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Abstract

Many typesof engineeringproblemsinvolveplanninganinfrastructureor environmentusedby
people.This canincludedesigningsomethingnew, or modifying anexisting infrastructure.In
theseplanningproblems,thechallengeis generallyto meettheneedsanddesiresof the indi-
vidualsusingthesystem,while balancingtheneedsof thesystemasawhole.This is adif�cult
taskbecauseeachpersonthatusesthesystemhashis or herown individual requirementsand
preferences,andthey may con�ict with thoseof otherpeople. In addition,peoplecan learn
andadapt,meaningthey canaltertheirbehavior in responseto changesin thesystem.Planners
musttake this into account,by includingthebehavior of thepeopleinto theplanningprocess.

Simulationis atechnologyin whichamodelof realityis implementedonacomputerandrun
forward in time. Onetypeof simulationimplementsa modelrepresentedby a setsof discrete
behavioral rules,which is suitablefor problemsinvolving phenomenaoccurringfrom theaction
of many individuals. In addition,“multi-agentsystems”is a powerful techniquefor problems
involving the interactionof many individuals. This techniqueusesentitiescalledagentsthat
representindividual componentsof thesystem.Eachagenthasits own goals,abilities,andre-
sources,andactson its environmentbasedon its personalperceptionsof thatenvironment.The
combinationof rule-basedsimulationwith multi-agentsystemsyields multi-agent simulation
(MAS), which is acomputermodelthatrepresentsacollectionof agentsandtheirenvironment,
aswell asthebehavior, actionsandinteractionsof theagentswithin thatenvironment.

This dissertationpresentsthedesignandimplementationof a MAS framework for running
simulationsrelatedto planningproblemsinvolving large numbersof people. The framework
is appliedto two planningproblems.Theprimaryapplicationis transportationplanning. The
framework is describedin termsof travelersin a regionalor metropolitantransportationsystem
thathave their own daily planof activities andtravel. In this simulation,theagentsrepresent
travelers,andthey learnto build goodplansin orderto achieve their goalsandto get thebest
useoutof thetransportationsystem.Suchproblemscaninvolvemillions of travelers,sospecial
attentionis paidto makingtheframework supportlarge-scaleproblems.A preliminaryapplica-
tion of theframework to asecondapplicationin the�eld of architectureis presented.Thiswork
involvesplanningthe interior of of�ce buildings. Thearchitecturalelementsof a building, as
well asthatbuilding'susersbecometheagents.Theelementslearnto arrangethemselvesin a
way thatis pleasingto theusers,while andtheusersevaluatetheresultingbuilding layout.

Agents' actionscan causechangesin their environment,which can then causethem to
alter their actions. This causesa feedbackloop betweenthe simulationof agents'decision-
makingandthesimulationof theenvironment,which mustbe resolved. Theframework does
sousingthetechniqueof relaxation,which repeatedlyalternatesexecutionbetweentwo layers
of thesystem.In thestrategic layer, agentsmake decisionsabouttheir actionsbasedon their
knowledgeabouttheenvironment.Thephysicallayer representstheenvironment,andexecutes
theagents'strategic decisions,simulatingtheir effectson theenvironmentandeachother.

Threeimplementationsof theframework andincludedfeedbacksystemarepresented,each
of which dealswith certainchallengesencounteredin the designand implementationof the
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framework. The�rst implementationpresentedis asimpleandstraightforwardonebasedonan
existingtransportationplanningpackagecalledTRANSIMS.Thesecondof theseaddsaunique
componentcalledtheagentdatabase, which storespastandpresentstrategiesfor all agentsin
thesystem,alongwith measuresof theperformanceof eachstrategy. During eachiterationof
the relaxationsequence,the agentdatabaseallows agentsto addstrategiesto their repertoire
via the strategy generationmodules,or reuseprevious strategies. The �rst agentdatabaseis
implementedusingMySQL, a relationaldatabasemanagementsystem,to keeptrackof agents'
memoriesof their strategies. The secondversionof the agentdatabaseis implementedasa
simpli�ed object-orienteddatabase,built usingC++, which storesthe agentdatain computer
memoryand in a �e xible datastructure. In addition, XML (eXtensibleMarkup Language)
technologyis usedto recordthe hierarchicalstructureof datathat representagentsandtheir
plans.

The implementationsof the transportationandarchitectureframeworksarevalidatedwith
testscenarios,andthe framework for transportationplanningis validatedthroughapplication
to real-world planningproblem. It is usedto simulateapproximately1 million travelersus-
ing the roadways throughoutSwitzerlandduring the morningpeakperiod from 6:00 AM to
9:00AM. It is shown to produceresultsat leastasrealisticasamoretraditionalandnonagent-
based“assignment”model,but canprovide muchmoreinformationthanthetraditionalmodels
aboutthebehavior of theindividual travelers.
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Zusammenfassung

Oft beinhalteteineAufgabeim IngenieurwesendasPlaneneinerInfrastrukturodereinerUmge-
bung,dievonMenschenbenutztwird. Dieskanngelöstwerden,in demetwasNeuesentworfen,
oderaberaufeinerexistierendenLösungaufgebautwird. Bei dieserArt vonPlanungsaufgaben
liegt die Herausforderungdarin, die Anforderungenund Wünscheder Nutzerzu �nden, aber
auchgleichzeitigdenWert desGesamtsystemeszu maximieren.Diesist eineschwierigeAuf-
gabe,da jederNutzer individuelle Anforderungenund Vorzügehat. Diesekönnendurchaus
denenderanderenNutzerwidersprechen.AusserdemsinddieNutzerin derLagezulernenund
sich anzupassen,wasbedeutet,dasssich ihr Verhaltenauf Änderungenim Systemanpassen
kann.Planermüssendiesber̈ucksichtigen,in demsiediesesVerhaltenin denPlanungsprozess
miteinbeziehen.

Die Simulationist eineTechnologie,bei der ein Modell der Realiẗat in einemComputer
erstelltwird. DiesesModell wird anschliessenddurchein FortschreitenderZeit ver̈andert.Die
Art von Simulation,die ein Modell verwendet,dasdurcheineMengevon diskretenVerhal-
tensregelndargestelltist, eignetsichbesondersfür Fragestellungen,diesichausdemVerhalten
von vielen Individuenergeben.Multi-Agenten-Systemebieteneineleistungsf̈ahigeMethode,
um genausolcheAufgabenzu lösen. Dabeirepr̈asentierensogenannteAgentendie individu-
ellenKomponentendesSystemes.JedemAgent werdenein eigenesZiel, eigeneFähigkeiten
sowie Mittel zugewiesen.Ein Agentverḧalt sichgem̈assseinereigenenAnsichtderUmwelt.
Die Kombinationvon regelbasierterSimulation und Multi-Agent-Systemenführt zu Multi-
AgentenSimulation(MAS). Diesewird durchein Computer-Modell gebildet,daseineKollek-
tion von Agentenund derenUmgebung repr̈asentiert,sowohl aberauchderenVerhaltenund
(Inter)aktionenmit dieserUmgebung.

In dieserArbeit wird dasDesignunddie ImplementationeinesMAS-Frameworkspräsen-
tiert, welchessich für die Simulationvon Planungsaufgabeneignet,bei denendasVerhalten
einergrossenZahl von Menschenber̈ucksichtigtwerdenmuss. DiesesFramework wird auf
zwei Planungsaufgabenangewendet.Die ersteAufgabeist ausdemBereichderVerkehrspla-
nung. Das Framework wird anhanddesBeispielsvon Reisendenin einemregionalenoder
sẗadtischenVerkehrssystembeschrieben.DieseReisendenbesitzeneigeneTagespl̈anemit Ak-
tivitätenundVerbindungen.In dieserSimulationrepr̈asentierendieAgentenReisende,welche,
um ihre Ziele zu erfüllen und dasTransportsystemam ef�zientestenzu nutzen,lernen,gute
Plänezubilden.SolcheAufgabenkönnenMillionen von Reisendenbeinhalten,deshalbwurde
besondereAufmerksamkeit daraufgelegt, dassdasFramework in der Lage ist, Aufgabenin
dieserGrössezu untersẗutzen. Eine VorstudiedesFrameworks zu einerzweitenAnwendung
im BereichderArchitekturwird ebenfalls präsentiert.DieseArbeit beinhaltetdie Planungder
InnenausstattungeinesBürogeb̈audes.Die architektonischenElementeeinesGeb̈audes,aber
auchdie BenutzerdesGeb̈audeswerdendurchAgentenrepr̈asentiert.Die Elementelernen,
sich so anzuordnen,dasssie den Nutzernmöglichst gefallen, wärenddiesewiederumdiese
Anordnungbewerten.

Die AktivitätenderAgentenkönneneineÄnderungderUmgebungbewirken,welchesich
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wiederumaufdieAgentenauswirkenkann.Diesbewirkt einezulösendeRückkoppelungzwis-
chenderSimulationderEntscheidungs�ndungderAgentenundderSimulationderUmgebung.
DasFramework erreichtdies durchdie Anwendungder Technikder Relaxation,welchedie
Ausführungder beidenSchichtendesSystemeswiederholtabwechselt.In der strategischen
Schicht fällen die AgentenEntscheidungenbasierendauf ihrem Wissender Umgebung. Die
physikalischeSchicht repr̈asentiertdie Umgebungselbstund ist zusẗandigfür die Ausführung
der Entscheidungender Agenten.Dieswird erreichtdurchdie Simulationder Auswirkungen
aufdieUmgebungunddie Agentenselbst.

Drei ImplementationdesFrameworksmit integriertemRückkoppelungssystemwerdenpräsen-
tiert, jede behandeltgewisseFragendesDesignsund der ImplementationdesFrameworks.
Die ersteImplementation,basierendauf einerexistierendenVerkehrsplanungs-Paket (TRAN-
SIMS), ist einfachund geradlinig. Die Zweite fügt eineKomponentegenanntAgentendaten-
bank hinzu, welche die vergangenenund aktuellenStrategien für alle Agentenim System
speichert,zusammenmit Messungender Bewertungjeder Strategie. WärendjedesDurch-
gangesder Relaxionssequenzerlaubtdie Agentendatenbankden Angenten,Strategien über
dasStrategie-Generierungs-Modulin ihr Repertoireanzuf̈ugen, oder vorgängigeStrageiene
wiederzuverwenden.Die ersteAgentendatenbankist unterVerwendungvon MySQL, ein rela-
tionalesDatenbank-Management-System,implementiert.Diesesbeḧalt die Übersichtüberdie
Erinnerungender Strategien der Agenten. Die zweiteVarianteder Agentendatenbankist als
vereinfachteobjektorientierteDatenbankin C++ implementiert,welchedie Agentendatenim
SpeicherdesComputersin einer�e xiblenDatenstrukturhält. Zus̈atzlichwird XML-Technologie
(eXtensibleMarkup Language)verwendet,um die hierarchischeStrukturder Daten,welche
AgentenundihrePlänerepr̈asentiert,aufzuzeichen.

Die ImplementationendesVerkehrs-und Architektur-Frameworks werdenbesẗatigt durch
Test-Szenarien,erstereszus̈atzlichdurcheinerealistischeAnwendung.Dabeiwerdenungef̈ahr
eineMillion Reisendesimuliert, welchedie Verkehrswege der Schweizwärendder Morgen-
stosszeitzwischen6 und 9 benutzen. Es zeigt Resultate,die mindestensso realistischsind
wie dastraditionellere,nichtagenten-basierte“Assignment”Modell. Esist jedochin derLage,
viel umfassendereInformationenüberdasVerhaltendereinzelnenReisendenzu liefern alsdie
traditionellenModelle.
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Chapter 1

Intr oduction

1.1 Planning Problems

Many typesof engineeringproblemsinvolveplanninganinfrastructureor environmentusedby
people.In theseplanningproblems,thechallengeis generallyto meettheneedsanddesiresof
theindividualsusingthesystem,while balancingtheneedsof thesystemasa whole. This is a
dif�cult taskbecauseeachindividualpersonthatusesthesystemhashis or herown individual
requirementsandpreferences.An exampleof sucha problemis in transportationengineer-
ing, whereregionalplannersdesignthe transportationinfrastructureof a metropolitanareaor
otherregion wherehumansrequiremobility. Suchproblemscanbe quite large in scale,with
somemetropolitanregionscontaining10'sof millions of people.An additionalexamplecomes
from architecture,wherearchitectsdesignthebuildingsthatpeopleusedaily; in particular, the
interiorof thebuildingsmustbelaid out in awaythatis usefulto theinhabitantsof thebuilding.

Onething humansdo well is adaptto their environment.Whendesigninganenvironment
for people,or alteringanexistingone,plannersmusttake into accountthatthepeoplecanalter
their behavior in responseto changesin thesystem.Thus,it is important,in thesetypesof en-
gineeringproblemsthatinvolvemeetingthecon�icting needsof avarietyof uniqueindividuals
who canlearnaboutandadaptto their environment,to includethebehavior of thepeopleinto
theplanningprocess.

Simulation is a commonlyusedtechnology, for examplein transportationplanningprob-
lems, in which a model of reality—suchas the transportationsystemand its dynamics—is
implementedon a computerandrun forward in time. Typically simulationshave beenmath-
ematicalmodels,suchasdifferentialequations,but thesetypesof planningproblemsinvolve
phenomenaoccurringfrom theactionof many individuals,which canbebettermodeledusing
discretebehavioral rulesratherthanmathematicalequations.

So-called“agent-based”techniques,including “multi-agent systems”have emerged as a
powerful approachfor problemsinvolving the interactionof many individuals(Ferber,1999).
Thisdissertationproposestheuseof aspeci�c typeof simulation,calledmulti-agentsimulation,
asa technologyfor solvingthesetypesof planningproblems.

1.2 Multi-Agent Simulation

Ferber(1999)describesanagentasanautonomousentity(realor virtual) with its own abilities,
resourcesandgoalsthatcanacton andperceive its environment; hassomeinternalrepresenta-
tion of thatenvironment;andcanpossiblycommunicatewith otheragents.An agentbehaves
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Environment

Perception Deliberation Execution

Figure1.1: Thestructureof anagent.FromFerber(1999,p. 191).

(i.e. actson its environmentand/orcommunicateswith otheragents)accordingto its abilities
and resources,and basedon its perceptionsand representationof the environment,in order
to satisfy its goals. Note that an agentmay only have onegoal, which is to optimizesome
“satisfaction”or “survival” function.

Figure1.1depictsthestructureof anagent,whichhasthreebasicparts:

� Perception, which is partial. An agenthasno overall view of what is goingon; its per-
ceptionof theenvironmentis basedonly on what it experiencesin its own nichein that
environment.

� Deliberation, which is individual. While agentsmaycollaboratewith otheragents,such
asby sharinginformationlearnedfrom individualexperiences,they make theirdecisions
independentlyof oneanother.

� Execution. An agentactson the system,or communicateswith otheragents.Note that
in modelsof physicalsystemsagentstendto notcommunicatedirectly with oneanother,
but indirectlyvia theirperceptionsandactionsontheenvironment.Thiscorrespondsto a
“purely situated”multi-agent-systemin Ferber(1999,p. 11).

Ferberdescribesa multi-agent systemas somesystemcomposedof a societyof agents
within a sharedenvironmentthatacton thatenvironmentandinteractwith oneanother. Com-
biningthiswith thesimulationconcept,amulti-agent simulation (MAS)1 is acomputermodel
that representsa collectionof agentsand their environment,aswell as the behavior, actions
andinteractionsof theagentswithin thatenvironment.By directly modelingthebehavior and
interactionsof theagents,MASs make it possibleto modeltheemergentphenomenoncaused
by theinteractionsof many individuals.

Thefeedbackindicatedin Fig.1.1impliesthatagents'actionsaltertheirenvironment,which
thencausesthemto altertheir actions.This is a cycleof learningandadaptation,whereagents
learnmoreabouttheir environmentasthey interactwith it, but affect it aswell. This is oneof
thephenomenathatMASshelpto capture.

1FerberusesªMASºfor ªmulti-agentsystemºbut hereit standsfor ªmulti-agentsimulation.º
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1.3 MAS Learning Framework Applied to Lar ge-ScalePlan-
ning Problems

This dissertationpresentsthe designand implementationof a MAS framework for running
simulationsrelatedto planningproblemsinvolving largenumbersof people.

This framework is appliedto two suchproblems.Theprimaryapplicationis transportation
planning.Theframework is describedin termsof travelersin a regional transportationsystem
thathave their own daily planof activities andtravel. In this simulation,theagentsrepresent
travelers,andthey learnto build goodplansin orderto achieve their goalsandto get thebest
useout of the transportationsystem. Suchproblemsinvolve large numbersof travelers,so
specialattentionis paidto makingtheframework supportlarge-scaleproblems.Theframework
for transportationplanningis validatedthroughapplicationto a real-world planningproblem:
thesimulationof approximately1 million travelersusingtheroadwaysthroughoutSwitzerland
duringthemorningpeakperiodfrom 6:00AM to 9:00AM.

Theframework includesa uniquecomponentcalledtheagentdatabase,which keepstrack
of agentsandtheir decisions,allowing themto draw on their pastactionsin thepresent,which
makesthelearningsystemmorerobustto errorsanddiscrepanciesfromotherpartsof theframe-
work. Theideasbehindthelearningframework arenot speci�c to transportationplanning,and
shouldbegeneralenoughto applyto otherplanningproblems.Preliminarywork towardapply-
ing the framework to a secondapplicationin the �eld of architectureis presented.This work
involvesplanningthe interior of of�ce buildings. Thearchitecturalelementsof a building, as
well asthatbuilding'susersbecometheagentsin thiscase.Theelementslearnto arrangethem-
selvesin away thatis pleasingto theusers,andtheusersevaluatethelayoutof thebuilding.

Thevariousimplementationsof theframework presentedutilize many moderntoolsof com-
puterscienceto build a tool that canbe usedin real-world planningapplications.Suchtools
includea relationaldatabasemanagementsystem,MySQL, to keeptrackof agents'memories
andplans;object-orientedprogrammingtechniquesto implementagent-basedsoftware;a sim-
pli�ed object-orienteddatabaseis built to replacetherelationaldatabase;andXML (eXtensible
Markup Language)technologyis usedto recordthe structureof hierarchicalobjects,which
representagentsandtheirplans.

In addition,the framework is designedto be �e xible enoughto implementmany kinds of
agentbehavior anddifferenttypesof learning/adaptationmechanisms,in orderfor plannersto
explore theseissues.Oneparticularadaptationmechanismis the geneticalgorithm(GA) ap-
proach,in which agents'plansaretreatedsomewhat like geneticcode,andcertainoperations,
suchas“mutation” canbe performedon thesecodesto obtainnew plans. The systemis also
designedfor large-scaleproblems,andassuchcanbe extendedusingparallelanddistributed
computing.As will beseen,onepartof thesystem,themobility simulation,is alreadyimple-
mentedthis way, andothercomponents,suchastheagentdatabase,canin principlebeeasily
madeparallel.

1.4 Structur eof This Dissertation

Thenext chapterdescribesthetraditionalapproachto transportationplanning,andhow multi-
agentsimulationcanimprove uponit. Chapter3 describesthedesignof themulti-agentsim-
ulation framework in detail. That is followedby threechaptersoutlining the evolution of the
implementationof the plansselectionand feedbacksysteminto its currentform. Chapter4
describesa simplefeedbacksystembasedon thatof TRANSIMS. Chapter5 describesa new
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versionthataddsa componentcalledtheagentdatabaseto thesystem.This agentdatabaseis
implementedusingMySQL andkeepstrackof agents'pastplansfor later reuse.Then,Chap-
ter 6 describesa reimplementationof the agentdatabasein C++, alongwith other improve-
mentsto the framework. Eachof thesethreechaptersdescribesa separateimplementation,as
well astheoutcomeof validationtestsof thatimplementation,andexplainsthereasonfor each
major revision. Chapter7 presentsthe resultsof runningreal-world scenariosof Switzerland
andZurich using the variousframework implementations.This includescomputationalper-
formanceresults.That is followedby a chapterdiscussingtechnicalissuesregardingtheagent
databaseimplementations.After thatis achapteronextendingtheframework to thearchitecture
planningapplication,which is followedby adiscussionandconclusions.
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Chapter 2

Applying Multi-Agent Simulation to
Transportation Planning

2.1 The Transportation Planning Problem

Humanswant to bemobile,andtransportationof peopleandgoodsis a necessarycomponent
of our variouseconomies.Suchtransportationhasnegative effects,however: namely, traf�c,
which is unpleasantandfrustrating,causesnoiseandair pollution, andhassafetyissues.De-
signof the transportationsysteminfrastructuremustallow for transportationto happen,while
minimizing the negative impactsof traf�c. Compromisesmustbe madein suchdesign,and
goodplanningis necessaryto achievegoodsystemdesign.Goodplanningtechnology, in turn,
is necessaryto achievegoodplanning.

In addition,building andmaintainingtransportationinfrastructureis expensive,with large,
long-terminvestmentsof money aswell astime, which is necessaryto completethenecessary
political processesandconstruction.Planningtechnologyshouldthereforesupportlong-term
planningby allowing plannersto predict the impactsof many scenarioson a wide rangeof
indicators. Many typical transportationproblemscover large metropolitanareas,containing
on the orderof 10 million people. This meansthat planningtechnologyshouldalsosupport
large-scalesystemsto beuseful.

Furthermore,transportationplanningmust considerthe fact that the problemsit tries to
solve involve people. The peopleusing the transportationsystem(travelers)have their own
individual needs,goalsand preferences.In relation to the transportationsystem,theseare
generallysimilar in structure,e.g.to travel from point A to point B , andto encounteraslittle
hindrance(i.e. traf�c) aspossible,but certainlythedetailsvaryfrom personto person.As such,
eachtravelermakesup its own mindaboutwhere,when,why andhow to usethesystem.Plus,
asthesystemchanges,or astheir own situationchanges,peopleareableto learnandadaptto
thechanges,takingwhateveradvantagesthey can�nd (e.g.inducedtravel) to improvetheirown
situation.So,transportationplanningsolutionsshouldtake into accounttheindividual thinking
of thetravelers,andtheir ability to learnandadaptto changesin thesystem.

Even thoughplanningis, at leastpartially, doneto meetthe needsof the travelers,people
aresel�sh andarenot concernedaboutthe systemitself. The travelersusethe transportation
systemfor their own bene�t—to movethemselves,or to movegoodsfor economicpurposes—
without (much) regard for other travelersusing the system. The systemoffers only limited
resources(roadcapacity, space,etc.),so theusersendup competingfor thoseresources;thus
planningproblemshavesocio-economicproperties.Individual travelersdonotworry aboutthe
functioningof thesystemasawhole;they only careaboutthepartthey use.In fact,they cannot
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generallyperceive any moreof it thanwhat they experience.As such,they arenot generally
awareof the impacttheir own decisionshave on the restof the systemor the othertravelers.
It is up to theplanners,andthus,planningtechnology, to considerthe entiresystem,how the
collectiveimpactof theindividualdecisionsmadeby its usersaffect thesystemasawhole,and
how thoseuserswill reactto thesystem.It makessense,then,for theplanningtechnologyto
modelthebehavior of theindividual travelers.

2.2 The Four StepProcess

Thetraditionaltechnologyfor transportationplanningis thefourstepprocess(e.g.,Shef�, 1985;
OrtúzarandWillumsen,1995). This processdeterminesdemandon a transportationnetwork
in termsof thetrips takenby travelersbetweenvarious“zones”of theregion beingsimulated.
Thesetrips arethenusedto �nd a steady-statesolutionto the�o w of vehicleson thelinks (i.e.
roads)of thenetwork. Thefour stepsare:

1. Trip generation: For eachpossibletrip origin, thenumberof outgoingtripsis determined.
Similarly, for eachpossibletrip destination,thenumberof incomingtrips is determined.

2. Trip distribution: This stepconnectsoriginsanddestinations,that is, for eachorigin it is
determinedwhich fractionof its outgoingtrips go to which destination.Theresultof the
trip distributionis aso-calledorigin-destination(OD) matrix,whichspeci�esthenumber
of trips thatgo from eachorigin to eachdestination.

3. Modechoice: Thesetripscanbemadeby differentmeansof transportation,e.g.by walk-
ing, driving, takingthebus,etc.This stepcomputesthatchoice.

4. Routeassignment: Eachcar trip is assignedto a pathon the network. Thesepathsare
sensitive to congestion.Typically, a NashEquilibrium is searchedfor here: All used
pathsfor a givenOD pair shouldhave thesametravel time; andno un-usedpathshould
befaster.

The static “route assignment”step,undercertainconditions,yields a solutionto the link
�o ws which is unique, meaningonegetsthe sameanswerno matterwhich (mathematically
correct)methodis usedto obtaintheresult. Thatmeansthesameresultcanbeobtainedwith
analyticalmethodsaswith computationalmethods;thelatteraregenerallyrequiredwith large
or non-linearproblemsthatcannotbesolvedanalytically. Thatis animportantfeaturebecause
it makesit easyto comparetheresultsof differentalgorithmsandsoftwarepackages,andsim-
pli�es theinterpretationof variousmodelingscenarios.

However, the four stepprocessis too simple,anddoesnot offer resultsthat are realistic
enoughfor most“modern” transportationplanningproblems.Thefour stepprocessis missing:

1. Disaggregationof individualtravelers.Thefour stepprocessusestraf�c streams,without
discerningwhat individual travelersare doing. Distinguishingbetweentravelers in a
transportationplanningapplicationallows plannersto connecttravelers' decisions(e.g.
modechoice)with their speci�c demographicdata,makingtheir choicesmorerealistic
andbehaviorally motivated.

