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1 INTRODUCTION

Networking researchersvork from mentalmodelsof the Inter-
net's importantproperties.The scenariosusedin simulationsand
experimentsreveal aspectof thesementalmodels(including our
own), often including one or more of the following implicit as-
sumptions:Flows live for a long time and transfera lot of data.
Simpletopologies]ike a“dumbbell” topologywith onecongested
link, aresufcient to studymary trafc propertiesFlows on the
congestedink sharea small rangeof round-triptimes.Most data
traf c acrosghelink is one-way; reverse-pathrafc is rarelycon-
gested.

All of thesemodelingassumptionsiffect simulationandexperi-
mentalresults,andthereforeour evaluationsof researchBut none
of themare con rmed by measuremendtudies,and someareac-
tively wrong. Somedivergencesfrom reality are unimportant,in
thatthey don't affect the validity of simulationresults,andsimple
modelshelpusunderstandheunderlyingdynamicsof our systems.
However, asa communitywe do notyet understandvhich aspects
of modelsaffect fundamentakystembehaior and which aspects
cansafelybeignored.

It is our beliefthatlack of gopodmeasurementsack of tools for
evaluatingmeasuremenesultsandapplyingtheir resultsto mod-
els, andlack of diverseand well-understoodsimulationscenarios
basedn thesemodelsareholding backthe eld. We needamuch
richer understandingf the rangeof realistic models,and of the
likely relevanceof differentmodel parameterso network perfor
mance.

2 NETWORK MODEL PRINCIPLES

By networkmode] we meanthe full rangeof parameterghat
might affect a simulationor experiment:network topology traf-
¢ generationend-nodeprotocol behaior, queuedrop policies,
congestionevels, and so forth. Internetexperimentsare dif cult
to replicate,verify, or even understand17] without the stability
andrelative transparencprovidedby a simulator(suchasns[15]),
emulator(suchasthe University of Utah's Emulab[18]), or self-
containedestbed andexperimentaldesignfor theseplatformsin-
cludesthe designandimplementationof an explicit andconcrete
network model.

Network modelsusedin practiceoftenhave little relationshipto
Internetreality, or anunknavn relationshipto Internetreality. This
isn't necessarilya problem.Divergencesbetweenmodelsandre-
ality canbe unimportant,in thatthey don't affect the validity of
simulationresults,or useful,in thatthey clarify behaior in simple
casesSomedivergencesare necessaryn orderto investigatethe
Internetof the future insteadof the Internetof the pastor present.
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However, theresearclttommunityhasnotyetdeterminedvhich di-
vergencesareacceptablandwhicharenot. We simply don't know
whetherthemodelswe usearevalid. This basicquestiorhasledto
dif culties bothin our own researclandin our evaluationof other
work.

We needbettermodelsand bettertools for evaluatingour own
and others' models.We needto know whena model might lead
to badresults,and what thoseresultsmight be. In particular we
believe:

Modelsshouldbe speci c to thereseach questiondeinginves-
tigated.Wewouldn't recommendrying to constructasinglemodel
of theglobal Internet,with a singlesetof simulationscenariosfor
useby all researcherd helnternetcannotesimply andaccurately
modeledn the sameway thatonemight modela machinethatone
could hold in one's hand.Researchershouldinsteadconcentrate
on modelingpropertieselevantto their researchand nding valid
simpli cations or abstractiongor other properties.The very pro-
cessof decidingwhich propertiesare relevant, and testing those
decisions givesinsightinto the dynamicsof the questionsunder
investigation.Building a single global model,in contrast,would
male peoples simulationsrun slower without necessarilymprov-
ing their precision clarity, or applicability®

For example,oneareaof particularinterestto usis congestion-
relatedmechanismst a queuein arouter This includessuchre-
searchtopicsasdifferentiatedservicesactive queuemanagement,
ECN, QoS, aggrgjate-baseatongestioncontrol, fairness,and so
forth, andtoucheson otherissuessuchasdesignof end-hostpro-
tocols.Modelsfor thesetopicsmustincludecharacteristicsf con-
gestedinks, therangeof round-triptimesfor o wsonacongested
link, andthe effects of congestionelsavhereon the network. A
fully-worked-outtopologyisn't necessaryhowever; the rangeof
round-trip times, and an understandingf the congestionexperi-
encedelsavhere,sufciently representshe topology Table 1 de-
scribestypical modelsusedin otherresearctareassuchasunicast
andmulticastcongestiorcontrol,routinglookups,andpeerto-peer
systems.

