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Abstract

Thispaperdescribestheparallelimplementationof theTRANSIMStraffic micro-simulation.
The parallelizationmethodis domaindecomposition,which meansthateachCPU of the
parallelcomputeris responsiblefor a differentgeographicalareaof thesimulatedregion.
We describehow informationbetweendomainsis exchanged,andhow the transportation
network graphis partitioned.An adaptiveschemeis usedto optimizeloadbalancing.

We thendemonstratehow computingspeedsof our parallelmicro-simulationscanbe
systematicallypredictedoncethescenarioandthecomputerarchitectureareknown. This
makesit possible,for example,to decideif a certainstudyis feasiblewith a certaincom-
puting budget,andhow to investthat budget. The main ingredientsof the predictionare
knowledgeabouttheparallelimplementationof themicro-simulation,knowledgeaboutthe
characteristicsof thepartitioningof thetransportationnetwork graph,andknowledgeabout
the interactionof thesequantitieswith the computersystem.In particular, we investigate
thedifferencesbetweenswitchedandnon-switchedtopologies,andtheeffectsof 10 Mbit,
100Mbit, andGbit Ethernet.

Asoneexample,weshow thatwith acommontechnology–100Mbit switchedEthernet
– onecanrun the20000-linkEMME/2-network for Portland(Oregon)morethan20 times
fasterthanrealtimeon 16 coupledPentiumCPUs.

Keywords:Traffic simulation,parallelcomputing,transportationplanning

1 Intr oduction

It is by now widely acceptedthatit is worth investigatingif themicroscopicsimulationof large
transportationsystems[1, 2] is a usefuladditionto theexisting setof tools. By “microscopic”
we meanthatall entitiesof thesystem– travelers,vehicles,traffic lights, intersections,etc. –
arerepresentedasindividual objectsin thesimulation[3, 4, 5, 6, 7, 8].�
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The conceptualadvantageof a micro-simulationis that in principle it canbe madearbitrarily
realistic. Indeed,microscopicsimulationshave beenusedfor many decadesfor problemsof
relatively smallscale,suchasintersectiondesignor signalphasing.Whatis new is thatit is now
possibleto usemicroscopicsimulationsalsofor really largesystems,suchaswholeregionswith
severalmillions of travelers.At theheartof thisareseveralconverging developments:

1. Theadventof fastdesktopworkstations.

2. The possibility to connectmany of theseworkstationsto parallelsupercomputers,thus
multiplying theavailablecomputingpower. This is particularlyattractive for agent-based
transportationsimulationssincethey do not benefitfrom traditionalvectorsupercomput-
ers.

3. In ourview, thereis athird observationthatis paramountto maketheseapproacheswork:
many aspectsof a “correct” macroscopicbehavior canbe obtainedwith rathersimple
microscopicrules.

The third point canactuallybe rigorouslyproven for somecases.For example,in physicsthe
ideal gasequation,�
	���
���� , can be derived from particleswithout any interaction,i.e.
they move througheachother. For traffic, onecanshow thatrathersimplemicroscopicmodels
generatecertainfluid-dynamicalequationsfor traffic flow [9].

In consequence,for situationswhereoneexpectsthatthefluid-dynamicalrepresentationof traf-
fic is realisticenoughfor the dynamicsbut onewantsaccessto individual vehicles/drivers/...,
a simplemicroscopicsimulationmaybethesolution. In additionto this, with themicroscopic
approachit is alwayspossibleto make it morerealisticat somelaterpoint. This is muchharder
andsometimesimpossiblewith macroscopicmodels.

TheTRANSIMS(TRansportationANalysisandSIMulationSystem)projectatLosAlamosNa-
tional Laboratory[2] is sucha micro-simulationproject,with thegoal to usemicro-simulation
for transportationplanning. Transportationplanningis typically donefor large regional areas
with severalmillions of travelers,andit is donewith 20yeartimehorizons.Thefirst meansthat,
if wewantto doamicro-simulationapproach,weneedto beableto simulatelargeenoughareas
fastenough.Thesecondmeansthat themethodologyneedsto beableto pick up aspectslike
inducedtravel, wherepeoplechangetheir activities andmaybetheir homelocationsbecauseof
changedimpedancesof the transportationsystem.As an answer, TRANSIMS consistsof the
following modules:� Population generation. Demographicdatais disaggregatedsothatwe obtainindividual

householdsand individual householdmembers,with certaincharacteristics,suchas a
streetaddress,carownership,or householdincome[10].� Activities generation. For eachindividual, a setof activities andactivity locationsfor a
dayis generated[11, 12].� Modal and route choice. For eachindividual, modesandroutesaregeneratedthatcon-
nectactivities at differentlocations[13].� Traffic micro-simulation. Up to here,all individualshavemadeplansabouttheirbehav-
ior. The traffic micro-simulationexecutesall thoseplanssimultaneously. In particular,
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we now obtaintheresultof interactionsbetweentheplans– for examplecongestion.1

As is well known, suchan approachneedsto make the modulesconsistentwith eachother:
For example,plansdependon congestion,but congestiondependson plans. A widely ac-
ceptedmethodto resolve this is systematicrelaxation[6] – thatis, make preliminaryplans,run
the traffic micro-simulation,adaptthe plans,run the traffic micro-simulationagain,etc.,until
consistency betweenmodulesis reached.Themethodis somewhatsimilar to theFrank-Wolfe-
algorithmin staticassignment.

The reasonwhy this is importantin the context of this paperis that it meansthat the micro-
simulationneedsto berunmorethanonce– in ourexperienceaboutfifty timesfor a relaxation
from scratch[15, 16]. In consequence,acomputingtimethatmaybeacceptablefor asinglerun
is no longeracceptablefor sucha relaxationseries– thusputtinganevenhigherdemandon the
technology.

Thiscanbemademoreconcreteby thefollowing arguments:� Thenumberof “aboutfifty” iterationswasgainedfrom systematiccomputationalexper-
imentsusinga scenarioin Dallas/Fort Worth. In fact, for routeassignmentalone,about
twenty iterationsareprobablysufficient [15, 16], but if onealsoallows for otherbehav-
ioral changes,moreiterationsareneeded[17]. The numbersbecomeplausiblevia the
following argument:Sincerelaxationmethodsrely on thefact thatthesituationdoesnot
changetoo muchfrom oneiterationto thenext, changeshave to be small. Empirically,
changingmore than10% of the travellers sometimesleadsto strongfluctuationsaway
from relaxation[15, 16]. A replanningfractionof 10%meansthatwe need10 iterations
in orderto replaneachtravellerexactlyonce;andsinceduringthefirst coupleof iterations
travellersreactto non-relaxedtraffic patterns,wewill have to replanthoseasecondtime,
resultingin 15-20iterations.Nevertheless,futureresearchwill probablyfind methodsto
decreasethenumberof iterations.� We assumethatresultsof a scenariorun shouldbeavailablewithin a few days,saytwo.
Otherwiseresearchbecomesfrustratinglyslow, andwewouldassumethatthesameis true
in practicalapplications.Assumingfurtherthatweareinterestedin 24hourscenarios,and
disregardingcomputingtime for othermodulesbesidesthemicrosimulation,this means
thatthesimulationneedsto run25 timesfasterthanrealtime.

