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Abstiact—Wereview evidencethat Inter nettraffic is char-
acterized by long-tailed distrib utions of interarri val times,
transfer times, burst sizesand burst lengths. We proposea
new statistical techniquefor identifying long-tailed distrib u-
tions, and apply it to a variety of datasetscollectedon the
Internet. We find that there is little evidencethat interar-
rival times and transfer times are long-tailed, but that there
is someevidencefor long-tailed burst sizes.We speculateon
the causeof long-tailed bursts.

I. INTRODUCTION

Numerousstudieshave reportedtraffic patternsin the
Internetthatshav characteristicsf self-similarity (seg[1]
for a suney). Marny proposedexplanationsof this phe-
nomenorarebasedntheassumptiorthatthedistribution
of transfertimesin the network is long-tailed[2] [3] [4]
[5]. In turn, this assumptions basedon the assumption
thatthedistribution of file sizesis long-tailed[6] [7].

In previous work we presentedvidencethatthe distri-
bution of file sizesis lognormal,andnotlong-tailed[8]. If
this claim is correct,it invites alternatve explanationsof
self-similarity Thereareseveralpossibilities:

1. The distribution of interarrival times might be long-
tailed. Thereis someevidencefor this possibility but also
evidenceto thecontrary[2] [9] [10] [11].

2. Even if file sizesare not long tailed, transfertimes
might be. The performanceof wide-areanetworks is
highly variablein time; it is possiblethat this variability
causesong-tailedtransfertimes.

3. Evenif thelengthof individual transfersis not long-
tailed, the length of burstsmight be. Fromthe network’s
point of view, burst sizes might be more relevant than
transfersizes.

4. Several groupshave amgued that TCP retransmission

and/or congestioncontrol are sufiicient to produceself-
similarity in network traffic, andthatit is not necessaryo
assumehatsizeor interarrival distributionsarelong-tailed
[12] [13] [14] [15].

5. Another possibility is that network traffic is not truly
self-similar In the M/G/oco model, if the distribution of
servicetimesis lognormal,the resultingcountprocesss
notself-similarandnotlong-rangedependenf?], but over
arangeof time scalest maybe statisticallyindistinguish-
ablefrom atruly self-similarprocess.

Sincemuchof thisdiscussions aboutlong-taileddistri-
butions,the next sectiondiscussesxisting andnew meth-
ods for identifying long-tailed distributions basedon a
sample.

The following sectionsdiscussthe first three options
above, reviewing prior claimsandreexamining proposed
evidence.

We find that thereis little evidencethat the distribu-
tion of interarrval times(by ary definition)is long-tailed.
Similarly, thereis only ambiguoussupportfor long-tailed
transfertimes. We proposea structuraimodelthatleadsus
to expecttransfertimes,like file sizesto belognormal.

On the other hand, thereis someevidencethat bursts
of file transfersn bothftp andHTTP arelong-tailed. We
investigatehis possibility andits causes.

Il. METHODOLOGY

A fundamentaproblemin thisareaof inquiry is thelack
of methodologyfor identifying a long-tailed distribution
basedbnasample.

For explanatorymodelsof self-similarity the relevant
definition of long-tailedis a distribution with polynomial
tail behaior; thatis

P(X>z)~cz™® as z— (1)
whereX is arandomvariable,c is a location parameter
and « is a shapeparameter When « is lessthan 2, the
distribution hasinfinite variance,which is also required
for thesemodelsto produceself-similarity
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Fig. 1. ccdfof samplesrom lognormalandParetodistributions
with similar tail behavior.

Thefollowing sectionsdiscussmethodgfor identifying
long-taileddistributions.

A. ccdftest

Thereare several empiricalbehaiors we expectto see
in a samplefrom a long-taileddistribution. If we plot the
complementargumulatve distribution function (ccdf) on
alog-log scale we expecta straightline, atleastin thetail
behaior, andatleastout to the boundaryof the measure-
ment.

Figure 1 shaws the ccdf of samples(n=10,000)from
lognormalandParetodistributionswith similartail beha-
ior. Thereis anobviousdisparityin the bulk of thedistri-
bution (below the 90th percentile)ut thetails overlap.

The definitive characteristiof the long-taileddistribu-
tion is thatits steepnesdgoesnot increasen the extreme
tail. It continueswith constantslope,to the limit of the
sample(whereit is increasinglyjaggedasthe valuesbe-
comesparse).

Most prior claims about long-tailed distributions are
basedon thesekinds of obsenrations. We call this visual
examinationthe“ccdf test! Asthisexampledemonstrates,
therearedistributionslike thelognormalthatarenotlong-
tailed, but whoseccdf canappeatong-tailed,at leastto a
point. Thedefinitive characteristiof thesedistributionsis
thatthe ccdf eventuallydropsaway with increasingslope.

