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Abstract

Thispape descibestheparalel implemenationof the TRANSIMS traffic micro-simulation.
The paralelization methal is domaindecompsition, which meansthat eachCPU of the
paralel compute is respasible for a different geagraphical areaof the simulatedregion.
We descibe how information betwee& domairs is exchanged andhow the transmrtaion
network graphis partiioned An adapive schaneis usedto optimizeloadbalarcing.

We then demongrate how computng speels of our parallel micro-smulations canbe
systematically predictedoncethe scerario andthe computr archtecture areknown. This
malkesit possble, for example to decick if a certain study is feasble with a certan com-
puting budget,and how to investthat budget. The main ingredierts of the predction are
knowledge abou the paralel implemenation of the micro-simulation, knowvledge about
the characterstics of the partitioning of the transporttion network graph andknowledge
abou the interaction of these quartities with the compuer system.In paricular, we in-
vesticatethe differences betwea switchedandnon-switchedtopdogies, andthe effectsof
10 Mbit, 100 Mbit, andGbit Ethernet

As oneexample,we shaw that with acommontechrology — 100 Mbit switched Ethernet
—onecanrun the200004ink EMME/2-network for Portland(Oregon) morethan20times
faste thanrealtime on 16 coupled Pentiun CPUs.
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1 Intr oduction

It is by now widely acceptedhatit is worth investgatingif the microscopicsim-
ulation of large transportatia systemq7,42] is a usefuladditionto the existing
setof tools By “microscopic” we meanthatall entitiesof the system- travelers,
vehicles traffic lights, intersectionsetc.— arerepresentedsindividual objectsin
thesimuation[15,33,16,32,%,21,44].

The conceptuahdwantageof a micro-simdationis thatin principleit canbe made
arbitrarilyrealistic.Indeedmicroscopt simulatimshave beenusedfor mary decades
for problemsof relatively smallscale suchasintersectiordesignor signalphasing.
Whatis new is thatit is now possibleto usemicroscopicsimulatonsalsofor really
large systemssuchaswholeregionswith severalmillionsof travelers.At theheart

of thisareseveralcornverging developnents:

(1) Theadwentof fastdesktopworkstations.

(2) The possibiity to connectmary of theseworkstationgto parallelsupercom-
puters,thus multiplying the available computng power. This is particularly
attractve for agent-basettansportatia simulationssincethey do not benefit
from traditional vectorsupercomputers.

(3) In ourview, thereis a third obsenationthatis paramounto make theseap-
proachesvork: mary aspect®f a“correct” macroscopidehaior canbe ob-
tainedwith rathersimde microscopiaules.

Thethird point canactuallybe rigorously proven for somecasesFor exampk, in
physcstheidealgasequationpV = mRT', canbederivedfrom particleswithout
ary interaction,i.e. they move through eachother For traffic, one canshav that
rathersimple microscopicmodelsgeneratecertainfluid-dynamicalequationsfor
traffic flow [26].

In consequencdpr situatons where one expectsthat the fluid-dynamicalrepre-
sentatiorof traffic is realisticenoughfor the dynamicsbut onewantsaccesso in-

dividual vehicles/divers/...,a simde microscopicsimulaton may be the soluion.

In additionto this, with the microscopt approacht is alwayspossble to make it

morerealisticat somelater point. This is muchharderand sometinesimpossble

with macroscopienodels.

The TRANSIMS (TRansportationANalysis and SIMulation System)project at
Los AlamosNationalLaboratory[42] is sucha micro-simuation project,with the
goalto usemicro-sinulationfor transportatiorplanning.Transportatiorplanning
is typically donefor large regional areaswith several millions of travelers,and
it is donewith 20 yeartime horizons.The first meansthat, if we wantto do a
micro-simuation approachye needto be ableto simulatelarge enoughareadast
enoughThesecondneanghatthemethodobgy needgo beableto pick upaspects
like inducedtravel, wherepeoplechangetheir activitiesandmaybetheir homelo-



cationshecaus®f changedmpedancesf thetransportatin systemAs ananswey
TRANSIMS consiss of the following modules:

e Population generation Demographiadatais disaggrgatedso that we obtain
individual househals andindividual householdnemberswith certaincharac-
teristics,suchasa streetaddresscar ownership or householdncome[4].

e Activities generation For eachindividual, a setof actwvities andactvity loca-
tionsfor adayis generate(i3,6].

e Modal and route choice For eachindividual, modesandroutesaregenerated
thatconneciactvitiesat differentlocationg[19].

e Traffic micro-simulation. Up to here,all individuals havze madeplans about
their behaior. The traffic micro-sirmulation executesall thoseplanssimuliane-
ously. In particular we now obtaintheresultof interactionsbetweerthe plans—
for examplecongestiorn?

As is well known, suchan approachneedsto make the modulesconsisént with
eachother: For example,plansdependon congestionput congestio dependon
plans.A widely acceptednethodto resole thisis systemat relaxation[13] — that
is, make preliminaryplans,runthetraffic micro-sinulation,adaptheplans,runthe
traffic micro-simulaion again,etc.,until consiseng/ betweermoduless reached.
Themethods somavhatsimilarto the Frank-Wolfe-algorithmin staticassignment.

The reasonwhy this is importantin the contet of this paperis thatit meanghat
themicro-sinulationneedgo berun morethanonce—in our experienceabouffifty
timesfor arelaxationfrom scratch34,35]. In consequence computng time that
may be acceptabldor a singlerun is no longeracceptabldor sucha relaxation
series- thusputtinganevenhigherdemandn thetechnology

This canbe mademoreconcreteby thefollowing arguments:

e Thenumberof “aboutfifty” iterationswasgainedrom systematicomputaibnal
experimens usinga scenaridn Dallas/Fort Worth. In fact, for routeassignment
alone,abouttwenty iterationsare probablysufiicient[34,35], but if onealsoal-
lowsfor otherbehaioral changesmoreiterationsareneeded14]. Thenumbers
becomeplausiblevia the following agument:Sincerelaxationmethodsely on
the fact that the situation doesnot changetoo muchfrom oneiterationto the
next, changeshave to be small. Empirically, changingmore than 10% of the
travellerssometimedeadsto strongfluctuationsaway from relaxation[34,35].
A replanningractionof 10% meanghatwe needl0iterationsin orderto replan

3 1t is sometmesargued that TRANSIMS is unnecessaly realigic for the questons it

is supmsedto answer Although we tend to sharethe sameintuition (see,for example,
our work on the so-called quete model [39]), we think that this needsto be evaluaed
systematically. We alsoexpectthatthe answerwill depend on the precis question: It will

bepossbleto ansver certan quesionswith very simplemodels while othe quesionsmay
needmuchmorerealidic models



eachtraveller exactly once;andsinceduring the first coupleof iterationstrav-
ellersreactto non-relaxedtraffic patternsye will have to replanthosea second
time, resultingin 15-20iterations.Neverthelessfuture researchwill probably
find method to decreaséhe numberof iterations.

e We assumehatresultsof a scenariarun shouldbe available within a few days,
saytwo. Otherwiseresearcthecomesdrustratingly slow, andwe would assume
thatthesames truein practicalapplicationsAssumng furtherthatwe areinter-
estedin 24 hour scenariosanddisregading computingtime for othermodules
besideghemicrosinulation,thismeanghatthesimulatonneedgo run25times
fasterthanrealtime.

