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1. INTRODUCTION

Network simulationsarecritical for thedesignandevaluationof distributedsystemsand
networking protocols.Especiallyin newly emerging domainssuchasmobileadhocand
sensornetworks, simulationsarecrucial to evaluatingnew systemsandprotocolsacross
a rangeof deploymentscenarios.While thoroughevaluationsrequireaccurate,efficient
andscalablenetwork simulators,achieving all threeof thesepropertiessimultaneouslyis
achallengingtask.Weassertthatasignificantsourceof inefficiency in discreteeventsim-
ulatorsstemsfrom redundantcomputation,and that this wastedcomputationpresentsa
significantlimit to simulationspeedandscale.We identify two differentclassesof redun-
dancy in traditionaldiscrete-eventnetwork simulators.

The first classof redundantcomputationoccurswithin a single run of the simulator,
and stemsfrom an overly strict notion of accuracy. Traditional network simulatorsare
conservative, that is, they reevaluatecomplex functionswhenever their resultsmay have
changed,eventhoughin reality theresultsmayhave changedvery little, if at all, sincethe
last time they wereevaluated.An illustrative exampleis thecomputationof a node’s one
hop neighbor-set in wirelessnetwork simulations. This is an expensive and frequently-
usedprimitive in wirelesssimulations. It computesthe positionsof all nodesrelative to
thesendingnode,calculatesthepower level of thesignalat eachreceiver, anddetermines
the set of nodesthat can capturetransmittedpackets. In the most generalcase,nodes
may changeposition, alter sendingand receiving power thresholds,or modify antenna
modelsor parametersat any time. A conservative wirelessnetwork simulatorwhich has
computedtheneighborsof a wirelessnodeat time t will still recomputetheneighbor-set
from scratchat time stept n ε. In reality, however, few wirelesssimulationscenarioswill
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2 K. Walsh and E. G. Sirer

changedramaticallyover shorttime-scales.Nodesmove smoothlyandrelatively slowly,
if at all. Othervariables,suchasantennamodel, receptionthreshold,and transmission
power changeinfrequently. In general,the neighbor-set computedat time t is likely to
remainvalid for sometime, changingslowly andgraduallyasnodesmove into or out of
range.Much of thetime spentre-computingneighbor-setsfrom scratchat eachtime step
is thereforeeffectively wasted.

A secondclassof redundantcomputationoccursbetweenmultiple runsof a simulator,
andstemsfrom performingcalculationswhich werealreadycomputedin previous runs.
Simulationsareoften performedin batchesof tensor hundredsof simulationruns,with
only slightly varyingsimulationparameterswithin eachbatch.While eachrun will differ
in someinputs,suchasthe randomnumberseed,network traffic pattern,or protocolpa-
rameters,oftenthereis still a significantoverlapbetweenthework performedin multiple
invocationsof the simulator. Executingeachsimulationindependentlyand without the
benefitof pastcomputationsleadsto redundantlycomputingmany identicalresults.

Thispaperdescribesstaged simulation, ageneraltechniqueto improve theperformance
andscalabilityof network simulatorsby exposing,identifying,andeliminatingredundant
computation.Therearethreepartsto effectively applyingstagingto a simulator;namely,
function caching and reuse to eliminateunnecessarycomputation,event-restructuring to
exposeredundantcomputations,andtime-shifting to enableefficienteventprocessing.

Function caching and reuse formsthefoundationof thestagingapproach.Without loss
of generality, eacheventin adiscrete-eventsimulatorcanbetreatedasasequenceof func-
tion invocations.A stagedsimulatorcachesarguments,resultsandside-effectsof function
invocations,andlateravoidsredundantcomputationsby reusingresultsandreapplyingside
effectswhenthesamefunction is invokedwith thesamearguments.This space-for-time
trade-off ensuresthateachexpensive functioninvocationis computedatmostonce.While
functioncachingandreuseis effective at eliminatingredundantcomputations,it is not di-
rectly suitablefor applicationin realisticwirelesssimulatorsbecauseit is overly sensitive
to changesin theargumentsto functioninvocations.In typicalwirelesssimulations,many
computationsdependon continuouslyvarying inputs,suchasthecurrentsimulatortime,
andany changein inputs,no matterhow small,precludesreuseof previousresults.Sim-
ilarly, real-valuedparametersmake it difficult to achieve effective cachehit rates.These
propertiesmake naive function cachingineffective for a large classof computationsin a
simulator.

Event-restructuring improveson functioncachingby modifying thelow-level eventsin
a discreteevent simulatorsuchthat their resultsarereusableeven whena changein in-
putswouldnormallyprecludereuse.Weintroducethreecomprehensive techniques,called
currying, incremental computation and auxiliary results, for decomposingthe eventsin
a discrete-event simulatorinto a seriesof eventswith an equivalenteffect. The equiva-
lent transformationsretainthesemanticsof theoriginal eventandpreserve accuracy. The
resultingsmallersubcomputations,whosedependenciesarebetterisolated,can thenbe
reusedmorefrequently, leadingto significantimprovementsin simulationspeedandscale.

Time-shifting takesadvantageof the small, fine-grainedeventscreatedthroughevent-
restructuringby reorderingthem into an equivalent, but more efficient, schedule. Re-
structured,fine-grainedeventshave fewer inputsandtendto be time-independent.Con-
sequently, restructuringprovidesthe simulatorwith freedomto judiciously pick whento
scheduletheseevents. Time-shifting can speedup simulationsthrougharchitecturalor
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Staged Simulation 3

algorithmic improvements. First, time-shiftingcansimply reorderthe eventsinto a se-
quencethat is bettersuitedto themachinearchitectureon which thesimulatoris running.
For instance,time-shiftingeventsto accessmemorysequentiallyinsteadof randomlycan
speedup executionby taking advantageof memorycachingandprefetching. And sec-
ond,time-shiftingandbatchingsimilaroperationscanenableaseriesof piecemeal,small,
consecutive eventsto be computedby a single, more efficient algorithm. For instance,
time-shiftingsufficiently many nodedistancecalculationsmay allow a long sequenceof
suchcomputationsto bereplacedwith anefficientall-pairsshortestpathsalgorithm.

Overall,stagingrelieson functioncachingandreuseto eliminateredundancies,restruc-
turing to breakevents into smallercomputationsthat can be reusedreadily, and time-
shifting to pick an efficient schedulefor function evaluation. In general,stagingcanbe
appliedto a singlesimulationrun,which we term intra-simulation staging, or acrossa set
of similar simulationruns,whichwe terminter-simulation staging.

While stagingis ageneraltechniquethatcanbeappliedto any discrete-eventsimulator,
in this paper, we focusexclusively on how stagingcanbeusedto improve thespeedand
scaleof wirelessnetwork simulations.We pick wirelessnetwork simulationasour target
domainbecauseit posesa worst-casescenario.Sincenetwork characteristicscananddo
changedynamically, simulationstatemustberecomputedfrequently. Asnodesmoveabout
a simulatedfield, the network-level topologymay changerapidly. Link characteristics,
routing information,andnetwork topologiesmustbe maintainedandrecomputedduring
thesimulation,andmobilenodesmustcontinuallyupdatetheirpositionsin ordertoprovide
accurateinformationto thepacket propagationsubsystem.In addition,complex physical
modelsmakewirelesssimulationexpensive. Dueto thebroadcastpropertiesof thewireless
medium,a simple packet sendoperationmay involve all nodesin the network. These
inherentcharacteristicsof thewirelessdomainrenderaccurate,fastandscalablewireless
network simulationdifficult, andmake isolatingredundantcomputationsachallenge.

Weappliedstagingto ns2 [TheVINT Project.1995],awell-establishedsimulatorwhose
designis typicalof traditionaldiscreteeventnetwork simulators.Ns2is of vital interestto
the wirelessnetworking communitybecauseit includessupportfor a wide rangeof pro-
tocolsandapplications,many of whichhavebeenextensively validatedagainstreal-world
implementations.Our applicationof stagedsimulationin the ns2 simulatorconfirmsthe
benefitsof staging.As a naturalconsequenceof eliminatingredundantcomputation,stag-
ing in ns2 reducedoverall runtimescalingfrom O o N2 p in thesizeof thesimulatedwireless
network to O o N p andimprovedrun time by anorderof magnitudeover thestandardns2
implementation.Our applicationsof stagingimpactonly the internalsof the simulation
engine,maintainstrict compatibility with existing simulationscriptsandextensions,and
preserve the full accuracy of the original computation.Sincestagingis complementary
to otheralgorithmictechniquesfor improving thespeedandscaleof discreteeventsimu-
lators,we expectit to yield similar benefitswhencombinedwith parallelanddistributed
simulationtechniques.