We needto undestandhowmodels'parametersettingsaffectex-
perimentakesults As amodelfor agivenresearclyuestioris built,
researchershouldexplorethemodel’s parametespace For exam-
ple, do someparametershangeresultsonly slightly, or areresults
sensitvely dependenbn one or more parametersBection3 ex-
ploresthisin detailfor several researchguestionsAn understand-
ing of therealmof possibilities,andtheir causesgcanprove invalu-
ablefor interpretingresults,andshouldbe codi ed anddistributed
aspartof theresearcltommunitys sharedknownledgebase.

Modelingmustgo hand-in-handwith measuement.lt is neces-
saryto fully exploretherangeof parametesettingshutresearchers
shouldagreeon particularlyimportantsettingsto facilitate com-
parisonof results.Network researchshould not founderon dis-

1Application-speci cmodelingis becominga sharedagendan the
researchcommunity with work into application-dwen topology
modeling,for example[20].



Researciopics

Typical Models

SupportingMeasurements

AQM, scheduling, differentiated ser
vices.

A dumbbelltopology with aggregate
trafc.

Characteristicsof congestedinks, range of
round-triptimes, trafc characterizatior{dis-

tribution of transfersizes,etc.), reverse-path

traf ¢, effectsof congestiorelsavhere.

Unicastcongestiorcontrol.

A singlepath,with competingtraf c.

Characteristicof links, queue managemen
alongpath,paclet-reorderindehaior, paclet
corruptiononalink, variability of delay band-
width asymmetry

Multicastcongestiorcontrol.

A single multicast group in a large
topology

Routerlevel topologies,loss patterns,trafc
generatiorby groupmembers.

Routingprotocols.

A largetopology

Routerlevel topologies,AS-level topologies,
losspatterns.

Routinglookups.

A lookup trace,or a model of the ad-
dressspace.

Rangef addressegisible atalink.

Web cachingand CDNs, peerto-peer
systems.

Models of large topologieswith appli-
cationtrafc.

Topologies, application-leel routing, trafc
patterns.

ControllingDDoS attacks.

Modelsof largetopologieswith aggre-
gatetrafc.

Topologiesattackpatterns.

Webcacheperformance.

A single cachewith mary clientsand
seners,asin WebPolygraph.

Detailedclient behaior, sener behaior.

TABLE 1—Someresearchopics,with typical modelsandrequiredsupportingmeasurements.

agreementsver the network modelsandsimulationscenarioghat
shouldbe used.(Section3 describescasesvherewe are closeto
that stateof affairs.) Measurementan help settlethesedisagree-
mentsby sayingwhat parameterspr rangesof parametersareac-
tually obseredin practice.

We want modelsthat apply to the Internetof the future, aswell
asto the Internetof today Dueto the Internets vastheterogeneity
andrapidrateof changd17], we mustpay closeattentionto what
seemgo beinvariantandwhatis rapidly changingor risk building
dead-endnodels.Measurementfor example,shouldbe an ongo-
ing program,so that old measurementdon't congealinto widely
acceptedbut inappropriateparametesettings.

Bettermodelswill make the Internetcommunitys researchef-
forts more effective. Lack of agreemenbver modelscomplicates
comparisorandcollaborationandresearchenssk expendingvalu-
able effort on deadendscausedoy invalid models.Bettermodels
will thereforeimmediatelyimprove the stateof Internetresearch,
andperhapgheInternetitself.

3 “ROGUES’ GALLERY”

Thissectiondescribesomemodelingissuesn ourown, andoth-
ers', network researchSomeof theresearctwe discusshas aws,
causedy inappropriatenodels thatmighthave beenavoidedgiven
a betterunderstandin@f the network modelsappropriatefor spe-
ci ¢ researcltopics.Someof it hasnot receved a thorougheval-
uationbecausahe modelsunderlyingthe researcthave not been
evaluated.The point is not to scold others(or ourseles!). Con-
creteexamplesare simply the mosteffective way to communicate
therangeof problemsthatcancrop up whenmodelsarent treated
carefullyenough.