2. Temporal dynamics. The four stepprocessassumesthat the vehicles(“particles”) in
the traf�c streamsarein a steadystate,meaningthestream�o ws themselvesarestatic,
i.e. time independent.Therefore,it ignorestime-dependenteffects,suchaspeaktraf�c
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spreading;congestionspillback;or vehicleemissions,which dependon enginetempera-
ture,which in turndependsonhow long thecarshavebeendriving.

Methodsto overcometheseshortcomingswill bediscussedin thefollowing two sections.

2.3 Activity-BasedDemandGeneration (ADG)

In activity-baseddemandgeneration(ADG), travelersin a transportationplanningsystemare
disaggregatedaccordingto thefollowing steps:

1. Generatesyntheticpopulationby creatinga “randomrealization”of thecensusdatafor
the region beingsimulated. This meanscreatinga setof virtual peopleto inhabit the
region that, while not an exact matchfor the real-world population,maintainsthe de-
mographic“structure”of theactualpopulation.In otherwords,a censustakenfrom the
syntheticpopulationwould,within statisticallimits, returntheoriginal census.

A typicalsyntheticpopulationis composedof spatiallylocatedhouseholdswhichpossess
certainattributes,suchasastreetaddress,householdincome,or carownership(Beckman
et al., 1996). Thesehouseholdsarepopulatedwith individuals,who possessadditional
attributes,suchasgenderandage.

2. Generate,for eachindividual of thesyntheticpopulation,a completedaily activity plan.
The word “activity” refersto actionssuchas“being at home,” “shopping,” “working,”
“being at school,” etc. An individual's activity plan containsthe patternof activities
he/shewishesto performalongwith thelocationof eachactivity (Vaughnetal.,1997).It
alsocontainstiming information,suchaswhenactivitiesbegin andend.Having activities
at differentlocationsmotivatesindividualsto usethetransportationnetwork, in orderto
travel from oneactivity locationto thenext.

3. Choose,for eachindividualof thesyntheticpopulation,amodeof transportationfor each
trip takenby thatindividualbetweenapairof activities. Thisstepis similar to the“mode
choice”stepof thefour stepprocess,but doesmorethandistributing thetripsbasedonly
on the modecharacteristics,as is donewith the four stepprocess.Here the choiceof
modecanalsobe basedon the demographicattributesof the traveler that performsthe
trip.

HensherandKing (2001)andothersdiscussADG, while Bowmanet al. (1999);Vovshaet al.
(2002);Jonnalagaddaet al. (2001);Pendyala(accessed2004);Bhat et al. (forthcoming);Ax-
hausen(1990a),amongothers,implementit.

Oncethenetwork demand(i.e. thetrips) hasbeencalculatedby theADG process,all that
remainsof thefourstepprocessis the“routeassignment”step.However, theindividualdailyac-
tivity schedulesof thetravelerswith ADG meansthatthetravel demandis now time-dependent.
Thisdoesnotconnectwell to thetime-independentandsteady-staterouteassignmentprocess.

This leadsto theconsequencethateitherbothshortcomingsof thefour stepprocessneedto
beovercomesimultaneously(with somethingmorethanADG), or onehasto make the traf�c
assignmentdynamicinsteadof static.

2.4 Dynamic Traf�c Assignment(DTA)

Dynamictraf�c assignment(DTA) hasemergedin thelast20years(e.g.,Kaufmanetal.,1991;
Astaritaet al., 2001;Friedrichet al., 2000)asa techniqueto go beyondstaticassignmentand

7



producetime-dependentlink usage.Givena time-dependentdemand(suchasthatproducedby
ADG) andamodelof thetraf�c dynamics,whichmovesvehiclesalonglinks (roads)andacross
nodes(intersections),DTA attemptsto �nd a routefor eachtrip of eachtraveler suchthatno
travelerwouldbebetteroff by selectingadifferentroutefor any giventrip. This is just theNash
Equilibriumstatementfor thedynamicproblem.

Bottom(2000)dividesDTA into threecomponents:

� Routegeneration: calculatesa routefor eachtrip.

� Networkloading: “interacts” theroutesof thevarioustravelerson thenetwork to deter-
minethecostto thetravelersof usingeachlink in thenetwork.

� Guidancemap: givesinformationto travelersonwhatroutesto take; this is only relevant
for intelligenttransportationsystems(ITS) applications.

The network loadingstepis the mostdif�cult, in comparisonto staticassignment,wherethe
volume-costfunctionsimply returnsthecostof a link asa functionof thetrips usingthat link.
However, in thedynamiccontext, theconnectionbetweenthetrips usingthe link andthe link
costis muchmorecomplicated,anddif�cult to computesimply.

In addition,althoughsomeof thetheoryof DTA is known (CantarellaandCascetta,1995;
Bottom,2000),it is not aswell understoodasthe four stepprocess,andhasfewer mathemat-
ically provenproperties.In particular, thereis no guaranteeduniquesolutionfor thedynamics
of traf�c that includesspillback(alsocalledphysicalqueues).For example,Daganzo(1998)
shows thatonecan�nd morethanoneNashEquilibrium solutionto thesameOD matrix and
thesamenetwork. This makesit moredif�cult to comparedifferenttechniquesandresultsto
oneanother. In consequence,onemay have to acceptthat DTA (with spillback)is in general
mathematicallylesswell-behavedthanstaticassignment.

Sincea mathematicalapproachto DTA is bothmoredif�cult andlessusefulthanfor static
assignment,it makessenseto look at anotherapproach,suchassimulation,which is a well
known techniquewherea dynamicmodelis implementedon a computer, andrun forward in
time. Thesimplestversionof asimulationfor transportationplanningwouldbearepresentation
of the roads,anda way to move traf�c forward alongthe links. SeeSec.2.7 for examplesof
simulationusedin transportationplanning.

Systematicrelaxation(Kaufmanet al., 1991;Nagel,1994/95;Bottom,2000)is a common
approachto simulation-basedrouteassignment,andis implementedby someform of the the
following procedure:

1. Startwith aninitial “guess”for theroutes.

2. Performnetworkloadingby executingall routessimultaneouslyin a traf�c �o w simula-
tion.1

3. Re-adjustsomeor all of theroutesusingtheknowledgefrom thenetwork loading.

4. Goto2.

As will beseenin Chapter3, thesimulationframework is basedon this procedure.This pro-
cedureis sometimescalledfeedback, sinceit modelsthe feedbackof congestionto the route

1In this dissertation,the traf®c ¯ow simulationis usuallyabstractedinto a so-calledªmobility simulation,º
meaninga simulationthatallows travelersto movearound.
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planning.Themethodis somewhatsimilar to theFrank-Wolfe-algorithmin staticassignment,
or in moregeneraltermsto astandardrelaxationtechniquein numericalanalysis.

Many variationsof DTA arepossible,suchasvarying the fractionof routeswhich arere-
planned(Rickert,1998),usinga probabilisticroutechoicebasedon, for example,multinomial
logit or probit (DYNAMIT www page,accessed2005),or usingdifferentnetwork loadingal-
gorithms(Astaritaetal., 2001).

2.5 Coupling ADG and DTA

2.5.1 Origin-Destination Matrices

Sofar, it hasbeenshown thatdemandgenerationcanbedisaggregatedandmademorerealistic
by basingit on activities,andtraf�c assignmentcanbemademorerealisticby makingit time-
dependentandthenusingsimulationfor thenetwork loading.Thesewerediscussedasseparate
changes,soit is naturalto assumethat they would bedesignedto bebackwardscompatibleto
the four stepprocess,which meansthat the ADG would produceOD matricesasoutput,and
theDTA would take themasinput. This alsomeansthatADG couldbe fed into a traditional
staticassignment,andDTA couldtake its input from thetraditionaldemandgeneration.

However, theOD matricesgeneratedby ADG areusuallytimedependent,while traditional
staticassignmentworks with a single, time-independentOD matrix. Conversely, traditional
demandgenerationproducesa single, time-independentOD matrix, but DTA needstime de-
pendentOD matricesto make sense.Therefore,althoughtheuseof OD matricessuper�cially
maintainsbackward compatibility, this backward compatibility cannotbe usedfor any mean-
ingful study. In orderto obtainmeaningfulresults,staticdemandgenerationneedsto befedinto
astaticassignment,or dynamicdemandgenerationneedsto befed into adynamicassignment.

METROPOLIS(dePalmaandMarchal,2002)approachesthisproblemby acceptingastatic
OD matrix, but generatinga time-dependentsolution internally. In consequence,this allows
oneto feeda staticOD matrix into a dynamicassignment.It doesnot, however, offer a better
solutionif thedemandgenerationis alreadydynamic.

So,now it hasbeenshown that time-dependentOD matricesshoulddrive the DTA. Such
matricesareusuallyderivedfrom “historical” data,i.e. from informationthatthetransportation
plannersof a givenregion haveusedfor many years.They arethencorrectedagainstreal-time
counts;thatis, theOD matricesaremodi�ed suchthattheresultingDTA matchesthereal-time
countsaswell aspossible(Antoniou et al., 1997). The advantageof this methodis that it is
only asmallstepaway from thedataneedsfor statictraf�c assignment.

CouplingADG to DTA throughanOD matrix hasseveraldisadvantages,though. First, it
givesup the disaggregationof travelersthat wasgainedby moving to ADG. Second,it gives
up theconnectionbetweenindividualsandtheir performancein themobility simulation.Any
iterative feedbackfrom the traf�c systemperformanceto the ADG could only be basedon
aggregatedmeasures,suchaslink travel times,not on individual performanceof thetravelers.
However, an individual's decisionscandependon its attributes: For example,the decisionto
usea toll roadcandependon income;apersonplanningto catchanairplanemaypreferto take
a roadwith lowervariability; etc.

Finally, ADG producesdemandconsistingof “chains” of several trips, madebetweenthe
scheduledactivities. If a travelergetsdelayedon onetrip, this mayhave impactson trips later
in theday. OD matricesdropstime dependenciesbetweenscheduledactivity chains,makingit
possiblefor a personto completean activity evenbeforehe/shehasarrivedat the destination
wheretheactivity will beconducted.
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2.5.2 Fully Agent-BasedApproach

It makessense,therefore,to bypassOD matricescompletelyandto feedthe completeinfor-
mationfrom the activity-baseddemandgenerationinto the DTA. This meansthat throughout
thewholeprocess,including theDTA, the travelersaremaintainedasindividual entitieswith
individual attributes,andmake individual decisionsbasedon theseattributes. In otherwords,
themulti-agentapproach(Ferber, 1999)is appliedto thesimulationsystem.In fact, therehas
alreadybeenmuchwork relatedto usingagentsin transport(e.g.,Arentzeet al., 2000;Wahle
etal., 2002).

This may seemlike a small change,but in practiceit is not, sincemany implementations
storeinformationthatshouldbelongto theagentin differentways. A typical exampleis how
routeplansareencoded:Most implementationsof DTA let eachindividual travelerknow only
its destination.Thepathto thatdestinationis thenfoundvia “signposts”at eachintersection;
that is, at eachintersection(node)thereis sucha sign for eachpossibledestination.Suchan
encodingmakes,for example,individual routepreferencesdif�cult to modelsinceall travelers
of a certainclassto thesamedestinationhave to take thesamesetof paths.

Thisdissertationconcentratesonthemulti-agentsimulationapproachasanimprovementof
thecompletefour stepprocess.ThemaindifferencesbetweenthisapproachandcouplingADG
to DTA via OD matricesare:

� The DTA is madecompletelyagent-based,asdiscussedabove. In particular, it is ca-
pableof feedingbackagent-based(i.e. individualized)information,not just link-based
information.

� In this work, the ADG is includedinto the feedbackprocess.Historically, systematic
feedbackis mostly betweenthe routegenerationandthe network loading; feedbackto
the demandgenerationwasoften donemanuallyby the analysts.However, it hasbeen
saidfor a long time (e.g.,Loudonetal., 1997)thatthisprocessshouldbeautomated.

In particular, the mobility simulationassumesthe role of a realistic representationof the
physicalsystem,including explicit modelingof personswalking to the bus stop,or of a bus
beingstuckin traf�c. Also, in termsof analysissucha systemoffersenormousadvantages.It
is, for example,possibleto obtainthedemographiccharacteristicsof all driversbeingstuckin
aparticulartraf�c jam. It is alsopossibleto makeeachtravelerreactindividually to exactly the
conditionsthatthis travelerhasexperienced,ratherthanto aggregateconditions.

2.5.3 The ResultingSimulation Structure

CombiningADG andDTA in a fully agent-basedway leadsto a simulationsystemthatcanbe
split up into thefollowing components,or modules.

1. Populationgeneration. Performsstep1 of theADG. Thecensusis disaggregatedinto a
populationof householdsandindividualswith associateddemographicattributes. This
moduleis notcurrentlyusedbut is plannedto beincludedat somepoint.

2. Activitygeneration. Performsstep2 of theADG. Generatesdaily activity plans,including
type,locationandtiming for eachmemberof thepopulation.

3. Modal androutechoice. Combinesstep3 of ADG andtheroutegeneration component
of DTA. For eachindividual,themodesareselectedandroutesaregeneratedthatconnect
activitiesatdifferentlocations(seeSec.3.3.3.2).Theroutingshouldbedynamicin order
to adequatelyrepresenttime-dependentcongestioneffects.
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Figure2.1: Simulationmodules.Basedon TRANSIMS (of theUniversityof California,1999,
p. 9).

4. Mobility simulation. Implementsthe network loading componentof DTA. The daily
plan, madeup of activities androutes,of eachtraveler is executedsimultaneously(see
Sec.3.2.2). In particular, the result of interactionsbetweenthe plans—forexample
congestion—isnow obtained.

5. Feedback. Executesthe loop seenin the relaxationprocedureof Sec.2.4 to make the
resultsof themodulesconsistentwith theresultsof themobility simulation,which is also
the input to themodules(seeSec.3.1.3). For example,plansdependon congestion,but
congestiondependson plans.

This modularizationhasin factbeenusedfor a long time; this work ensuresthateachmodule
maintainstherepresentationof thetravelersasindividualagents.Figure2.1graphicallydepicts
theconnectionsbetweenthesemodules.

Historically, systematicfeedbackhasbeenmostly betweenthe route generationand the
network loading;assuch,the feedback moduleasdescribedabove loopsbetweenthe Modal
androutechoiceandMobility simulationmodulesuntil theroutesareconsistentwith thetraf�c
situationin the network. However, it hasbeensaidfor sometime (e.g.,Loudonet al., 1997)
thatfeedbackto thedemandgenerationshouldbeincludedin theautomatedprocedure.Given
themodularstructureseenabove, it seemspossibleto executetheActivity generation module
within the feedbackloop, so that individualscould changetheir activities in responseto the
traf�c situation.For example,a travelermight decideto changethestartingtime of anactivity
if thedurationof thetrip he/shetakesto getthereon time is too longdueto rush-hourtraf�c.

Themodularstructurealsoallowsoneto keepthedifferenttypesof decisions(e.g.activity
location choice, route choice)separatefrom eachother, which makes it easierfor multiple
groupsto maintaindifferentmodulesfor the samesimulationsystem.Accordingto Doherty
andAxhausen(1998),differenttypesof decisionsareperformedon time scalesrelatedto the
“magnitudeof theadjustment”requiredfor them;thefeedback modulecouldbe implemented
sothatthedifferentmodulesarecalledatdifferentrates.

2.6 Lar ge-ScaleProblems

Many typical transportationplanningproblemscover large metropolitanareas,which contain
on theorderof 10 million people.This meansthatplanningtechnologyshouldsupportlarge-
scalesystemsto beuseful. In addition,the feedbackneedsto executethemobility simulation
andothermodulesmany times.Thesetwo pointsmeanthesimulationneedsto befastandwork
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for large-scaleproblems.Parallelismanddistributedcomputingarepossiblewaysto achieve
theserequirements.As it happens,multi-agentsimulationsgenerallyimplement“rule-based”
behavior for theagents.This typeof “rule-based”multi-agentsimulationsrun well on current
workstationsandthey canbe distributedon inexpensive “Beowulf ” parallelcomputers,built
from commoditypersonalcomputersandfastnetworking hardware. This type of computing
architecturehasmadesuchsimulationseasierto run at high performancein the recentyears.
Thismakeslarge-scaleproblemsdo-able.

2.7 Examplesof Simulation in Transportation Planning

2.7.1 DTA / Network Loading Models

Therearemany simulationpackagesthatperformdynamictraf�c assignment.Someof them
areevenagent-based,but noneof them,to my knowledge,executesthemulti-agentsimulation
approachin its entirety. This approachis challengingto implement,in partbecauseit requires
somany modulesandmoduleinterfacesto couplethem. Thesearedif�cult to achieve in par-
ticular becausetherearefew programmingand/ordataexchangestandardsin thecommunity.
Anotherpart of the challengeis that large-scale(i.e. metropolitan-size)scenariosnecessitate
parallelcomputingtechniques,yet no establishedtechnologyis availableto even de�ne a vi-
ablestandardfor moduleinteractiononcethesimulationbecomesparallel(NagelandMarchal,
2003).Somepartialpackagesarediscussedbelow.

Modelsfor network loadingin DTA aregenerallyclassi�edaccordingto thesecriteria:

1. Resolution: representationof traf�c. Vehiclescanberesolvedon theindividual level, or
aggregatedinto e.g.packetsor cells.

2. Fidelity: level of realismof thebehavior of theindividuals.

3. Modes: whichtransportationmodesarerepresented.Themodelcanimplementonemode
only (suchascars),or cancombineseveralmodesincludingtheir interaction.

4. Timeresolution: thesizeof thetimestep.

At oneendof this classi�cation, one �nds the traditionalassignmentmodel,with resolution
aggregatedon thelink level; �delity reducedto volume-cost-functions;only thecarmoderep-
resented;andno time-dependency.

In addition,therearemany categoriesof modeldynamicsthatcanbeimplemented:

� In a microscopicsimulation, eachparticle is treatedindividually. Examplesfrom the
naturalsciencesaremoleculardynamicsmethods(i.e. discretizationsof coupleddiffer-
entialequations),cellularautomata(CA), or coupledmaps(i.e.simulationsthatexplicitly
assumea long timestep).

� In a �eld-basedsimulation, particlesare aggregatedinto �elds (e.g., of densityor ve-
locity), which areconnectedby partial differentialequations.This methodby itself is
not useful for agent-basedsimulationssinceonewantsto maintainthe individuality of
the particles. It is possible,however, to usehybrid methods,suchassmoothedparticle
hydrodynamics(GingoldandMonaghan,1977),which maintainindividual particlesbut
move theaccordingto �elds.
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� Queuingsimulationscomefrom the areaof operationsresearch.They arenetworks of
queues,wherethedynamicsof eachindividualqueueis givenby standardqueuingtheory
behavior.

For eachtype,thereexist correspondingimplementationsin theareaof traf�c simulation.
Examplesof simulation-basednetwork loadingmodelsare:

� DYNAMIT (DYNAMIT www page,accessed2005)andDYNASMART (DYNASMART
www page,accessed2005)combineelementsfromsmoothedparticlehydrodynamicsand
queuingsimulations.“DYNASMART-P” is activity-basedandmodelstrip chains.

� METROPOLIS(dePalmaandMarchal,2002)usesa queuingsimulation,at leastin one
version.

� TRANSIMS (TRANSIMS www page,accessed2004)is a CA-based(“virtual reality”)
microscopicsimulationthat is agent-based. Section2.7.3talks aboutTRANSIMS in
moredetail.

� PAMINA (Rickert, 1998) is parallel,microscopic,andagent-based,at leastin termsof
routes.

� DYNEMO (Nökel andSchmidt,2002)usessmoothparticlehydrodynamics.It hasdy-
namicnetwork loadingsimilar to DYNASMART/DYNAMIT.

� VISSIM (VISSIM www page,accessed2004)usesa detailedmicroscopicmodel;it has
no largescaleapplications,andhasnot gonebeyondroutesfeedback.Thereis a parallel
versionavailable.

� Axhausen(1990a)proposesandimplementsaframework thatcouplesactivity chainmod-
elingandatraf�c �o w simulation,with individualagentswhomakeactivity decisionsand
searchfor parkingspacesnearactivity locations.

Thesepackagestypically taketime-dependentODmatricesasinput,assignroutesaccording
to userequilibrium,andreturntime-dependentlink travel timesandotherlink-basedinforma-
tion asoutput. Although mostof thesepackageshave individual travelersinsidetheir model,
often thesearenot fully developed.For example,routesarecalculatedby the network rather
thanby theagent,andagent-basedoutputis oftennotavailable.While thelatteris conceptually
easyto �x, theformermeansthatmakingroutechoicedependentonagentattributesis closeto
impossible.

This is relatedto the fact that thosemodelstake OD matricesasinput, which containno
demographicattributes.A directconsequenceis thatit will notbepossibleto connectanagent's
performancein theDTA to thedemandgeneration,sincetheOD matricessever theconnection
to the individual agents;it is only possibleto feedaggregatedinformation,suchaslink travel
times,backto thedemandgenerationmodules.In summary, althoughtheDTA modelshave a
largenumberof agent-basedelements,they arenot fully agent-based.

Thetwo maindifferenceswith otherDTA systems,suchasDYNASMART or DYNAMIT,
arethatthissystemusesindividualrouteplansfor eachagentwhile standardDTA systemsstore
theroutingdecisionsin thenetwork, andthatthesystemwasrun on very largescalescenarios
with severalmillions of travelers.

A newerversionof DYNASMART, however, now alsousesindividualroutes,andothersys-
temsalsomovetowardsincreasinglylargescales.In contrasttoTRANSIMS(www.transims.net),
whichhasusedindividualroutesandlargescalesfor many yearsnow, thiswork usesaso-called
agentdatabase,whichkeepstrackof severalplansfor eachagent.
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2.7.2 Land UseSimulations

Therearelandusesimulations,suchasURBANSIM (URBANSIM www page,accessed2003),
ILUTE (Salvini andMiller, 2003),or thatof Hunt et al. (2001),which aremoreor lessagent-
based.Thatis, they derivedemandfrom moremicroscopic,individualproperties.Thesesimu-
lationsdo not modelthetransportationsystem,but conceptuallyintendto coupleto something
thatdoes.However, in practicethis connectionis not well establishedin thosemodelsat this
point in time. Many of themcoupleto traditionalfour stepmodelsatpresent.

2.7.3 TRANSIMS

TRANSIMS (TRANSIMS www page,accessed2004)replacesthecompletefour stepprocess
by anagent-basedapproachthatinitially disaggregatescensusdataandthenhandlesindividual
travelersin all modules. TRANSIMS alsousesusesparallelcomputingto tackle large-scale
problems.Themainshortcomingsof TRANSIMSare:

� Althoughtravelersareindividually identi�able throughoutall modules,agentinformation
is spreadthroughoutthesimulationsystem.For example,theactivity �le doesnotcontain
demographicinformation,and the route �le containsneitherdemographicnor activity
information. This makesit ratherdif�cult to usesuch“higher level” informationin the
“lower level” modules. It also makes it possible,for example,that an agentleaves a
location beforeit hasarrived (i.e. activity chainingis not respected)—thisis possible
sincetheagentis notasingularentity in thesimulation.

� The �le formatsareratherin�e xible. This makesit dif�cult to add/modifyinformation,
for examplewhenaddingnew modulesto thesystem.

� Thefeedbackmechanism“forgets”old plansandtheir performance.Althoughit is a bit
dif�cult to seeat �rst glance,thismeansthatTRANSIMSplansgenerationmodulesneed
to ful�ll ratherstrongrequirements:For example,theroutingmodule(“router”) doesnot
only have to generateplausibleroutes,but alsocorrectprobabilitiesto choosebetween
differentalternatives.

� And �nally , it wasimpossibleto obtainanacademiclicense,includingsourcecode,out-
side the United States. This madeit impossibleto improve the above aspectsinside
TRANSIMS in-house.

The next chapterpresentsa multi-agentsimulation systemframework that is basedon
TRANSIMS but solvestheabove TRANSIMS shortcomings.Theconceptualideabehindthis
approachis thattheagentconceptis keptconsistenteverywhere.Themaintechnicalimprove-
mentsarein thefollowing areas:

� ThedifferentTRANSIMS�les arecombinedinto asingle,more�e xible �le formatusing
XML (eXtensibleMarkupLanguage).That�le contains,agentby agent,all information
relatedto theagents,from demographicinformationvia activities to routes.

� An agentcannotbe“divided.” Thismeansin particularthatthetraf�c simulation(network
loading)executesdaily plans,ratherthanjust trips.

� An agentdatabasekeepstrackof agents'pastplansandperformanceof thoseplans.

� Thesoftwareis madeavailableon theworld widewebandundertheGnuPublicLicense
(i.e.madefree/open-sourcesoftware)soeverybodycanuseit andmodify it atwill.
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2.8 Summary

Thefour stepprocessusedtraditionally for transportationplanningdoesnot helpwith certain
problemsbecauseit doesnotmodelthetravelersonanindividuallevel,nor is it time-dependent.
Theformeris necessaryto connectindividual behavior to demographicinformation,while the
latteris necessaryto modelcertaineffectssuchasemissionsor spillback.