Overall, this papermakes threecontributions. First, it describesa generaltechnique
calledstaging,basedonfunctioncachingandreuse,for improving discreteeventsimulator
performanceandscalewithout degradingaccuracy. It shows how this techniquecanbe
systematicallyappliedto a widely used,traditional wirelessnetwork simulator, ns2, to
eliminatecertainredundantcomputationsboth within a singlesimulatorrun andacross
multiple invocationsof the simulator. Second,it providesa formal model for reasoning
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4 K. Walsh and E. G. Sirer

abouttheexecutionof discrete-eventsimulators,usesthismodelto deriveaprecisenotion
of simulationequivalence thatis usefulfor expressingoptimizations,andformally defines
stagingusingthemodel.It alsoillustrateshow previouswork oneliminatingredundancy in
simulationscanbeunifiedinto thismodel,andhow pastwork differsfrom staging.Finally,
it shows thatstagingcansignificantlyimprove executiontime of network simulatorsand
makefeasibletheaccuratesimulationof wirelessnetworkswith tensof thousandsof nodes.

Therestof thispaperis structuredasfollows. Thenext sectionprovidesa formalmodel
of theoperationof a discrete-eventsimulatorandprovidesbackgroundon previouswork
on reusingpastcomputationin simulators. Section3 definesstagingby showing how
function cachingandreusecaneliminateredundantcomputation,how restructuringcan
exposeredundantcomputation,and how time-shifting can be appliedto a restructured
simulator. Section4 shows how intra- andinter-simulationstagingcanbe appliedto the
coreof a wirelessnetwork simulator. Section5 evaluatestheperformanceandscalability
benefitsof stagingin the context of a ubiquitousandmaturenetwork simulationengine.
Section6 presentsrelatedwork, andSection7 summarizesourcontributions.

2. MODEL AND BACKGROUND

2.1 Formal Simulator Model

We formalizea discreteeventsimulator, without lossof generality, asa stylizedstatema-
chine. The simulatorstartsin a stateσ0, and progressesthrougha sequenceof states
σ1 . . . σn. For eachstateσi, the simulatoralso maintainsa set of pendingevents, Ei.
In orderto computethenext stateσiq 1, thesimulatorchoosesfrom Ei theearliestevent,
whichwedenoteei. Thesimulatortransitionsfrom stateσi to σiq 1 accordingto thecurrent
eventei, which maymodify thestateandalsoscheduleor cancellaterevents.An eventei

may correspondto a simulation-level event, suchasa scheduledpacket transmissionor
protocoltimer, but it canalsobeusedto representlower level eventsof thesimulator, such
asthesequenceof individual functioncallsor machine-level instructions.Weintentionally
leave the granularityof theseeventsunspecified,sinceour techniquesapply to any level
for which a cachelookup is fasterthanreprocessinganevent,andusethesamenotation
throughoutthepaperto describeeventsatmultiple levelsof abstraction.

Formally, wecanexpressaneventei asa functionr
∆ s Σ t5u ei o πei o σi

pvpWw
which takesits input from thecurrentstateσi, andreturnsan incrementalstatechange∆
anda setof new or canceledeventsΣ. While themodelis describedin a functionalstyle,
it capturessimulationswritten in procedurallanguagesby mappinghiddendependencies
to inputs,andsideeffectsto theincrementalstatechange∆ returnedby thefunction.Note
alsothat theeventei doesnot operateon thefull simulatorstate,but ratheron a subsetof
thestateselectedby a projectionfunctionπei . After computing∆ andΣ by executingthe
next pendingeventei, thesimulatorupdatesthestateaccordingto ∆ andthependingevent
setaccordingto Σ. Formally, wewriter

σiq 1 s Eiq 1 t5u r
σi x ∆ s�o Ei y ei

p{z Σ t
wheretheoperatorx appliestheincrementalstatechange∆ to thecurrentstate.Weview σi

and∆ eachasbindingof variablenamesto values,anddefineoperatorx to updateexisting
bindingsin σi with new valuesfrom ∆, andintroducenew bindingsfrom ∆ for variables
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Staged Simulation 5

that do not yet exist in σi. Similarly, Σ containsa setΣc of eventsto be canceledanda
setΣs of new eventsto bescheduled.Operatorz simply computeso Ei y}| ei ~fy Σc

pg� Σs,
thenew setof pendingevents.

This framework provides us with the foundationto formally characterizesimulation
optimizationsandreasonabouttheir correctness.We want to ensurethat theresultsof an
optimizedsimulatorarecorrect,thatis, they correspondexactlyto theoutputfrom theorig-
inal, unoptimizedsimulator. Below, we formalizethis notion of simulationequivalence,
which ensuresthat themodifiedsimulatorfaithfully representstheoriginal simulator, and
thatall useful,operator-visiblestatewill beunchanged.

If πU selectsthesetof operator-visibledatafrom astateσ, thenwesaythatasequenceof
simulatorstates

r
σ0 s E0 t;s w'w"w s r σn s En t isequivalenttoanothersequence

r
σ0 s E0 t;s w'w"w s r σm s Em t

if andonly if � i s πU o σi
p u πU o σi

p . Here,i u ψ o i p is amappingfrom thestepsof onesimu-
lation to thoseof theother. This mappingis necessarysinceanoptimizedimplementation
mayusemoreor fewer stepsto computea resultascomparedto theunoptimizedversion.
Informally, an operatorinspectingsomesubsetU of the simulatorstatewill observe the
samedataandchangesto thedataover time,regardlessof whichof two equivalentsimula-
torsis beingused.Notethat,by design,this definitionof simulationequivalencedoesnot
placeany restrictionson theeventsetsE.

With this formal notation,we are readyto describeprevious work, definean initial
approachto reuse,andprovideacompletedescriptionof stagingtechniques.

2.2 Prefix-based Approaches

Amongtechniquesusedto improve discreteeventsimulatorperformanceor scalearesev-
eral that attemptto eliminateredundantcomputationeither within or acrosssimulation
runs. We discussthreeillustrative examples,andshow how they canbe characterizedin
oursimulatormodel.

Previouswork hassuggestedatechniquecalledsplitting [Glassermanetal. 1996],based
on commonprefixesamongmultiple runsof thesimulator. Thetechniqueis basedon the
observation that if two runshave identical initial state,andthe simulatorcandetermine
thatthefirst k eventsof bothrunswill beidentical,thenthesecondsimulationcanbegin in
stateσk savedfrom thefirst run. In practice,a first run savesselectedcheckpoints

r
σi s Ei t

ondisk,for selectedvaluesof i. A secondsimulationcanbestartedfrom any of thesesaved
checkpoints,with new eventsaddedor removedfrom thependingeventsetEi. Formally,
wecandescribethis secondrunasanew simulation,beginningin aconfigurationr

σ0 s E0 t5u r
σk s Ek

z Σ t
wheretheoperatorselectsthevalueof k andspecifiessomechangeΣ to thependingevent
set. It is never necessaryfor theoperatorto modify thestateσk, sincesucha changecan
alwaysbewrappedin aneventandplacedat theheadof the list of pendingevents. This
splitting techniqueusesa very restrictednotionof stateequivalenceandthereforecannot
beappliedbeyondtheearliestpointatwhich two simulationrunsdivergein state.

Cloning [HybinetteandFujimoto1997]takesadvantageof amoregeneralform of state
equivalence. With this technique,two runsof a simulatorcansharecomputationfor an
eventei so long astherelevant inputstaken from the two simulatorstatescanbeassured
to be identical. Clearly, if πei o σi

p u πei o σ�i p , ∆ei andΣei canbe reusedfrom the earlier
run. But ratherthancomparingthe inputsπei o σi

p andπei o σ�i p directly, cloning relieson
partitioningthesimulationstateinto separatecomponentscalledvirtual logical processes.

ACM TransactionsonModelingandComputerSimulation,Vol. V, No. N, December2003.



