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StagedSimulation: A GeneralTechniqudor
Improving SimulationScaleandPerformance

KEVIN WALSH and EMIN GUN SIRER
Cornell University

This paper describes staged simulation, a technique for improving the run time performance and
scale of discrete event simulators. Typical network simulations are limited in speed and scale
due to redundant computations, both within a single simulation run and between successive runs.
Staged simulation proposes to restructure discrete event simulators to operate in stages that
precompute, cache, and reuse partial results to drastically reduce redundant computation within
and across simulations. We present a general and flexible framework for staging, and identify
the advantages and trade-offs of its application to wireless network simulations, a particularly
challenging simulation domain. Experience with applying staged simulation to the ns2 simulator
shows that staging can improve execution time by an order of magnitude or more and enable the
simulation of wireless networks with tens of thousands of nodes.

Catgyoriesand SubjectDescriptors:C.2.1[Computer-Communication Networks]: Network Architectureand
Design—Wireless communication; 1.6.7 [Simulation]: SimulationSupportSystems

General Terms: Wireless Simulation Performance Scale

Additional Key Words and Phrases: Staged simulation

1. INTRODUCTION

Network simulationsare critical for the designandevaluationof distributed systemsand
networking protocols. Especiallyin nevly emeging domainssuchasmobile adhocand
sensometworks, simulationsare crucial to evaluatingnew systemsand protocolsacross
arangeof deploymentscenarios.While thoroughevaluationsrequireaccurate gfficient

andscalablenetwork simulators,achieving all threeof thesepropertiessimultaneouslys

achallengingask. We asserthata significantsourceof inefficiengy in discreteeventsim-

ulators stemsfrom redundantcomputation,and that this wastedcomputationpresentsa

significantlimit to simulationspeedandscale.We identify two differentclasse®f redun-
dang in traditionaldiscrete-gentnetwork simulators.

The first classof redundanttomputationoccurswithin a single run of the simulator
and stemsfrom an overly strict notion of accurag. Traditional network simulatorsare
conserative, thatis, they reevaluatecomple functionswhenerer their resultsmay have
changedeventhoughin reality theresultsmay have changedrery little, if atall, sincethe
lasttime they wereevaluated.An illustrative exampleis the computatiorof a nodes one
hop neighborsetin wirelessnetwork simulations. This is an expensve and frequently-
usedprimitive in wirelesssimulations. It computeghe positionsof all nodesrelative to
thesendingnode,calculateghe power level of the signalat eachrecever, anddetermines
the setof nodesthat can capturetransmittedpaclets. In the mostgeneralcase,nodes
may changeposition, alter sendingand recevsing power thresholds,or modify antenna
modelsor parameterst ary time. A conserative wirelessnetwork simulatorwhich has
computedthe neighborsof a wirelessnodeat timet will still recomputehe neighborset
from scratchattime stept + €. In reality, however, few wirelesssimulationscenariowill
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2 . K. Walsh and E. G. Sirer

changedramaticallyover shorttime-scales.Nodesmove smoothlyandrelatively slowly,
if atall. Othervariables,suchasantennamodel, receptionthreshold,and transmission
power changeinfrequently In generalthe neighbofrsetcomputedat time t is likely to
remainvalid for sometime, changingslowly andgraduallyasnodesmove into or out of
range.Much of thetime spentre-computingneighborsetsfrom scratchat eachtime step
is thereforeeffectively wasted.

A secondclassof redundantomputationoccursbetweermultiple runsof a simulator
and stemsfrom performingcalculationswhich were alreadycomputedin previous runs.
Simulationsare often performedin batchesof tensor hundredsof simulationruns, with
only slightly varying simulationparametersvithin eachbatch. While eachrun will differ
in someinputs,suchasthe randomnumberseed network traffic pattern,or protocolpa-
rameterspftenthereis still a significantoverlapbetweerthe work performedin multiple
invocationsof the simulator Executingeachsimulationindependentlyand without the
benefitof pastcomputationgeadsto redundantlycomputingmary identicalresults.

This paperdescribestaged simulation, agenerakechniqueo improve the performance
andscalabilityof network simulatorsby exposing,identifying, andeliminatingredundant
computation.Therearethreepartsto effectively applyingstagingto a simulator;namely
function caching and reuse to eliminateunnecessargomputation event-restructuring to
exposeredundantomputationsandtime-shifting to enableefficient eventprocessing.

Function caching and reuse formsthe foundationof the stagingapproachWithoutloss
of generalityeacheventin a discrete-gentsimulatorcanbetreatedasa sequencef func-
tion invocations A stagedsimulatorcachesirgumentsresultsandside-efectsof function
invocationsandlateravoidsredundantomputationdy reusingresultsandreapplyingside
effectswhenthe samefunctionis invoked with the samearguments.This space-foitime
trade-of ensureshateachexpensve functioninvocationis computedat mostonce.While
functioncachingandreuseis effective at eliminatingredundantomputationsit is not di-
rectly suitablefor applicationin realisticwirelesssimulatorsbecausét is overly sensitve
to changesn theargumentdo functioninvocations.In typical wirelesssimulationsmary
computationglependon continuouslyvarying inputs, suchasthe currentsimulatortime,
andary changen inputs,no matterhow small, precludegeuseof previousresults. Sim-
ilarly, real~aluedparametersnake it difficult to achieve effective cachehit rates. These
propertiesmale naive function cachingineffective for a large classof computationsn a
simulator

Event-restructuring improveson function cachingby modifying the low-level eventsin
a discreteevent simulatorsuchthat their resultsare reusablesaven whena changein in-
putswould normally precludereuse We introducethreecomprehensie techniquescalled
currying, incremental computation and auxiliary results, for decomposinghe eventsin
a discrete-gent simulatorinto a seriesof eventswith an equivalenteffect. The equva-
lent transformationsetainthe semanticof the original eventandpresere accurag. The
resultingsmaller subcomputationsyyhosedependencieare betterisolated,canthen be
reusednorefrequently leadingto significantimprovementsn simulationspeedandscale.

Time-shifting takes advantageof the small, fine-grainedeventscreatedthroughevent-
restructuringby reorderingthem into an equivalent, but more efficient, schedule. Re-
structured fine-grainedeventshave fewer inputsandtendto be time-independentCon-
sequentlyrestructuringprovidesthe simulatorwith freedomto judiciously pick whento
scheduletheseevents. Time-shifting can speedup simulationsthrougharchitecturalor
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algorithmicimprovements. First, time-shifting can simply reorderthe eventsinto a se-
guencethatis bettersuitedto the machinearchitectureon which the simulatoris running.
For instancetime-shiftingeventsto accessnemorysequentiallyinsteadof randomlycan
speedup executionby taking advantageof memorycachingand prefetching. And sec-
ond,time-shiftingandbatchingsimilar operationcanenablea seriesof piecemealsmall,

consecutie eventsto be computedby a single, more efficient algorithm. For instance,
time-shifting sufficiently mary nodedistancecalculationsmay allow a long sequencef

suchcomputationgo bereplacedwith anefficientall-pairsshortespathsalgorithm.

Overall, stagingrelieson functioncachingandreuseto eliminateredundanciesgstruc-
turing to break eventsinto smallercomputationghat can be reusedreadily and time-
shifting to pick an efficient schedulefor function evaluation. In general,stagingcanbe
appliedto a singlesimulationrun, which we termintra-simulation staging, or acrossa set
of similar simulationruns,which we terminter-simulation staging.

While stagingis ageneraktechniquethatcanbeappliedto ary discrete-gentsimulator
in this paper we focusexclusively on how stagingcanbe usedto improve the speedand
scaleof wirelessnetwork simulations.We pick wirelessnetwork simulationasour target
domainbecauset posesa worst-casescenario.Sincenetwork characteristiceananddo
changedynamically simulationstatemustberecomputedrequently As nodesmove about
a simulatedfield, the network-level topology may changerapidly. Link characteristics,
routing information,and network topologiesmustbe maintainedand recomputediuring
thesimulation,andmobilenodesmustcontinuallyupdateheirpositionsn orderto provide
accuratanformationto the paclet propagtion subsystemIn addition,comple physical
modelsmale wirelesssimulationexpensve. Dueto thebroadcaspropertieof thewireless
medium, a simple paclet sendoperationmay involve all nodesin the network. These
inherentcharacteristicef the wirelessdomainrenderaccuratefastandscalablewireless
network simulationdifficult, andmale isolatingredundantomputations challenge.

