
Inter net Research Needs Better Models
Sally Floyd Eddie Kohler

ICSICenter for Internet Research, Berkeley, California
f floyd, kohlerg@icir.org

1 INTRODUCTION

Networking researcherswork from mentalmodelsof the Inter-
net's importantproperties.The scenariosusedin simulationsand
experimentsreveal aspectsof 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,like a “dumbbell” topologywith onecongested
link, aresuf�cient to studymany traf�c properties.Flows on the
congestedlink sharea small rangeof round-triptimes.Most data
traf�c acrossthelink is one-way; reverse-pathtraf�c is rarelycon-
gested.

All of thesemodelingassumptionsaffect simulationandexperi-
mentalresults,andthereforeour evaluationsof research.But none
of themarecon�rmed by measurementstudies,andsomeareac-
tively wrong. Somedivergencesfrom reality are unimportant,in
that they don't affect thevalidity of simulationresults,andsimple
modelshelpusunderstandtheunderlyingdynamicsof oursystems.
However, asa communitywe do not yet understandwhich aspects
of modelsaffect fundamentalsystembehavior andwhich aspects
cansafelybeignored.

It is our belief that lack of goodmeasurements,lack of tools for
evaluatingmeasurementresultsandapplyingtheir resultsto mod-
els, andlack of diverseandwell-understoodsimulationscenarios
basedon thesemodelsareholdingbackthe�eld. We needa much
richer understandingof the rangeof realistic models,and of the
likely relevanceof differentmodelparametersto network perfor-
mance.

2 NETWORK MODEL PRINCIPLES

By networkmodel, we meanthe full rangeof parametersthat
might affect a simulationor experiment:network topology, traf-
�c generation,end-nodeprotocol behavior, queuedrop policies,
congestionlevels, andso forth. Internetexperimentsaredif�cult
to replicate,verify, or even understand[17] without the stability
andrelativetransparency providedby asimulator(suchasns[15]),
emulator(suchasthe University of Utah's Emulab[18]), or self-
containedtestbed;andexperimentaldesignfor theseplatformsin-
cludesthe designandimplementationof an explicit andconcrete
network model.

Network modelsusedin practiceoftenhave little relationshipto
Internetreality, or anunknown relationshipto Internetreality. This
isn't necessarilya problem.Divergencesbetweenmodelsandre-
ality can be unimportant,in that they don't affect the validity of
simulationresults,or useful,in thatthey clarify behavior in simple
cases.Somedivergencesarenecessaryin order to investigatethe
Internetof the future insteadof the Internetof thepastor present.
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However, theresearchcommunityhasnotyetdeterminedwhichdi-
vergencesareacceptableandwhicharenot.Wesimplydon't know
whetherthemodelsweusearevalid. Thisbasicquestionhasledto
dif�culties bothin our own researchandin our evaluationof other
work.

We needbettermodelsandbettertools for evaluatingour own
andothers' models.We needto know whena model might lead
to badresults,andwhat thoseresultsmight be. In particular, we
believe:

Modelsshouldbespeci�c to theresearch questionsbeinginves-
tigated.Wewouldn't recommendtrying to constructasinglemodel
of theglobalInternet,with a singlesetof simulationscenarios,for
useby all researchers.TheInternetcannotbesimplyandaccurately
modeledin thesameway thatonemightmodela machinethatone
could hold in one's hand.Researchersshouldinsteadconcentrate
on modelingpropertiesrelevantto their research,and�nding valid
simpli�cations or abstractionsfor otherproperties.The very pro-
cessof decidingwhich propertiesare relevant, and testingthose
decisions,gives insight into the dynamicsof the questionsunder
investigation.Building a single global model, in contrast,would
make people's simulationsrun slower without necessarilyimprov-
ing their precision,clarity, or applicability.1

For example,oneareaof particularinterestto us is congestion-
relatedmechanismsat a queuein a router. This includessuchre-
searchtopicsasdifferentiatedservices,active queuemanagement,
ECN, QoS, aggregate-basedcongestioncontrol, fairness,and so
forth, andtoucheson otherissues,suchasdesignof end-hostpro-
tocols.Modelsfor thesetopicsmustincludecharacteristicsof con-
gestedlinks, therangeof round-triptimesfor �o wsonacongested
link, and the effects of congestionelsewhereon the network. A
fully-worked-outtopology isn't necessary, however; the rangeof
round-trip times,andan understandingof the congestionexperi-
encedelsewhere,suf�ciently representsthe topology. Table1 de-
scribestypicalmodelsusedin otherresearchareas,suchasunicast
andmulticastcongestioncontrol,routinglookups,andpeer-to-peer
systems.

