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1 Introduction

Fluid-basedmodels of communicationnetwork traffic
considertraffic behavior in termsof packetrates, rather
than packet instances. While fluid modeling is com-
monly usedin mathematicalapproaches,theseoften re-
quire model simplification. Simulationof fluid models
may be usedin order to retain necessarymodel detail;
it is beginning to receive someattentionin the literature
[1, 3, 4, 6, 5]. We provide herea cost-benefitstudy of
suchtechniques,within a common framework.

We describea simulationtool that targetssimulation
of communicationsystems,andits useto simulatefluid-
basedmodels.Within thesametool weareabletodevelop
andcomparepacket-based,andfluid-basedmodels,assess
any performancebenefitsand assessinaccuraciesintro-
duced.Thespecificstudymadehereis of networkswhere
traffic is generatedasa ModulatedMarkov Processand
is shapedusinga Leaky Bucketflow-controlmechanism.
SwitchesmodelFCFSserviceamongall competingflows
at outputports. Theprinciplecontributionsof this paper
are to demonstratefluid simulationin the context of an
existing packet-orientedsimulator, andto studythe per-
formance/accuracy trade-offs betweenpacket-basedand
fluid-basedmodels.

2 Fluid Simulation in SSF

The ScalableSimulationFramework (SSF)[2] is a Java
andC++basedAPI for thedescriptionof networkmodels
(seehttp://www.ssfnet.org). Threeimplementa-
tionsof this API exist, onein Java andtwo in C++. The
objectives of SSFare to provide a public domainstan-
dard of discrete-event simulationof large complex sys-
tems. SSFmodelsare compact,flexible, portable,and
transparentlyparallelizable. At the baselevel the SSF
API definesonly five baseclasses:Entity, Process,
Event, InChannel, andOutChannel. An Entity
is a containerof state,of Processes, andof commu-
nicationendpoints.SSFis process-oriented;aProcess
�
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is a bit of C++ codethat executeswhen triggeredby a
time-out, or the arrival of an Event on an InChan-
nel it hasspecified.The processmaymodify Entity
statevariables,andcreateEvents which are written to
OutChannels.

A simpleSSFtopologymightconsistof traffic sources,
eachof which is connectedto traffic shapers.Traffic leav-
ing a shaperentersa switch, and is routed to a Host.
Hostsin turnmightbeinterconnectedthroughRouters.In
anSSFmodel,eachof the fore-mentionedobjectswould
be modeledasan Entity, with their inter-connections
modeledusingInChannelsandOutChannels.Entity
statevariablesrecordstatisticalinformation,andmaintain
a descriptionof traffic asit flows throughthe system.A
Process at the traffic sourcewill usetime-outsto gov-
ernwhenit wakesup to write moretraffic to theshaper;
theshaperwill haveoneProcess to respondto new traf-
fic from a source,andanotherto passtraffic throughto a
switch.Thetwoprocessesmaycoordinatewith eachother
throughstatevariablesin theEntity they share.Like-
wise,aswitchEntity will have aProcess to respond
to new inputs,andanotherto routeout-goingtraffic.

The descriptionabove applieswhetherthe traffic is a
streamof packets,or a fluid flow. This isomorphismis
important,asthesimulatorinfrastructureis thesamefor
both cases,indeed,much of the code is identical. For
instance,thetraffic generatoris aModulatedMarkov Pro-
cess(MMP). This meansthat thetraffic generatormoves
aroundin “states” of a continuoustime Markov chain
(CTMC); in state

�
of this CTMC traffic is considered

to be generatedat (constant)rate ��� ��� . Our two imple-
mentationsuse the sameMMP code, and same“Fluid
Leaky Bucket” traffic shapingcode. In both casesthe
outputof the Fluid Leaky Bucket is a sequenceof time-
stamped“Fluid Events”; eachsuchevent describesthe
new outputrateof packets.In thefluid-basedmodelthese
eventsare fed directly into a fluid-basedswitch model,
whereasin our packet-basedmodel they are fed into a
“Fluid-to-Packet” converter which emits packetsat the
specifiedrate, packetswhich are fed to a packet-based
switchmodel.In bothmodelstheoutputof atraffic source
definesan identifiable “flow” through the network. At
startupeachsuchflow is mappedthroughthe switching
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network,whereat eachswitch the input port andoutput
portarespecified.Routingis thereforestatic;givenaflow
id, aswitchknowshow to routethatflow (thepacketsimu-
latorknowswhereto routeanew packetandthefluid sim-
ulatorknows which outputqueueis affectedby a change
in theincomingflow ratefor theidentifiedflow).