B. Usingaest

Crovella and Tagqudevelopeda tool calledaest that
estimatesthe slope parameterof a Pareto distribution
basedon a sample[16]. They proposea graphicaltech-
nique that can“show the segmentof the tail over which
heary-tailed behaior appeardo bepresent.

We appliedaest to the samplesn Figurel. For the
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Fig. 2. ccdfof file sizesfrom a universitywebsener.

Paretosample,the actualparameteis 1.42 andthe esti-
matefrom aest is 1.33, which is reasonablyaccurate.
For thelognormalsamplethe estimateis 1.42.
Thegraphicaloutputfor thetwo sampless similar. For
both distributionsaest identifiespointsthat shov long-
tailedbehaior. In the Paretosampleit identifies271such
points; in the lognormalsampleit identifies 312 points.
By this(admittedlycoarsemeasurethelognormalsample
appeargo be more long-tailedthanthe Paretosample.
We concludethataest cannotdistinguishlong-tailed
andlognormaldistributionsbasedon samples.

C. Modelfitting

A standardvay to chooseamongalternatemodelsis to
estimateparametergo fit the dataand choosewhicherer
modelyieldsthe bettergoodnes®f fit.

This approachmay not be appropriatefor this prob-
lem. For both models,corventionalestimatorymoment-
matchingor maximumlik elihood)do notnecessarilyield
themodelthatis the bestmatchfor thetail behaior. Also,
it is not obvioushow to measureyoodnessf fit.

For example, Figure 2 shavs the ccdf of 15,160
files on a web sener at the University of Calgary
from traces collected by Arlitt and Williamson [9]
and available from the the Internet Traffic Archive
(http://ita.ee.lbl.gov).

Wefitted a Paretomodelusingaest to estimatex, and
choosingthe lower boundby eye. We fitted a lognormal
modelby corventionalmoment-matching.

The bulk of the distribution clearly fits the lognormal
model better but the tail behaior is harderto character
ize. By corventionalgoodness-of-fitneasureshe Pareto
modelis a betterfit.

Neverthelessthemeasuredlistribution clearly displays
the characteristidoehaior of a non-long-taileddistribu-
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Fig. 4. P-Pplotoncomplementarjog axes.

tion: increasingsteepnes the extremetail. Soin this
casequality of fit maybemisleading.

Although the fitted modelsare useful as a reference
point, they do not provide a mechanicalguantitatve way
to identify long-taileddistributions.

D. Percentile-pecentileplots

A percentile-percend plot (P-Pplot) shavs how well
therank statisticsof a samplematcha modeldistribution.
For eachvalue that appearsn the sample,the P-P plot
shaws the actualrank of the value versusthe expected
rank of the value in the model. Perfectagreementvith
themodelyieldsthe 45-deyreeline from the origin.

Figure 3 shavs a P-P plot for the Calgary dataset.
It shavs that there is some deviation from the model
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of thetail from themodelis moreapparent.

Although P-P plots (and the log-scaledvariation) are
usefulfor visualizingdiscrepancietik e this, they arenot
usefulfor identifying long-taileddistributions. Thereason
is that,unlike the ccdftest,P-Pplotsdependon parameter
estimation.A P-Pplot teststhefit of a specificmodel,not
afamily of models.

Theinterpretatiorof aP-Pplot depend®nthechoiceof
the parameterskFor Figure4, we estimatedhe lognormal
modelby moment-matchingButif we chooseanalternate
modelto matchthe tail behaior, we get Figure5, which
shaws very good agreementvith the tail of the distribu-
tion.

In fact,it is oftenpossiblgo find alognormalmodelthat
fitsthetail, evenif thesampleactuallycomedrom aPareto

throughoutthe distribution, but thatoverall the agreement distribution. Figure 6 shavs the complementaryP-P plot

is good.

To examinethe tail behaior, we canplot the comple-
mentaryprobabilitieson log axes. Figure 4 shaws this
transformatiorfor the samedataset.Herethe divergence

of the Paretosamplefrom Figure 1, usingthe parameters
of alognormalmodelwith a similar tail. The discrepang
in thebulk of thedistribution is clear but thetail behaior
is difficult to distinguishfrom the model.
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We concludethat P-Pplots do not contritute additional
discriminatorypower beyond what we get from the ccdf
test. Furthermorethey suffer a seriousdisadwantage—the
needto estimategparameters.

E. Curvatue

Looking at Figure 1, the characteristidifferencein the
tail behaiors is cunature. In this sectionwe proposea
way of usingmeasureadunatureasa statisticto identify
long-taileddistributions.