Weneedto understandhowmodels'parametersettingsaffectex-
perimentalresults.As amodelfor agivenresearchquestionisbuilt,
researchersshouldexplorethemodel'sparameterspace.For exam-
ple,do someparameterschangeresultsonly slightly, or areresults
sensitively dependenton one or more parameters?Section3 ex-
ploresthis in detail for several researchquestions.An understand-
ing of therealmof possibilities,andtheir causes,canprove invalu-
ablefor interpretingresults,andshouldbecodi�ed anddistributed
aspartof theresearchcommunity's sharedknowledgebase.

Modelingmustgo hand-in-handwith measurement.It is neces-
saryto fully exploretherangeof parametersettings,but researchers
shouldagreeon particularly importantsettingsto facilitate com-
parisonof results.Network researchshouldnot founderon dis-
1Application-speci�cmodelingis becomingasharedagendain the
researchcommunity, with work into application-driven topology
modeling,for example[20].



ResearchTopics TypicalModels SupportingMeasurements
AQM, scheduling,differentiatedser-
vices.

A dumbbell topology, with aggregate
traf�c.

Characteristicsof congestedlinks, range of
round-trip times,traf�c characterization(dis-
tribution of transfersizes,etc.), reverse-path
traf�c, effectsof congestionelsewhere.

Unicastcongestioncontrol. A singlepath,with competingtraf�c. Characteristicsof links, queuemanagement
alongpath,packet-reorderingbehavior, packet
corruptiononalink, variability of delay, band-
width asymmetry.

Multicastcongestioncontrol. A single multicast group in a large
topology.

Router-level topologies,loss patterns,traf�c
generationby groupmembers.

Routingprotocols. A largetopology. Router-level topologies,AS-level topologies,
losspatterns.

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

Rangesof addressesvisibleata link.

Web cachingand CDNs, peer-to-peer
systems.

Modelsof large topologieswith appli-
cationtraf�c.

Topologies,application-level routing, traf�c
patterns.

ControllingDDoSattacks. Modelsof largetopologieswith aggre-
gatetraf�c.

Topologies,attackpatterns.

Webcacheperformance. A single cachewith many clients and
servers,asin WebPolygraph.

Detailedclient behavior, server behavior.

TABLE 1—Someresearchtopics,with typicalmodelsandrequiredsupportingmeasurements.

agreementsover thenetwork modelsandsimulationscenariosthat
shouldbe used.(Section3 describescaseswherewe arecloseto
that stateof affairs.) Measurementcanhelp settlethesedisagree-
mentsby sayingwhatparameters,or rangesof parameters,areac-
tually observedin practice.

We wantmodelsthat apply to the Internetof the future, aswell
asto theInternetof today. Dueto theInternet's vastheterogeneity
andrapidrateof change[17], we mustpaycloseattentionto what
seemsto beinvariantandwhatis rapidlychanging,or risk building
dead-endmodels.Measurement,for example,shouldbe an ongo-
ing program,so that old measurementsdon't congealinto widely
accepted,but inappropriate,parametersettings.

Bettermodelswill make the Internetcommunity's researchef-
forts moreeffective. Lack of agreementover modelscomplicates
comparisonandcollaboration,andresearchersrisk expendingvalu-
ableeffort on deadendscausedby invalid models.Bettermodels
will thereforeimmediatelyimprove the stateof Internetresearch,
andperhapstheInternetitself.

3 “ROGUES’ GALLERY”
Thissectiondescribessomemodelingissuesin ourown,andoth-

ers', network research.Someof theresearchwe discusshas�a ws,
causedby inappropriatemodels,thatmighthavebeenavoidedgiven
a betterunderstandingof thenetwork modelsappropriatefor spe-
ci�c researchtopics.Someof it hasnot received a thorougheval-
uationbecausethe modelsunderlyingthe researchhave not been
evaluated.The point is not to scold others(or ourselves!). Con-
creteexamplesaresimply themosteffective way to communicate
therangeof problemsthatcancropup whenmodelsaren't treated
carefullyenough.

