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Abstract — In a multi-agenttransportatn simulation, eachtraveler is representedhdi-
vidually. Sucha simuation consistof atleastthe following moduks: (i) Activity gener
ation. For eachtravelerin the simulatian, acomplete24-hourday-planis generatedwith
eachmajor actvity (sleep,eat,work, shop,drink beer),their times,andtheir locations.
(i) Modal androutechoice. For eachtravelerin the simulation,the modeof transporta-
tion andtheactualroutesarecomputed(iii) TheTraffic simulatonitself. In thismodule,
thetravelersare movedthroughthe systemyia the transportatioomodesthey have cho-
sen.(iv) Learningandfeedback.In orderto find soluionswhich areconsistenbetween
themodulesarelaxationtechniquds used.Thistechniquehassimilaritiesto day-to-day
humanlearningand canalsobe interpretedthat way. — Besides,one needsinput data,
suchdataof the roadnetwork, or (synthetc) populations In the future, furthermodules
needto be added suchasfor housingandlanduse,or for freighttraffic.

Using advancedcomputatioal methods,in particularparallelcomputing it is now
possble to do this for large metropolian areaswith 10 million inhabiantsor more. We
arecurrentlyworking on sucha simulationof all of Switzerland.Our focusis onacom-
putatianally efficientimplemenationof theagent-basetkepresentationyhich meanghat
we in factrepresenteachagentwith anindividual setof plansasexplainedabove. We
usea databasedo storethe agents stratgies, thenload theminto the simulation mod-
ulesasrequired,andfeedbackindividual performanceneasureito the databaseThis
approachallows that additioral moduks canbe coupledeasily andwithout destrging

computaibnal performance.



1 Introduction

Humantransportatia hasphysical, engineeringand socio-econona aspects.This last
aspecimeanghatarny simuation of humantransportatia systens will includeelements
of adaptationJearning,andindividual planning In termsof computerizationtheseas-
pectscanbemuchbetterdescribedy ruleswhichareappliedto individual entitiesthanby
equationsvhichareappliedto aggreyatedfields. In consequencarule-basednulti-agent
simuationis a promisng methodfor transportatin simuations(andfor socio-economic
simuationsin general). By a “multi-agent” simulaton we meana microscopt simula-
tion thatmodelsthe behaior of eachtraveler, or agent, within the transportatiorsystem
asanindividual, ratherthanaggreatingtheir behaior in someway. Theseagentsarein-
telligent, which meanghatthey have stratayic, long-termgoals. They alsohave internal
representationsf theworld aroundthemwhich they useto reachthesegoals.Addingthe
term*“rule-based’indicatesthatthe behaior of the agentds determinedy setsof rules
insteadof equationsThus,arule-basednulti-agentsimulationof atransportatia system
will applyto eachagentindividually. Suchasimulationdifferssignificantlyfrom amicro-
scopicsimulaton of, say moleculardynamics becauseainlike moleculesiwo “traveler”
particles(agents)n identicalsituatonswithin a transportatiorsimulaton will in general
male differentdecisions.

Suchrule-basednulti-agentsimulatons run well on currentworkstations and they
canbedistributed on parallelcomputerof the type “networks of coupledworkstatons”
Sincethesesimulatonsdo not run efficiently on traditionalsupercompwrs (e.g. Cray),
the jump in computatioal capability over the last decadehashad a greaterimpacton
the performanceof multi-agentsimulations thanfor, say computatimal fluid-dynamics,
which alsoworkedwell ontraditional supercomputergn practicalterms thismeanghat
we arenow ableto run microscopt simulationsof large metropoliinregionswith more
than10million travelers.Thesesimulatonsareevenfastenoughto runthemmary times
in sequenceywhich is necessaryo emulatethe day-to-daydynamcs of humanlearning,
for examplein reactionto congestion.

In orderto demonstratehis capabilityandalsoin orderto gain practicalexperience
with sucha simulaton system we are currently implementng a 24-hourmicroscopic

transportatn simulaton of all of Switzerland. Switzerlandhas7.2 million inhabitans.