Weappliedstagingons2 [TheVINT Project.1995],awell-establishedimulatorwhose
designis typical of traditionaldiscreteeventnetwork simulators.Ns2is of vital interestto
the wirelessnetworking communitybecauset includessupportfor a wide rangeof pro-
tocolsandapplicationsmary of which have beenextensvely validatedagainstreal-world
implementations Our applicationof stagedsimulationin the ns2 simulatorconfirmsthe
benefitsof staging.As a naturalconsequencef eliminatingredundantomputationstag-
ingin ns2 reducedbverallruntime scalingfrom O(N?) in thesizeof thesimulatedwireless
network to O(N) andimproved run time by an orderof magnitudeover the standarchs2
implementation.Our applicationsof stagingimpactonly the internalsof the simulation
engine,maintainstrict compatibility with existing simulationscriptsand extensionsand
presere the full accurag of the original computation. Sincestagingis complementary
to otheralgorithmictechniquedor improving the speedandscaleof discreteevent simu-
lators,we expectit to yield similar benefitswhencombinedwith parallelanddistributed
simulationtechniques.

Overall, this papermakes three contritutions. First, it describesa generaltechnique
calledstaging basednfunctioncachingandreusefor improving discreteeventsimulator
performanceand scalewithout degradingaccurag. It shavs how this techniquecanbe
systematicallyappliedto a widely used,traditional wirelessnetwork simulator ns2, to
eliminate certainredundanttomputationsoth within a single simulatorrun and across
multiple invocationsof the simulator Second,t providesa formal modelfor reasoning
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aboutthe executionof discrete-gentsimulatorsuseshis modelto derive aprecisenotion
of simulationequivalence thatis usefulfor expressingoptimizationsandformally defines
stagingusingthemodel.It alsoillustrateshow previouswork oneliminatingredundang in
simulationscanbeunifiedinto thismodel,andhow pastwork differsfrom staging.Finally,
it shaws that stagingcansignificantlyimprove executiontime of network simulatorsand
male feasibletheaccuratesimulationof wirelessnetworkswith tensof thousandsf nodes.

Therestof this paperis structuredasfollows. The next sectionprovidesaformal model
of the operationof a discrete-gent simulatorand providesbackgroundn previous work
on reusingpastcomputationin simulators. Section3 definesstagingby shaving how
function cachingand reusecan eliminateredundanttomputation how restructuringcan
exposeredundantcomputation,and how time-shifting can be appliedto a restructured
simulator Section4 shavs how intra- andinter-simulationstagingcanbe appliedto the
coreof awirelessnetwork simulator Section5 evaluateghe performanceandscalability
benefitsof stagingin the contet of a ubiquitousand maturenetwork simulationengine.
Section6 presentselatedwork, andSection7 summarizesur contritutions.

2. MODEL AND BACKGROUND
2.1 Formal Simulator Model

We formalizea discreteevent simulator without lossof generality asa stylizedstatema-
chine. The simulatorstartsin a stategp, and progresseshrougha sequencef states
o1 ... On. For eachstateo;, the simulatoralso maintainsa setof pendingevents, E;.
In orderto computethe next statea; 1, the simulatorchoosedrom E; the earliestevent,
whichwe denoteg. Thesimulatortransitionsfrom stateg; to i1 accordingo thecurrent
evente, which may modify the stateandalsoscheduleor cancellaterevents.An evente
may correspondo a simulation-level event, suchasa scheduledaclet transmissioror
protocoltimer, butit canalsobe usedto representower level eventsof the simulator such
asthesequencef individual functioncallsor machine-lgel instructions We intentionally
leave the granularityof theseeventsunspecifiedsinceour techniquesapply to ary level
for which a cachelookupis fasterthanreprocessingn event, and usethe samenotation
throughouthe paperto describesventsat multiple levels of abstraction.
Formally, we canexpressanevente asafunction

(8,2) = &(Tg (01))-

which takesits input from the currentstatec;, andreturnsanincrementaktatechangeA
anda setof new or canceledeventsZ. While the modelis describedn afunctionalstyle,
it capturessimulationswritten in proceduralanguagesy mappinghiddendependencies
to inputs,andsideeffectsto theincrementaktatechange) returnedby thefunction. Note
alsothatthe eventg doesnot operateon the full simulatorstate but ratheron a subsebf
the stateselecteddy a projectionfunction 1y . After computingA andZ by executingthe
next pendingevente;, thesimulatorupdateghe stateaccordingo A andthe pendingevent
setaccordingto 2. Formally, we write

(0i+1,Ei1) = (01 @A (B —6)®Z)

wheretheoperatord appliestheincrementastatechangeh to thecurrentstate. We view oj
andA eachasbindingof variablenamedo values anddefineoperatord to updatesxisting
bindingsin o; with new valuesfrom A, andintroducenew bindingsfrom A for variables
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thatdo not yet exist in g;. Similarly, Z containsa setZ; of eventsto be cancelecanda
setZs of new eventsto be scheduled Operatorg simply computeE; — {g} — ;) U,
thenew setof pendingevents.

This framework provides us with the foundationto formally characterizesimulation
optimizationsandreasorabouttheir correctness\We wantto ensurethattheresultsof an
optimizedsimulatorarecorrect thatis, they corresponaxactly to theoutputfrom theorig-
inal, unoptimizedsimulator Below, we formalize this notion of simulationequvalence,
which ensureghatthe modifiedsimulatorfaithfully representshe original simulator and
thatall useful,operatosvisible statewill beunchanged.

If Ty selectdhesetof operatosvisible datafrom a stateo, thenwe saythatasequencef
simulatorstates 0o, Eo), ..., (On, En) is equivalentto anotheisequencéay, Eo), ..., (Om, Em)
if andonly if Vi, Ty (G;) = Ty (0i). Here,i = Yi(i) is amappingfrom the stepsof onesimu-
lation to thoseof the other This mappingis necessarginceanoptimizedimplementation
may usemoreor fewer stepsto computea resultascomparedo the unoptimizedversion.
Informally, an operatorinspectingsomesubselU of the simulatorstatewill obsere the
samedataandchangeso thedataovertime, regardlessof which of two equivalentsimula-
torsis beingused.Notethat, by design this definition of simulationequivalencedoesnot
placeary restrictionson theeventsetsE.

With this formal notation, we are readyto describeprevious work, definean initial
approacho reuse andprovide a completedescriptionof stagingtechniques.

2.2 Prefix-based Approaches

Amongtechniquesisedto improve discreteeventsimulatorperformanceor scalearesev-
eral that attemptto eliminate redundanttomputationeither within or acrosssimulation
runs. We discussthreeillustrative examples,andshav how they canbe characterizedh
our simulatormodel.

Previouswork hassuggested techniquecalledsplitting [Glassermartal. 1996],based
on commonprefixesamongmultiple runsof the simulator Thetechniquds basedon the
obsenation thatif two runshave identicalinitial state,andthe simulatorcandetermine
thatthefirst k eventsof bothrunswill beidentical,thenthesecondsimulationcanbeginin
stateoy savedfrom thefirst run. In practice afirst run savesselecteccheckpointg o;, E;)
ondisk, for selectedraluesofi. A secondsimulationcanbestartedrom ary of thesesaved
checkpointswith new eventsaddedor removed from the pendingeventsetE;. Formally,
we candescribehis secondun asa new simulation,beginningin a configuration

<60,E0> = <0k, Ex® Z>

wherethe operatorselectghevalueof k andspecifiessomechange to thependingevent
set. It is never necessaryor the operatorto modify the stateoy, sincesucha changecan
alwaysbewrappedin aneventandplacedat the headof the list of pendingevents. This
splitting techniqueusesa very restrictednotion of stateequivalenceandthereforecannot
be appliedbeyondthe earliestpoint at which two simulationrunsdivergein state.

