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Abstract

Thispaperescribesheparallelimplementatiorof the TRANSIMStraffic micro-simulation.
The parallelizationmethodis domaindecompositionwhich meansthateachCPU of the
parallelcomputeris responsibldor a differentgeographicabreaof the simulatedregion.
We describehow informationbetweendomainsis exchangedandhow the transportation
network graphis partitioned.An adaptve schemeds usedto optimizeloadbalancing.

We thendemonstraténow computingspeedf our parallelmicro-simulationscanbe
systematicallypredictedoncethe scenaricandthe computerarchitectureareknown. This
makesit possible for example,to decideif a certainstudyis feasiblewith a certaincom-
puting budget,and how to investthat budget. The mainingredientsof the predictionare
knowledgeabouttheparallelimplementatiorof the micro-simulationknowledgeaboutthe
characteristicsf thepartitioningof thetransportatiometwork graph,andknowledgeabout
the interactionof thesequantitieswith the computersystem.In particular we investigate
thedifferencedetweerswitchedandnon-switchedopologies andthe effectsof 10 Mbit,
100 Mbit, andGbit Ethernet.

As oneexample we show thatwith acommontechnology-100Mbit switchedEthernet
—onecanrun the20000-link EMME/2-network for Portland(Oregon)morethan20 times
fasterthanrealtime on 16 coupledPentiumCPUs.

Keywords: Traffic simulation,parallelcomputing transportatiorplanning

1 Intr oduction

It is by now widely acceptedhatit is worth investigatingf the microscopicsimulationof large
transportatiorsystemd1, 2] is a usefuladditionto the existing setof tools. By “microscopic”
we meanthatall entitiesof the system- travelers,vehicles,traffic lights, intersectionsetc. —
arerepresentedsindividual objectsin the simulation[3, 4, 5, 6, 7, 8].
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The conceptuabhdwantageof a micro-simulationis thatin principle it canbe madearbitrarily
realistic. Indeed,microscopicsimulationshave beenusedfor mary decadegor problemsof
relatively smallscale suchasintersectiordesignor signalphasing.Whatis new is thatit is now
possibleto usemicroscopicsimulationsalsofor really large systemssuchaswholeregionswith
severalmillions of travelers.At the heartof this areseveral corverging developments:

1. Theadwentof fastdesktopworkstations.

2. The possibility to connectmary of theseworkstationsto parallel supercomputerghus
multiplying the availablecomputingpower. Thisis particularlyattractve for agent-based
transportatiorsimulationssincethey do not benefitfrom traditionalvectorsupercomput-
ers.

3. In ourview, thereis athird obserationthatis paramounto make theseapproachework:
mary aspectf a “correct” macroscopidehaior canbe obtainedwith rathersimple
microscopicaules.

Thethird point canactuallybe rigorously proven for somecases.For example,in physicsthe
ideal gasequation,pV = mRT, canbe derived from particleswithout ary interaction,i.e.
they move througheachother For traffic, onecanshav thatrathersimplemicroscopicmodels
generateertainfluid-dynamicalequationdor traffic flow [9].

In consequencdor situationswhereoneexpectsthatthefluid-dynamicalrepresentationof traf-

fic is realisticenoughfor the dynamicsbut onewantsaccesgo individual vehicles/dwers/...,
a simplemicroscopicsimulationmay be the solution. In additionto this, with the microscopic
approacthit is alwayspossibleto male it morerealisticat somelaterpoint. Thisis muchharder
andsometimesmpossiblewith macroscopienodels.

TheTRANSIMS (TRansportatiodNalysisandSIMulationSystemrojectat Los AlamosNa-
tional Laboratory[2] is sucha micro-simulationproject,with the goalto usemicro-simulation
for transportatiorplanning. Transportatiorplanningis typically donefor large regional areas
with severalmillions of travelers,andit is donewith 20 yeartime horizons.Thefirst meanghat,
if wewantto doamicro-simulatiorapproachye needto beableto simulatelarge enoughareas
fastenough. The secondneanghatthe methodologyneedsto be ableto pick up aspectdike
inducedtravel, wherepeoplechangetheir activities andmaybetheir homelocationsbecausef
changedmpedance®f the transportatiorsystem. As an answey TRANSIMS consistsof the
following modules:

¢ Population generation Demographidatais disaggrgatedsothatwe obtainindividual
householdsand individual householdmemberswith certaincharacteristicssuchas a
streetaddresscarownership,or householdncome[10].

e Activities generation For eachindividual, a setof actwvities andactiity locationsfor a
dayis generatedl1, 12].

e Modal and route choice For eachindividual, modesandroutesaregeneratedhatcon-
nectactvities at differentlocations[13].

e Traffic micro-simulation. Up to here,all individualshave madeplansabouttheirbeha-
ior. The traffic micro-simulationexecutesall thoseplanssimultaneously In particular



we now obtainthe resultof interactionsbetweerthe plans— for examplecongestiort.

As is well known, suchan approachneedsto make the modulesconsistentwith eachother:
For example, plansdependon congestion,but congestiondependson plans. A widely ac-
ceptedmethodto resole thisis systematiaelaxation[6] — thatis, make preliminaryplans,run
the traffic micro-simulation,adaptthe plans,run the traffic micro-simulationagain,etc., until
consisteng betweermodulesis reached The methodis somavhat similar to the Frank-Wblfe-
algorithmin staticassignment.

The reasonwhy this is importantin the context of this paperis thatit meansthat the micro-
simulationneedgo berun morethanonce—in our experienceaboutfifty timesfor arelaxation
from scratcH15, 16]. In consequence computingtime thatmaybeacceptabldéor asinglerun
is nolongeracceptabldor sucharelaxationseries- thusputtinganevenhigherdemandn the
technology

This canbe mademoreconcreteby the following aguments:

e Thenumberof “aboutfifty” iterationswasgainedfrom systematicomputationakxper
imentsusinga scenarian Dallas/Fort Worth. In fact, for routeassignmenalone,about
twenty iterationsare probablysufiicient [15, 16], but if onealsoallows for otherbeha-
ioral changesmoreiterationsare needed17]. The numbersbecomeplausiblevia the
following amgument:Sincerelaxationmethodsely on the factthatthe situationdoesnot
changetoo muchfrom oneiterationto the next, changesave to be small. Empirically;
changingmore than 10% of the travellers sometimedeadsto strongfluctuationsaway
from relaxation[15, 16]. A replanningfractionof 10% meanghatwe need10 iterations
in orderto replaneachtraveller exactly once;andsinceduringthefirst coupleof iterations
travellersreactto non-relaxdtraffic patternswe will have to replanthosea secondime,
resultingin 15-20iterations.Neverthelessfutureresearchwill probablyfind methodgo
decreas¢he numberof iterations.

e We assumdhatresultsof a scenariarun shouldbe availablewithin a few days,saytwo.
Otherwiseesearctecomedrustratinglyslow, andwewould assumehatthesamdstrue
in practicalapplications Assumingfurtherthatwe areinterestedn 24 hourscenariosand
disrggardingcomputingtime for othermodulesbesideghe microsimulation this means
thatthe simulationneeddo run 25 timesfasterthanrealtime.