Again, if modelsusedtodaycouldbe countedonto give similar
resultsto oneanotherandif their resultscould be counteduponto
be relevantto the currentand/orfuture Internet,thentherewould
not be a problem.However, differentmodelsanddifferentsimula-
tion scenariogo give differentresultswhenusedto evaluatethe
sameresearctguestion andhave differentdegreesof relevanceto
theactualinternet.

3.1 Phase Effects

For example somesimulationsdemonstratsensitve dependence
on preciseparametesettings.This rich behaior is notrelevantto
the moderninternet;it is an artifact of unrealisticsimulationsce-
narios,suchasthosewith long-livedtrafc, pacletsthesamesize,
andnoreverse-pathrafc. Wewouldliketodiscourageesearchers
from investigatingin depththe rich behaior of theseunrealistic
andirrelevantscenariog19].
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FIGURE 1—Flow 1's throughputasa function of the ratio of the
two o ws' round-triptimes.
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Figurel (takenfrom [6]) illustratesphaseeffects,wherea small
changen thepropagatiordelayof asinglelink completelychanges
the fraction of link bandwidthreceved by one of two TCP o ws
sharinga Drop-Tail queue Eachdotonthegraphrepresentthere-
sult of asinglesimulation;the y-axis shavs thethroughputof ow
1in thatsimulation.Thesimulationtopologyis asimpledumbbell.
Whenthe propagatiordelaysof the two competing o ws' access
links areequal,thenboth o ws have the sameround-triptime and
receve the samefraction of the link bandwidth.However, asthe
propagatiordelayof oneof the accesdinks changeslightly, ow
1 canshift to receving almostall of the link bandwidth,or to re-
ceiving very little of the link bandwidth,dependingon the exact
propagationdelaysof the two accesdinks. In real networks, of
coursethetraf c mix includesshort-lived o ws, andsmallcontrol
pacletsaswell aslarge datapaclets,and probablymorethantwo



competing o ws, all making phaseeffects much lesslikely. The
lessonis not that phaseeffects are a signi cant or importantdy-
namicto addressn currentnetworks, but ratherthat simulations
canbe very tricky and unrealistic,and that the combinationin a
simulationscenarioof DropTail gueuemanagemendith one-way
long-livedtrafc canbedeadlyindeed.

3.2 Active Queue Management: Parameters

RandomEarly Detection(RED) was one of the rst propos-
als for Active QueueManagementand the 1993 paperon RED
[7] includeda numberof simulations,nvestigatingscenariosvith
a rangeof round-trip times; varying trafc load over the life of
the simulation;two-way traf ¢ including TCP connectionswith a
rangeof transfersizes;scenariosncluding bursty and less-lursty
traf c; andarangeof valuesfor thecon guredtargetaveragequeue
size.

However, the 1993papemaeglectedto addressomekey issues:

— Thepaperdid notinvestigategperformancén scenariosvith high
pacletdroprates.

— The paperdid not investigateperformancefor a rangeof link
bandwidthdor the congestedink.

— The paperdid not explore the potentialfor oscillationsin the
averagegueuesize,in particularfor scenariosvith large propa-
gationdelaysandlong-livedtrafc.

Partly becausethe paperneagylectedto addresstheseissues,a
lengthyliteraturewasspavnedonthelimitationsof RED, andnine
yeardaterActive QueuaManagemenhasstill notseenwidespread
deplgymentin thelnternet.

Forinstanceall of thepapers simulationsvereof scenariosvith
small paclet drop rates,so performancdooked quite nice. How-
ever, it was soonpointedout that performancdooked lessgood
whenthe paclet drop rate exceededRED's con gured parameter
maxp.2 In 1997,the default valuefor maxp in the NS simulator
waschangedrom 0.02,anunrealisticallyoptimistic value,to 0.1.
In 1999the “gentle’ variantwas addedto RED to give increased
robustnesswvhen the averagequeuesize exceededthe maximum
thresholdandAdaptive RED wasdevelopedin 2001to adaptRED
parameterg¢o changingnetwork conditions[5]. All of this might
have beendonemuchsoonerif the authorsof the RED paper(i.e.,
oneof theco-author®f this paperhadpaidmoreattentionin 1993
to RED performanceén scenariosvith high pacletdroprates.