Again, if modelsusedtodaycouldbecountedon to give similar
resultsto oneanother, andif their resultscouldbecounteduponto
be relevant to the currentand/orfuture Internet,thentherewould
not bea problem.However, differentmodelsanddifferentsimula-
tion scenariosdo give differentresultswhenusedto evaluatethe
sameresearchquestion,andhave differentdegreesof relevanceto
theactualInternet.

3.1 Phase Effects
Forexample,somesimulationsdemonstratesensitivedependence

on preciseparametersettings.This rich behavior is not relevant to
the modernInternet;it is an artifact of unrealisticsimulationsce-
narios,suchasthosewith long-livedtraf�c, packetsthesamesize,
andnoreverse-pathtraf�c. Wewouldliketo discourageresearchers
from investigatingin depththe rich behavior of theseunrealistic
andirrelevantscenarios[19].
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FIGURE 1—Flow 1's throughputasa function of the ratio of the
two �o ws' round-triptimes.

Figure1 (takenfrom [6]) illustratesphaseeffects,wherea small
changein thepropagationdelayof asinglelink completelychanges
the fraction of link bandwidthreceived by oneof two TCP �o ws
sharingaDrop-Tail queue.Eachdotonthegraphrepresentsthere-
sult of a singlesimulation;they-axisshows thethroughputof �o w
1 in thatsimulation.Thesimulationtopologyis asimpledumbbell.
Whenthe propagationdelaysof the two competing�o ws' access
links areequal,thenboth �o ws have thesameround-triptime and
receive the samefraction of the link bandwidth.However, as the
propagationdelayof oneof theaccesslinks changesslightly, �o w
1 canshift to receiving almostall of the link bandwidth,or to re-
ceiving very little of the link bandwidth,dependingon the exact
propagationdelaysof the two accesslinks. In real networks, of
course,thetraf�c mix includesshort-lived�o ws,andsmallcontrol
packetsaswell aslargedatapackets,andprobablymorethantwo



competing�o ws, all making phaseeffects much lesslikely. The
lessonis not that phaseeffectsarea signi�cant or importantdy-
namic to addressin currentnetworks, but ratherthat simulations
can be very tricky andunrealistic,and that the combinationin a
simulationscenarioof DropTail queuemanagementwith one-way
long-livedtraf�c canbedeadlyindeed.

3.2 Active Queue Management: Parameters
RandomEarly Detection(RED) was one of the �rst propos-

als for Active QueueManagement,and the 1993 paperon RED
[7] includeda numberof simulations,investigatingscenarioswith
a rangeof round-trip times; varying traf�c load over the life of
the simulation;two-way traf�c includingTCP connectionswith a
rangeof transfersizes;scenariosincluding bursty andless-bursty
traf�c; andarangeof valuesfor thecon�guredtargetaveragequeue
size.

However, the1993paperneglectedto addresssomekey issues:

– Thepaperdid not investigateperformancein scenarioswith high
packet droprates.

– The paperdid not investigateperformancefor a rangeof link
bandwidthsfor thecongestedlink.

– The paperdid not explore the potential for oscillationsin the
averagequeuesize,in particularfor scenarioswith largepropa-
gationdelaysandlong-livedtraf�c.

Partly becausethe paperneglectedto addresstheseissues,a
lengthyliteraturewasspawnedonthelimitationsof RED,andnine
yearslaterActiveQueueManagementhasstill notseenwidespread
deploymentin theInternet.

For instance,all of thepaper'ssimulationswereof scenarioswith
small packet drop rates,so performancelooked quite nice. How-
ever, it was soonpointedout that performancelooked lessgood
whenthe packet drop rateexceededRED's con�gured parameter
max p.2 In 1997,thedefault valuefor max p in theNS simulator
waschangedfrom 0.02,anunrealisticallyoptimisticvalue,to 0.1.
In 1999 the `gentle' variantwasaddedto RED to give increased
robustnesswhen the averagequeuesize exceededthe maximum
threshold,andAdaptiveREDwasdevelopedin 2001to adaptRED
parametersto changingnetwork conditions[5]. All of this might
have beendonemuchsoonerif theauthorsof theRED paper(i.e.,
oneof theco-authorsof thispaper)hadpaidmoreattentionin 1993
to REDperformancein scenarioswith highpacket droprates.