Theseshortcomingscanbeovercomeby usingagent-baseddemandgenerationanddynamic
traf�c assignment.Couplingthesewith OD matricesdoesnot work, soa multi-agentsimula-
tion approachis presentedthatkeepseachtravelerasanindividual throughouttheprocess.In
addition,this approachdividesthesysteminto modulesandis intendedto work for large-scale
problems.Thenext chapterdiscussestheactualframework details.
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Chapter 3

Learning Framework

The precedingchaptermotivatesthe useof agent-basedsimulationfor socio-economicprob-
lems,transportationin particular. This chapterdescribesthedesignof theframework for such
a simulation,focusingon thetransportationapplication.Thegeneralizationof this framework
to thearchitectureapplicationwill bepresentedin Chapter9. As mentionedin Sec.2.7.3,the
framework thatis usedfor thetransportationapplicationis basedon TRANSIMS.

3.1 Framework Overview

Theframework modelsthetravel behavior of apopulationof peopleliving in agivengeograph-
ical region (e.g.town or metropolitanarea)asthey go abouttheir livesduringa certain,often
repeatedperiod. Typically oneusesa 24-hourweekdayasthe period,but onecouldalsouse
otherdays,suchasSundays,or longerperiods,suchascompleteweeks,aslongasthereis some
“typical” repetitionfrom oneperiodto thenext.

As with ADG (Sec.2.3) thepeoplecarryout theactivitiesthey have scheduledduring the
simulatedperiod,andmake trips to move betweenactivities. An activity is simply sometask
thepersonwantsto perform,suchassleeping,working,shopping,eating,etc.,at somespeci�c
locationin theregion. A personhaving activitiesatdifferentlocationsconnectsthemvia atrip ,
which is wherethe personutilizes the transportationsystemof the simulatedregion to move
from oneactivity to the next. A trip cancontainmultiple legs, whereeachleg representsa
movementutilizing a differentmodeof a giventrip. For example,a trip to thestoremight be
composedof onewalking leg from thehouseto thecar, onedriving leg from thedriveway of
the houseto the parkinglot of the store,andonemorewalking leg from the car to the store.
To simplify things,within this framework the assumptionis madethat trips containonly one
leg each,makingthemuni-modal.Futureversionswill likely addmulti-leg trips. In addition,
it is assumedthatanagent's car is alwaysavailableimmediatelyoutsidetheactivity location,
meaningthe agentnever needsto executea “walk” modeleg in betweenlocationsandcars.
This assumptionis not requiredin principleby thesimulationsystem,but is usedto simplify
somealgorithms.AppendixA.3 describeshow additionaltravel modescouldbeincorporated.

Thus,eachtrip is uni-modal,andcontainsexactly oneleg; in the plan descriptionformat
describedin Chap.6, only legsarerepresented,aseachleg impliesonetrip. Thismeanspeople
alternatebetweencarryingout activitiesat �x edlocationsandexecutinglegsto travel between
them. In short, travelers' activities motivatetheir travel choices. Also, the limited resources
availablein the transportationsystem,suchaslimited accessibilityor congestion,affect their
activity andleg choices.
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Agent Plan Num. In-Use Score Plan
1 1 false 462.2 sleep until 7:00 AM; take the

car to work at W1 by route
R1; stay at work for 8 hours;
drive to store S1 by route R2;
shop for 30 min. ...

1 2 true unde�ned sleep until 8:00 AM; walk to
bus stop B1; take bus U1 to
stop B2; walk to work at W1;
stay at work for 7.5 hours;
walk to L1 and drink beer for
1 hour ...

2 1 true 1047.8 sleep until 6:30 AM; take kid
to kindergarten at K 1 by car
using route R3; drive to work
at W2 via route R4; stay for
6 hours ...

...
...

...
...

...

Figure3.1: Exampleof informationcontainedin thetransportationframework. It keepsall in-
formationcontainedwithin theagents'plans,with theadditionof scoresandotherbookkeeping
information.

3.1.1 Agentsand Strategies

The framework representseachpersonin the region as one “agent.” An agent is a single,
autonomousentity with individual attributes,goalsandbehavior, thatmakesits own decisions
aboutits actionsbasedon thoseattributesandgoals. In principle,otherkindsof agentscould
representany otherbehaviorally motivatedentities,suchas traf�c signals,variablemessage
signs,or anothercomponentsof thetraf�c managementsystem.

An agentrepresentinga travelerin a transportationsystemwould typically have thegoalof
gettingto its desireddestinationsasquickly aspossible,andcarryingout its activities, which
aretherealreasonit travels.Eachagentwill havedifferentdestinationsandactivities,of course.

A traveler agentcan have attributesbasedon demographicdata,suchas incomeor age,
which canaffect theagent's decisionsin differentways,suchasan in�uence of incomelevel
on decidingto useor avoid a toll road. Eachagentmakesindependentdecisionsaboutwhich
activities to performduring theday, whereandwhento performthem,andwhat travel modes
androutesto take to travel betweenactivities. In this system,eachagentis representedasa
simpli�ed classi�er system(Holland,1992;Palmeret al., 1994): Eachagenthasa collection
of plans;eachplanhasa scorewhich is updatedaftertheplanis used;andthechoicebetween
plansis doneaccordingto their score.Seefor exampleFig. 3.1.

Speci�cally, a plan containstheagent's intendedscheduleof activities for theday, andthe
tripsconnectingtheactivities. An activity schedulespeci�esthefollowing informationfor each
activity:
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� type: what the agentwantsto do (e.g. sleep,stayhome,work, shop,perform leisure,
changemodes)

� location: x/y-coordinateswithin the simulatedregion and/or the network link id (i.e.
street)

� timing information:how muchtime theagentwantsto spendat theactivity afterarriving
at its location,and/orabsoluteendingtimeof theactivity. Moredetailof this is discussed
in AppendixA.2.

A planalsocontainstrip informationfor eachpair of consecutive activities. Eachtrip is made
upof aseriesof legs,eachof whichcontainsthefollowing information:

� mode:whattypeof transportationto use

� travel time: estimateddurationof trip

� departuretime: estimateof whattime thetrip will begin

� route(certainmodesonly): thelist of network nodesto traverseto getfrom theprevious
activity to thenext

� (othermode-speci�cinformation)

A plan canbe seenasa simplestrategy from gametheory. For a Nashequilibrium in game
theory, anagentattemptsto �nd astrategy thatheor shecannotunilaterallyimprove.

3.1.2 Two Layers

Conceptually, theframework is dividedinto two distinct layers.Thephysical layer represents
the“physical” environmentof theagentsandwhattheagentsactuallydo in thephysicalworld.
This layerprovideswaysfor themto interactwith oneanother, andcorrespondsto theagents'
environmentshown in Fig. 1.1. In traf�c, this is normally calledthe network loading,or the
traf�c �o w (micro-)simulation.As mentioned,this is generallyreferredto in this dissertation
asthemobility simulation, asit canin principlemovepeoplearound,not just cars.

Thestrategic layer (a.k.a.mentallayer) representstheinternal(“mental”) processesof the
agents,andprovidesthecomputationalresourcesthey needto make their decisions.For each
agent,this layercorrespondsto thatagent's “deliberation”componentasdepictedin Fig. 1.1.
Figure3.2presentsa view of thetwo layersfor thetransportationapplication.

Within thestrategic layer, anagentmakesits decisionsaboutits actionsandrecordsthem
into a strategy (or plan). The strategic layer sendsthe strategy createdby eachagentto the
physicallayer, which executesall of themsimultaneouslyin a representationof the physical
world. Figure3.3showshow sendinganagent'sstrategy from thestrategic layerto thephysical
layercorrespondsto the“execution”componentof theagent,asseenin Fig.1.1. It is herewhere
agentsmay, in general,con�ict over, competefor, and/orcooperatefor resourcesprovidedby
theenvironment,aswell ascommunicatewith oneanother. (Thoughin theframework agents
do not yet communicatedirectly with otheragents.)Theframework providesthe“perception”
componentof theagent(Fig. 1.1) by sending“events” from thephysicallayer to thestrategic
layer. An event is asimpledatarecorddescribingthetimeandlocationwithin theenvironment
whereagivenagentperformsaspeci�c actionor encountersaspeci�c experience.
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The physical world:
� limits on accel/brake
� excluded volume
� veh�veh interaction
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Figure3.2: Physicalandstrategic layersof theframework.
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Physical Layer
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Figure3.3: Thestructureof themulti-agentframework. BasedonFig. 1.1.

3.1.3 Coupling the Layers: Feedback

Now thetwo layersareconnectedtogether. Thestrategic layersendsstrategiesto thephysical
layer, andthephysicallayersendseventsto thestrategic layer. This causesa problem:Which
happens�rst? Thecombinationof strategiessentfrom thestrategic layeraffectwhathappensto
theagentsin thephysicallayer, andthusaffect thesetof eventssentbackto thestrategic layer.
For example,congestioncancausean traveler to not be ableto executeits plan asintended.
In turn, theeventsfrom thephysicallayeraffect thestrategiesgeneratedby thestrategic layer,
changingwhathappensin thephysicallayer. Thereis, in effect, a feedbackloop betweenthe
two layers.Thesystemneedssomeway to make theoutcomeconsistent.Thatis, thestrategies
sentto thephysicallayershouldbe (approximately, at least)basedon theeventsproducedby
thephysicallayer, which is basedon thosestrategies.

In the�eld of transportationanalysis,acommonlyusedmethodin transportationsimulation
is systematicrelaxation,whichwasdescribedin Sec.2.4.Thismethodis employedto makethe
interactionbetweenthelayersof theframework consistent.Thismethodworksasfollows:

1. Createan initial setof preliminarystrategies. This set can be eithergeneratedby the
strategic layer, or providedexternallyaspartof theinitial conditionsof thesystem.This
is the“initial guess”of thesystem.
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2. Thephysicallayerexecutestheinitial setof strategies.

3. The strategic layer usesthe eventsfrom the physicallayer to adaptthe setof strategies
basedon the outcomeof their simultaneousexecution. Typically, this meansallowing
somefractionof theagentsto obtainanew strategy (“replan”) while theremainderof the
agentsretaintheir previousstrategies.Generallya valueof 10%of theagentpopulation
is used.

4. Thenew setof strategiesis executedby thephysicallayer.

5. Repeatsteps3 and4 until thelayersareconsistent.

It is dif�cult to de�ne whenthemodulesare“consistent.” At presentno ruleexiststo tell when
thesystemis relaxed.Onemustsimplyjudgemanuallybasedonoutputfrom thephysicallayer,
stoppingthecycle oncedifferencesbetweensuccessive iterationsappearto be“small enough.”
The numberof iterationsrequiredis usuallyat least50 (Rickert, 1998). This techniquehas
similaritiesto humanlearningandcanalsobeinterpretedthatway.

3.1.4 Replanningand Learning

Relaxation,in step5 of theabovefeedbackmethod,is notwell de�ned in amathematicalsense.
The intendedmeaningis that, in the average,a relaxed systemshouldnot show any further
developmentor drift. Sincea simulationsystemis stochasticat many levels, the only way in
which this couldbemathematicallyachievedis in termsof asteady-statedensity. If thesystem
wereMarkovian, thentheconvergenceto a steady-statedensitywould immediatelyfollow; the
systemis however not Markovian becauseit can potentially enlarge its phasespaceat each
iterationby �nding new strategies.Alternatively, onecould includeall possiblestrategiesinto
the phasespacede�nition. This systemwould be Markovian, but 50 iterationswould be by
far too few to explore the phasespace,let alonegeneratinga steadystatedensity. Similarly,
this enlargedsystemis ergodic in thesenseof CantarellaandCascetta(1995),but thatnotion
is not usefulfor the relatively smallnumberof iterationsthatareused.More precisely:Even
systemsthatareformally ergodiccanremainin limited regionsof thephasespacefor very long
duration,certainlyfor muchlongerthanfor 50 iterations(e.g.,Palmer,1989).

A relatedissueis theselectionof thereplanningfraction. A replanningfractionof 10%,as
in step3 of theabove feedbackmethod,is a heuristicnumberthatworkswell in practice.The
importantlimiting considerationsare: (i) Adaptationin this systemworksby travelers�nding
improved solutionsfor the currentsituation. Thesenew solutionswill only thenwork better
thanpreviousoneswhenthesystembehavessimilar from oneiterationto thenext. This implies
that the fraction of the populationchangingits behavior shouldnot be too large. In fact, for
somesimpleranddeterministicsystemsonecanshow thatanin�nitesimal bestreply dynamic
leadsthesystemto a NashEquilibrium (HofbauerandSigmund,1998).Onecouldexpectthat
thesituationfor this systemis similar, althoughno formal proof is available. (ii) On theother
hand,whenthereplanningfractionbecomestoosmall,thentherelaxationprocessbecomestoo
slow. For example,with a replanningfractionof 1%,onewill needat least100iterationsuntil
eachtravelerhasobtaineda new strategy once,andthatwill probablynotbeenough.

Other methods,in particularthe methodof successive averages(MSA, see,e.g.,Shef�,
1985)couldbetried,althoughMSA hasareputation,justi�ed from atheoreticalperspective,to
displayratherslow convergence.In addition,sometranslationof MSA to a stochasticprocess
would benecessary. For example,a traveler's potentiallymixedstrategy shouldbeanaverage
bestresponseagainstthetraf�c pattern,andthis is not necessarilythesameasa bestresponse
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againstthe averagetraf�c pattern. It is not immediatelyclearhow to achieve an averagebest
responsewithouta lot of averagingovermany iterations(many morethan50).

In practice,however, Rickert (Rickert, 1998)haslooked at the sumof all travel timesas
anindicatorfor relaxation,andhasfoundthata systemwhich wassimilar to theonedescribed
in this chapterdid not displayany furtherdrift afterabout25 iterations.This observationwas
con�rmed by visualinspectionof thetraf�c patterns.Bottom(Bottom,2000)hasdonea much
moreexhaustive investigationinto thesametopic,with asimilar result.

Notethatall theaboveargumentsimply thatstrategiesare�x edduringthetraf�c simulation
andcanonly bechangedbetweeniterations.Onlinereplanningis discussedin Chap.10.

3.2 The PhysicalLayer

Thephysicallayerrepresentstheenvironmentof theagents,executestheirstrategies,andallows
them to interactwith one another. It is composedof the mobility simulation. This section
describesthe speci�cation for the mobility simulation,anddescribesan implementationof it
for thetransportationapplication.

3.2.1 Speci�cation of the Mobility Simulation

Themobility simulationhasthetaskto move theparticles,i.e. thetravelerswith their vehicles,
in physicallyplausibleways.For example,if needed,thenit is thetaskof themobility simula-
tion to limit vehiclesto theiraccelerationandbrakingcapabilities,to computeexcludedvolume
effects(no two vehiclescanbeat thesamelocation),etc.

The speci�cationsof the mobility simulationareperhapsalsoalreadyclearat this point.
Theminimumrequirementsare:

1. The mobility simulationreadsa completesetof plans,with oneplan per agent. Plans
shouldbeexecutedaschains,i.e.anagentcanonly departafter it hasarrivedatalocation.

2. Themobility simulationexecutesall thoseplanssimultaneously.

3. Themobility simulationoutputseventsinformation

4. As alreadymentioned,oneneedsto run many simulationsof 24-hourdays—usuallyat
least50 for a singlescenario. This usage,alongwith thegoal to run large-scalescenar-
ios,meansthatthemobility simulationneedsto runreasonablyfastevenwhensimulating
severalmillions of travelerson a roadnetwork with severalthousandsof links (roadseg-
ments).Thegoalis thatrunningthewholescenarioonceshouldnot takemorethanabout
onehour.

5. The mobility simulationshouldbe simplein orderto be comparablewith staticassign-
mentandin orderto allow concentrationon computationalissuesratherthanmodeling
issues.This alsoallows taskparallelizationto be introducedinto thesoftwareat a later
time.

6. Themodelusedin themobility simulationshouldbesomewhatrealisticsothatmeaning-
ful comparisonsto real-world resultscanbemade.This meansthemodelshouldinclude
sucheffectsascongestionbuild-up (i.e. that congestionnormally startsat bottlenecks)
andqueuespillback(i.e. thephysicalspacethatqueuedvehiclesoccupy in thesystem).
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Thesespeci�cationsarenot dif�cult to ful�ll. They are,however, a signi�cant departurefrom
theway in whichmostcurrentmobility simulationsarewritten: They readOD matricesinstead
of plans,andwrite link performanceinformationinsteadof events.Writing eventsinsteadof or
in additionto link performanceinformationis relatively easyto implement.In contrast,mak-
ing the simulationfollow pre-speci�edplanssometimesnecessitatesa major implementation
change.Thatchangecorrespondsto thefactthatin theagent-basedapproachall informationis
storedin theagent,whereasin many existingapproachesmostof theinformation(suchasshort-
estpathtrees)is storedin thenetwork. In addition,conditionalplans�les, suchasdiscussedin
AppendixA.2, maymake thesimulationlogic moredemandingin thefuture.

3.2.2 Implementation of the Mobility Simulation

Conditions4, 5, and6 above make theuseof existing softwarepackages,suchasDYNAMIT,
DYNASMART, or TRANSIMS,dif�cult, sincethesesoftwarepackagesarealreadyfairly com-
plicated(seealsoSec.2.7.3). An alternative is theselectionof a simplemodelfor large-scale
microscopicnetwork simulations,andto re-implementit.

The conditionsdo not prescribethe dynamicsof the mobility simulationmodel; any of
the examplesfrom Sec.2.7.1arepossible. As the mobility simulation,an improved version
of a so-called“queuesimulation” (Gawron, 1998)is selected.The improvementsincludean
implementationon parallelcomputers,andanimprovedintersectiondynamics,which ensures
a fair sharingof the intersectioncapacityamongincoming traf�c streams(Cetin andNagel,
2003,2002).Thissimulatoronly handlesthecarmodeatpresent.AppendixA.3 discusseshow
to handleothermodes.

Thequeuesimulationrepresentseachstreet(link) asa FIFO (�rst-in �rst-out) queuewith
threerestrictions.First,eachagenthasto remainfor acertaintimeonthelink, correspondingto
thefreespeedtravel time. Second,a link storagecapacityis de�nedwhich limits thenumberof
agentson thelink. If this capacityhasbeenreached,no moreagentscanenterthis link. Third,
thereis a �o w capacity, which limits thenumberof vehiclesthatcanleave thelink in any given
timestep.

Eventhoughthis structureis indeedvery simple,it producestraf�c asexpectedandit can
rundirectlyusingthedatatypically availablefor transportationplanningpurposes.Ontheother
hand,therearesomelimitationscomparedto reality, i.e., thenumberof lanes,weaving lanes,
turnconnectivitiesacrossintersectionsor signalschedulescannotbeincludedinto thismodel.

Currently, the mobility simulationinputs a plan set storedin a �le readfrom disk. See
Chap.6 for issuesrelatedto plan �les. Othermethodsof inputtingplans,suchasvia software
messagesover thecomputernetwork, arebeingtried (Cetin,2005;Gloor,2005).

After readingtheplans�le, themobility simulationexecutesthoseplans,andreturnsevents
information,suchaswhenagentsleave from or arrive at activities, or whenagentsenter/leave
links. Eventsinformationis alsowritten to other�les asoutput. SeeSec.3.4.1andChap.6
for issuesrelatedto these�les. Datafor an event includeswhich agentexperiencedit, what
happened,at what time it happened,andwhere(link/node)theeventoccurred.With this data
it is easyto producedifferentkindsof informationandindicatorssuchaslink travel time, trip
travel time, trip length,percentageof congestion,andsoon.

As required,thequeuesimulationis fastenoughto run many iterations,taking aslittle as
two minutesof processingtime to run 24 hoursof a simulationwith approximately1 million
agents(Cetin andNagel,2003). That numberexcludesthe time it takesto write events�les,
however.
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Figure3.4: Componentsanddata�o w in theframework.

3.3 The StrategicLayer

Theframework's strategic layermaintainsthementalstateof theagents,allows themto make
decisions,write thosedecisionsinto plans,measureperformanceof thoseplansbasedonevents
from thephysicallayer, andallows themto learnabouttheir environment.

3.3.1 Agent Databaseand External Modules

The framework dividesthe strategic layer into a centralagent databaseandseveral separate,
externalmodulesthatmodelthedifferentkindsof strategy decisionsthataffectanagent'splan.
Theseare similar to someof the modulesseenin Sec.2.5.3. The agentdatabaseprovides
eachagentwith partof its mentalstate,allowing it to keeptrackof its plansandtheir scores;
andwith ahigh-level decision-makingability, allowing it to reusethoseplansatwill andupdate
theirscoresafterusingthem.Themodulesprovidetherestof thementalstateandmoredetailed
decisionmakingabilities.

Eachmoduleis responsiblefor makingdifferenttypesof decisionson behalfof theagents.
An agentcallsupononeor moreof thesemodulesto generatea new strategy or updatepartof
anexisting (possiblyincomplete)strategy. Figure3.4graphicallydepictstherelationshipsand
interactionsbetweenthesecomponents.

Eachof thedetailsdescribedin theplan,suchasactivity duration,is a decisionthatmust
bemadeby theagent.Thesedecisionsaremutuallydependent,but thedecisionsmadeby one
agentareindependentof thosemadeby another. Thetaskof generatinga plan is dividedinto
setsof closelyrelateddecisions,andeachsetis assignedto aseparatemodule.An agentstrings
togethercallsto variousmodulesin orderto build up a completeplan. Somepossiblemodules
are:

� Activity patterngenerator: Decideswhich activities anagentactuallywishesto perform
during the day, andin what order. At present,this moduleis not used;in its placeis a
�x ed“home-work-home”patternfor all agents.

� Activitylocationgenerator: Determineswheretheagentwill performaparticularactivity.
At present,this moduleis not used;eachagenthas�x ed locationsfor its “home” and
“work” activities.
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� Activity time allocator: Determinesthe timing attributesthe agentwill utilize for each
activity in a plan. Activities have two possibletiming attributes:“activity duration”and
“activity endtime”. After startinganactivity, anagentperformstheactivity eitherfor the
lengthof “duration”, or until the “activity endtime”, whichever comes�rst. Activities
cannotoverlapin time.

� Router: Determineswhich routeandwhich modethe agentchoosesfor eachleg (uni-
modaltrip segment)thatconnectsactivitiesatdifferentlocations.

A specialfeatureof the presentedapproachis that userscanchooseany numberandtype of
thesemodulesaslong asthey generatesomeinformationthat contributesto a plan. For that
reason,it is easyto combinefor exampleactivity andmodechoiceinto a singlemoduleor to
addresidentialor workplacechoice.

3.3.2 Speci�cation of the External StrategyModules

The speci�cationsof an externalstrategy moduleareperhapsalreadyclearat this point. The
minimumrequirementsare:

1. Theexternalmoduleneedsto “think” in termsof agents.For example,anexternalroute
generationmoduleneedsto generatea pathfor a speci�c agentbetweentwo locations,
ratherthan,say, ashortestpathtree.

2. If theexternalmodulereactsto agentor systemperformance,thenit readstheevents�le
producedby themobility simulation.

3. Thegoalsof theexternalmoduleneedto becompatiblewith how thescoringis doneby
the agentdatabase.The systemwill work asalongassomeof the plansgeneratedby
externalmodulesare“good” accordingto thescoringfunctionof theagentdatabase.

This is aconsiderablyweakerdesignrequirementfor externalmodulesthan,for example,
TRANSIMShas,whereall of theplansgeneratedby externalmodulesneedto be“good.”
This is necessaryin somethinglikeTRANSIMSbecauseany previous“good” (or “bad”)
plananagentknowsaboutis overwrittenby thenew plangeneratedby themodule.

4. The external modulereadsa plans�le containingone (possibly incomplete)plan per
agent.Thissupportsthearbitrary“stringing” of multiplemodulesby agents,by allowing
multiplemodulesto write differentpartsof thesameplanasit is assembledby theagent.

5. Theexternalmodulewritesout anupdatedplans�le, whereany invalidatedinformation
hasbeendeleted.(Someor all plansmaystill beincomplete,however.)

6. Theexternalmoduleneedsto bereasonablyfastto supportiterations;runningit on 10%
of all agentsshouldnot takemorethanaboutonehour.

Note that this speci�cation leavesthe internal functioningcompletelyto the module. In par-
ticular, themoduleis free to startanew with eachiteration,or to accumulateinformationover
all iterations.An examplefor the former is a routegeneratorthat useslink travel timesfrom
the last iteration;an examplefor the latter is a mentalmapthat is built successively over the
iterations.

With thesespeci�cationsit shouldbefairly straightforwardto useany agent-basedexternal
modulethatcanreadplansandeventsandwrite plans.Thehopeis that this will allow groups
modelingdifferenttravel behaviors to easily“plug in” their own modulesto thesystem.
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3.3.2.1 Calling Sequence

The modulesneedto be called in a certainsequencein order to make the systemrun. For
example,choosingnew activity locationswill necessitatenew routesto andfrom thechanged
activities, so the routeplanningmoduleshouldbe calledsometimeafter the activity location
moduleis called. But routesandactivity timesdo not (strictly) dependon eachother, so it
would bepossibleto make callsto eithertheactivity time choicemoduleor therouteplanning
modulewithout calling theotherone,or call thembothin anarbitraryorder. Thesystemneeds
to know eitherthedependenciesthatexist (or do not exist) betweenmodules,or at leastsome
of�cial orderingof modulesto ensurethat thestrategy generationpartof an iterationdoesnot
resultin incompleteplansbeingsentto themobility simulation,or modulesbeingcalledin an
“in�nite loop.”