6 K. Walsh and E. G. Sirer

A logical processis a functionφ over thestateσi. In cloning,φ o σi
p u φ o σ�i p implies that

resultscanbe reusedfor certainevents. Here,two computationsshareresultsso long as
the virtual logical processesthey computeon remainidentical. This essentiallyextends
the commonprefix techniqueusedin splitting to commonprefixesof logical processes,
or partial state. Both cloning andsplitting typically dealwith eventsonly at the level of
simulationevents,suchaspacket transmissionsandreceptions.

The updateable simulation [Ferenciet al. 2002] techniquereusesstatefrom previous
runsof the simulatorto implementmoreefficient, incrementalcomputationin the sim-
ulators. The intuition behindupdateablesimulationis that if the entirestateof the first
simulationrun is known, thensubsequent,similar runsmight gain performancebenefits
by incrementallyupdatingthe old stateto matchany new simulationparameters,rather
thanrecomputingthe new statefrom scratch. An initial run of the simulatorcachesthe
∆ andΣ tuplesfrom eachevent takenby thesimulator. Subsequentrunscanreusestored
resultsfrom previous runsif protocol-specificknowledgedictatesthat the resultsmaybe
reusedin the currentrun. For instance,specificknowledgeof the packet queuingpolicy
may allow subsequentsimulatorrunsto detectwhena packet droppedin a previous run
will alsobedroppedin thecurrentsimulationrun. In suchcases,thesimulatorcanre-use
theincrementalstatechange∆ computedin thepreviousrun. Thisapproachreliesheavily
onprotocol-specificknowledgeandpredictionof valuesthathave not yetbeencomputed.

3. STAGED SIMULATION

We introducestagingin our formal modelby first generalizingthenotionof stateequiv-
alence,andusingtheseideasto show how functioncachingandreusecanbeusedin the
simulator. We thendevelop stagingby formally definingthreerestructuringtechniques,
which areusedto exposeredundancy in the simulator, anda classof time-shiftingopti-
mizations,which takeadvantageof bothrestructuringandfunctioncaching.

3.1 Function Caching

We cangeneralizethenotionof stateequivalenceseenin previouswork by examiningthe
formal modelof a discreteeventsimulator. Accordingto themodel,thefollowing condi-
tions arenecessaryandsufficient to ensurethat two computationswill result in identical
modifications

r
∆ s Σ t to thecurrentstateandpendingeventset:

(1) ei u e j

(2) πei o σi
p u πe j o σ j

p .
That is, if two eventsandtheir inputsareidentical,thenthe resultsof oneevent may be
usedin placeof theother. This definitionof equivalencecaneliminatemorecomputation
than prefix-basedapproaches.At the sametime, it avoids the useof protocol-specific
knowledgeby giving preciseconditionsfor whencomputationreuseis possible.

Thesimplestway to implementthis approachto eliminatingredundantcomputationis
functioncaching.During a simulationrun, thesimulatorcachesthe result

r
∆ s Σ t of each

eventin anevent cache, a tableof resultsindexedby theinputsto thecomputation.Before
executingan event on new inputs, the event cacheis checked to seeif the result for the
new inputs hasalreadybeencomputedand, if so, the cachedresult is usedin placeof
the computation. This techniquecan be extendedto spanmultiple simulationruns by
maintainingtheeventcacheondisk.
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Staged Simulation 7

By itself, this approachhasseriouslimitations in the context of network simulation.
First, to avoid excessive overhead,only thoseresultsthat arelikely to be reusedandare
expensive to computeshouldbesaved. Worse,almostall simulationstateis dependenton
theclockvaluet, whichtypically changesbetweennetwork events.Consequently, it is rare
for two computationsto have identicalinputs,even betweentwo simulationruns. While
function-cachingaspresentedhereis strictly morepowerful thanprefix-basedapproaches,
its limitationsmustbeaddressedif it is to bewidely applicable.

3.2 Event Restructuring

Stagedsimulationimproveson functioncachingby enablingoptimizationevenwhenin-
putsarenot identicalacrosscomputations.To enablethis, we rely on a numberof tech-
niquesfor exposingredundantcomputationthroughcoderestructuring.Using the simu-
lator model,we first look at wherecomputationreusemaybepossibleandhow it canbe
exposed.In thesubsequentsectionswegiveseveralconcreteexamplesof thesetechniques,
andanevaluationof their applicationin apopularnetwork simulator.

In order to examineour approachat a high level, let us look closerat an individual
simulatorevent. An individual event ei takesseveral argumentsasinput, sayx, y, andz.
Functioncachingis applicableto two computationsr

∆ s Σ t�u ei o πei o σi
pvp u ei o x s ys z pr

∆� s Σ� t�u e j o πe j o σ j
p�p u e j o x� s y� s z� p

if and only if ei u e j, x u x� , y u y� , and z u z� . A parametermismatchbetweentwo
invocations,sayz �u z� , prohibitstheresultsof previousinvocationsfrom beingreused.

The first techniqueusedby stagedsimulationto copewith this problemis basedon
currying, which decomposesthe event ei into two events, say e1

i and e2
i . Conceptu-

ally, have smallerfunctionsthat canbe composedto form the original resultei o x s ys z p u
e2

i o e1
i o x s y p s z p . r

∆1 s Σ1
� | e2

i ~ t�u e1
i o x s y pr

∆ s Σ t�u e2
i o c s z p

Thefirst half of thecomputation,e1
i , returnsan incrementalstateupdatewith thehidden

partial resultc, andalsoschedulesthe secondhalf of the computation,e2
i . The second

half of thecomputationthenretrievesthesavedpartial resultc, finishesthecomputation,
andreturnsthefinal value. Here,we canapply functioncachingdirectly to thee1

i ande1
j

computations,sincethey have identicalinputsx u x� andy u y� . Thesecondpieceof the
computationneednot be performedimmediatelyfollowing the first, but may be spaced
arbitrarily far apartin the sequenceof simulatorevents. This techniquecanbe applied
repeatedlyto decomposeanexpensive computationinto a treeof cacheablesubcomputa-
tions.

A secondtechniqueis incremental computation, which restructureseventsto reusethe
resultsof previous,nearbycomputations.For example,wirelesssimulatorstypically need
to maintaina graphof network connectivity. Eachtime a nodemoves,this graphmustbe
refreshed,but it is often muchmoreefficient to incrementallyupdatethe previous result
thancomputea new result. This techniqueoften relieson the continuity of resultswith
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8 K. Walsh and E. G. Sirer

respectto someinput,whichensuresthatsmallchangesin theinputwill leadto only small
changesin theresult.In ourmodel,incrementalcomputationreplacesaneventr

∆ s Σ t�u ei o x s ys z p
with anequivalentcomputation r

∆ s Σ t5u e�i o x s ys z s ∆� p
where∆� is theresultfrom somepreviousexecutionof ei.

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

∆ s Σ t5u e�i o x s ys z s ∆� p
where∆ containsnot only the result∆ neededfrom the computation,but alsoauxiliary
informationor partialresultsthatmaybeusefulto latercomputations.Thelatercomputa-
tionscanthentake thisdata,andmoreefficiently computenew results.

Oneinstanceof auxiliary resultsthat we have found particularlyuseful is to compute
andsave upperandlower bounds,thenlater refinetheseboundsinto a preciseresult. For
example,in many wirelessnetworksnodesmove with someknown maximumspeed.We
cantake advantageof this informationto reducetheamountof work thesimulatorhasto
performat run time. While computingthesetof nodeswithin rangeof a sender, we can
alsomarkcertainnodesthataresufficiently closeto thesendersuchthatthey cannottravel
beyondhis transmissionradiusevenat maximumspeed.Later, thesamesendercanavoid
computingdistancesto thepreviouslymarkednodes,sincethesenodescannothavemoved
outof range.Thisexampleillustratesthatauxiliary resultscanbeusedto eliminateredun-
dantcomputationseven whenthe inputsto the computationarenot identical. Formally,
thisexampleinvolvestransforminganeventr

∆ s Σ t�u ei o x s ys z p
into two events r

∆1 s Σ1 t � r ∆2 s Σ2 t�u e1
i o x s ys z pY� e2

i o x s ys z p
wheretheresults

r
∆1 s Σ1 t of e1

i areknown to bestablesolongastheparametersx, y, andz,
staywithin somepredeterminedlimits. The simulatorcanthenbe modifiedto cachethe
resultsof e1

i , aswith thecurryingmethod.Later invocationscanreuseresultsso long as
theparametersfall within thelimits setoneachof theparameters.

