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1

Fluid-basedmodels of communicationnetwork traffic
considertraffic behaior in termsof packetrates, rather
than packetinstances. While fluid modeling is com-
monly usedin mathematicabpproachestheseoften re-
quire model simplification. Simulation of fluid models
may be usedin orderto retain necessarynodel detail;
it is beginning to receve someattentionin the literature
[1, 3, 4, 6, 5]. We provide herea cost-benefitstudy of
suchtechniqueswithin a common framework.

We describea simulationtool that targets simulation
of communicatiorsystemsandits useto simulatefluid-
basednodels.Within thesame&ool weareableto develop
andcompareacket-base@ndfluid-basednodels assess
ary performancebenefitsand assessnaccuraciesntro-
duced.Thespecificstudymadehereis of networkswhere
traffic is generatechs a ModulatedMarkov Processand
is shapedusinga Leaky Bucketflow-controlmechanism.
SwitchesmodelFCFSserviceamongall competingflows
at outputports. The principle contributionsof this paper
areto demonstratdluid simulationin the contet of an
existing packet-orientegimulator andto studythe per
formance/accurgctrade-ofs betweenpacket-base@nd
fluid-basedmodels.

I ntroduction

2 Fluid Simulation in SSF

The ScalableSimulation Framevork (SSF)[2]is a Jasa
andC++ basedAPI for the descriptionof networkmodels
(seehtt p: / / www. ssf net . or g). Threeimplementa-
tions of this API exist, onein Java andtwo in C++. The
objectives of SSFareto provide a public domain stan-
dard of discrete-gent simulation of large complex sys-
tems. SSFmodelsare compact,flexible, portable,and
transparentlyparallelizable. At the baselevel the SSF
API definesonly five baseclassesEnt i ty, Process,

Event , | nChannel , andQut Channel . AnEntity

is a containerof state,of Pr ocesses, andof commu-
nicationendpoints.SSFis process-orientedy Pr ocess
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is a bit of C++ codethat executeswhentriggeredby a
time-out, or the arrival of an Event on an | nChan-

nel it hasspecified. The procesamay modify Enti ty
statevariables,and createEvent s which are written to
Cut Channel s.

A simpleSSFtopologymight consistof traffic sources,
eachof whichis connectedo traffic shapersTraffic leav-
ing a shaperentersa switch, and is routedto a Host.
Hostsin turn mightbeinterconnectethroughRouters.In
an SSFmodel,eachof the fore-mentionedbjectswould
be modeledasan Ent i t y, with their inter-connections
modeledusingl nChannel sandQut Channel s. Entity
statevariablesrecordstatisticalinformation,andmaintain
a descriptionof traffic asit flows throughthe system. A
Pr ocess atthetraffic sourcewill usetime-outsto gov-
ernwhenit wakesup to write moretraffic to the shaper;
theshapewill have onePr ocess to respondo new traf-
fic from a source,andanotherto passtraffic throughto a
switch. Thetwo processemaycoordinatevith eachother
throughstatevariablesin the Ent i t y they share.Like-
wise,aswitchEnt i t y will haveaPr ocess to respond
to new inputs,andanothetto routeout-goingtraffic.

The descriptionabove applieswhetherthe traffic is a
streamof packets,or a fluid flow. This isomorphismis
important,asthe simulatorinfrastructureis the samefor
both cases,indeed, much of the codeis identical. For
instancethetraffic generatois aModulatedMarkov Pro-
cess(MMP). This meanghatthetraffic generatomoves
aroundin “states” of a continuoustime Markov chain
(CTMC); in statei of this CTMC traffic is considered
to be generatedat (constantyrate A(z). Our two imple-
mentationsuse the sameMMP code, and same“Fluid
Lealky Bucket” traffic shapingcode. In both casesthe
outputof the Fluid Leaky Bucketis a sequenc®f time-
stamped‘Fluid Events”; eachsuch event describeshe
new outputrateof packetsIn thefluid-basednodelthese
eventsare fed directly into a fluid-basedswitch model,
whereasin our packet-basednodel they are fed into a
“Fluid-to-Packet” corverter which emits packetsat the
specifiedrate, packetswhich are fed to a packet-based
switchmodel.In bothmodelstheoutputof atraffic source
definesan identifiable “flow” throughthe network. At
startupeachsuchflow is mappedthroughthe switching



network,whereat eachswitch the input port and output
portarespecified.Routingis thereforestatic;givenaflow

id, aswitchknowshow to routethatflow (thepacketsimu-

lator knowswhereto routea new packetandthefluid sim-

ulator knows which outputqueueis affectedby a change
in theincomingflow ratefor theidentifiedflow).