3.3.3 Implementation of the External StrategyModules

At presenttheframework employstwo modulesonly: the“activity timeallocator”and“router”
(describedin Sec.3.3.1).Othermodulesarethetopicof futurework. However, aswill beseen
in Chapter7, thesetwo modulesareenoughto obtainrealisticandplausibleresultsfrom the
simulationframework.

3.3.3.1 Activity Time Allocator

Thismoduleis anexampleof onethatgenerates(or modi�es) agents'activity schedules,which
form thebasisof their plans(Vaughnet al., 1997;Bowman,1998).Onecandivide thetaskof
creatinganactivity scheduleinto threeparts:patternchoice,locationchoice,andtiming choice.
The patternchoicedetermineswhich activities to performduring the day, andin what order.
For example,an agentmight decidewhetheror not to go shopping,andif so, beforeor after
work. The location choicedetermineswherethe agentwill performeachactivity. For some
activities,suchashomeandwork, agentsmake this decisionvery infrequently, while for other
activities, suchasshopping,theagentmight choosea differentlocationeachtime it wantsto
performtheactivity. For example,anagentcouldgo shoppingat a bakery closeto homeor a
grocerystorenearwork. The time choicedeterminesthe durationof eachactivity, including
whento leave homeat thestartof theday. A singlemodulecanmake all of thesedecisionsat
thesametime,or separatemodulescanbeusedto handleeachoneindividually.

So far, thereis only have a time choicemodule. This moduletakesthe existing timesof
the plan andmodi�es themrandomly. Note that thereis no “goal” with this module,that is,
the moduledoesnot try to improve any kind of score. Rather, the modulemakesa random
modi�cation, andtheplansselectionmechanismin conjunctionwith thescoringwill make the
agentsimprovetowardbetterscores.

Theexactdetailsof the time mutatorareasfollows. This modulereadstheplans�le, and
for eachplanalterstheendtime of the�rst activity by a randomamountr 1 uniformly selected
in the ranger 1 2 [� 30 min; 30 min]. Valuesthat comebefore00:00(midnight) areresetto
thattime. It thenaltersthedurationof eachactivity exceptthe�rst andlastby separaterandom
valuesuniformly selectedfrom the samerange. The last activity doesnot needmodi�cation
sinceit runsfrom whenever the agentarrivesuntil 24:00(midnight). The modi�ed plansare
writtenbackout to a �le.

Although this approachis not very sophisticated,it is suf�cient to obtain useful results.
This is consistentwith the overall assumptionthat, to a certainextent, simple modulescan
be usedin conjunctionwith a large numberof learningiterations(e.g.,Nagel et al., 2004).
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Sinceeachmoduleis implementedasa “plug-in”, thismodulecanbereplacedby anenhanced
implementationif desired.

3.3.3.2 Router

An agent's plan must connectsuccessive activities at different locationsby travel trips that
usethe transportationnetwork. Trips aredivided into legs which are aredescribedby their
modeandmode-speci�cinformation. For example,a car-modeleg containsa node-by-node
descriptionof thevehicle's routethroughthenetwork from thelocationof thepreviousactivity
to thelocationof thenext activity. In principlelegscanbeselectedfrom differentmodetypes,
but at presentonly car trips aremodeled.As statedabove, at presenta given trip is assumed
to containonly a singlecar-modeleg. Eachtrip hasan(expected)startingtime, andtherouter
needsto besensitiveto congestionsothatit canavoid usingalreadycongestedlinks.

The router is basedon Dijkstra's shortest-pathalgorithm,but “shortness”is measuredby
thetime it takesanagentto drivetherouteratherthandistance.Thefastestpathdependsonthe
travel timesof eachindividual link (roadsegment)traversedin theroute. Thesetimesdepend
onhow congestedthelinks are,andsothey changethroughouttheday. This is implementedin
thefollowing way: Theway a Dijkstra algorithmsearchesa shortestpathcanbeinterpretedas
expanding,from thelocationof theorigin activity, a network-orientedversionof a wave front.
In orderto makethealgorithmtime-dependent,thespeedof thiswavefront alongalink is made
to dependonwhenthiswave front entersthelink (e.g.,Jacobetal., 1999).

Thatis, for eachlink l therouterneedsafunctioncl (t) whichreturnsthelink “cost” (= link
travel time) for avehicleenteringat time t. This informationis calculatedfrom pairsof agents'
link entryandlink exit events,takenfrom arunof themobility simulation.In orderto makethe
look-upof cl (t) reasonablyfast,therouteraggregatesthedataover 15 min bins,duringwhich
thecostfunctionis keptconstant.Thatis, all vehiclesenteringa link betweene.g.9:00AM and
9:15AM will contributeto theaveragelink travel time duringthat time period.AppendixA.1
describesissueswith the link-basedtravel time calculation.This moduleonly handlesthecar
modeat present,which is not a problemsincethemobility simulationhandlesonly this mode
aswell.

For every planof every givenagent,therouterrunsthetime-dependentDijkstra algorithm
for eachcar-modeleg to �nd thefastestroutefrom theorigin link to thedestinationlink. The
agentdatabase“knows” aboutactivity chains,andpre-calculatestheexpecteddeparturetimes
for eachleg. Therouterusesthosetimesto choosethe �rst time bin for looking up the travel
times.

It is possibleto include public transportationinto the routing (Barrett et al., 2000); the
presentwork looksatcartraf�c only.

3.3.4 Speci�cation of the Agent Database

Thespeci�cationfor theagentdatabaseis thatit allowseachagentin thesimulationto:

1. storesomenumberof plansplustheir scores

2. selectoneof its plansaccordingto their scores

3. addplansusingtheexternalstrategy modules

4. removeplanswith badscores
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5. updatescoresbasedon eventsoutputfrom themobility simulation

Thismeanstheagentdatabasemustcall upontheexternalstrategy modulesfor plangeneration,
providetheselected/updatedplansto themobility simulation,andprovidetheresultingeventsto
theagentsfor scoring.It appearsthattheagentdatabasethereforealreadyperformsthefeedback
betweenthesimulationeventsandthestrategies. All that remainsin the iterationcycle is for
somesystem(eitherbuilt-in or externalto theagentdatabase)to executethemobility simulation
at theappropriatepoint in theiterationcycle,andmake sureeachcomponentcan�nd its input
data.Furtherdiscussionof theagentdatabasewill continuein thenext sectionon feedback.

3.4 FeedbackBetweenLayers

Thefeedbackmechanismis animportantaspectof theframework, andis theprimaryfocusof
thisdissertation.In particular, theuseof theagentdatabaseasthefeedbackmechanism,with its
ability to storemultipleplansperagent,is to my knowledgeauniquefeatureof this framework.

3.4.1 Events

Performanceinformation from the mobility simulation is fed back to the strategic modules
(Fig. 3.4) via “events” which are outputdirectly when they happen. For example,an agent
candepartfrom (i.e. leave) an activity, enterandexit links, andarrive at a destination.The
informationin an event is simply the time stampof the occurrence,the link andnodein the
networkwhereit happened,theagentit happenedto,anda�ag identifyingtheeventtype.These
eventsmake up the entireoutputof the mobility simulation; that is, the mobility simulation
performsno dataaggregation. Any dataaggregation necessaryis doneby the modulethat
requiresthedatain thatform.

The agentdatabase,for example,readsthroughthe eventsinformationandprocesses,for
eachagent,eventsthatarenecessaryto computethescore.Sinceat thispoint thescoredepends
on activity arrival anddeparturetimesonly (seeSec.3.4.2),thesearetheonly eventsthat the
agentdatabaseconsiders.In contrast,the router readsthroughthe eventsand looks for link
entering/leaving events.If anagententersa link, therouterstoresthatinformation.If anagent
leavesalink, theroutersearchesfor thecorrespondinglink enterevent,computesthelink travel
time,andentersthatinto someaveragingmechanismfor thelink.

Theadvantageof eventsis thatthey areveryeasyto implementinto themobility simulation.
In contrast,any dataaggregationinsidethemobility simulationcaneasilybeasourceof errors.
This hasto do with the fact that the teamthat writes the simulationis not truly interestedin
correctaggregation: Their main tool to checksimulationcorrectnessis the visual impression
(andmaybesometraf�c �o w considerations).In contrast,theteamthat is responsiblefor, say,
therouteror theagentdatabasehasamuchhigherinterestin thecorrectnessof theaggregation,
sincewithout thattheir modulewill not function. Seeminglytrivial aspectssuchasthis canbe
ratherimportantfor thelong-termrobustnessof thesystem.

3.4.2 Scoring

Agentsgive scoresto their strategiesin orderto comparethemandselectbetweenthem. The
agentdatabaseneedsascoringfunctionin orderto givescoresto strategiesthatwereexecuted.
Thatscoringfunctionneedsto beentirelybasedon eventsinformationfrom thephysicallayer,
andit needsto scorethecompleteperiodthatde�nesaplan(e.g.day).
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The primary candidatefor the scoringfunction is the traditionalutility function, but any
plausiblescoringfunction,for exampleoneusingprospecttheory(e.g.,Avineri andPrashker,
2003),canbeused.Without muchmoreimplementationeffort, conceptssuchasmulticriteria
decisions(De Smetet al., 2002) could also be used. An exampleof a utility-basedscoring
functionwill bepresentedin Chap.6.

As mentionedin Sec.3.3.2, thereneedsto be someoverlap betweenwhat the external
modulescomputeandwhatthescoringfunctionoptimizes.An openproblemis how to couple
the scoringfunction usedby the agentdatabaseto the scoringfunctionsusedby the external
strategy generationmodules. Becauseof stochasticeffects, it is not necessarythat they are
completelyconsistent,but asmentionedbefore,someconceptualoverlapis necessary. At this
point, this problemis solvedby manuallyde�ning thegoalsof theexternalmodules.This is a
subjectof furtherinvestigation.

In addition,it is very importantto notethat theframework alwaysusesactualplanperfor-
mance(i.e. events)for the score. This is in contrastto all othersimilar approachesthat I am
awareof, which feedbacksomeaggregatedquantitysuchaslink travel timesandreconstruct
performancebasedonthose(e.g.,URBANSIM www page,accessed2003;Ettemaetal.,2003).
Becauseof unavoidableaggregationerrors,suchanapproachcanfail ratherbadly, in thesense
that the performanceinformationderived from the aggregatedinformationmay be ratherdif-
ferentfrom theperformancethat theagentin fact experienced.This effect canbeseenin the
resultsof theGotthardscenario(seeSec.4.4).

3.4.3 Learning

Theiterationcycleof Sec.3.1.3causeseachagentto keepsrepeatingthefollowing steps:

1. Selectanexistingplanor createanew one(possiblyreplacinganold one).

2. Executeit (in thephysicallayer)andrecordtheperformance.

3. Updatethescoreof theplanbasedon theperformance.

Thiscorrespondsto theagentadaptingto its environmentandlearninghow to improveits plans
over many iterations. Sincethe systemexecutesthe plansof multiple agentssimultaneously,
all theagentslearnat thesametime, andthustheenvironmentchangesdueto theeffect of the
otheragentsin thesystem.This meansthata scorefor a planis not necessarilystableover the
iterations;in consequence,anagentneedsto re-evaluatepreviouslybadplansfrom timeto time
in orderto checkif thescoreshave improved.

Theframework asdescribedsofar is bestsuitedfor day-to-day(or moregenerallyperiod-
to-period)replanning. It can, however, be extendedto within-day replanning. When doing
this,oneis confrontedwith someconceptualandsomecomputationalproblems.Thesewill be
discussedin Chap.10.

3.4.4 Agent Database

In comparisonto theagentdatabase,the“IterationDatabase”componentof TRANSIMSstores
information aboutagentsand their experiencesfrom previous iterations,and the “Selector”
componentsuse that information to decidewhich partsof which agents'currentplansget
updatedby the strategy modules(TRANSIMS www page,accessed2004). However, to my
knowledge,neithercomponentkeepstrackof or re-usespreviousplans,soagentswho arese-
lectedto changetheir plansalwaysreceive new onesfrom themodules.As previously stated,
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this requiresall of theplansgeneratedby externalmodulesbe“good” plans.I amnotawareof
any othersimulationsystemthatkeepsseveralplansperagent.

Prototypesof theagentdatabasecanbefoundin (Nagel,1994/95,1996),which describea
systemwhereagentsrememberindividual scoresfor differentplans,but theplanmemorywas
“global,” i.e. sharedamongdifferentagents,andthe implementationwasspeci�c to a simple
network in a singledemonstrationscenario.Chapters5 and6 describenewer, morecomplete
implementationsof this idea.

The main taskof this dissertationis to explore how the ideaof the agentdatabasecanbe
generalizedto be realistic and operatefor large-scalereal-world problems. I look at issues
relatedto designandperformanceof theagentdatabaseandthefeedbacksystem.

3.5 Summary

This chapterdescribesthe fundamentalconceptsbehinda framework for multi-agentsimula-
tionsof transportationsystemsfor planningpurposes.The framework hasindivisible andau-
tonomousagentswhomakeindependentdecisionsabouttheirdaily activity plans.Thestrategic
“mind” of theagentsis containedwithin onelayerof theframework, andthephysicalinterac-
tion betweenagentsis containedin another. Eventstransferperformanceinformationfrom the
physical layer to the strategic layer, which get convertedinto scoresfor plansstoredin the
agents'memory. Theagentslearnandadapttheir plansto thesystemasthey experienceit, uti-
lizing externalstrategy generationmodulesof theframework. Theframework'sagentdatabase
storestheagents,their plans,andtheir plans'scores,andfacilitatesthis learningprocessof the
agents.

An importantcharacteristicof the framework is that it keepsthe agentintact throughout
all partsof thesystem.In particular, the informationrelatedto anagentis alwaysmaintained
togetherwith that agent,and is never divided into separate�les. It shouldbe notedthat in
particularthe feedbacksystemis uniquein that it explicitly keepstrack of many strategiesof
eachindividual traveler. Most simulationsystemsassumeeitheronly onestrategy pertraveler,
or they group travelers togetheraccordingto their characteristics,for exampleby common
destination.

Thenext chaptersdescribetheevolutionof implementationsof theagentdatabaseandother
partsof theframework.
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Chapter 4

PlansSelectionand Feedback:
TRANSIMS Reimplementation

As describedin thepreviouschapter, thebasicrelaxationmethodalternatesbetweenexecuting
a set of strategies (or plans)in the mobility simulation,and updatingthoseplansusing the
externalmodulesin the strategic layer. This chapterdescribesa simplefeedbackmechanism
thatcouplesthetwo layers,andis basedonTRANSIMS.

4.1 Basedon TRANSIMS

For plansselectionand feedback,the �rst thing to try is a very simpleday-to-dayfeedback
mechanism,basedon that of TRANSIMS. A parallelizedqueue-basedtraf�c �o w simulator,
describedin Sec.3.2.2, is usedfor the mobility simulationin the physicallayer. The plans
andeventsaretransferredbetweenthe physicallayer andthe strategic layer using�les. The
�le formatsarebasedon thoseof TRANSIMS,asthey arefairly easyto implement,andretain
compatibility with TRANSIMS modules. However, the TRANSIMS moduleshad too many
problems,andendedup not beingused,asdescribedin AppendixA.5. Both �le formatsare
“text-based”meaningthey arehuman-readable(asopposedto having someopaquebinaryen-
coding),but arejust listsof numbers,soarenoteasilyhuman-understandable.Theevents�le is
line-basedandhasa �x ednumberof columnson eachline to make parsingsimple.Theplans
�le is morecomplicated,with eachplan occupying multiple lines in the �le, andwith lines
having variablelengths.This meanstheplans�le containsonly routes,andonly onerouteper
agent.

As such,theonly strategy moduleusedat thispoint is theroutegenerator, whichbehavesas
describedin 3.3.3.2.In summary, thismoduleusestheeventsoutputby themobility simulation
to updatethe travel time (costof utilization) associatedwith eachlink in the network. After
updatingits view of the network, the router generatesnew routesfor a given subsetof the
agents.How thesubsetis selectedis describedbelow.

4.2 Simple Feedback

The subsetof agentschosento obtainnew routesis simply a randomlyselected10% of the
total population.Fromanagent-basedpoint of view, this canbeconsideredthesameaseach
agentdecidingto obtain a new route with a 10% probability. It was not implementedthis
way, however. Thenew routesaremergedwith thoseof thepreviousplan-setby replacingthe
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previousroutesof there-routedagents,leaving eachagentwith only its mostrecentlygenerated
plan.This is aversionof thesystematicrelaxationmethodfor DTA (Sec.2.4).

4.2.1 Iteration Sequence

A simpleprogram,written in thePerlscriptinglanguage,controlstheiterationsequence,which
proceedsasfollows:

1. Startwith initial conditions:

� Files describingthe nodeandlink structure(intersectionsandroads,respectively)
of thetransportationnetwork.

� An activities �le (in TRANSIMS format) containingthe startinglocation,ending
location,andstarttimeof eachagent's trip (onetrip peragent).

� An initial routes�le (in TRANSIMS format) containingroutesbetweenthe loca-
tions speci�ed in the initial activities �le (also one per agent). Theseroutesare
basedonanemptynetwork, usingthefreespeedtravel timesof thelinks.

Theinitial routes�le becomesthe“currentroutes”�le.

2. Runtheparallelmobility simulation.This readsthenetwork �les andpartitionsthenet-
work acrossseveral instancesof the mobility simulationprogramrunningon different
computingnodes.Eachinstancereadsthe“currentroutes”�le, determineswhich agents
begin their tripson its portionof thenetwork, andsetsup thevehiclesof thoseagentsthe
their startinglocations.All instancesthenexecutetheroutessimultaneously, exchanging
vehicleswhen they crossthe network partition boundaries.This is describedin detail
in (Cetin,2005;CetinandNagel,2003). Eachparallelinstanceof thesimulationwrites
eventsto its own events�le, andat theendtheevents�les aremergedtogetherinto one
�le, sortedaccordingto thetimestampsof theevents.

3. Two helperprograms(calledread-events, parse-link-times) written in the AWK script-
ing language,readtheeventsandconvert theminto a �le containingtravel timesstored
in 15-minutetime-binsfor eachlink usedduring the mobility simulationrun. (Please
seeAppendixA.1 for a moredetaileddescriptionof thesescripts.) This �le is in the
TRANSIMS travel timesformat,which is alsoa line-orientedcolumn-basedtext format.
Notethattherouterdoesnot readtheeventsandcalculatethetravel timesby itself at this
stagefor reasonsof compatibilitywith the TRANSIMS routing module,which expects
aggregatedtravel timesinformationto comefrom theTRANSIMStraf�c simulatorin the
travel times�le.

4. The“currentroutes”�le is preservedasthe“old routes”�le, andtherouteris executed.
The router readsthe network �les, the initial activities (for the entirepopulation),and
thecalculatedtravel timesfrom the travel times�le. Previously unusedlinks (thosenot
reportedin the travel times �le), are assumedto have travel times basedon their free
speedandlength.Therouterthencreatesnew routesfor a randomlyselected10%of the
population.Thesearestoredin the“new routes”�le.

5. The“old routes”and“new routes”�les aremergedtogetherinto the“currentroutes”�le,
suchthateachagenthasonly oneroute,andanew routecalculatedby therouterin step4
replacestheold routestoredfor anagent.
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6. Returnto step2, until thesystemis relaxed.This takesabout50 iterations;earlierinves-
tigationshaveshown thatthis is morethanenoughto reachrelaxation(Rickert,1998).

4.3 Gotthard TestingScenario

4.3.1 The Setup

In order to test the modulesand feedbacksystemof the framework, the so-calledGotthard
scenariois used. This scenariosimulatesthe traf�c resultingfrom 50,000travelersdriving
from variouslocationsall over Switzerlandto a commondestinationin Lugano,which is in
the Ticino, the Italian-speakingpart of Switzerlandsouthof the Alps. This scenarioutilizes
the Switzerlandtraf�c network describedin Sec.7.1.1. The demandis madeup of a setof
50,000trips with origin links selectedrandomlyfrom availablelinks throughoutSwitzerland
(including the Ticino area),and startingtimes selectedusinga uniform randomdistribution
between6:00AM and7:00AM. All tripshave thesamedestinationlink.

In orderfor the travelersto get there,mostof themhave to crossthe Alps. Therearenot
many waysto do this, resultingin traf�c jams,mostnotablyin thecorridorleadingtowardsthe
Gotthardpass.Although this scenariohassomeresemblanceto real-world vacationtraf�c in
Switzerland,its mainpurposeis to testthecongestiondynamicsof themobility simulation,and
its interactionwith thefeedbackframework. Thiswill becomeclearlaterin thetext. Having all
tripsgoingto thesamedestinationallowsoneto checktheplausibilityof thefeedbacksinceall
traf�c jamson all usedroutesto thedestinationshoulddissolve in parallel.

4.3.2 Resultswith BasicFeedback

Figure4.1 illustratestheimprovementin thesystemdueto theiterative feedbackscheme.The
�gure showstwo snapshotsof vehiclepositionsin theGotthardscenario,describedabove. The
left sideof the�gure shows a snapshotduringtheinitial (0th) iterationat 9:00AM, 2–3hours
after all vehicleshave left their startinglocations,for their commondestination.Congestion
is not known to thetravelersin this iteration,soeachtravelerassumesfreespeedtravel times,
andchoosesa routeasif it is theonly driver in thenetwork. They all choosethefreeways,due
to their higherfree speeds,anddo not explore alternative routes. The right sideof the �gure
shows thesamesituation,but 49 iterationslater. Here,thedrivershave taken into accountthe
congestioncausedby othervehicleson theroadways,sothey usemany moreroutes.

4.4 Problemswith This FeedbackSystem

When the above setupwith the Gotthardscenariowas run, insteadof obtainingthe desired
resultof Fig. 4.1(b), the simulationdisplayedsomeimplausibleartifacts. For the following,
I concentrateon a sectionof freeway andassociatedsideroadsin an about50 km � 100 km
sectionnorth of Lugano. For betterexposition,the orientationof the plots will be rotatedby
90 degrees,so that Luganonow is to the right and the Alps are to the left. Fig. 4.2 shows
snapshotsof thesituationat 7:00 PM andat 8:00PM. Theseandall othersnapshotsareafter
49 feedbackiterations. In general,the vehiclesarejammedup becausetherearebottlenecks
insideLuganolimiting therateatwhich vehiclesreachtheir destination.

The implausiblefeatureof theseplots is that therearetraf�c jamson thesideroadswhile
thefreeway is empty. Thismeansthatdriversseemto becontentto sit in a traf�c jamon aside
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Destination

09:00it.00

(a) Iteration0 at 9:00AM. All travelersassumethenetwork is empty.

N

Destination

09:00it.49

(b) Iteration49at9:00AM. Travelerstakemorevariedroutesto try to avoid
oneanother.

Figure4.1: Gotthard:Exampleof relaxationdueto feedback.Redindicatesjams,greenindi-
catesfree-�owing traf�c, andgrayindicatesemptyroads.

roadwhile theparallelfreeway is empty. This is clearlyanundesiredartifactof thesimulation
thatneedsto beremoved. Notethat thereis no en-routereplanning,andsotheplan-following
travelersarestuckwith theirplansfor thewholedurationof their trips.

It was found that the problemwascausedby the fact that the routerwill not react“f ast
enough”if traf�c is moving well at the beginning of a time bin, but not at its end. Carsthat
entera link at thebeginningof thetime bin will leavesoonerthantherouterexpects,but those
placedat theendof thetimebin will leave laterthanexpected.
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(a)At 7:00PM.
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(b) At 8:00PM.

Figure4.2: Gotthard:Freeway andsideroadswith theoriginal travel time feedbackstrategy.
Thesideroadscontainmany vehicleswhile thefreewaycontainsvery few or none.

As anexample,supposea link L hasa freespeedtravel time of 3 minutes,andthe router
is consideringroutingtwo agentsA andB on that link during the time bin from 7:00to 7:15.
Supposefurther that L is closeto free-�owing at 7:00, but is congestedby 7:15. Its average
travel time during this time bin is calculatedto be5 minutes.If agentA startsout on the link
nearthebeginningof thetimebin, sayat7:03,it hasaclearrideandwill beoff thelink in, say,
4 minutes.If agentB startsout on thelink closerto theendof thetime bin, sayat7:10,it gets
into that congestionandhasa longertravel time, say9 minutes.The resultis thatagentA is
oneminuteaheadof therouter'sschedulefor it, while B is 4 minutesbehindschedule.

Overall, therearefour cases:

1. Congestionbuilding up,andvehicleearlyin timebin. Thenthevehiclewill befasterthan
therouterthinks. Sincecongestionis just building up, it will alsobefasterin otherparts
of thesystem,thusamplifying theinitial error.

2. Congestionbuilding up,andvehiclelatein timebin. Thenthevehiclewill beslowerthan
therouterthinks.Thevehiclewill fall behind,andsincecongestionis building up, it will
fall behindfurtherin otherpartsof thesystem,thusamplifying theinitial error.

3. Congestiongoing away, andvehicleearly in time bin. Thenthe vehiclewill be slower
than the router thinks. By falling behindit will encounterlesscongestion,which will
limit how muchit falls behind.

4. Congestiongoingaway, andvehiclelatein time bin. Thenthevehiclewill befasterthan
therouterthinks.By beingfasterit will encountermorecongestion,whichwill limit how
far aheadof scheduleit is.

From this descriptionit is clear that in particularthe �rst two casesarea problemsincethe
dynamicstendsto amplify theerrors.In orderto testthis hypothesis,two modi�cations to the
routerwereattempted.Thesearedescribedin thenext section.
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(b) At 8:00PM.