3.3 Time-shifting

Therestructuringtechniquesdescribedabovehave theeffectof breakinglarge,monolithic
computationswith many inputs,into smaller, fine-grainedcomputationswith fewer inputs.
In addition,theresultingeventswill tendto have morelimited dependencieson simulator
state.Thesepropertiesprovidetheopportunityto applytime-shiftingoptimizations.Recall
thatthemappingfunctionψ allows thesimulationsomeflexibility in re-orderingfunction
evaluation,solong asthereorderingdoesnot affect theoperator-visible stateof thesimu-
lation. Wecanusethisflexibility by computingtheresultsof many eventssimultaneously,
ratherthanindividually andspreadoutovertime. Formally, wereordereventsthatproduce
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internalresultsunderamappingψ, perhapsgroupingsimilar computationstogetherin the
sequenceof computations.For example,if eventsa andb have alreadybeendecomposed
by currying,thesimulatormightexecutethesequenceof events

w"w'w a1a2 w"w'w b1b2 w'w"w
duringthesimulation.Precomputationcantransformthis to

w"w'w a1b1a2 w"w'w b2 w'w"w
if theinputsto b1 areunchangedby thereordering.

Reorderingeventsthroughtime-shiftingcan improve efficiency in two distinct ways.
First, we canusetime-shifting to gain architecturalbenefits. By controlling the time at
whichcomputationsareperformed,weindirectlycontrolaccessesto diskor memory. This
enablesstagingto spreadout loadto thedisk, reduceworking setsizes,or improve mem-
ory cacheperformance.For instance,thememoryfootprint of a simulatorexhibits greater
locality whenall eventsfor onenodeareprocessedin batches,sincethesecomputations
will typically all operateon thesameper-nodedatastructures.Second,we cangain per-
formancethroughimproved algorithms. Specifically, the separatecomputationof events
a1 andb1 might combinedinto a single,moreefficient eventthatcomputestheresultsfor
both computationssimultaneously. For instance,if eachnodecomputesa shortest-path
treein thenetwork, theseindividual computationsmight beshiftedto a singlepoint in the
simulation. At this point, a singlemoreefficient all-pairsshortest-pathcomputationcan
replacetheindividual computations.

4. APPLICATIONS OF STAGING

In this section,we describehow we canapplystagingin thecontext of wirelessnetwork
simulatorsto improve their performanceandscale.In particular, we have appliedstaging
to ns2, a commonlyusedandwell-understoodsimulatortypical of thecurrentstateof the
art in wirelessnetwork simulation. In ns2 thewirelessphysical layerandmobility mod-
elsarethe largestconsumersof processingtime in commonsimulationscenarios.These
computationsposethemostsignificantbottlenecksto efficiency andscale.Consequently,
we focuson stagingcomputationsrelatedto nodemobility andthewirelessphysicallayer
throughoutthis section.

Undertypical wirelessmobility andphysicalmodels,simulatorsmustperformnumer-
ouscalculationswhenapacket is transmittedin orderto ultimatelydeterminewhichnodes
will receive the packet. Thesecalculationsdependstronglyon the positionsof sending
andreceiving nodes,packet transmissionandreceptionsignalstrengththresholds,geogra-
phy, andradio andantennamodels.Consequently, in wirelesssimulation,neighborhood
calculationsarefundamental,frequentandexpensive.

Mobility computationsare an especiallychallengingdomain in which to implement
staging,becauseinputsaredynamicallyvarying andtime-dependent.Identical inputsto
high-level computationsarerarelyfoundwithin asinglerunof asimulator, or acrossmulti-
ple similar runs.In addition,themonolithicstructureof typical implementationsobscures
any redundantcomputationsperformedat runtime.

We incrementallydescribefour differentapplicationsof stagingto ns2, eachemploying
a different approachto eliminating redundantcomputation. The first is an exampleof
decomposinga computationvia curryingandreusingcommonintermediateresultsacross
events.Theseconddemonstratestheuseof upperandlower bounds,or auxiliary results,
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Fig. 1. Grid-basedneighborhoodcomputationdatastructurewith eitherfine or coarse-grainedgrid
granularity. The sourcenodeat centeris transmittingwith radiusshown. Examinedgrid bins are
shaded,andlinkedlists indicatedby arrows.

to enlargetheoverlapin computationacrossevents.Thethird optimizationillustratesthe
useof time-shiftingasastagingtechnique,andthefinal onedemonstratesinter-simulation
stagingby reusingresultsacrossmultiplesimilar runsof thesimulator. A surprisingresult
is that the final stagedsimulatorlooks nothinglike the initial simulatorimplementation,
andachievesadramatic,qualitative improvementin bothperformanceandscale.

4.1 Currying: Grid-based Neighborhood Computation

As an initial, elementaryapplicationof staging,we first restructuretheneighborhoodset
computationusinga well-known grid-basedapproach.This computationdeterminesthe
setof nodeswithin rangeof a transmittingnode,andhencethenodesthatmustreceive a
copy of eachpacket transmittedby thenode.This restructuringis intendedto exposethe
redundancy betweenandwithin calls to theneighborhoodcomputation.In our simulator
model,we have an event e taking asinputs � t � src � , wheret is the simulatorclock value
andsrc is thesourcenodewhich internallykeepstrackof its x andy coordinates.Several
otherparameters,suchasthegloballist of nodesandnodepositions,andothersimulation
parameters,arehiddenfor simplicity. The returnvalueof the event is a pair � dests � /0 � ,
representingthe setof destinationnodeswithin rangeof the sender, to be passedto the
packet transmissionroutine,andanemptysetindicatingthat this eventdoesnot schedule
or cancelany otherevents.

A first exampleof stagingcanbeseenin a well-known andstraightforwardgrid-based
neighborhoodcomputationapproach,wherewe reusepreviously computedtransmission
resultsfor nodesthatarecloseby in distancewithin a singlecomputation,andexposeand
reusepartialresultsbetweenpacket transmissions.Grid-basedneighborhoodcomputation
first divides the coordinatespaceinto a grid of buckets,with eachbucket holding a list
of nodespositionedwithin thecorrespondinggrid rectangle.Thegeographicpartitioning
andnodelists areshown in Figure4.1. This partial informationaboutnodepositionscan
thenbe usedto quickly determineif a groupof nodesfalls entirely outsidethe possible
transmissionrangeof a node,therebyeliminatingtheneedto performindividual calcula-
tions for eachnode.Nodesin theremainingbuckets,which mayor maynot be in range,
arechecked individually asbefore. All of the stateneededfor the grid is storedin the
simulatorstatevariableσ, but outsideof theoperator-visible portionπU � σ � .

Grid-basedneighborhoodcomputationcanbeclassifiedasstagingin two distinctways.
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Fig. 2. NeighborhoodCacheEntry Structurefor Nodeat Center, Showing TransmissionRadiusr,
∆r � 2smax∆t, andLinkedLists (Arrows) for Sets� r � ∆r and � r� ∆r

First, the computationis decomposedinto two parts,wherethe first updatesthe grid if
nodeshave moved, andthe secondusesthe updatedgrid to obtaina preciseresult. The
grid datastructureis sharedacrossall computations,andupdatedwhenever needed,ei-
ther lazily, just beforea packet transmission,or continuallyasnodesmove. The second
useof stagingoccurswithin a singlecomputation.By groupingnearbynodesinto grid
buckets,asingledistancecomputationor estimatecanbeusedin placeof many individual
computations.Thebenefitsof grid-basedcomputationstemfrom reducingthenumberof
nodesexaminedon eachpacket transmission,andfrom sharinggrid maintenanceacross
all packet transmissions.

4.2 Auxiliary Results: Neighborhood Caching

The grid-basedapproachprovidesa baseto which we cansuccessively apply additional
staging.Variationson thegrid approachallow moreadvancedapplicationsof stagingus-
ing auxiliary resultsto reduceredundancy in computationacrosspacket transmissions.
In commonsimulationscenarios,inter-packet spacingis very short in comparisonto the
speedat which nodesmove. Dependingon nodemobility andtraffic patterns,many hun-
dredsor thousandsof packetsmaybe transmittedfrom a singlenodebeforenodesmove
a significantdistance.That is, we shouldexpect the inputs to, andhencethe resultsof,
the grid-basedneighborhoodcomputationfor a nodeto be reusableacrossmany packet
transmissions.