We will shaw in this paperthatthe TRANSIMS microsimudation indeedcan be
run with this computatioal speed,andthat, for certainsituatiors, this can even
be doneon relatvely modesthardware. By “modest” we meana clusterof 10-
20 standardPCsconnectedvia standard_AN technology(Beowulf cluster).We
find thatsucha machineis affordablefor mostuniversity engineeringlepartments,
andwe alsolearnfrom peopleworking in the commercialsector(mostly outsice
transportatiopthatthisis notaproblem.In consequencd,RANSIMS canbeused
without accesdo a supercomputeAs menticnedbefore,it is beyondthe scopeof
this paperto discusdor which problemsa simulaton asdetailedasTRANSIMS is
really necessargndfor which problemsa simpler approachmightbe sufiicient.

Thispapemwill concentratenthemicrosimuhtionof TRANSIMS. Theothermod-
ulesareimpartant, but they arelesscritical for computing(seealsoSec.10). We
startwith a descriptionof the mostimportant aspectof the TRANSIMS driving
logic (Sec.3). The driving logic is designedn a way thatit allows domainde-
composiion as a parallelizationstratey, which is explainedin Sec.4. We then
demonstratdhat the implementeddriving logic generategealistic macroscopic
traffic flow. Onceoneknows thatthe microsmulationcanbe partitioned the ques-
tion becomesow to partitionthe streetnetwork graph.Thisis describedn Sec.6.
Sec.7 discusss how we adaptthe graph partitionng to the differentcomputa-
tional loadscausedby differenttraffic on differentstreets.Theseand additional
argumentsarethenusedto develgp a methodalogy for the predictionof compuing
speedgSec.8). Thisis ratherimportant sincewith this onecanpredictif certain
investnentsin one’s computersystemwill makeit possibleto run certainproblems
or not. We thenshortlydiscussvhatall this meandor completestudes(Sec.10).
Thisis followedby a sumnary.

2 Relatedwork

As mentionedabove, micro-sinulation of traffic, thatis, theindividual simulation
of eachvehicle,hasbeendonefor quite sometime (e.g.[17]). A prominentexam-
pleis NETSIM [15,33], which wasdevelopedin the 70s.Newer modelsare,e.g.,



the Wiedemann-modd#5], AIMSUN [16], INTEGRATION [32], MITSIM [13],
HUTSIM [21], or VISSIM [44].

NETSIM was even tried on a vector supercompur [23], without a real break-

throughin computingspeedsBut, as pointedout earliet ultimately the inherent
structureof agent-basethicro-simdationis at oddswith thecomputerarchitecture
of vectorsupercomputergndsonotmuchprogressvasmadeonthesupercomput-
ing end of micro-sinulationsuntil the parallelsupercomputerbecameavailable.

Oneshouldnotethatthe programmiig modelbehindso-calledSingle Instruction

Multiple Data (SIMD) parallelcomputerds very similar to the one of vectorsu-

percomputerandthusalsoproblematidfor agent-basedimulatons.In this paper

whenwe talk aboutparallelcomputersywe meanin all casesMultiple Instruction

Multiple Data(MIMD) machines.

Early useof parallelcomputingin the transportatiorcommuniy includesparal-
lelization of fluid-dynamcal modelsfor traffic [10] and parallelizationof assign-
ment models[18]. Early implementabns of parallel micro-sirulations can be
foundin [9,29,1].

It is usuallyeasierto make an efficient parallelimplementaibn from scratchthan
to port existing codesto a parallelcomputer Maybefor that reason early traffic
agent-basedraffic micro-simulationswhich usedparallel computerswere com-
pletely new designsandimplemenations[7,42,1,29].All of theseusedomainde-
compositbn as their parallelizationstratgy, which meansthat the partition the
network graphinto domainsof approximatelyequalsize,andtheneachCPU of
the parallelcomputeris responsite for one of thesedomairs. It is maybeno sur
prisethatthefirst threeuse,at leastin their initial implemenation, somecellular
structureof their roadrepresentatiorsincethis simplfies domaindecomposibn,
aswill be seenlater Besidesthe large body of work in the physcs communty
(e.q.[46]), such“cellular” modelsalso have sometradition in the transportation
communty [17,11].

Note thatdomaindecomposibn is ratherdifferentfrom a functionalparallelde-
compositon, asfor exampledoneby DYNAMIT/MITSIM [13]. A functionalde-
compositon meanghatdifferentmodulescanrun on differentcomputersFor ex-
ample, the micro-simulaiton could run on one computey while an on-line rout-
ing moduk couldrun on anothercomputerWhile the functionaldecompositinis
somevhateasierto implementandalsois lessdemandingnthe hardwareto beef-
ficient,it alsoposesa severelimitationontheachiezablespeed-upWith functional
decomposibn, the maximally achievable speed-ups the numberof functional
modulesone cancomputesimulkaneously- for examplemicro-simudation, routes
demandyeneration]TS logic compugtion, etc. Undernormalcircumstancespne
probablydoesnot have morethana handfulof thesefunctionalmodulesthatcan
truly benefitfrom parallelexecution restrictingthe speed-upo five or less.In con-
trast,aswe will seethedomaindecomposibn can,on certainhardware,achieve a



morethan100-foldincreasan computatbnal speed.

In the meantimesomeof the “pre-existing” micro-simubtionsareportedto paral-
lel computersFor example,this hasrecentlybeendonefor AIMSUNZ [2] andfor
DYNEMO [38,30],* anda parallelizationis plannedfor VISSIM [44] (M. Fellen-
dorf, personacommunicatia).

3 Micr osimulation driving logic

The TRANSIMS-1999 microsimubtionusesa cellularautomatgCA) technique
for representinglriving dynamics(e.g.[26]). Theroadis dividedinto cells,each
of alengththata carusesup in ajam — we currentlyuse7.5 meters A cell is ei-
therempty or occupiedby exactly onecar. Movementtakesplaceby hoppingfrom
onecell to another;differentvehicle speedsare representedy differenthopping
distancesUsingonesecondasthetime stepworkswell (becausef reaction-tine
argumentg22]); thisimpliesfor examplethata hoppingspeedof 5 cellspertime
stepcorrespondso 135km/h. Thismodels‘car following”; therulesfor carfollow-
ing in the CA are:(i) linearacceleratiorup to maximum speedf no caris ahead;
(ii) if acaris aheadthenadjustvelocity sothatit is proportionalto the distance
betweerthecars(constantime headvay); (i) sometinesberandomlyslowerthan
whatwould resultfrom (i) and(ii).