Cloning [HybinetteandFujimoto 1997]takesadwantageof amoregeneraform of state
equivalence. With this technique two runsof a simulatorcan sharecomputationfor an
eventg solong astherelevantinputstaken from the two simulatorstatescanbe assured
to be identical. Clearly, if 1 (0;) = T (0]), Aq andZq canbe reusedfrom the earlier
run. But ratherthancomparingthe inputs i (0;) and T (o7) directly, cloning relieson
partitioningthe simulationstateinto separateomponentgalledvirtual logical processes.
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A logical processs a function @ over the statec;. In cloning, @(oi) = @(coj) impliesthat
resultscanbe reusedfor certainevents. Here,two computationshareresultssolong as
the virtual logical processeshey computeon remainidentical. This essentiallyextends
the commonprefix techniqueusedin splitting to commonprefixes of logical processes,
or partial state. Both cloning and splitting typically dealwith eventsonly at the level of
simulationevents,suchaspaclet transmissionsindreceptions.

The updateable simulation [Ferenciet al. 2002] techniquereusesstatefrom previous
runs of the simulatorto implementmore efficient, incrementalcomputationin the sim-
ulators. The intuition behindupdateablesimulationis thatif the entire stateof the first
simulationrun is known, thensubsequentsimilar runs might gain performancebenefits
by incrementallyupdatingthe old stateto matchary new simulationparameterstather
thanrecomputingthe new statefrom scratch. An initial run of the simulatorcacheghe
A andZ tuplesfrom eacheventtaken by the simulator Subsequemntunscanreusestored
resultsfrom previousrunsif protocol-specifiknowvledgedictatesthatthe resultsmay be
reusedn the currentrun. For instance specificknowledgeof the paclet queuingpolicy
may allow subsequensimulatorrunsto detectwhena paclet droppedin a previous run
will alsobedroppedn the currentsimulationrun. In suchcasesthe simulatorcanre-use
theincrementaktatechangeA computedn thepreviousrun. This approactreliesheavily
on protocol-specifiknawvledgeandpredictionof valuesthathave notyet beencomputed.

3. STAGED SIMULATION

We introducestagingin our formal modelby first generalizingthe notion of stateequi-
alenceandusingtheseideasto shav how function cachingandreusecanbe usedin the
simulator We thendevelop stagingby formally definingthreerestructuringtechniques,
which are usedto exposeredundang in the simulator anda classof time-shifting opti-
mizations which take advantageof bothrestructuringandfunctioncaching.

3.1 Function Caching

We cangeneralizahe notion of stateequivalenceseenin previouswork by examiningthe
formal modelof a discreteeventsimulator Accordingto the model,thefollowing condi-
tions are necessarpandsuficient to ensurethattwo computationswill resultin identical
modifications(A, ) to the currentstateandpendingeventset:

(1) a=¢
(2) 1 (0i) = T (07).

Thatis, if two eventsandtheir inputsareidentical,thenthe resultsof one event may be

usedin placeof the other This definition of equivalencecaneliminatemorecomputation
than prefix-basedapproaches.At the sametime, it avoids the use of protocol-specific
knowledgeby giving preciseconditionsfor whencomputatiorreuseis possible.

The simplestway to implementthis approacho eliminatingredundantomputations
function caching. During a simulationrun, the simulatorcachesheresult (A, Z) of each
eventin anevent cache, atableof resultsindexed by theinputsto thecomputation Before
executingan event on new inputs, the event cacheis checled to seeif the resultfor the
new inputs hasalreadybeencomputedand, if so, the cachedresultis usedin place of
the computation. This techniquecan be extendedto spanmultiple simulationruns by
maintainingthe eventcacheon disk.
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By itself, this approachhasseriouslimitations in the context of network simulation.
First, to avoid excessie overheadonly thoseresultsthatarelikely to be reusedandare
expensve to computeshouldbe saved. Worse,almostall simulationstateis dependentn
theclockvaluet, whichtypically changedbetweemetwork events.Consequentlyit is rare
for two computationgo have identicalinputs, even betweentwo simulationruns. While
function-cachingaspresentedhereis strictly morepowerful thanprefix-basedpproaches,
its limitationsmustbe addressed it is to bewidely applicable.

3.2 Event Restructuring

Stagedsimulationimproveson function cachingby enablingoptimizationeven whenin-
putsarenot identicalacrosscomputations.To enablethis, we rely on a numberof tech-
niguesfor exposingredundantomputationthroughcoderestructuring.Using the simu-
lator model,we first look at wherecomputatiorreusemay be possibleandhow it canbe
exposed.In thesubsequergectionsve give severalconcreteexamplesof theseechniques,
andanevaluationof their applicationin a popularnetwork simulator

In orderto examine our approachat a high level, let us look closerat an individual
simulatorevent. An individual evente takesseveral agumentsasinput, sayx, y, andz
Functioncachingis applicableto two computations

(4,%) = a(mg(0i) =a(xY.2)
(0.%) = ej(re(0))) =€j(X,y,Z)

if andonly if g =ej, x=X,y=Y, andz=7Z. A parametemismatchbetweentwo
invocations sayz # Z, prohibitsthe resultsof previousinvocationsirom beingreused.
The first techniqueusedby stagedsimulationto copewith this problemis basedon
currying, which decomposeshe event g into two events, say ' and €. Conceptu-
ally, have smallerfunctionsthat canbe composedo form the original resulte (x,y,z) =

(el (xy).2).

(B, 21U{ef}) = &' (xy)
<A7z> = qz(c,z)

Thefirst half of the computationg!, returnsanincrementaktateupdatewith the hidden
partial resultc, and also scheduleghe secondhalf of the computation,e?. The second
half of the computationthenretrievesthe saved partial resultc, finishesthe computation,
andreturnsthe final value. Here,we canapply function cachingdirectly to the e* andej1
computationssincethey have identicalinputsx = X' andy = y'. The secondpieceof the
computationneednot be performedimmediatelyfollowing the first, but may be spaced
arbitrarily far apartin the sequencef simulatorevents. This techniquecan be applied
repeatediyto decomposean expensive computationinto a treeof cacheablesubcomputa-
tions.

A secondechniqueis incremental computation, which restructuregventsto reusethe
resultsof previous, nearbycomputationsFor example,wirelesssimulatorstypically need
to maintaina graphof network connectity. Eachtime a nodemoves,this graphmustbe
refreshedbut it is often muchmore efficient to incrementallyupdatethe previous result
thancomputea new result. This techniqueoften relieson the continuity of resultswith
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respecto someinput, which ensureshatsmallchangesn theinputwill leadto only small
changesn theresult.In our model,incrementacomputatiorreplacesanevent

(b.2) =a(xy,2)
with anequivalentcomputation

(A3) =¢(xy.zd)

whered’ is theresultfrom someprevious executionof g.

The third and final restructuringtechniquewe introduceis the use of auxiliary re-
sults. Thisgeneralizesheincrementatomputatiorapproactby reusingnotonly previous,
nearbyresults,but alsoauxiliary results. In this form, we replacea computations with a
new computation

B.5) =€(xy,zh)

whereA containsnot only the resultA neededrom the computation but also auxiliary
informationor partialresultsthatmay be usefulto latercomputationsThe later computa-
tionscanthentake this data,andmoreefficiently computenew results.

Oneinstanceof auxiliary resultsthat we have found particularly usefulis to compute
andsare upperandlower bounds thenlater refinetheseboundsinto a preciseresult. For
example,in mary wirelessnetworks nodesmove with someknown maximumspeed.We
cantake advantageof this informationto reducethe amountof work the simulatorhasto
performat run time. While computingthe setof nodeswithin rangeof a senderwe can
alsomarkcertainnodeshataresuficiently closeto the sendessuchthatthey cannotravel
beyond his transmissiorradiuseven at maximumspeed Later, the samesendercanavoid
computingdistanceso the previously markednodes sincethesenodescannothave moved
out of range.This exampleillustratesthatauxiliary resultscanbe usedto eliminateredun-
dantcomputationsaven whenthe inputsto the computationare not identical. Formally,
this exampleinvolvestransforminganevent

(A,Z) =&a(x,y,2)
into two events

(AL sh U (82,52 =€l (x,y,2) Ul (x,y.2)

wheretheresults(Al, 51) of e areknown to bestablesolong asthe parameters, y, andz,
staywithin somepredeterminedimits. The simulatorcanthenbe modifiedto cachethe
resultsof &', aswith the currying method. Later invocationscanreuseresultsso long as
the parametersall within thelimits seton eachof the parameters.