Similarly, while the original RED papergave guidelinesfor the
settingof thequeueweightparametewyg, all of thescenariosn the
paperhada congestedink of 45 Mbps.This ledto work by others
usingNS's defaultvalueof the queueweightparametefor arange
of inappropriatescenariose.g.,with 10Gbpslinks, sothattheaver
agequeuesizewasestimatedvertoo smallof atimeinterval, only
a fraction of a round-triptime. The useof an overly-smallvalue
for wy, particularlyin anernvironmentof one-vay, long-lived traf-
¢, canexacerbateRED's problemswith oscillationsof the queue
size[5]. Again, if the authorsof [7] hadinvestigatedandthought
carefully abouta wider rangeof simulationscenariosn 1993, it
would have reducedthe amountof work necessaryater on. Even
now thatthe default NS parameterfiave beenchangedo reason-
ablevalues the effectsthoseparametersiad on simulationresults
shouldsensitizeusto the importanceof understandinghe models
weuse.

2The parametemaxp givesthe paclet droppingprobability im-
posedwhenthe averagequeuesize exceedsthe maximumthresh-
old.

An evaluationof AQM mechanismn progresg16] shaws that,
for mary simulationscenariosall considereanechanismgerform
similarly. However, simulationscenariosanbe devisedthatshav
eachmechanismin a badlight. In scenarioswith long round-trip
timesandmostlylong-lived o ws, RED andAdaptive RED exhibit
queueoscillations(seethe next section).In scenariosvith mostly
webtrafc, orwith changesn thelevel of congestiorovertime,the
Proportional-Intgral Controller(PI) [8] andRandomEarly Mark-
ing (REM) [2] performbadly Many scenarioswith Drop-Tail or
Adaptive Virtual QueuegAVQ) [13] give competitive performance
in termsof delay-throughputradeofs, but also give high paclet
droprates.lt would be helpful to have moregroundingin deciding
whichmodelsandsimulationscenariosverecritical to explore,and
which areedgecaseshatwerelesslikely to occurin practicelt is
unsettlingto feel thatonecould constructa simulationto shaw al-
mostanything thatonewanted ,andthatthereis solittle agreement
within the researclcommunityaboutwhy onechoosego explore
onesetof simulationscenariosatherthananother

3.3 Active Queue Management: Oscillations

Much researcheffort in active queuemanagementechanisms
comesdown to an implicit disagreemenaboutwhich simulation
scenariogrethe mostimportantto addresskor example,[14] dis-
cusse®scillationswith RED in scenariosvith one-way, long-lived
trafc, while [5] criticizesrelianceon suchscenariosQueueos-
cillations arewidely considerecda seriouspotentialproblemwith
RED active queuemanagementHowever, moderatechangesn
the trafc mix can strongly affect oscillation dynamics.In par
ticular, addingshort-lived o ws, reverse-pathtrafc, anda range
of round-trip times—characteristicabiquitouson the Internet—
changessimple oscillationsinto more complex bursty behaior.
This dramatic changehighlights the importanceof the network
model.If we understoocbetterthe waysin which differentmod-
els canaffect experimentdynamics,perhapswve would be further
alongin addressind\QM behaiors.

To illustrate,we examinethreesimulationswith somevhatsim-
ilar parametersettings,but quite differentresultsin termsof the
gueuaynamicsatthecongestedink. Thesimulationsshareadumb-
bell topologywith a 15 Mbps, 10 mscongestedink with Adaptive
RED queuemanagementthey all have similar, small amountsof
reverse-pathraf c; andthey all run for 100 secondsThe simula-
tions differ in their trafc mixesand o w round-triptimes?2 Fig-
ures2 through4 shaw, for eachsimulationscenariothe instanta-
neousqueuesize over the secondhalf of the simulation,with the
dashedine shaving the averagequeuesizeestimatedy RED.

In Figure 2, trafc consistsmostly of 80 long-lived o ws with
large recever's adwertisedwindows, andwith all round-triptimes
equalto 240 msin the absencef queueingdelay This resembles
modelsusedin literatureon RED oscillations[12], andindeed al-
thoughthe paclet drop rateis 2.8% over the secondhalf of the
simulationandthelink utilization over theseconchalf is alsogood
at98.6%,oscillationsin theinstantaneougueuesizearequite pro-
nounced.