Thekey differencebetweenourfluid-basedandpacket-
basedmodelsis theimplementationof theswitch. FCFS
orderingof packetsat outputportsis easilyimplemented
in thepacket-basedmodel. Thefluid modelis moredel-
icate. If flow

�
changesits input rate to a FCFSqueue

(which receives input from multiple flows) at time � and
therearethe equivalentof 	 packetsalreadyin queueor
serviceat time � , thentheeffectsof thatchangeonalloca-
tion of serviceto flow

�
“packets”shouldnotbeobserved

until all 	 packetsin the queueat � have beenserved. In
effect,theratechangethatoccursat time � is scheduledto
changethemix of fluid enteringservice,at time ��
�	�
�� ,
where � is the queueservicerate. Therefore,at any in-
stant � eachflow

�
receiving servicehasanassociatedin-

put flow rate ������� � ; servicerate� at time � is allocatedto
the differentflows in proportionto their input flow rates
at � .

The key differencein computationaleffort between
package-basedandfluid-basedmodelsis that thenumber
of “events” executedat a switch in the former model is
proportionalto the numberof all packetsthat enter the
switch,whereasin thefluid modelit is proportionalto the
total numberof MMP statechanges.Thuswe canexpect
computationalsavings as the numberof packetsemitted
duringa MMP burstperiodis large. However, fluid mod-
els areapproximationsto packetmodels,andsomecare
mustbetakenwhenmeasuringstatistics.Weexaminethat
issuenext.

3 Statistical Measures

We considertraffic througha switch to be comprisedof
a numberof individual flows, andpresumethat for each
flow onedesiresto estimatethe percentageof lost pack-
ets,and the meanpacketdelay throughthe switch. We
understanda flow to bemappedfrom oneinput port to a
queueservinganoutputport. Lossesoccurwhena flow’s
packetsarrive to find the queuefull. The delaya packet
receivesis thesumof servicetimesof all packetsaheadof
it in queue,plusits own servicetime. Theservicedelayis
thereciprocalof theport’soutputbandwidth.

Thequeueis in oneof 4 states:

1. empty, with no active flows;

2. non-empty, not full, with flows enteringat anaggre-
gateratedifferentfrom theoutputbandwidth;

3. full, with flows enteringat anaggregaterategreater
thantheoutputbandwidth;

4. flows entering at a positive aggregate rate that is
equalto theoutputbandwidth.

In thefluid simulation,at any point statisticsaregath-
eredfor a switchmodel,it will befor a periodof simula-
tion time ������� � over which thearrival rateandthe depar-
ture ratesareconstant.This meansthat any time statis-
ticsaregathered,thequeuehasbeenin exactly oneof the
statesabove, over the entire interval of interest. Now in
our fluid model lossesaresufferedonly whenthe queue
is in state(3); theestimatednumberof packetslost is the
productof the lengthof time the queueremainsin state
(3) timesthe differencebetweenthe aggregateinput rate
andthe outputbandwidth. Eachflow is assumedto de-
livera volumeof packets(excludinglosses)in proportion
to the rate of the input it contributesover this interval.
This estimateis not exact; in a packet-basedmodel,even
if theaveragearrival rateis equalto theaveragedeparture
rate,variationin arrival timescandeliverapacketto afull
queue.

Over period ������� � we computethe sumof waiting de-
lays for all packetsthataremodeledby thefluid to have
arrived in ������� � . If theconstantarrival rateis � over that
periodand the constantservicerate (i.e. bandwidth)is
� , thenwe define � asthe integer part of ������� � � , de-
fine  "! to be the fluid level at time � , estimatethenum-
ber of packetsaheadof an arrival at #%$&���'��� � to be
 "!(
)��#*��� � �+�,�-� � andso estimatethe responsetime
of anarrival at time # as �� .!(
/��#,�/� � �+�0�-� � 
/1 � 
2� .
Our estimateof the thesumof all suchwaiting timesfor
all arrivalsin ������� � is
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This approximationreflectssimplifying assumptionsthat
inter-arrival timesaredeterministicandequalto therecip-
rocalof theaveragearrival rate,andthatafull inter-arrival
periodgoesby beforethethefirst arrival.

At thepoint we measurethevolumeof deliveredpack-
ets andaveragepacketdelayover an interval ������� � , the
arrival andservicerateswe useareaggregaterates,taken
over all individual flows mappedto the switch. We ac-
cumulatedeliveryanddelaystatisticson aper-flow basis;
aftercomputingtheaggregatevolumeof deliveredpack-
etsanddelay, we partition thesestatisticalvaluesto the
individual flows in proportionto the flows’ arrival rates
over ������� � . For example,if thearrival rateof oneflow is
fully half of theaggregatearrival rateof all flows,thenthat
flow receivescredit for onehalf of themeasuredpackets,
andonehalf of theaggregatesumof packetdelays.
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4 Experiments

Next weturntosomeexperimentsthatseektoestimatethe
error introducedby fluid approximations,seekout sensi-
tivities in thaterror, andconcurrentlylook at thepotential
speedupsthatmightbeachievedusingtheapproach.