Thekey differencebetweerourfluid-basecandpacket-
basedmodelsis theimplementatiorof the switch. FCFS
orderingof packetsat outputportsis easilyimplemented
in the packet-basedodel. Thefluid modelis moredel-
icate. If flow ¢ changests input rate to a FCFSqueue
(which recevesinput from multiple flows) at time ¢ and
therearethe equivalentof p packetsalreadyin queueor
serviceattimet, thentheeffectsof thatchangeonalloca-
tion of serviceto flow i “packets”shouldnot be obsered
until all p packetsin the queueat ¢t have beensened. In
effect,theratechangehatoccursattime is scheduledo
changethemix of fluid enteringserviceattimet + p/u,
wherey is the queueservicerate. Therefore,at ary in-
stants eachflow i receving servicehasanassociatedh-
putflow rate \;(s); servicerate attime s is allocatedto
the differentflows in proportionto their input flow rates
ats.

The key differencein computationaleffort between
package-baseandfluid-basednodelsis thatthe number
of “events” executedat a switch in the former modelis
proportionalto the numberof all packetsthat enterthe
switch,whereasn thefluid modelit is proportionako the
total numberof MMP statechangesThuswe canexpect
computationabavings asthe numberof packetsemitted
duringa MMP burstperiodis large. However, fluid mod-
els are approximationgo packetmodels,and somecare
mustbetakenwhenmeasuringstatistics We examinethat
issuenext.

3 Statistical Measures

We considertraffic througha switchto be comprisedof
a numberof individual flows, and presumethatfor each
flow onedesiresto estimatethe percentagef lost pack-
ets, and the meanpacketdelay throughthe switch. We
understanda flow to be mappedrom oneinput portto a
gueueservinganoutputport. Lossesccurwhenaflow's
packetsarrive to find the queuefull. The delaya packet
recevesis thesumof servicetimesof all packetsaheadf
it in queueplusits own servicetime. Theservicedelayis
thereciprocalof the port’s outputbandwidth.
Thequeues in oneof 4 states

1. empty with no active flows;

2. non-emptynot full, with flows enteringat anaggre-
gateratedifferentfrom the outputbandwidth;

3. full, with flows enteringat an aggrejaterate greater
thanthe outputbandwidth;

4. flows entering at a positive aggrgate rate that is
equalto the outputbandwidth.

In thefluid simulation,at ary point statisticsare gath-
eredfor a switchmodel,it will befor a periodof simula-
tion time [s, t) over which the arrival rateandthe depar
ture ratesare constant. This meansthat ary time statis-
tics aregatheredthe queuehasbeenin exactly oneof the
statesabove, over the entireinterval of interest. Now in
our fluid modellossesare sufferedonly whenthe queue
is in state(3); the estimatechumberof packetdostis the
productof the length of time the queueremainsin state
(3) timesthe differencebetweenthe aggreateinput rate
andthe outputbandwidth. Eachflow is assumedo de-
liveravolumeof packetgexcludinglosses)n proportion
to the rate of the input it contributesover this interval.
This estimatds not exact; in a packet-basedodel,even
if theaveragearrival rateis equalto the averagedeparture
rate,variationin arrival timescandeliver apacketo afull
queue.

Over period [s, t) we computethe sumof waiting de-
laysfor all packetghatare modeledby thefluid to have
arrivedin [s, t). If the constantarrival rateis \ over that
period and the constantservicerate (i.e. bandwidth)is
u, thenwe define N asthe integer partof (¢ — s))\, de-
fine ; to bethefluid level attime s, estimatethe num-
ber of packetsaheadof an arrival at v € [s,t) to be
Qs + (u — s)(A — p) andso estimatethe responsdime
of anarrival attime u as(Qs + (v — s)(A — u) + 1)/ p.
Our estimateof the the sumof all suchwaiting timesfor
all arrivalsin [s, t) is

N

D Qs+ /N )+ 1)/

=1

This approximatiorreflectssimplifying assumptionshat
inter-arrivaltimesaredeterministicandequalto therecip-
rocalof theaveragearrival rate, andthatafull inter-arrival
periodgoesby beforethethefirst arrival.