Assumng 3 to 3.5trips per personperday; this will resultin about20-25million trips.
This numberincludespedestriartrips (like walking to lunch), trips by public transit,
freight traffic, etc. The numberof cartrips on a typical weekdayin Switzerlandis cur
rently about5 million (seeVrtic (2001)for wherethe datacomesfrom). The goal of our

studyis twofold:

e Investpgatethe computatioal challengesndhow they canbeovercome.

e Investgatewhatis necessaryo make a simultion systemrealisticenoughto be

usefulfor sucha scenarioandhow difficult thisis.

This papergivesa reporton the currentstatus. Section2 describeghe simulaton
moduksandhow they wereusedfor the purposef this study Section3 describeghe
input data, i.e. the underlyingnetwork and the demandgeneration. Besides‘normal”
demandwe alsodescribeonewhere50000travelerstravel from randomstartingpoints
within Switzerlandto the Ticino, which is the southerrpart of Switzerland.We usethis
secondcenariasaplausibilty testfor routingandfeedback Thisis followedby Sect 4,
whichdescribesomeresultsandSect.5, which describesssuegelatedto computatonal
performanceof the parallel micro-simubtion. The paperendswith a discussionand a

summnary.

2 Simulation Modules

Traffic simulationsfor transportatia planningtypically consistof thefollowing modules
(Fig. 1):

e Population generation Demographicdatais disaggrgatedso that one obtains
individual householdsandindividual househa memberswith certaincharacteris-
tics, suchasa streetaddresscarownership,or householdncome(Beckmanetal.,
1996).— This moduleis not usedfor our currentinvegigations but will be usedin

future.

e Activities generation For eachindividual, a setof actvities (home,going shop-

ping,goingto work, etc.) andactvity locationsor adayis generatedvaughnretal.,
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1997;Bowman,1998).— This moduleis not usedin our currentinvestgationsbut

will beusedin future.

e Modal and route choice For eachindividual,the modesare selectecandroutes

aregeneratedhatconnectactvities at differentlocations(seeSec.2.1).

e Traffic micro-simulation. Up to here,all individualshave madeplansabouttheir
behaior. Thetraffic micro-sinulationexecutesall thoseplanssimulianeouslysee
Sec.2.2). In particular we now obtainthe resultof interactionsbetweerthe plans

—for examplecongestion.

e Feedback In addition suchan approachneedsto make the moduks consistent
with eachother (Sec.2.3). For example, plansdependon congestia, but con-
gestiondepend®n plans. A widely acceptednethodto resole this is systematic
relaxation—thatis, make preliminaryplans,run thetraffic micro-sinulation,adapt
the plans,run the traffic micro-sirmulation again, etc., until consisteng between
moduesis reached Themethodis somavhat similarto the Frank-Wolfe-algorithm
in staticassignmentor in moregenerakermsto a standardelaxationtechniquan

numericalanalysis.

This modularizatiorhasin factbeenusedfor a long time; the maindifferences thatit is
now feasibleto make all modukescompletelymicroscopicij.e.eachtraveleris individually

representech all moduks.



2.1 Routing

Travelers/\ehiclesneedto computethe sequencef links thatthey aretakingthroughthe
network. A typical way to obtainsuchpathsis to usea shortespathDijkstra algorithm
This algorithmusesasinput the individual link travel timesplusthe startingandending
pointof atrip, andgeneratessoutputthe fastespath.

It is relatively straightforvard to make the costs(link travel times)time dependent,
meaninghatthealgorithm canincludetheeffectthatcongestions time-dependen(Trips
startingat onetime of the day will encountedifferentdelay patternghantrips starting
at anothertime of the day. Link travel times are fed back from the micro-sinulation
in 15-min time bins, and the router finds the fastestroute basedon thesel5-min time
bins. Apart from relatively small and essentiatechnicaldetails,the implementationof
suchanalgorithmis straightforvard (Jacobet al., 1999). It is possble to includepublic
transportatn into the routing (Barrettet al., 1997);in our currentwork, we look at car

traffic only.