Similarly, while theoriginal RED papergave guidelinesfor the
settingof thequeueweightparameterwq, all of thescenariosin the
paperhada congestedlink of 45 Mbps.This led to work by others
usingNS'sdefault valueof thequeueweightparameterfor a range
of inappropriatescenarios,e.g.,with 10Gbpslinks,sothattheaver-
agequeuesizewasestimatedover toosmallof a timeinterval, only
a fraction of a round-trip time. The useof an overly-small value
for wq, particularlyin anenvironmentof one-way, long-livedtraf-
�c, canexacerbateRED's problemswith oscillationsof thequeue
size[5]. Again, if the authorsof [7] hadinvestigatedandthought
carefully abouta wider rangeof simulationscenariosin 1993, it
would have reducedtheamountof work necessarylater on. Even
now that thedefault NS parametershave beenchangedto reason-
ablevalues,theeffectsthoseparametershadon simulationresults
shouldsensitizeus to the importanceof understandingthemodels
we use.
2The parametermax p gives the packet droppingprobability im-
posedwhentheaveragequeuesizeexceedsthemaximumthresh-
old.

An evaluationof AQM mechanismsin progress[16] shows that,
for many simulationscenarios,all consideredmechanismsperform
similarly. However, simulationscenarioscanbedevisedthatshow
eachmechanismin a badlight. In scenarioswith long round-trip
timesandmostlylong-lived�o ws,REDandAdaptiveREDexhibit
queueoscillations(seethenext section).In scenarioswith mostly
webtraf�c, or with changesin thelevel of congestionovertime,the
Proportional-Integral Controller(PI) [8] andRandomEarly Mark-
ing (REM) [2] performbadly. Many scenarioswith Drop-Tail or
AdaptiveVirtual Queues(AVQ) [13] givecompetitiveperformance
in termsof delay-throughputtradeoffs, but alsogive high packet
droprates.It would behelpful to have moregroundingin deciding
whichmodelsandsimulationscenarioswerecritical toexplore,and
which areedgecasesthatwerelesslikely to occurin practice.It is
unsettlingto feel thatonecouldconstructa simulationto show al-
mostanything thatonewanted,andthatthereis solittle agreement
within the researchcommunityaboutwhy onechoosesto explore
onesetof simulationscenariosratherthananother.

3.3 Active Queue Management: Oscillations
Much researcheffort in active queuemanagementmechanisms

comesdown to an implicit disagreementaboutwhich simulation
scenariosarethemostimportantto address.For example,[14] dis-
cussesoscillationswith REDin scenarioswith one-way, long-lived
traf�c, while [5] criticizes relianceon suchscenarios.Queueos-
cillations arewidely considereda seriouspotentialproblemwith
RED active queuemanagement.However, moderatechangesin
the traf�c mix can strongly affect oscillation dynamics.In par-
ticular, addingshort-lived �o ws, reverse-pathtraf�c, anda range
of round-trip times—characteristicsubiquitouson the Internet—
changessimple oscillationsinto more complex bursty behavior.
This dramaticchangehighlights the importanceof the network
model.If we understoodbetterthe ways in which differentmod-
els canaffect experimentdynamics,perhapswe would be further
alongin addressingAQM behaviors.

To illustrate,we examinethreesimulationswith somewhatsim-
ilar parametersettings,but quite different resultsin termsof the
queuedynamicsatthecongestedlink. Thesimulationsshareadumb-
bell topologywith a 15 Mbps,10mscongestedlink with Adaptive
RED queuemanagement;they all have similar, small amountsof
reverse-pathtraf�c; andthey all run for 100seconds.Thesimula-
tions differ in their traf�c mixesand�o w round-trip times.3 Fig-
ures2 through4 show, for eachsimulationscenario,the instanta-
neousqueuesizeover the secondhalf of the simulation,with the
dashedline showing theaveragequeuesizeestimatedby RED.

In Figure2, traf�c consistsmostly of 80 long-lived �o ws with
large receiver's advertisedwindows, andwith all round-triptimes
equalto 240ms in theabsenceof queueingdelay. This resembles
modelsusedin literatureon RED oscillations[12], andindeed,al-
thoughthe packet drop rate is 2.8% over the secondhalf of the
simulationandthelink utilizationover thesecondhalf is alsogood
at98.6%,oscillationsin theinstantaneousqueuesizearequitepro-
nounced.

