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Abstact—A commonly acceptedtraffic model for a large population
of Internet usersconsistsof a multiplex of Poisson-arriving heavy-tailed
streamswith the sameconstantrate (M/G/oo). We show that eventhough
suchregular model providesan accuratedescription of long-rangedepen-
dence,the marginal distrib ution variance is underestimated,resulting in
erroneouscalculation of overflow probability in network simulations. On
the other hand, we shaw that the traffic variability due to the marginal
distrib ution variance can be the limiting factor for performancein the
gigabit speedNext Generation Inter net, rather than the long-range de-
pendencefeaturespresentin today’s traffic.

Keywords— Inter net performance analysis, heavy-tails, long-range de-
pendencefjraffic measuements.

|. INTRODUCTION

A numberof recentstudiesclearly shav that Internetload
is primarily determinedoy TCP connectioncomingfrom the
WWW. Indeed thetraffic tracerecordedrom Public Univer
sity of Navarra IP over ATM accesslink (February2000),
which is analyzedin this paper shaws that the TCP traffic
percentagequals99% in bytestransmitted,82.8% of which
(96.9% of the total numberof TCP connectionsare WWW
connectionsput of a sampleof 1,029,350TCP connections.
Suchhigh percentagés alsoreportedn anumberof measure-
mentsperformedin a wide variety of academiandindustrial
settingd1], [2], [3].

Thus,sinceTCPconnectionsletermindnternetioadalmost
completely thereis a growing interestin the developmentof
traffic modelswhich explain the mainfeaturesof Internettraf-
fic in termsof the underlyingTCP connectionsnultiplex. In-
deed,Willinger et al. [4] show that the multiplex of on-off
sourceswith heary-tailedon-off periodsturnsoutto have self-
similar properties,a distinguishingfeatureof Internettraffic
[4], [5]. FurthermoreTsybalov andGeoganagd6] show that
aslongastheon-periodof theindividualconnectionss heary-
tailed the resultingtraffic multiplex is asymptoticallysecond-
orderself-similar eventhoughthe connectionarrival process
is Poisson.A heavy-tailed randomvariable R hasa distribu-
tion tail with theform
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wherea takesthevaluesl < a < 2. Theresultingran-
dom variable has finite meanbut infinite variance. On the

other hand, a stationarystochasticprocessin discretetime
X = {X;} = {X1,X»,...} is calledasymptoticallysecond-
orderself-similarwith Hurstparametei if for all £ > 1 [6]
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being p(™) (k) the lag k autocorrelatiorof the aggreyated
processX (™),
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For1/2 < H < 1 this meanghatthe correlationp(k) de-
caysto zerososlowly that,

> p(k) = o0
k

TheprocessX haslongmemoryor long-rangedependence
In the specificcaseof Internettraffic, suchlong-rangedepen-
dencds obsenedin the processX; whichrepresentthenum-
ber of bytesin fixed duration(§ ms)intervals from a sample
of Internettraffic. As aconsequencef the slow decayof the
autocorrelatiorfunctionthe overflow probabilityin intermedi-
aterouterqueuesncreaseseavily, in comparisorto a process
with independenincrementgPoisson).In [7] an experimen-
tal queueinganalysiswith long-rangedependentraffic is pre-
sentedwhich comparesnoriginal Internettraffic tracewith a
shufled version,i.e. with destrged correlations.The results
shav a dramaticimpactin sener performancedue to long-
rangedependence.

The parametew in (1) is relatedto the Hurst exponentH
sinceH = (3—a)/2[6]: Valuesof H intherange0.5 < H <
1 indicatelong-rangedependenceSuchH valuescorrespond
to valuesof « in therangel < a < 2.