Figure4.3: Gotthard:Freewayandsideroadswith the“offsettimebins” feedbackstrategy. No
effect; thesideroadsstill containsmany vehicleswhile thefreewaycontainsvery few or none.

4.5 Link Travel Time Feedback

4.5.1 Offsetting the Time Bins

How can this problembe �x ed? The problemseemsto be the router's reactionto a link' s
transitionfrom free-�owing to congestion.Onesolutionis to givetherouteran“early warning”
aboutimpendingcongestionbuild up. This is implementedby simplyoffsettingall thetimebin
dataso that it is aheadof reality by onebin. This causesthe routerto usethe7:15–7:30time
bin informationwhenit entersa link between7:00and7:15.Thatway, it will instructagentsto
avoid congestedlinks before thoselinks actuallygetcongested.It will alsoplacemorevehicles
on links undergoingtransitionsfrom congestedto free-�owing at anearliertime. Basedon the
reasoningabove, however, this situationshouldnot causetoo muchof a problem. Figure4.3
shows theoutcomeof this strategy. Onecanseethat the freeway is still emptyingearlierthan
thesideroads.Thisstrategy, by itself, doesnotseemto helpin this case.

4.5.2 Maximum VersusAverageTravel Time

Anotherissuewith thedatausedby therouteris thatit is anaverageof thetravel timesexperi-
encedby thevehicles.As statedabove, if therouterunder-predictsthetravel time for anagent
on a link duringa time bin, thatagentwill bebehindschedule.Insteadof giving therouteran
earlywarning,onecanalter therouter's view of the links so that it paysmoreattentionto the
travel timesof thosevehicleswhoexperiencedcongestionon thelinks. In otherwords,thelink
selectionis biasedagainstcongestedlinks. Thesimplestway to do this is to take themaximum
travel time experiencedon eachlink duringeachtime bin, ratherthantheaverage.Figure4.4
showstheresultof thisstrategy. Thisstrategy alsodoesnot �x theproblembecausethefreeway
still emptiesearlierthanthesideroads.In this case,however, onenoticesthata few vehicles
usethefreeway afterthesideroadsareclear. But thenumberof vehicleson thefreeway is too
smallcomparedto thesideroad.
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Figure4.4: Gotthard:Freeway andsideroadswith the“maximumtravel time” feedbackstrat-
egy. At 7:00PM thesideroadscontainsomevehicleswhile the freeway is mostlyempty. At
8:00PM thesideroadsarenow emptywhile thefreeway is still mostlyempty.
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Figure4.5: Gotthard:Freeway andsideroadswith thecombined“offsettime bins” and“max-
imum travel time” feedbackstrategy. Thesideroadsare�nally empty, while thefreeway now
containsvehicles.This is whatis expectedfrom thescenario.

4.5.3 Combining Maximum and Offset

Neither offsetting the travel times data,nor biasing it toward the maximumreportedtravel
time seemedto completely�x theproblemof the implausibleresults.Now, asa new strategy,
the two previous strategiesarecombined.The maximumtravel timesareusedinsteadof the
average,plus the resultingtravel timesdataare offset by onebin. This shouldimprove the
“early warning” to theroutergivenby theoffsetmethod,sinceonly theexperienceof themost
delayeddriverswill beconsideredby therouter. Figure4.5 shows theoutputfrom this result.
As onecansee,the side roads�nally emptybeforethe freeway does,asexpectedfrom the
beginning.
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4.5.4 Conclusion

Theabovemodi�cationsshow thatthe“freewayproblem”canbesolvedbymodifyingtherouter
toexaggerateits view of thelinks undergoingtransitionfrom free-�owing to congestedregimes,
sothatit canreactin timeto movetravelersawayfrom thoselinks to avoid thecongestion.This
solutionwastailored for this speci�c problem,however. If thereareother routing problems
that arediscoveredat a later time, the travel time reportingstrategy may have to be adjusted
again.Suchadjustmentscouldcon�ict with thecurrentmethod,bringingbacktheproblemof
emptyfreewayswith congestedsideroads.For example,vehicleswhichareearlywithin a time
bin—the�rst of the four above cases—have not beenlooked at yet. Onewould like a more
robustsolution,whichcanwork evenif �a wsexist in therouteror thefeedbacksystem.Sucha
methodwill bepresentedin thenext chapter.

4.6 Summary

This chapterpresentsthe mostbasicversionof feedbackbetweenthe physicalandstrategic
layers. It usesthe routing moduleandthemobility simulationmoduledescribedearlier, with
simpletext-based�les usedto connectthemodules.Testingresultsshow that therearesome
problemswith thefeedbacksystem,wherethedynamicscanamplify therouter's view of con-
gestion.Theseerrorsin therouter'sview canbereduced,attheprobableexpenseof addingnew
ones.Thesearchfor a robustfeedbacksolutionthatcandealwith imperfectmodulescontinues
in thenext chapter.
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Chapter 5

PlansSelectionand Feedback:MySQL
Implementation

5.1 Moti vation

Thepreviouschaptershowedtheproblemsthatcanoccurwith thebasicfeedbacksystemwhen
an externalstrategy generationmoduledoesnot alwaysproducegoodstrategies. Above, the
routersometimesmakeserrorsin theroutesit generates.Theseerrorscanbeavoidedby mod-
ifying how the routeroperates,but suchsolutionsarelikely to bespeci�c to particularerrors,
anddonot �x theoverallproblemof occasionalbadstrategiesin a robustway. Whatonewants
is ageneralsolutionthatworksevenif �a ws exist in themodulesor thefeedbacksystemitself.
Thischapterpresentsapossiblesolution.

5.2 The Idea

5.2.1 Multiple Plansper Agent

In theTRANSIMS-basedfeedbackmethodof thelastchapter, all agents“forgot” (i.e.replaced)
their previous routeswhennew oneswerecreated,on theassumptionthat thenew oneswere
alwaysbetterthantheold ones.But, if therouterthatgeneratesthemis �a wed,or notobtaining
theproperinformation,this might not alwaysbe true. So,now eachagentis givena memory
of its pastroutes(plans),andthe outcomeof thosedecisions(performanceof plans). Nagel
(1994/95,1996)presentedearlyversionsof this idea.An agentmaychooseits routefrom those
availablein its memorybasedon the memorizedperformanceof thoseroutes.New, untested
routesfrom therouteriterationaregiventoppriority, but if anagenthastriedall of his/herplans
before,thenhe/shechoosesoneby comparingtheir performancevalues.This strategy means
thatmorethanthe original 10%replanningfraction of the agentswill changetheir plansat a
giveniteration.Thesechangeswill be“informed” decisions,though—notrandomexploration.

5.2.2 Score Is Travel Time

Giving the agentsa memory, meansthey mustbe given a way to selectbetweenthe remem-
beredroutes.This shouldbedonebasedon someevaluationof that routethat is basedon the
outcomeof thesimulation,andshouldbedonein awaythatmakesmultipleroutescomparable.
Herethe travel time of the route is usedasa measureof the performance(i.e. score)of that
route. Routeswith highertravel timesareconsideredworseplans,andthosewith lower times
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consideredbetter. Agentscancomparethescoresof rememberedroutes,andchooseonebased
on performanceinformation(i.e. lowesttravel time), without knowing anything elseaboutthe
routes.

For a givenplan,thesystemcan�nd its scoreby measuringthetotal time takento traverse
the route. This is accomplishedby modifying the read-eventsevent-parsingscript so that it
createsa second�le that lists the arrival times of eachvehicle at its destination. Coupled
with the (known) startingtimesof the travelers' routes(in the “start time” �eld of the Plans
table—seeFig. 5.1), this informationenablesthe systemto calculatethe total travel time of
eachtraveler'splan.

Theideahereis thatonedoesnotneedto �x therouterto beperfect,aslongasit generates
reasonableroutesmostof the time. Onecanusethe original routerandtravel time reporting
strategies(averagedtravel timesandnon-offset time bins), andstill get behavior that makes
sense.

5.2.3 MySQL Data Storage

Now theagentdatabaseis introducedinto the iterationframework to give theagentsmemory
of their plans.This versionis anactualrelationaldatabaseimplementedin MySQL, anopen-
sourcedatabasemanagementsystem.

Agent's routesarestoredin thedatabaseastext strings,alongwith the identifying number
of their correspondingagent,andthegivenstartingtime of theplan. Thedatabasealsostores,
for eachplan, themostrecentlymeasuredtravel time (score)madeby theagentfor thatplan;
anda �ag that,whentrue,markstheplanasbeingtheoneusedby its agentin themostrecent
micro-simulation.That is, the �ag markstheplan that shouldbeupdatedwith thenew score.
For new, untriedplansgeneratedby therouter, thetravel time is consideredto bezero(thebest
possibletravel time), so that theagentis forcedto alwayschoosethatplannext. SeeFig. 5.1
for anexampleof how thedatabasestoresinformation.

5.2.4 Probabilistic Plan SelectionBasedon Score

The only detail left out of the above explanationis how the performance(total travel time)
informationis usedby theagentsto choosetheirplanfor thenext iteration.Eachagentusesthe
following probabilisticmodelto selectfrom its plans:Therelative probability, P, of choosing
agivenplani (outof p plans)for anagenta is:

P(tt a;i ) := exp(� � � tt a;i ) (5.1)

where� is anempiricalconstant,andtt a;i is thetotal travel time known by agenta for its plan
i . This is equalto a standardmultinomial logit modelfrom discretechoicetheory(Ben-Akiva
andLerman,1985)andresemblesa Boltzmanndistribution in physics.

Eq. (5.1) is only a relative probability; in orderto have the probabilitiesfor all p plansof
agenta sumto 1, theprobabilitiesmustbenormalized.Let ~P bethenormalizedprobability:

~P(tt a;i ) := P(tt a;i )=
pX

i =1

P(tt a;i ) :

Next, thecumulativeprobabilitysumsarecalculated:

SCa;i :=
iX

j =1

~P(ta;j ) :
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agent plan num is new start time plan
1 1 0 25200 < text string1>
1 2 1 25200 < text string2>
2 1 0 25380 < text string3>
...

...
...

...
...

(a)Planstable.

agent plan num travel time
1 1 462
1 2 0
2 1 1047
...

...
...

(b) Travel timestable.

agent plan num �ag
1 1 1
1 2 0
2 1 1
...

...
...

(c) Flagstable.

Figure5.1: Exampleof tablesusedin theMySQL agentdatabase.The“agent”and“plan num”
�elds arecombinedinto theprimarykey for all threetables.ThePlanstablerecordsall theplans
in theagents'memory. The“plan” �eld containsa text stringconsistingof link identi�ers and
otherinformationthat therouteroutputs.The“start time” �eld indicatesthe time (in seconds
sincemidnight)theagentbeginsits trip; this is usedlaterto calculatethetrip's travel time. The
“is new” �eld is usedinternallyto updatetheothertwo tableswhennew plansareloadedinto
thedatabase.TheTravel Timestablestoresthemostrecenttravel time (performancescore)for
eachplan.TheFlagstablerecordswhich plans(“�ag” = 1) havebeenselectedfor executionin
themobility simulation,andthereforewhichplansto updatewith new performanceinformation
afterexecution.

Agenta now draws a randomnumber, r 2 [0; 1). It thenchoosesplan i suchthatSCa;i is as
largeaspossible,but is lessthanr :

SCa;i < r � SCa;i +1 :

The endresultof thesecalculationsis that agentsaremost likely to choosethe plan with
the highestperformance,second-mostlikely to choosethe plan with the secondhighestper-
formance,etc. Sincea plan's performanceis overwrittenby new triesof thatplan, if theplan
improvesits performance,it is morelikely to be chosenin the future. If its performancede-
gradesuponreuse,it will betried lessoftenin thefuture.

The valueof � determineshow likely it is that a “non-best”plan will be chosen.Higher
valuesof � leadtowardthebestplanbeingchosenmoreoften,while smallervaluesprovide a
morerandomizedchoice.

For theGotthardscenario,thevalueof � is chosensothatabout90%of theagents,in the
initial iterationsat least,would choosetheir bestpossibleplan. In otherwords,only 10%(of
the90%whowerenot replannedin thecurrentiteration)areallowedto retry “non-best”plans.
Speci�cally, � is setto 1

360 (basedon averagetravel timesaround30,000sec. in theGotthard
scenario).Thisallowstherelaxationto progressrapidly in theearlyiterations,andgivesagents
theability to occasionallygive “non-best”plansthechanceto improve.
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5.3 Iteration Sequence

Otherthantheadditionof thedatabase,therestof theframework remainsthesameasin Chap-
ter 4. The physicallayer is the parallelizedqueue-basedmobility simulation;the sameroute
generationmoduleis usedas the only modulein the strategic layer; �les are transferredin
TRANSIMSformats;only day-to-dayreplanningis performed;andaPerlscriptis usedto con-
trol the iterationsequence,with AWK helperscripts.In addition,SQL scriptsarenow usedto
import/exportdatainto/outof theMySQL database.

Thenew iterationsequenceis asfollows:

1. The systemstartswith initial conditions,including the network, activities, and initial
routesbasedonfreespeedtravel times.Theinitial routesarestoredin theagentdatabase
usingtheload-plansSQL script. Theusage�ag is setto truefor eachinitial plansothat
its agentmaylaterassociatetheperformanceof thatrouteto it.

2. The databasewrites the set of �agged plans(one per agent)and the parallel mobility
simulationis runwith thatsetof routes.It writesevents�les thataremergedtogether.

3. In preparationfor the executionof the router, the AWK helperscriptsread-eventsand
parse-link-timesareexecutedto translatethe eventsinto travel times. (PleaseseeAp-
pendixA.1 for a moredetaileddescriptionof thesescripts.)This is themodi�ed version
of read-eventsmentionedin Sec.5.2.2.It writesthe“end times” �le, which indicatesthe
arrival time of eachagentat its destinationlink. At this point, thenew “end times” �le
is readinto thedatabase(usingupdate-tt), which subtractsthestarttime of eachagent's
�agged planfrom thatagent's arrival time, andreplacesthescoreof theagent's �agged
planwith theresult.Notethatthis only occursoneplanperagent—theone“�agged” as
having beenusedin thelastiteration.

4. Therouteris executed;it readsthenetwork �les, the initial activities �le, andthe travel
times�le, andcreatesnew routesfor a randomlyselected10% of the population. The
new routesarethenaddedto theagentdatabasewith theload-plansscript.

5. Now agentschoosetheir plansfor thenext iteration.Thosewho receivednew routesau-
tomaticallychoosethose.Therestchooseapreviouslytriedroutefrom theagentdatabase
by comparingperformancevaluesfor thedifferentroutes.This is donewith theoutput-
travel-timesscriptinstructingthedatabaseto performa join operationon thetravel times
tableandthe�ags tableandoutputtheresultingtable. This tablecontainstheagentID,
theplanID, thetravel timeandthe�ag for eachplanin thedatabase.This �le is readby a
script (pick-plans.exp-Bt) which usesthetravel timesinformationof eachagentto make
thechoiceof routethatagentwill usein thenext iteration.Thechoiceis madeaccording
to the logit modeldescribedin Sec.5.2.4. The script writes a new �le with updatesto
the�ags table,which indicateswhichplanswerechosen.Theread-�agshasthedatabase
readthis �le to updatetheactual�ags. Thesystemis now readyfor thenext iteration.

6. Returnto step2, until thesystemis relaxed. This takesabout50 iterations,aswith the
previousfeedbacksystem.

The result is similar to a StochasticUserEquilibrium (SUE),but it is not the same.The
maindifferenceis thatin aSUE,theagentsusea logit modelwith anexternallyspeci�ednoise
parameterto selectbetweenoptionsof differentperformance,while hereadditionalnoisecomes
from thesimulation,i.e. from the�uctuationsbetweeniterations.
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Figure 5.2: Gotthard: Freeway and side roadswith the agentdatabasemanagingfeedback.
As with the combined“offset time bins” and“maximum travel time” strategy, the sideroads
areemptying,while the freeway containsvehicles.This shows the agentdatabaseis a robust
solutionto thefreewayproblem.

5.4 Gotthard ScenarioResultswith the Agent Database

Figure5.2shows theresultsof usingtheoriginal routerandmobility simulationtogetherwith
the agentdatabase.As one can see,the freeway problemis avoided when the agentshave
memoryof their plans.If therouterstartsputtingtoo many agentson thesideroads,somewill
eventuallytry out an old plan that usedthe freeway and�nd that it hasa goodperformance,
sowill likely usethatplanagain.As long asthey rememberoneor moreplansthatutilize the
freeway, the agentscandecidefor themselvesto useit, bypassingthe sideroadchoiceof the
router.

This statementcanbe generalized:The agentdatabaseis ableto compensatefor a router
thatgeneratessome“bad” routes.Assumethattherouterproducesafractionf bad of badroutes.
In thebasicimplementationof Sec.4.2,thefractionof badroutesin thesystemwill bethesame
number, f bad. With theagentdatabase,suchbadroutesareonly usedwhena travelerobtains
themfor the�rst time. Therefore,thefractionof badrouteswill bef bad f r eplan , wheref r eplan is
thereplanningfraction,usually10%.Clearly, in this casebadroutesaresuppressedby a factor
of ten. Thus, the agentdatabasegivesan added�e xibility androbustnessto the system,so
thatevenwith a �a wedrouteror feedbackmechanism,theresultscomeout satisfactorily. The
chosenvalueof � seemedto work well, but futurework will likely needto exploretheoutcome
of othervaluesfor this constant.

5.5 Discussion

In this chapter, the “freeway problem” discoveredin the previous chapterhasbeensolvedby
addingtheagentdatabaseto the framework, which givestheagentsa memoryof their plans,
andallows themto scorethoseplansbasedon their performancein themobility simulation.

The “freeway problem” in the previouschapteris at leastpartially dueto the fact that the
routeraggregatesperformanceof all theagentsinto its view of thenetwork. Individualagents'
plansmay encounterdifferentresultsthanwhat the router“thinks” will happento them. By
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allowing theagentsto havetheirown view of theperformanceof theirown plans,andamemory
of thoseplansto recall pastattempts,they canwork aroundthedifferencesin theview of the
systembetweenthemselvesandtheexternalmodules.

Chapter7presentssomereal-world results,aswell assomeperformanceinformationfor this
feedbacksystem.Onecanseetherethat thesystemtakesmoretime to performeachiteration
thanthe last, dueto the increasingnumberof plansstoredin the databaseat eachstep. Data
for every planmustbeprocessedby thescriptsin the planselectionstep(output-travel-times
andpick-plans.exp-Bt), eventhoughonly oneplanperagentis of interest.This problemlimits
thescalabilityof thissolutionto highernumberof agents.However, if theagents'memorywas
limited to amaximumnumberof plans,theexecutiontimeswouldhaveanupperboundandnot
continueincreasinguntil in�nity . Evenso,thereis still a largeoverheadassociatedwith writing
out databasetablesinto �les for scriptsto read.This couldbereducedby having a moredirect
interfaceto thedatabase,for exampleaconnectionto aC++or Javaprogramthatdoesthework
theindividualscriptsdonow.

However, thefeedbacksystemdepictedhereis not really suitedto anagent-basedproblem,
becauseit divides the agentup amongdifferentplacesin the system. For example,activity
replanningstill needsto beaddedto thesystem,but with TRANSIMS �les, theactivity infor-
mation is storedseparatelyfrom route information. This meansthe databasewould have to
have separatetablesfor theactivities andtheroutes,andtherewould bedif�culties in assign-
ing scoresto separateroutesandactivities thataresupposedto bepartof thesameplan. One
would like to have all thedatadescribingcompleteplansfor eachagentin oneplace,for eas-
ier debugging,andbettersupportof activity chaining,andto achieve thestateof being“truly
agent-based,” wherethe agentis in charge of itself andmaintainsits own perceptions,plans,
etc.

Unfortunately, with a relationaldatabase,storingall the datafor a givenagenttogetheris
dif�cult todoef�ciently dueto thevariable-lengthnatureof plans.In thecaseof thisframework,
thereis a large numberof agents,eachof which hasa variablenumberof plans,andeachof
thosehasa variablenumberof activities and trips, eachof which hasa routedescriptionof
variablelength. Sinceplansfor a particularagentareadded/removedoneby one,this means
thattheplansof anagentarespreadout in memorywithin thedatabase,againresultingin slow
performance.

The next chapterproposessolutionsto improve the “agent-orientation”of the framework,
andgetpasttheawkwardrelationaldatabase.
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Chapter 6

PlansSelectionand Feedback:C++/XML
Implementation

Thepreviouschapterintroducedtheagentdatabaseinto the feedbacksystemto give agentsa
memoryof their pastplans. The agentdatabasealsoallows agentsto recordscoresfor plans
basedon their performancein thephysicallayer, selectamongmemorizedplansbasedon their
scores,andobtainnew plansfrom theexternalstrategy modules.

6.1 Moti vation

Up to now only the routermodulehasbeenusedin the feedbacksequence,andagents'plans
containedonly asingleroute.Now, however, activity replanningmodulesneedto beintroduced
into thestrategy layer. Thismeansreplanningcanalterboththeactivitiesandtheroutes.Using
activity replanningdoesnot make muchsensewhenall theagentsmake only onetrip perday,
sincetherearenotmany decisionsto make,otherthandeparturetime,anddeparturetimechoice
is not new. So,thesystemnow needsto beableto handlemorethanonetrip peragent.Some
peopleconductmorethantwo activities perday, andevenpeoplewith just two activities (e.g.
“home” and“work”) tendto returnhomeafter work is over. This changecreatesmany new
requirementsfor theframework:

1. Thephysicallayermustsupportactivity chainingfor feedbackto makesensewith activity
planning. Otherwise,the activity replanningmoduleswill not noticewhenagentshave
problemsperformingactivitiesdueto delaysfrom thetransportationsystem.

Achieving this requirementis outsidethe scopeof this dissertation,but (Cetin, 2005)
describeshow themobility simulationsupportschaining.

2. Similarly, thefeedbacksystemneedsto supportactivity replanningby includingtheper-
formanceof activities into thescoreof theplan.

3. Onemustbeableto add(possiblyexperimental)activity replanningmodulesto thesys-
temwithout toomuchdif�culty .

4. Theagentdatabasemustnow keeptrackof agents'activities,includingmultipleactivities
androutesperagent.

Requirement2 abovemeansagentscanno longersimplyusetravel timesof singleroutesas
planscores.Scoringa planbasedonly on its trips ignoresthepurposeof thetrips, which is to
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performactivitiesatvariouslocationsthroughoutthetransportationsystem.Sec.6.2.3presents
anew way to scoreactivity-basedplans.

Requirement3 is madesomewhat dif�cult by the fact that the TRANSIMS �le formats
usedup to thispointspreadout theinformationaboutanagentoverseveral�les: demographic,
activities androuteinformationareall storedseparately. This meansthatmoduleswhich use
morethanonetypeof informationmustlook in differentplacesto �nd it, andmustsupporteach
�le format. In addition,theTRANSIMS�le formatsareratherin�e xible. Shouldamodulewish
to storeinformationaboutan agentthat is not storedin oneof the TRANSIMS �le formats,
eithera new typeof �le would have to becreatedto storethe information,or theformatof an
existing �le would have to be“broken” to addthe informationto it. Theformeroptionwould
spreadout agentinformationeven further; the latter would meanthateven existing programs
that do not requirethe new informationwould not be able to readthe �les unlessthey were
updatedto handlethenew informationaswell. Sec.6.2.1presentsa differentsolutionto this
problem.

Requirement4 is themostdif�cult changeto make. TheMySQL databasewill haveto store
a variablenumberof activity androutestrings.This will make thedatabaselayoutmuchmore
complicatedthanwaspresentedin Chap.5, andthusmoreawkward to use. In addition, the
databasewouldbecomeslowersincemoredatawouldhaveto bewrittento �les in orderfor the
scripts(e.g.planselection)to accessit. Section6.2.2presentsa solutionto thisproblem.

6.2 The Idea

Thissectiondescribesthesolutionsto theaboveproblemswith thepreviousagentdatabaseand
framework design.

6.2.1 XML PlansFormat

So far, informationhasbeenexchangedbetweendifferentpartsof the framework using �les
basedon TRANSIMS formats. Thesewerechosenprimarily for compatibility with TRAN-
SIMS modules,which wereoriginally going to be includedin the framework. However, as
mentionedabove, these�les causeagentinformationto bespreadaroundthesystem,andthe
formatsthemselvesaresomewhatin�e xible. SincetheTRANSIMSmodulesdid notendupbe-
ing used(seeAppendixA.5), thereis no reasonto continueto usetheTRANSIMS �le formats
if they no longermeettherequirementsof theframework.

So,now anew �le formatis created,whichkeepsall theinformationfor anagenttogetherin
oneplace,includinginformationabouttheagentitself, suchasdemographicinfo (age,income,
etc.), and the activities and routesinformation that describethe agent's plans. This format
shouldbe �e xible, soaddingnew informationfor onemoduledoesnot interferewith parsing
doneby othermodules.

XML (eXtensibleMarkupLanguage)is a technologythathasseenincreasingpopularityin
recentyearsfor many tasks,includingdataexchange.It is a “metalanguage”which is usedto
describeotherlanguages1. XML is usedto describethe“language”of agents,plans,activities,
androutes—allthe informationthatneedsto beavailableto themodulesin thestrategic layer
of theframework. Figure6.1showsanexampleof anagentandaplanin thisnew dataformat.