Trafc obsenred at Internetrouters,however, tendsto exhibit a
wide rangeof round-triptimes,includingrelatively shortroundtrip
times(< 50 ms)[1, 11]. Figure 3 changeghe model of Figure2
by introducinga wide rangeof round-triptimes, which now vary
betweer20and460ms. Stableoscillationsin queuesizehave been
replacedy moreirregularbehaior. Thesimulationmight actually
beusedto amuethatoscillationsarenota problemon the Internet,
becausef theabsencef regularoscillationsof thequeuesize.The

3This scenariovasadaptedrom [5, Section5.1].
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FIGURE 4—Mostly webtrafc, 20-460msRTTs.

pacletdroprateis now 4.6%over the secondhalf (higherbecause
of thein uence of o wswith very shortround-triptimes),andlink
utilization over the secondhalf is now 99.9%.

But thetrafc in Figure 3 still consistsof all long-lived o ws,
while most o ws on the Internettendto have shortlifetimes [4].
Figure4 thereforeintroducesshorterlived o wsinto themix: traf-

¢ now mostlycomesfrom thewebtraf c generatoin NS, with a
smallernumberof long-lived o ws ( fteen). Thedemandrom the
webtraf c generatowaschoserto give roughly samepaclet drop
rateasFigure2 over the seconchalf of the simulation,in this case
of 2.6%;the link utilization over the secondhalf is also good, at
98.9%.The queuedynamicsandthe distribution of queuingdelay
areratherdifferent,however. The queuesizevariesmoreextremely
thanin Figure3, andunlike thatsimulation the averagequeuesize
alsovariessigni cantly.

To someextent, we have lacked tools for evaluatingthe models
our simulationsactuallyuse.For instancedo the round-triptimes
seenonthe congestedink in Figure4 correspondo thefull range
we expect,anddoesthatrangecorrespondn a meaningfuiway to
measurednternetdata?It turns out that simple mechanismgan
enableevaluationof aspect®f asimulations model.
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FIGURE 6—Distributionsof paclet numbersnthecongestedink
over thesecondhalf of two simulationswith datameasurean the
Internetfor comparison.
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Figure5 shavs oneway to evaluatetherangeof round-triptimes
in asimulation Weaddedmechanism#o theNS simulatorto record
the simulatedT CP sendersestimatedound-triptimesfor paclets
on the congestedink. The gure shavs a cumulative perpaclet
distribution of thesemeasurementdt clearly demonstrates-ig-
ure 2's narrav rangeof round-triptimes,from 240to 310ms,and
Figure4's muchwider rangefrom almost0 to morethan500ms?#
We have alsoincludedtwo representatie measuremenisf anOC3
accesdink at UC SanDiego, calculatedby JiangandDovrolis us-
ing a passve TCP round-triptime estimator[11, Figure 13]. We
usedthesemeasurement® guide our settingof link propagation
delaysandasaresultFigure4 matcheshemeasurementsirbetter
thanFigure2. Note thatalthoughthe averageround-triptime of a
TCPconnectionin Figure4 is still 240msin theabsenc®f queue-
ing delay mostof thepacletscomefrom the TCP connectionsvith
shorterround-triptimes,asonewould expect.

In orderto betterevaluatethe mix of connectiorlengthsin asim-
ulation,we alsoaddedmechanism# NSto recordpacletnumbers
seenon the congestedink. The rst paclet sentin a o w is num-
beredl, asareary of its retransmissionsThe next pacletis num-
bered2, andso forth. Thus,graphinga cumulatve distribution of
paclet numbersshaws the fraction of paclets sentduring connec-
tion startup(slow start).This quantityis largely determineddy the
distribution of o w sizesin thesimulation,but hasindependenin-
terest.