We will show in this paperthat the TRANSIMS microsimulationindeedcanbe run with this
computationalspeed,andthat, for certainsituations,this canevenbedoneon relatively mod-
esthardware. By “modest” we meana clusterof 10-20standardPCsconnectedvia standard
LAN technology(Beowulf cluster).We find thatsucha machineis affordablefor mostuniver-
sity engineeringdepartments,andwe alsolearnfrom peopleworking in thecommercialsector
(mostlyoutsidetransportation)that this is not a problem.In consequence,TRANSIMS canbe
usedwithout accessto a supercomputer. As mentionedbefore,it is beyond the scopeof this
paperto discussfor whichproblemsasimulationasdetailedasTRANSIMS is really necessary
andfor whichproblemsasimplerapproachmight besufficient.

1It is sometimesarguedthat TRANSIMS is unnecessarilyrealistic for the questionsit is supposedto answer.
Although we tendto sharethesameintuition (see,for example,our work on theso-calledqueuemodel[14]), we
think that this needsto be evaluatedsystematically. We also expect that the answerwill dependon the precise
question:It will bepossibleto answercertainquestionswith very simplemodels,while otherquestionsmayneed
muchmorerealisticmodels.
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This paperwill concentrateon the microsimulationof TRANSIMS. The other modulesare
important,but they arelesscritical for computing(seealsoSec.10). Westartwith adescription
of the most importantaspectsof the TRANSIMS driving logic (Sec.3). The driving logic is
designedin a way that it allows domaindecompositionasa parallelizationstrategy, which is
explainedin Sec.4. We thendemonstratethatthe implementeddriving logic generatesrealistic
macroscopictraffic flow. Onceone knows that the microsimulationcan be partitioned,the
questionbecomeshow to partitionthestreetnetwork graph.This is describedin Sec.6. Sec.7
discusseshow we adaptthe graphpartitioningto the differentcomputationalloadscausedby
different traffic on differentstreets.Theseandadditionalargumentsarethenusedto develop
a methodologyfor thepredictionof computingspeeds(Sec.8). This is ratherimportant,since
with this onecanpredictif certaininvestmentsin one’s computersystemwill make it possible
to runcertainproblemsor not. Wethenshortlydiscusswhatall thismeansfor completestudies
(Sec.10). This is followedby asummary.

2 Relatedwork

As mentionedabove, micro-simulationof traffic, that is, the individual simulationof eachve-
hicle, hasbeendonefor quitesometime (e.g.[18]). A prominentexampleis NETSIM [3, 4],
which wasdevelopedin the 70s. Newer modelsare,e.g.,theWiedemann-model[19], INTE-
GRATION [5], MITSIM [6], HUTSIM [7], or VISSIM [8].

NETSIM waseventried on a vectorsupercomputer[20], without a realbreak-throughin com-
putingspeeds.But,aspointedoutearlier, ultimatelytheinherentstructureof agent-basedmicro-
simulationis atoddswith thecomputerarchitectureof vectorsupercomputers,andsonotmuch
progresswasmadeon the supercomputingendof micro-simulationsuntil the parallel super-
computersbecameavailable. Oneshouldnotethat the programmingmodelbehindso-called
SingleInstructionMultiple Data(SIMD) parallelcomputersis very similar to theoneof vector
supercomputersandthusalsoproblematicfor agent-basedsimulations.In this paper, whenwe
talk aboutparallelcomputers,wemeanin all casesMultiple InstructionMultiple Data(MIMD)
machines.

Early useof parallel computingin the transportationcommunity includesparallelizationof
fluid-dynamicalmodelsfor traffic [21] andparallelizationof assignmentmodels[22]. Early
implementationsof parallelmicro-simulationscanbefoundin [23, 24, 25].

It is usuallyeasierto make an efficient parallel implementationfrom scratchthanto port ex-
isting codesto a parallel computer. Maybe for that reason,early traffic agent-basedtraffic
micro-simulationswhichusedparallelcomputerswerecompletelynew designsandimplemen-
tations[1, 2, 25, 24]. All of theseusedomaindecompositionastheir parallelizationstrategy,
whichmeansthatthepartitionthenetwork graphinto domainsof approximatelyequalsize,and
theneachCPUof theparallelcomputeris responsiblefor oneof thesedomains.It is maybeno
surprisethat the first threeuse,at leastin their initial implementation,somecellular structure
of their roadrepresentation,sincethis simplifiesdomaindecomposition,aswill be seenlater.
Besidesthe large body of work in the physicscommunity(e.g. [26]), such“cellular” models
alsohave sometraditionin thetransportationcommunity[18, 27].

Notethatdomaindecompositionis ratherdifferentfrom afunctionalparalleldecomposition,as
for exampledoneby DYNAMIT/MITSIM [6]. A functionaldecompositionmeansthatdifferent
modulescanrun on differentcomputers.For example,themicro-simulationcould run on one
computer, while anon-lineroutingmodulecouldrunonanothercomputer. While thefunctional
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decompositionis somewhat easierto implementandalso is lessdemandingon the hardware
to be efficient, it alsoposesa severe limitation on the achievable speed-up.With functional
decomposition,the maximally achievable speed-upis the numberof functionalmodulesone
cancomputesimultaneously– for examplemicro-simulation,router, demandgeneration,ITS
logic computation,etc. Undernormalcircumstances,oneprobablydoesnot have morethana
handfulof thesefunctionalmodulesthatcantruly benefitfrom parallelexecution,restrictingthe
speed-upto five or less. In contrast,aswe will seethedomaindecompositioncan,on certain
hardware,achieve amorethan100-foldincreasein computationalspeed.

In themeantime,someof the“pre-existing” micro-simulationsareportedto parallelcomputers.
For example,this hasrecentlybeendonefor DYNEMO [28],2 anda parallelizationis planned
for VISSIM [8] (M. Fellendorf,personalcommunication).

3 Micr osimulation dri ving logic

TheTRANSIMS-19993 microsimulationusesacellularautomata(CA) techniquefor represent-
ing driving dynamics(e.g.[9]). Theroadis divided into cells,eachof a lengththata caruses
up in a jam – we currentlyuse7.5 meters.A cell is eitherempty, or occupiedby exactly one
car. Movementtakesplaceby hoppingfrom onecell to another;differentvehiclespeedsare
representedby differenthoppingdistances.Usingonesecondasthetime stepworkswell (be-
causeof reaction-timearguments[31]); this impliesfor examplethatahoppingspeedof 5 cells
pertimestepcorrespondsto 135km/h. Thismodels“car following”; therulesfor carfollowing
in the CA are: (i) linear accelerationup to maximumspeedif no car is ahead;(ii) if a car is
ahead,thenadjustvelocity so that it is proportionalto thedistancebetweenthecars(constant
timeheadway); (iii) sometimesberandomlyslower thanwhatwould resultfrom (i) and(ii).