3.3 Time-shifting

Therestructuringechniqueslescribedabore have the effect of breakinglarge, monolithic
computationsvith mary inputs,into smaller fine-graineccomputationsvith fewerinputs.
In addition,theresultingeventswill tendto have morelimited dependenciesn simulator
state.Thesepropertieprovide theopportunityto applytime-shiftingoptimizations.Recall
thatthe mappingfunctiony allows the simulationsomeflexibility in re-orderingfunction
evaluation,solong asthereorderingdoesnot affect the operatosvisible stateof the simu-
lation. We canusethis flexibility by computingtheresultsof mary eventssimultaneously
ratherthanindividually andspreadbut overtime. Formally, we reordereventsthatproduce
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internalresultsundera mappingy, perhapgroupingsimilar computationgogetheiin the
sequencef computationsFor example,if eventsa andb have alreadybeendecomposed
by currying, the simulatormight executethe sequencef events

..ala®..bb?...
duringthe simulation.Precomputatiocantransformthis to
..albhla?..b?...

if theinputsto b areunchangedby thereordering.

Reorderingeventsthroughtime-shifting canimprove efficiencgy in two distinct ways.
First, we can usetime-shiftingto gain architecturalbenefits. By controlling the time at
whichcomputationgareperformedweindirectly controlaccesset diskor memory This
enablesstagingto spreadout loadto thedisk, reduceworking setsizes,or improve mem-
ory cacheperformanceFor instancethe memoryfootprint of a simulatorexhibits greater
locality whenall eventsfor onenodeare processedn batchessincethesecomputations
will typically all operateon the samepernodedatastructures.Secondwe cangain per
formancethroughimproved algorithms. Specifically the separate&eomputationof events
al andb® might combinedinto a single, moreefficient eventthat computeshe resultsfor
both computationssimultaneously For instance,if eachnodecomputesa shortest-path
treein the network, theseindividual computationsnight be shiftedto a singlepointin the
simulation. At this point, a single more efficient all-pairs shortest-patitomputationcan
replacetheindividual computations.

4. APPLICATIONSOF STAGING

In this section,we describehow we canapply stagingin the contect of wirelessnetwork
simulatorsto improve their performanceandscale.In particular we have appliedstaging
to ns2, acommonlyusedandwell-understoodimulatortypical of the currentstateof the
artin wirelessnetwork simulation. In ns2 the wirelessphysical layer and mobility mod-
elsarethe largestconsumer®f processingime in commonsimulationscenarios.These
computationgposethe mostsignificantbottleneckgo efficiency andscale.Consequently
we focuson stagingcomputationselatedto nodemobility andthe wirelessphysicallayer
throughouthis section.

Undertypical wirelessmobility and physical models,simulatorsmustperformnumer
ouscalculationsvhena pacletis transmittedn orderto ultimatelydeterminewvhich nodes
will receve the paclet. Thesecalculationsdependstrongly on the positionsof sending
andreceving nodes paclettransmissiorandreceptionsignalstrengththresholdsgeogra-
phy, andradio andantennamodels. Consequentlyin wirelesssimulation,neighborhood
calculationsarefundamentalfrequentandexpensve.

Mobility computationsare an especiallychallengingdomainin which to implement
staging,becausenputs are dynamicallyvarying andtime-dependentldenticalinputsto
high-level computationsrerarelyfoundwithin asinglerun of asimulator or acrossnulti-
ple similar runs. In addition,the monolithic structureof typical implementation®bscures
ary redundantomputationperformedat runtime.

Weincrementallydescribour differentapplicationof stagingto ns2, eachemploying
a differentapproachto eliminating redundantcomputation. The first is an example of
decomposin@ computatiorvia currying andreusingcommonintermediateaesultsacross
events. The seconddemonstratethe useof upperandlower bounds,or auxiliary results,
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Fig. 1. Grid-basecheighborhoocdcomputationdatastructurewith eitherfine or coarse-grainedrid
granularity The sourcenodeat centeris transmittingwith radiusshavn. Examinedgrid bins are
shadedandlinkedlists indicatedby arrows.

to enlagethe overlapin computationracrossevents. The third optimizationillustratesthe

useof time-shiftingasa stagingtechniqueandthefinal onedemonstratemter-simulation

stagingby reusingresultsacrosamultiple similar runsof the simulator A surprisingresult

is that the final stagedsimulatorlooks nothinglik e the initial simulatorimplementation,
andachievesa dramatic qualitative improvementin both performancendscale.

4.1 Currying: Grid-based Neighborhood Computation

As aninitial, elementaryapplicationof staging,we first restructurethe neighborhoodset
computationusinga well-known grid-basedapproach.This computationdetermineghe
setof nodeswithin rangeof a transmittingnode,andhencethe nodesthatmustreceve a
copy of eachpaclet transmittedby the node. This restructurings intendedto exposethe
redundang betweenmandwithin callsto the neighborhoodcomputation.In our simulator
model,we have an event e taking asinputs (t,src), wheret is the simulatorclock value
andsrc is the sourcenodewhich internally keepstrack of its x andy coordinates Several
otherparameterssuchasthe globallist of nodesandnodepositions,andothersimulation
parametersare hiddenfor simplicity. The returnvalue of the eventis a pair (dests, 0),
representinghe setof destinationnodeswithin rangeof the senderto be passedo the
paclet transmissiomoutine,andanemptysetindicatingthat this eventdoesnot schedule
or cancelary otherevents.

A first exampleof stagingcanbe seenin a well-known andstraightforvard grid-based
neighborhoodcomputationapproachwherewe reusepreviously computedtransmission
resultsfor nodesthatarecloseby in distancewithin a singlecomputationandexposeand
reusepartialresultsbetweerpaclet transmissionsGrid-basecdeighborhoodtomputation
first dividesthe coordinatespaceinto a grid of buckets, with eachbucket holding a list
of nodespositionedwithin the correspondingrid rectangle.The geographigartitioning
andnodelists areshavn in Figure4.1. This partialinformationaboutnodepositionscan
thenbe usedto quickly determineif a group of nodesfalls entirely outsidethe possible
transmissiomangeof a node,therebyeliminatingthe needto performindividual calcula-
tionsfor eachnode. Nodesin the remainingbuckets,which may or may not bein range,
are checled individually asbefore. All of the stateneededfor the grid is storedin the
simulatorstatevariablea, but outsideof the operatosvisible portion Ty, (o).

Grid-basecdheighborhoodomputatiorcanbe classifiedasstagingin two distinctways.
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Fig. 2. NeighborhoodCacheEntry Structurefor Node at Center Shoving TransmissiorRadiusr,
Ar = 257axAt, andLinkedLists (Arrows) for SetsA; _ar and Afar

First, the computationis decomposednto two parts, wherethe first updatesthe grid if

nodeshase moved, andthe secondusesthe updatedgrid to obtaina preciseresult. The
grid datastructureis sharedacrossall computationsand updatedwhene&er needed ei-

therlazily, just beforea paclet transmissionpr continuallyasnodesmove. The second
useof stagingoccurswithin a single computation. By groupingnearbynodesinto grid

buckets,a singledistancecomputatioror estimatecanbeusedin placeof mary individual

computations.The benefitsof grid-basedcomputationstemfrom reducingthe numberof

nodesexaminedon eachpaclet transmissionand from sharinggrid maintenancecross
all paclettransmissions.

4.2 Auxiliary Results: Neighborhood Caching

The grid-basedapproachprovidesa baseto which we cansuccessiely apply additional
staging.Variationson the grid approachallow moreadwancedapplicationsof stagingus-
ing auxiliary resultsto reduceredundang in computationacrosspaclet transmissions.
In commonsimulationscenariosinter-packet spacingis very shortin comparisorto the
speedat which nodesmove. Dependingon nodemobility andtraffic patternsmary hun-
dredsor thousand®f pacletsmay be transmittedfrom a singlenodebeforenodesmaove
a significantdistance. Thatis, we shouldexpectthe inputsto, and hencethe resultsof,
the grid-basedneighborhoodcomputationfor a nodeto be reusableacrossmary packet
transmissions.