Interestingly the multiplex of heavy-tailed streamsmodel
[4], [6] assummeshe sameconstantrate for all streamsand
heary-tailednessn streambytesand duration. We note that
suchconstantrate doesnot have a physicalmeaningin the
model construction[6]. Nevertheless,in [2] the model is
adoptedo explainWWW traffic self-similarity, sincebothsize
(bytes) and duration of WWW connectionscan be modeled

1
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with a heary-tailed randomvariable (Pareto) with o values
1.15 for sizeand1.2 for duration. As a modelsimplification,
it is assummedhat TCP connectionshave the sameconstant
rate, so that the total traffic is a multiplex of homogeneous
constantateheary-tailedstreamslin [4] the sameassumption
is adoptedto model LAN traffic. Furthermorethe Poisson-
arriving heavy-tailedmodelwith sameconstantateperstream
hasbeernwidely usedfor network dimensioningandsimulation
purpose$8] andis commonlyacceptedsaphenomenological
modelthat explainslong-rangedependencef Internettraffic
(2], [4]-

In this paperwe investigatethe impact of non-regularity
(differentconstantateperstream)n the TCPstreamsn com-
parisonto the regular (sameconstantrate per stream)case.
Clearly, the rate of eachindividual TCP streamis not the
samebut variesaccordingto the specificnetwork settingsbe-
tweensourceanddestination By takinginto accounthe non-
homogeneityof TCP streamswve obsere highervariability in
the maminal distribution, in comparisonto the regular case.
Since queueingperformancedependsnot only on the long-
rangedependenceropertiesof the incomingtraffic but also
onthemaminal distribution variability the queuingdelayspre-
dicted by the regular model are optimistic. Indeed,the in-
troductionof differenttransfermodesfor Internettransactions
otherthanraw TCR, in accordanc¢o theemeging high-speed
IP switchingandoptical burst switchingtechniqguesmaylead
to anincreaseof variability in the mamginal distribution, while
alleviating long-rangedependenceaince connectionduration
decreasekeaily. In suchforeseeablescenariathe dominant
factorfor network performances the maminal distribution of
thetraffic multiplex, ratherthanlong-rangedependencegswe
will show.

A. Networkscenarioand measuementool

Ourtraffic tracesareobtainedrom the ATM Permanenyir-
tual Circuit (PVC) thatlinks Public University of Navarrato
the core router of the Spanishacademicnetwork (Redlris )
in Madrid. The PeakCell Rate (PCR) of the circuit is limi-
tedto 4 Mbpsandthe transmissiorratein the opticalfiber is
155Mbps. We notethatthe scenariaunderanalysiss arepre-
sentatve exampleof a numberof very commonnetwork con-
figurations. For example,the most SpanishinternetService
Providers(ISPs)hire ATM PVClinks to the operatorsn order
to provide customerswvith accesgo the Internet. On the other
hand, measurementare not constrainecby a predetermined
setof destinationsut representireal exampleof avery large
sampleof usersaccesingandomdestinationsn the Internet.
Furthermorewe carefully checkthe utilization factor of the
ATM PVC andnotethatnever reache$0%in intervals of 15
min. during the measurementampaign.This sanitycheckis
performedo ensurdhattheresultsrepresenageneralnternet
case Namely differentconnectionsrefacingdifferentbottle-
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necklinks accordingto the destinationput the resultsarenot
correlatedby a potentialbottlenecKink in the accessFinally,
the wealth of datain the trace provides a strong confidence
level in the obtainedresults.Measurementsompriseoneday
worth of datastartingMonday14/02/200Gat midnight,making
atotal of 1029350T CP connection§16375793P paclets).

Theremaindeof this paperis organizedasfollows: in sec-
tionll we presenticharacterizationf individual TCPstreams.
Sectionlll is devotedto goodnesf fit and comparisonof
the regular model (multiplex of sameconstantrate streams)
and non-reggular model (multiplex of different constantrate
streams)followedby discussiorin sectionlV andconclusions
in sectionV.

Il. TCP STREAMS CHARACTERIZATION

In orderto constructa traffic modelasa multiplex of TCP
connectionsve needio addresdothconnectiorarrival process
and connectionsize, durationandrate. As far asthe arrival
processs concernedve studythe connectiorinterarrival time
distribution. Then,we analyzeconnectiondurationandsizes
andcompareo resultsobtainedn previouspapergd1], [2]. On
the otherhand,we addressheissueof non-reggularity with an
analysisof theconnectiorrate.