We will shaw in this paperthatthe TRANSIMS microsimulationindeedcanbe run with this
computationabpeedandthat, for certainsituations this caneven be doneon relatively mod-
esthardware. By “modest”we meana clusterof 10-20standard?Csconnectedvia standard
LAN technology(Beowulf cluster).We find thatsucha machineis affordablefor mostuniver-
sity engineeringdepartmentsandwe alsolearnfrom peopleworking in the commercialsector
(mostly outsidetransportation}hatthis is not a problem.In consequencé,RANSIMS canbe
usedwithout accesdo a supercomputerAs mentionedbefore, it is beyond the scopeof this
paperto discusdor which problemsa simulationasdetailedasTRANSIMS is really necessary
andfor which problemsa simplerapproachmight be suficient.

LIt is sometimesarguedthat TRANSIMS is unnecessarilyealistic for the questionsit is supposedo answer
Although we tendto sharethe sameintuition (see,for example,our work on the so-calledqueuemodel[14]), we
think that this needsto be evaluatedsystematically We also expectthat the answerwill dependon the precise
question:It will be possibleto answercertainquestionswith very simple models,while otherquestionsnay need
muchmorerealisticmodels.



This paperwill concentrateon the microsimulationof TRANSIMS. The other modulesare
important,but they arelesscritical for computing(seealsoSec.10). We startwith adescription
of the mostimportantaspectf the TRANSIMS driving logic (Sec.3). The driving logic is

designedn a way thatit allows domaindecompositiorasa parallelizationstratgy, which is

explainedin Sec.4. We thendemonstrat¢hattheimplementediriving logic generatesealistic
macroscopidraffic flow. Onceone knows that the microsimulationcan be partitioned,the
guestionbecomesow to partitionthe streetnetwork graph. This is describedn Sec.6. Sec.7

discussedov we adaptthe graphpartitioningto the differentcomputationaloadscausedoy

differenttraffic on differentstreets. Theseandadditionalagumentsarethenusedto develop
a methodologyfor the predictionof computingspeedgSec.8). This s ratherimportant,since
with this one canpredictif certaininvestmentsn ones computersystemwill malke it possible
to run certainproblemsor not. We thenshortly discusswvhatall this meandor completestudies
(Sec.10). Thisis followed by a summary

2 Relatedwork

As mentionedabore, micro-simulationof traffic, thatis, the individual simulationof eachve-
hicle, hasbeendonefor quite sometime (e.g.[18]). A prominentexampleis NETSIM [3, 4],
which wasdevelopedin the 70s. Newer modelsare, e.g.,the Wiedemann-moddl9], INTE-
GRATION [5], MITSIM [6], HUTSIM [7], or VISSIM [8].

NETSIM waseventried on a vectorsupercomputej20], without a real break-throughin com-
putingspeedsBut, aspointedoutearlier ultimatelytheinherentstructureof agent-basehicro-
simulationis at oddswith the computerarchitectureof vectorsupercomputergndsonot much
progresswvas madeon the supercomputingend of micro-simulationsuntil the parallel supef
computershecameavailable. One shouldnote that the programmingmodel behindso-called
SinglelnstructionMultiple Data(SIMD) parallelcomputerss very similar to the oneof vector
supercomputerandthusalsoproblematicfor agent-basedimulations.In this paper whenwe
talk aboutparallelcomputersye meanin all casesMultiple InstructionMultiple Data(MIMD)
machines.

Early useof parallel computingin the transportationcommunity includesparallelizationof
fluid-dynamicalmodelsfor traffic [21] and parallelizationof assignmenmodels[22]. Early
implementation®f parallelmicro-simulationcanbefoundin [23, 24, 25].

It is usually easierto make an efficient parallelimplementationfrom scratchthanto port ex-

isting codesto a parallel computer Maybe for that reason,early traffic agent-basedraffic

micro-simulationsvhich usedparallelcomputersverecompletelynew designsandimplemen-
tations[1, 2, 25, 24]. All of theseusedomaindecompositiorastheir parallelizationstrateyy,

which meanghatthepartitionthe network graphinto domainsof approximatelyequalsize,and
theneachCPU of the parallelcomputelis responsibldor oneof thesedomains.It is maybeno
surprisethatthe first threeuse, at leastin their initial implementationsomecellular structure
of their roadrepresentationsincethis simplifiesdomaindecompositionaswill be seenlater

Besidesthe large body of work in the physicscommunity(e.g.[26]), such“cellular” models
alsohave sometraditionin thetransportatiocommunity[18, 27].

Notethatdomaindecompositioris ratherdifferentfrom afunctionalparalleldecompositionas
for exampledoneby DYNAMIT/MITSIM [6]. A functionaldecompositioomeanghatdifferent
modulescanrun on differentcomputers.For example,the micro-simulationcould run on one
computerwhile anon-lineroutingmodulecouldrun onanothercomputer While thefunctional

4



decompositioris someavhat easierto implementand alsois lessdemandingon the hardware
to be efficient, it alsoposesa severe limitation on the achievable speed-up.With functional
decompositionthe maximally achiezable speed-ugs the numberof functionalmodulesone
cancomputesimultaneously- for examplemicro-simulation,router demandgeneration]TS
logic computationgetc. Undernormalcircumstancespne probablydoesnot have morethana
handfulof thesefunctionalmoduleghatcantruly benefitfrom parallelexecution restrictingthe
speed-upo five or less. In contrastaswe will seethe domaindecompositiorcan,on certain
hardware,achieze amorethan100-foldincreaseén computationaspeed.