Lanechangingis doneaspuresidewaysmovementin asub-time-stepbeforetheforwardsmove-
mentof the vehicles,i.e. eachtime-stepis subdivided into two sub-time-steps.The first sub-
time-stepis usedfor lanechanging,while thesecondsub-time-stepis usedfor forwardmotion.
Lane-changingrulesfor TRANSIMSaresymmetricandconsistof two simpleelements:Decide
thatyou want to changelanes,andcheckif thereis enoughgapto “get in” [32]. A “reasonto
changelanes” is either that the other laneis faster, or that the driver wantsto make a turn at
the endof the link andneedsto get into the correctlane. In the latter case,the acceptedgap
decreaseswith decreasingdistanceto theintersection,thatis, thedriverbecomesmoreandmore
desperate.

Two otherimportantelementsof traffic simulationsaresignalizedturnsandunprotectedturns.
Thefirst of thoseis modeledby essentiallyputtinga“virtual” vehicleof maximumvelocityzero
at theendof thelanewhenthetraffic light is red,andto removeit whenit is green.Unprotected
turnsgetmodeledvia “gap acceptance”:Thereneedsto bea large enoughgapon thepriority
streetfor thecarfrom thenon-prioritystreetto acceptit [33].

A full descriptionof the TRANSIMS driving logic would go beyond the scopeof the present

2DYNEMO is not strictly a micro-simulation– it hasindividual travelersbut usesa macroscopicapproachfor
thespeedcalculation.It is mentionedherebecauseof theparallelizationeffort.

3Therearetwo versionsof TRANSIMSwith thenumber“1.0”: Onefrom 1997,“TRANSIMS Release1.0” [29],
andonefrom 1999,“TRANSIMS–LANL–1.0” [30]. Since1997,many featureshave beenadded,suchaspublic
transit with a differentdriving logic, or the option of usingcontinuouscorrectionsto the cellular structure. For
the purposesof this paper, the differencesarenot too important,exceptthat computationalperformancewasalso
considerablyincreased.
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paper. It canbefoundin Refs.[34, 30].

4 Micr o-simulation parallelization: Domain decomposition

An importantadvantageof theCA is that it helpswith thedesignof a parallelandlocal simu-
lation update,that is, thestateat time step ����� dependsonly on informationfrom time step� , andonly from neighboringcells. (To becompletelycorrect,onewould have to considerour
sub-time-steps.)This meansthat domaindecompositionfor parallelizationis straightforward,
sinceonecancommunicatetheboundariesfor time step � , thenlocally on eachCPU perform
theupdatefrom � to ����� , andthenexchangeboundaryinformationagain.

Domaindecompositionmeansthatthegeographicalregion is decomposedinto severaldomains
of similarsize(Fig. 1), andeachCPUof theparallelcomputercomputesthesimulationdynam-
icsfor oneof thesedomains.Traffic simulationsfulfill two conditionswhichmakethisapproach
efficient:� Domainsof similar size: The streetnetwork canbe partitionedinto domainsof similar

size.A realisticmeasurefor sizeis theaccumulatedlengthof all streetsassociatedwith a
domain.� Short-rangeinteractions:Fordriving decisions,thedistanceof interactionsbetweendrivers
is limited. In ourCA implementation,on links all of theTRANSIMS-1999rulesetshave
aninteractionrangeof �����! meters( � 5 cells)which is smallwith respectto theaverage
link length.Therefore,thenetwork easilydecomposesinto independentcomponents.

We decidedto cut thestreetnetwork in themiddleof links ratherthanat intersections(Fig. 2);
THOREAU doesthesame[24]. This separatesthetraffic complexity at the intersectionsfrom
thecomplexity causedby theparallelizationandmakesoptimizationeasier.

In theimplementation,eachdividedlink is fully representedin bothCPUs.EachCPUis respon-
sible for onehalf of the link. In orderto maintainconsistency betweenCPUs,theCPUssend
informationaboutthefirst fivecellsof “their” half of thelink to theotherCPU.Fivecellsis the
interactionrangeof all CA driving ruleson a link. By doingthis, theotherCPUknows enough
aboutwhatis happeningon theotherhalf of thelink in orderto computeconsistenttraffic.

Theresultingsimplifiedupdatesequenceon thesplit links is asfollows (Fig. 3):4� Changelanes.� Exchangeboundaryinformation.� Calculatespeedandmovevehiclesforward.� Exchangeboundaryinformation.

The TRANSIMS-1999microsimulationalso includesvehiclesthat enterthe simulationfrom
parkingandexit thesimulationto parking,andlogic for public transitsuchasbuses.Thesead-
ditionsareimplementedin awaythatnofurtherexchangeof boundaryinformationis necessary.

4Insteadof “split links”, the terms“boundarylinks”, “sharedlinks”, or “distributedlinks” aresometimesused.
As is well known, somepeopleuse“edge” insteadof “link”.
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The implementationusesthe so-calledmaster-slave approach.Master-slave approachmeans
that thesimulationis startedup by a master, which spawns slaves,distributestheworkloadto
them,andkeepscontrolof thegeneralscheduling.Master-slave approachesoftendo not scale
well with increasingnumbersof CPUssincethe workloadof the masterremainsthe sameor
even increaseswith increasingnumbersof CPUs. For that reason,in TRANSIMS-1999the
masterhasnearlyno tasksexceptinitialization andsynchronization.Even theoutputto file is
donein a decentralizedfashion.With thenumbersof CPUsthatwe have testedin practice,we
have never observedthemasterbeingthebottleneckof theparallelization.

TheactualimplementationwasdonebydefiningdescendentC++classesof theC++baseclasses
provided in a ParallelToolbox. Theunderlyingcommunicationlibrary hasinterfacesfor both
PVM (ParallelVirtual Machine[35]) andMPI (MessagePassingInterface[36]). The toolbox
implementationis not specificto transportationsimulationsandthusbeyond thescopeof this
paper. More informationcanbefoundin [15].

5 Macroscopic(emergent) traffic flow characteristics

In our view, it is asleastasimportantto discussthe resultingtraffic flow characteristicsasto
discussthedetailsof thedriving logic. For thatreason,wehaveperformedsystematicvalidation
of the variousaspectsof theemerging flow behavior. Sincethemicrosimulationis composed
of car-following, lanechanging,unprotectedturns,andprotectedturns,we have corresponding
validationsfor thosefour aspects.Althoughweclaim thatthis is a fairly systematicapproachto
thesituation,we do not claim thatour validationsuiteis complete.For example,weaving [37]
is animportantcandidatefor validation.