In generalt is difficult to estimatethe slopeandcuna-
tureof asamplepbecauseumericaldifferentiationtendsto
amplify noise. For example,we applieda three-pointes-
timateof thefirst derivative to thelognormalsamplefrom
Figure1l. Theresultis Figure7. The horizontalaxis is
P(X > z) onalog scale. The vertical axis is the esti-
matedvalueof dz/dP(X > xz), whichis theinverseslope
of theccdf.

Clearly the resultis noisy so differentiatingthis func-
tion againin orderto estimatecunatureis outof theques-
tion. Fortunately we dont needto know the cunvatureas
afunction; it is sufiicient to estimatethe overall curvature
in theccdf, whichis justthe changen slope.

Figure7 shaws a clearupward trend, meaningthat the
slopeof the ccdfis becomingmorenegative. We cancon-
firm the trend statistically simply by fitting a line to the
estimatedderivative. In this casethe measuredrend is
0.0620.We call this statisticthe“tail curvature'

By itself the numberis meaninglessbut we cancom-
pareit to thetail curvatureof the Paretosample which is
0.00836,morethan? timessmaller We expectthe curva-
ture of asamplefrom a Paretodistribution to benearzero.

Of course,the calculationdependson our definition
of wherethe “tail” begins. For this dataset,we chose
Pr(X > z) < 1/16, which we think is a reasonablelef-

inition of atail, andalsothe pointin Figure 1 wherethe
ccdfsintersect.

Using tail cunatureas a summarystatistic provides a
procedurefor testingthe hypothesighat a samplecomes
from a distribution with a Paretotail. Assumewe have a
sampleof n points.

1. Measurehetail curvatureof the sample.

2. Useaest to estimatethe slopeparametera, of the
sample. The location parametedoesnot affect the mea-
suredtail cunaturesothereis no needto estimatat. The
null hypothesigs thatthe samplecamefrom a Paretodis-
tribution with parametery.

3. Generatd000sampleswvith n pointsfrom a Paretodis-
tribution with slopeparameter.. For eachsample calcu-
late thetail curvature. Calculatey, the meancurvatureof
the1000samples.

4. Calculated, thedifferencebetweerthe curvatureof the
original sampleand .

5. Countthe numberof samplesput of 1000,thathave a
cunaturethatdiffersfrom u by asmuchasd. This count
is anestimateof the p-valuefor the null hypothesis.

6. If thep-valuefalls belowv athresholdof confidencewe
canrejectthenull hypothesis.

Applying thistestto thesamplesn Figurel.:

1. Thecunatureof thelognormalsamples 0.0620.

2. Theestimateof « is 1.42.

3. For 1000 samplesfrom a Pareto distribution with
n=10,000ando = 1.42, ;1 = 0.0037. 1

4. Thesamplediffersfrom p by 0.0583.

5. Outof 1000samples8 differedfrom p by asmuch,so
thep-valueis 0.008.

6. Thus, with a high degreeof confidencewe canreject
the hypothesighatthis samplecomesfrom a distrikbution
with a Paretotail.

Repeatingthis procedurewith the Pareto sample,we
find thatthe measuredail curvature(0.008363)s not un-
usual;85% of sampledliffer from the meanby asmuch.

So this procedureclassifiesthe two distributions cor
rectly, eventhoughthetails of their ccdfsarevisually sim-
ilar.

We have testedthis methodon syntheticsampleswith
a rangeof samplesizes. For n = 10,000, we canseta
thresholdon the tail curvatureso that 95% of the Pareto
samplesare classifiedcorrectly Applying that threshold
to thelognormalsampleswe correctlyrejectthe null hy-
pothesiV3%of thetime. For n = 40, 000 thetestaccepts

'In every casewe have examined,y is closeto, but slightly above,
zero,whichis the valuewe expecttheoretically This makesussuspect
thattail cunatureis a biasedstatistic,but this biasdoesnot affect the
testprocedure.
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99% of the Paretodistributionswhile rejecting99% of the
lognormaldistributions.

For the Calgary dataset,the tail curvature is 0.141,
whichis muchhigherthanwe would expectfrom a Pareto
distribution. In fact, out 1000Paretosamplesthe highest
tail curvatureis 0.084.

Thusthetail curvaturesupportsour claim, basedn the
ccdf test, thatthe tail behaior of this dataseis not char
acteristicof along-taileddistribution.

Of coursethistestis notinfallible. In particular mary
multimodallognormaldistributionshave a ccdf thatis ap-
proximately straight. For example, Figure 8 shawvs the
ccdf of file sizeson a web sener at the University of
Saskatchean (alsocollectedby Arlitt andWilliamson).

The fitted modelis a two-modelognormal chosenby
eye to matchthe tail behaior. Becausedhereis no con-
sistenttrendin the steepnessf the ccdf, the estimatedail
cunvatureis small and neggative. Thus, accordingto the
curnvaturetest, this ccdfis reasonablyikely to comefrom
a Paretodistribution (p-value= .08).

