA(t) = min;e vy F;(t). Theend-to-endpathis characterizedby H ~ 0.8 asymptotically

In the previous sectionit wasshaown thatthe productof independentRD processess alsoLRD andit is

asymptoticallycharacterizetby the largestexponent:

Ya(T) =77 ™0 as T — oo (13)

Thus,in themultiple link caseit is the largestHurstexponentamongthe background_RD streamson the
links thatcharacterizethe TCP connection.

For anumericalexampleusingmorecomplex processedpour FGN backgroundamplesveregenerated
with equalmeanrates,but with differentHurstexponentsto model F;(t), i = 1...4, seeFigure14. The
end-to-endgprocessA(t), whichis theminimumof the FGN processesds asymptoticallysecond-ordeself-
similar, andit hasthe sameHurstexponentasthelargestHurstexponentamongthe F;(¢) processes,e.,the
resultis thesameasin the simplefull/empty case.

Anotherpossibleinterpretatiorof (11) is thatwe considetthe F;(¢) notasrateprocessedyut asindicator
processe®f congestion.Fromthe end userperspectie it is importantto analyzewhetherthe network is
ableto supportthe expectedservicelevel requirementsfor example,whetherthefile transferratedegrades
below anacceptabldevel or not. Let F;(¢) betheindicatorprocessof link ¢ indicatingwhetherthelink is
congested@ndit cannotsupportthe expectedserviceratefor the connectiorn(#;(¢) = 0), or is notcongested
(£;(t) = 1). Thus,if the backgroundcongestiorindicatorprocessesire LRD, thenit is the largestHurst

exponentthatcharacterizethe end-to-endservicecharacteristicef the investigatedr CP connection.

B. Speadingof Self-SimilarityamongAdaptiveConnectionsn Multiple Steps

Sofar, in all analyzedcasesadaptve traffic wasin direct contactwith self-similarbackgroundraffic.

In this sectionit is investigatedvhetherself-similarity causedby adaptatiorcanbe passedn to adaptve
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Fig. 15. Network modelfor theinvestigationof self-similarity spreading.

traffic streamghat have no direct contactwith the souice of self-similarity. A few simple conditionsare
givenaswell. Assumingthat our argumentis valid, self-similarity canspreadout from a localizedarea,
consequentlystrongself-similarityis balancedhroughouta wider areaof the network.

A simplenetwork scenarids usedfor theinvestigation.An adaptve traffic stream(directstrearn) shares
alink with self-similarFGN (H = 0.8) backgroundraffic. Thedirectstreamis mixedwith anothemadaptve
streamon a secondlink, which itself hasno direct connectionwith the FGN traffic (indirect stream),see
Figurel5. Thedatarateof thedirectstreams thusaffectedby two otherstreamsandalsothetwo adaptve
streamsave aneffecton oneanother We aregoingto investigatehe statisticalpropertieof boththedirect
andtheindirectstreams.

Assumeidealadaptvity andmax-minfairnessamongthe adaptve streamsAlso assumehattheservice
ratesof bothlinks areequal(C). If the backgroundstreamwasinactive, the bottleneckwould be the first

buffer andthe adaptve streamsvould sharesimply half the servicerate,bothsendingat arateof C'/2.

In the presencef the FGN streamflowing throughthe secondouffer, the ratescanstill remainC'/2, unless
it is the secondbuffer which becomeghebottleneckj.e.,whenthe capacityleft unusedoy the FGN stream
isC'— Argn(t) < C/2. In this casethedirectstreamcanuseatmostA,;, = C' — Argy(t), sotheindirect

streamcangraball remainingservicecapacityin thefirst buffer A;,4;, = C — Agi, = Apgn. In short:

Agrt) = min(C/2,C — Apan(t)) (15)
Aindir(t) = InaX(C/Q,AFGN(t)) (16)