Figure6 shaw the cumulatize distribution of paclet numberdor
the simulationsin Figures2 and 4, aswell asfrom a July 2000

“Very shortround-triptimesarefrom the rst pacletin eachcon-
nection,which reportsanestimatedound-triptime of 0 ms.



traceof wide-arearafc to andfrom UC Berkeley.> We usedthese
measurements) part,to guideoursettingof therelative numberof
websessionsindof long-lived o ws. As Figure6 shavs, almostall
thepacletsin theseconchalf of Figure2's simulationwereatleast
the 500th paclet in their respectie o ws. This meanstherewere
no slow-startdynamicsin thatpartof that simulation.In contrast,
short-lived ows in Figure4 gave rise to a substantiahumberof
pacletswith smallpaclet numbersn the secondhalf of the simu-
lation. Thecorrespondingncreasen slow-startdynamicsprobably
in uencedthe simulationresults.

Thesesimulationsraisethe questionof which is moreimportant
to explore,thepronouncedscillationsin ascenariawith long-lived
o wsall with thesameround-triptime, or thevariability of demand
over shortertime scalesthat comesfrom a trafc mix andround-
trip time distribution closerto thatobsered on reallinks? It is not
ohvious that the mechanismgproposedo addresghe oscillations
in Figure2 alsoperformwell in scenariowith morediversetraf ¢
(asin Figure 4), or in otherscenarioghat more stringentlystress
theresponsienesof theunderlyinggueuemanagement.

3.4 TCP Variants

It is notjust AQM researclthatsuffersfrom modelingissuesAs
examplesof transporiprotocolswe shav belonv how thedesignof
several TCP variantswerein uenced by implicit network models.
In the caseof RenoTCP [10], the modelhasproved false,andas
aresultRenoTCP hasterrible performancén somescenarioghat
arecommonin practice.ln the caseof VegasTCP [3], we arent
surehow frequentlytheunderlyingmodelappliesin practice mak-
ing evaluationdif cult.

RenoTCP addedFastRecoery to TCP in 1990, following Ja-
cobsons introductionof congestiorcontrolin TahoeTCPin 1988
[9]. FastRecoery makesa key contritution of allowing the TCP
sendetto avoid slow-startingin responséo congestion—withHast
Recwery, theTCPsendehalvesits congestiorwindow andavoids
aslow-start.RenoT CPworkswell whenonly onepacletis dropped
from awindow of data,but generallyrequiresa Retransmiflfime-
out,andtheattendanslow-start,whenmultiple pacletsaredropped
from awindow. Thisresponsevouldbeperfectlyappropriateéf sin-
gle paclet dropswerethe typical occurrenceand multiple paclet
dropsin awindow of datain fact representednore seriouscon-
gestioncalling for amoreseriouscongestiorcontrolresponselUn-
fortunately this is not the case;lossesoften comein bursts,par
ticularly with Drop-Tail queuemanagementand Reno TCP re-
spondsto thoseburstswith long timeouts.Reno TCP's attendant
performanceroblemdedto a spateof papergproposingarangeof
mechanismsn the network to reducemultiple paclet dropsfrom
awindow of data,while bettermodels—forinstancejncludingthe
typical burstinessof o ws slow-startingat differenttimes—might
have preventedRenos performanceroblemswith multiple paclet
dropsin the rst place.lt is straightforvard to modify FastRecw-
eryto avoid RenosunnecessariRetransmiffimeouts asillustrated
by later TCP variantssuchasNewRenoTCP, which x esthisbug.

As a secondexampleof how limitations in modelingassump-
tions affect transportdesign,we considerVegas TCP [3]. Vegas
is optimizedfor ervironmentswith very low levels of statistical
multiplexing (e.g.,only a few active TCP connections)wherethe
sendingrate of anindividual TCP connectionstrongly affectsthe
queussizeattherouter In suchascenariojncreasesn theconges-

5The perbyte distribution of paclet numberswascalculatedrom
alist of connectionsalongwith thetotal numberof pacletsandof
bytesfor eachconnectionderived by Ratul Mahajanfrom a July
2000trace le of wide-aredrafc to andfrom UC Berkeley.

tion window pastits optimalsizeonly increasehe queueingdelay

ratherthanincreasingheconnectiors sendingrate. Thus,oncein-

creasedjueueingdelayis detectedVegasTCP refrainsfrom fur-

therincreasen thecongestiorwindow.® However, underdifferent
models—withhigher levels of statisticalmultiplexing, for exam-

ple, wherethe queueingdelay and paclet drop rate experienced
by a connectiorhave very little to do with the sendingrateof that
0 w—VegasTCP performssigni cantly worsethanin theerviron-

mentwith small-scalestatisticalmultiplexing.