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

3 Micr osimulation driving logic

The TRANSIMS-199¢ microsimulatiorusesa cellularautomatgCA) techniqueor represent-
ing driving dynamics(e.g.[9]). Theroadis dividedinto cells, eachof alengththata caruses
up in ajam —we currentlyuse7.5 meters.A cell is eitherempty or occupiedby exactly one
car Movementtakes placeby hoppingfrom onecell to another;differentvehicle speedsare
representethy differenthoppingdistancesUsing onesecondasthetime stepworkswell (be-
causeof reaction-timeagumentg31]); thisimpliesfor examplethata hoppingspeedf 5 cells
pertime stepcorrespond$o 135km/h. Thismodels‘car following”; therulesfor carfollowing
in the CA are: (i) linear acceleratiorup to maximumspeedf no caris aheadjii) if acaris
aheadthenadjustvelocity sothatit is proportionalto the distancebetweerthe cars(constant
time headvay); (iii) sometimederandomlysloverthanwhatwould resultfrom (i) and(ii).

Lanechangings doneaspuresidevaysmovementin asub-time-stefpeforetheforwardsmove-
mentof the vehicles,i.e. eachtime-stepis subdvided into two sub-time-stepsThe first sub-
time-stepis usedfor lanechangingwhile the secondsub-time-stejis usedfor forward motion.
Lane-changingulesfor TRANSIMS aresymmetricandconsistof two simpleelementsDecide
thatyou wantto changdanes,andcheckif thereis enoughgapto “getin” [32]. A “reasonto
changelanes”is eitherthat the otherlaneis faster or that the driver wantsto make a turn at
the endof the link andneedsto getinto the correctlane. In the latter case the acceptedyap
decreasewith decreasinglistancdo theintersectionthatis, thedriverbecomesnoreandmore
desperate.

Two otherimportantelementof traffic simulationsaresignalizedturnsandunprotectedurns.
Thefirst of thoseis modeledby essentiallyputtinga“virtual” vehicleof maximumvelocity zero
attheendof thelanewhenthetraffic light is red,andto remove it whenit is green.Unprotected
turnsgetmodeledvia “gap acceptance”Thereneedso be a large enoughgapon the priority
streetfor the carfrom the non-priority streetto 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 macroscopi@pproachor
the speectalculation.It is mentionedherebecaus®f the parallelizatioreffort.

3Therearetwo versionsof TRANSIMS with thenumber1.0": Onefrom 1997 ,“TRANSIMS Releasd..0” [29],
andonefrom 1999, “TRANSIMS—LANL-1.0" [30]. Sincel1997, mary featureshave beenadded,suchas public
transitwith a differentdriving logic, or the option of using continuouscorrectionsto the cellular structure. For
the purposef this paper the differencesare not too important,exceptthat computationaperformancevas also
considerablyincreased.



paper It canbefoundin Refs.[34, 30].

4 Micr o-simulation parallelization: Domain decomposition

An importantadwantageof the CA is thatit helpswith the designof a parallelandlocal simu-
lation update thatis, the stateat time stept + 1 dependsnly on informationfrom time step
t, andonly from neighboringcells. (To be completelycorrect,onewould have to considerour
sub-time-steps.rhis meanghat domaindecompositiorfor parallelizationis straightforvard,
sinceone cancommunicatehe boundariedor time stept, thenlocally on eachCPU perform
theupdatefrom ¢ to ¢ + 1, andthenexchangeboundaryinformationagain.

Domaindecompositionmeanghatthe geographicategionis decomposeihto seseraldomains
of similarsize(Fig. 1), andeachCPU of the parallelcomputercomputeghe simulationdynam-

icsfor oneof thesedomains.Traffic simulationdulfill two conditionswhichmalethisapproach
efficient:

e Domainsof similar size: The streetnetwork canbe partitionedinto domainsof similar

size. A realisticmeasurdor sizeis theaccumulatedengthof all streetsassociateavith a
domain.

e Short-rangénteractionsfor driving decisionsthedistanceof interactionsbetweerdrivers
is limited. In our CA implementationpn links all of the TRANSIMS-1999ule setshave
aninteractionrangeof 37.5 meterg(= 5 cells)whichis smallwith respecto the average
link length. Thereforethenetwork easilydecomposemto independentomponents.

We decidedto cut the streetnetwork in the middle of links ratherthanatintersectiongFig. 2);
THOREAU doesthe same[24]. This separatethetraffic compleity attheintersectiongrom
the compleity causeddy the parallelizationandmakesoptimizationeasier

In theimplementationeachdividedlink is fully representeth bothCPUs.EachCPUis respon-
sible for onehalf of thelink. In orderto maintainconsisteng betweenCPUs,the CPUssend
informationaboutthefirst five cellsof “their” half of thelink to theotherCPU.Five cellsis the
interactionrangeof all CA driving rulesonalink. By doingthis, the otherCPUknows enough
aboutwhatis happeningon the otherhalf of thelink in orderto computeconsistentraffic.

Theresultingsimplified updatesequencen the split links is asfollows (Fig. 3):

e Changdanes.
e Exchangéboundaryinformation.
e Calculatespeecandmave vehiclesforward.

e Exchangeboundaryinformation.

The TRANSIMS-1999microsimulationalso includesvehiclesthat enterthe simulationfrom
parkingandexit the simulationto parking,andlogic for public transitsuchasbuses.Thesead-
ditionsareimplementedn awaythatno furtherexchangeof boundaryinformationis necessary

*Insteadof “split links”, the terms“boundarylinks”, “sharedlinks”, or “distributedlinks” aresometimesised.
As is well knowvn, somepeopleuse“edge” insteadof “link”.



The implementationusesthe so-calledmasterslave approach. Masterslave approachmeans
thatthe simulationis startedup by a master which spavns slaves, distributesthe workloadto

them,andkeepscontrol of the generalscheduling.Masterslave approachesftendo not scale
well with increasingnumbersof CPUssincethe workload of the masterremainsthe sameor

even increaseswith increasingnumbersof CPUs. For that reason,in TRANSIMS-1999the

masterhasnearlyno tasksexceptinitialization andsynchronization Even the outputto file is

donein a decentralizedashion.With the numbersof CPUsthatwe have testedin practice we

have never obseredthe masterbeingthe bottleneckof the parallelization.

Theactualimplementatiowasdoneby definingdescendent++classe®f theC++baseclasses
providedin a Parallel Toolbox. The underlyingcommunicatioribrary hasinterfacesfor both
PVM (Parallel Virtual Machine[35]) andMPI (MessagdPassinginterface[36]). Thetoolbox
implementations not specificto transportatiorsimulationsandthus beyond the scopeof this
paper More informationcanbefoundin [15].