Calculationof the autocwarianceof Ay, and A;,.4;, is difficult becauseof the min and maxoperators.
We considertwo simple,extremecases.n thefirst case the rateof the background_.RD streamis always
greaterthanC'/2, simplifying the expressiongo Ay, (t) = C' — Apgn(t) and Ajuair(t) = Apen(t), i.e.,
spreadingof self-similarityis ideal. In the secondextremecasethe rate of backgroundprocesss always
smallerthanC'/2, leadingto Ay, (t) = Ainair(t) = C/2, i.e., self-similaritydisappeas from both adaptve

streamsTheseresultshasbeenverified by simulationsaswell.
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The investigatedscenariodemonstratethe simplestmechanisnof how adaptve connectionsnay have
effect on eachother We simulateda morecomplex scenariowherethe syntheticFGN streamis replaced
by anaggreatestreamof randomlygenerateghort TCPfile transfers.The distribution of thefile sizesis
heary-tailed. The directandindirect TCP streamsarealsoreplacedoy aggreates but thefile sizeswithin
theseaggrgatesarelight-tailed.

The streamgonsistof 1yeauy—tailed = Nair = Ningir = 100 sessionsThefile sizedistributionsarePareto
distributionswith the following parametersthe averagefile sizeis 40 kbyte for all streamsthe average
waiting time betweerfiles is 20 sec. The shapeparametersireaycapy—taied = 1.1 andag;, = aingir = 3 for
boththefile sizeandthe waiting time distributions. With theseparameterenly onestreamhasheavy-tails
(Aheavy—taited < 2).

Theresultsof the simulationexperimentareshavn in Figure16. As suggestedh [5] thetraffic stream
consistingof heavy-tailed file downloadsis LRD (H ~ 0.82). In addition, the indirect traffic stream,
althoughit wascreatedusinglight-tailed distributionsis LRD aswell (H ~ 0.71). The causes thatlong-
rangedependenfiuctuationsarepropagatedia theindirectstream.

Performingthe previous experimentusing different parametersye have found that dependingon the
traffic mix, the spreadingbetweenindirect and direct streamscan be strongbut it can be alsoweak as
well. In certaincasesspreadingo anindirectstreamdoesnot happeratall, justlikein the simpleanalytic
exampleassumingdeal TCPflows andmax-minfairness.Theexactrequirementor spreadin@resubjects

for furtherstudy



V1. CONCLUSIONS

It wasdemonstratethow a TCP connectionwhenmixedwith self-similartraffic in a bottleneckbuffer,
takeson its statisticalsecond-ordeself-similarity, andpropagatescalingphenomenao otherpartsof the
network. It is suggestethat TCP’s adaptatioomechanisntanbe modeledasalinearsystem.Thecharacter
istic transformfunctionis shavn to belargely independenof the TCP version.An analyticapproximation
of the cut-off timescaleof the propagatioreffect waspresentedsuggestinghatthe lower cut-off timescale
dependson the end-to-endpath properties. The calculationsare alsoin agreementith the resultsfrom
macroscopid CP modelspublishedn theliterature.Thelimitations of this propertywereanalyzedlIt was
shavn that TCPinheritsself-similaritywhenit is mixedwith self-similarbackgroundraffic in abottleneck
buffer throughthe transformfunction of the linear system.This propertywasdemonstratedor both short
andlong durationTCP connectionsWe alsoinvestigatedl CP behaior in a networking ervironment. We
arguethat the phenomenorf propagations robusteven when TCP connectiongassseveral routersand
alsowhenthereceverwindow sizelimits thesendingrate.

The mechanismsliscussedn this papercanbe consideredasbasic*building blocks” for a future wide-
areatraffic model; in real-life it is always their combinedeffect that we canobsenre. As thousandsof
parallelTCP connectiongontinuouslyintertwinethe Internet,the mechanismslescribedn this papermay
provide uswith a deepeitinsightinto why significantandstrongself-similarityis a generalandwidespread

phenomenoim currentdatanetworks.
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