Sincenodepositionswill varyslightly, weshouldnotexpecttheneighborhoodsetto be
identicalto thesetcomputedduringthepreviouspacket transmission.However, nodesthat
weresufficiently far from thesenderduring theprevious transmissionwill still beout of
rangeof thesender, andnodesthatweresufficiently closewill still bein range.Computing
thisadditionalinformationat thetimeof packet transmissionis efficient,andthisauxiliary
datacan later serve to quickly eliminatemany nodesfrom considerationin subsequent
transmissions.Theseconservative upper- andlower-boundson theneighborhoodsetwill
remainvalid for sometime after they arecomputed,dependingon the amountof node
mobility andthe tightnessof the bounds,so we canefficiently checkif the saved results
arereusable.We thereforerestructuretheneighborhoodsetcomputationto first compute
anboundson theresult,with a known expirationtime, thenrefinethis boundduringeach
packet transmissioninto anexactresult.After restructuring,a straightforwardapplication
of function cachingis usedto cacheandreusethe commonauxiliary results,the upper-
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andlower-bounds,acrossmany packet transmissions.
This restructuringexposesoneadditionalparameter, ∆t, to control the cachingpolicy.

This parameterfixesthedesiredepochdurationfor which theboundon theneighborhood
setwill bevalid. If smax is themaximumpossiblenodespeedin themovementscenario,
thenthemaximumchangein distancebetweentwo nodesin anepochis just∆r u 2smax∆t.
If two nodesarewithin distancer y ∆r at sometime, thenthey will remainwithin ranger
for ∆t secondsinto the future. Consequently, the precisepositionof nodesbeyond dis-
tancer n ∆r neednot be computedat all for ∆t secondsinto the future. Thus, neigh-
borhoodcachingfurther reducesthenumberof nodesthatneedto beexaminedon every
packet transmission,sinceonly nodesin theannulusaroundthesendercouldhavechanged
statussincethelastpacket transmission.

We maintaina cacheto capturethis upperboundon theneighborhoodsetof eachnode.
At mostonecacheentry is maintainedfor eachnodein the network. A cacheentry, il-
lustratedin Figure4.2, is composedof anexpirationtime andtwo sets,� r � ∆r and � r� ∆r,
containinglists of the nodeswithin a ball of radiusr y ∆r andthosein the annuluswith
radii r � ∆r. During packet transmission,the cachemanagercomputesthe setof nodes
within rangeof a givennodeby first looking for a valid cacheentry. Findinganentrythat
hasnot yet expired, it canimmediatelyconsiderall nodesin the list � r � ∆r to be within
range.Thesecondlist � r� ∆r is thenscanned,andeachnodefound to bewithin rangeis
appendedto thefinal result.At thesametime, it cancheaplybut conservatively updatethe
lists,moving somenodesfrom � r� ∆r to � r � ∆r andeliminatingothersfrom � r� ∆r entirely.
If, on theotherhand,no cacheentry is foundduringpacket transmission,thecacheman-
agerconsultstheunderlyinggrid andconstructsa cacheentrywith expiration∆t seconds
into thefuture.

In the above cachingscheme,thereis someadditionaloverheadduring cachemisses,
whencomputing� r� ∆r, sincea largerradiusis consideredthanpreviouslynecessary. This
overheadis controlleddirectly with the parameter∆t, which fixesthe longevity andthe
accuracy of cacheentries.In addition,thereis overheadassociatedwith scanningthe list
of nodesin � r� ∆r duringeachcachehit, but this is alsolimited by appropriatelychoosing
the∆t parameter. Wecharacterizetheseoverheadsexperimentallyin Section5.

In termsof thesimulatormodel,this typeof stagingeliminatesredundantcomputation
in only oneparticularcase. If the inputs to two neighborhoodcomputationsare

r
t s src t

and
r
t �Us src��t , neighborhoodcachingaddressesthe casewhent �[� t andsrc��u src. That

is, a cachedresultfrom a packet transmissionis reusedonly whentransmittingfrom the
samesourceat a nearbytime. The cachingpresentedhere is only appliedwhen both
computationsoccurwithin thesamesimulationrun.

4.3 Time-shifting: Perfect Caching

We canexpandthe overlap in computationby looking for other redundanciesthan that
addressedby neighborhoodcaching.If two neighborhoodcomputationshaveinputs

r
t s src t

and
r
t � s src� t , asbefore,we now explore thecasewhent u t � andsrc �u src� . That is, we

look for redundancy whentwo computationshavethesameclockparametert but differing
sourceparameters.

It is unlikely thattwo nodeswill transmitpacketsat identicaltimes.However, neighbor-
hoodcacheentriescanbeconstructedat any time andtake asinput thesameparametersr
t s src t . Thereis a largeoverlapin computationwhenconstructingmultiple cacheentries

independently. In the worst case,eachpair of nodeswill be consideredtwice, asthe re-
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ceiver of a packet doesnot take advantageof the distancecomputedby the sender. This
is especiallyacutein light of the rapid sequencesof packet exchangesbetweena pair of
nodes,which arecommonin wirelessMAC andnetwork protocols.We usetime-shifting
to addressthis redundancy by reorderingthecreationof cacheentries.

A stagedsimulationapproach,which we term perfect caching, eliminatesthis redun-
dancy by precomputingall cacheentriessimultaneously, therebyforcingtheconditionthat
t u t � . This approachmaintainsthe samedata-structuresasneighborhoodcaching. But,
ratherthancalculatingcacheentrieson-demand,it precomputesall cacheentriesat the
beginning of every ∆t epoch. All normalqueriesfor neighborhoodinformationarethen
guaranteedto besatisfiedfrom thecache.Therearetwo potentialadvantagesto batching
computationin this way. First, by groupingall accessesto the mobility data-structures,
thesimulatormight achieve highermemorylocality andimprovedworking setsizes.And
second,we canimplementa moreefficient algorithmthatsimultaneouslycomputesall of
thecacheentriestogether, ratherthanindividualcomputationsfor eachentry. Specifically,
thepositionsof all nodescanbeupdatedonly onceperepoch,just beforethesinglecom-
putation,andeachpair of nodesneedbe examinedat mostonceper epoch,ratherthan
twice.

Theoverheadof this techniqueis ascheduledeventduringeach∆t epoch.Also, perfect
cachingmayintroduceadditional,wastedcomputationif somenodesdo not sendpackets
duringanepoch,andthusdo not usetheir cacheentries.In a sparseor quietnetwork, per-
fectcachingmightconstructmoreentriesthanneededduringthesimulation.Thispotential
for wastedwork canbeaddressedby appropriatelychoosingthe∆t epochparameter.

Theunderlyinggrid is normallymaintainedduringeachepochasnodesmoveaboutthe
geography. At eachtimeanodemovesacrossagrid boundary, aneventmustbescheduled
to updatetheaffectedgrid cells. In many networksthismaintenancecanbeveryexpensive.
However, theperfectcachingapproachaccessestheunderlyinggrid only onceperepoch,
openingthepossibilitythatthegrid mightbere-createdfrom scratchonceperepoch,rather
thanmaintainedandupdatedfrom oneepochto thenext. Stagingintroducesa new trade-
off in choiceof maintenanceversusre-creation.This trade-off dependson thesizeof the
network, which impactsthe costof grid re-creation,andthe amountof mobility, which
impactsthe costof maintenance.We explore both thesealternativesfor typical network
scenariosin Section5.