As onecanseefrom the �gure, the format is ratherintuitive,unlike the long lists of num-
bersthat make up TRANSIMS �les. The format combinesall demographicdataaboutthe

1http://www.ucc.ie/xml/
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<person id="393241" income="50000">
  <plan>
    <act type="h" end_time="07:00" x100="697150" y100="232790" link="5834" />
    <leg mode="car" dept_time="07:00" trav_time="00:25">
      <route>1932 1933 1934 1947</route>
    </leg>
    <act type="w" dur="09:00" x100="700650" y100="233980" link="5844" />
    <leg mode="car" dept_time="16:25" trav_time="00:14">
      <route>1934 1933</route>
    </leg>
    <act type="h" x100="697150" y100="232790" link="5834" />
  </plan>
</person>

Figure 6.1: A typical plan in XML. This agent,id 393241,leaves home(on link 5834) at
7:00AM, anddrivesto work via a four-noderoute(� ve links) which it expectsto take 25 min-
utesto traverse.The agentstaysat work for 9 hours,thendriveshomeagainvia a two-node
route.(The“100” on thex andy coordinatelabelsreferto the100x100meterblocksof census
information. Coordinatesarenotknown moreaccuratelythanthatresolution.)

personwith the plan informationlisted in Sec.3.1.1into oneplace,alsounlike TRANSIMS.
With this format,moduleshave accessto theentireagentwhengeneratingplans,meaningthe
framework cansendplansto themobility simulationin this formataswell. However, themain
advantageof XML is its extensibility (the “X” in its name). One can add additional infor-
mation to the format without breakingexisting parsers.For example,one could adda new
attribute to an object,suchasaddingchildren="2" insideof <person ...> ; add leg
modessuchasmode="walk" ; or evenwrapthe<person>...</person> segmentwith
<household>...</household> to grouppeopletogether. In particular, onecanaddin-
formationto only a subsetof agents,for examplea format to describea conditionalstrategy
(AppendixA.2). Suchextensionswouldbeverydif�cult to do with TRANSIMS�les.

It is importantto notethattheprincipalunitsof descriptionarethe“person”(i.e.agent)and
the “plan.” Any externalmoduleusingthe sameprincipal units will be ableto communicate
with the restof thesystem.This meansaddingnew modulesto thesystembecomesa simple
task,sinceall moduleswill readandwrite theexactsame�le format.

Notethatthisformatsupportsany numberof activities(<act ...> ), with theirassociated
legs(<leg ...> ), in aplan,aslongasthereis exactlyoneleg betweeneachconsecutivepair
of activitieswithin aplan.

Eventsin XML

At this point, it is not clearif events,transferredbetweenthemobility simulationandthecom-
ponentsof thestrategy layer, shouldremainin theTRANSIMS-basedformator be converted
into an XML format. Therearesomeperformanceadvantagesto the former, but in the long
runthiswill probablybeoutweighedby the�e xibility advantagesof thelatter. An XML events
formatroughlylooksasfollows:

<event time =".." type= "leave_activity " agent_id =".." location =".." />

Notethatsucha line is generatedseparatelyfor eachevent.
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6.2.2 In-Memory Databasewith C++

6.2.2.1 Problemswith MySQL

Moving to activities replanningmeanstheagentdatabasemustkeeptrackof agents'activities,
includingvariablenumbersof activitiesandroutesperagent.Thesechangesarelikely to make
theMySQL databasemoreawkwardandslow to use.

However, the XML dataformat describedabove would seemto take careof someof the
complexity problemsby removing the needfor the agentdatabaseto storeactivity androute
informationseparately, which is requiredwhenwriting to TRANSIMS-format�les.

In addition, the speedof the agentdatabasecould be increasedby having a moredirect
interfaceto theMySQL database,ratherthanwriting datato �les at every step. For example,
onecouldalterthePerlcontrolscriptto extractinformationdirectlyvia aMySQL programming
interface,but this new scriptwould alsohave to performthework of theotherhelperscripts.
Onecoulduseother, more“high level” languagesfor this,aswell, suchasC++ or Java.

Suchasystemwouldstill divide theagent:thebehavior (i.e. planselection,scoring)would
be separatefrom the data,which would be storedin the relationaldatabase.A truly agent-
basedsystemshouldgranteveryagentcontrolover itself andits data(i.e. its perceptionsof the
environmentandits decisionsonhow to actuponthatenvironment).

6.2.2.2 A Mor eAgent-Oriented Approach

Object-orienteddatabasetechnologyis onepossiblesolutionto this problem,asit storesdata
andtheproceduresthatacton thatdata(i.e. behavior) groupedtogetheras“objects,” andpro-
videswaysfor programstoaccessthoseobjectsandcall upontheirbehavior. However, available
object-orienteddatabasemanagementsystemsarenotknown for beingsimultaneouslyfastand
large-scale.In addition,for the purposesof this work, many propertiesof databases,suchas
guaranteeingaconsistentstateof thedatastoreafteracrash,arenot required.

So, now the agentdatabaseis mademoreagent/object-oriented,but no longerstoresthe
datain any externaldatabasemanager. Instead,it storeseverything(the agentobjectsalong
with their plan objects,etc.) “online” within the computer's RAM (randomaccessmemory),
not botheringto storedataon disk unlessnecessary. This way, accessto the objectsshould
befasterthanextractingthemfrom anexternaldatabase(relationalor object-oriented).Since
theagentdatabasehastheonly accessto thedatain its own memory, theoperationsformerly
performedby helperscriptsmustbemergedinto theagentdatabase.

This idearequiresa completelynew implementationof theagentdatabase.C++ wascho-
senfor the implementation,as it supportsobject-orientedprogramming,alongwith the STL
(StandardTemplateLibrary) for maintainingthe datastructures.This allows the programto
implementa “Person”class,whichcontainsoneor moreinstancesof a “Plan” class.EachPlan
containsa sequenceof “Activity” andand“Leg” classinstances(objects),andeachLeg con-
tainsa “Route” object.In short,theinternalrepresentationof thedatais structuredin thesame
way astheXML plansformat(Sec.6.2.1).SincetheSTL is used,it is straightforwardto, say,
addor remove a Planto or from a Person.Also, sincethe wholeagentdatabaseis written in
C++, it is straightforward(andfast)to docomputationssuchasplansselectionbasedona logit
model.

Sincethe agentdatabasekeepsall datain volatile computermemory, the programmust
continuerunningduringall cyclesof the iterationsequence(describedin Sec.6.3) in orderto
maintainthedata.Becauseof this, it makessenseto let theC++ agentdatabasetake over the
control of the iterationsequence.This meansthe agentdatabasenow executesthe mobility
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simulationandtheexternalmodulesby itself.
The ideal complementto this new agentdatabaseimplementationwould be to have the

externalmodules,andeventhemobility simulation,exchangeplansandeventswith theagent
databasedirectly, i.e. via thenetworkingcapabilitiesof thecomputer(s).This ideawouldavoid
theslow bandwidthconnectionto disk storageall together(exceptfor �nal results,checkpoint
data,etc.). SeeSec.10.2.4for further discussionof this idea. At present,modulesarestill
coupledwith �les.

6.2.2.3 NewFeatures

Thenew implementationof theagentdatabasehasseveralnew featuresabsentin theMySQL
version.Someof thesefeaturesaredescribedin thefollowing.

6.2.2.3.1 Plan Pruning ComputerRAM is morelimited thandiskspace,soagentsaregiven
the ability to remove plansfrom memory, and the (system's) userhasthe option to de�ne a
maximumnumberof plansagentsareallowedto store.Limiting thenumberof plansperagent
hastheaddedadvantageof makingcertainoperationsonthedatabasehaveconstanttimerather
thanlineartime. SeeChap.7 for moreinformationaboutthesesteps.

6.2.2.3.2 RandomizedPlan Selection Duringplanselection,agentsnow have theopportu-
nity to occasionallychoosetheir planat random,without regardto planscores.This is doneto
forceagentsto re-evaluateexistingplansfrom time to time,evenplanswith badscores.

6.2.2.3.3 ScoreAveraging Whenanagentreusesanexistingplan,theplan'spreviousscore
is no longerforgotten,but is now averagedwith its new score. This allows the agentto base
planselectionon the plan's history andnot only on the last iteration. The agentaveragesthe
scoresaccordingto:

Sp := (1 � � ) � Sp + � � S0
p ; (6.1)

whereSp is the storedscorefor plan p, S0
p is the newly calculatedscore,and� (2 [0; 1]) is a

blendingfactor. With � = 0 thenew scoreis ignoredandtheagentdoesnot learn.With � = 1
theplan'shistoryis neglected;this is thesameasthebehavior asin thepreviousagentdatabase
implementation.

Notethata planfrom theinitial plansethasno history, soits Sp is unde�ned. In this case,
theagentsimplyassignsthenew scoreto theplan:

Sp = S0
p: (6.2)

This scoreaveragingtechniqueis a simple mechanismto permit agentsto learn about
their plans' performanceover time. Timmermanset al. (2003)discussesmoresophisticated
approachesto agentlearning.

6.2.3 Scoring is Basedon Utility Function

In orderfor agentsto comparetheir plans,they mustassigna quantitative scoreto the actual
performanceof eachplan. In the previouschapter, agentsusedthe travel time of their trip as
theperformancemeasureof that trip. This workedwell for plansthatcontainedonly onetrip,
but with the additionof multiple activities andtrips, somethingmoreis neededto re�ect the
performanceof theentireplan,andnot just thetravel componentof it.
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In principle,nearlyany arbitraryscoringschemecanbe used,suchasprospecttheoryby
Avineri andPrashker (2003). The approachusedhereis a utility functionbasedon theVick-
rey bottleneckmodel(Arnott et al., 1993),but modi�ed to be consistentwith completedaily
plans(CharyparandNagel,in press).

Theutility functionusedis describedin detailin CharyparandNagel(in press).For thecon-
venienceof thereader, it is summarizedhere,thoughit is suf�cient to recognizethatperforming
activitiesis rewarded,andtravel, earlyarrival, andlatearrival arepunished.Theutility function
essentiallytranslatesthelayoutof theplaninto anumericalvalue,whichcanbethoughtof asa
scoreor anactualvaluein monetaryterms.As such,utilities aremeasuredin euros(EURor ¤ )
in orderto work in “real-world” units. In theformulasbelow, timesanddurationsaremeasured
in hours.

An agentcalculatesthe utility of a plan basedon the eventsproducedfrom the execution
of thatplan in themobility simulation.Thereareseveral typesof events;the typesthatareof
interestwhenscoringplansare“leg departure”and“leg arrival,” which indicatewhenanagent
startsandendstravel, respectively, andwhenan agentleavesfrom andarrivesat an activity
location,respectively. If an activity locationis “alwaysopen,” i.e. an agentmay performthe
activity thereatany timeof day(suchasthe“home” activity), thentheagentbeginsperforming
theactivity immediatelyuponarriving there,andstopsperformingit at theinstantof departure.

However, if an activity hasopeningandclosingtimes,suchasa shopor certainwork lo-
cations,thentheagentcanonly performtheactivity while the locationis open. For example,
an agentcannotperformthe “shopping”activity the shopis closed. If an agentarrivesat the
locationbeforeit opens,theagentsimplywaitsfor it to open,andstartsperformingtheactivity
then. In this case,the agent's “activity start” time is differentfrom its “leg arrival” time; the
differenceis thedurationof timespentwaiting. Similarly, anagentthatdepartsfrom anactivity
locationafterit closesmustwait therefrom thetimeit closesuntil theagentleaves.In thiscase,
the agent's “activity endtime” is differentfrom its “leg departure”time; the differenceis the
durationof timespentwaiting.

In principal, the activity generationmodulesshouldnot allow agentsto wastemuchtime
waitingatactivity locationswhenthey couldbeperformingsomeotheractivity, but thescoring
mechanismmusttake thepossibilityinto accountnonetheless.

Theutility of anagent'splanis thesumof theutilities for eachactivity andeachleg in that
plan:

Uplan =
nX

a=1

Uact;a (tstar t;a ; tend;a; dwait;a ) +
nX

l=1

Uleg;l (t tr avel;l ) ; (6.3)

where

� Uplan is theutility of agivenplan;

� n is the numberof activities in the plan,which is equalto the numberof legs (i.e. uni-
modaltripsbetweenactivities);

� Uact;a is theutility of activity a;

� tstar t;a is thetime theagentbeginsperformingactivity a;

� tend;a is thetime theagentstopsperformingactivity a;

� dwait;a is the durationof time the agentspendswaiting at the locationof activity a (as
opposedto performingit—seebelow);
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� Uleg;l is theutility of leg l; and

� t tr avel;l is thetravel timeof leg l.

Theutility of anactivity is composedof severalcomponents:

Uact;a (tstar t;a ; tend;a; dwait;a ) = Uperf ;a(tend;a � tstar t;a )

+ Uwait;a (dwait;a )

+ Ulate;a(tstar t;a )

+ Uear ly;a(tend;a)

+ Ushor t;a (tend;a � tstar t;a ) ; (6.4)

where

� Uperf ;a is theutility earnedfor performingactivity a;

� Uwait;a is the (dis)utility earnedfor waiting at the locationof activity a insteadof per-
forming theactivity;

� Ulate;a is the(dis)utility earnedfor arriving lateatactivity a;

� Uear ly;a is the(dis)utility earnedfor departingearlyfrom activity a; and

� Ushor t;a is the(dis)utility earnedfor performingactivity a for tooshorta time.

Theutility earnedfor performinganactivity is a logarithmicfunctionof thedurationof time
spentperformingtheactivity (e.g.,Axhausen,1990b):

Uperf ;a(dperf ;a) = � perf � d�
a � ln

�
dperf ;a

d0;a

�
; (6.5)

where

� dperf ;a � 0 is thedurationof time theagentspendsactuallyperformingactivity a;

� d�
a � 0 is the“typical” durationof activity a;

� � perf � 0 is themarginal utility of performingactivity a for adurationequalto d�
a; and

� d0;a � 0 is the value of dperf ;a whereUperf ;a crossesthe ¤ 0 axis. Longer durations
producepositiveutilities while shorterdurationsproducenegativeutilities.

With a daily activity plan,agentsmayallocatetheir time throughoutthedayto performing
whichever activities they wish. With the above logarithmicform for Uperf ;a, the agentseems
to earnmoreutility the longerit performsactivity a, with no limit, althoughthemarginal util-
ity (slopeof Uperf ;a) decreaseswith longerdperf ;a. However, a typical activity plan contains
multiple activities, andis limited in time to the repetitionperiodof the simulationsystem,as
mentionedin Sec.3.1. Theseconstraintsin fact do limit the time an agentmay spendat an
activity (for example,no longerthan24 hours,minusthetime it takesto travel to theotherac-
tivities in theplan).As such,theoptimalutility for a plan(assumingno othertimeconstraints,
suchasopeningandclosing times for shops)is found whenthe Uperf ;a for all the activities
(a = 1; : : : ; n) have thesamemarginal utility; i.e. whenthey arein equilibrium. To illustrate,
supposethereexists a plan containingtwo activities, A andB, whereactivity A hasa higher
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marginal utility thandoesactivity B , andwhereall the available time for the plan hasbeen
distributedamongthesetwo activities, leaving no freetime. This planis not in equilibriumbe-
causeby thede�nition of marginalutility, theagentcanincreaseits totalperformanceutility by
allocatingmoretime to activity A, deallocatingthesametime from B to staywithin theplan's
constraints.Only whenthemarginalutilities areequalwill thisnotbepossible.

Thevalueof � perf is thesamefor all activities; thisprovidesthepropertythatin equilibrium
theperformancedurationsfor thevariousactivitieshave thesameratiosasthed�

a:

dperf ;i

dperf ;j
=

d�
i

d�
j

8 i; j 2 [1; n] : (6.6)

Thescalingparameterd0;a is relatedbothto theminimumdurationandto theimportanceof
anactivity. If theactualdurationfallsbelow d0;a, thentheutility contributionof performingthe
activity becomesnegative, implying thattheagentshouldcompletelydropthatactivity. A d0;a

only slightly lessthand�
a meansthat theutility of activity a rapidly decreaseswith decreasing

dperf ;a, implying thattheagentshouldrathercutshortotheractivitieswheretheutility doesnot
decreaseasquickly whenreducingtheir duration.Theformulafor d0;a is:

d0;a = d�
a � e� � =(d�

a �pa ) ; (6.7)

where� is a scalingconstantsetto 10 hours,andpa is a priority indicator, heresetuniformly
to one. Note that with this speci�c form, Uperf ;a(d�

a) = � perf � � , independentof the activ-
ity type. This “consequence”is actuallythemotivation for thespeci�c mathematicalform of
theactivity performanceutility contribution, which wasusedbecauseno betterargumentwas
available(CharyparandNagel,in press);futureresearchshouldleadto betterversions.

* * * * *

An agentthat waits at an activity location(either for it to open,or to leave it after it has
closed),earnsa (dis)utility de�ned by:

Uwait;a (dwait;a ) = � wait � dwait;a ; (6.8)

where� wait � 0 is themarginal utility of waiting, anddwait;a � 0 is thecombinednumberof
hourstheagentwaitsat thelocationof activity a.

An agentalsohastheoptionof waiting at theactivity locationinsteadof performingit, if
theperformanceutility becomesvery low. To preventnegativevaluesfor Uperf ;a, thefollowing
correctionis madeto theperformanceutility:

Uperf ;a := max(Uperf ;a; � wait � dperf ;a) ; (6.9)

which meansthe agentwaits at theactivity locationfor the entiretime it is there,ratherthan
performingtheactivity.

* * * * *

Someactivities(suchaswork or amovie) havealimit onhow lateonecanbegin performing
them,and penalizeagentswho begin after that limit. For example,somejobs requiretheir
employeesto begin work by 8:00 AM. Any agentwho startsperformingactivity a after the
lateststarttime for thatactivity, t latest;a (if it is de�ned),earnsa (dis)utility de�ned by:

Ulate;a(tstar t;a ) = � late � (tstar t;a � t latest;a ) ; (6.10)
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where� late � 0 is the marginal utility of arriving late andtstar t;a is the time the agentstarts
performingactivity a.

* * * * *

Similarly, anactivity a canhave anearliestdeparturetime tear l iest;a de�ned, which causes
theagentto suffer a penaltyfor departingtheactivity locationbeforethattime. An agentwho
stopsperformingactivity a beforetear l iest;a earnsa (dis)utility de�ned by:

Uear ly;a(tend;a) = � ear ly � (tear l iest;a � tend;a) ; (6.11)

where� ear ly � 0 is the marginal utility of leaving early andtend;a is the time theagentstops
performingactivity a.

* * * * *

In addition,anactivity a canhave a minimum durationdmin;a � 0 de�ned, which causes
theagentto suffer a penaltyfor not spendingenoughtime performingtheactivity; this is inde-
pendentof theutility of performingtheactivity Uperf . An agentwhosedurationfor performing
activity a is lessthandmin;a earnsa (dis)utility de�ned by:

Ushor t;a (dperf ;a) = � shor t � (dmin;a � dperf ;a) ; (6.12)

where� shor t � 0 is themarginalutility of shortperformancedurationanddperf ;a � 0, asabove,
is theamountof time theagentspendsperformingactivity a.

* * * * *

The�nal componentof theutility is the(dis)utility of traveling,de�ned as:

Uleg;l (t tr avel;l ) = � tr avel � t tr avel;l ; (6.13)

where� tr avel � 0 is the marginal utility of traveling, andt tr avel;l is the numberof hoursthe
agentspendstravelingduringleg l.

6.3 Iteration Sequence

The iteration sequenceis similar to that usedin the previous implementation,but with the
modi�cations mentionedabove. The framework still treatsonly period-to-periodreplanning,
with eachperiodcorrespondingto a 24-hourday. During the sequence,all plansarewritten
andreadby all modulesusingthe XML plansformat; the agentdatabasestoresthe plansin
memory, with a limit on thenumberof planseachagentmaystore;andscoringis performed
usingtheutility functionalreadydescribed.

Themaindifferenceto theprevioussequenceis thatnow theactivity timeallocatormodule
is addedto thefeedbackcycle,which allowsagentsto modify their activity timing (but not yet
the“pattern”of activitiesor their locations).

Thenew iterationsequenceis asfollows:

1. Initialize: Startwith initial conditions:

� A network �le (in theXML network format),describingthenodeandlink structure
of thetransportationnetwork.
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� An initial plans�le (in theXML plansformat),containingeachagentin thepopu-
lation,with exactlyonecompletelyspeci�edplanperagent.

Theagentdatabasereadstheinitial plans�le, creatingtheagentsandloadingtheir plans
into their memoryasspeci�ed by the �le. Sinceeachagenthasonly oneplan, it marks
that oneas “selected,” indicating it haschosenthat plan for executionin the mobility
simulation.

2. Simulate: The agentdatabasewrites the setof agentsandtheir selectedplans(oneper
agent)to a �le. Theparallelmobility simulationis run with this �le asinput. It executes
all theplanssimultaneously, andwritesevents�les thataremergedtogetherinto one�le.

3. Calculatescoresfromevents: Theagentdatabasereadstheresultingevents�le andsends
eachevent to the agentidenti�ed within it. Eachagentusesits eventsto calculatethe
new scoreof its “selected”plan—theoneit mostrecentlysentto themobility simulation.
New planscoresarecalculatedasdescribedin Sec.6.2.3,andareaveragedwith old plan
scoresasdescribedin Sec.6.2.2.3.3.

4. Plan pruning: As describedin Sec.6.2.2.3above,theagentdatabasemaylimit thenum-
ber of plansagentscanstorein memory. If the maximumnumberof plansper agent,
Nplans , is de�ned, thenany agenthaving a numberof plansP > Nplans in its memory
deletesthe(P � Nplans) planswith the lowestscoresin this step.Note that in thesteps
following this one,anagentmayobtaina new plan. Whenthis happensto anagentthat
alreadyhasNplans plans,it temporarilykeepsNplans + 1 plansin memoryuntil thenew
planhasbeenscored.Then,in this step,it deletestheworstplan(evenif it is thenewest
one).Thus,theagentwill haveonly Nplans to choosefrom whenselectingfrom old plans.

5. Selectplans: Eachagentdecideswhich planto selectfor executionby thenext mobility
simulation. It choosesfrom the following selectionoptions,accordingto the indicated
probabilities:

(a) (ptimes ) Timesand routesreplanning: The agentsendsa random“template” plan
(chosenwith uniformprobabilityfrom amongits existingplans)to theactivity time
allocatormodule.This module“mutates”thedurationsand/orendtimesof all ac-
tivities in theplanasdescribedin Sec.3.3.3.1andreturnstheupdatedplan.Sec.6.4
explainshow theagentdatabase“sends”plansto a module.Thenew activity times
mayin�uence the(time-dependent)routesin theplan,sotheplanreturnedfrom the
activity time allocatoris thensentto the router for routereplanning,asdescribed
in thenext step. Whenit comesbackfrom the router, it is placedinto the agent's
memoryandtheagentmarksit as“selected.” For purposesof scoreaveraging,the
agentestimatesthescoreof this plan (asit will bechangedandhave an unknown
score).This estimatecanbe calculatedin many ways;at presentit is takenasthe
scoreof thebestplanin theagent'smemory.

(b) (pr outes) Routesreplanning: The agentsendsa random“template” plan (chosen
with uniform probability from amongits existing plans)to theroutermodule.The
routerreplacestheroutesin thatplanwith new onesbasedon the link travel times
calculatedfrom theeventsdataoutputby themostrecentmobility simulationrun(as
describedin Sec.3.3.3.2),andreturnstheupdatedplan. Sec.6.4 explainshow the
agentdatabase“sends”plansto a module.Thenew plan is placedinto theagent's
memory, theagentmarksit as“selected,” andgivesit ascoreestimatebasedon the
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bestscoreknown so far. Note that now a total fraction of ptimes + pr outes of the
agentswill have planswith new routes,while only ptimes of themwill have plans
with new times.

(c) (pr nd) Randomselection: Theagentpicksaplanwithoutregardto itsscore,choosing
onewith uniform probability from amongits existing plans. Theagentmarksthis
planas“selected.”

(d) (Rest)Probabilisticselection: Theagentpicksanexistingplanfrommemory, choos-
ing accordingto probabilitiesbasedon thescoresof theplans,in thesameway as
describedin Sec.5.2.4,thoughthescorevaluesareno longertravel times.In short,
theprobabilitiesarecalculatedlikein amultinomiallogit model,andareof theform

pi / e� �Si ;

wherepi is theprobabilityof choosingplani , Si is thescoreof theplan,and� is an
empiricalconstant.

6. Repeat: Returnto step2, until the systemhasreacheda relaxed state. The numberof
iterationsis about50for routereplanningonly, but asis shown in Sec.6.5,moreiterations
arenecessarywhenactivity timeallocationis replanned.

6.4 Interface to External Modules

Now theagentsin theagentdatabasecancall uponmorethanoneexternalmodulefor replan-
ning. The XML plansformat providesa commonstandardfor communicationbetweenthe
modulesandtheagentdatabase.Theactualmechanismwherebytheagentdatabasesendsand
receivesplansis describedhere.

Themodulesneedto becalledin a certainsequencein orderto make thesystemrun. For
example,choosingnew activity locationswill necessitatenew routesto andfrom thechanged
activities, so the routeplanningmoduleshouldbe calledsometimeafter the activity location
moduleis called. But routesandactivity timesdo not (strictly) dependon eachother, so it
would bepossibleto make callsto eithertheactivity time choicemoduleor therouteplanning
modulewithout calling theotherone,or call thembothin anarbitraryorder.