At the pointwe measureahe volumeof deliveredpack-
ets and averagepacketdelay over an interval [s, ¢), the
arrival andservicerateswe useareaggregaterates,taken
over all individual flows mappedto the switch. We ac-
cumulatedelivery anddelaystatisticson a perflow basis;
after computingthe aggrejatevolume of deliveredpack-
etsand delay we partition thesestatisticalvaluesto the
individual flows in proportionto the flows’ arrival rates
over [s, t). For example,if the arrival rate of oneflow is
fully half of theaggre@atearrival rateof all flows,thenthat
flow recevescreditfor onehalf of the measuregbackets,
andonehalf of theaggregatesumof packetdelays.



4 Experiments

Next weturnto someexperimentghatseekio estimatehe
errorintroducedby fluid approximationsseekout sensi-
tivitiesin thaterror, andconcurrentlylook atthe potential
speedupshatmightbe achieved usingtheapproach.

Intuition suggests$o usthatat leastfive factorswill be
importantin our study Buffer sizein a switchis one,for
that hasdirect impact on packetlosses. Traffic load is
anotherfactor, for thatlargely determineghe fraction of
time a switch spendsin eachof the four statesoutlined
abose. A third factor is the size of the network being
studied,anda fourth is the numberof flows concurrently
mappedo aswitch. Thelastfactoris theaveragenumber
of packetgeneratedbetweertransitionsof the MMP.

We have comparedhe performancef fluid-basedand
packet-base@SFmodelsthat sharea greatdeal of com-
moncodeandcommoninfrastructuregxcept for thegen-
erationand handlingof events. We first report on stud-
ies at one switch, and follow-up looking at networksof
up to hundredsof switchesand thousandf flows. In
thesestudieswe look at relative error in the numberof
deliveredpacketsandin the meanpacketresponsgime,
measureds (f,, — pm)/pPm, Where f,,, andp,,, arethe
fluid and packetmeasure®f interest,respectiely. Fig-
ure 1 illustratestherelative errorin responséime andin
packetdeliveryfor asingle-switchwherethereis a single
traffic sourcethearrival andserviceratesaresetto create
approximately90% packetdelivery. The MMP is anon-
off processTheindependentariableis the switchbuffer
size,measurementaretakenat 4, 16, 64 and 128 pack-

ets. Curvesfor four different“time-scales"arepresented.

In time scaleX (for X = 1,10, 100, 1000) the average
numberof packetggeneratedy one“on” burstis closeto
10X.Weseethatresponsdimeerrorsarelargelyindepen-
dentof time-scale arequite smallin the worstcase(less
than 10%) and quite goodfor large buffers. Therelative
errorin fraction of packetdeliveredis insignificant.It is
interestingto notethatthe magnitudeof theseerrorsdoes
notseemto dependn 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 muchchangeghe num-
berof eventssimulatedn the packetmodel. For theruns
describedn Figure 1, 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 significantperformancéenefitsare
possiblewith relatively smallerror.

Next we turn to considerhow increasingthe number
of flows into the switch affectsthe perflow errors. Here
we fix the size of the switch queueat 64, and adjustthe
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Figurel: Relative Errorsfor SingleSourceQueue

relationshipbetweentraffic generatiorratesand service
ratesto createapproximately95% packetdelivery rates.
Figure2 shows the relative errorsfound as a function of

varying the numberof flows amongl,2,4,8,16.Relatve

errorin responsdime is takenasthe perflow relative er-

ror. It is againrelatively small,in theseexperimentdess
than4% in magnitude.The datadoessuggessomesen-
sitivity in the numberof flows however, with increasing
errorwith increasinghumbersof flows. Averagerelative

errorin packetiossis small,growsin thenumberof flows,

andis sensitie to time-scale.

To illustrate the performancebenefitsin this casewe
considerspeedupfor the 16 sourcecase,as a function
of time-scale.Herewe obsere a speedupmf 8 for time-
scalel, 34 for time-scalel0, 219for time-scalel00,and
2116for time-scalel000. Clearlyincreasinghe number
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Figure2: Relative Errorsfor Multiple SourceQueue

of sourceshad no detrimentaleffect on the performance
potentialof fluid simulation.

To concludethis preliminarystudywe examinethe be-
havior of networks. The switchesof eachnetwork are
inter-connectedas a binary hypercubeof dimensiond,
and a numbers of flow-shapedMMP sourcesare at-
tachedto eachswitch, for a total of s2¢ flows. Each
switch hasone outputport for eachhypercubeneighbor
(with capacity64 packets)andonesink port. The flows
areroutedsothatthe j*" flow originating at switch r is
mappedthroughthe network to be receved and termi-
natedat switch (7 * s + j) mod 2¢. Standarchypercube
routing is used(a flow arriving at switch r, destinedfor
switch f, is routedto the hypercubeneighborof r with
leastorderbit thatdiffersfrom r’sandis identicalto f’s.)
This selectionof flow mappingsexercisesall partsof the

network, and createsa variety of congestionconditions
flows may experience.