2.2 Micro-Simulation

Our mainmicro-simuétionis the queuesimulation (Gawron, 1998; CetinandNagel,in

preparation)Theintentwith thissimulationis to keeptravelers/xehiclesmicroscopicand
to have queuespillback,but apartfrom this to keepthe simulationassimpe aspossible.
Thisis similar in spirit to traffic simulatbnsbasedon the smooh particlehydrodynants

approachsuchas DYNEMO (Schwerdtfger, 1987), DYNAMIT (its.mit.edu), or DY-

NASMART (Mahmassanetal., 1995).

In the queuesimulation, streetsare essentiallyrepresenteasFIFO (first-in first-out)
queuesyith theadditionalrestrictiongthat (1) vehicleshave to remainfor a certaintime
on thelink, correspondindo free speedtravel time; andthat (2) thereis a link storage
capacityandoncethatis exhaustedno morevehiclescanenterthelink.

A major adwantageof the queuesimulaton, besidests simplicity, is thatit canrun
directly off the datatypically availablefor transportatiorplannirg purposes.This is no
longertrue for more realistic micro-sinulation, which need,for example,the number
of lanesincluding pocket andweaving lanes,turn connectities acrossintersectionsor

signalschedules.



2.3

Feedback

As mentionedabore, plans(suchasroutes)andcongestiomeedto be madeconsisént.

This is achiezedvia a relaxationtechniqug(Kaufmanetal., 1991;Nagel,1994/95;Bot-
tom, 2000):

1.

2.

Initially, the systemgeneratea setof routesbasedn free speedravel times.

The new routesare storedin a databasegalledthe “agentdatabase{Rang/ and
Nagel,2002),sothatthe travelers(“agents”) may later associatehe performance

of therouteto it, andmay chooseroutesbasecn performance.

. Thetraffic simuationis runwith theseroutes.

Eachagentmeasureshe performancef his/herroutebasedn the outcomeof the
simulation. “Performance”at presenimeanshetotal travel time of the entiretrip,
with lower travel timesmeaningoetterperformanceThis informationis storedfor

all theagentsan theagentdatabasealongwith theroutethatwasused.

. 10% of the populationrequestsiew routesfrom the router which baseshemon

the updatedink travel timesfrom the lasttraffic simulaton. The new routesare

thenstoredin theagentdatabase.

. Travelerswho did not requeshew routeschoosea previously tried routefrom the

agentdatabasdy comparingperformanceraluesfor the differentroutes. Specifi-

cally, they usea multinomial logit model

pi oc e P

for the probabilty p; to selectroutei, whereT; is the correspondingnemorized
travel time. 5 wassetheuristicallyto 1 /(360 seqg to obtaina fractionof about10%

non-opimal users.

Thiscycle (i.e. stepq3) through(6)) is runfor 50times;earlierinvedigatiors have

shawn thatthis is morethanenoughto reachrelaxation(Rickert, 1998).

Notethatthis impliesthatroutesarefixed duringthe traffic simulationandcanonly

be changedetweeriterations.Work is underway to improve this situaton, i.e. to allow

online re-planning(Gloor, 2001).



3 Input Data and Scenarios

Theinputdataconsistof two parts:the streetnetwork, andthe demand.

3.1 The Street Network

The streetnetwork thatis usedwasoriginally develgpedfor the Swissregionalplanning
authority(Bundesamfur Raumentwicklung)lt hassincebeenmodifiedby Vrtic atthe
IVT, andagainby us. The network hasthe fairly typical numberof 10572 nodesand
28622links. Alsofairly typical,themajorattributesonthesdinks aretype,length,speed,

andcapacity As pointedout above, thisis enoughinformationfor the queuesimulaton.