If thetwo-modelognormalmodelis right, andtherere-
ally is an underlyingdistribution with lognormaltail be-
havior, thenthe curvaturetestfails to identify it.

F. Explanatorymodels

As a practicalmatter it may not be possibleto iden-
tify long-tailed distributions basedon samples. For ary
samplejt is possibleto construcia modelthatis notlong-
tailed andthat matcheghe behaior of the sampleout to
theboundaryof theobsenration.

This possibilitycanbecornvenientfor modelers For ex-
ample,FeldmanrandWhitt [17] presentan algorithmfor
approximatingong-taileddistributionsusinga mixture of
exponentialgfahyperexponential) They donotclaimthat
thismodelis explanatorytheirintentis to produceamodel

thatis corvenientfor analysis.

Fromaninstrumentalispoint of view, that’s all thereis
to it. Modelerscanchoosewhichever model(long-tailed
or not) is sufficiently accurateandtractablefor their pur
poses.

But this view doesnot provide a satisfyingexplanation
of why file sizesare (or arenot) long-tailed. In turn, that
leavesuswithout an explanationof why Internettraffic is
self-similar

Theissuemay be resolhed by explanatorymodels. For
the lognormaland Paretomodelsof file sizes,thereare
correspondingtructuralmodelsthathave beenproposed.

For the Pareto model, Carlsonand Doyle proposea
physical model basedon Highly Optimized Tolerance
(HOT), in whichwebdesignerstrying to minimizedown-
load times, divide the available information into files so
that the most frequentdowvnloadsare the smallest. The
resultis adistribution of file sizeswith polynomialtail be-
havior [18] [19].

For the lognormalmodel, we have proposeda model
of userbehaior in which mostnew files are createdby
copying, modifying or translatingexistingfiles. Theresult
is that file sizesdiffuse over time, producinglognormal
distributionsandmixturesof lognormalg8].

Both of thesemodelsare basedon unrealisticsimplifi-
cationsof humanbehaior. Up to apoint, thissimplicity is
avirtue; if amorecomplicatedmodelis necessaryo pro-
ducethe phenomenomve areinterestedn, we have lessof
asensdhatwe understandhe phenomenon.

The questionthat remainsis whetherthesemodelsare
robustto deviationsfrom their assumptionskor example,
in theHOT model,it is not clearhow mary webdesigners
actuallytunethe contentsof their sitesfor optimal down-
loading. But if only a few do, or somedo only approxi-
mately is thatenoughto produceong tails?

For its part, the diffusion model omits somecommon
file operationsJike concatenationand ignoresary bias
usersmight have againstlarge files. The questionis how
thesebehaiors affect the shapeof the resultingdistribu-
tion.

If thesequestionsareansweredandoneof thesemod-
elsprovidesa satisactoryexplanationof file sizedistribu-
tionsandtheotherdoesrt, thenit mightbetheexplanatory
model,ratherthanthe data,thatallows usto saywhether
file sizesarelong-tailed.

In the restof this paperwe examineevidencefor long-
taileddistributionsusingall thetoolsdescribedn this sec-
tion.



[11. INTERARRIVAL TIMES

Even if the distribution of transfertimesis not long-
tailed, if the distribution of interarrval timesis, thenthe
ON/OFF model yields asymptotic self-similar behaior
[20].

Severalauthorshave presentedvidencethat the distri-
bution of interarrival timesis long-tailed. In this section
we review theseclaims.

A. TCPPadket Interarrivals

PaxsonandFloyd [2] measurghedistribution of interar
rival timesfor paclets within Telnetconnectionsandre-
port that “the main body of the obsenred distribution fits
very well to a Paretodistribution ... with shapeparame-
ter 0.9, andthe upper3% tail to a Paretodistribution with
[shapeparameter]0.95” They do not shav the ccdf or
explain how they chosetheseparameters.

This claim is basedon tracescollectedat Lawrence
Berkeley Labsduring 1-hourintenalsin Decemberl993
andJanuaryl994.

Unfortunately the trace they describe,LBL PKT-1,
is not available from the Internet Traffic Archive (ITA).
Threeothertracesfrom the samedatasetre, but they in-
cludeall TCP paclets,notjust Telnetpaclets. Thetraces
have beensanitized sothe contentsof the paclets,includ-
ing protocolinformation,have beenremaoved.

As a result,we cannotrepeatthe original analysis,but
we canexaminetheinterarrival timesfor all TCP paclets.

We obtainedour paclettracedromthelTA: LBL PKT-
3, LBL PKT-4, LBL PKT-5, and DEC PKT-1. The first
threearefrom LawrenceBerkeley Labs;thelastis a one-
hourtraceof TCPtraffic betweerDigital EquipmentCor
poration(DEC) andtherestof theworld. It wascollected
in March1995.