Sincenodepositionswill vary slightly, we shouldnot expectthe neighborhoodetto be
identicalto thesetcomputediduringthe previouspaclkettransmissionHowever, nodeghat
were sufficiently far from the senderduring the previous transmissiorwill still be out of
rangeof thesenderandnodeghatweresufficiently closewill still bein range.Computing
thisadditionalinformationatthetime of paclettransmissioris efficient, andthis auxiliary
datacan later sene to quickly eliminate mary nodesfrom considerationin subsequent
transmissionsTheseconserative upper andlower-boundson the neighborhoodsetwill
remainvalid for sometime after they are computed,dependingon the amountof node
mobility andthe tightnessof the bounds,so we canefficiently checkif the saved results
arereusable We thereforerestructurehe neighborhoodetcomputatiorto first compute
anboundson theresult,with a known expirationtime, thenrefinethis boundduringeach
paclet transmissiorinto anexactresult. After restructuringa straightforvard application
of function cachingis usedto cacheandreusethe commonauxiliary results,the upper
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andlower-boundsacrossmary paclettransmissions.

This restructuringexposesone additionalparameterAt, to control the cachingpolicy.
This parametefixesthe desiredepochdurationfor which the boundon the neighborhood
setwill bevalid. If sp is the maximumpossiblenodespeedn the movementscenario,
thenthe maximumchangdn distanceébetweertwo nodesn anepochis justAr = 25 At.
If two nodesarewithin distance — Ar at sometime, thenthey will remainwithin ranger
for At secondsnto the future. Consequentlythe preciseposition of nodesbeyond dis-
tancer + Ar neednot be computedat all for At secondsnto the future. Thus, neigh-
borhoodcachingfurther reduceghe numberof nodesthat needto be examinedon every
paclettransmissionsinceonly nodesn theannulusaroundthesendercouldhave changed
statussincethelastpaclettransmission.

We maintaina cacheto capturethis upperboundon the neighborhoodetof eachnode.
At mostone cacheentry is maintainedfor eachnodein the network. A cacheentry; il-
lustratedin Figure4.2,is composedf anexpirationtime andtwo sets,A;_ar andAf+ar,
containinglists of the nodeswithin a ball of radiusr — Ar andthosein the annuluswith
radii r = Ar. During paclet transmissionthe cachemanagercomputeshe setof nodes
within rangeof a givennodeby first looking for avalid cacheentry Findinganentrythat
hasnot yet expired, it canimmediatelyconsiderall nodesin the list A;_ar to be within
range. The secondist A;+ar is thenscannedandeachnodefoundto be within rangeis
appendedo thefinal result. At thesametime, it cancheaplybut conseratively updatethe
lists,maving somenodesrom A;.ar to Af_ar andeliminatingothersfrom Ag.ar entirely.
If, onthe otherhand,no cacheentryis found during paclet transmissionthe cacheman-
agerconsultsthe underlyinggrid andconstructsa cacheentry with expiration At seconds
into thefuture.

In the above cachingschemethereis someadditionaloverheadduring cachemisses,
whencomputing/¢+ar, Sincealargerradiusis consideredhanpreviously necessaryThis
overheadis controlleddirectly with the parameteiAt, which fixesthe longevity andthe
accurag of cacheentries.In addition,thereis overheadassociatedavith scanninghe list
of nodesin A;.ar duringeachcachehit, but thisis alsolimited by appropriatelychoosing
the At parameterWe characterizéheseoverheadexperimentallyin Section5.

In termsof the simulatormodel, this type of stagingeliminatesredundantomputation
in only one particularcase. If the inputsto two neighborhoocdcomputationsare (t, src)
and (t’,src), neighborhoodtachingaddressethe casewhent’ ~ t andsrc’ = src. That
is, a cachedresultfrom a paclket transmissions reusedonly whentransmittingfrom the
samesourceat a nearbytime. The cachingpresentechereis only appliedwhen both
computation®ccurwithin the samesimulationrun.

4.3 Time-shifting: Perfect Caching

We canexpandthe overlapin computationby looking for otherredundancieshan that
addressedy neighborhood@aching.If two neighborhoodomputationdiave inputs(t, src)
and(t’,src’), asbefore,we now explore the casewhent =t’ andsrc # sr¢’. Thatis, we
look for redundang whentwo computationfiave the sameclock parametet but differing
sourceparameters.

It is unlikely thattwo nodeswill transmitpacletsatidenticaltimes.However, neighbor
hoodcacheentriescanbe constructedat ary time andtake asinput the sameparameters
(t,src). Thereis alarge overlapin computationwhenconstructingmultiple cacheentries
independently In the worst case,eachpair of nodeswill be consideredwice, asthere-
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ceiver of a paclet doesnot take adwantageof the distancecomputedby the sender This
is especiallyacutein light of the rapid sequencesf paclet exchangedetweena pair of
nodeswhich arecommonin wirelessMAC andnetwork protocols.We usetime-shifting
to addresshis redundang by reorderingthe creationof cacheentries.

A stagedsimulationapproachwhich we term perfect caching, eliminatesthis redun-
dang by precomputingall cacheentriessimultaneouslytherebyforcing the conditionthat
t =t’. This approachmaintainsthe samedata-structureasneighborhoodtaching. But,
ratherthan calculatingcacheentrieson-demandjt precomputesll cacheentriesat the
baginning of every At epoch. All normalqueriesfor neighborhoodnformationarethen
guaranteedo be satisfiedfrom the cache.Therearetwo potentialadwantagego batching
computationin this way. First, by groupingall accesse$o the mobility data-structures,
the simulatormight achiesze highermemorylocality andimprovedworking setsizes.And
secondwe canimplementa moreefficient algorithmthat simultaneoushcomputesall of
the cacheentriestogetherratherthanindividual computationgor eachentry Specifically
the positionsof all nodescanbe updatedonly onceperepoch,just beforethe singlecom-
putation,and eachpair of nodesneedbe examinedat mostonceper epoch,ratherthan
twice.

The overheadof thistechniques a scheduledventduringeachAt epoch.Also, perfect
cachingmay introduceadditional,wastedcomputationf somenodesdo not sendpaclets
duringanepoch,andthusdo not usetheir cacheentries.In a sparseor quietnetwork, per
fectcachingmightconstrucimoreentriesthanneedediuringthesimulation.This potential
for wastedwork canbe addressetdy appropriatelychoosingthe At epochparameter

Theunderlyinggrid is normally maintainedduringeachepochasnodesmove aboutthe
geograph. At eachtime anodemavesacrossagrid boundaryaneventmustbescheduled
to updateheaffectedgrid cells. In mary networksthis maintenanceanbevery expensve.
However, the perfectcachingapproachaccessethe underlyinggrid only onceperepoch,
openingthepossibilitythatthegrid mightbere-createdrom scratchonceperepochyrather
thanmaintainedandupdatedrom oneepochto the next. Stagingintroducesa new trade-
off in choiceof maintenanceersusre-creation.This trade-of dependn the sizeof the
network, which impactsthe costof grid re-creation,and the amountof mobility, which
impactsthe costof maintenance We explore both thesealternatvesfor typical network
scenariosn Section5.

4.4 Inter-simulation Reuse: On-disk Caching

A final inter-simulationstagingapplicationimproveson perfectcachinganddemonstrates
how stagingcanbe appliedacrossnultiple similar runsof the simulator Inter-simulation
stagingexpandsthe scopeof cachingandreuseto spanmultiple runsof the simulatorby
usingthedisk asa persistentache.In thefirst run of the simulator cacheentriesaregen-
eratedandexpire exactly asin intra-simulationstaging.As cacheentriesexpire, however,
they arewritten to disk for usein latersimulatorruns. Disk accessanbe doneefficiently
in the backgroundby introducinga moving window and a worker thread. The moving
window coverscacheentriesthathave expired, but have not yet beenwritten to disk. The
worker thread,operatingentirely in the backgroundcanspooltheseentriesto disk, then
expungethemfrom the cache. Subsequentuns of the simulatorperforma complimen-
tary procedureHere theworker threadprefetchesacheentriesin thebackgroundsaving
theminto a sliding window justaheadf the simulationclock. The simulatorcanthenuse
thesecacheentriesdirectly until they expire and areimmediatelyexpunged. Again, all
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disk accesseareperformedn thebackground.