A. Connectiorarrival process

Lik ewise mosttraffic models,the regular model presented
in [4], [6] assumestationarityin the arrival processthusres-
tricting the scopeto time intervals over which suchprocess
canbe assumedo be stationary We selecthourly intervals
in the morning, afternoonand evening and plot the survival
function of connectioninterarrival time (P(X > =z)) in log-
linearscale(Fig. 1). Thelinesshavnin Fig. 1 indicatethatthe
arrival processis non-stationarybeinginterarrival times best
modeledby exponentialrandomvariablesin hourly intervals.
Sinceuserscanbe assumedo beindependentneanotherthe
arrival processanbe assumedo be Poissonian8].
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B. Connectiorsizeandduration

Fig. 2 shaws survival functionsof connectionsize (bytes)
andduration(seconds)n log-log scales We notethatthe sur
vival functionof theheary-tailedrandomvariablein (1) yields
aline of slope—a whenplottedin log-log scales We plot the
distribution tail leastsquaredegressionline in both plotsand
estimatevaluesof « of 1.15 and1.2 for durationandsizeres-
pectively. Suchvaluesarein accordancevith previousstudies
thatreportvaluesof 1.2and1.15[2].

Filessizesin the Internetareheavy-taileddueto thediverse
natureof postednformationwhichrangedrom smalltext files
to very large videofiles [2]. Regardingduration,we notean
evenlargervariability (lower ), possiblydueto thedynamics
of the TCPin presencef congestionwhich make connection
durationgrow largerif paclketlossoccurs.In sum,sincethea
valuesfor sizeanddurationarebothin therangel < a < 2
theHurstparameteH takesvaluesin therangel.b < a <1,
shawing stronglong-rangedependencéeatures.
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Fig. 2. Survial functionof connectiorsize(top) andduration(bottom)

C. Connectiorrate

While the regular modeltakesinto accountthe traffic pa-
rameterdisted sofar, the variablerate of TCP connectionss
not capturedby the model. Fig. 3 shavs the survival function
of TCP connectiongate (hamelytotal bytestransmittedfrom
sener to client divided by connectionduration)in log-linear
scale. First, we obsene that rateis not constant,but differs
from one connectionto another Secondly suchrateis best
modeledby a Weikull randomvariable.

We note that the above distribution is not heary-tailed.
Shoulddurationandsizebeindependentandomvariableghen
the rate distribution would also have a heary-tail, sinceboth
durationand size are indeedheary-tailed. However, it turns
outthatsizeanddurationarecorrelatedaswe expect,andthe
resultingrate distribution is bestfitted by a Weibull distribu-
tion.

I1l. MODELING THE MULTIPLEX OF TCP STREAMS

In this sectionwe compareboth regular and non-regular
model,which aredefinedasfollows:

« Regular model: Internettraffic is a multiplex of Poisson-
arriving heavy-tailed connectionsvith the sameconstantate.
Specifically we synthetizea multiplex with the sameconnec-
tion arrivalsasin thetrace(Poissonjandsameconnectiordu-
ration (heary-tailed) but we assummehat paclets are trans-
mitted at the sameconstantatefor all connections.

« Non-regularmodel: Internettraffic is amultiplex of Poisson-
arriving connectionswith different constantrates. Now we
synthesizea multiplex with the sameconnectiorarrivalsasin
thetrace(Poisson)sameconnectiorsizeandduration(heavy-
tailed)andsameconnectiorrate(Weibull).

In orderto ensurea fair comparisonwe selecta ratevalue
for the regular model that yields the sameload (bytes)asin
thenon-rgularcase.Then,we performatrace-drivensimula-
tion of aninfinite queuesingle-serer systemwith bothinput
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models,in orderto evaluatenetwork impact. The resultsare
shavn in Fig. 4, which presentdelay versusutilization fac-
tor. A performancalropis obsenedfor the non-regulartraffic
input model, which provides roughly the sameperformance
curvesobtainedwith therealtraffic trace. We notethat since
theregularmodelis unableto capturethe traffic marginal dis-
tributionburstinesst providesunrealisticresults aswe explain
next.