5 Macroscopic(emergent)traffic flow characteristics

In our view, it is asleastasimportantto discussthe resultingtraffic flow characteristicasto
discusghedetailsof thedriving logic. For thatreasonwe have performedsystematiazalidation
of the variousaspectof the emeging flow behaior. Sincethe microsimulationis composed
of carfollowing, lanechanging unprotectedurns,andprotectedurns,we have corresponding
validationsfor thosefour aspectsAlthoughwe claim thatthisis afairly systemati@pproacho
the situation,we do not claim that our validationsuiteis complete.For example,weaving [37]
is animportantcandidateor validation.

It shouldbe notedthat we do not only validate our driving logic, but we validatethe imple-
mentationof it, including the parallelaspectslt is easyto addunrealisticaspectsn a parallel
implementatiorof an otherwiseflawlessdriving logic; andthe authorsof this paperaresceptic
aboutthefeasibility of formal verificationproceduregor large-scalesimulationsoftware.

We shav examplesfor the four categories(Fig. 4): (i) Traffic in a 1-lanecircle, thusvalidating

thetraffic flow behaior of the carfollowing implementation (i) Resultsof traffic in a 3-lane

circle, thusvalidatingthe additionof lanechanging.(iii) Mergeflows througha stopsign,thus

validatingthe additionof gapacceptancat unprotectedurns. (iv) Flows througha traffic light

wherevehiclesneedto bein the correctlanesfor their intendedturns— it thussimultaneously
validates'lane changingfor planfollowing” andtraffic light logic.

In our view, our validation resultsare within the rangeof field measurementthat one finds
in the literature. Whengoingto a specificstudyarea,anddependingon the specificquestion,
morecalibrationmay becomenecessaryor in somecasesadditionsto the driving logic maybe
necessaryFor moreinformation,see[34].

6 Graph partitioning

Oncewe areableto handlesplit links, we needto partition the whole transportatiometwork
graphin anefficientway. Efficient meansseveral competingthings: Minimize the numberof
split links; minimize the numberof otherdomainseachCPU sharedinks with; equilibratethe
computationaloadasmuchaspossible.



Oneapproachto domaindecompositioris orthogonalrecursve bi-section. Although lesseffi-
cientthanMETIS (explainedbelaw), orthogonabi-sectionis usefulfor explainingthe general
approachln our case sincewe cutin the middle of links, thefirst stepis to accumulat&eompu-
tationalloadsatthe nodes:Eachnodegetsa weightcorrespondingo the computationaload of
all of its attachedhalf-links. Nodesarelocatedat their geographicatoordinatesThen,a verti-
cal straightline is searchedothatasmuchaspossiblehalf of the computationaloadis onits
right andthe otherhalf onits left. Thenthelargerof thetwo piecess pickedandcutagain,this
time by a horizontalline. This is recursvely doneuntil asmary domainsareobtainedasthere
areCPUsavailable,seeFig. 5. It isimmediatelyclearthatundernormalcircumstancethis will
be mostefficient for a numberof CPUsthatis a power of two. With orthogonalbi-sectionwe
obtaincompactandlocalizeddomains andthe numberof neighbordomainss limited.

Another option is to usethe METIS library for graph partitioning (see[38] and references
therein). METIS usesmultilevel partitioning. Whatthat meansds thatfirst the graphis coars-
enedthenthe coarsenedjraphis partitioned,andthenit is uncoarsenedgain,while usingan
exchangeheuristicat every uncoarseningtep. The coarseningcan for examplebe donevia
randommatching,which meanghatfirst edgesarerandomlyselectedso thatno two selected
links sharethe samevertex, andthenthe two nodesat the endof eachedgearecollapsednto
one. Oncethe graphis sufficiently collapsed,it is easyto find a good or optimal partitioning
for the collapsedgraph. During uncoarseningit is systematicallytried if exchangesf nodes
at the boundariedeadto improvements. “Standard”METIS usesmultilevel recursve bisec-
tion: Theinitial graphis partitionedinto two pieces,eachof the two piecesis partitionedinto
two pieceseachagain,etc., until thereareenoughpieces.Eachsuchsplit usesits own coars-
ening/uncoarseninsequencek-METIS meansthatall &k partitionsare found during a single
coarsening/uncosering sequencewhich is considerablyfaster It alsoproducesmoreconsis-
tentandbetterresultsfor large k.

METIS considerablyreducesthe numberof split links, Ny, asshavn in Fig. 6. The fig-

ure shaws the numberof split links asa function of the numberof domainsfor (i) orthogonal
bi-sectionfor a Portlandnetwork with 200000 links, (i) METIS decompositiorfor the same
network, and(iii) METIS decompositiorior a Portlandnetwork with 20024 links. Thenetwork

with 200000links is derived from the TIGER censuslatabase andwill be usedfor the Port-
land casestudyfor TRANSIMS. The network with 20024 links is derived from the EMME/2

network that Portlandis currentlyusing. An exampleof the domainsgeneratedhy METIS can
beseenin Fig. 7; for example,thealgorithmnow picks up the factthatcuttingalongtherivers
in Portlandshouldbe of adwantagesincethis resultsin a smallnumberof split links.

We alsoshaw datafits to the METIS curves, Ny, = 250 p°>9 for the200000links network and
Ny = 140 p°%9 — 140 for the 20024 links network, wherep is thenumberof domains We are
not awareof ary theoreticalagumentfor the shapesf thesecurvesfor METIS. It is however
easyto seethat,for orthogonabisection thescalingof N, hasto be~ p%°. Also, thelimiting
casewhereeachnodeis on a differentCPU needdo have the sameN,,,, bothfor bisectionand
for METIS. In consequencst is plausibleto usea scalingform of p® with @ > 0.5. Thisis
confirmedby the straightline for large p in the log-log-plot of Fig. 6. Sincefor p = 1, the
numberof split links N, shouldbe zero, for the 20024 links network we usethe equation
Ap* — A, resultingin Ny, = 140p%5% — 140 . For the 200000 links network, the resulting
fit is sobadthatwe did not addthe negative term. This leadsto a kink for the corresponding
curwesin Fig. 13.