It shouldbe notedthat we do not only validateour driving logic, but we validatethe imple-
mentationof it, including theparallelaspects.It is easyto addunrealisticaspectsin a parallel
implementationof anotherwiseflawlessdriving logic; andtheauthorsof this paperaresceptic
aboutthefeasibilityof formal verificationproceduresfor large-scalesimulationsoftware.

We show examplesfor thefour categories(Fig. 4): (i) Traffic in a 1-lanecircle, thusvalidating
the traffic flow behavior of thecar following implementation.(ii) Resultsof traffic in a 3-lane
circle, thusvalidatingtheadditionof lanechanging.(iii) Mergeflows througha stopsign,thus
validatingtheadditionof gapacceptanceat unprotectedturns.(iv) Flows througha traffic light
wherevehiclesneedto be in thecorrectlanesfor their intendedturns– it thussimultaneously
validates“lanechangingfor planfollowing” andtraffic light logic.

In our view, our validation resultsarewithin the rangeof field measurementsthat one finds
in the literature. Whengoing to a specificstudyarea,anddependingon thespecificquestion,
morecalibrationmaybecomenecessary, or in somecasesadditionsto thedriving logic maybe
necessary. For moreinformation,see[34].

6 Graph partitioning

Oncewe areableto handlesplit links, we needto partition the whole transportationnetwork
graphin anefficient way. Efficient meansseveral competingthings: Minimize thenumberof
split links; minimizethenumberof otherdomainseachCPUshareslinks with; equilibratethe
computationalloadasmuchaspossible.
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Oneapproachto domaindecompositionis orthogonalrecursive bi-section.Althoughlesseffi-
cient thanMETIS (explainedbelow), orthogonalbi-sectionis usefulfor explainingthegeneral
approach.In ourcase,sincewecut in themiddleof links, thefirst stepis to accumulatecompu-
tationalloadsat thenodes:Eachnodegetsaweightcorrespondingto thecomputationalloadof
all of its attachedhalf-links. Nodesarelocatedat their geographicalcoordinates.Then,a verti-
cal straightline is searchedsothatasmuchaspossiblehalf of thecomputationalloadis on its
right andtheotherhalf on its left. Thenthelargerof thetwo piecesis pickedandcutagain,this
time by a horizontalline. This is recursively doneuntil asmany domainsareobtainedasthere
areCPUsavailable,seeFig. 5. It is immediatelyclearthatundernormalcircumstancesthiswill
bemostefficient for a numberof CPUsthat is a power of two. With orthogonalbi-section,we
obtaincompactandlocalizeddomains,andthenumberof neighbordomainsis limited.

Another option is to use the METIS library for graphpartitioning (see[38] and references
therein). METIS usesmultilevel partitioning. What thatmeansis thatfirst thegraphis coars-
ened,thenthecoarsenedgraphis partitioned,andthenit is uncoarsenedagain,while usingan
exchangeheuristicat every uncoarseningstep. The coarseningcan for examplebe donevia
randommatching,which meansthat first edgesarerandomlyselectedso thatno two selected
links sharethesamevertex, andthenthe two nodesat theendof eachedgearecollapsedinto
one. Oncethe graphis sufficiently collapsed,it is easyto find a goodor optimal partitioning
for the collapsedgraph. During uncoarsening,it is systematicallytried if exchangesof nodes
at the boundarieslead to improvements. “Standard”METIS usesmultilevel recursive bisec-
tion: The initial graphis partitionedinto two pieces,eachof the two piecesis partitionedinto
two pieceseachagain,etc.,until thereareenoughpieces.Eachsuchsplit usesits own coars-
ening/uncoarsening sequence." -METIS meansthat all " partitionsarefound during a single
coarsening/uncoarsening sequence,which is considerablyfaster. It alsoproducesmoreconsis-
tentandbetterresultsfor large " .
METIS considerablyreducesthe numberof split links, #%$'&)( , as shown in Fig. 6. The fig-
ureshows thenumberof split links asa functionof thenumberof domainsfor (i) orthogonal
bi-sectionfor a Portlandnetwork with 200000 links, (ii) METIS decompositionfor the same
network, and(iii) METIS decompositionfor aPortlandnetwork with 20024links. Thenetwork
with 200000links is derived from theTIGER censusdatabase,andwill beusedfor thePort-
landcasestudyfor TRANSIMS. Thenetwork with 20024 links is derived from theEMME/2
network thatPortlandis currentlyusing.An exampleof thedomainsgeneratedby METIS can
beseenin Fig. 7; for example,thealgorithmnow picksup thefact thatcuttingalongtherivers
in Portlandshouldbeof advantagesincethis resultsin asmallnumberof split links.

Wealsoshow datafits to theMETIS curves, #%$*&�(+��,- /.0�+132 4�5 for the200000links network and#%$'&)(+�6�87�.0� 132 4�5:9 �87�. for the20024links network, where� is thenumberof domains.Weare
not awareof any theoreticalargumentfor theshapesof thesecurvesfor METIS. It is however
easyto seethat,for orthogonalbisection,thescalingof #;$'&)( hasto be <=� 132 4 . Also, thelimiting
casewhereeachnodeis on a differentCPUneedsto have thesame#%$*&)( bothfor bisectionand
for METIS. In consequence,it is plausibleto usea scalingform of �+> with ?�@A.B�! . This is
confirmedby the straightline for large � in the log-log-plot of Fig. 6. Sincefor �C�D� , the
numberof split links #%$'&)( shouldbe zero, for the 20024 links network we usethe equationE � >F9 E , resultingin #;$'&)(G�H�87�.0� 132 4�5I9 �87�. . For the200000 links network, the resulting
fit is so badthatwe did not addthenegative term. This leadsto a kink for thecorresponding
curvesin Fig. 13.

Suchaninvestigationalsoallows to computethetheoreticalefficiency basedonthegraphparti-
tioning. Efficiency is optimal if eachCPUgetsexactly thesamecomputationalload. However,
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becauseof thegranularityof theentities(nodesplusattachedhalf-links) thatwedistribute,load
imbalancesareunavoidable,andthey becomelargerwith moreCPUs.We definetheresulting
theoreticalefficiency dueto thegraphpartitioningasJ�K�LGMFN � loadon optimalpartition

loadon largestpartition O (1)

wherethe load on the optimal partition is just the total load divided by the numberof CPUs.
We thencalculatedthis numberfor actualpartitioningsof both of our 20024 links andof our
200000 links Portlandnetworks,seeFig. 8. The resultmeansthat,accordingto this measure
alone,our 20024links network would still run efficiently on 128CPUs,andour 200000links
network would runefficiently on up to 1024CPUs.