Lanechangingis doneaspure sidavays movementin a sub-time-stefbeforethe
forwardsmovementof the vehicles,.e. eachtime-stepis subdvidedinto two sub-
time-stepsThefirst sub-tme-steps usedfor lanechangingwhile the secondsub-
time-stepis usedfor forward motion Lane-changingules for TRANSIMS are
symmetrc and consistof two simde elementsDecidethat you want to change
lanes andcheckif thereis enoughgapto “getin” [37]. A “reasonto changdanes”
is eitherthatthe otherlaneis fasteror thatthedriverwantsto make aturnattheend
of thelink andneedgo getinto thecorrectlane.In thelattercasetheacceptedjap
decreasewith decreasinglistanceto the intersectionthatis, the driver becomes
moreandmoredesperate.

4 DYNEMO is notstrictly amicro-smulation—it hasindividud travelersbut usesamacro-
scopc apprachfor thespeedalaulation. It is mentimedherebecaiseof the paralklizaion
effort.

5 Therearetwo versimsof TRANSIMS with thenumber‘1.0”: Onefrom 1997,“TRAN -

SIMS Releasel.0” [5], whichwe will referto as“TRANSIMS-1997”, andonefrom 199,

“TRANSIMS-LANL-1.0" [41], whichwewill refer to as“TRANSIMS-1999'. From1997

to 1999, mary feaureswereadded, suchaspublic trarsit with a differentdriving logic, or
the option of using continuous correctionsto the cellular strudure. For the purpcsesof this
pape, the differences are not too importart, excep that computdional perfoomancewas
alsoconsderably improved.



Two otherimportantelementof traffic simulationsaresignalizedurnsandunpro-
tectedturns.Thefirst of thoseis modeledby essentiallyputting a“virtual” vehicle
of maximumvelocity zeroat the endof the lanewhenthe traffic light is red,and
to removeit whenit is green.Unprotectedurnsgetmodeledvia “gap acceptance™
Thereneedsto be a large enoughgap on the priority streetfor the car from the
non-priority streetto acceptt [43].

A full descriptionof the TRANSIMS driving logic would go beyondthe scopeof
thepresenpaperlt canbefoundin Refs.[28,41].

4 Micr o-simulation parallelization: Domain decomposition

An important advantageof the CA is thatit helpswith the designof a parallel
andlocal simulation update thatis, the stateat time stept + 1 dependsonly on
informationfrom time stept, andonly from neighbormg cells. (To be completely
correct,onewould have to considerour sub-tine-steps.)rhis meanshat domain
decomposiobn for parallelizationis straightfaward, sinceone can communcate
theboundariedor time stept, thenlocally on eachCPU performtheupdatefrom ¢
to ¢ + 1, andthenexchangeboundaryinformationagain.

Domaindecomposittn meanghatthegeographicategionis decomposethto se/-
eraldomainsof similar size(Fig. 1), andeachCPU of the parallelcomputercom-
putesthe simulaton dynamicsfor oneof thesedomains.Traffic simulationsfulfill
two conditionswhich malke this approactefficient:

e Domainsof similar size: The streetnetwork canbe partitionedinto domainsof
similar size.A realisticmeasurdor sizeis the accumulatedengthof all streets
associateavith adomain.

e Short-rangenteractions For driving decisionsthe distanceof interactionshe-
tweendriversis limited. In our CA implementationgnlinks all of theTRANSIMS-
1999rule setshave aninteractionrangeof 37.5 meterg= 5 cells)whichis small
with respecto theaveragdink length.Thereforethenetwork easilydecomposes
into independentomponents.

We decidedto cut the streetnetwork in the middle of links ratherthanat intersec-
tions(Fig. 2); THOREAU doesthesam€29]. This separatethetraffic compleity

at the intersectiondrom the compleity causedoy the parallelizationand makes
optimizationof compuationalspeecdeasier

In the implementation,eachdividedlink is fully representedh both CPUs.Each
CPUi s responsike for one half of thelink. In orderto maintainconsisteng be-
tweenCPUs,the CPUssendinformationaboutthefirst five cells of “their” half of
thelink to theotherCPU.Five cellsis theinteractionrangeof all CA driving rules



onalink. By doingthis, the otherCPU knows enoughaboutwhatis happeningn
theotherhalf of thelink in orderto compug consisénttraffic.

Theresultingsimplifiedupdatesequencen the split links is asfollows (Fig. 3): ¢

Changdanes.
Exchangéboundaryinformation.
Calculatespeedandmove vehiclesforward.
Exchangéboundaryinformation.

The TRANSIMS-1999microsinulationalsoincludesvehiclesthatenterthe simu-
lation from parkingandexit the simuation to parking,andlogic for public transit
suchasbuses.Theseadditiors areimplenmentedin a way thatno furtherexchange
of boundaryinformationis necessary

The implemenéation usesthe so-calledmasterslave approach Masterslave ap-
proachmeanghatthe simulaton is startedup by a mastey which spavns slaves,
distributes the workload to them, and keepscontrol of the generalscheduling.
Masterslave approachesftendo not scalewell with increasinghumbersof CPUs
sincetheworkloadof the masteremainsthe sameor evenincreasesvith increas-
ing numbersof CPUs.For thatreasonjn TRANSIMS-1999the masterthasnearly
notasksexceptinitializationandsynchronizationEventheoutputto file is donein
adecentralizedashion With thenumbersof CPUsthatwe have testedn practice,
we have never obseredthe masterbeingthe bottleneckof the parallelization.

The actualimplemenation was doneby defining descendenC++ classesf the
C++ baseclassegrovidedin a Parallel Toolbak. The underlyingcommuncation
library hasinterfacesfor bothPVM (Parallel Virtual Machine[31]) andMPI (Mes-
sagePassinglnterface[25]). The toolbox implementatioris not specificto trans-
portationsimulationsand thus beyond the scopeof this paper More information
canbefoundin [34].

5 Macroscopic(emergent) traffic flow characteristics

In our view, it is asleastasimportantto discussthe resultingtraffic flow char
acteristicsasto discussthe detailsof the driving logic. For thatreasonwe have
performedsystenatic validation of the variousaspect®f theemeging flow beha-
ior. Sincethemicrosimuhtionis composeaf carfollowing, lanechangingunpro-
tectedturns,andprotectedurns,we have correspondingalidationsfor thosefour
aspectsAlthough we claimthatthisis afairly systenatic approacho thesituaton,

6 Insteadof “split links”, theterms‘boundarylinks”, “sharedlinks”, or “distributed links”
aresometimesuseal. As is well known, somepeoge use“edge” insteadof “link .
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Fig. 1. Domaindecanmposition of trangortaion network. Left: Globd view. Right: View of
aslave CPU.Theslave CPUis only awareof the part of the network which is attacledto
its local nodes. Thisincludeslinks which aresharel with neighbordomairs.
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we do notclaimthatour validation suiteis complete For example weaving [40] is
animportantcandidateor validation.