Suchaninvestigationalsoallows to computethetheoreticakfficienoy basednthe graphparti-
tioning. Efficiengy is optimalif eachCPU getsexactly the samecomputationaload. However,



becausef the granularityof the entities(nodesplusattachedhalf-links) thatwe distribute, load
imbalancesareunavoidable,andthey becomdargerwith more CPUs. We definethe resulting
theoreticakefficiengy dueto the graphpartitioningas

load on optimal partition

= —, 1
Cdmn == | 5adon largestpartition (1)

wherethe load on the optimal partition is just the total load divided by the numberof CPUs.
We then calculatedthis numberfor actualpartitioningsof both of our 20024 links and of our
200000 links Portlandnetworks, seeFig. 8. The resultmeanshat, accordingto this measure
alone,our 20024 links network would still run efficiently on 128 CPUs,andour 200000 links
network would run efficiently onupto 1024CPUs.

7 Adaptive Load Balancing

In the last section,we explainedhow the streetnetwork is partitionedinto domainsthat can
be loadedonto different CPUs. In orderto be efficient, the loadson different CPUsshould
be assimilar aspossible. Theseloadsdo however dependon the actualvehicletraffic in the
respectie domains.Sincewe aredoingiterations,we arerunningsimilar traffic scenarioover
andover again.We usethis featurefor anadaptve load balancing:During run time we collect
the executiontime of eachlink andeachintersection(node). The statisticsare outputto file.
For the next run of the micro-simulation thefile is fed backto the partitioningalgorithm. In
thatiteration,insteadof usingthelink lengthsasload estimate the actualexecutiontimesare
usedasdistribution criterion. Fig. 9 shaws the new domainsafter sucha feedbaclkcompareto
Fig.5).

To verify theimpactof thisapproactwe monitoredtheexecutiontimespertime-stepthroughout
thesimulationperiod. Figure10 depictstheresultsof oneof theiterationseries.For iteration1,
theloadbalanceuseghelink lengthsascriterion. Theexecutiontimesarelow until congestion
appearsaround7:30am. Then,the executiontimesincreasedivefold from 0.04 secto 0.2 sec.
In iteration2 the executiontimesarealmostindependenof the simulationtime. Notethatdue
to the equilibration,the executiontimes for early simulationhoursincreasefrom 0.04 secto
0.06sec,but this effectis morethancompensatethteron.

The figure also containsplots for later iterations(11, 15, 20, and 40). The improvementof
executiontimesis mainly dueto the route adaptatiorprocess:congestioris reducedandthe
averagevehicledensityis lower. Onthe machinesizeswherewe have tried it (upto 16 CPUS),
adaptve loadbalancindedto performancémprovementsupto afactorof 1.8. It shouldbecome
moreimportantfor largernumbersof CPUssinceloadimbalancedave a strongereffectthere.

8 Performanceprediction for the TRANSIMS micro-simulation

It is possibleto systematicallypredictthe performanceof parallelmicro-simulationge.g.[39,

40]). For this, several assumptionsboutthe computerarchitectureneedto be made. In the
following, we demonstratéhe derivation of suchpredictive equationgor coupledworkstations
andfor parallelsupercomputers.

The methodfor this is to systematicallycalculatethe wall clock time for onetime stepof the
micro-simulation.We startby assuminghatthetime for onetime stephascontritutionsfrom



computation,I¢,,,, andfrom communication;,,,,,. If thesedo notoverlap,asis reasonable
to assumdor coupledworkstationswe have

T(p) = Temp () + Temm (p) 2

wherep is thenumberof CPUs®
Time for computatioris assumedo follow

Tcmp(p) = % : (1 + four(p) + fdmn(p)) . 3)

Here, T} is thetime of thesamecodeon oneCPU (assuming problemsizethatfits on available
computemrmemory);p is thenumberof CPUs;f,,, includesoverheadeffects(for example,split
links needto beadministeredy bothCPUS); fymn = 1/eamn — 1 includestheeffectof unequal
domainsizesdiscussedn Sec.6.

Time for communicatiortypically hastwo contrikutions: Lateny andbandwidth. Lateng is
the time necessaryo initiate the communicationandin consequencé is independenof the
messageaize. Bandwidthdescribeshe numberof bytesthatcanbe communicategbersecond.
Sothetime for onemessagés
Smsg

b ?
whereTy, is thelateng, Sy,sq, Is themessagsize,andb is the bandwidth.

Tmsg =Ty +

However, for mary of todays computerarchitecturesbandwidthis given by at leasttwo con-
tributions: nodebandwidth,and network bandwidth. Node bandwidthis the bandwidthof the
connectiorfrom the CPUto the network. If two computerscommunicatevith eachother this
is the maximumbandwidththey canreach. For that reasonthis is sometimesalso calledthe
“point-to-point” bandwidth.

The network bandwidthis given by the technologyandtopologyof the network. Typical tech-
nologiesare10 Mbit EthernetL00Mbit EthernetDDI, etc. Typicaltopologiesarebustopolo-
gies, switchedtopologies,two-dimensionatopologies(e.qg. grid/torus),hypercubeopologies,
etc. A traditionalLocal Area Network (LAN) usesl0 Mbit Ethernet,andit hasa sharedbus
topology In a sharedbustopology all communicatiorgoesover the samemedium;thatis, if
several pairsof computercommunicatevith eachother they have to sharethe bandwidth.

For example,in our 100 Mbit FDDI network (i.e. a network bandwidthof b,,.; = 100 Mbit)
at Los AlamosNationalLaboratory we found nodebandwidthsof aboutb,,; = 40 Mbit. That
meanghattwo pairsof computerscould communicateat full nodebandwidth,i.e. using80 of
the 100 Mbit/sec,while threeor morepairswerelimited by the network bandwidth.For exam-
ple, five pairsof computerscould maximallyget100/5 = 20 Mbit/seceach.

A switchedtopologyis similarto a bustopology exceptthatthe network bandwidthis givenby

the backplaneof the switch. Often, the backplaneébandwidthis high enoughto have all nodes
communicatenith eachotherat full nodebandwidth,andfor practicalpurpose®necanthus
neglectthe network bandwidtheffect for switchednetworks.

If computersoecomemassiely parallel, switcheswith enoughbackplanebandwidthbecome
too expensve. As acompromisesuchsupercomputergsuallyusea communicationsopology
wherecommunicatiorto “nearby” nodescanbe doneat full nodebandwidth,whereaglobal

SFor simplicity, we do not differentiatebetweenCPUsandcomputationahodes.Computationahodescanhave
morethanoneCPU— anexampleis a network of coupledPCswhereeachPChasDual CPUs.
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communicatiorsuffers someperformanceadegradation. Sincewe patrtition our traffic simula-
tionsin away thatcommunicationis local, we canassumehatwe do communicatiorwith full
nodebandwidthon a supercomputerThatis, on a parallelsupercomputemve canneglectthe
contribution comingfrom the b,,.;-term. This assumeshowever, thatthe allocationof street
network partitionsto computationainodesis donein someintelligent way which maintains
locality.