4.4 Inter-simulation Reuse: On-disk Caching

A final inter-simulationstagingapplicationimprovesonperfectcachinganddemonstrates
how stagingcanbeappliedacrossmultiple similar runsof thesimulator. Inter-simulation
stagingexpandsthescopeof cachingandreuseto spanmultiple runsof thesimulatorby
usingthedisk asa persistentcache.In thefirst run of thesimulator, cacheentriesaregen-
eratedandexpire exactly asin intra-simulationstaging.As cacheentriesexpire,however,
they arewritten to disk for usein latersimulatorruns.Disk accesscanbedoneefficiently
in the backgroundby introducinga moving window anda worker thread. The moving
window coverscacheentriesthathave expired,but have not yet beenwritten to disk. The
worker thread,operatingentirely in thebackground,canspooltheseentriesto disk, then
expungethemfrom the cache. Subsequentrunsof the simulatorperforma complimen-
taryprocedure.Here,theworker threadprefetchescacheentriesin thebackground,saving
theminto a sliding window just aheadof thesimulationclock. Thesimulatorcanthenuse
thesecacheentriesdirectly until they expire andare immediatelyexpunged. Again, all
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diskaccessesareperformedin thebackground.
We apply inter-simulationstagingto theperfectcachingschemedescribedabove. This

takesadvantageof commonsimulatorusage,wherea batchof simulatorrunsoftenshare
asinglemobility scenario.In thiscase,perfectcachingwill performidenticalwork during
eachsimulationrun, sincecacheentriesare computedat pre-chosentimes independent
of thenetwork loador othersimulatorparameters.Thefirst run of thesimulatorsavesall
neighborhoodcacheentriesto disk,andthesecondandsubsequentrunsavoid recomputing
theseentriesby readingtheresultsdirectly from disk.

The amountof computationsaved in this manneris potentiallysignificant. The intra-
simulationexamplesabove,while reducingtheamountof computationduringpackettrans-
mission,alsoaddsomeadditionalwork to maintainor re-createthe grid for useduring
cachemisses. In particular, many grid-crossingeventsmight be scheduledin the event
queue,leadingto morework in the event scheduleranddispatcher. This applicationof
inter-simulationstagingbuilds on the intra-simulationstagingtechniquesby reducingthe
numberof scheduledeventsgeneratedby the grid managerandthe costof constructing
neighborhoodcacheentriesin theperfectcachingscheme.Surprisingly, in thesecondand
subsequentrunsof thesimulatorwe caneliminatetheunderlyinggrid entirely, aswell as
all the work for constructingcacheentries,sinceall requestswill be satisfiedby cache
entriesreadfrom disk.

Oncean on-diskcachehasbeenconstructed,subsequentrunsof the simulatordo not
maintaina grid, do not needto trackchangesto nodepositions,andrequireno scheduler
events.Eliminatingthisoverheadfrom simulationscanleadto significantspeedups.

5. EVALUATION

We have implementedeachof the optimizationsdescribedin the previous sectionin the
ns2 simulator. Overall, we find that even the simplestapplicationof stagingreducesthe
run time of thesimulatorsignificantly, andallows for practicalsimulationof muchlarger
network sizesthanpreviously feasible.We show that theadditionalapplicationsof intra-
simulationstagingimprove the robustnessof the results. In particular, the initial, grid-
basedstagingis verysensitiveto thechoiceof granularity, while theadditionalapplications
of stagingeliminatethis sensitivity andwork well evenwith a poorchoiceof parameters.
Theapplicationof inter-simulationstagingimprovesspeedandscaleyet further. With the
final stagedimplementation,we regularly simulatenetworks of over 1000 nodesin the
time it previously took to simulatenetworksof only 200nodes.

In addition to evaluatingthe performanceandscalabilitybenefitsof staging,we also
characterizetheeffect of eachparameterwe have introduced.We show that it is possible
to easilyor automaticallyfind near-optimal choicesfor theseparametersand,at thevery
least,avoid parameterchoicesthatwould leadto run timebehavior worsethanthedefault,
non-stagedimplementation.

5.1 Evaluation Platform and Environment

We take asour baselinethe ns2 version2.1b9asimulator. Most simulationswerecom-
pletedon a single-processormachineequippedwith 1.7GHz Pentium4 processorand
256MB of physical memory. Physical memoryis an importantconstraintin ns2; more
generousmachinescansimulateproportionallylargernetworksbeforebecomingmemory-
limited. Wediscussthememoryrequirementsof stagingin detail in Section5.5.

Beforeimplementingourstagingtechniques,wemadeafew non-standardmodifications
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TableI. DefaultSimulationParametersfor Experiments
Network load

Model CMU constant-bitrate
concurrentdatastreams 30
Packet size& rate 512bytes � 8 packets/s

Nodemobility
Model CMU random-waypoint
Maximumnodespeed 5 m/s
Pausetime 10s
Fielddensity � 30nodes/ km2

Simulation
Routingprotocol AODV
MAC layer 802.11(CMU)
Transmissionandinterferenceradius 551meters
Simulationtime 400s

to improve thebaselinens2 code.First,we disabledall unusedpacket headersto improve
memorylocality. Second,we implementedmorememory-efficient packet tracing. Third,
we implementeda moresophisticatedcalendar-queueevent schedulerin orderto reduce
the sensitivity of the simulatorto minor changesin the event distribution and to better
optimizeseveralcommon-casescenarios.And finally, we enabledstandardcompile-time
optimizationsthroughoutthe simulatorand runtime libraries. Thesechangesimproved
the run time of the baselinesimulatorby approximately85% andsubstantiallyreduced
its memoryrequirements.Thusour resultsfor stagingarecomparedto an aggressively
optimizedbaselineimplementationrepresentative of thecurrentstateof theart in wireless
network simulation.

Oursimulationsetupcloselyresemblesthatof [Brochetal. 1998],anexemplarof com-
monscenariosusedin wirelessnetworking simulation. While we usethestandardCMU
Monarchmobility extensions,thecommunicationmodelgeneratorsfrom thestandardns2
distribution, andthe AODV ad hoc routing protocol implementation,our resultsarenot
specificto thesechoicesof application,mobility model,or communicationpattern.These
systemparameters,summarizedin TableI, closelyfollow the standardvaluesusedin ad
hoc networking literature. Note that we usea noderadiusof 551 meters,ratherthanthe
nominalpacket receptionrangeof 250meters,to properlyaccountfor any possibleinter-
ferenceeffects.

Weevaluatesimulatorperformancewith severallevelsof staging,correspondingto each
successive applicationof stagingdescribedearlier. The different levels are detailedin
Table II. Note that we evaluateperfectcachingusing both the grid maintenance(L3a)
andgrid re-creation(L3b) strategies,andthat inter-simulationL4a stagingis basedon the
L3a grid maintenancestrategy. We generatefive randomnetwork scenariosfor various
network sizes,andevaluateeachsimulatorimplementationon all five networks. Except
wherenoted,eachdatapoint representstheaverageexecutiontime of thesimulatorin all
five scenarios.Thestandarddeviation in relative executiontime of thesimulatorson any
givennetwork is small,lessthan0.2%in all cases.

5.2 Simulator Performance

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

L0 Ns2baseline
Intra-simulationstaging

L1 L0 + Grid-based
L2 L1 + NeighborhoodCaching
L3a L2 + Perfectcaching(grid maintenance)
L3b L2 + Perfectcaching(grid re-creation)

Inter-simulationstaging
L4a L3a + On-diskcaching(generation)
L4b L0 + On-diskcaching(use)
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Fig. 3. Speedupin ExecutionTimewith IncreasingStagingRelative to BaselineNs2Implementation
usinga1500NodeNetwork

performanceserver-classmachine,andonly performedfor a singlenetwork scenario.In
thisexperiment,wefix gridgranularityat250metersand∆t at2seconds,andlaterdescribe
their selectionandthesensitivity of stagingto theseparameters.Thespeedupachievedby
increasinglevelsof stagingrelative to thebaselinesimulatoris shown in Figure3.

Theseresultsdemonstratethe dramaticimprovementin simulatorspeedthat can be
achieved with staging. The final stagedsimulator, shown asL4b, improves run time by
a factorof morethan30over theoptimizedbaselineby cachingresultsacrosssimulations.
Stagingachievesmorethana factorof 50speedupover thestock,unoptimizedns2 imple-
mentation.This improvementstemsfrom almostentirelyeliminatingthework requiredfor
neighborhoodsetcomputationsthroughstaging.Theperformanceof the inter-simulation
stagingapproachshows thatthedisk accessesrequiredby this techniquecanbepipelined
andexecutedin thebackground,andsodonot visibly impacttheperformance.

Dependingon thenetwork scenario,andthetrade-off in grid recomputationversusgrid
maintenance,the L3b simulation techniquecan also do just as well as inter-simulation
staging.In thisscenario,grid maintenanceis expensive,but thecostof grid reconstruction
is verycheap,comparableto thecostof readingpreviouslycomputedresultsfrom disk.
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5.3 Scaling with Network Size

In order to evaluatehow stagingaffects simulationscale,we simulatednetworks with
varyingnumberof nodeswhile holdingtheapplication-level loadconstantandincreasing
thefield sizeto maintainaconstantnodedensity.