It shouldbe notedthatwe do not only validateour driving logic, but we validae
the implementtion of it, including the parallelaspectslit is easyto add unreal-
istic aspectdn a parallelimplementatn of an otherwiseflawlessdriving logic;
andthe authorsof this paperarescepticaboutthe feasibility of formal verification
proceduregor large-scalesimuation software.
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Fig. 3. Exampleof pardlel logic of asplit link with two lanes Thefigureshavsthegeneal

logic of onetime step Remembethatwith aspiit link, oneCPUis respnsilde for onehalf

of thelink andanoher CPUis resmnsilde for the otherhalf. Thesetwo halvesareshovn

sepaately but correctly lined up. The dotted partis the “boundaryregion”, whichis where
the link storesinformationfrom the otha CPU. The arrowsderpte wheninformation is

tranderredfrom oneCPUto the othervia bourdary exchange.

We shav exampledor thefour categories(Fig. 4): (i) Traffic in al-lanecircle,thus
validatingthetraffic flow behaior of thecarfollowing implemenation.(ii) Results
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of traffic in a 3-lanecircle, thusvalidating theadditionof lanechanging(iii) Merge
flows througha stopsign, thusvalidating the additionof gapacceptancat unpro-
tectedturns.(iv) Flowsthroughatraffic light wherevehiclesneedto bein thecor-

rectlanesfor theirintendedurns—it thussimutaneouslyalidateslane changing
for planfollowing” andtraffic light logic.

In our view, our validationresultsarewithin the rangeof field measurementdhat
onefindsin the literature.Whengoingto a specificstudyarea,anddependingon
the specificquestion,more calibrationmay becomenecessaryor in somecases
additionsto thedriving logic maybe necessaryFor moreinformation,see[28].
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6 Graph partitioning

Oncewe areableto handlesplit links, we needto partition the whole transporta-
tion network graphin an efficient way. Efficient meansseveral competingthings:
Minimize the numberof split links; minimize the numberof otherdomainseach
CPUsharedinks with; equilibratethe computaibnal loadasmuchaspossibé.
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One approachto domaindecomposibn is orthogonalrecursve bi-section. Al-
thoughlessefficientthanMETIS (explainedbelow), orthogonabi-sectionis useful
for explainingthegenerabpproachln ourcase sincewe cutin themiddleof links,
thefirst stepis to accumulatecompuationalloadsat the nodes:eachnodegetsa
weight correspondingo the compuational load of all of its attachedhalf-links.
Nodesarelocatedat their geographicatoordinatesThen, a vertical straightline
is searchedso that, as muchas possibé, half of the computatimal load is on its
right andthe otherhalf on its left. Thenthe larger of the two piecesis pickedand
cutagain,thistime by a horizontalline. Thisis recursvely doneuntil asmary do-
mainsareobtainedasthereare CPUsavailable,seeFig. 5. It is immediatey clear
thatundernormalcircumstanceshis will be mostefficient for a numberof CPUs
thatis apower of two. With orthogoral bi-sectionwe obtaincompactndlocalized
domainsandthe numberof neighbordomainss limited.

Anotheroptionis to usethe METIS library for graphpartitioning (see[24] and
reference therein). METIS usesmultilevel partitioning What that meansis that
first the graphis coarsenedthenthe coarsenedraphis partitioned,andthenit is
uncoarsenedgain,while usingan exchangeheuristicat every uncoarseningtep.
The coarseninganfor examplebe donevia randommatching,which meanshat
firstedgesarerandomlyselectedothatnotwo selectedinks sharghesamevertex,
andthenthe two nodesat the end of eachedgeare collapsedinto one.Oncethe
graphis sufficiently collapsedit is easyto find a goodor optimal partitioning for
thecollapsedyraph.During uncoarseningt is systematicallyried if exchange®of
nodesat the boundariegeadto improvements."Standard’METIS usesmultilevel
recursve bisection:Theinitial graphis partitionedinto two piecesgachof thetwo
piecess partitionedinto two pieceseachagain,etc.,until thereareenoughpieces.
Eachsuchsplit usesits own coarsening/uncoarsegisequencek-METIS means
thatall k£ partitions are found during a single coarsening/uncoarsenirsgquence,
whichis considerablyaster It alsoproducesnoreconsistenandbetterresultsfor
largek.

METIS considerablyreduceshe numberof split links, N, asshavn in Fig. 6.

Thefigure showvs the numberof split links asa functionof the numberof domains
for (i) orthogonabi-sectionfor a Portlandnetwork with 200000links, (ii)) METIS

decomposion for the samenetwork, and (iii) METIS decompodgion for a Port-
landnetwork with 20024 links. Thenetwork with 200000links is derivedfrom the
TIGER censugdatabase andwill be usedfor the Portlandcasestudyfor TRAN-

SIMS. The network with 20024 links is derived from the EMME/2 network that
Portlands currentlyusing.An exampleof thedomaingeneratedhy METIS canbe
seenin Fig. 7; for example,the algorithmnow picks up the factthatcuttingalong
theriversin Portlandshouldbe of advantagesincethisresultsin a smallnumberof

splitlinks.

We alsoshaw datafits to the METIS curves, Ny, = 250 p®* for the 200000links
network and N,,; = 140 p®° — 140 for the 20024 links network, wherep is the
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numberof domains We are not aware of ary theoreticalagumentfor the shapes
of thesecurvesfor METIS. It is however easyto seethat,for orthogonabisection,
the scalingof N, hasto be ~ p%5. Also, thelimiting casewhereeachnodeis on
a different CPU needsto have the sameN,,, both for bisectionandfor METIS.
In consequencet is plausibe to usea scalingform of p® with « > 0.5. This
is confirmedby the straightline for large p in thelog-log-plot of Fig. 6. Sincefor
p = 1, thenumberof splitlinks N, shouldbezero for the20024links network we
usetheequationd p®— A, resultirgin Ny, = 140 p*5°—140 . Forthe200000links
network, theresultingfit is sobadthatwe did notaddthe negative term.Thisleads
to akink for thecorrespondingurvesin Fig. 13.