For eachtrace,we identifiedconnectiongy the source
and destinationaddresseand the sourceand destination
ports. Traffic from the originator to the responderis
consideredh different connectionfrom the returntraffic.
Within eachconnectionwe calculatedthe time between
paclet arrivals. Thenwe computedhe ccdf of theinterar
rival times.

The four datasetyield similar distributions, so we ag-
gregatedtheminto asingledatasetFigure9 shavsthere-
sulting ccdf, which includes4,410,851interarrval times.
Thereis asmallmode(0.001%of the data)at 75 seconds,
whichis thedefault interval for the TCP keep-alve mech-
anism.

For intervals smallerthan 75 secondswe agreewith
PaxsonandFloyd thatthe Paretomodelfits this datawell.
Above 75 secondsthe ccdf startsto fall awvay from the
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Paretomodelwith increasingslope.Thelognormalmodel
doesnot fit this extremetail particularly well either but
gualitatvely it may be a betterdescriptionof the tail be-
havior.

Theestimatedail curvaturefor this ccdfis 0.040,which
has a negligible chanceof occurringif the underlying
modelhasa Paretotail (p < 0.001).

We concludethat thereis somesupportfor the Pareto
modelof interarrval times,but theextremetail behaior is
characteristiof a non-long-taileddistribution.

B. TCPConnectioninterarrivals

Feldmann[21] examinestimes betweenTCP connec-
tionsin tracesfrom several networks and estimatedour
modelsto fit the empirical cdfs: Weikull, Pareto,lognor
mal and exponential. For all datasetsthe Weibkull distri-
bution is the bestfit for the bulk of the distribution. She
doesnotexaminethetail behaior or make ary claimabout
whetherthe distribution is long-tailedin the sensewe are
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usinghere.

To investigatethe times betweenT CP connectionsye
obtainedthe LBL CONN-7 tracefrom the ITA andcom-
putedthe ccdf of the 782,280interarrval times,shavn in
Figurel0.

The figure also shavs three modelsfitted to the data:
lognormal,ParetoandWeikull. For the Weibull modelwe
usedthe estimationtechniquefrom [21]. The lognormal
and Pareto modelsare not a goodfit for the data. The
Weikull modelis a reasonablalescriptionof the tail be-
havior.

Thereis anothemmethodto testwhethera samplefits a
Weikull distribution. If we plotlog log{1/ccdf (z)} versus
log =, aWeikull distributionyieldsastraightine [22]. Fig-
ure 11 shaws the Weihull testfor this distribution. Except
for the extremetail, the Weihull modelis agoodmatchfor
thedata.

SincetheWeikull distributionis notlong-tailed we con-
cludethatthis datasetloesnot supportthe hypothesighat
the distribution of interarrival timesfor TCP connections
is long-tailed.

C. HTTPRequestnterarrivals

CrovellaandBestaros[23] examinethe distribution of
timesbetweenweb request{OFF times) andreportthat,
althoughit is long-tailedi,it is lesslong-tailedthanthe ON
time distribution.

We obtainedtheir traces which we call the BU dataset,
from their web site. The tracescontainlogs from web
browserson 37 workstationsn public labsat BostonUni-
versity For eachbrowserwe computethe time between
successie requestsand form the ccdf of the interarrival
times. Sincethe distributions were similar for eachma-
chine,we aggrgatedthe datainto a singleccdf, shavn in
Figurel2.
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Fig.12. ccdfof time betweenvebrequestsrom BU traces.

As usual,we estimateda lognormalmodel using mo-
mentestimatorsand a Paretomodelusingaest . In the
bulk of the distribution (belowv the 99th percentile),the
lognormalmodelis a betterfit for thedata;in thetail, nei-
thermodelfits the datawell. The extremetail exhibits the
characteristibehaior of a non-long-taileddistribution.

The tail curvatureis 0.144625,which hasa negligible
chanceof occurringif theunderlyingmodelhasParetotail
behaior (p < 0.001).

Arlitt andWilliamson examinedthe patternof accesses
to individual files on a web sener [9]. For eachfile that
was accessednore than oncein their traces,they com-
putedthe time betweenreferences.They plot the distri-
bution of theseinterarrival timesfor eachof the seners
they studied. They claim that thesedistributions are ap-
proximately exponentialand independentput they omit
the statisticalanalysis.

Dengcollectedtracesof WWW requestfrom usersat
GTELaboratorieso remoteseners,andexaminedhedis-
tribution of timesbetweerdocumentequest$24]. He di-
videsthe traffic into ON and OFF periods,wherean ON
periodcontainsa seriesof requestsvith interarrval times
lessthan60 secondsinterarrival timeslongerthan60 sec-
ondsareconsideredo be OFF periods.Hereportsthatthe
distribution of OFFtimesfits a Paretodistribution, but he
doesnotshaw theccdf,or compardgheParetomodelto the
alternatves.