3.2 The “Gotthard” Scenario

In orderto testour set-upwe generatec setof 50000trips goingto thesamedestinatbn.
Having all trips going to the samedestinaton allows us to checkthe plausibilty of the
feedbacksinceall traffic jams on all usedroutesto the destinatbn shoud dissole in
parallel. In this scenario,we simulate the traffic resultirg from 50000 vehicleswhich
startbetween6amand 7amall over Switzerlandandwhich all go to Lugano,which is
in the Ticino, the Italian-speakingart of Switzerlandsouthof the Alps. In orderfor the
vehiclesto getthere,mostof themhave to crossthe Alps. Therearehowever not mary
waysto dothis, resultirg in traffic jams,mostnotablyin the corridorleadingtowardsthe
Gotthardpass. This scenariohassomeresemblancavith real-world vacationtraffic in

Switzerland.

3.3 The “Switzerland” Scenario

For arealisticsimulation of all of Switzerland the startingpoint for demandgeneration
is a 24-hourorigin-desination matrix, againfrom the Swissregional planningauthority
(Bundesamtir Raumentwicklunyy Forthismatrix,theregionis dividedinto 3066zones.
Eachmatrix entrydescribeshe numberof trips from onezoneto anotheruringatypical

24-hourworkday; trips within zonesare not includedin the data. The original 24-hour
matrix wascorvertedinto 24 one-hourlymatricesusinga threestepheuristicwhich uses

departurdime probabilitesandfield datavolume counts. Thesematricesarethencon-



vertedto individual (disaggrgatd) trips usinganotherheuristc. Thefinal resultis that
for eachentryin theorigin-desthationmatrixwe have atrip which startsin thegiventime
slice,with origin anddestinaibn links in the correctgeographicaarea.More detailscan
befoundin Voellmy etal. (forthcoming.

In the long run, it is intendedto move to actvity-baseddemandgeneration.Then,
asexplainedabove onewould startfrom a syntheticpopulation,andfor eachpopulaton

membeyonewould generatehe chainof actwities for thewhole 24-hourperiod.

4 Results

Figure2 shavs an exampleof how the feedbackmechanisnworksin the Gotthardsce-
nario. Thefigure shavs two “snapshots’of the vehiclelocationswithin the queue-based
micro-sinulation at 9:00 AM. The first imagein the figure is a snapshobf the initial
(zeroth)iterationof the simulation,andthe seconds the simulaton after50 iterationsvia
theagentdatabaséeedbacksystemdescribedn Sect.2.3.

Initially thetravelerschooserouteswithout any knowledgeof the demandcausedy
theothertravelers),sothey all usethefastestinks, andtendto selectvery similarroutes,
which composea subsetof available routes. However, by driving on the samelinks,
they causecongestiorandthoselinks becomeslower thanthe next-fastestinks which
werent selected. Thus, alternaterouteswhich were mamginally slower thanthe fastest
route become,in hindsght, preferredto the routestaken. By allowing sometravelers
to selectnew routesusingthe new informationaboutthe network, andothersto choose
previoudy tried routes,we allow themto learnaboutthe demandon the network caused
by oneanother

After 50iterationsbetweertherouteselectiorandthe micro-simuation, thetravelers
have learnedwhat everyoneelseis doing, and have chosenroutesaccordingly Now a
more completeset of the available routesis chosen,and overall the travelersarrive to
theirdestinatbn earlierthanin theinitial iteration. Comparinghe usageof theroads,one
canseethatin the 49th iteration,the queuesare shorteroverall, andat the sametime in
thesimulaton, travelersare,on average closerto their destination

Figure3 shows anotherwview of the network afterabout50 iterationswith the queue-

basedmicro-sinulationfor the Gotthardscenario.Thefiguresshav the 15-minue aggre-
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Figure2: Exampleof relaxationdueto feedback.TOP: Iteration0 at 9:00— all travelers
assumehenetwork is empty BOTTOM: Iteration49 at 9:00—travelerstake morevaried

routesto try to avoid oneanother

gateddensityof thelinks in the simulatedroadnetwork, which is calculatedfor a given
link by dividing the numberof vehiclesseenon thatlink in a 15-minutetime interval by
thelengthof thelink (in meters)andthenumberof traffic lanesthelink contains.In all of
thefigures,thenetwork is drawvn asthe setof small,connectedine seggments,re-creating
theroadwaysasmight be seenfrom an aerialor satelliteview of the country Thelane-
wisedensityvaluesareplottedfor eachlink asa 3-dimensioal box superimposdonthe
2-dimengonal network, with thebaseof aboxlying ontop of its correspondingjnk in the