7 Adaptive Load Balancing

In the last section,we explainedhow the streetnetwork is partitionedinto domainsthat can
be loadedonto different CPUs. In order to be efficient, the loadson different CPUsshould
be assimilar aspossible.Theseloadsdo however dependon the actualvehicletraffic in the
respective domains.Sincewe aredoingiterations,we arerunningsimilar traffic scenariosover
andover again.We usethis featurefor anadaptive loadbalancing:During run time we collect
the executiontime of eachlink andeachintersection(node). The statisticsareoutput to file.
For the next run of the micro-simulation,the file is fed backto the partitioningalgorithm. In
that iteration,insteadof usingthe link lengthsasloadestimate,theactualexecutiontimesare
usedasdistribution criterion. Fig. 9 shows thenew domainsaftersucha feedback(compareto
Fig. 5).

Toverify theimpactof thisapproachwemonitoredtheexecutiontimespertime-stepthroughout
thesimulationperiod.Figure10depictstheresultsof oneof theiterationseries.For iteration1,
theloadbalancerusesthelink lengthsascriterion.Theexecutiontimesarelow until congestion
appearsaround7:30am. Then,theexecutiontimesincreasefivefold from 0.04secto 0.2 sec.
In iteration2 theexecutiontimesarealmostindependentof thesimulationtime. Notethatdue
to the equilibration,the executiontimes for early simulationhoursincreasefrom 0.04 secto
0.06sec,but thiseffect is morethancompensatedlateron.

The figure alsocontainsplots for later iterations(11, 15, 20, and40). The improvementof
executiontimes is mainly dueto the routeadaptationprocess:congestionis reducedandthe
averagevehicledensityis lower. On themachinesizeswherewe have tried it (up to 16 CPUs),
adaptive loadbalancingledto performanceimprovementsupto afactorof 1.8. It shouldbecome
moreimportantfor largernumbersof CPUssinceloadimbalanceshave astrongereffect there.

8 Performanceprediction for the TRANSIMS micro-simulation

It is possibleto systematicallypredicttheperformanceof parallelmicro-simulations(e.g.[39,
40]). For this, several assumptionsaboutthe computerarchitectureneedto be made. In the
following, we demonstratethederivationof suchpredictive equationsfor coupledworkstations
andfor parallelsupercomputers.

The methodfor this is to systematicallycalculatethewall clock time for onetime stepof the
micro-simulation.We startby assumingthat thetime for onetime stephascontributionsfrom
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computation,�
P L & , andfrom communication,�
P LQL . If thesedo not overlap,asis reasonable
to assumefor coupledworkstations,we have�;RS��TU�V� P L & RS�
TW�=� P LQL RS�
T O (2)

where� is thenumberof CPUs.5

Time for computationis assumedto follow��P L & RS��TX� �:Y�[Z \ �]�_^/`badc/RS��TW�_^ K�LQM RS�
Tbef� (3)

Here,� Y is thetimeof thesamecodeononeCPU(assumingaproblemsizethatfits onavailable
computermemory);� is thenumberof CPUs;̂/`badc includesoverheadeffects(for example,split
links needto beadministeredby bothCPUs);̂ KdLGM �g��h J)K�LQM 9 � includestheeffectof unequal
domainsizesdiscussedin Sec.6.

Time for communicationtypically hastwo contributions: Latency andbandwidth.Latency is
the time necessaryto initiate the communication,andin consequenceit is independentof the
messagesize.Bandwidthdescribesthenumberof bytesthatcanbecommunicatedpersecond.
Sothetime for onemessageis � L $ji �V��(lk+�nm L $oip O
where��(lk is thelatency, m L $ji , is themessagesize,and

p
is thebandwidth.

However, for many of today’s computerarchitectures,bandwidthis givenby at leasttwo con-
tributions: nodebandwidth,andnetwork bandwidth.Nodebandwidthis thebandwidthof the
connectionfrom theCPUto thenetwork. If two computerscommunicatewith eachother, this
is the maximumbandwidththey canreach. For that reason,this is sometimesalsocalledthe
“point-to-point” bandwidth.

Thenetwork bandwidthis givenby thetechnologyandtopologyof thenetwork. Typical tech-
nologiesare10Mbit Ethernet,100Mbit Ethernet,FDDI, etc.Typicaltopologiesarebustopolo-
gies,switchedtopologies,two-dimensionaltopologies(e.g.grid/torus),hypercubetopologies,
etc. A traditionalLocal Area Network (LAN) uses10 Mbit Ethernet,andit hasa sharedbus
topology. In a sharedbus topology, all communicationgoesover thesamemedium;that is, if
severalpairsof computerscommunicatewith eachother, they have to sharethebandwidth.

For example,in our 100 Mbit FDDI network (i.e. a network bandwidthof
p M/q k �r�s.-. Mbit)

at Los AlamosNationalLaboratory, we foundnodebandwidthsof about
p M/K ��7�. Mbit. That

meansthat two pairsof computerscouldcommunicateat full nodebandwidth,i.e. using80 of
the100Mbit/sec,while threeor morepairswerelimited by thenetwork bandwidth.For exam-
ple,fivepairsof computerscouldmaximallyget �s.-.th/ u��,/. Mbit/seceach.

A switchedtopologyis similar to abustopology, exceptthatthenetwork bandwidthis givenby
thebackplaneof theswitch. Often, thebackplanebandwidthis high enoughto have all nodes
communicatewith eachotherat full nodebandwidth,andfor practicalpurposesonecanthus
neglectthenetwork bandwidtheffect for switchednetworks.

If computersbecomemassively parallel,switcheswith enoughbackplanebandwidthbecome
tooexpensive. As acompromise,suchsupercomputersusuallyuseacommunicationstopology
wherecommunicationto “nearby” nodescanbe doneat full nodebandwidth,whereasglobal

5For simplicity, we do not differentiatebetweenCPUsandcomputationalnodes.Computationalnodescanhave
morethanoneCPU— anexampleis a network of coupledPCswhereeachPChasDualCPUs.
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communicationsuffers someperformancedegradation. Sincewe partition our traffic simula-
tionsin a way thatcommunicationis local,we canassumethatwe do communicationwith full
nodebandwidthon a supercomputer. That is, on a parallelsupercomputer, we canneglect the
contribution comingfrom the

p Mvq k -term. This assumes,however, that the allocationof street
network partitionsto computationalnodesis donein someintelligent way which maintains
locality.