As aresultof this discussionywe assumehatthe communicatiortime pertime stepis

Npi(p) Spnd
bnd

S
+ No(p) 224 )

Temm (p) = Ngyp - (nnb(p) Ty + b
net

whichwill beexplainedin thefollowing paragraphsN,,; is the numberof sub-time-stepsAs
discussedn Sec.4, we do two boundaryexchangegpertime step,thus Ny,,;, = 2 for the 1999
TRANSIMS micro-simulationmplementation.

nyp 1S the numberof neighbordomainseachCPU talksto. All informationwhich goesto the
sameCPU is collectedandsentasa single messagethusincurring the lateng only onceper
neighbordomain. For p = 1, n,,; is zerosincethereis no otherdomainto communicatewith.
Forp = 2, it is one. For p — oo andassuminghat domainsare always connectedEuler’s
theoremfor planargraphssaysthatthe averagenumberof neighborscannotbecomemorethan
six. Basedon a simplegeometricargument,we use

nay(p) =23vP - 1) (VP = 1)/p,

which correctlyhasn,;(1) = 0 andn,,;, — 6 for p — oo. NotethattheMETIS library for graph
partitioning(Sec.6) doesnot necessarilygenerateonnectegartitions,makingthis potentially
morecomplicated.

Ty, is the lateny (or start-uptime) of eachmessageT}; between0.5 and2 millisecondsare
typical valuesfor PVM onaLAN [15, 41].

Next are the termsthat describeour two bandwidtheffects. Ny, (p) is the numberof split
links in the whole simulation;this was alreadydiscussedn Sec.6 (seeFig. 6). Accordingly
Nspi(p)/p is thenumberof split links per computationahode. S, is the sizeof the message
persplitlink. b,4 andb,.; arethenodeandnetwork bandwidthsasdiscusse@bove.

In consequencéhe combinedtiime for onetime stepis

T Ns S n S n
70) = 5 (14 fan) + famn ) + N (o) o+ 2T 4 M) 324)

Accordingto what we have discussedbove, for p — oo the numberof neighborsscalesas
nnp ~ const andthe numberof split links in the simulationscalesas Ny, ~ /p. In conse-
quencdor f,y and fg,,, smallenoughwe have:

o for asharedor bustopology b, is relatively smallandconstantandthus

1 1
Tlp)~ o+ 1+ =+ VP = Vp;

VP

o for aswitchedor a parallelsupercomputetopology we assume,,.; = oo andobtain
1 1
Tp)~-+1+——1.

p VP
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Thus, in a sharedtopology addingCPUswill eventually increasethe simulationtime, thus
makingthe simulationslower In anon-sharedopology addingCPUswill eventuallynotmake
the simulationary fastey but at leastit will not be detrimentalto computationakpeed. The
dominanttermin a sharedopologyfor p — oo is thenetwork bandwidth;thedominantermin
anon-sharedopologyis thelateng.

The curwesin Fig. 11 areresultsfrom this predictionfor a switched100 Mbit EthernetLAN;
dotsandcrosseshav actualperformanceesults. The top graphshaws the time for onetime
step,i.e. T'(p), andtheindividual contritutionsto this value. The bottomgraphshavs thereal

timeratio (RTR)
At 1 sec

rir(p) := m = m,

which sayshow muchfasterthanreality the simulationis running. At is the durationa simula-
tion time step,whichis 1 sec in TRANSIMS-1999.Thevaluesof thefree parameterare:

o Hardware-dependenparameters We assumehatthe switchhasenoughbandwidthso
thatthe effect of b,,.; is nggligeable. Otherhardware parameterareT;; = 0.8 msand
bng = 50 Mbit/s

e Implementation-dependentparameters The numberof messagexchangegertime
stepis Nyyp = 2.

e Scenario-dependenparameters Exceptwhennoted,our performanceredictionsand
measurementeferto the Portland20024 links network. We use for the numberof split
links, Ngpi(p) = 140 - p°-9 — 140, asexplainedin Sec.6.

e Other Parameters. The messagsize dependson the plansformat (which dependson
the softwaredesignandimplementation)pn thetypical numberof links in aplan,andon
the frequeny perlink of vehiclesmigratingfrom one CPU to another We useSy,q =
200 Bytes. Thisis anaveragenumber;it includesall the informationthat needsto be
sentwhen a vehicle migratesfrom one CPU to another The new TRANSIMS multi-
modal plansformat easily has200 entriesper driver andtrip, resultingin 800 bytesof
information just for the plan. In addition, thereis information aboutthe vehicle (ID,
speedmaximumaccelerationetc.);however, notin every time stepavehicleis migrated
acrossaboundaryon every split link. In principleit is however possibleto compresghe
plansinformation, so improvementsare possibleherein the future. Also, we have not
explicitely modelledsimulationoutput,whichis indeeda performancessueon Beawulf
clusters.

Theseparametersvereobtainedin the following way: First, we obtainedplausiblevaluesvia
systematiccommunicationtestsusingmessagesimilar to the onesusedin the actualsimula-
tion [15]. Then,we ranthe simulationwithoutary vehicles(seebelon) andadaptecur values
accordingly Runningthe simulationwithout vehiclesmeanghatwe have amuchbettercontrol
of Synq- In practice the mainresultof this stepwasto sett;,; to 0.8 msec,which is plausible
whencomparedo the hardwarevalue of 0.5 msec.Last, we ranthe simulationswith vehicles
andadjustedSy,, to fit thedata.— In consequencdor the switched100Mbit Ethernetconfig-
urations,within the datarangeour curvesaremodelfits to the data. Outsidethe datarangeand
for otherconfigurationsthe curvesaremodel-basegredictions.