1V. DISCUSSION

The analyticalperformancesvaluationof an infinite-queue
single-serer systemunderself-similarinput® is presentedn
[9]. Thesurvivalfunctionof packetdelayin thesystenis given

(C _ m)2H

by:
_ g2—2H
2k(H)2c2m?

where C' is the link capacity m the input traffic average
rate,c, = o/m the standarddeviation divided by input traf-
fic meanor maminal distribution variationcoeficient [9] and
k(H) = HH(1 — H)*~H), pbeing H the Hurst parameter
The previous equationshaws that queueingperformancede-
pendson the following two variables,besideautilization fac-
tor: first, input traffic long-rangedependencéH parameter)
and,secondlymaiginal distribution variability (¢, parameter).
We arguethatwhile theregularmodelcapturedong-rangede-
pendenceccuratelythe samedoesnot apply to the mamginal
distribution variationcoeficient.

In order to verify our hypothesiswe obtain the valuesof
Hurst parameterd and variation coeficient ¢, for regular,
non-regularmodelandtherealtraffic trace.Both H andc, pa-
rametersareobtainedn hourly intervals,in which traffic may
be assummedo be stationary The coeficient of variationc,

P(X >zx) ~exp ( (5)

2FractionalGaussiarNoise

50
45
40
35
30
25 +
20
15 ¢
10 r

Average system time (milliseconds)

ke i ! . . . .
0 01 02 03 04 05 06 07 08 09

Utilization factor

Fig. 4. Performancevaluationof single-serer systemwith real,variablerate
andconstantateinput model

canbeobtainedn astraightfornardmannerdividing standard
deviationby mean.TheHurstparamete# is obtainedhrough
regressiorof variance-aggmationlevel plots. Theresultsare
displayedn tablel andll.

We obsene thatthe Hurstparametetakessimilar valuesin
all caseswhile the constantrate modelprovideslower varia-
tion coeficient(tentimeslessthantherealvariationcoeficient
in somecases) Thus,theregularmodelprovidesanoptimistic
modeling of maminal distribution variability. For example,
Fig. 5 shawvs the maminal distribution (survival function in
log-linearscales¥or bothregularandnon-regularmodelsand
real traffic tracein a two hoursinterval. We notethatindeed
the non-regular model distribution hasa heavier tail thanthe
regular counterpartthus providing a betterapproximationof
therealcurve.
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TABLE |
H ESTIMATION VERSUS TIME
Hour | Real | Non-reg | Regular
8 0.97| 0.98 0.98
9 0.87| 0.78 0.95
10 | 0.78| 0.81 0.99
11 | 0.85| 0.90 0.95
12 | 0.85| 0.88 0.97
13 | 0.81| 0.87 0.97
14 | 091| 0.95 0.99
15 | 0.92| 0.95 0.97
16 | 0.88| 0.80 0.96
17 | 0.80| 0.87 0.99
18 | 0.86| 0.87 0.91
19 | 0.88| 0.94 0.95
20 | 0.83| 0.86 0.99
21 | 0.94| 0.97 0.99




TABLE Il
Cy ESTIMATION VERSUS TIME

Hour | Real | Non-reg | Regular
8 1.13| 1.00 0.59
9 0.19| 0.15 0.07
10 | 0.12| 0.06 0.15
11 | 0.10| 0.05 0.01
12 | 0.08| 0.03 0.01
13 | 0.07| 0.03 0.01
14 | 0.07| 0.03 0.05
15 | 0.06| 0.05 0.02
16 | 0.07| 0.05 0.02
17 | 0.09| 0.04 0.01
18 | 0.09| 0.04 0.003
19 | 0.09| 0.04 0.01
20 | 0.13| 0.06 0.05
21 | 021]| o0.18 0.27