Suchaninvestgationalso allows to computethe theoreticalefficiency basedon

the graph partitioning. Efficiengy is optimal if eachCPU getsexactly the same
computatimal load.However, becaus®f thegranularityof theentities(nodesplus
attachecdhalf-links) that we distribute, load imbalancesare unavoidable,andthey

becomdargerwith more CPUs.We definethe resultingtheoreticalefficiency due
to thegraphpartitionng as

S load on optimalpartition
4mn = loadon largestpartition

(1)

wheretheload onthe optimalpartitionis justthetotal load dividedby thenumber
of CPUs.We then calculatedthis numberfor actualpartitiorings of both of our
20024 links and of our 200000 links Portlandnetworks, seeFig. 8. The result
meanghat, accordingto this measurealone,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 thelastsectionwe explainedhow the streetnetwork is partitionedinto domains
thatcanbeloadedontodifferentCPUs.In orderto be efficient, theloadson differ-
entCPUsshouldbe assimilar aspossitbe. Theseloadsdo however dependon the
actualvehicletraffic in the respectre domains.Sincewe aredoing iterations,we
arerunningsimilartraffic scenario®ver andover again.We usethis featurefor an
adaptveloadbalancingDuring runtimewe collecttheexecutontime of eachlink
andeachintersection(node).Thestatisics areoutputto file. For thenext run of the
micro-simuation, thefile is fed backto thepartitioning algorithm.In thatiteration,
insteadof usingthe link lengthsasload estirmate, the actualexecuton timesare
usedasdistribution criterion. Fig. 9 shavs the new domairs after sucha feedback
(comparego Fig. 5).

To verify the impactof this approachwe monitaed the executon timespertime-
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Fig. 5. Orthogmal bi-section for Portland 20024 link s network.

stepthroughoutthe simulation period. Figure 10 depictsthe resultsof oneof the
iterationseries For iteration1, theload balancemusesthelink lengthsascriterion.
The executbn timesare low until congestiorappearsaround?7:30 am. Then,the
executiontimesincreasdivefold from 0.04 secto 0.2 sec.In iteration2 the exe-
cution times are almostindependenof the simulaton time. Note that dueto the
equilibratian, the executian timesfor earlysimulaton hoursincreasdérom 0.04sec
to 0.06sec,but this effectis morethancompensatetiateron.

Thefigurealsocontaingplotsfor lateriterations(11, 15, 20,and40). Theimprove-
mentof executiontimesis mainly dueto the routeadaptatiorprocesscongestion
is reducedandtheaveragevehicledensityis lower. Onthemachinesizeswherewe
havetriedit (upto 16 CPUs),adaptve loadbalancingedto performancemprove-
mentsupto afactorof 1.8.1t shouldbecomemoreimportantfor largernumbersof
CPUssinceloadimbalancediave a strongereffect there.

8 Performanceprediction for the TRANSIMS micro-simulation

It is possibleto systematicallypredict the performanceof parallel micro-simu-
lations(e.g.[20,27]).For this, severalassumptiasaboutthe computerarchitecture
needto bemade.n thefollowing, we demonstratéhederivation of suchpredictve

equationgor coupledworkstationsandfor parallelsupercompurs.
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Fig. 6. Numberof split links asafunction of thenumkber of CPUs.Thetop curve shovs the
resut of orthogoral bisedion for the 200000 links network. The middle curve showsthe
resut of METIS for the samenetwork — cleaty, the useof METIS resuts in congderably
fewer split links. The bottom curve showsthe resut for the Portland20024 links network
whenagainusing METIS. Thetheaeticd scalirg for orthogoral bisectionis N, ~ /p,

wherep is the numberof CPUs.Note thatfor p — Njpks, Nsp Need to be the samefor

bothgraph partitioning method.

The methodfor thisis to systematicall calculatethewall clock time for onetime

stepof the micro-simuhtion. We startby assunmg thatthe time for onetime step
hascontrikbutions from computaton, 7',,,,,, andfrom communcation,T,,,,,. If these
do notoverlap,asis reasonabléo assumedor coupledworkstatons,we have

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

wherep is thenumberof CPUs.

Time for computatbn is assumedo follow

Tcmp(p) = % ' (1 + fovr (p) + fdmn (p)) . (3)

" For simplicity, we do not differentiae betweenCPUsandcomputdiona nodes.Compu-
tational nodes can have morethanone CPU— an exampk is a network of coupled PCs
whereeachPChasDual CPUs.
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Fig. 7. Partitioning by METIS. Compareo Fig. 5.

Here, T isthetime of thesamecodeononeCPU (assumig a problemsizethatfits
on availablecomputermemory);p is the numberof CPUs; f,,, includesoverhead
effects (for example,split links needto be adminiseredby both CPUS); f 4 =
1/eamn — 1 includesthe effect of unequadomainsizesdiscussedn Sec.6.

Time for communicationtypically hastwo contritutions: Lateny andbandwidth.
Lateng is thetime necessaryo initiate the communicatn, andin consequenci
is independenof the messageize.Bandwidthdescribeshe numberof bytesthat
canbecommunicateghersecondSothetime for onemessagés

Smsg
b 7

Tmsg = ﬂt +

whereT}, is thelateng, S, is themessagsize,andb is the bandwidth

However, for mary of today's computerarchitecturespbandwidthis given by at
leasttwo contributions:nodebandwidh, andnetwork bandwidth.Nodebandwidth
is the bandwidthof the connectiorfrom the CPUto the network. If two computers
communcatewith eachother this is the maxinum bandwidh they canreach.For
thatreasonthisis sometimeslsocalledthe“point-to-poirt” bandwidth.

The network bandwidh is given by the technologyandtopology of the network.
Typical technologes are 10 Mbit Ethernet,100 Mbit Ethernet,FDDI, etc. Typ-
ical topologes are bus topologes, switchedtopologes, two-dimensbnal topolo-
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Fig. 8. Top: Theoreical efficiency for Portlandnetwork with 20024 links.Bottom:Theoret-
ical efficiency for Portlard network with 200000links.“OB” refersto orthogond bisedion.
“METIS (k-way)’ refersto anoption in the METIS library.

gies(e.g.grid/torus),hypercubdopologiesgtc. A traditionalLocal AreaNetwork
(LAN) uses10 Mbit Ethernet,andit hasa sharedbus topology. In a sharedbus
topology all communcationgoesoverthe samemedium) thatis, if severalpairsof
computersommuncatewith eachother they have to sharethebandwidth.

For example,in our 100 Mbit FDDI network (i.e. a network bandwidthof b,,.; =
100 Mbit) atLos AlamosNationalLaboratorywe foundnodebandwidthsof about
bna = 40 Mbit. That meansthat two pairs of computerscould communicate at
full nodebandwidth,i.e. using80 of the 100 Mbit/sec,while threeor more pairs
werelimited by the network bandwidth For exampk, five pairsof computersould
maximally get100/5 = 20 Mbit/seceach.