We applyinter-simulationstagingto the perfectcachingschemedescribedabore. This
takesadwantageof commonsimulatorusage wherea batchof simulatorrunsoften share
asinglemobility scenarioln this case perfectcachingwill performidenticalwork during
eachsimulationrun, since cacheentriesare computedat pre-chosertimes independent
of the network load or othersimulatorparametersThefirst run of the simulatorsasesall
neighborhooatachesntriesto disk, andthesecondandsubsequentnsavoid recomputing
theseentriesby readingtheresultsdirectly from disk.

The amountof computationsaved in this manneris potentially significant. The intra-
simulationexamplesabove, while reducingheamountof computatiorduringpaclettrans-
mission, also add someadditionalwork to maintainor re-createthe grid for useduring
cachemisses. In particular mary grid-crossingeventsmight be scheduledn the event
gueue,leadingto morework in the event schedulerand dispatcher This applicationof
inter-simulationstagingbuilds on the intra-simulationstagingtechniquesy reducingthe
numberof scheduledeventsgeneratedy the grid managetandthe costof constructing
neighborhoodaacheentriesin the perfectcachingscheme Surprisingly in thesecondand
subsequentunsof the simulatorwe caneliminatethe underlyinggrid entirely, aswell as
all the work for constructingcacheentries,sinceall requestswill be satisfiedby cache
entriesreadfrom disk.

Oncean on-disk cachehasbeenconstructedsubsequentuns of the simulatordo not
maintaina grid, do not needto track changedo nodepositions,andrequireno scheduler
events.Eliminatingthis overheadrom simulationscanleadto significantspeedups.

5. EVALUATION

We have implementedeachof the optimizationsdescribedn the previous sectionin the
ns2 simulator Overall, we find that even the simplestapplicationof stagingreducegshe
run time of the simulatorsignificantly andallows for practicalsimulationof muchlarger
network sizesthanpreviously feasible.We shav thatthe additionalapplicationsof intra-
simulationstagingimprove the robustnessof the results. In particular the initial, grid-
basedstagings very sensitve to thechoiceof granularity while theadditionalapplications
of stagingeliminatethis sensitvity andwork well evenwith a poorchoiceof parameters.
Theapplicationof inter-simulationstagingimprovesspeedandscaleyet further. With the
final stagedimplementationwe regularly simulatenetworks of over 1000 nodesin the
time it previously took to simulatenetworks of only 200 nodes.

In additionto evaluatingthe performanceand scalability benefitsof staging,we also
characterizehe effect of eachparametewe have introduced.We show thatit is possible
to easilyor automaticallyfind nearoptimal choicesfor theseparametersand, at the very
least,avoid parametechoiceghatwould leadto runtime behaior worsethanthe default,
non-stagedmplementation.

5.1 Evaluation Platform and Environment

We take asour baselinethe ns2 version2.1b9asimulator Most simulationswere com-
pletedon a single-processomachineequippedwith 1.7GHz Pentium4 processorand
256MB of physical memory Physical memoryis animportantconstraintin ns2; more
generousnachinecansimulateproportionallylargernetworksbeforebecomingmemory-
limited. We discusghe memoryrequirement®f stagingin detailin Section5.5.
Beforeimplementingour stagingtechniquesywe madeafew non-standardhodifications
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Tablel. Default SimulationParametergor Experiments

Network load
Model CMU constant-bitrate
concurrentlatastreams 30
Pacletsize& rate 512bytesx 8 paclets/s
Nodemobility
Model CMU random-vaypoint
Maximumnodespeed 5m/s
Pausetime 10s
Field density ~ 30nodes’ km?
Simulation
Routingprotocol AODV
MAC layer 802.11(CMU)
Transmissiorandinterferenceadius 551 meters
Simulationtime 400s

to improve the baselinens2 code.First, we disabledall unusedoaclet headerdo improve

memorylocality. Secondwe implementednore memory-eficient paclet tracing. Third,

we implementeda more sophisticatedalendarqueueevent schedulelin orderto reduce
the sensitvity of the simulatorto minor changesn the event distribution andto better
optimize severalcommon-casacenarios And finally, we enabledstandarccompile-time
optimizationsthroughoutthe simulatorand runtime libraries. Thesechangesmproved

the run time of the baselinesimulatorby approximately85% and substantiallyreduced
its memoryrequirements.Thus our resultsfor stagingare comparedo an aggressiely

optimizedbaselinamplementationrepresentatie of the currentstateof theartin wireless
network simulation.

Our simulationsetupcloselyresembleshatof [Broch etal. 1998],anexemplarof com-
mon scenariogisedin wirelessnetworking simulation. While we usethe standardCMU
Monarchmobility extensionsthe communicatiormodelgeneratorérom the standarcs2
distribution, andthe AODV ad hoc routing protocolimplementationour resultsare not
specificto thesechoicesof application mobility model,or communicatiorpattern.These
systemparameterssummarizedn Tablel, closelyfollow the standardvaluesusedin ad
hoc networking literature. Note that we usea noderadiusof 551 meters ratherthanthe
nominalpaclet receptionrangeof 250 metersto properlyaccountfor ary possibleinter-
ferenceeffects.

We evaluatesimulatorperformancevith severallevelsof staging correspondingo each
successie applicationof stagingdescribedearlier The differentlevels are detailedin
Tablell. Note that we evaluateperfectcachingusing both the grid maintenancel z,)
andgrid re-creation(L3p) stratgies,andthatinter-simulationLs, stagingis basedon the
Lsa grid maintenancestratgy. We generatdive randomnetwork scenariogor various
network sizes,and evaluateeachsimulatorimplementatioron all five networks. Except
wherenoted,eachdatapoint representshe averageexecutiontime of the simulatorin all
five scenarios.The standarddeviation in relative executiontime of the simulatorson ary
givennetwork is small,lessthan0.2%in all cases.

5.2 Simulator Performance

We first examinehow the differentapplicationsof stagingaffect total simulationexecu-
tion time usinga 1500 nodenetwork. Due to the large network size and excessive ex-
ecutiontime requiredby the baselinesimulator this experimentis conductedon a high-
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Tablell. Levelsof Ns2Optimizationfor Experiments
Level | Optimizations

Lo Ns2baseline
Intra-simulationstaging
Ly Lo + Grid-based
Lo L1 + NeighborhoodCaching
L3a L, + Perfectcaching(grid maintenance)
L3p L, + Perfectcaching(grid re-creation)
Inter-simulationstaging
Lsa L3, + On-diskcaching(generation)
Lap Lo + On-diskcaching(use)

30x i
25x i

20x B
(b) (b)

15x B
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Fig. 3. Speedupn ExecutionTime with IncreasingStagingRelatve to BaselineNs2Implementation
usinga 1500NodeNetwork

performancesener-classmachine,andonly performedfor a single network scenario.In
thisexperimentwefix grid granularityat250metersandAt at2 secondsandlaterdescribe
their selectionandthe sensitvity of stagingto theseparametersThe speedumchiezed by
increasindevelsof stagingrelative to the baselinesimulatoris shavn in Figure3.

Theseresultsdemonstrateahe dramaticimprovementin simulator speedthat can be
achieved with staging. The final stagedsimulator shawvn asLg,, improvesrun time by
afactorof morethan30 over the optimizedbaselineby cachingresultsacrosssimulations.
Stagingachiezesmorethanafactorof 50 speedupver the stock,unoptimizedns2 imple-
mentation.Thisimprovementstemdrom almostentirelyeliminatingthework requiredfor
neighborhoodsetcomputationghroughstaging. The performancef the inter-simulation
stagingapproactshovs thatthe disk accesserequiredby this techniquecanbe pipelined
andexecutedn the backgroundandsodo notvisibly impactthe performance.