A. Evolutionof Internettraffic

The resultspresentedn the last sectionshow that Internet
performancés notonly determinedy long-rangedependence
but alsoby maginal distribution variability. Consideringthe
caseof anlInternetlink which concentrates large population
of userawe notethattheconnectiorarrival processanbecon-
sideredPoissoniandue to inherentrandomdemandof such
userspopulation. On the otherhand,connectiorbytescanbe
modeledwith a heavy-tailed randomvariable(infinite varian-
ce)dueto wide variety of informationobjectsin the Internet,
from text files to videoclips [2]. However, the long-rangede-
pendencéeaturef Internettraffic aredueto the multiplex of
traffic streamswvhoseservicetimesare heary-tailed. In fact,
Fig. 2 shaws that TCP connectiondurationis heavy-tailed.
This is dueto the heavy-tailed natureof file sizes,together
with thelimited bandwidthof the Internetlinks, which makes
transmissiortime non-neayligible. Furthermorethe dynamics
of the TCP protocolalsocontribute to anincreasen connec-
tion duration.

What if thereis a phenomenalncreasein network band-
width? We arecurrentlywitnessinghe developmenbf optical
technologieswhich are offering dataratesof 1.6 Thpsin a
singlefiber usingDWDM technology In orderto take advan-
tageof suchtechnologieshe TCPis clearlylimited, dueto the
enormousandwidth-delayroductin the opticalsegment.In-
deedsuchopticaltechnologiesvill beoffering burstor coarse
paclet switching transfermodes[10], which will enablethe
transferof files swiftly acrossthe network in a single optical
pulse. In suchcase we notethatthe traffic mamginal distribu-
tion variability is the limiting factorin queueingperformance
andnotthelong-rangedependencéeatures.

For example,we considerthe casein which the link capa-
city is 1 Gbps(point-to-pointGigabit Ethernet)insteadof the
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4 Mbps of the IP over ATM link from which our tracewas
recorded. We implementa synthesizedrace with the same
connectiorarrivalsasin therealcaseandalsosaméfile sizes,
whicharetransmittedattheline speedf 1 Gbps.Themarginal
probabilitydensityfunctionis plottedin Fig. 6, alongwith the
goodness-of-fiturve to ana-stablerandomprocesg11].

Sucha-stablerandomprocessesiave highervariability in
the maminal distribution in comparisorto a Gaussiarprocess
(infinite variancein the mamginal distribution). Sincetheinput
traffic now shaws independenincrementsdueto the poisso-
nian natureof connectionarrivals andthe nearinfinite band-
width, connectionservicetimestendto be very small. Thus,
the traffic marginal distribution variability is extremely large
becausaf the heary-tailed natureof file sizesin the Internet,
aninherentcharacteristiof the currentandfuture Internet.As
a result,we notethat the harmful Internettraffic burstinesds
dueto maginal distribution variability ratherthanlong-range
dependencin ahypothesizeduture high-speedile switching
scenario.

In order to verify this hypothesiswe perform a trace-
drivensimulationof a single-sererinfinite queuesystemwith
the original a-stabletrace(original traceat 1 Gbps),shufled
a-stabletraceand original low-speedtrace (4 Mbps), whose
resultsarepresentedn Fig. 7. We first notethatthe a-stable
traceprovidesa dramaticperformancedecreasein compari-
sonto the low-speedcounterpart. On the other hand, both
shufled and original a-stabletrace provide nearly the same
results.Sinceshufling destrgs any possiblecorrelationin the
tracewe notethatindeedit is the large maminal distribution
variability and not long-rangedependencehe limiting factor
for performance.

V. CONCLUSIONS

In this paperwe have shavn that Internettraffic presents
highermaminal distribution variability thanthat predictedby
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Fig. 7. Performancevaluationof single-serer systemwith low-speedand
a-stabletraffic (original andshufled)

a regular model of constantrate streamd4], [6]. Suchtraf-
fic variability affects queueingperformanceheaily and, ul-
timately, may have a strongerinfluenceon Internet perfor
mancethan long-rangedependenceas the currenttrend to-
wards switched high-speedconnectionsfor IP flows in the
backbonds ontherisein the networking scenario.
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