As a resultof thisdiscussion,we assumethatthecommunicationtimepertimestepis��P LGL RS�
TX�w#%$ox � Z \)y M � RS�
Tt�
(!k0� #%$*&�(oRS�
T� m � M/Kp M/K �z#%$*&)(oRS��T m � MvKp M/q k e O
which will beexplainedin thefollowing paragraphs.#;$jx � is thenumberof sub-time-steps.As
discussedin Sec.4, we do two boundaryexchangespertime step,thus #;$jx � �g, for the1999
TRANSIMSmicro-simulationimplementation.y M � is thenumberof neighbordomainseachCPUtalks to. All informationwhich goesto the
sameCPU is collectedandsentasa singlemessage,thusincurring the latency only onceper
neighbordomain.For �{�|� , y M � is zerosincethereis no otherdomainto communicatewith.
For �}�~, , it is one. For �}� � andassumingthat domainsarealwaysconnected,Euler’s
theoremfor planargraphssaysthattheaveragenumberof neighborscannotbecomemorethan
six. Basedon asimplegeometricargument,we usey M � RS�
TU�C,�R���� � 9 ��T
R�� � 9 ��T�h�� O
whichcorrectlyhas

y M � R���TG�w. and
y M � ��� for ����� . NotethattheMETIS library for graph

partitioning(Sec.6) doesnotnecessarilygenerateconnectedpartitions,makingthispotentially
morecomplicated.��(lk is the latency (or start-uptime) of eachmessage.�
(!k between0.5 and2 millisecondsare
typical valuesfor PVM on aLAN [15, 41].

Next are the termsthat describeour two bandwidtheffects. #;$'&)(oRS�
T is the numberof split
links in the whole simulation;this wasalreadydiscussedin Sec.6 (seeFig. 6). Accordingly,#%$'&)(oRS�
T�h�� is thenumberof split links percomputationalnode. m � M/K is thesizeof themessage
persplit link.

p M/K and
p M/q k arethenodeandnetwork bandwidths,asdiscussedabove.

In consequence,thecombinedtime for onetimestepis�%RS�
TX� �:Y� \ ����^/`badc-RS�
T���^ K�LGM RS�
Tbeu��#;$jx � Z0� y M � RS�
Tt��(lk0� #;$'&)(oRS�
T� m � M/Kp MvK �=#%$*&�(jRS�
TUm � M/Kp M/q k�� �
According to what we have discussedabove, for �C� � the numberof neighborsscalesasy M � <��8� y�� � andthenumberof split links in the simulationscalesas #%$*&�(]< � � . In conse-
quencefor ^ `badc and ^ K�LQM smallenough,we have:� for asharedor bustopology,

p Mvq k is relatively smallandconstant,andthus�;RS��TU< �� �w�G� �� � �V� ����� ���� for aswitchedor aparallelsupercomputertopology, we assume
p Mvq k �C� andobtain�;RS�
TU< �� �w�Q� �� � �����
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Thus, in a sharedtopology, addingCPUswill eventually increasethe simulationtime, thus
makingthesimulationslower. In anon-sharedtopology, addingCPUswill eventuallynotmake
the simulationany faster, but at leastit will not be detrimentalto computationalspeed.The
dominanttermin asharedtopologyfor ����� is thenetwork bandwidth;thedominanttermin
anon-sharedtopologyis thelatency.

The curvesin Fig. 11 areresultsfrom this predictionfor a switched100Mbit EthernetLAN;
dotsandcrossesshow actualperformanceresults.The top graphshows the time for onetime
step,i.e. �;RS�
T , andtheindividual contributionsto this value. Thebottomgraphshows thereal
time ratio (RTR) � � � RS�
T N � � ��%RS�
T � � � J ��;RS��T O
which sayshow muchfasterthanreality thesimulationis running. � � is thedurationa simula-
tion time step,which is � � J � in TRANSIMS-1999.Thevaluesof thefreeparametersare:� Hardware-dependentparameters. Weassumethattheswitchhasenoughbandwidthso

that the effect of
p Mvq k is negligeable. Otherhardwareparametersare ��(lkI��.B�!� ms andp MvK �C /. Mbit/s.6� Implementation-dependentparameters. The numberof messageexchangesper time

stepis #%$jx � ��, .� Scenario-dependentparameters. Exceptwhennoted,our performancepredictionsand
measurementsreferto thePortland20024links network. Weuse,for thenumberof split
links, #%$'&)(oRS�
TX���87�. Z �+132 4�5 9 �87�. , asexplainedin Sec.6.� Other Parameters. The messagesizedependson the plansformat (which dependson
thesoftwaredesignandimplementation),on thetypicalnumberof links in aplan,andon
the frequency per link of vehiclesmigratingfrom oneCPU to another. We use m � MvK �,/.-.��;��� J � . This is an averagenumber;it includesall the informationthat needsto be
sentwhen a vehiclemigratesfrom one CPU to another. The new TRANSIMS multi-
modalplansformat easilyhas200 entriesper driver andtrip, resultingin 800 bytesof
information just for the plan. In addition, there is information aboutthe vehicle (ID,
speed,maximumacceleration,etc.);however, not in every timestepavehicleis migrated
acrossa boundaryon every split link. In principleit is however possibleto compressthe
plansinformation,so improvementsarepossibleherein the future. Also, we have not
explicitely modelledsimulationoutput,which is indeeda performanceissueon Beowulf
clusters.

Theseparameterswereobtainedin the following way: First, we obtainedplausiblevaluesvia
systematiccommunicationtestsusingmessagessimilar to the onesusedin the actualsimula-
tion [15]. Then,we ranthesimulationwithout any vehicles(seebelow) andadaptedourvalues
accordingly. Runningthesimulationwithoutvehiclesmeansthatwehaveamuchbettercontrol
of m � M/K . In practice,themainresultof this stepwasto set ��( � k to 0.8 msec,which is plausible
whencomparedto thehardwarevalueof 0.5 msec.Last,we ranthesimulationswith vehicles
andadjustedm � M/K to fit thedata.— In consequence,for theswitched100Mbit Ethernetconfig-
urations,within thedatarangeourcurvesaremodelfits to thedata.Outsidethedatarangeand
for otherconfigurations,thecurvesaremodel-basedpredictions.

6Our measurementshave consistentlyshown that nodebandwidthsare lower thannetwork bandwidths.Even
CISCOitself specifies148000packets/sec,which translatesto about75 Mbit/sec,for the100Mbit switch thatwe
use.
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Theplot (Fig. 11) shows thatevensomethingasrelatively profaneasa combinationof regular
PentiumCPUsusingaswitched100MbitEthernettechnologyis quitecapablein reachinggood
computationalspeeds.For example,with 16 CPUsthe simulationruns40 times fasterthan
real time; thesimulationof a 24 hour time periodwould thustake 0.6 hours. Thesenumbers
refer, assaidabove, to thePortland20024links network. Includedin theplot (blackdots)are
measurementswith a computeclusterthatcorrespondsto this architecture.The triangleswith
lowerperformancefor thesamenumberof CPUscomefrom usingdualinsteadof singleCPUs
on thecomputationalnodes.Note that thecurve levelsout at aboutforty timesfasterthanreal
time, no matterwhat thenumberof CPUs. As onecanseein the top figure, the reasonis the
latency term,which eventuallyconsumesnearlyall the time for a time step.This is oneof the
importantelementswhereparallelsupercomputersaredifferent:For exampletheCrayT3D has
amorethana factorof tenlower latency underPVM [41].