Dependingon the network scenarioandthe trade-of in grid recomputatiorversusgrid
maintenancethe L, simulationtechniquecan also do just as well as inter-simulation
staging.In this scenariogrid maintenancés expensve, but the costof grid reconstruction
is very cheap comparableo the costof readingpreviously computedesultsfrom disk.
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Fig.4. Effectof Network Sizeon Total SimulationRunTime Holding NodeDensityConstant

5.3 Scaling with Network Size

In orderto evaluatehow stagingaffects simulationscale,we simulatednetworks with
varying numberof nodeswhile holdingthe application-leel load constantandincreasing
thefield sizeto maintaina constanhodedensity

Figure 4 shows that stagingcandramaticallyand qualitatively improve the scalability
of wirelesssimulatorsby reducingredundantomputationsThe graphshaws thatstaging
changeghe scalingbehaior of the simulatorfrom quadraticto linearin the size of the
network. This experimentalso demonstratethe benefitsof intersimulationL,, staging
and intra-simulationLg, staging,which achiezes more than a 2-fold improvementover
othertechniquedy eliminatinggrid maintenanceln the intersimulationcase accesgo
the event cachestoredon disk replacegrid computationsyvhile the intra-simulationcase
reconstructghe grid wheneer needed. Both of theseapproachesiave nggligible cost.
Usingthesetechniqueswe have performedsimulationrunsaslarge astenthousandhodes
in about10 hoursundertheload conditionsdescribedearliet

Although severalintra-simulationstagingapproacheshow similar performancen this
experiment,eachof the restructuringstepswere necessaryo achieve the final benefits
of inter-simulationstaging. In addition, the variousintra-simulationtechniquesexhibit
differentbehaiors asoptimizationparametersr network characteristicehange.As we
shaw in the next two sectionsthe moreadvancedoptimizationsoffer increaseaobustness
andstability, anadvantagenot evidentin Figure4.

5.4 Optimization Parameters

It is importantto characterizahe effect of ary new simulationparametersntroducedby
our optimizationtechnigues We study simulationperformanceundervariouschoicesfor
optimizationparameterandexaminetherobustnessndstability of thedifferentoptimiza-
tion levels. Recallthatthe grid-basedntra-simulationapproachusesa specifiedgranular
ity g, andthe cachingintra-simulationapproachtusesepochlengthAt.

5.4.1 Grid Granularity. Wefirst evaluatetheeffectof varyinggrid granularityoneach
level of staging. Intuitively, it is clearthata very fine granularitywill give riseto mary
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Fig.5. Effectof VaryingGrid Granularityon SimulationRunTime

grid-crossingeventsasnodesmove aboutin thetopology andwill alsoleadto morework
in paclet transmissiorsincemary emptybinswill be scannedor nodes. Corversely a
very coarsegranularityreducedo asinglebin and,essentiallyascanoverall nodesduring
eachpaclet transmissioror cachemiss. The optimal choiceresidesn betweerthesetwo
extremesanddepend®on the particularchoiceof simulationparameters.

We examinethe impactof grid granularityon simulationtime experimentally We run
the simulatorwith the sameconfigurationasbefore,usinga 250 nodenetwork andwith
At fixed at 2 secondshut vary the grid granularity Figure 5 shows the effects of grid
granularityon simulatorperformance.

This experimentshavs that nearlyall of the degradationdueto a poor choicein gran-
ularity is mitigatedby the useof the higherlevels of staging. In thesecasesthe grid is
consultedonly in the rare caseof a cachemiss. Consequentlygrid performanceds not
critical to overall performanceandstagingmasksthe impactof a poorly tunedgrid. This
enableshesimulatorto bemoreflexible in thechoiceof granularity For example,memory
considerationsnight dictatethat a coarse-grainedrid be usedeven whena fine-grained
grid would be moreefficient. The higherlevels of staging,which arelesssensitve to the
granularity areableto make thesekinds of trade-ofs without substantiallyimpactingper
formance.Thegrid-based ; schemepntheotherhand mustbevery carefulnotto choose
sub-optimaparameters.

It is interestingto notethat even the right-mostextremeof L, stagingperformsmuch
betterthanthe ns2 baselineimplementationgven thoughthey both performa complete
passover all nodesduring eachpaclettransmissionThedifferencein performances due
to a differencein paclet delivery. The L1 implementatiorcreatescopiesof eachpaclet
only for the nodesin rangeof the senderwhile the baselinesimulatorcreatesa copy for
every nodein the network.

5.4.2 Epoch Length. Theaccurag andoverheadf constructingcacheentriesis con-
trolled by the At parametefor neighborhoodtaching.Recallthat At specifieghe desired
expirationtime whenconstructinga cacheentry A largervaluemeanghatalargerradius
mustbe examinedto build a cacheentry, which leadsto largerandmoreimprecisecache
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Fig.6. Effectof VaryingCachingParameteiAt on CacheHit RateandNeighborhoodsSizes

values but allows the entryto remainvalid for longer

We setup our simulatorasthe previousexperimentbut fix thegrid granularityat250m.
Figure6 shavs how At controlsthe cachehit rate(top), andthe sizesof thetwo neighbor
hoodssetsA; _ar and A;1ar Storedin cacheentries(bottom). We only shaw the results
for L, caching;thosefor L3, perfectcachingandthe first phasel s, of intra-simulation
stagingarenearlyidentical. For referencethe actualaverageneighborsetsizefor queries
is shavn asconstanti;.

The overheadsassociatedvith cachingarelimited by the cachehit rateand Af1ar. A
very smallvaluefor At leadsto mary cachemissesgachof whichis potentiallyexpensve.
Corversely a large valuefor At forcesboth cachehits andmissesto processa larger set
A:+ar.- The cacheis effective for reasonablevaluesof At, roughly 2 to 4 secondswith
high hit rate but still reasonabl\sizedA;+x;. The curvesfor the neighborhoodsetsizes
canbe explainedgeometricallybasedon the known transmissiorradius,andthe average
numberof neighborsof transmittingnodes.The cachehit rateis a functionof theaverage
inter-paclet spacing.While ourimplementatiordoesnot pick At automaticallythe figure
shaws that a nearoptimal value for parameterAt can be computedas a function of the
pacletrate,nodedensity andtransmissiomadius.

Surprisingly evenwith suchvarying cachebehaior thereis very little overall change
in total simulationruntime. ThedataunderlyingFigure6 shavs thatover theentirerange
of valuesfor At run time variesby at most5%. The Ly, Lss, and L4y Staginglevels all
performsimilarly, while theseconghase._4, inter-simulationapproachmprovesruntime
by approximately30% ascomparedo Lz,, independenbf the At parameterAs with the
grid granularity nearlyary reasonablehoiceof parametewaluefor At will work well for
the highestlevels of staging.

5.5 Memory Utilization and Performance

Stagingis basedon a fundamentatrade-of betweerncachingandreusein memoryversus
recomputatioratthe CPU.Onthe onehand,memoryis oftena scarceresourcén discrete
eventsimulatorssoit is importantthatmemoryusefrom stagingis controlledandlimited.
The ns2 simulatorin particularis very memoryintensie, andavailablememoryseverely
constraintghe sizeof the simulatednetwork.
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Ontheotherhand,stagingcanreducememoryrequirementshroughtime-shifting; that
is, by schedulingnemoryintensie eventsefficiently. In this sectionwe detailthememory
requirementsf stagingascomparedo theoriginal, non-stagedimulator anddescribehe
cachemanagemenpoliciesfor the differentapplicationsof stagingimplementedn ns2.
To provide perspectie, we notethatevenafterapplyingtraditionaloptimizationtechniques
to reducememoryconsumptionmorethan30 KB is requiredfor eachsimulatednodein
the baselinesimulator

Overall, noneof the stagingapplicationshasmore thana modestimpacton memory
consumption.In the experimentsdescribedabove, a grid usinga granularityof 250 me-
tersrequiresbetweenl and4 KB total memory dependingon the size of the geographic
field. For a grid with 10 metergranularity this canrise to asmuchas1.2 MB for the
largernetworks. As anextremecaseagrid of 1 metergranularitywould requirewell over
100MB.