A switchedtopolagy is similarto abustopology exceptthatthenetwork bandwidth
is given by the backplaneof the switch. Often, the backplanebandwidthis high
enoughto have all nodescommuncatewith eachother at full node bandwidth,
andfor practicalpurposene canthusneglectthe network bandwidtheffect for
switchednetworks.
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Fig. 10. Executiontimeswith external load feechack Theseresuts wereobtaned during
the Dallascasestudy [5,34].

If compuers becomemassvely parallel, switcheswith enoughbackplaneband-
width becometoo expensve. As a compromisesuchsupercomputergsuallyuse
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acommunicatios topologywherecommunicatio to “nearby” nodescanbe done
at full nodebandwidth whereagylobal commurncation suffers someperformance
degradationSincewe partitionour traffic simulatonsin awaythatcommuncation
is local, we canassumehatwe do communicatia with full nodebandwidh ona
supercomputeiThatis, on a parallelsupercomputemwe canneglectthe contritu-
tion comingfrom theb,,.;-term. Thisassumedjowever, thattheallocationof street
network partitionsto compuationalnodesis donein someintelligentway which
maintaindocality.

As aresultof thisdiscussio, we assumehatthe communicationtime pertime step
is

Ns P Sn
Tcmm(p) = Nsub : (nnb(p) ,Tlt + % bnd

Sbn
+ Nspl(p) M) )

bnd bnet

which will be explainedin the following paragraphsiV,,; is the numberof sub-
time-stepsAs discussedn Sec.4, we do two boundaryexchangeger time step,
thus Ny, = 2 for the 1999 TRANSIMS micro-simuhtionimplementation.

nnp 1S the numberof neighbordomainseachCPU talksto. All informatian which

goesto thesameCPU is collectedandsentasa single messagethusincurringthe

lateny only onceper neighbordomain.For p = 1, n,,; is zerosincethereis no

otherdomainto communicatevith. For p = 2, it is one.For p — oo andassuming
that domainsare always connected Euler’'s theoremfor planargraphssaysthat
theaveragenumberof neighborscannotbecomemorethansix. Basedon a simple

geometricargumentwe use

na(p) =2@Bvp—1)(vVp—1)/p,

which correctlyhasn,;(1) = 0 andn,, — 6 for p — co. Notethatthe METIS
library for graphpartitioning (Sec.6) doesnot necessarilygenerateonnectegar
titions, makingthis potentally morecomplicated.

T}, isthelateng (or start-uptime) of eachmessagel;; betweerD.5and2 milli sec-
ondsaretypical valuesfor PVM onaLAN [34,12].

Next arethetermsthatdescribeourtwo bandwidh effects. NV, (p) is thenumberof
splitlinks in thewholesimulaton;thiswasalreadydiscussedh Sec.6 (seeFig. 6).
Accordingly N, (p)/p is the numberof split links per computaibnal node. Sy,
is the size of the messageper split link. b,, andb,,.; arethe nodeand network
bandwidthsasdiscusse@bove.

In consequenceahecombinedime for onetime stepis

T(p) = %(1 + fovr (p) + fdmn(p))+
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Accordingto whatwe have discusedabove, for p — oo the numberof neighbors
scalesasn,;, ~ const andthe numberof split links in the simulation scalesas
Ny ~ /p- In consequenctor f,,,. and fo, Smallenoughwe have:

e for asharedor bustopology, b, is relatvely smallandconstantandthus

1 1
Tp)~—-+1+—+p—D;
(») ’ 7P VP = /D
e for a switchedor a parallelsupercomputetopolayy, we assumeé,,.; = oo and
obtain
1

1
T(p)~=+14+-— 1.
(p) , 7

Thus,in a sharedtopolagy, addingCPUswill eventwally increasethe simulation
time, thusmakingthe simulation slower. In a non-sharedopology addingCPUs
will eventuallynot make the simulationarny faster but at leastit will not be detri-
mentalto computatbnalspeedThedominanttermin asharedopologyfor p — oc
is the network bandwidh; the dominanttermin a non-sharedopologyis the la-
tengy.

The curvesin Fig. 11 are resultsfrom this predictionfor a switched100 Mbit
EthernetLAN; dotsand crossesshowv actualperformanceaesults.The top graph
shavsthetime for onetime step,i.e. T'(p), andtheindividual contritutions to this
value.The bottomgraphshovs therealtime ratio (RTR)

ﬁ _ Llsec
T(p) T(p)’

rtr(p) =

which sayshow muchfasterthanreality the simulaton is running.At is thedura-
tion a simulaton time step,whichis 1 sec in TRANSIMS-1999.The valuesof the
free parameterare:

e Hardware-dependnt parameters. We assumehattheswitchhasenoughband-
width so that the effect of b,,.; is negligeable.Other hardware parametersare
Ti; = 0.8 msandb,,q = 50 Mbit/s.?

e Implementation-dependent parameters The numberof messagexchanges
pertime stepis Ny, = 2.

8 Ourmeasuementdhave corsisterly shownthatnodebandvidthsarelowerthannetwork
bandvidths. Even CISCOitself spedfies 148000 padets/®c, which trarslatesto about
75 Mbit/seg for the 100 Mbit switchthatwe use
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e Scenario-degndentparameters Exceptwhennoted,our performancepredic-
tionsandmeasurementeferto the Portland20024 links network. We use,for
thenumberof split links, N, (p) = 140 - p°5° — 140, asexplainedin Sec.6.

e Other Parameters. The messageize dependsn the plansformat (which de-
pendsonthesoftwaredesignandimplementation) onthetypicalnumberof links
in a plan,andon thefrequeng perlink of vehiclesmigratingfrom oneCPUto
anotherWe useS;,q = 200 Bytes. Thisis anaveragenumber;t includesall the
information thatneedgo be sentwhena vehiclemigratesfrom oneCPUto an-
other Thenew TRANSIMS multi-modalplansformateasilyhas200entriesper
driver andtrip, resultingin 800bytesof informationjustfor theplan.In addition,
thereis informationaboutthe vehicle (ID, speedmaximumaccelerationetc.);
however, notin every time stepavehicleis migratedacrossaboundaryon every
splitlink. In principle it is however possibé to compresghe plansinformation,
soimprovementsare possble herein the future. Also, we have not explicitely
modelked simulation output, which is indeeda performancassueon Beowulf
clusters.

Theseparametersvereobtainedn thefollowing way: First, we obtainedplausibe
valuesvia systenatic communicatn testsusingmessagesimilar to theonesused
in the actualsimulaton [34]. Then,we ran the simulaton without arny vehicles
(seebelow) andadaptedour valuesaccordingly Runningthe simulation without
vehiclesmeansthat we have a muchbettercontrol of Sy,,4. In practice,the main
resultof this stepwasto sett,,; to 0.8 msec,which is plausiblewhencompared
to the hardwarevalueof 0.5 msec.Last, we ranthe simulatonswith vehiclesand
adjustedSy,q to fit thedata— In consequencédor the switched100Mbit Ethernet
configurationswithin the datarangeour curvesare modelfits to the data.Outsice
thedatarangeandfor otherconfigurationsthe curvesaremodel-basegredictions.