Thelist of availablemodulesis assumedto beknown to theagentdatabase,aswell asthe
dependenciesbetweenthem,andthatthedependenciescanbeful�lled withoutcallingmodules
in a “circular” order.

How theagentdatabaseinterfaceswith anexternalmodule:

1. The agentdatabase,basedon somebehavioral model,andthe informationaboutwhat
dependenciesexist betweenmodules,selectsagentswhichareupfor replanningonsome
level Eachagentthat undergoesreplanningat this level selectsan existing plan from
memorywith uniform probability (not basedon score)to useasa templatefor the new
plan. This templateis duplicatedwithin the agent's memory, with the copy servingas
a placeholderfor the eventualnew plan. Onceall the agentshave decidedwhetheror
not to performreplanning,thetemplateplansselectedby theagentswho decidedto use
this modulearecopiedto a temporary�le. Thelevel of replanningneedsto bematched
to an existing externalmodule,andany othermodulesthat this moduledependsupon
for planinformationmusthave beenexecutedpreviously in this iteration.Theplans�le
written by theagentdatabasecancontainplansof arbitrarycompleteness,so long asall
theinformationrequiredby themoduleis available.
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2. The external moduleis started,it readsthe eventsinformation and the plans�le, and
updatesthe informationthat it cangenerate,by eitheroverwriting existing information,
or �lling in blanks. Informationnot �lled in by themoduleis left alone,or destroyedif
it is invalidatedby the new informationprovided by the module. For example,a route
planningmodulemay overwrite existing routes,but must not touch activity locations.
On the other hand,an activity location planningmodulemay updateactivity starting
and/orendinglocations,andmustalsodeletethoseroutesnolongerconnectedto thenew
locations.

3. The agentdatabasereadsthe new plans�le, andfor eachreplannedagent,replacesthe
templateplanin theagent's memorywith thecorrespondingnew planfrom the�le. The
agentthenmarksit asthe“selected”planfor thenext mobility simulationexecutionstep.
Theagentdatabasethenselectsagentswhich areup for replanningon someotherlevel,
and the whole processwith an external module is repeated. Within this process,the
moduledependenciesdescribedearlierneedto besatis�ed.

6.5 Veri�cation and Validation: Equilibration Testing Sce-
narios

In orderto testthe implementation,severalveri�cation scenarioswerecreatedto testthemost
importantfeaturesof theframework. Thesescenariostestthecapabilityof theframework to:

1. relaxto anapproximateequilibriumsolution;

2. cooperatewith morethanoneexternalmodule;and

3. generatea meaningfulsolution even with an externalmodulethat just performssmall
randomchanges(“mutations”)of existingplans.

A scenarioconsistsof: (i) thenetwork; (ii) the initial plans�le; (iii) feedbackandscoring
parameters.Thesewill betreatedoneby onein thenext threesubsections.

6.5.1 The Network

Thenetwork usedfor theequilibrationtesting(equil-test)scenarioscanbeseenin Fig. 6.2. It
consistsof a circulararrangementwith a “Home” anda “Work” locationon oppositesidesof
thecircle. All roadsareuni-directional;travelersneedto follow theroadsclockwise.For trips
from hometo work, travelershavenineidenticalrouteoptions.Thereis only oneroutefor trips
from work to home.Althoughit maynot appearsofrom the�gure, internally to themodules,
all therouteshavethesamelengthsandthesame�o w andstoragecapacities,sothatthereis no
biastowardonerouteor another. Theexpectationis that in the relaxedstatesall thoseroutes
areusedequally.

6.5.2 The Initial PlansFile

All scenariosneedto startwith an initial condition. In this case,initial conditionsarea plans
�le which contains2,000agents,with onefully speci�ed planperagent.Thoseplansarethe
samefor all agents:They specifythat theagentsleave the“Home” locationat 6:00AM, take
themiddleroad(throughnode7) to the“Work” location,andwork for eighthours.Thenthey
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Figure6.2: Diagramof the equil-testnetwork overlaidonto examplesnapshotsof theRoutes
Only scenario(Sec.6.5.5)at06:08AM, (a)beforeand(b) aftermany iterationsof routereplan-
ning. After replanning,theagentshavespreadontothedifferentavailableroutesbetweenhome
andwork. Link capacitiesare36,000veh/hexceptwhereindicated(theninerouteoptionsare
identical).

take the lower partof the“circle,” throughnodes14, 15, and1, to returnhome.Thetotal free
speedtravel time is about54min, with 15min for thetrip from “Home” to “Work,” and39min
for thereturntrip.

6.5.3 Simulation Parameters

The utility function parametersare set to the following values: � perf = +6 EUR=h; � wait =
0 EUR=h; � late = � 18EUR=h; � ear ly = 0 EUR=h; � shor t = 0 EUR=h; � tr avel = � 6 EUR=h.

Thevaluesof d� for work andhomeactivitiesaresetto 8 hoursand16 hours,respectively.
Theusefulhoursfor performingthework activity aresetto between7:00AM (openingtime)
and24:00(midnight; closingtime), with the desiredstartingtime (t latest;w ) to be exactly the
openingtimeof 7:00AM. For work, theearliestdeparturetime(tear l iest;w ) andshortestduration
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(dmin;w ) arenot set.Thehomeactivity hasno timeconstraints.
CharyparandNagel(in press)originally set� perf to +20 EUR=h, thoughfor thisstudyit is

setto +6 EUR=h. Thereasonfor thischangeis: Givenafull dayplan,theagentprefersto spend
all 24 hoursin thedayperformingsomeactivity. Any time spentby theagentnot performing
anactivity causesit to incuropportunitycost.Theagentwouldobtainaperfectscoreif it spent
exactly8 hoursatwork and16hoursathome,allowing it to earnutility everyminuteof theday.
Thiswouldearntheagent¤ 60for eachactivity, for a total scoreof ¤ 120. In anactualday, the
agentmustspendsomeof its time traveling. While traveling,theagentdoesnotearnany utility
for beingat work or at home,andis simultaneouslylosingutility for beingon the road. This
meanstheagentincursa doublepenalty:theactualnegativeutility for thetravel itself, andthe
opportunitycostfor notperforminganactivity. Similarly, if theagentarrivesearlyto work, it is
alsonotspendingtimeworking (or beingat home)soit incursopportunitycostfor performing
anactivity. Notethatbeinglatehasarealpenalty, but doesnotcauseany opportunitycost,since
theagentbeginsperformingtheactivity immediatelyuponarrival.

Therefore,thereis anopportunitycostassociatedwith arriving earlyto a location(waiting)
andtraveling. If theagent's activity durationsarenearthe respective valuesof d� , this costis
approx. � � perf timesthe numberof hoursspentwaiting and/ortraveling. Sinceagentswill
do their bestto allocatetime to the activities, onecanassumethat the durationsareasnear
to the d� valuesaspossible. Given that the total travel time is on the orderof 1 h, this is a
reasonableassumption.Thus,theeffectivevaluesof theabove parametersareapproximately:
� wait = � 6 EUR=h; � tr avel = � 12 EUR=h; � late = � 18 EUR=h. Theseeffective valuesare
selectedsuchthat, in roughterms,they modelthe Vickrey modelof time choice(e.g.,Arnott
etal.,1993).Thedesireto matchtheVickrey modelexplainsthechoiceof +6 EUR=h for � perf ;
if it was+20 EUR=h, theeffectivepenaltyfor arriving earlywouldbeof greatermagnitudethan
thepenaltyfor arriving late.

As mentionedearlier, the � valueusedby the agentdatabaseto multiply agents'scores
affects their selectionof thoseplans. This valuecanbe consideredto be a scalingfunction,
whichmapsutility in eurosto unit-lessvaluesfor thelogit selection.In real-world applications,
� will beestimatedtogetherwith � wait , � late, and� tr avel . Thispaperusesavalueof � = 2=EUR
asa baselinevalue,and then looks at deviations from that value in Sec.6.5.8. In estimated
multinomiallogit models,it seemsthatvaluesbetween1=EURand10=EURarenormal.

6.5.4 Agent Database

For thesescenarios,theagentdatabaseparametersaresetto thefollowing values:

� Themaximumnumberof plansperagent,Nplans , is 6.

� The probability of an agentto perform time replanning,ptimes , and route replanning,
pr outes, areboth0.1.

� Theprobabilityof choosinga randomplan,pr nd , is 0.1.

� The plan selectionconstant,� , is 2=EUR. Section6.5.8describeswhat happenswhen
differentvaluesof � aretried.

� Thescoreblendingfactor, � , is 0.1.
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Figure6.3: Equil-test:Scoresandtravel timesfor all threescenariosof thebaselinecase.These
plots display the averagevaluesof the (a) scoreand(b) travel time collectedover the entire
populationof agentsduringeachiteration.

6.5.5 RoutesOnly Scenario

In theRoutesOnly scenario,the framework is run with the timesreplanningdisabled,so that
only routereplanningmayoccur(i.e.ptimes = 0). All agentsareforcedto foreverusetheinitial
activity time values,departinghomeat 6:00 AM andstayingat work exactly 8 hours. This
scenariodemonstrateshow well theagentsdistributethemselvesamongtheavailableroutes.

Figure6.3 shows therelaxation/learningbehavior of theagentswithin this scenario,using
two globalperformancemeasures:overall averagescore,andoverall averagetravel time. One
seesherethat theaveragescorerelaxesto about¤ 103:5 within 100–150iterations,while av-
eragetravel time relaxesto about61 min within 20–30iterations.Comparedto thefreespeed
travel timeof 54min, theagentsloseabout7 min dueto congestionin this scenario.

Figure6.4shows thedepartureandarrival time distributionsfor this scenario,at iteration0
(Fig. 6.4(a))anditeration250(Fig. 6.4(b)). Onecanseefrom this �gure that thework arrival
timedistribution(WATD) startsoutat iteration0 with anaverageof about80–85vehper5 min
time-bin, correspondingto roughly 1,000veh/h,and lasting for about2 hours. This makes
sense,asthecapacityof thebottleneckfor asinglehome-to-work routeis 1,000veh/handthere
are2,000vehthatwant to traversethatroute. After 250iterations,thearrival rateincreasesto
about750veh/(5min), or 9,000veh/h,which correspondsto the total capacityof nine routes
of 1,000veh/h each. After 15 minutes,over 90% of the agentshave arrived at work, with
the remainingarriving in the next 10 minutes.This extra 10 min comesfrom the incomplete
equilibrium in the routedistribution causedby the 10% routereplanning,which is explained
furtherbelow.

Sinceagentscannotchangetheir work durationin this scenario,the work departuretime
distribution(WDTD) is thesameastheWATD shiftedby 8 hours,andsincetherearenobottle-
neckson theroutehome,thehomearrival time distribution (HATD) is thesameastheWDTD
shiftedby 39 minutes.

Theonly degreeof freedomin this scenariois theroutechoice.Figure6.5(a)displaysthe
usageof thedifferentroutesasa functionof iteration.This �gure hasseveralfeatures.First,as
expected,all agentsstartout usingtheinitial route(number7, “middle”), while theothereight
routes(representedin the�gure by routenumbers5 and9) startoutwith noagents.Second,the

58



 0

 100

 200

 300

 400

 500

 600

 700

 800

 900

 4  6  8  10  12  14  16  18

N
um

be
r 

of
 A

ge
nt

s

Time of Day (h) -- Iteration 0

(2000) HDTD / WDTD
WATD / HATD

(a)Distributionsbeforerelaxation(commonto all
scenarios).

 0

 100

 200

 300

 400

 500

 600

 700

 800

 900

 4  6  8  10  12  14  16  18

N
um

be
r 

of
 A

ge
nt

s

Time of Day (h) -- Iteration 250

(2000) HDTD / WDTD
WATD / HATD

(b) RoutesOnly distributionsafterrelaxation.

 0

 100

 200

 300

 400

 500

 600

 700

 800

 900

 4  6  8  10  12  14  16  18

N
um

be
r 

of
 A

ge
nt

s

Time of Day (h) -- Iteration 250

HDTD / WDTD
WATD / HATD

(c) TimesOnly distributionsafterrelaxation.

 0

 100

 200

 300

 400

 500

 600

 700

 800

 900

 4  6  8  10  12  14  16  18

N
um

be
r 

of
 A

ge
nt

s

Time of Day (h) -- Iteration 250

HDTD / WDTD
WATD / HATD

(d) RoutesandTimesdistributionsafterrelaxation.

Figure 6.4: Equil-test: Departureand arrival time histogramsfor all threescenariosof the
baselinecase.Thesehistograms,takenover5 minutetime-bins,show thehomedeparturetime
distribution (HDTD), work arrival time distribution (WATD), work departuretime distribution
(WDTD), andhomearrival time distribution (HATD) of the threescenarios,beforeandafter
relaxation(250iterations).For clarity therangestopsat900vehicles,thoughsomeof theinitial
departurepeaksareabove thisvalue;thesepeaksarelabeledwith their actualvalues.

percentageof agentsusingthemiddleroutedecreasesat approximatelya negativeexponential
rate.Thismakessense,since10%of all agentsperformreplanningeachiteration.Someagents
returnto themiddleroutedueto randomplanselection,but mostwill stayon theotherroutes,
loweringthepercentageof agentsusingthemiddlerouteby roughly10%of its previousvalue
eachiteration,until theagentsareusingall routesequally. It takesabout40 iterationsfor the
middlerouteto haveaboutthesameusagepercentageastheotherroutes.

The third featureof this �gure is that after equilibrium mostroutesappearto be usedon
averageby 10%of theagentsat a time, ratherthanthe11:�1% expectedwhennineequivalent
routesareavailable. In addition,someroutesappearto be usedby 20% of the agentsduring
certainiterations.Thesephenomenaareexplainedby the fact that10%of theagentsperform
replanningin eachiteration,leaving theother90% to choosefreely which routethey want to

59



 10

 100

 0  50  100  150  200  250  300  350  400

P
er

ce
nt

ag
e 

of
 A

ge
nt

s 
(lo

g 
sc

al
e)

Iteration

Route 5
(Middle) Route 7

Route 9

(a)RoutesOnly scenario.

 10

 100

 0  50  100  150  200  250  300  350  400

P
er

ce
nt

ag
e 

of
 A

ge
nt

s 
(lo

g 
sc

al
e)

Iteration

Route 5
(Middle) Route 7

Route 9

(b) RoutesandTimesscenario.

Figure6.5: Equil-test:Routedistributionsfor (a) theRoutesOnly and(b) theRoutesandTimes
scenariosof the baselinecase. The middle route hasa distinctive curve sinceit is the one
initially usedby all agents.Theothereightrouteshave qualitatively similar curvesasroutes5
and9, only the“spikes”occurin differentiterations.

use. These90% split up approximatelyevenly amongthe nine availableroutes,giving each
a usageof about10%, and the 10% who replantend to choosethe sameroute. This route
will thenhave a total usageof about20%. Only threeroutesaredisplayedhere; if all nine
weredisplayed,therewould bea “spike” of 20%routeusageoccurringfor someroutein each
iteration. This extra groupof agentsusingoneparticularroutecausesthat routeto emptyout
later thanthe rest,extendingthe lengthof time agentsarrive at work, asseenin Fig. 6.4(b).
Agentswho replantendto choosethesameroutebecauseof the �uctuations in theusageof a
route.During a giveniteration,someroutewill happento beusedleast,andthushave thebest
travel time,sotherouterwill useit for all (or most)of thereplannedroutesin thenext iteration.
These�uctuationsarealsodrivenby thefact thatslightly moreor lessthan10%of theagents
maybereplannedin eachiteration,dueto theprobabilisticselectionof agentsfor replanning.
Notethatit is notuntil neariteration100thatthespikesappearto bein equilibrium.

Thegeneralinterpretationof theaboveresultsfor theRoutesOnly scenariois thattheagents
equilibrateto thedifferentroutesasbestasthey can,andonceequilibratedstayin averystable
arrangement.

6.5.6 TimesOnly Scenario

In thesecondscenario,TimesOnly, theroutereplanningdisabled,sothatonly timesreplanning
mayoccur(i.e. pr outes = 0). Hereall agentsmustforever usethe middle routefor their trips
from hometo work. This scenariodemonstrateshow well the agentsdistribute themselves
throughtime; i.e. how they handlepeak-hourspreading.

Figure6.3 includestheaveragescoresandtravel timesfor this scenario.Onecanseethat
thesemeasurescontainaconsiderableamountof oscillationin comparisonto thoseof theother
two scenarios,thoughtheoscillationappearsto diminish asthe iterationscontinue.More in-
vestigationis necessaryto learntheexactcauseof theseoscillations.For now I only observe
thatthey exist.

The averagescoreoscillatesaroundabout¤ 100:7, moving between¤ 100:5 and¤ 101:2,
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Figure6.6: Equil-test: Departureandarrival time histogramsfor the TimesOnly scenarioof
thebaselinecase,morningonly. Theseareonly theHDTD andWATD histograms,takenover
5 minutetime-bins,afterrelaxation(250iterations).

takingat least200iterationsto reachthis state.Theaveragetravel timecentersaround72 min,
oscillatingbetween68 min and75 min, againtaking about200 iterationsto get to that state.
This scenarioseemsto �nd theworstscoresandtravel timesof the three. It makessensethat
the averagetravel timescomeout worse,sincethe agentscannotget aroundthe 1,000veh/h
bottleneckof themiddleroute,while agentsin theotherscenarioscanuseninetimesthecapac-
ity of this routefor their hometo work trips. This in turn explainswhy theaveragescoreis the
lowest,becausewith moretimebeingspentby theagentsin travel, they have lesstime to spend
working or at home,so they incur moreopportunitycost,which lowerstheir bestachievable
score.

Figure6.4 shows the departureandarrival time distributionsfor this scenario,at iteration
0 (Fig. 6.4(a))anditeration250(Fig. 6.4(c)). Onecanseethatafter250iterations,theWATD
is still spreadout to 2 hoursand is still limited to 1,000veh/h. This is as much as can be
expectedwhenall agentsusethesameroute.Themainpeakof thehomedeparturetimedistri-
bution (HDTD) is shiftedto about5:30AM, anearliertime comparedto the0th iteration,with
a secondarypeakaround7:00AM. Figure6.6shows a close-upof thedistributionsduringthe
morningrush-hour. In this �gure onecanseethatabout3/4 of theagentsarrive in the90 min
before7:00AM, andabout1/4 arrive in thehalf hourafter. This makessense,becauseagents
arriving to work earlyareeffectively penalized� 6 EUR=h while thosearriving latearepenal-
izedat threetimesthisamount.So,anagentarriving 30min lateincursthesamepenaltyasone
arriving 90 min early. Backto Fig. 6.4(c),oneseesthattheWDTD andHATD aremuchmore
spreadout thantheWATD, lastingabout3 hours.

Thegeneralinterpretationof theresultsfor theTimesOnly scenariois thatevenwith atime
choicemodulethatsimplymutatesexistingplans,thefeedbackmechanismandtheagentdata-
baseallow agentsto learnenoughaboutthesystemto �nd a plausibledistributionof departure
times.
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6.5.7 Routesand TimesScenario

In the RoutesandTimesscenario,agentsare�nally allowed to utilize both the routing mod-
ule andtime choicemoduleto developnew plans. Agentswho performtime replanningalso
performroutesreplanningon theresultingplan,asdiscussedin Sec.6.3.Thisscenariodemon-
stratesthe completerelaxationbehavior of the agents,wherethey may spreadout over space
andtime.

Figure6.3includestherelaxationof scoresandtravel timesfor thisscenario.Oneseeshere
that the averagescoreis never perfectly relaxed, with what appearsto be a slight oscillation
with a periodof about800 iterations. However, after about300 iterationsthe scoreseemsto
beratherstable,oscillatingaround¤ 108. Theaveragetravel time initially �nds thefreespeed
travel timewithin 100iterations,thendeviatesfrom thisvalue,eventually�attening outatabout
55min. Thetravel timesmayalsohaveaoscillation,thoughit mightalsobeaone-time“bump.”
More iterationswould berequiredto �nd thisout. It seemsreasonablethatthisoccursbecause
theagentsareableto compensatefor slightly varying travel times,meaningthe travel time is
not asimportantto themwhenthey havemoredegreesof freedomto explore. In any case,this
scenario�nds abetteraveragescoreandbetteraveragetravel time thantheothertwo scenarios,
asexpectedgiventhelargernumberof degreesof freedomgivento theagents.

Figure6.4 shows the departureandarrival time distributionsfor this scenario,at iteration
0 (Fig. 6.4(a))and iteration250 (Fig. 6.4(d)). In iteration250, the HDTD peakhasshifted
to about6:45 AM, a later time than that at iteration0, or that at iteration250 for the other
scenarios.It makessensethat thepeakis at a later time thanthatof theTimesOnly scenario,
asthe averagetravel timesin this scenarioareshorter. The time of 6:45 AM makessenseas
well, becausemostagentsonly need15 min for the hometo work trip. This is supportedby
thenarrow WATD peak,which indicatesthatmostagentsarrive to work between6:50AM and
7:00 AM. The peakis nearlythe sameasthe HDTD peak,only shiftedby 15 min. Seealso
Fig. 6.7for acloseupof thosepeaks. Naturally, boththeHDTD andWATD peaksarewider in
this scenariothanin RoutesOnly, sincetheagentscanexplorealternatedeparturetimesfrom
home.They arenot aswide asthosein TimesOnly, sinceagentscanalsotake alternateroutes
to avoid congestion,anddonothave to spreadout in timeasmuch.

Figure6.5(b)displaysthe usageof the differentroutesasa functionof iteration. As with
theRoutesOnly scenario,all agentsstartoutusingthemiddleroute,while representativeroutes
numbers5 and9 startwith no agents.Also like in theRoutesOnly scenario,thepercentageof
agentsusingthemiddle routedecreasesrapidly while percentageof agentsusingthealternate
route(s)increases.However, since20%of theagentsaregiventhechanceto changetheirroutes
eachiteration(ptimes + pr outes), theexchangeof agentsfrom themiddlerouteto theotherroutes
occursmorerapidly.

This �gure showshigheroscillationsin routeusagecomparedto theRoutesOnly scenario.
In that scenario,routeequilibrationis the only option for agentstrying to avoid congestion.
Agentsusingsomeroutetendto “notice” otheragentsusingthesameroute,in thesensethat
their trip wasmadelongerby thepresenceof theotheragents.In thisscenario,however, agents
canalsoavoid congestionby choosingdifferentdeparturetimes. So, agentsusing the same
routemaydo soat totally differenttimes,any maynot noticeeachotherat all, sincethey did
not encounterany congestionfrom otheragentsalongthatroute.Thus,they do not have much
reasonto try to switchroutes,causinglessof anequalizationamongtheroutechoices.Another
wayto put it is thatthetemporalspreadingallowstheroutesto remainequivalentto eachother,
evenif thenumberof agentsusingeachroutediffersgreatly.

The generalinterpretationof the resultsfor the Routesand Times scenariois that both
moduleswork togetherwell to allow theagentsto explorebothspatialandtemporaldegreesof
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Figure6.7: Equil-test:Departureandarrival timehistogramsfor theRoutesandTimesscenario
of the baselinecase,morningonly. Theseareonly the HDTD andWATD histograms,taken
over5 minutetime-bins,afterrelaxation(250iterations).

freedomto obtainbetterplansthanpossiblewith justonedegreeof freedom.

6.5.8 Varying �

Herethe� planselectionparameteris variedto higherandlowervaluesfrom thebaselinevalue
of 2=EUR,to seehow selectingthebestplanmoreor lessoftenaffectsthescoreandtravel time
relaxationrates.Thefollowing valuesareusedfor � , in unitsof 1=EUR: 0.01,0.1,1, 2, 4, 10,
and1 . A valueof 1 =EURmeansagentsalwayschoosetheplanwith thebestscore.

Figures6.8(a)and6.8(b)show the effect of � on the RoutesOnly scenario.The relaxed
scoreandtravel time averagesarethesame;only the rateof approachto thosevaluesdiffers.
With a lower valueof � , agentsareallowedmorerandomselectionamongtheir plans,so the
systemapproachesthesteady-stateat a slower rate,which makessense.Thein�nite � , which
causesagentsto alwayschoosethebestplanthey have,allows for thefastestrelaxationof both
scoresandtravel times.

Figures6.8(c) and6.8(d)show the effect of � on the TimesOnly scenario.Onecansee
thattheoscillationshaveahigheramplitudeandlower frequency for lowervaluesof � . For the
scores,all thecurvesseemto have roughlythesameworstscore(lowerbound)of about100.5.
However, with lower � thesystemis ableto �nd better(higher)scores,thoughit cannotstayat
thosevalues.Similarly, on thetravel time plots,onecanseethattheworsepossibletravel time
(upperbound)doesnot changemuch,but better(lower) travel timesarereachedwith lower
valuesof � .

Figures6.8(e)and6.8(f) show theeffect of � on theRoutesandTimesscenario.Like with
theRoutesOnly scenario,therelaxedvalueof thescoreseemsto remainessentiallythesame,
but thedifferent� valuesapproachit differently.