As mentionedabove,wealsoranthesamesimulationwithoutany vehicles.In theTRANSIMS-
1999 implementation,the simulationsendsthe contentsof eachCA boundaryregion to the
neighboringCPU even whenthe boundaryregion is empty. Without compression,this is five
integersfor five sites,times the numberof lanes,resultingin about40 bytesper split edge,
which is considerablylessthanthe 800 bytesfrom above. The resultsareshown in Fig. 12.
Shown are the computingtimes with 1 to 15 single-CPUslaves, and the correspondingreal
time ratio. Clearly, we reachbetterspeed-upwithout vehiclesthanwith vehicles(compareto
Fig. 11). Interestingly, this doesnot matterfor themaximumcomputationalspeedthat canbe
reachedwith this architecture:Both with andwithout vehicles,themaximumreal time ratio is
about80; it is simply reachedwith a highernumberof CPUsfor thesimulationwith vehicles.
The reasonis that eventuallythe only limiting factor is the network latency term, which does
nothave anything to do with theamountof informationthatis communicated.

Fig. 13 (top) shows somepredictedreal time ratios for other computingarchitectures.For
simplicity, weassumethatall of themexceptfor onespecialcaseexplainedbelow usethesame
500 MHz Pentiumcomputenodes. The differenceis in the networks: We assume10 Mbit
non-switched,10 Mbit switched,1 Gbit non-switched,and1 Gbit switched. The curves for
100 Mbit are in betweenandwereleft out for clarity; valuesfor switched100 Mbit Ethernet
werealreadyin Fig. 11. Oneclearlyseesthat for this problemandwith today’s computers,it
is nearlyimpossibleto reachany speed-upon a 10 Mbit Ethernet,even whenswitched. Gbit
Ethernetis somewhatmoreefficient than100Mbit Ethernetfor smallnumbersof CPUs,but for
larger numbersof CPUs,switchedGbit Ethernetsaturatesat exactly the samecomputational
speedasthe switched100 Mbit Ethernet.This is dueto the fact that we assumethat latency
remainsthe same– after all, therewasno improvementin latency whenmoving from 10 to
100Mbit Ethernet.FDDI is supposedlyevenworse[41].

The thick line in Fig. 13 correspondsto the ASCI Blue Mountainparallel supercomputerat
Los AlamosNationalLaboratory. On a per-CPUbasis,this machineis slower thana 500MHz
Pentium. The higher bandwidthand in particularthe lower latency make it possibleto use
highernumbersof CPUsefficiently, and in fact oneshouldbe ableto reacha real time ratio
of 128accordingto this plot. By then,however, thegranularityeffect of theunequaldomains
(Eq.(1), Fig.8) wouldhavesetin, limiting thecomputationalspeedprobablyto about100times
realtimewith 128CPUs.Weactuallyhavesomespeedmeasurementsonthatmachinefor up to
96 CPUs,but with a considerablyslower codefrom summer1998.We omit thosevaluesfrom
theplot in orderto avoid confusion.

Fig. 13 (bottom)shows predictionsfor thehigherfidelity Portland200000links network with
the samecomputerarchitectures.The assumptionwasthat the time for onetime step,i.e. �:Y
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of Eq. (3), increasesby a factorof eight dueto the increasedload. This hasnot beenverified
yet. However, thegeneralmessagedoesnot dependon theparticulardetails:Whenproblems
becomelarger, thenlargernumbersof CPUsbecomemoreefficient. Notethatweagainsaturate,
with theswitchedEthernetarchitecture,at 80 timesfasterthanrealtime,but this time we need
about64 CPUswith switchedGbit Ethernetin orderto get40 timesfasterthanrealtime — for
thesmallerPortland20024links network with switchedGbit Ethernetwe would need8 of the
sameCPUsto reachthesamerealtime ratio. In shortandsomewhatsimplified: As long aswe
haveenoughCPUs,wecanmicro-simulateroadnetworksof arbitrarily largesize, with hundreds
of thousandsof links andmore, 40 times fasterthan real time, even without supercomputer
hardware. — Basedon our experience,we areconfidentthat thesepredictionswill be lower
boundsonperformance:In thepast,wehavealwaysfoundwaystomakethecodemoreefficient.

9 Speed-upand efficiency

Wehave castour resultsin termsof therealtime ratio,sincethis is themostimportantquantity
whenonewantsto geta practicalstudydone.In this section,we will translateour resultsinto
numbersof speed-up,efficiency, andscale-up,which allow easiercomparisonfor computing
people.

Let usdefinespeed-upas m RS��T N � �;R���T�;RS�
T�O
where � is againthe numberof CPUs, �;R���T is the time for one time-stepon oneCPU, and�%RS�
T is the time for one time stepon � CPUs. Dependingon the viewpoint, for �;R���T one
useseither the runningtime of the parallelalgorithmon a singleCPU,or the fastestexisting
sequentialalgorithm. SinceTRANSIMS hasbeendesignedfor parallelcomputingandsince
thereis nosequentialsimulationwith exactly thesameproperties,�;R���T will betherunningtime
of theparallelalgorithmon a singleCPU.For time-steppedsimulationssuchasusedhere,the
differenceis expectedto besmall.7

Now noteagainthat the real time ratio is

� � � RS�
T �¡� � J �sh��%RS�
T¢� Thus,in orderto obtainthe
speed-upfrom thereal time ratio, onehasto multiply all real time ratiosby �;R���T�hBR�� � J �)T . On
a logarithmicscale,a multiplication correspondsto a linear shift. In consequence,speed-up
curvescanbeobtainedfrom our realtime ratiocurvesby shifting thecurvesup or down sothat
they startat one.

Thisalsomakesit easyto judgeif ourspeed-upis linearor not. For examplein Fig. 13bottom,
the curve which startsat 0.5 for 1 CPU shouldhave an RTR of 2 at 4 CPU, an RTR of 8 at
16 CPUs,etc. Downwarddeviationsfrom this meansub-linearspeed-up.Suchdeviationsare
commonlydescribedby anothernumber, calledefficiency, anddefinedas£ RS��T N � �;R���T�h���;RS�
T �
Fig. 14 containsan example. Note that this numbercontainsno new information; it is just a
re-interpretation.Also notethat in our logarithmicplots,

£ RS��T will just bethedifferenceto the
diagonal�¤�;R���T . Efficiency canpoint outwhereimprovementswouldbeuseful.

7An event-driven simulationcould be a counter-example: Dependingon the implementation,it could be ex-
tremelyfastona singleCPUup to mediumproblemsizes,but slow ona parallelmachine.
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10 Other modules

As explainedin theintroduction,amicro-simulationin asoftwaresuitefor transportationplan-
ning would have to be run many times(“feedbackiterations”)in orderto achieve consistency
betweenmodules. For the microsimulationalone,and assumingour 16 CPU-machinewith
switched100Mbit Ethernet,wewouldneedabout30hoursof computingtimein orderto simu-
late24hoursof traffic fifty timesin arow. In addition,wehave thecontributionsfrom theother
modules(routing,activitiesgeneration).In thepast,thesehaveneverbeenalargerproblemthan
themicro-simulation,for severalreasons:� The algorithmsof the other modulesby themselves did significantly lesscomputation

thanthemicro-simulation.� Evenwhey thesealgorithmsstartusingconsiderableamountsof computertime, they are
“tri vially” parallelizableby simplydistributing thehouseholdsacrossCPUs.8� In addition,duringtheiterationswenever replanmorethanabout10%of thepopulation,
saving additionalcomputertime.