Overall, thereis little evidencethat the times between
WWW requestdorm along-taileddistribution.

IV. TRANSFER TIMES

Evenif file sizesarenotlongtailed,transfetimesmight
be. Theperformancef wide-areanetworksis highly vari-
ablein time; it is possiblethatthis variability cause$ong-
tailedtransfertimes.
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In this sectionwe investigatethe relationshipbetween
file sizesandtransfertimesfor HTTP andftp transfers.

A. HTTPtransfertimes

Crovella and Bestaros examine the distribution of
transfertimesin the BU datasetandreportthatit is long-
tailed[25].

We performedthe sameanalysisfor the 135,357trans-
fers they obsered; Figure 13 shawvs the resulting ccdf
alongwith a Paretomodelandalognormalmodel. In this
casewe chosethe parameter®sf the lognormalmodelby
hand.

Thelognormalmodelis a betterfit for the ccdf, which
hasthe characteristicurvatureof a non-long-tailedistri-
bution. Thetail cunatureis 0.041889 which hasa ney-
ligible chanceof appearingn a samplethis size from a
Paretodistribution (p-value< 0.001).

We concludethat this datasetdoesnot supportthe hy-
pothesighattransfertimesarelong-tailed.

B. HTTPthroughput

In this sectionwe investigatethe variability of through-
putacrosmetwork pathsandtime. We find thatthe distri-
bution of throughputis approximatelylognormal. Based
on this obseration we proposea modelto explain there-
lationshipof file sizesandtransfertimes.

For eachweb requestin the BU datasetwe have the
size of the file andthe transfertime. Dividing size by
transfertime yieldsthe throughputof the transfer As ex-
pectedthisvaluevariesgreatly: differenttransferaisedif-
ferentnetwork paths,andeven on the samepaththrough-
putvariesovertime.

Figure 14 shaws the cdf of throughputfor the 135,357
transfersin the BU dataset. The distribution fits the log-
normalmodelwell.
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Fig. 14. Distribution of throughputdrom BU traces.

Web request transfer times

0.1
—
=
A 0.014
£
=,0.001-
a
o
q 10744 uncorrelated model

correlated model
107"-5 — actual cdf
01 1 10 100 1000

X (seconds)

Fig. 15. Simulationsof webtransfertimes.

A lognormal distribution of throughputssuggestsa
model for the relationship betweentransferssizes and
times. If files arechosenat randomfrom the setof avail-
able files, and the throughputis a randomvalue that is
independenof file size,thenwe canexpressthe transfer
timeast = s/b, wheret is transfertime, s is file size,and
b is bandwidth.Thuslog t = log s — log b.

If s is lognormallydistributed, asproposedn [8], and
b is lognormallydistributed, asseenhere,thenlog ¢ is the
differenceof two normalrandomvariableswhich is also
normal. Thus,t is lognormal.

There are, however, two problemswith this model.
First, effective bandwidthandsizearenotindependentln
thisdatasetthecorrelationof log s andlog b is 0.70,which
meanghatlargertransfersachieve largerthroughput.

Toexaminetheeffectof thiscorrelationwe ranasimple
simulationof network transfers. The simulationusesthe
lognormalapproximationf the distributions of sizeand
throughput.n theuncorrelatedrersion,it choosesandom
sizesandthroughputsndependenthandgenerates sam-
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Fig. 16. ccdfof ftp transfersizesfrom LBL traces.
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Fig.17. ccdfof ftp transfertimesfrom LBL traces.

ple of transfertimes. In the correlatedversion,it chooses
sizesandthroughputswvith a correlationof 0.70.

Figure 15 shaws the actualdistribution of timesalong
with the two simulatedmodels. Neithermodelis a good
matchfor the data,which suggestshat we have not cap-
tured the details of the relationship betweensize and
throughput.

Nevertheless,this figure demonstrateshe effect that
correlation has on the tail of the distribution of trans-
fer times. Sincelarger transferstendto achiere higher

throughputthe variationin transfertimesis compressed.

Thus,we expectthedistribution of transfertimesto beless
long-tailedthanthedistribution of sizes.

In the next sectionwe apply the sameanalysisto ftp
transfers.

C. ftp transfertimes

Paxson[26] examinesthe sizesof ftp transfersandre-
portsthatthedistribution fits alognormaldistribution well.
He doesnotdiscusgherelationshipbetweertransfersizes

Throughputs, LBL dataset
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Fig. 18. Distribution of throughputdrom LBL traces.

andtransfertimes.

To examineftp transfersizesand times, we usedthe
LBL CONN-7 datasetagain, and extractedthe 105,542
transfersthat usedthe ftp-dataprotocol, were successful,
and transporteda non-zeronumberof bytes. Figure 16
shaws the ccdf of transfersizes;Figure 17 shaws the ccdf
of transfertimes.