NeighborhoodcachingL, staging,perfectcachingls, and Lz, staging,and the first
phasd._s, inter-simulationstagingrequireadditionalmemory beyondthatrequiredby the
grid-basedhpproachfor storingpernodecacheentries. The sizeof eachcacheentry de-
pendsonthe numberof nodesneareachpotentialsenderbut, asshavn earlierin Figure6,
the cacheentry sizeis modestfor a wide rangeof parameters.Sincecacheentriesare
generatedluringeachepoch the cacheis potentiallyunboundedHowever, only the most
recententryis likely to bereusedn thenearfuture,sowe canlimit the cacheto only asin-
gleentrypernodein theintra-simulationstagingapproachedn orderto sase olderentries
for useacrosssimulations,we emplgy a sliding-windov approacho write recententries
to disk in the backgroundbeforeexpungingthemfrom the eventcache.In all, acrosshe
rangeof valuesexploredin the abore experimentspetwee?0 and200KB total memory
is neededon top of the memoryneededor the L; grid, andthis scaledinearly with the
sizeof the network.

Thesecondohasd. 4, intersimulationstagingreducesmemoryconsumptiorrelative to
theintra-simulationtechniquessincethel; grid is nolongerneedediuringthis phaseln
all but thefirst run of abatch,only 20to 200KB total memoryabove the baselinens2 was
neededor theaborve inter-simulationexperiments.

In summarytheimpactof stagingon memoryconsumptiorcanbe madenegligible in all
casesve have examinedby appropriatelychoosingstagingparameterandimplementing
effective cachemanagemergtratejies.

6. RELATED WORK

Several domain-specifiexamplesof stagingcanbe foundin existing simulators.In our
analysisof thens2 implementationye identifiedsomelimited applicationsof staging but
thetechniqués neithersystematicallyappliedin theimplementatiomor recognizedn the
literature. Therehasbeenno prior recognitionor developmentof thetechniqueof staging
asageneralpproactto simulationoptimization.
Grid-basedneighborhoodcomputationsare a well-known technique,and representa
limited applicationof staging.The default ns2 implementatioralsocontainsa grid-based
schemefor computingneighborsets. A key differencebetweenthe ns2 implementation
andourL; schemas thatwe exposeandexplorethe parametespaceof grid granularities,
while the previous attemptusesa hard-codedyranularityof 1 meter In typical scenarios,
this choiceleadsto performancevorsethanthe baselineandis consequentlgisabledoy
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default. Similarly, Wu andBonnet[2002] proposean alternatve paclet transmissiomou-
tine for ns2, essentiallyequivalentto our L1 stagingwith granularityparametero. Our
evaluationindicategthatthis choiceof granularityis alsoparticularlyinefficient compared
to nearlyary otherchoice. Theseexamplesillustratethe importanceof properlycharac-
terizing stagingparametersindrelatingthemto systemvariablessuchasthe transmission
radiusandexpectednumberof neighbors.

In the context of discreteevent simulatorswe find occasionaliseof stagingor similar
techniqueso improve performanceSplitting [Glassermartal. 1996],cloning[Hybinette
andFujimoto1997]andupdateablasimulationgFerencietal. 2002] arethreerelatedtech-
nigues previously describedn detailin Section2, which eliminateidenticalcomputations
in multiple runsof the simulator Thesetechniqueslo not exploit redundantomputations
within a singlerun of the simulator nor do they addresomputationghataresimilar but
notidentical.

Boukercheetal. [1999] proposea two-phasalesignfor PersonalCommunicationSys-
tem (PCS)network simulationusingSWIMNet. This designis complementaryo our use
of staging,sinceit is usedto facilitatevariouslookaheacdptimizationsin a parallelsimu-
lation engine ratherthanto eliminateredundantomputatioror optimizemultiple runsof
thesimulator

TheNixVector[Riley etal. 2000]approachimprovesrouting efficiency in the ns2 sim-
ulator by computingand cachingrouteson demandratherthan maintaininga complete
routingtable. This approactasnot beenappliedbetweermultiple runsof the simulator
nor doesit eliminateredundantomputationsvheninputsvary slightly betweensimula-
tions.

Neighborhoodomputatiorin wirelessnetworksresembleshecolliding pucksproblem,
which is well-studiedin the literature[Hontalaset al. 1989; Lubachesky 1990]. Many
differentapproachesiave beenproposedsomeof which usesectoringor grid-basedap-
proachesbut noneinvestigatethe eliminationof redundantomputatiorthroughcaching
andreuse.

Variousresearctefforts areundervay to improve the scaleandperformancef discrete-
eventsimulatorsthroughdistributed simulation. Theseefforts improve simulationperfor
manceand speedby parallelizingthe simulationtask and carryingit out in parallelon
a cluster(for example[Fujimoto 1990; Boukercheet al. 1999; Liu andNicol 2001; Liu
etal. 2001; Lilienstamet al. 2001]), sometimedeveragingspecializedanguageeatures
to reasoraboutthe behaior of simulatednodes(for example[Zengetal. 1998]). Overall,
theseapproacheto high performancesimulationarecomplementaryo ours,sincestaged
simulationcan be applied equally well in distributed simulatorsto eliminate redundant
operationswithin a singlephysicalnode.

Interestingly certainkinds of redundantomputationdave beenusedin optimisticsim-
ulators(e.g. [Jefferson1985]) to improve simulationscalability Specifically optimistic
simulationenablesconcurrentnodesto adwvancesimulationtime independentlyand may
abandorandrecomputepartsof the simulationstateuponreceving a paclketwhosetimes-
tampis behindthe virtual time of a given node. Stagedsimulationdoesnot addresghis
kind of redundang, aseliminatingthis type of redundantomputationwould cancelthe
benefitsof optimistic simulation.

Sometechniques suchas model abstractionand approximation[Huang et al. 1998;
Gaddeet al. 2001], have beenusedto reducesimulationrun time by tradingoff accurag
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for speed.Our approachdiffers from modelabstractionn that stagedsimulationresults
areequialentto anexecutionof the unoptimizedsimulator andwe do not approximateor
alterthefinal resultof computationsn ary way.

Finally, we notethat staginghasbeenemplo/edin othersettings,mostnotablyin pro-
gramminglanguagegAcar et al. 2003] and iterative programming[Liu et al. 1996], to
achieve performanceWe sharewith theseapproachethefundamentainsightthatcaching
andreusingpreviously computedresultscanimprove performancedy eliminatingredun-
dantcomputations.

7. CONCLUSIONS

In this paperwe introducedaformalmodelof operatiorfor discrete-gentsimulatorspoth
to characteriz@previouswork on simulatoroptimizationsandto derive a precisenotion of
simulationequialengy. We thenusedthe modelto develop a generaltechnique staged
simulation,for improving the speedandscaleof discreteeventsimulators.

The centralideabehindstagingis to eliminateredundantr partially redundantompu-
tationstypically encounteredéh simulations.Stagingrelieson cachingandreusingpartial
resultsto eliminateredundang. We introducethreedifferenttechniquescalledcurrying,
incrementalcomputationand auxiliary results,to enablecachingand reuseby exposing
andisolatingredundantomputationswithin a singlerun aswell asacrossmultiple runs
of adiscrete-gentsimulator In additionto eliminatingredundantomputationadditional
performance&anbegainedin a stagedsimulatorthroughtheuseof time-shiftingoptimiza-
tionsto alterthetime atwhich computationsreperformed.Stagingis ageneratechnique,
retainstheoriginal accurag of anunoptimizedsimulatorandis applicableto awide range
of simulatorsjncluding parallelanddistributedsimulationengines.

Finally, ourimplementatiorof stagingin thewidely usedns2 simulatorshavs thatstag-
ing is an effective techniquefor reducingsimulationrun time andimproving scalability
We implementthreetypesof intra-simulationstagingin ns2 and enablefunction reuse
betweenmultiple simulations. Overall, our modificationsto the standarchs2 simulation
improve the total runtime of the simulatorfrom O(N?) to O(N). For a specificdatapoint
involving 1500nodespur final stagedsimulatoris over afactorof 50 fasterthanthe stock,
unoptimizedns2. Intra-simulationstagingaccountdor afactorof 5 to 30 speedupwhile
inter-simulationstagingachiezesa factorof 30 speedupacrossa rangeof network param-
eters. Stagingcorrespondinglymproves simulatorscalabilityfrom quadraticto linearin
the size of the network and enablesthe simulationof networks of tensof thousandof
nodes Wefind thatthesetechniquegrerobustin the choiceof parametersandthe param-
etersappearasyto estimateautomaticallyasa function of othersimulationvariablesand
obsenedruntimebehaior.
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