network, andthe heightabove the “ground” setrelative to the valueof the density Thus,
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larger densityvaluesare dravn astaller boxes, and smallervalueswith shorterboxes.
Longerlinks naturallyhave longerboxesthanshorterlinks. Also, theboxesareshaded,
with smallervalueshaving lighter shade®f gray, andlargervalueshaving darker shades
of gray. In short,the higherthe density(the taller/darler the boxes),the more vehicles
therewereonthelink duringthe 15-minutetime periodbeingillustrated.Higherdensities
imply highervehicularflow, upto a certainpoint (thedark-grayboxes),but ary boxesthat
areblackindicatea congestedjammed)ink. All timesgivenin thefiguresareattheend
of the 15-minue measuremennterval. The Gotthardtunnelis indicatedby a circle; the
destinatbnin Luganois indicatedby anarrow.

Figure4 shaws a resultof the Switzerlandscenarioduring morningrush-hour This
figureis after 50 iterationsof the queuemicro-sinulation, usingthe agentdatabaseWe
usedas input the origin-desination matricesdescribedn Sect.3.3, but only the three
one-houmatricesbetween6:00 AM and9:00 AM. This meansary travelersbeginning
their trips outsidethis region of time werenot modeled. As onewould expect, thereis
moretraffic nearthe citiesthanin the country Jams are nearlyexclusively foundin or
nearZurich (nearthetop). Thisis barelyvisible in Fig. 4, but canbe verified by zooming
in (possiblewith the electronicversionof this paper). As of now, it is unclearif thisis
a consequencef a higherimbalancebetweensupply and demandthanin other Swiss
cities,or aconsequencef aspecialsensitvity of thequeuesimuationto large congested
networks.

Fig. 5 shavsacomparisorbetweerthesimuation outputof Fig. 4 andfield datataken
at countingstationsthroughoutSwitzerland(seeSec.3.3 and Bundesamfur Strassen,
2000). The dottedlines outline a region wherethe simulation datafalls within 50% and
200%of the field data. We considerthis an acceptibleregion at this stagesinceresults
from traditioral staticassignmentthatwe areawareof areno betterthanthis (Esserand
Nagel,2001). Only few simuation resultsare outsidethis region; investgationof these

pointsis pending.

5 Computational Issues

A metropoitan region can consistof 10 million or moreinhabiantswhich causeson-

siderabledemandsn computatimal performanceThis is madeworseby therelaxation

10
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Figure3: Snapshotsat 7:00AM, 8:00AM, and9:00AM of GotthardScenario.Thecircle
shaws the traffic jam beforethe Gotthard tunnel. The arrow indicatesthe destinatbn of

all vehicles.

iterations And in contrastto simulationsin the naturalsciencestraffic particles(= trav-
elers,vehicles)have internalintelligence As pointedoutin theintroductia, thisinternal

intelligencetranslatesnto rule-baseatode,which doesnotrunwell on traditionalsuper
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Figure4: Snapshobf Switzerlandat 8:00 AM. Fromthe queuemicro-simuhtion,itera-
tion 50.
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Figure5: Simulationvs. field data. The x-axis shaws the hourly countsfrom the field
data;the y-axis shaws throughput on the correspondindink from the simulaton. “7-8”

and“8-9” referto the corresondindnoursduringthe mornirg rushhour.
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computerge.g. Cray) but runswell on modernworkstationarchitectures.This makes
traffic simulatonsideally suitedfor clustersof PCs,alsocalledBeowulf clusters.We use
domaindecomposibn, thatis, eachCPU obtainsa patch(“domain”) of the geograph-
ical region. Informationandvehiclesbetweenthe domairs are exchangedvia message
passingusingMPI (MessagédPassinginterface, www-unix.mcs.anl.ge/mpi).