Intuition suggeststo usthatat leastfive factorswill be
importantin our study. Buffer sizein a switch is one,for
that hasdirect impact on packetlosses. Traffic load is
anotherfactor, for that largely determinesthe fraction of
time a switch spendsin eachof the four statesoutlined
above. A third factor is the size of the network being
studied,anda fourth is thenumberof flows concurrently
mappedto aswitch.Thelastfactoris theaveragenumber
of packetsgeneratedbetweentransitionsof theMMP.

We have comparedtheperformanceof fluid-basedand
packet-basedSSFmodelsthatsharea greatdealof com-
moncodeandcommoninfrastructure,except for thegen-
erationandhandlingof events. We first reporton stud-
ies at oneswitch, andfollow-up looking at networksof
up to hundredsof switchesand thousandsof flows. In
thesestudieswe look at relative error in the numberof
deliveredpackets,andin themeanpacketresponsetime,
measuredas( =?>@�7	A> � 
2	�> , where =?> and 	A> are the
fluid andpacketmeasuresof interest,respectively. Fig-
ure1 illustratestherelative error in responsetime andin
packetdeliveryfor asingle-switch,wherethereis asingle
traffic sourcethearrival andserviceratesaresetto create
approximately90%packetdelivery. TheMMP is an on-
off process.Theindependentvariableis theswitchbuffer
size,measurementsare takenat BC�D1�EF�GE8B and128 pack-
ets.Curvesfor four different“time-scales”arepresented.
In time scaleH (for HJIK1L�D1�MF�N12MOMF�'1�M8M8M ) the average
numberof packetsgeneratedby one“on” burstis closeto
10X.Weseethatresponsetimeerrorsarelargelyindepen-
dentof time-scale,arequite small in theworstcase(less
than10%) andquite goodfor large buffers. The relative
error in fractionof packetsdeliveredis insignificant.It is
interestingto notethatthemagnitudeof theseerrorsdoes
notseemto dependon thetraffic intensity.

The performancebenefit of fluid-simulation should
clearly dependon the time scale,for changingthe time-
scaledoesnot muchchangethe numberof eventssimu-
latedin thefluid model,but very muchchangesthenum-
berof eventssimulatedin thepacketmodel.For theruns
describedin Figure1, with a buffer lengthof 64, the ac-
celerationsof fluid basedsimulationversuspacketbased
simulationare4.6for atime-scaleof 1,33for atime-scale
of 10,112for atime-scaleof 100,and444for atime-scale
of 1000.Clearlyvery significantperformancebenefitsare
possiblewith relatively smallerror.

Next we turn to considerhow increasingthe number
of flows into theswitchaffectsthe per-flow errors. Here
we fix the sizeof the switchqueueat 64, andadjustthe
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Figure1: RelativeErrorsfor SingleSourceQueue

relationshipbetweentraffic generationratesandservice
ratesto createapproximately95% packetdelivery rates.
Figure2 shows the relative errorsfoundasa functionof
varying the numberof flows among1,2,4,8,16.Relative
error in responsetime is takenastheper-flow relative er-
ror. It is againrelatively small, in theseexperimentsless
than4% in magnitude.Thedatadoessuggestsomesen-
sitivity in the numberof flows however, with increasing
errorwith increasingnumbersof flows. Averagerelative
errorin packetlossis small,growsin thenumberof flows,
andis sensitive to time-scale.

To illustrate the performancebenefitsin this casewe
considerspeedupfor the 16 sourcecase,as a function
of time-scale.Herewe observe a speedupof 8 for time-
scale1, 34 for time-scale10, 219for time-scale100,and
2116for time-scale1000. Clearly increasingthenumber
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Figure2: RelativeErrorsfor Multiple SourceQueue

of sourceshadno detrimentaleffect on the performance
potentialof fluid simulation.

To concludethis preliminarystudywe examinethebe-
havior of networks. The switchesof eachnetwork are
inter-connectedas a binary hypercubeof dimension T ,
and a number � of flow-shapedMMP sourcesare at-
tachedto eachswitch, for a total of �GUWV flows. Each
switch hasoneoutputport for eachhypercubeneighbor
(with capacity64 packets),andonesink port. Theflows
areroutedso that the X8Y[Z flow originatingat switch \ is
mappedthrough the network to be received and termi-
natedat switch �]\_^���
*X ��`badc UdV . Standardhypercube
routing is used(a flow arriving at switch \ , destinedfor
switch = , is routedto the hypercubeneighborof \ with
leastorderbit thatdiffersfrom \ ’sandis identicalto = ’s.)
This selectionof flow mappingsexercisesall partsof the

network, and createsa variety of congestionconditions
flowsmayexperience.