Our experiments cover hypercubes of sizes
4,8,16,32,64,128 and 256 switches. We vary the
numberof sourcesassignedo 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 approximately1l0 packetsare
generatedper flow burst). As before we comparethe
averageperflow responséime andperflow lossstatistics
from fluid-basedand packet-base@nplementationsand
computethe relative error.  Each flow’s responseime
statisticis computedby addingthe relevant components
from eachswitch on its path through the network; its
fraction of deliveredpacketss computedasthe product
of thisfractionat eachswitchonits path.

Figure 3 shaws the relative errorsfound as a function
of networksize. Themainandimportantpointis thatthe
errorsaresmall. The promiseof accurag obseredin the
single switch caseis deliveredfor networks,at leastfor
thecasestudiedhere.Theerrorswhenthereare2 sources
perswitchandlow lossareminiscule,lessthan2% at all
networksizes. The speedupf the fluid implementation
increasedrom 34 at the smallestnetwork size, to 46 at
thelargest. Whenthe low losscaserunswith 16 sources
perswitch,theresponséime errorsincreasgbut theloss
errorsdonot). Theresponséime errorsincreasawith net-
work size,but even sothe errorsare lessthan13%. The
fluid implementatiors speedugn this casehoversaround
20 for all networksizes,with nodiscernibletrend.

Moving to thehighlosscaseswith 2 sourcegperswitch
we seevery low responsdime errors(< 1%), low deliv-
eredtraffic errors(< 5%), andsignificantspeedupgin-
creasingrom 38 with thesmallestnetworkto 66 with the
largest). Gooderrorbehaior is alsoobseredin the case
of 16 sourcegperswitch;responséime errorremaindess
than5%, andthe deliveredtraffic erroris lessthan13%.
The mostdistinguishig facetof this caseis speedupbe-
havior. A speedumf 7.5is obtainedby the 4 switchnet-
work, but with increasingnetworksizethe speedumrops
so muchthat on the 256 switch networkthe fluid imple-
mentationactuallyrunstwice asslowly! The explanation
for the performancealeclinelies in the accumulatingef-
fectsof flow modulation. A heaily loadedoutputqueue
simultaneouslhcarriesa multiplicity of flow descriptors,
of flows sharingthe output port. Wheneer one of the
inputflow descriptorchange®n any of these the output
flow descriptorehangeonall of theflows. Thesechanges
in turn propagateaschangego the inputsof a multiplic-
ity of queuesatthe switch connectedo the otherendof
this port, which further propagate.This is the very phe-
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Figure3: Relative Errorsfor HypercubeNetworks

nomenoranalyzedandmodeledby [5]. In the 256 switch
casethe fluid simulationexecutesnearlyasmary events
asdoesthepacketsimulationwhereasn the4 switchcase
it executesonly 1/5 asmary; eachfluid eventis signifi-

cantly more computationallyexpensve, hencethe slow-

down.

This performancedegradationis a high priority con-
cern,andwe areworking on ways of “smoothing” fluid
behaior to reducethe propagatioreffects. Theresultsof
thoseefforts arebeyondthe scopeof this paper

5 Conclusion

Fluid-basedsimulationof networksoffers greatpotential
for accelerategherformancebut questionamustbe asked
aboutthe accurag of suchsimulations,andwhetherthe
comparisongnadeto packet-basedetworksare “fair”.

We have addressedhe secondissueby developing fluid
moduleghat“plug-in” into a high-performancsimulator
of communicatiometworks makinga performanceom-
parisonabsolutelyfair by usingasmuchcommonframe-
work codeas possible. We arebegginning to addresshe
guestionof accurayg, whichis essentiallyanissueof how
we gatherstatisticsfrom a fluid simulation. We describe
here methodsof gatheringperflow estimatesof packet
lossandof packetresponsdime, andexaminethe accu-
ragy of thesemethodsasa function of time-scale num-
berof sourcesandswitch buffer length. We find accept-
ably smallerrors,andthe potentialof tremendouslyarge
speedupsgdependingon the natureof the traffic. Perfor
manceproblemgemainwith ripple effects,anareawve are
currentlyaddressing.
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