Table 1 shavs computing speedfor the queuesimulaton run on threehoursof the
Gotthardscenarialescribedn Sect.3.2. Thetablelistselapsedime (or wall clocktime),
real-timeratio, and speedugdor the samesimulation run on differentnumbersof CPUs
usinga standardLO0 Mbit Ethernetinterfacebetweerthe computersThereal-timeratio
(RTR) is how muchfasterthanreality the simulationis. A RTR of 100 meansthatone
simuates100second®f thetraffic scenarian onesecondof wall clock time. Speedup
and RTR arerelated,in that speedupcompareghe wall clock time of a multiple-CPU
simuation with that of the single-CPUsimulation, whereasRTR is comparingrunning
time to the simulatedtime. The simulation scalesfairly well for this scenariocsize and
this computingarchitecturaup to about64 CPUs.Above 80 CPUs,performancealoesnot
increasdurther.

Thebottlenecko fastercomputingspeedss thelateng of theEtherneinterface(Rick-
ertandNagel,2001;NagelandRickert, 2001),which is about0.5—-1msecper message.
Sincewe have in the averagesix neighborgper domainmeaningsix messagesendsper
time step,runningl00timesfasterthanrealtime meanghatbetweer).5 msec< 100 x6 =
0.3 secand1 msecx 100 x 6 = 0.6 secpersecondcorrespondingo betweer30% and
60%of the compuing time is usedup by messag@assing As usual,onecouldrunlarger
scenariostthesamecomputaibnal speedvhenusingmoreCPUs.However, runningthe
samescenariogasterby addingmore CPUsdemands low latengy communicatio net-
work, suchasMyrinet, or asupercompur. Fig. 6 comparesheactualexperimentaRTR
betweenthe simulaton run over a 100 Mbit Ethernetinterface,anda Myrinet interface,
with all elsebeingequal. SinceMyrinet hasa lower lateng than Ethernetthe perfor
manceis indeedincreasedsexpected. Systematiccomputatbnal speedpredictionsfor
differenttypesof computerarchitecturecanbe foundin Rickert andNagel (2001)and

NagelandRickert (2001).
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Numberof Processors Time Elapsed| RealTime Ratio | Speedup

552 20 1.00

4 272.7 40 2.02
8 179 60 3.08
16 124 87 4.45
32 824 131 6.70
48 74.4 145 7.42
64 65 166 8.49
80 58.4 185 9.45
96 55.6 194 9.93
108 58.2 186 9.48
125 59.2 182 9.32

Table 1: Computatbnal performanceof the queuemicro-sinulation on a Beowulf Pen-
tium cluster Thefirst columnindicatesthe numberof processorsised. The secondcol-
umngivesthe numberof secondgakento run thefirst 3 hoursof the Gotthardscenario
(iteration49). Thethird columngivestherealtimeratio (RTR), whichis how muchfaster
thanreality thesimulationis. A RTR of 100meanghatonesimulateslO0second®f the
traffic scenarian onesecondof wall clock time. The fourth columnis the speedupthe

ratio of the executon time of the simuation to thatof a single-processagxecutia.

6 Discussion and Future Plans

Thispaperdescribe®nepossble implementatiorof alarge-scaleagent-basedimulaton
packagdor regional planning. As wasrepeatedlypointedout, the approachis modular
and extensilde. In orderto testthe modularity replacingone or more modulesby al-
ternatve onesis desirable. In the following, this is discussedn a module-by-mdule

basis.