Theplot (Fig. 11) shonvsthatevensomething asrelatively profaneasa combiration
of regular PentiumCPUsusinga switched100Mbit Ethernettechnolog is quite
capablein reachinggood computatimal speedsFor exampk, with 16 CPUsthe
simulaton runs 40 timesfasterthanreal time; the simulaton of a 24 hour time

periodwould thustake 0.6 hours.Thesenumbergefer, assaidabove, to the Port-
land20024links network. Includedin the plot (blackdots)aremeasurementsith

a compue clusterthat corresponddo this architecture The triangleswith lower
performancdor the samenumberof CPUscomefrom usingdual insteadof sin-
gle CPUsonthe computatbnalnodes Notethatthe curve levelsout at aboutforty

timesfasterthanreal time, no matterwhat the numberof CPUs.As onecansee
in thetop figure,thereasons thelateng term,which eventualy consumesearly
all the time for a time step.This is one of the importantelementsvhereparallel
supercomputeraredifferent: For exampk the Cray T3D hasa morethana factor
of tenlower lateng underPVM [12].

As mentonedabove, we also ran the samesimulaton without any vehicles.In
the TRANSIMS-1999implementationthe simuation sendsthe contentsof each
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CA boundaryregion to the neighboringCPU even whenthe boundaryregion is

empty Withoutcompressionthisis five integersfor five sites, timesthe numberof

lanesresultingin about40 bytespersplit edge whichis considerablyessthanthe
800bytesfrom above. Theresultsareshavn in Fig. 12. Shovn arethe compuing

timeswith 1to 15single-CRJ slaves,andthecorrespondingealtimeratio. Clearly,

we reachbetterspeed-upvithout vehiclesthanwith vehicles(compareo Fig. 11).
Interestingly this doesnot matterfor the maximum computatbnal speedthatcan
be reachedwith this architectureBoth with andwithout vehicles,the maxinmum

realtime ratio is about80; it is simply reachedwith a highernumberof CPUsfor

the simulaton with vehicles.Thereasons thatevenually the only limiti ng factor
is the network lateng term, which doesnot have anything to do with the amount
of informationthatis communcated.

Fig. 13 (top) shawvs somepredictedreal time ratiosfor othercompuing architec-
tures.For simplicity, we assumethat all of them exceptfor one specialcaseex-
plainedbelov usethe same500 MHz Pentiumcomputenodes.The differenceis
in the networks: We assumel0 Mbit non-switched10 Mbit switched,1 Gbit non-
switched,and 1 Gbit switched.The curvesfor 100 Mbit arein betweenandwere
left outfor clarity; valuesfor switched100Mbit Ethernetwerealreadyin Fig. 11.
Oneclearly seeghatfor this problemandwith today's compuers,it is nearlyim-
possibé to reachany speed-upn a 10 Mbit Ethernet,even whenswitched.Gbit
Ethernetis somavhatmoreefficient than100 Mbit Ethernetfor smallnumbersof
CPUs,but for largernumbersof CPUs,switchedGbit Ethernetsaturatest exactly
thesamecomputatioal speedasthe switched100Mbit EthernetThisis dueto the
factthatwe assumehatlateny remainghesame- afterall, therewasnoimprove-
mentin lateney whenmoving from 10 to 100 Mbit EthernetFDDI is supposedly
evenworse[12].

The thick line in Fig. 13 correspondso the ASCI Blue Mountain parallel super
computerat Los AlamosNationalLaboratory Ona perCPU basis this machines
slowerthana500MHz Pentium.Thehigherbandwidthandin particularthelower
latenyy make it possibé to usehighernumbersof CPUsefficiently, andin factone
shouldbe able to reacha real time ratio of 128 accordingto this plot. By then,
however, thegranularityeffect of theunequaldomairs (Eqg. (1), Fig. 8) would have
setin, limiting the computationaspeedorobablyto aboutl100timesrealtime with

128 CPUs.We actuallyhave somespeedmneasurementsn thatmachinefor up to
96 CPUs,but with a considerablyslower codefrom summerl998.We omit those
valuesfrom theplot in orderto avoid confusion.

Fig. 13 (botton) shaws predictionsfor the higherfidelity Portland200000 links
network with the samecomputerarchitecturesThe assumpbn wasthatthe time
for onetime step,i.e. T; of Eq. (3), increasedy a factorof eightdueto the in-
creasedoad. This hasnot beenverified yet. However, the generalmessageloes
not dependon the particulardetails: When problemsbecomelarger, then larger
numbersof CPUsbecomemore efficient. Note that we again saturatewith the
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switchedEthernetarchitectureat 80 timesfasterthanreal time, but this time we

needabout64 CPUswith switchedGbit Ethernetin orderto get40 timesfaster
thanrealtime — for the smallerPortland20024links network with switchedGbit

Ethernetwe would need8 of the sameCPUsto reachthe samerealtime ratio. In

shortandsomevhat simplified: As long aswe have enoughCPUs,we canmicro-

simulat roadnetworksof arbitrarily largesizewith hundredof thousandsf links

and more, 40 timesfasterthanreal time, even without supercompwr hardware.
— Basedon our experiencewe are confidentthatthesepredictionswill be lower
boundson performanceln the past,we have alwaysfoundwaysto make the code
moreefficient.

9 Spead-up and efficiency

We have castour resultsin termsof the realtime ratio, sincethis is the mostim-
portantquantitywhenonewantsto geta practicalstudydone.In this section,we
will translateour resultsinto numbersof speed-upefficiency, andscale-upwhich
allow easiercomparisorfor computng people.

Let usdefinespeed-uas

wherep is againthe numberof CPUs,T'(1) is the time for onetime-stepon one
CPU,andT (p) is thetime for onetime stepon p CPUs.Dependingon the view-

point, for 7'(1) oneuseseitherthe runningtime of the parallelalgorithmon a sin-
gle CPU, or the fastesixisting sequentiahlgorithm SinceTRANSIMS hasbeen
designedor parallelcomputng and sincethereis no sequentiasimuation with

exactly thesameproperties?’ (1) will betherunningtime of the parallelalgorithm
onasingle CPU.For time-steppedimulationssuchasusedhere,the differenceis
expectedo besmall.?

Now note againthat the real time ratio is rtr(p) = 1 sec/T(p) . Thus,in order
to obtainthe speed-udrom the real time ratio, one hasto multiply all real time
ratiosby 7'(1) /(1 sec). On alogarithrric scale,a multiplication correspondso a
linear shift. In consequencespeed-uprurves canbe obtainedfrom our real time
ratio curvesby shifting the curvesup or down sothatthey startatone.