Traf�c observed at Internetrouters,however, tendsto exhibit a
widerangeof round-triptimes,includingrelatively shortroundtrip
times(< 50 ms) [1, 11]. Figure3 changesthe modelof Figure2
by introducinga wide rangeof round-triptimes,which now vary
between20and460ms.Stableoscillationsin queuesizehavebeen
replacedby moreirregularbehavior. Thesimulationmightactually
beusedto arguethatoscillationsarenota problemon theInternet,
becauseof theabsenceof regularoscillationsof thequeuesize.The

3This scenariowasadaptedfrom [5, Section5.1].
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FIGURE 2—Long-livedtraf�c, 240msRTTs.
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FIGURE 3—Long-livedtraf�c, 20–460msRTTs.
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FIGURE 4—Mostly webtraf�c, 20–460msRTTs.

packet droprateis now 4.6%over thesecondhalf (higherbecause
of thein�uence of �o wswith veryshortround-triptimes),andlink
utilization over thesecondhalf is now 99.9%.

But the traf�c in Figure3 still consistsof all long-lived �o ws,
while most �o ws on the Internettendto have short lifetimes [4].
Figure4 thereforeintroducesshorter-lived�o ws into themix: traf-
�c now mostlycomesfrom thewebtraf�c generatorin NS,with a
smallernumberof long-lived�o ws (�fteen). Thedemandfrom the
webtraf�c generatorwaschosento give roughlysamepacket drop
rateasFigure2 over thesecondhalf of thesimulation,in this case
of 2.6%; the link utilization over the secondhalf is alsogood,at
98.9%.Thequeuedynamicsandthedistribution of queuingdelay
areratherdifferent,however. Thequeuesizevariesmoreextremely
thanin Figure3, andunlike thatsimulation,theaveragequeuesize
alsovariessigni�cantly.

To someextent,we have lacked tools for evaluatingthemodels
our simulationsactuallyuse.For instance,do theround-triptimes
seenon thecongestedlink in Figure4 correspondto thefull range
we expect,anddoesthat rangecorrespondin a meaningfulway to
measuredInternetdata?It turnsout that simplemechanismscan
enableevaluationof aspectsof asimulation's model.
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FIGURE 5—Distributionsof packet round-trip times on the con-
gestedlink of two simulations,with datameasuredon theInternet
for comparison.
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FIGURE 6—Distributionsof packet numberson thecongestedlink
over thesecondhalf of two simulations,with datameasuredon the
Internetfor comparison.

Figure5 showsonewayto evaluatetherangeof round-triptimes
in asimulation.Weaddedmechanismsto theNSsimulatorto record
thesimulatedTCPsenders'estimatedround-triptimesfor packets
on the congestedlink. The �gure shows a cumulative per-packet
distribution of thesemeasurements.It clearly demonstratesFig-
ure2's narrow rangeof round-triptimes,from 240to 310ms,and
Figure4'smuchwider range,from almost0 to morethan500ms.4

Wehavealsoincludedtwo representativemeasurementsof anOC3
accesslink at UC SanDiego,calculatedby JiangandDovrolis us-
ing a passive TCP round-trip time estimator[11, Figure13]. We
usedthesemeasurementsto guideour settingof link propagation
delays,andasaresultFigure4 matchesthemeasurementsfarbetter
thanFigure2. Note thatalthoughtheaverageround-triptime of a
TCPconnectionin Figure4 is still 240msin theabsenceof queue-
ing delay, mostof thepacketscomefrom theTCPconnectionswith
shorterround-triptimes,asonewouldexpect.

In orderto betterevaluatethemix of connectionlengthsin asim-
ulation,wealsoaddedmechanismsto NSto recordpacketnumbers
seenon thecongestedlink. The�rst packet sentin a �o w is num-
bered1, asareany of its retransmissions.Thenext packet is num-
bered2, andso forth. Thus,graphinga cumulative distribution of
packet numbersshows the fractionof packetssentduringconnec-
tion startup(slow start).This quantityis largely determinedby the
distributionof �o w sizesin thesimulation,but hasindependentin-
terest.