Our experiments cover hypercubes of sizes
BC��eC�D1�EF�Gf8UC��E8BC�'12UOe and UOg8E switches. We vary the
numberof sourcesassignedto a switch between2 and
16, and we vary the switch output port serviceratesto
affect flow losses. In the “low loss” caseit is set so
that on ports where thereis loss, it is limited to about
2%; in the “high loss” caseoverloadedlinks lose about
40% of the flow. All theseexperimentsuse a MMP
time-scaleof 10 (so that approximately10 packetsare
generatedper flow burst). As before we comparethe
averageper-flow responsetimeandper-flow lossstatistics
from fluid-basedandpacket-basedimplementations,and
computethe relative error. Each flow’s responsetime
statisticis computedby addingthe relevant components
from eachswitch on its path through the network; its
fraction of deliveredpacketsis computedas the product
of this fractionateachswitchon its path.

Figure3 shows the relative errorsfound asa function
of networksize.Themainandimportantpoint is thatthe
errorsaresmall.Thepromiseof accuracy observedin the
singleswitch caseis deliveredfor networks,at leastfor
thecasesstudiedhere.Theerrorswhenthereare2 sources
perswitchandlow lossareminiscule,lessthan2% at all
networksizes. The speedupof the fluid implementation
increasesfrom 34 at the smallestnetworksize, to 46 at
thelargest.Whenthe low losscaserunswith 16 sources
perswitch,theresponsetime errorsincrease(but theloss
errorsdonot). Theresponsetimeerrorsincreasewith net-
work size,but even so theerrorsarelessthan13%. The
fluid implementation’sspeedupin thiscasehoversaround
20 for all networksizes,with no discernibletrend.

Moving to thehighlosscases,with 2 sourcesperswitch
we seevery low responsetime errors( hi1 %), low deliv-
eredtraffic errors( hjg %), andsignificantspeedups(in-
creasingfrom 38with thesmallestnetworkto 66 with the
largest).Gooderrorbehavior is alsoobservedin thecase
of 16sourcesperswitch;responsetimeerrorremainsless
than5%, andthe deliveredtraffic error is lessthan13%.
Themostdistinguishingfacetof this caseis speedupbe-
havior. A speedupof 7.5 is obtainedby the4 switchnet-
work, but with increasingnetworksizethespeedupdrops
so muchthaton the 256switchnetworkthe fluid imple-
mentationactuallyrunstwice asslowly! Theexplanation
for the performancedeclinelies in the accumulatingef-
fectsof flow modulation.A heavily loadedoutputqueue
simultaneouslycarriesa multiplicity of flow descriptors,
of flows sharingthe output port. Whenever one of the
inputflow descriptorschangeson any of these,theoutput
flow descriptorschangeonall of theflows. Thesechanges
in turn propagateaschangesto the inputsof a multiplic-
ity of queuesat the switchconnectedto the otherendof
this port, which further propagate.This is the very phe-
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Figure3: RelativeErrorsfor HypercubeNetworks

nomenonanalyzedandmodeledby [5]. In the256switch
casethefluid simulationexecutesnearlyasmany events
asdoesthepacketsimulationwhereasin the4 switchcase
it executesonly 1/5 asmany; eachfluid event is signifi-
cantly morecomputationallyexpensive, hencethe slow-
down.

This performancedegradationis a high priority con-
cern,andwe areworking on waysof “smoothing” fluid
behavior to reducethepropagationeffects.Theresultsof
thoseefforts arebeyondthescopeof thispaper.

5 Conclusion

Fluid-basedsimulationof networksoffersgreatpotential
for acceleratedperformance,but questionsmustbeasked
aboutthe accuracy of suchsimulations,andwhetherthe
comparisonsmadeto packet-basednetworksare “fair”.

We have addressedthe secondissueby developingfluid
modulesthat“plug-in” into ahigh-performancesimulator
of communicationnetworks,makinga performancecom-
parisonabsolutelyfair by usingasmuchcommonframe-
work codeaspossible.We arebeginning to addressthe
questionof accuracy, which is essentiallyanissueof how
we gatherstatisticsfrom a fluid simulation. We describe
heremethodsof gatheringper-flow estimatesof packet
lossandof packetresponsetime, andexaminethe accu-
racy of thesemethodsasa function of time-scale,num-
berof sources,andswitchbuffer length. We find accept-
ably smallerrors,andthepotentialof tremendouslylarge
speedups,dependingon the natureof the traffic. Perfor-
manceproblemsremainwith rippleeffects,anareaweare
currentlyaddressing.
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