We agreewith Paxsonthat the distribution of sizesfits
the lognormaldistribution, bothin the bulk, asshavn in
[26] andin thetail, asshavn here. The Paretomodelalso
fits thetail well, but thecurvatureof thetail suggestsnon-
long-tailedmodel. Thetail curvatureis 0.112604 which
hasa nggligible chanceof comingfrom a Paretodistribu-
tion.

Ontheotherhand,thelognormalmodeldoesnotfit the
ccdf of transfertimesat all. It is not clear whetherthe
Paretomodelis better The slopeparameteestimatedoy
aest matchesa part of the tail, but for ary curve there
is likely to be a line that fits aswell. Neverthelessthe
tail of this ccdfis straightenoughto suggest long-tailed
distribution. Thetail curvatureis 0.0011,which is not at
all unusuafor a Paretotail (p-value> 0.95).

D. ftp throughput

Again, we explored the relationship betweenthese
transfer times and the distribution of sizes. For each
connectionwe computedthe throughputby dividing the
transfersizeby the transfertime. Figure 18 shaws there-
sultingccdf.

Again, the distribution is roughly lognormal,although
the high end appeardo be compressedpossibly by the
hardwarelimitationsof thelocal network. Again,thereis a
strongcorrelationbetweersizeandthroughputp = 0.73.

Usingthelognormalapproximation®f thedistributions
of sizesandthroughputswe simulated105,542transfers
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Fig. 19. Simulationsof ftp transfertimes.

with andwithout correlationbetweersizeandthroughput.
Figure19 shavstheresults.

Asin thepreviousexample themodelsfail to reproduce
theactualccdf, but we believe this simulationsuggestsain
alternatevayto interpretthedistribution of transfertimes.
This distribution is approximatelylognormalbecausehe
distributions of size andthroughputare lognormal, but it
is compressedomevhat by the upperboundthe network
imposeson throughput,and by the correlationbetween
size and throughput. This compressiormakes the ccdf
straighterbut doesnot changets extremetail behaior.

In summarythereis someevidencethatthedistribution
of ftp transfertimesis long-tailed but we believe thatthere
is an alternateexplanationfor thesedatathat doesnot re-
quirelongtails.

V. TRANSFER BURSTS

The motivation for investigatingthe sizesof transfer
burstsis the ideathat ON periodsin the ON/OFF model
might corresponaiotto individualfile transfershut to pe-
riods of network actvity interruptedonly by network de-
laysandshortintervals betweerfiles.

Fromthe network’s point of view thereis no difference
betweeradelaycausedy a TCPtimeoutandadelaywith
the sameduration causedby useractvity or processing
delays.

A. ftp bursts

Paxson[26] discusseétp databursts,which he defines
asa sequencef ftp transfersin the samesessiorthatare
spacedessthan4 secondsapart. He doesnot shaw the
ccdf, but he reportsthat the largest5% of the burstsare
well-modeledusing a Paretodistribution. This claim ap-
pearsagainin [2], alongwith an estimatedoarametefor
the Paretomodel.
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Fig. 20. Distribution of burstsizesfrom LBL traces.

We applied Paxsonand Floyd’'s analysisto the LBL
CONN-7 datasetgroupingconsecutie ftp datatransfers
into burstsif thetime betweenthe endof oneandthe be-
ginningof thenext is lessthan4 secondsWefound56,155
suchbursts,which is somevhat morethanthe numberin
theoriginal paper(48,568).We don't know thereasorfor
thediscrepang Thelongestburstcomprise979connec-
tions (which is the samenumberreportedby Paxsonand
Floyd).

We computedthe total numberof bytesin eachburst;
Figure20 shawvs thedistribution of theseburstsizesalong
with lognormaland Paretomodels. The parameteresti-
matedby aest is 1.0, but the Paretomodelin the figure
hasa = 1.3, whichis a betterfit for thetail.

Both modelsfit the distribution well, but the Pareto
modelis better The tail of the ccdfis closeto straight,
right out to the boundaryof the measurementNeverthe-
less,thereis somecunature;the measuredail curvature
is 0.073,which hasanggligible p-value.

We concludethatthereis someevidencethatthe distri-
bution of burst sizesis long-tailed. This evidenceis not
clearcut, though,soit would be usefulto understandhown
it comesabout.

In the next sectionwe examinethe distribution of burst
lengths(numberof transfers)andits relationshipto burst
sizes(numberof bytes).

B. Burstlengths

A first stepis to look at thedistribution of burstlengths.
If we know thedistributionsof file sizesandburstlengths,
we canmodela burstby thefollowing process:
« Choosea value of n from the distribution of burst
lengths.
« Choosen sizesfrom the distribution of sizesand sum
themto getthetotal burstsize.
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Fig. 21. Distributionof burstlengths(numberof transfersfrom
theLBL traces.