We actuallyknow very little aboutwherelnternetcongestioroc-
curs,or whereit canbe expectedto occurin the future. Are con-
gestedinks lower-bandwidthaccesdinks with low levelsof statis-
tical multiplexing, or high-bandwidthtransoceanidinks with high
levels of statisticalmultiplexing, or both (aswould seemto bethe
case)MWhataretypical levels of congestionpr of paclet reorder
ing, or of paclet corruption?The morewe knowv aboutthe range
of realistic network conditions,and of how this rangemight be
changingover time, the betterwe can make informed choicesin
our designof transportprotocols.

4 MOVING FORWARD: A PROPOSAL

Researchersould concevably useexisting measurementand
analysismethodologieso understandhe modelsthey usefor their
simulations.Unfortunately those measurementand methodolo-
gieshave neverbeensynthesizedihto acorvenient,coherentvhole.
Welackanagreed-uposetof bestmodelingpracticespartially be-
causewe have notyet recognizedhatcreatingsuchbestpractices
is alegitimateresearclyoalin its own right.

We hopethis paperhelpsbroaderdiscussiorwithin theresearch
communityaboutthemodelswe use.ln addition,we have laid outa
pathfor our own researchhatleadstowardsmorerelevantinternet
models.Therestof this sectionlaysoutthatpathin outline.

Weintendto begin with speci c researclyuestionssuchasques-
tionsaroundcongestion-relateshechanismatrouterqueuesAnal-
ysisof theresearclyuestionwill leadto adescriptionof theexper
imental parameterselevant for constructingmodels.Sections3.2
and 3.3, for example,shaved that bottlenecklink bandwidth,the
rangeof expectedround-triptimes of o ws on the link, andthe
rangeof o w lengthsareall relevantparameterfor AQM models.

Next, simulationexperimentswill shaw how parametesettings
affecttheobseredbehaior of existingtechniquesRelevantexper
imentswill bebasedon publishedresearchn thearea.For settings
that do affect behaior, new measuremengtudiesand analysisof
the measuremeritteraturewill describehow the settingslook on
thereallnternet.

We will distill this work into a setof bestpracticesfor model
construction.This may includeready-madesimulationsetups pa-
pers,RFC-like documentsandso forth. We eventuallyhopeto fa-
cilitate thecreationof asharedepositoryof modelsandsimulation
scenariodor useby all.

Of course changesn the network might exposetheimportance
of differentparametersOur work will notdeterminethe complete
set of interestingsimulationsfor a researcharea.Rather it will
point out the parameterghat have proved importantin the past,
provide obsenationsof their valueson the Internet,and describe
expectedeffectsof othervalues.

Finally, we will make the measuremerpirogramswe borrow, or
create availableto the researcitommunityashigh-quality main-
tained software tools. This will male it easyfor the community
to keepthe best-practicenodelsup to datewith changinginternet

6\/egas TCP can be seenin partasa reactionto the poor perfor
manceof RenoTCPin the presencef multiple paclet drops.



conditions.

Notethatwhile we welcomecollaboratorsywe don't think we've
found the only, or even necessarilythe right, approachMore im-
portantis to addresghe problemitself: the needfor bettermodels
in Internetresearch.

5 CONCLUSIONS
In summary:

— Network researchandinternetresearchn particular hasagreat
needfor better models,and for better common evaluation of
models.

— Speci c researclproblemsrequiretheir own models—problem-
or application-dnven modeling,ratherthanglobal Internetmod-
eling.

— Weneedabetterunderstandingf exactlywhich aspect®f mod-
elsarecritical for a particularresearchssue.

— Modelsmustbebasednnetwork measurememhennecessary

— We wantmodelsthatapplyto the Internetof the future,aswell
asto theInternetof today

— We have someideasthat we plan to put into practice,but this
projectcanonly ourish with the commitmentof the research
communityasawhole.

The simulationscenariosve usedto generategures in this pa-
permaybefoundathttp://www.icir.org/models/s ims.h tml .
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