Figure4 shows that stagingcandramaticallyandqualitatively improve the scalability
of wirelesssimulatorsby reducingredundantcomputations.Thegraphshows thatstaging
changesthe scalingbehavior of the simulatorfrom quadraticto linear in the sizeof the
network. This experimentalsodemonstratesthe benefitsof inter-simulationL4b staging
and intra-simulationL3b staging,which achieves more than a 2-fold improvementover
othertechniquesby eliminatinggrid maintenance.In the inter-simulationcase,accessto
theeventcachestoredon disk replacegrid computations,while the intra-simulationcase
reconstructsthe grid whenever needed.Both of theseapproacheshave negligible cost.
Usingthesetechniques,wehaveperformedsimulationrunsaslargeastenthousandnodes
in about10hoursundertheloadconditionsdescribedearlier.

Althoughseveral intra-simulationstagingapproachesshow similar performancein this
experiment,eachof the restructuringstepswere necessaryto achieve the final benefits
of inter-simulationstaging. In addition, the variousintra-simulationtechniquesexhibit
differentbehaviors asoptimizationparametersor network characteristicschange.As we
show in thenext two sections,themoreadvancedoptimizationsoffer increasedrobustness
andstability, anadvantagenotevidentin Figure4.

5.4 Optimization Parameters

It is importantto characterizetheeffect of any new simulationparametersintroducedby
our optimizationtechniques.We studysimulationperformanceundervariouschoicesfor
optimizationparametersandexaminetherobustnessandstabilityof thedifferentoptimiza-
tion levels. Recallthatthegrid-basedintra-simulationapproachusesa specifiedgranular-
ity g, andthecachingintra-simulationapproachusesepochlength∆t.

5.4.1 Grid Granularity. Wefirst evaluatetheeffectof varyinggrid granularityoneach
level of staging. Intuitively, it is clearthat a very fine granularitywill give rise to many
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grid-crossingeventsasnodesmoveaboutin thetopology, andwill alsoleadto morework
in packet transmissionsincemany emptybins will be scannedfor nodes.Conversely, a
verycoarsegranularityreducesto asinglebin and,essentially, ascanoverall nodesduring
eachpacket transmissionor cachemiss.Theoptimalchoiceresidesin betweenthesetwo
extremesanddependson theparticularchoiceof simulationparameters.

We examinethe impactof grid granularityon simulationtime experimentally. We run
the simulatorwith the sameconfigurationasbefore,usinga 250 nodenetwork andwith
∆t fixed at 2 seconds,but vary the grid granularity. Figure 5 shows the effects of grid
granularityonsimulatorperformance.

This experimentshows thatnearlyall of thedegradationdueto a poorchoicein gran-
ularity is mitigatedby the useof the higher levels of staging. In thesecases,the grid is
consultedonly in the rarecaseof a cachemiss. Consequently, grid performanceis not
critical to overall performance,andstagingmaskstheimpactof a poorly tunedgrid. This
enablesthesimulatorto bemoreflexible in thechoiceof granularity. For example,memory
considerationsmight dictatethat a coarse-grainedgrid be usedeven whena fine-grained
grid would bemoreefficient. Thehigherlevelsof staging,which arelesssensitive to the
granularity, areableto make thesekindsof trade-offs without substantiallyimpactingper-
formance.Thegrid-basedL1 scheme,ontheotherhand,mustbeverycarefulnotto choose
sub-optimalparameters.

It is interestingto notethat even the right-mostextremeof L1 stagingperformsmuch
betterthanthe ns2 baselineimplementation,even thoughthey both performa complete
passover all nodesduringeachpacket transmission.Thedifferencein performanceis due
to a differencein packet delivery. The L1 implementationcreatescopiesof eachpacket
only for thenodesin rangeof thesender, while thebaselinesimulatorcreatesa copy for
every nodein thenetwork.

5.4.2 Epoch Length. Theaccuracy andoverheadof constructingcacheentriesis con-
trolled by the∆t parameterfor neighborhoodcaching.Recallthat∆t specifiesthedesired
expirationtime whenconstructinga cacheentry. A largervaluemeansthata largerradius
mustbeexaminedto build a cacheentry, which leadsto largerandmoreimprecisecache
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values,but allows theentryto remainvalid for longer.
Wesetupoursimulatorasthepreviousexperiment,but fix thegrid granularityat250m.

Figure6 shows how ∆t controlsthecachehit rate(top),andthesizesof thetwo neighbor-
hoodssets � r � ∆r and � r� ∆r storedin cacheentries(bottom). We only show the results
for L2 caching;thosefor L3a perfectcachingandthe first phaseL4a of intra-simulation
stagingarenearlyidentical.For reference,theactualaverageneighborsetsizefor queries
is shown asconstant� r.

Theoverheadsassociatedwith cachingarelimited by thecachehit rateand � r� ∆r. A
verysmallvaluefor ∆t leadsto many cachemisses,eachof which is potentiallyexpensive.
Conversely, a large valuefor ∆t forcesboth cachehits andmissesto processa larger set
� r� ∆r. The cacheis effective for reasonablevaluesof ∆t, roughly 2 to 4 seconds,with
high hit ratebut still reasonablysized � r� ∆r. The curvesfor the neighborhoodsetsizes
canbeexplainedgeometricallybasedon theknown transmissionradius,andtheaverage
numberof neighborsof transmittingnodes.Thecachehit rateis a functionof theaverage
inter-packet spacing.While our implementationdoesnot pick ∆t automatically, thefigure
shows that a near-optimal value for parameter∆t canbe computedasa function of the
packet rate,nodedensity, andtransmissionradius.

Surprisingly, even with suchvarying cachebehavior thereis very little overall change
in total simulationrun time. ThedataunderlyingFigure6 shows thatover theentirerange
of valuesfor ∆t run time variesby at most5%. The L2, L3a, andL4a staginglevels all
performsimilarly, while thesecondphaseL4b inter-simulationapproachimprovesruntime
by approximately30%ascomparedto L3a, independentof the∆t parameter. As with the
grid granularity, nearlyany reasonablechoiceof parametervaluefor ∆t will work well for
thehighestlevelsof staging.

5.5 Memory Utilization and Performance

Stagingis basedon a fundamentaltrade-off betweencachingandreusein memoryversus
recomputationat theCPU.On theonehand,memoryis oftenascarceresourcein discrete
eventsimulators,soit is importantthatmemoryusefrom stagingis controlledandlimited.
Thens2 simulatorin particularis very memoryintensive, andavailablememoryseverely
constraintsthesizeof thesimulatednetwork.
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Ontheotherhand,stagingcanreducememoryrequirementsthroughtime-shifting;that
is, by schedulingmemoryintensiveeventsefficiently. In thissectionwedetailthememory
requirementsof stagingascomparedto theoriginal,non-stagedsimulator, anddescribethe
cachemanagementpoliciesfor the differentapplicationsof stagingimplementedin ns2.
To provideperspective,wenotethatevenafterapplyingtraditionaloptimizationtechniques
to reducememoryconsumption,morethan30 KB is requiredfor eachsimulatednodein
thebaselinesimulator.

Overall, noneof the stagingapplicationshasmore thana modestimpacton memory
consumption.In the experimentsdescribedabove, a grid usinga granularityof 250 me-
tersrequiresbetween1 and4 KB total memory, dependingon thesizeof thegeographic
field. For a grid with 10 metergranularity, this can rise to asmuchas1.2 MB for the
largernetworks.As anextremecase,agrid of 1 metergranularitywould requirewell over
100MB.

NeighborhoodcachingL2 staging,perfectcachingL3a and L3b staging,and the first
phaseL4a inter-simulationstagingrequireadditionalmemory, beyondthatrequiredby the
grid-basedapproach,for storingper-nodecacheentries.Thesizeof eachcacheentryde-
pendsonthenumberof nodesneareachpotentialsender, but, asshown earlierin Figure6,
the cacheentry size is modestfor a wide rangeof parameters.Sincecacheentriesare
generatedduringeachepoch,thecacheis potentiallyunbounded.However, only themost
recententryis likely to bereusedin thenearfuture,sowecanlimit thecacheto only asin-
gleentrypernodein theintra-simulationstagingapproaches.In orderto saveolderentries
for useacrosssimulations,we employ a sliding-window approachto write recententries
to disk in thebackgroundbeforeexpungingthemfrom theeventcache.In all, acrossthe
rangeof valuesexploredin theabove experiments,between20 and200KB total memory
is neededon top of the memoryneededfor the L1 grid, andthis scaleslinearly with the
sizeof thenetwork.