Thusthedistribution of burstsizesis a mixture of distri-
butionswith parametern, wheren is the numberof times
thedistribution of transfersizesis convolvedwith itself.

Figure21 shaws thedistribution of burstlengthsfor the
LBL dataset.The lognormalmodel hastwo modes:the
first modecontainghe 85% of burststhatcontaina single
transfer The parametersf the secondnodewerechosen
by eye. The lognormalmodelis a goodfit for the ccdf,
which clearly hasanincreasingslope. The estimatedail
cunvatureis 0.104583which hasa nggligible p-value.

We concludethat the tail behaior of burstlengthsfor
this datasets roughlylognormal.

C. HTTPbursts

Charzinski[27] collectedtracesof HTTP actvity ona
LAN at a Germanuniversity (TraceA) anda small ISP
(TraceB). For bothtraceshemeasurethedurationof TCP
connectionghatcontainoneor moreHTTP transfers.He
measureghe durationsof theseconnectionsand reports
thatthey shawv polynomialtail behaior. Theccdfof dura-
tionsis approximatehstraight,with only aslightdeviation
in the extremetail.

He also considershe numberof requestger connec-
tion, whichis analogougo burstlength.In bothtracesthe
majority of connectiong69% and 73%) containa single
requestpbut somecontainhundreds.Figure 22 shavs the
ccdf of burst lengthsfor eachtrace. Thereare 455,992
connectionsn TraceA and739,005n TraceB.

TraceA is hardto characterize The Paretomodelesti-
matedby aest doesnotfit well, but thereis along linear
sectionbetweenl0 and100transfergper connection.The
extremetail deviatesfrom this line, andmay be dropping
off with increasingslope but thereareveryfew dataatthis
extreme.
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Fig. 22. Distribution of burstlengths(numberof transfers¥or
HTTP connections.

The tail curvatureis -0.097, which is unlikely for a
Paretodistribution, but even lesslikely for a lognormal
distribution.

The lognormalmodel, asin the previous section,has
two modes.Thefirst mode,at 1, dealswith single-transfer
connections.The secondnodehasparameterghoserby
eye to fit the bulk of the distribution. It fits the bulk rea-
sonablywell, but not thetail.

TraceB is easiento characterizelt lookslike alognor
mal distribution.

ComparingFigures21 and22, it is surprisinghow sim-
ilar the distributions are,consideringhatthey comefrom
differentplacestimes,andapplicationslin particularit is
surprisingthatftp andHTTP have similar burstbehaior,
sincefor ftp transfersusersgenerallydeterminavhatfiles
constitutea burst; for HTTP transferswebdesignersio.

Neverthelessftp sevenyearsagoandHTTP now have
aboutthe samepercentagef single-transfeconnections,
and the distribution of burst lengthshasthe sameshape
andrange. This obseration suggestshat thereare com-
mon characteristicsn the way information is organized



into files, andtheway files areorganizedinto clusters(di-
rectoriespages}hatarelikely to betransportecsaburst.

Unfortunatelythesedatasetslo not provide a clearpic-
ture of the distribution of burst sizes. Thereare straight
sgmentsin theseccdfsthat suggestParetotails. In that
casewe have a hint aboutthe origin of long-tailedburst
sizes but we still have to askwhy burstlengthsarePareto.

If burstlengthsarelognormal,asthe preponderancef
evidencesuggeststhentherearetwo questiondo answer:
why areburstlengthslognormal,andwhateffect doesthis
have onthedistribution of burstsizes?

If thedistributionsof burstlengthsandtransfersizesare
lognormal,it is possiblethatthe resultis long-tailedburst
sizes. It is possiblefor a mixture of short-taileddistribu-
tions to yield a long-taileddistribution ([22], page574).
Specificallyit is possibleghatalognormalmixtureof sums
of lognormalvariatesyields a long-taileddistribution. As
currentwork we areexploring this possibility

V1. CONCLUSIONS

« Thereis little evidencethat the distribution of interar

rival times,by whatever definition, is long-tailed.

« Thereis someevidencethatthe distribution of transfer
timescanbelong-tailed but we have proposednalternate
explanationfor this evidencethat doesnot involve long

tails.

« Thedistribution of burst sizes,for both ftp andHTTP

transfersappearso belongtailed.

« If thedistribution of burstlengthsis long-tailed thenthat
explainslong-tailedburstsizes.It is anopenquestionvhy

burstlengthsshouldbelong-tailed.

« If thedistribution of burstlengthsis lognormal,which

seemsnorelikely, thenit is anopenquestionvhetherog-

normalburstlengthscanyield long-tailedburstsizes.
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