Figure6 show thecumulative distributionof packet numbersfor
the simulationsin Figures2 and 4, as well as from a July 2000

4Very shortround-triptimesarefrom the�rst packet in eachcon-
nection,which reportsanestimatedround-triptimeof 0 ms.



traceof wide-areatraf�c to andfrom UC Berkeley.5 Weusedthese
measurements,in part,to guideoursettingof therelativenumberof
websessionsandof long-lived�o ws.As Figure6 shows,almostall
thepacketsin thesecondhalf of Figure2'ssimulationwereat least
the 500thpacket in their respective �o ws. This meanstherewere
no slow-startdynamicsin thatpartof that simulation.In contrast,
short-lived �o ws in Figure4 gave rise to a substantialnumberof
packetswith smallpacket numbersin thesecondhalf of thesimu-
lation.Thecorrespondingincreasein slow-startdynamicsprobably
in�uencedthesimulationresults.

Thesesimulationsraisethequestionof which is moreimportant
to explore,thepronouncedoscillationsin ascenariowith long-lived
�o wsall with thesameround-triptime,or thevariability of demand
over shortertime scalesthat comesfrom a traf�c mix andround-
trip time distribution closerto thatobservedon real links?It is not
obvious that the mechanismsproposedto addressthe oscillations
in Figure2 alsoperformwell in scenarioswith morediversetraf�c
(as in Figure4), or in otherscenariosthat morestringentlystress
theresponsivenessof theunderlyingqueuemanagement.

3.4 TCP Variants
It is not justAQM researchthatsuffersfrom modelingissues.As

examplesof transportprotocols,weshow below how thedesignsof
severalTCPvariantswerein�uencedby implicit network models.
In the caseof RenoTCP [10], themodelhasproved false,andas
a resultRenoTCPhasterribleperformancein somescenariosthat
arecommonin practice.In the caseof VegasTCP [3], we aren't
surehow frequentlytheunderlyingmodelappliesin practice,mak-
ing evaluationdif�cult.

RenoTCP addedFastRecovery to TCP in 1990,following Ja-
cobson's introductionof congestioncontrol in TahoeTCPin 1988
[9]. FastRecovery makesa key contribution of allowing the TCP
senderto avoid slow-startingin responseto congestion—withFast
Recovery, theTCPsenderhalvesits congestionwindow andavoids
aslow-start.RenoTCPworkswell whenonlyonepacketisdropped
from a window of data,but generallyrequiresa RetransmitTime-
out,andtheattendantslow-start,whenmultiplepacketsaredropped
from awindow. Thisresponsewouldbeperfectlyappropriateif sin-
gle packet dropswerethe typical occurrence,andmultiple packet
dropsin a window of datain fact representedmoreseriouscon-
gestioncallingfor amoreseriouscongestioncontrolresponse.Un-
fortunately, this is not the case;lossesoften comein bursts,par-
ticularly with Drop-Tail queuemanagement,and RenoTCP re-
spondsto thoseburstswith long timeouts.RenoTCP's attendant
performanceproblemsledto aspateof papersproposingarangeof
mechanismsin the network to reducemultiple packet dropsfrom
a window of data,while bettermodels—forinstance,includingthe
typical burstinessof �o ws slow-startingat differenttimes—might
havepreventedReno'sperformanceproblemswith multiplepacket
dropsin the�rst place.It is straightforwardto modify FastRecov-
eryto avoidReno'sunnecessaryRetransmitTimeouts,asillustrated
by laterTCPvariantssuchasNewRenoTCP, which �x esthisbug.

As a secondexampleof how limitations in modelingassump-
tions affect transportdesign,we considerVegasTCP [3]. Vegas
is optimizedfor environmentswith very low levels of statistical
multiplexing (e.g.,only a few active TCPconnections),wherethe
sendingrateof an individual TCP connectionstronglyaffects the
queuesizeat therouter. In suchascenario,increasesin theconges-

5Theper-bytedistribution of packet numberswascalculatedfrom
a list of connections,alongwith thetotalnumberof packetsandof
bytesfor eachconnection,derived by Ratul Mahajanfrom a July
2000trace�le of wide-areatraf�c to andfrom UC Berkeley.

tion window pastits optimalsizeonly increasethequeueingdelay,
ratherthanincreasingtheconnection's sendingrate.Thus,oncein-
creasedqueueingdelayis detected,VegasTCP refrainsfrom fur-
therincreasesin thecongestionwindow.6 However, underdifferent
models—withhigher levels of statisticalmultiplexing, for exam-
ple, wherethe queueingdelay and packet drop rate experienced
by a connectionhave very little to do with thesendingrateof that
�o w—VegasTCPperformssigni�cantly worsethanin theenviron-
mentwith small-scalestatisticalmultiplexing.