50ur measurementhave consistentlyshavn that nodebandwidthsare lower than network bandwidths. Even
CISCOitself specifies1 48000 paclets/secwhich translatego about75 Mbit/sec,for the 100 Mbit switch thatwe
use.
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Theplot (Fig. 11) shavs thateven somethingasrelatively profaneasa combinationof regular
PentiumCPUsusinga switched100Mbit Ethernetechnologyis quite capabldan reachinggood
computationakpeeds. For example,with 16 CPUsthe simulationruns 40 times fasterthan
realtime; the simulationof a 24 hourtime periodwould thustake 0.6 hours. Thesenumbers
refer assaidabove, to the Portland20024 links network. Includedin the plot (black dots)are
measurementwith a computeclusterthat correspondso this architecture.The triangleswith
lower performancdor the samenumberof CPUscomefrom usingdualinsteadof singleCPUs
on the computationahodes.Note thatthe cure levels out at aboutforty timesfasterthanreal
time, no matterwhat the numberof CPUs. As onecanseein the top figure, the reasonis the
lateny term,which eventuallyconsumesearlyall thetime for a time step. This is oneof the
importantelementsvhereparallelsupercomputeraredifferent: For examplethe Cray T3D has
amorethanafactorof tenlower lateny underPVM [41].

As mentionedabove, we alsoranthe samesimulationwithoutary vehicles.ln the TRANSIMS-
1999 implementation the simulation sendsthe contentsof eachCA boundaryregion to the
neighboringCPU even whenthe boundaryregion is empty Without compressionthisis five
integersfor five sites,timesthe numberof lanes,resultingin about40 bytesper split edge,
which is considerablylessthanthe 800 bytesfrom above. The resultsare shavn in Fig. 12.
Shawn arethe computingtimeswith 1 to 15 single-CPUslaves, and the correspondingeal
time ratio. Clearly we reachbetterspeed-upwvithout vehiclesthanwith vehicles(compareto
Fig. 11). Interestingly this doesnot matterfor the maximumcomputationabpeedhat canbe
reachedwith this architectureBoth with andwithout vehicles the maximumrealtime ratio is
about80; it is simply reachedvith a highernumberof CPUsfor the simulationwith vehicles.
Thereasonis that eventuallythe only limiting factoris the network lateny term, which does
not have anything to do with theamountof informationthatis communicated.

Fig. 13 (top) shavs somepredictedreal time ratios for other computingarchitectures. For
simplicity, we assumehatall of themexceptfor onespecialcaseexplainedbelov usethe same
500 MHz Pentiumcomputenodes. The differenceis in the networks: We assumel0 Mbit
non-switched,10 Mbit switched,1 Gbit non-switchedand 1 Gbit switched. The curvesfor
100 Mbit arein betweenandwereleft out for clarity; valuesfor switched100 Mbit Ethernet
werealreadyin Fig. 11. Oneclearly seeghatfor this problemandwith todays computersit
is nearlyimpossibleto reachany speed-upn a 10 Mbit Ethernet,even whenswitched. Gbit
Ethernets somavhatmoreefficientthan100Mbit Etherneffor smallnumbersf CPUs,but for
larger numbersof CPUs,switchedGbit Ethernetsaturatesat exactly the samecomputational
speedasthe switched100 Mbit Ethernet. This is dueto the factthat we assumehat lateny
remainsthe same-— after all, therewas no improvementin latengy whenmoving from 10 to
100Mbit Ethernet.FDDI is supposedlyevenworse[41].

The thick line in Fig. 13 corresponddo the ASCI Blue Mountain parallel supercomputeat
Los AlamosNationalLaboratory On a perCPU basis this machineis slowver thana 500 MHz

Pentium. The higher bandwidthandin particularthe lower latenyy make it possibleto use
highernumbersof CPUsefficiently, andin fact one shouldbe ableto reacha real time ratio

of 128accordingto this plot. By then,however, the granularityeffect of the unequaldomains
(Eq.(2), Fig. 8) would have setin, limiting the computationaspeedorobablyto aboutl00times
realtime with 128 CPUs.We actuallyhave somespeedneasurementsn thatmachinefor upto

96 CPUs,but with a considerablyslowver codefrom summerl998. We omit thosevaluesfrom

theplotin orderto avoid confusion.

Fig. 13 (bottom) shaws predictionsfor the higherfidelity Portland200000 links network with
the samecomputerarchitectures.The assumptiorwasthat the time for onetime step,i.e. Ty
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of Eq. (3), increasedy a factorof eightdueto the increasedoad. This hasnot beenverified
yet. However, the generalimessag&oesnot dependon the particulardetails: Whenproblems
becomdarger, thenlargernumbersof CPUsbecomeanoreefficient. Notethatwe againsaturate,
with the switchedEthernetarchitectureat 80 timesfasterthanrealtime, but this time we need
about64 CPUswith switchedGbit Ethernetin orderto get40 timesfasterthanrealtime — for
the smallerPortland20024 links network with switchedGbit Ethernetwe would need8 of the
sameCPUsto reachthe samerealtime ratio. In shortandsomevhatsimplified: As long aswe
have enoughCPUs we canmicro-simulataoadnetworksof arbitrarily largesize with hundreds
of thousandof links and more, 40 times fasterthan real time, even without supercomputer
hardware. — Basedon our experience we are confidentthat thesepredictionswill be lower
boundsnperformanceln thepastwe have alwaysfoundwaysto make thecodemoreefficient.

9 Speed-upand efficiency

We have castour resultsin termsof therealtime ratio, sincethis is the mostimportantquantity
whenonewantsto geta practicalstudydone. In this section,we will translateour resultsinto
numbersof speed-upefficieng, andscale-upwhich allow easiercomparisorfor computing
people.

Let usdefinespeed-ums

(1)

S(p) :=

(p) T’

wherep is againthe numberof CPUs,T'(1) is the time for onetime-stepon one CPU, and
T'(p) is the time for onetime stepon p CPUs. Dependingon the viewpoint, for 7'(1) one
useseitherthe runningtime of the parallelalgorithmon a single CPU, or the fastestexisting
sequentiablgorithm. Since TRANSIMS hasbeendesignedor parallelcomputingand since
thereis no sequentiasimulationwith exactly thesamepropertiesT’(1) will betherunningtime
of the parallelalgorithmon a single CPU. For time-steppeagimulationssuchasusedhere,the
differenceis expectedo be small’

Now noteagainthattherealtime ratiois rtr(p) = 1 sec/T(p) . Thus,in orderto obtainthe

speed-ugrom therealtime ratio, onehasto multiply all realtime ratiosby 7'(1) /(1 sec). On

a logarithmic scale,a multiplication correspondgo a linear shift. In consequencespeed-up
curvescanbeobtainedfrom our realtime ratio curveshby shifting the curvesup or down sothat

they startatone.