Traffic Micr o-Simulation The queuesimulation hasits limitations,for examplewith
respecto complicatedintersectionsinhomogeneousehiclefleets,queuedissoltion, in-
teractionbetweerdifferentmodesof transportationetc. Thesdimitationswill bedifficult

or impossibleto remove within the methodof the queuesimulation approach.Therefore
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Performance for a 3-hour Run of the Queue Micro-Simulation
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Figure6: Computatbnal performanceof the queuemicro-sinulationon a Beowvulf Pen-

tium clusterusingEthernetandMyrinet network interfaces.

it seemgdesirableto move beyond the queuesimuation to a morerealistictraffic sim-
ulation Besidesbeingmorerealistic,this simulaton shouldfulfil the following criteria
in orderto be consistenwith our approach:lt shouldbe ableto procesgravelerswith
individual plans;andit shouldbe computatioally fast. Thereare currentlyfew traffic
simdationswhichfulfill thesecriteriasimuktaneouslyThe TRANSIMS microsinulation
is oneof them(transims.tsasahl.gos; www.transimsnet). We attemptedo useit in the
pastyears,and indeedsomepreliminary resultswere basedon it (Rang et al., 2002;
Voellmy et al., forthcoming). We however stoppedusingit becausat turnedout to be
ratherdifficult to obtainthe necessarynput data, mostimportantly lane connectvities
acrossntersectionsandsignalplans. Thereareautomatt generatiormethodsfor these
attributesfrom staticassignmentetworks,andwe intendto evaluatethose.Nevertheless,

someaspectwill take quite sometime andconsiderablenanualwork.

Router Our currentroutercomputesaronly fastestpaths,without regardfor alterna-
tive costfunctions(suchas monetarycost, familiarity, scenicbeauty etc.), andwithout
regardfor alternatve modes.Testswith the multi-modalTRANSIMS routerwereunsuc-

cessful,becausef at leastone seriousbug. (This refersto the routerof TRANSIMS-
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1.0 from fall 1999. Earlier TRANSIMS resultswere basedon a differentrouter Later
versiors of TRANSIMS supposedlywill have that problemfixed, but are currently not
available.) Someof our work investigateshow individualizedpartial knowledge of the

roadnetwork (mentalmap)influencesoutechoice.

Activity generation The above resultsusetraditionalorigin-destinatn tablesfor de-
mandgeneration\We intendto move our invedigationsto actvity-baseddemandyenera-

tion. Onemethodwill be basedn discretechoicetheory oneon geneticalgorithins.

Feedback The useof the agentdatabasen the feedbackmechanismworks well, but
needstuning Both computationabpeedandthe learningbehaior of the systemarean
issue.The computatimal speedssuesareaddressedia a combimation of databaseer
formancetuning and consolidatilg the currentscript-basedpproachinto one program.
The methoalogicalquestionswill beaddressesdia anexaminaton of establishedearn-
ing methodgsuchasbestreply or reinforcementearning).

In addition a grave shortcomiig or the currentmethodis thatreplanningcanhappen
only over night Work is underway to improve this situaton via an online coupling
betweemrmoduleswhichwill allow within-dayreplanning(Gloor, 2001). We explicitely
wantto avoid couplingthe modulesvia standardsubroutinelbrary calls, sincethis both

violatesthe modularapproachdeaandefficiency consideratioafor parallelcomputng.

7/  Summary

In termsof travelersandtrips, a simulation of all of Switzerlandwith morethan10 mil-

lion trips, is comparablgo a simuation of a large metropoltan area,suchasLondon
or Los Angeles. It is alsocomparablen sizeto a moleculardynamicssimulatian, ex-

ceptthattravelershave considerablymore“internal intelligence”thanmolecules|eading
to complicatedrule-basednsteadof relatively simpleequation-basedode. Suchmulti-

agentsimulationsdo not run well on traditionalvectorizingsupercomputerée.g. Cray)
but runwell ondistributedworkstations,meaninghatthe computingcapabilitesfor such
simuationshave virtually explodedoverthelastdecade.

Thispaperdescribeshestatusof ongoingwork of animplementatn of all of Switzer
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landin sucha simuation. The whole simulaton packageconsistsof mary modules,n-
cludingthe micro-simulationitself, the routeplanner andthe feedbacksupervisomwhich
modelsday-to-daylearning.A single destinatbn scenarids usedto verify the plausibl-
ity of thereplanningset-up.A preliminary resultof a simulatian of all of Switzerlandis
shown, including comparisongo field datafrom automatt countingstatiors. Although

considerablgrogressasbeenmade muchwork is still to bedone.
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