ThesecondphaseL4b inter-simulationstagingreducesmemoryconsumptionrelative to
theintra-simulationtechniques,sincetheL1 grid is no longerneededduringthisphase.In
all but thefirst runof abatch,only 20 to 200KB totalmemoryabove thebaselinens2 was
neededfor theabove inter-simulationexperiments.

In summary, theimpactof stagingonmemoryconsumptioncanbemadenegligible in all
caseswe have examinedby appropriatelychoosingstagingparametersandimplementing
effective cachemanagementstrategies.

6. RELATED WORK

Several domain-specificexamplesof stagingcanbe found in existing simulators.In our
analysisof thens2 implementation,we identifiedsomelimited applicationsof staging,but
thetechniqueis neithersystematicallyappliedin theimplementationnor recognizedin the
literature.Therehasbeenno prior recognitionor developmentof thetechniqueof staging
asageneralapproachto simulationoptimization.

Grid-basedneighborhoodcomputationsare a well-known technique,and representa
limited applicationof staging.Thedefault ns2 implementationalsocontainsa grid-based
schemefor computingneighbor-sets. A key differencebetweenthe ns2 implementation
andourL1 schemeis thatweexposeandexploretheparameterspaceof grid granularities,
while thepreviousattemptusesa hard-codedgranularityof 1 meter. In typical scenarios,
this choiceleadsto performanceworsethanthebaseline,andis consequentlydisabledby
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default. Similarly, Wu andBonnet[2002] proposeanalternative packet transmissionrou-
tine for ns2, essentiallyequivalent to our L1 stagingwith granularityparameter∞. Our
evaluationindicatesthatthischoiceof granularityis alsoparticularlyinefficientcompared
to nearlyany otherchoice. Theseexamplesillustratethe importanceof properlycharac-
terizingstagingparametersandrelatingthemto systemvariablessuchasthetransmission
radiusandexpectednumberof neighbors.

In thecontext of discreteeventsimulators,we find occasionaluseof stagingor similar
techniquesto improveperformance.Splitting[Glassermanetal. 1996],cloning[Hybinette
andFujimoto1997]andupdateablesimulations[Ferencietal. 2002]arethreerelatedtech-
niques,previouslydescribedin detailin Section2, whicheliminateidenticalcomputations
in multiple runsof thesimulator. Thesetechniquesdonotexploit redundantcomputations
within a singlerun of thesimulator, nor do they addresscomputationsthataresimilar but
not identical.

Boukercheet al. [1999]proposea two-phasedesignfor PersonalCommunicationsSys-
tem(PCS)network simulationusingSWiMNet. This designis complementaryto our use
of staging,sinceit is usedto facilitatevariouslookaheadoptimizationsin a parallelsimu-
lation engine,ratherthanto eliminateredundantcomputationor optimizemultiple runsof
thesimulator.

TheNixVector[Riley et al. 2000]approachimprovesroutingefficiency in thens2 sim-
ulator by computingandcachingrouteson demandratherthanmaintaininga complete
routingtable.This approachhasnot beenappliedbetweenmultiple runsof thesimulator,
nor doesit eliminateredundantcomputationswheninputsvary slightly betweensimula-
tions.

Neighborhoodcomputationin wirelessnetworksresemblesthecolliding pucksproblem,
which is well-studiedin the literature[Hontalaset al. 1989; Lubachevsky 1990]. Many
differentapproacheshave beenproposed,someof which usesectoringor grid-basedap-
proaches,but noneinvestigatetheeliminationof redundantcomputationthroughcaching
andreuse.

Variousresearcheffortsareunderway to improve thescaleandperformanceof discrete-
eventsimulatorsthroughdistributedsimulation.Theseefforts improve simulationperfor-
manceand speedby parallelizingthe simulationtask and carrying it out in parallel on
a cluster(for example[Fujimoto 1990; Boukercheet al. 1999; Liu andNicol 2001; Liu
et al. 2001;Liljenstamet al. 2001]), sometimesleveragingspecializedlanguagefeatures
to reasonaboutthebehavior of simulatednodes(for example[Zengetal. 1998]).Overall,
theseapproachesto high performancesimulationarecomplementaryto ours,sincestaged
simulationcan be appliedequally well in distributed simulatorsto eliminateredundant
operationswithin asinglephysicalnode.

Interestingly, certainkindsof redundantcomputationshavebeenusedin optimisticsim-
ulators(e.g. [Jefferson1985]) to improve simulationscalability. Specifically, optimistic
simulationenablesconcurrentnodesto advancesimulationtime independently, andmay
abandonandrecomputepartsof thesimulationstateuponreceiving apacketwhosetimes-
tampis behindthe virtual time of a given node. Stagedsimulationdoesnot addressthis
kind of redundancy, aseliminatingthis type of redundantcomputationwould cancelthe
benefitsof optimisticsimulation.

Sometechniques,suchas model abstractionand approximation[Huang et al. 1998;
Gaddeet al. 2001],have beenusedto reducesimulationrun time by tradingoff accuracy
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for speed.Our approachdiffers from modelabstractionin that stagedsimulationresults
areequivalentto anexecutionof theunoptimizedsimulator, andwedonotapproximateor
alterthefinal resultof computationsin any way.

Finally, we notethatstaginghasbeenemployed in othersettings,mostnotablyin pro-
gramminglanguages[Acar et al. 2003] and iterative programming[Liu et al. 1996], to
achieveperformance.Wesharewith theseapproachesthefundamentalinsightthatcaching
andreusingpreviously computedresultscanimprove performanceby eliminatingredun-
dantcomputations.

7. CONCLUSIONS

In thispaper, weintroducedaformalmodelof operationfor discrete-eventsimulators,both
to characterizepreviouswork on simulatoroptimizationsandto derive a precisenotionof
simulationequivalency. We thenusedthe model to develop a generaltechnique,staged
simulation,for improving thespeedandscaleof discreteeventsimulators.

Thecentralideabehindstagingis to eliminateredundantor partially redundantcompu-
tationstypically encounteredin simulations.Stagingrelieson cachingandreusingpartial
resultsto eliminateredundancy. We introducethreedifferenttechniques,calledcurrying,
incrementalcomputationandauxiliary results,to enablecachingandreuseby exposing
andisolatingredundantcomputationswithin a singlerun aswell asacrossmultiple runs
of adiscrete-eventsimulator. In additionto eliminatingredundantcomputation,additional
performancecanbegainedin astagedsimulatorthroughtheuseof time-shiftingoptimiza-
tionsto alterthetimeatwhichcomputationsareperformed.Stagingis ageneraltechnique,
retainstheoriginalaccuracy of anunoptimizedsimulatorandis applicableto awiderange
of simulators,includingparallelanddistributedsimulationengines.

Finally, our implementationof stagingin thewidely usedns2 simulatorshowsthatstag-
ing is an effective techniquefor reducingsimulationrun time andimproving scalability.
We implementthreetypesof intra-simulationstagingin ns2 and enablefunction reuse
betweenmultiple simulations.Overall, our modificationsto the standardns2 simulation
improve the total runtimeof thesimulatorfrom O o N2 p to O o N p . For a specificdatapoint
involving 1500nodes,ourfinal stagedsimulatoris overa factorof 50fasterthanthestock,
unoptimizedns2. Intra-simulationstagingaccountsfor a factorof 5 to 30 speedup,while
inter-simulationstagingachievesa factorof 30 speedupacrossa rangeof network param-
eters.Stagingcorrespondinglyimprovessimulatorscalabilityfrom quadraticto linear in
the sizeof the network andenablesthe simulationof networks of tensof thousandsof
nodes.Wefind thatthesetechniquesarerobustin thechoiceof parameters,andtheparam-
etersappeareasyto estimateautomaticallyasa functionof othersimulationvariablesand
observedruntimebehavior.
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