Weactuallyknow very little aboutwhereInternetcongestionoc-
curs,or whereit canbe expectedto occurin the future.Are con-
gestedlinks lower-bandwidthaccesslinks with low levelsof statis-
tical multiplexing, or high-bandwidthtransoceaniclinks with high
levelsof statisticalmultiplexing, or both(aswould seemto bethe
case)?Whataretypical levelsof congestion,or of packet reorder-
ing, or of packet corruption?The morewe know aboutthe range
of realistic network conditions,and of how this rangemight be
changingover time, the betterwe canmake informedchoicesin
ourdesignof transportprotocols.

4 MOVING FORWARD: A PROPOSAL

Researcherscould conceivably useexisting measurementsand
analysismethodologiesto understandthemodelsthey usefor their
simulations.Unfortunately, thosemeasurementsand methodolo-
gieshaveneverbeensynthesizedinto aconvenient,coherentwhole.
Welackanagreed-uponsetof bestmodelingpractices,partiallybe-
causewe have not yet recognizedthatcreatingsuchbestpractices
is a legitimateresearchgoalin its own right.

Wehopethispaperhelpsbroadendiscussionwithin theresearch
communityaboutthemodelsweuse.In addition,wehavelaid outa
pathfor ourown researchthatleadstowardsmorerelevantInternet
models.Therestof thissectionlaysout thatpathin outline.

Weintendtobeginwith speci�c researchquestions,suchasques-
tionsaroundcongestion-relatedmechanismsatrouterqueues.Anal-
ysisof theresearchquestionswill leadto adescriptionof theexper-
imentalparametersrelevant for constructingmodels.Sections3.2
and3.3, for example,showed that bottlenecklink bandwidth,the
rangeof expectedround-trip times of �o ws on the link, and the
rangeof �o w lengthsareall relevantparametersfor AQM models.

Next, simulationexperimentswill show how parametersettings
affecttheobservedbehavior of existingtechniques.Relevantexper-
imentswill bebasedonpublishedresearchin thearea.For settings
that do affect behavior, new measurementstudiesandanalysisof
the measurementliteraturewill describehow the settingslook on
therealInternet.

We will distill this work into a setof bestpracticesfor model
construction.This may includeready-madesimulationsetups,pa-
pers,RFC-like documents,andsoforth. We eventuallyhopeto fa-
cilitatethecreationof asharedrepositoryof modelsandsimulation
scenariosfor useby all.

Of course,changesin thenetwork might exposetheimportance
of differentparameters.Our work will not determinethecomplete
set of interestingsimulationsfor a researcharea.Rather, it will
point out the parametersthat have proved important in the past,
provide observationsof their valueson the Internet,anddescribe
expectedeffectsof othervalues.

Finally, we will make themeasurementprogramswe borrow, or
create,availableto theresearchcommunityashigh-quality, main-
tainedsoftware tools. This will make it easyfor the community
to keepthebest-practicemodelsup to datewith changingInternet

6VegasTCP canbe seenin part asa reactionto the poor perfor-
manceof RenoTCPin thepresenceof multiplepacket drops.



conditions.
Notethatwhile wewelcomecollaborators,wedon't think we've

found the only, or even necessarilythe right, approach.More im-
portantis to addresstheproblemitself: theneedfor bettermodels
in Internetresearch.

5 CONCLUSIONS

In summary:

– Network research,andInternetresearchin particular, hasagreat
needfor better models,and for better commonevaluation of
models.

– Speci�c researchproblemsrequiretheirown models—problem-
or application-drivenmodeling,ratherthanglobalInternetmod-
eling.

– Weneedabetterunderstandingof exactlywhichaspectsof mod-
elsarecritical for aparticularresearchissue.

– Modelsmustbebasedonnetwork measurementwhennecessary.

– We wantmodelsthatapply to the Internetof the future,aswell
asto theInternetof today.

– We have someideasthat we plan to put into practice,but this
projectcan only �ourish with the commitmentof the research
communityasa whole.

Thesimulationscenarioswe usedto generate�gures in this pa-
permaybefoundathttp://www.icir.org/models/s ims.h tml .
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