This alsomakesit easyto judgeif our speed-ugs linear or not. For examplein

9 An event-divensimulaion could be a courter-example:Dependng on theimplemeria-
tion, it could beextremely faston a single CPUup to mediumproblemsizes, but slow ona
paralel machne.
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Fig. 11. 100 Mbit switched EthernetLAN. Top: Individual time contibutions. Bottom:
Correspnding Real Time Ratios.The black dotsrefer to actudly measurd performance
whenusing one CPU per cluster node; the crosse refer to actudly measurd performance
whenusingdual CPUsper node (the y-axis still denoesthe numberof CPUsused. The
thick curveis thepredictionaccodingto themodel Thethinlines shav theindividual time
contibutionsto thethick curve.

Fig. 13 bottom the curve which startsat 0.5 for 1 CPU shouldhave an RTR of
2 at4 CPU,anRTR of 8 at 16 CPUs,etc. Downward deviations from this mean
sub-linearspeed-upSuchdeviations arecommonlydescribedy anothemumbey
calledefficiengy, anddefinedas
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Fig. 12. 100 Mbit switched EthernetLAN; simulaion without vehicles. Top: Individual
time cortributions. Bottom: Correponding Real Time Ratios. The sameremarls as to
Fig. 11 apply. In particular, black dotsshov measued performance whereascurvesshov

predcted perfamance.

Fig. 14 containsanexample.Notethatthis numbercontainsno new information it
is justare-interpretationAlso notethatin our logaritimic plots, E(p) will justbe
thedifferenceto thediagonalp T'(1). Efficiency canpointoutwhereimprovements
would beuseful.

25



Portland EMME/2 network (20 000 links)

128
o/ S S N < S - ————
32
o 16
<
o 8
£
= 4
5
o
2 o/
1L ASCI Blue Mountain parallel supercomputer = |
Gbit switched
Gbit non-switched ~~—
0.5 r 10 Mbit switched ]
10 Mbit non-switched
0.25 1 1 1 1
1 4 16 64 256 1024
number of CPUs ]
Portland TIGER network (200 000 links)
128
64
32
o 16
<
o 8
£
= 4
[
g
2
ir “Ghit switched
Gbit non-switched
0.5 10 Mbit switched._ - 1
10 Mbit non-switched -+
0.25 . .
1 4 16 64 256 1024

number of CPUs

Fig. 13.Predidionsof realtime ratio for other compuer configurations. Top: With Portland
EMME/2 network (20024 links). Bottom: With PortlandTIGER network (200000 links).

Note that for the switchedcorfigurations and for the supercompuer, the saturding real
time ratio is the samefor both network sizes, but it is reacled with different numbersof
CPUs.Thisbehavior is typical for paralel compuers:They arepartculady goodatrunning
larger andlarger problemswithin the samecomputng time. — All curvesin both graghs
are predidions from our model. We have someperfaomancemeasuementsfor the ASCl

maschne, but sincethey weredonewith anolderandslower version of the code they are
omittedin orde to avoid confusion

10 Other modules

As explainedin the introducton, a micro-simuhtionin a softwaresuitefor trans-
portationplanningwould have to be run mary times(“feedbackiterations”)in or-
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Fig. 14. Efficiency for the samecorfigurations asin Fig. 13 bottom. Note thatthe curves
contain exadly the sameinformaton.

derto achieve consiseng/ betweenmoduks. For the microsimuhtion alone,and
assumingour 16 CPU-machinawith switched100 Mbit Ethernetwe would need
about30 hoursof computhgtime in orderto simulate24 hoursof traffic fifty times
in arow. In addition,we have the contritutions from the othermoduks (routing,
actvitiesgeneration)In the past,thesehave never beena larger problemthanthe
micro-simdation, for severalreasons:

e Thealgorithrrs of theothermoduksby themselesdid significantly lesscompu-
tationthanthe micro-sinulation.

e Evenwhenthesealgorithns startusingconsiderabl@mountsof compugr time,
they are“trivially” parallelizableby simply distributing the household across
CPUs!?

e In addition,during the iterationswe never replanmore thanabout10% of the
populaton, saving additional computettime.

In sumnary, the TRANSIMS modulesbesidesthe traffic micro-simuhtion cur-
rently do not contritute significantly to the computatbnalburden;in consequence,
the computatbnal performanceof the traffic micro-simulationis a goodindicator
of the overall performancef the simulation system

10 Thisis possible becaseof the specific purposeTRANSIMS is desigiedfor. In realtime
appications, whereablute spee betweernrequestand respamse matters the situation is
different[8].
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11 Summary

Thispaperexplainstheparallelimplemenationof the TRANSIMS micro-sinulation.
Sinceothermodulesare computatimally lessdemandingandalsosimplerto par
allelize,the parallelimplementatiorof the micro-sinulationis the mostimportant
andmostcomplicatedpieceof parallelizationvork. The parallelizatiormethodfor
the TRANSIMS micro-sirulation is domaindecomposibn, thatis, the network
graphis cutinto asmary domainsasthereare CPUs,andeachCPU simulaesthe
traffic onits domain We cutthenetwork graphin themiddleof thelinks ratherthan
at nodeg(intersections)in orderto separatehetraffic dynamicscompleity atin-
tersectiongrom thecompl«ity of theparallelimplementation We explainhow the
cellularautomatgCA) or ary techniquewith a similar time depenceng schedul-
ing helpsto designsuchsplit links, andhow themessagexchangen TRANSIMS
works.

The network graphneeddo be partitionedinto domainsin a way thatthe time for

messagexchangds minimized. TRANSIMS useghe METIS library for thisgoal.
Basedon partitionngsof two differentnetworksof Portland(Oregon),we calculate
thenumberof CPUswherethis approachwould becomanefficient justdueto this
criterion.For anetwork with 200000links, we find thatdueto this criterionalone,
up to 1024CPUswould be efficient. We alsoexplain how the TRANSIMS micro-

simulaton adaptghe partitionsfrom onerunto the next duringfeedbackterations
(adaptve loadbalancing).

We finally demongtatehow computing time for the TRANSIMS micro-simuétion
(andthereforefor all of TRANSIMS) canbe systematally predicted An impor-
tantresultis thatthe Portland20024 links network runsabout40 timesfasterthan
realtimeon 16 dual500MHz Pentiumcomputersonnectedia switchedlO0OMbit
EthernetTheseareregulardesktop/LANtechnologieswhenusingthenext gener
ationof communcationstechnologyi.e. Gbit Ethernetwe predictthe samecom-
putingspeedor a muchlargernetwork of 200000links with 64 CPUs.
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