In consequence,we areconfidentthat onegoal that TRANSIMS originally startedwith — to
make it runon hardwarethatwill becomeaffordable— is within reach.

11 Summary

This paperexplains the parallel implementationof the TRANSIMS micro-simulation. Since
othermodulesarecomputationallylessdemandingandalsosimplerto parallelize,theparallel
implementationof the micro-simulationis the most importantandmostcomplicatedpieceof
parallelizationwork. The parallelizationmethodfor the TRANSIMS micro-simulationis do-
maindecomposition,that is, thenetwork graphis cut into asmany domainsasthereareCPUs,
andeachCPUsimulatesthetraffic on its domain.Wecut thenetwork graphin themiddleof the
links ratherthanat nodes(intersections),in orderto separatethetraffic dynamicscomplexity at
intersectionsfrom thecomplexity of theparallelimplementation.We explain how thecellular
automata(CA) or any techniquewith asimilar timedepencency schedulinghelpsto designsuch
split links, andhow themessageexchangein TRANSIMS works.

Thenetwork graphneedsto bepartitionedinto domainsin a way that thetime for messageex-
changeis minimized.TRANSIMSusestheMETIS library for thisgoal.Basedonpartitionings
of two differentnetworks of Portland(Oregon), we calculatethe numberof CPUswherethis
approachwould becomeinefficient just dueto this criterion. For a network with 200000links,
we find that dueto this criterion alone,up to 1024CPUswould be efficient. We alsoexplain
how the TRANSIMS micro-simulationadaptsthe partitionsfrom one run to the next during
feedbackiterations(adaptive loadbalancing).

We finally demonstratehow computingtime for theTRANSIMS micro-simulation(andthere-
fore for all of TRANSIMS) canbe systematicallypredicted. An importantresult is that the
Portland20024 links network runsabout40 timesfasterthanreal time on 16 dual 500 MHz
Pentiumcomputersconnectedvia switched100Mbit Ethernet.Theseareregulardesktop/LAN

8This is possiblebecauseof thespecificpurposeTRANSIMS is designedfor. In real time applications,where
absolutespeedbetweenrequestandresponsematters,thesituationis different[42].
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technologies.Whenusingthenext generationof communicationstechnology, i.e.Gbit Ethernet,
wepredictthesamecomputingspeedfor amuchlargernetwork of 200000links with 64CPUs.
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Figure1: Domaindecompositionof transportationnetwork. Left: Globalview. Right: View of
a slave CPU.The slave CPU is only awareof the part of the network which is attachedto its
local nodes.This includeslinks whicharesharedwith neighbordomains.
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Figure2: Distributedlink.
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At beginning of time step:

CPU 1

CPU 2

CPU 1

CPU 2

After lane changes:

CPU 1

CPU 2

After boundary exchanges (parallel implementation):

CPU 1

CPU 2

CPU 1

CPU 2

After movements:

After 2nd exchange of boundaries:

Figure3: Exampleof parallellogic of a split link with two lanes.Thefigureshows thegeneral
logic of onetime step. Rememberthat with a split link, oneCPU is responsiblefor onehalf
andanotherCPUis responsiblefor theotherhalf. Thesetwo halvesareshown separatelybut
correctly lined up. The dottedpart is the “boundaryregion”, which is wherethe link stores
informationfrom theotherCPU.Thearrows denotewheninformationis transferredfrom one
CPUto theothervia boundaryexchange.
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Figure4: TRANSIMS macroscopic(emergent)traffic flow characteristics.(a) 1-lanefreeway.
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signalthatis 30 secredand30secgreen,scaledto hourlyflow rates.
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Figure5: Orthogonalbi-sectionfor Portland20024links network.
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Figure6: Numberof split links asa functionof thenumberof CPUs.Thetop curve shows the
resultof orthogonalbisectionfor the200000links network. Themiddlecurve shows theresult
of METIS for thesamenetwork – clearly, theuseof METIS resultsin considerablyfewer split
links. Thebottomcurveshowstheresultfor thePortland20024links network whenagainusing
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Figure7: Partitioningby METIS. Compareto Fig. 5.
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Figure8: Top: Theoreticalefficiency for Portlandnetwork with 20024 links. Bottom: Theo-
reticalefficiency for Portlandnetwork with 200000links. “OB” refersto orthogonalbisection.
“METIS (k-way)” refersto anoptionin theMETIS library.
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Figure9: Partitioningafteradaptive loadbalancing.Compareto Fig. 5.
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Figure 11: 100 Mbit switchedEthernetLAN. Top: Individual time contributions. Bottom:
CorrespondingRealTimeRatios.Theblackdotsreferto actuallymeasuredperformancewhen
usingoneCPUperclusternode;thecrossesreferto actuallymeasuredperformancewhenusing
dualCPUspernode(the ¯ -axisstill denotesthenumberof CPUsused).Thethick curve is the
predictionaccordingto themodel.Thethin linesshow theindividual time contributionsto the
thick curve.
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Figure 12: 100 Mbit switchedEthernetLAN; simulationwithout vehicles. Top: Individual
time contributions. Bottom: CorrespondingRealTime Ratios.Thesameremarksasto Fig. 11
apply. In particular, black dotsshow measuredperformance,whereascurvesshow predicted
performance.
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Figure13: Predictionsof realtime ratio for othercomputerconfigurations.Top: With Portland
EMME/2 network (20024links). Bottom:With PortlandTIGERnetwork (200000links). Note
that for the switchedconfigurationsand for the supercomputer, the saturatingreal time ratio
is the samefor both network sizes,but it is reachedwith different numbersof CPUs. This
behavior is typical for parallel computers:They are particularly good at running larger and
largerproblemswithin thesamecomputingtime. — All curvesin bothgraphsarepredictions
from our model. We have someperformancemeasurementsfor theASCI maschine,but since
they weredonewith anolderandslower versionof thecode,they areomittedin orderto avoid
confusion.

31



0.0001

0.001

0.01

0.1

1

1 4 16 64 256 1024

ef
fic

ie
nc

y

number of CPUs

Portland TIGER network (200 000 links)

ASCI Blue Mountain parallel supercomputer
Gbit switched

Gbit non-switched
10 Mbit switched

10 Mbit non-switched

Figure14: Efficiency for the sameconfigurationsas in Fig. 13 bottom. Note that the curves
containexactly thesameinformation.

32