This alsomalesit easyto judgeif ourspeed-ups linearor not. For examplein Fig. 13 bottom,

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. Downward deviationsfrom this meansub-linearspeed-up.Suchdeviationsare

commonlydescribedy anothemumbey calledefficiency, anddefinedas

_TA)/p
T(p)
Fig. 14 containsan example. Note that this numbercontainsno new information; it is just a

re-interpretationAlso notethatin our logarithmicplots, E(p) will justbethedifferenceto the
diagonalp T'(1). Efficiengy canpoint outwhereimprovementsvould be useful.

E(p)

"An event-driven simulationcould be a counterexample: Dependingon the implementation,t could be ex-
tremelyfaston asingleCPU up to mediumproblemsizes but slow on a parallelmachine.
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10 Other modules

As explainedin theintroduction,a micro-simulationin a softwaresuitefor transportatiorplan-
ning would have to be run mary times (“feedbackiterations”)in orderto achieve consisteng
betweenmodules. For the microsimulationalone,and assumingour 16 CPU-machinewith
switched100Mbit Ethernetwe would needabout30hoursof computingtimein orderto simu-
late 24 hoursof traffic fifty timesin arow. In addition,we have the contritutionsfrom the other
modulegrouting,activities generation)In the past thesehave neverbeenalargerproblemthan
themicro-simulation for severalreasons:

e The algorithmsof the other modulesby themseles did significantly lesscomputation
thanthemicro-simulation.

e Evenwhey thesealgorithmsstartusingconsiderablemountsof computettime, they are
“trivially” parallelizableby simply distributing the householdsicrossCPUs®

¢ In addition,duringtheiterationswe never replanmorethanabout10% of the population,
saving additionalcomputettime.

In consequenceaye are confidentthat one goal that TRANSIMS originally startedwith — to
make it runon hardwarethatwill becomeaffordable— is within reach.

11 Summary

This paperexplains the parallelimplementationof the TRANSIMS micro-simulation. Since
othermodulesare computationalllessdemandingandalsosimplerto parallelize the parallel
implementationof the micro-simulationis the mostimportantand mostcomplicatedpiece of
parallelizationwork. The parallelizationmethodfor the TRANSIMS micro-simulationis do-
maindecompositionthatis, the network graphis cutinto asmary domainsasthereare CPUs,
andeachCPUsimulateghetraffic onits domain.We cutthe network graphin themiddle of the
links ratherthanat nodeg(intersections)in orderto separate¢hetraffic dynamicscompleity at
intersectiongrom the compleity of the parallelimplementation.We explain how the cellular
automatgCA) or ary techniquewith asimilartime depencencschedulinghelpsto designsuch
splitlinks, andhow the messagexchangen TRANSIMS works.

The network graphneeddo be partitionedinto domainsin away thatthetime for messagex-

changds minimized. TRANSIMS useshe METIS library for this goal. Basedon partitionings
of two differentnetworks of Portland(Oregon), we calculatethe numberof CPUswherethis
approachwould becomeinefficient just dueto this criterion. For a network with 200000 links,

we find thatdueto this criterion alone,up to 1024 CPUswould be efficient. We alsoexplain

how the TRANSIMS micro-simulationadaptsthe partitionsfrom one run to the next during
feedbackiterations(adaptve load balancing).

We finally demonstraténow computingtime for the TRANSIMS micro-simulation(andthere-
fore for all of TRANSIMS) can be systematicallypredicted. An importantresultis that the
Portland20024 links network runsabout40 timesfasterthanreal time on 16 dual 500 MHz
Pentiumcomputersonnectedia switched100Mbit Ethernet.Theseareregulardesktop/LAN

8This is possiblebecausef the specificpurposeTRANSIMS is designedor. In realtime applicationswhere
absolutespeedetweernrequestaindresponsenattersthe situationis different[42].
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technologiesWhenusingthenext generatiorof communicationsechnologyi.e. Gbit Ethernet,
we predictthe samecomputingspeedor amuchlargernetwork of 200000links with 64 CPUs.
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CPUO

O e Intersection —— edge Q CPU ++++.  CPU link
------ tile boundary ===== boundary edge

Figurel: Domaindecompositiorof transportatiometwork. Left: Globalview. Right: View of
a slave CPU. The slave CPU s only aware of the part of the network which is attachedo its
local nodes.Thisincludeslinks which aresharedwith neighbordomains.
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At beginning of time step:

® O
CPU1
""""" e O
CPU 2
After lane changes:
O
CPU1 o
""""" e O
CPU 2
After boundary exchanges (parallel implementation):
@)
CPU1 o 1\
R ¢ O
‘ o CPU 2
After movements:
o
CPU1 o
""""" O
o CPU 2
After 2nd exchange of boundaries:
9
CPU1 o /T\
""""" | ¢ O
o CPU 2

Figure3: Exampleof parallellogic of a split link with two lanes.Thefigure shavs the general
logic of onetime step. Remembethatwith a split link, one CPU is responsibleor one half
andanotherCPU s responsibldor the otherhalf. Thesetwo halvesare shavn separatelyout
correctlylined up. The dottedpartis the “boundaryregion”, which is wherethe link stores
informationfrom the other CPU. The arravs denotewheninformationis transferredrom one
CPUto theothervia boundaryexchange.
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Figure6: Numberof split links asa function of the numberof CPUs. Thetop curve shavs the
resultof orthogonabisectionfor the 200000links network. The middle curve shavs theresult
of METIS for the samenetwork — clearly the useof METIS resultsin considerablyfewer split
links. Thebottomcurve shavstheresultfor thePortland20024links network whenagainusing
METIS. Thetheoreticakcalingfor orthogonabisectionis N, ~ /p, wherep is thenumberof
CPUs.Notethatfor p — Nynks, Ngp Needdo bethesamefor bothgraphpartitioningmethods.
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Figure7: Partitioningby METIS. Compareo Fig. 5.
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Figure13: Predictionsof realtime ratio for othercomputerconfigurations.Top: With Portland
EMME/2 network (20024links). Bottom: With PortlandTIGER network (200000links). Note
that for the switchedconfigurationsand for the supercomputerthe saturatingreal time ratio
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larger problemswithin the samecomputingtime. — All curvesin both graphsare predictions
from our model. We have someperformancaneasurementor the ASCI maschinehut since
they weredonewith anolderandslower versionof the code,they areomittedin orderto avoid

confusion.
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