Overall, it appearsthat valueof � doesnot mattervery much for the scenarioswith the
routingmoduleenabled.Perhapsthis is dueto thefactthattheroutingmodulemakedecisions
with some“intelligence” behindthem,allowing for anadditionallearningmechanismfor the
agents.Possibly, theTimesOnly scenariois affectedmoreby thevalueof beta,asthedecisions
madeby theagentdatabasearetheonly onesthathaveany effecton thelearningbehavior.
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Figure6.8: Equil-test: Scoresandtravel timesfor all threescenarios,with varying � values.
Theseplotsdisplaytheaveragevaluesof thescore(left) andtravel time (right) collectedover
theentirepopulationof agentsduringeachiteration.
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6.5.9 Varying � tr avel

Herethemarginal utility of travel time, � tr avel , is variedfrom its baselinevalueof � 6 EUR=h,
to seehow makingtravel time moreor lessimportantin thescorecalculationaffectsthescore
andtravel time relaxationrates. The following valuesareused: � tr avel , in units of EUR=h:
-0.06,-0.6,-6, -60,and-600.

Figures6.9(a)and6.9(b) show the effect of � tr avel on the RoutesOnly scenario.As ex-
pected,highermagnitudesof � tr avel causetheaveragescoreto relaxedto alowervalue,sinceall
elsebeingequal,thesametravel timecostsmoreto theagent.Forall valuesabove� 600EUR=h,
the curves seemto have the samerelaxationbehavior as seenin Fig. 6.3. For � tr avel =
� 600EUR=h, the scoretakesabout200 moreiterationsto relax, while the travel time takes
only 10–20moreiterationsto relax.

Figures6.9(c)and6.9(d)show theeffect of � tr avel on theTimesOnly scenario.Hereone
canseethatdifferentvaluesof � tr avel canalsochangetheoscillationamplitudeandfrequency
for the scoresand the travel times. For � tr avel = � 60 EUR=h, the oscillation frequency is
higher, andthe amplitudeis smaller, andfor � tr avel = � 600EUR=h, theoscillationis nearly
nonexistent. For the smallertwo magnitudesof the marginal utility of travel, the scoreand
travel timescurveslook qualitatively like thoseof the RoutesandTimesscenarioin Fig. 6.3.
They improveat �rst, thenslightly deviatefrom thebestvalueobtained.Thissupportstheidea
that thebehavior of theRoutesandTimesscenariocomesfrom thefact that travel time is less
importantto the agentswhenthey areable to adjusttheir routesandtheir activity schedules
simultaneously. In addition,aswith theRoutesOnly scenario,TimesOnly takeslongerto relax
whenthe� tr avel valueis higher.

Figures6.9(e)and6.9(f) show theeffect of � tr avel on theRoutesandTimesscenario.Here
one can seeonceagainbasically the samerelaxationbehavior, offset only by the different
strengthsof the travel time in the overall score. The scoresfor � tr avel=� 600 EUR=h takes
longer to relax, but all scoresfor the RoutesandTimesscenariorelax to highervaluesthan
thoseof theothertwo scenarios.Furthermore,onecanseethatfor thelowermarginalutility of
travel, the travel timesstay�at at closeto the freespeedtravel time. The deviation from this
level occursmorefor highervaluesof � tr avel , with � tr avel=� 6 EUR=h beingtheonly onethat
deviatesandappearsto returnto thelowervalue.

Overall,it appearsthatreasonablevaluesof � tr avel , ascomparedto theothermarginalutility
parameters,leadto thesamerelaxationbehavior (if not thesamescores)in thescenarioswith
the routing moduleenabled.The TimesOnly scenario's relaxationbehavior is moreaffected
by thevalueof � tr avel , andit appearsthatavalueof � 6 EUR=h mayrepresentanunstablecase
at theborderbetweentwo morestableregimes:onewheretravel time dominatesthedecision
making,andonewhereit is notvery importantatall.

6.6 Summary

This chapterdescribesthe new implementationof the agentdatabasein C++, with the agent
datakept in memoryinsteadof beingstoredin an externaldatabase.It alsodescribesother
changesto the framework, suchasthe XML plansformat andutility-basedscoring,meantto
facilitateaddingactivities replanningto thesystem.Veri�cation andvalidationtestsshow that
the feedbacksystemdoesrespondto the updatesin the activities madeby the activity time
allocationmodule,andthatevenwhenthatmoduleis very simple,theadaptationandlearning
abilities of the agentsprovided by the feedbacksystemallow the agentsto utilize it to �nd
plausibleactivity times.
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Figure6.9:Equil-test:Scoresandtravel timesfor all threescenarios,with varying� tr avel values.
Theseplotsdisplaytheaveragevaluesof thescore(left) andtravel time (right) collectedover
the entirepopulationof agentsduring eachiteration. For bettercomparisonof the relaxation
rate,theaveragescorecurve for � tr avel = � 600EUR=h is shiftedupby ¤ 500.
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Chapter 7

Real-World Transportation Results

Oneof themaingoalsof this work is to beableto solve large-scalereal-world planningprob-
lems.Therearemany challengesassociatedwith suchproblems,includingdatacollectionand
quality, realism,computationalef�ciency (i.e. keepingtheexecution-timesof theiteratedsim-
ulationrelatively short),andof courseproducingusefulresults.

To demonstratethat large-scaleproblemsareworkable,the ultimategoal of this work is
to run a full 24-hoursimulationof all of Switzerland,including transit traf�c, freight traf�c,
andall modesof transportation.This is an ambitiousgoal, sincegivena nationalpopulation
of 7.2 million people(Bundesamtfür Statistik,2001) and an averageof 3.6 trips taken per
personperday(Bundesamtfür RaumentwicklungundBundesamtfür Statistik,2001),thereare
26million tripsof all typestakenperdayin Switzerland(includingshortpedestriantrips,etc.).

A moreshort-termgoal is a full 24-hoursimulationof just the car traf�c in Switzerland.
Bundesamtfür RaumentwicklungundBundesamtfür Statistik(2001)shows that39.5%of all
“stages”in Switzerlandaremadeby car. In thecensus,a “stage”seemsto representa single-
modecomponentof a trip; correspondingto the term “leg” usedin the framework's plan de-
scriptionusedthroughoutthis dissertation.Giventhatvalueandanaveragecaroccupancy of
1.59people(Bundesamtfür Raumentwicklungund Bundesamtfür Statistik,2001), thereare
a total of 6.4 million car-modelegs taking placein Switzerlandper day (including very short
ones).

Currentreal-world testsaredonewith two scenariosthataresomewhatsmallerthaneven
this goal,but arebasedon theactualcar traf�c in Switzerland.Thesescenariosaredescribed
below.

7.1 Data

Thedatarequiredto run a realisticsimulationaretheinitial conditionsneededby theiteration
sequence:the transportationnetwork and the initial plans(activities androutes). Field data
collectedthroughoutSwitzerlandis alsousedto comparethesimulationresultsto reality.

7.1.1 The Switzerland Network

Thenetwork of streetsandintersectionsusedin theSwitzerlandscenarioswasoriginally devel-
opedfor theFederalOf�ce for SpatialDevelopment(ARE), andcoveredonly Switzerland,but
hasbeenextendedwith themajorEuropeantransitcorridorsfor a railway-relatedstudy(Vrtic
et al., 1999).SeeFig. 7.1(a)for thecompletenetwork andFig. 7.1(b)for thehigher-resolution
Switzerlandportion.
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(a)Theentirenetwork.

(b) Switzerlandarea. (c) Zurich area.

Figure7.1: Thenetwork usedfor theSwitzerland-basedscenarios,atvariousscales.Theentire
network (a) includesmajorEuropeantransitcorridors.Thebox in (a) indicatestheSwitzerland
area,seenin (b). Thebox in (b) indicatestheZurich area,seenin (c). Thecircle in (c), with
a radiusof 26 km, indicatesthe areathroughwhich agentsmust travel to be includedin the
Zurichdemand.

A nodein the network is a point with speci�c geographicalcoordinates,which generally
representsan intersectionof at leasttwo roads.A link is a unidirectionalline connectingone
nodeto another. Eachlink representsa segmentof roadandhasattributesfor type, length,
speed,andcapacity. Sincethemobility simulationis basedonaqueuingmodel,nootherinfor-
mation(suchasturning lanesin intersections)is needed.This network contains10,564nodes
and28,624links.

Appendix.A.6 describessomeproblemsfoundwith thenetwork andcorrectionsfor those.
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7.1.2 Demand

7.1.2.1 Switzerland Mor ning RushHour (CH6–9)Scenario

Given the numbersabove anda 66% shareof car trips over 3 km (Bundesamtfür Raumen-
twicklung und Bundesamtfür Statistik,2001), thereare a total of 4.2 million car trips over
3 km perday in Switzerland.Thatnumberis reducedto about1 million cartrips by modeling
the traf�c demandthroughoutSwitzerlandduring the morningpeakhoursbetween6:00 AM
and9:00AM. This is known astheCH6–9demandscenariofor short.

The TransportPlanningGroup,in the Institutefor TransportPlanningandSystems(IVT)
at ETH, underthe directionof Prof. Kay Axhausen,is currentlyworking on the problemof
converting Swisscensusandsurvey datainto a syntheticpopulationwith an initial activity-
baseddemandfor Switzerlandbasedon actualSwissactivity patterns.

In theabsenceof this data,however, traditionalOD matricesareobtainedinsteadandcon-
vertedinto theinitial individualizeddemandfor thesimulations.ARE providedasingle24-hour
OD matrix,which dividesSwitzerlandinto 3,066traf�c analysiszones(TAZs), andeachentry
in the matrix speci�es thenumberof trips from onezoneto anotherduringa typical 24-hour
workday. As by tradition,intra-zonaltripsarenot includedin thematrix. Thisstaticmatrixwas
madedynamicby converting it into 24 one-hourmatrices,eachspanningonehourof theday.
Thiswasdoneaccordingto thefollowing heuristicmethod(Vrtic andAxhausen,2002):

1. Divide the24-hourmatrix into 24 piecesbasedon departuretime probabilitiesby popu-
lation sizeof origin zone,populationsizeof destinationzoneandnetwork distance,cal-
culatedfrom the1994SwissNationalTravel Survey (Bundesamtfür StatistikundDienst
für Gesamtverkehrsfragen,1996).

2. Calibratetheresultingmatricesagainsthourly traf�c countdatatakenfrom countingsta-
tions on the nationalmotorway system. The calibrationwasperformedusing the OD
matrix estimationmoduleof the VISUM traf�c planningsoftwarepackage(PTV www
page,accessed2004).

3. Rescalethe hourly matricesso that the totals over 24 hoursmatchthe original single
matrix.

A runof theassignmentmodelof VISUM onthematricesshowedthatthepatternsof congestion
over timearerealisticandconsistentwith theknown patternsin Switzerland.

The initial conditionsnecessaryfor the multi-agentsimulationare individual agentsand
plans.Theseareobtainedfrom theone-hourmatricesby �rst disaggregatingthematricesinto
individual trips. Thatis, anumberof individual trips is generatedfrom eachorigin to eachdes-
tinationasspeci�edby agivenmatrix,suchthatsummingup thetripswouldagainresultin the
sameOD matrix. Eachtrip is givenanindividualstartingtime by drawing onefrom a uniform
randomdistributionof timeswithin thehourde�ned by thematrix responsiblefor thattrip. An
origin or destinationin anOD matrix is givenasa TAZ, nota speci�c link in thenetwork. The
TAZs mustbedisaggregatedinto links in orderto obtaincompletelyindividualizedtrips. This
is doneby assigningto eachtrip whoseorigin (destination)lieswithin agivenTAZ to arandom
starting(ending)link drawn from thesetof links thathasat leastoneof its nodeslocatedwithin
a circle of radius3 km centeredat the centroidof thatTAZ. The geographicalcoordinatesof
theTAZ centroidsareidenti�ed from thedataaccompanying theOD matrices.

The morning rush-hourdemandis obtainedby taking only the trips producedfrom the
threematricesspanningthehoursbetween6:00AM and9:00 AM, which producesa total of
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1,000,282trips re�ecting thedynamicsof traf�c within Switzerlandduringthosehours.These
tripsareconvertedto agentsandplansaccordingto thefollowing method:

1. Assignoneuniqueagentto eachtrip. As theOD matricesprovide no demographicdata,
all agentsareidenticalin termsof demographics.

2. The startinglink of the trip becomesthe agent's homelocation. A “home” activity is
createdfor that agentat this location,which begins at 0:00 (midnight) andhasan end
timeequalto thetrip'sassignedstartingtime.

3. Theendinglink of thetrip becomestheagent'swork location.A “work” activity iscreated
for the agentat this location. In the “home-work” demandscenarios,the work activity
lastsuntil theendof theday (24:00). In the“home-work-home”demandscenarios,the
work activity is givenaninitial durationof 8 hours,with no �x edendtime.

4. Thetrip itself is convertedto auni-modalleg betweenthetwo activities,andgivenaroute
basedon freespeedtravel timesin thenetwork.

5. For “home-work-home”demandscenarios,a secondtrip is createdthatreturnstheagent
homeafter �nishing work, which is also given a routegeneratedbasedon free speed
travel times.A second“home” activity is addedto theplanthat lastsuntil theendof the
day(24:00).

Notethatwhencalculatingutilities, aplanwith thesameactivity locationfor its �rst and
last activity (i.e. “home”) is consideredto have only oneactivity at this location,which
“wrapsaround”from thetime theagentarrivestherein theeveninguntil theagentleaves
therein the morning. Thus, the two activity durationsarecombinedto get the dperf ;h

valuefor thatactivity.

This conversionprocess,which skipstrips whoseendpointsare too closetogether, resultsin
988,666agents,with onecompleteplanperagent.It is very importantto notethatafterdecom-
posingthe OD matricesinto individual agentsandplansfor the initial demand,OD matrices
arenotusedanywhere in thesimulation.

7.1.2.2 Zurich Mor ning Rush Hour (ZRH6–9)

A smallerdemandscenariois alsoused,basedon the“home-work-home”agents/plansin only
the Zurich area. Theseare extractedfrom the CH6–9 demandby �rst de�ning the areaof
interestasa circle with a radiusof 26 km aroundthecenterof Zurich City (“Bellevue”). See
Fig. 7.1(c).Accordingto theinitial routes—basedon freespeedtravel times—eachagent/plan
with a morningtrip thatusesat leastonelink within thecircle is kept. The restareremoved,
resultingin 260,275agents,with oneplanperagent.Notethattheagentsandplansareidentical
to thosein the CH6–9demandscenario;only a subsetof thoseagentsareusedhere. This is
calledtheZRH6–9demandscenario.

7.1.3 Field Data: Hourly Traf�c Counts

Obtainingreal-world simulationresultswithout comparingthemto reality is not very useful.
To achieve this comparison,hourly traf�c count data,measuredthroughoutSwitzerland,is
obtainedandcomparedto theassociatedhourlylink volumesfoundin thesimulation.TheSwiss
FederalRoadsAuthority (Bundesamtfür Strassen)maintainsabout230 automaticcounting
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stationsthroughoutthe country. Hourly traf�c countdatahasbeenobtainedfor 75 of those
stations. Out of thosestationswith data,33 werematchedunambiguouslyto links on the
Switzerlandnetwork. Of these33, threeweretoo closeto theSwissborderto provide useful
comparisons.Theseareignoredbecausecross-bordertraf�c is not modeled,sothesimulation
doesnot comecloseto matchingthecountsat theselocations.Thecountsaretakenfrom both
directionsof a givenroadsegment,sofor theCH6–9scenarios,60 links in thenetwork canbe
comparedto real-world roads.For comparisonsto theZRH6–9scenario,only a subsetof the
countingstationscanbe used. With only 6 usefulcountingstationsin the Zurich area,only
12 links canbecomparedto reality.

7.2 First Agent Database:CH6±9

Here, the �rst versionof the agentdatabase(MySQL implementation;seeChap.5) is used
to executethe CH6–9demandscenario,usingthe “home-work” plans. In otherwords,only
one trip (route) is executedper agentper iteration.1As in Chapter5, only route replanning
is performedfor the agentsin this simulationrun. Agentsare given new routeswith 10%
probability, androutesarechosenusingmultinomiallogit, with � setto 1=(360sec).

Figure7.2showsaresultof theCH6–9scenario,after50iterationsof theiterationsequence.
As onewould expect,thereis moretraf�c nearthecities thanin thecountry. Jamsarenearly
exclusively foundin or nearZurich (nearthetop; seeFig. 7.3 for a “zoom-in” of this area). It
appearsthis is aconsequenceof ahigherimbalancebetweensupplyanddemandin Zurich than
in otherSwisscities;seeAppendixA.6 for moreinformation.

Figure 7.4 shows a comparisonbetweenthe simulationoutputof Fig. 7.2 and �eld data
takenat countingstationsthroughoutSwitzerland(seeSec.7.1.3andBundesamtfür Strassen,
2000).2 Thedottedlinesoutlinea regionwherethesimulationdatafallswithin 50%and200%
of the �eld data. This region seemsto acceptableat this stagesinceresultsfrom traditional
assignmentmodelsthat I am awareof areno betterthanthis (Fig. 7.4(b); seealsoEsserand
Nagel,2001).

Figure7.4(b)shows a comparisonbetweenthe traf�c volumesobtainedby IVT usingVI-
SUM assignmentagainstthesame�eld data.Visually onewould concludethatthesimulation
resultsareat leastasgoodastheVISUM assignmentresults.Table7.1con�rms this quantita-
tively. In thetable,Meanabsolutebiasis hqsim � qf iel di , meanabsoluteerroris hjqsim � qf iel dji ,
meanrelativebiasis h(qsim � qf iel d)=qf iel di , meanrelativeerroris hjqsim � qf iel dj=qf iel di , where
h:i meansthatthevaluesareaveragedoverall links where�eld resultsareavailable.

For example,the “mean relative bias” numbersmeanthat the simulationunderestimates
�o ws by about5%,whereastheVISUM assignmentoverestimatesthemby 16%. Theaverage
relative errorbetweenthe �eld measurementandthesimulationis 25%,betweentheVISUM
assignmentandreality 30%. Thesenumbersstatethat the simulationresult is betterthanthe
VISUM assignmentresult;also,thesimulationresultsarebetterthanwhatwereobtainedwith
arecent(somewhatsimilar)simulationstudyin Portland/Oregon(EsserandNagel,2001);con-
versely, theassignmentvaluesin Portlandwerebetterthantheonesobtainedhere.

1In thisversionof theCH6±9scenario,therewere2,805additionalagents,whoseªhomeºandªworkºlocations
happenedto beon thesamelink. Theseweremistakenly included,andtheroutergavethemroutesgoingbetween
theactivities madeup of U-turnsat thetwo nodesof that link. Theseagentswereremovedin subsequentrunsof
thisscenario.

2Thiscomparisonexcludesonecountingstationthatis presentin othercomparisons,dueto thefactthatit was
not locatedon thenetwork at thetime theseresultswereobtained.
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Figure7.2: CH6–9with �rst agentdatabase:Snapshotof Switzerland,iteration50,at8:00AM.

Bias/ Error Simulation VISUM
MeanAbs. Bias: � 64.60 + 99.02
MeanRel. Bias: � 5.26% + 16.26%
MeanAbs. Error: 263.21 308.83
MeanRel. Error: 25.38% 30.42%

Table7.1: CH6–9with �rst agentdatabase:Bias anderror of traf�c countdatacomparedto
simulationresultsandVISUM assignment.Datais takenfrom the7:00–8:00AM hour.

Whatmakesthis resultevenstrongeris thefollowing aspect:As explainedin Sec.7.1.2.1,
the OD matriceswereactuallymodi�ed by a VISUM moduleto make the assignmentresult
matchthecountsdataaswell aspossible.TheseOD matriceswerethendisaggregatedandfed
into thesimulation,without furtheradaptation.It is surprisingthatevenundertheseconditions,
which seemvery advantageousfor theVISUM assignment,thesimulationgeneratesa smaller
meanerror.

7.3 SecondAgent Database:ZRH6±9

Here, the secondversionof the agentdatabase(C++/XML implementation;seeChap.6) is
usedto executethe ZRH6–9 demandscenario,which uses“home-work-home” plans. This
scenario,smallerthan CH6–9, is necessarybecauseof computermemorylimitations. With
this agentdatabase,agentskeepseveral plansin the program's memoryspace.Theseobject-
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Figure7.3: CH6–9with �rst agentdatabase:Zoom-inof Zurich, iteration50at8:00AM.
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(a)CH6±9simulation50thiterationvs.®eld data.
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(b) VISUM assignmentvs.®eld data.

Figure7.4: CH6–9with �rst agentdatabase:Graphicalcomparisonof traf�c countdatato (a)
simulationresultsand(b) VISUM assignment.In both �gures, the x-axis shows the hourly
countsbetween7 AM and8 AM from the�eld data.In (a) they-axisshows throughputon the
correspondinglink from the last iterationof thesimulationbetween7 AM and8 AM; in (b) it
shows the volumeobtainedon the correspondinglink from theassignmentmodelduring that
samehour.
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orientedplansaresomewhat larger thanTRANSIMS's routes,andstandard32-bit computing
architecturelimits theamountof memorya singleprogramcanaccess.Theonemillion agents
of theCH6–9scenarioexceedsthesememoryconstraints,sothenumberof agentsstoredby the
agentdatabasemustbereduced,andthenumberof plansagentscanstoremustbelimited sothe
programdoesnot runout of memory. Theseissuesareexplainedfurtherbelow, in Sec.7.5.3.2.

7.3.1 Simulation Parameters

Themaximumnumberof plansthatagentsareallowedto keepin theagentdatabase,Nplans ,
is de�ned as5 plans.This numberresultsfrom thescenariosizein conjunctionwith computer
memorylimitations. The value of the empirical constant� , usedto convert plan scoresto
selectionprobabilities,is 2:0=EUR. For themarginal utilities in theutility function, thesame
valuesareusedasthosein theequilibrationtestingscenariosof Sec.6.5: � perf = +6 EUR=h;
� wait = 0 EUR=h; � late = � 18 EUR=h; � ear ly = 0 EUR=h; � shor t = 0 EUR=h; and � tr avel =
� 6 EUR=h.

Otherutility parametersincludethe “typical” durationsof homeandwork, which areset
to t �

h = 16 hoursand t �
w = 8 hours, respectively. Given thesevalues,and a 24-hourday,

the expectedmaximumscorefor a plan is ¤ 120 (¤ 60 per activity). Agentsmay departor
arrive homeat any time, without penalties.The “work” locationsopenat 7:08 AM andclose
at midnight,allowing agentsto leave work at any time. Thelateststartingtime for work is set
to 8:52AM, which,with theopeningtime of thework location,de�nesagents'desiredarrival
timewindow for work.

It is calculatedby assuminga normaldistribution of thedesiredarrival time at work, with
anaveragearrival time (� ) of 8:00AM andstandardderivation(� ) of 0.5hours,thenderiving
from this a uniform distribution with thesamestatistics,andsettingthestartandendtimesof
the arrival time window equalto the endpointsof the uniform distribution. The meanof the
uniform distribution is setto � , andits endpointsaresetto � � a. Thestandarddeviation of a
uniform distributionwith theseendpointsis a=

p
3, which is setequalto � . Thus,a = � �

p
3,

which causestheendpointsof thedistribution, andof the time window, to equal� � � �
p

3.
Thesevaluesweresetto correspondwith thoseusedin asimilarstudyby Marchal(2003).

For scoreaveraging,theblendingfactor� is setto 0:1. Thisis ausefulcompromisebetween
zerolearningandoverreaction.Oneexpectsthatchangesin � will mostlyaffect thespeedof
relaxation;thismaybea topicof futureresearch.

7.3.2 Overview of Runsand Measurements

The resultsof four versionsof this demandscenarioarepresentedbelow. Thesearecreated
usingtwo differentsetsof initial conditionsandtwo differentreplanningsettings.Thetwo sets
of initial conditionsare:

� Externallyde�ned initial times: The endtimesfor the agents'�rst homeactivities are
generatedasdescribedabove in Sec.7.1.2.Onceanagent'shomeactivity ends,it imme-
diatelydepartsfrom homeanddrivesto work, whereit staysfor 8 hours,andthenreturns
home.

� Initial departure timesat 6:00 AM: The departuretime structureof the initial plansis
destroyedin ordertostartthesimulationin animplausiblesituation,andto testtheagents'
ability to �nd a plausibletime structureon their own. The sameinitial plan setis used
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asabove, but the endtime for the �rst homeactivity of every agentis setto 6:00 AM,
meaningall leavehomefor work at theexactsametime.

Thetwo replanningsettingsare:

� Timesandroutes: Agentsperformactivity androutereplanningasdescribedin theitera-
tion sequencefor this agentdatabasein Sec.6.3. I.e.,ptimes = pr outes = pr nd = 10%. In
this casea total of 20%of theagentsobtainnew plansperiteration.

� Routesonly: Activity time replanningis switchedoff: ptimes = 0%;pr outes = pr nd =
10%. In this casea total of 10%of theagentsobtainnew plansperiteration.

Theresultsof thesefour versionsof this scenarioarecomparedusingthefollowing indica-
tors:

1. Averagetraveltime: Thetotal travel timeof bothtrips in theexecutedplan,averagedover
all agentsfor eachiteration;

2. Averagescore: Theblendedplanscore,averagedoverall agentsfor eachiteration;

3. Departureandarrival timehistograms: Thenumberof agentsthatarriveanddepartfrom
anactivity duringaparticulariteration,summedover5 minutetimebins;

4. Traf�c countdata comparison: As in Sec.7.2 above, themeanabsolutebias,meanab-
solutebias, meanrelative bias, meanabsoluteerror, and meanrelative error of some
iterationof thesimulationscomparedto thecountingdatadescribedin Sec.7.1.3.

7.3.3 Externally De�ned Initial Times

This version of the ZRH6–9 scenariotestsif the agentlearning, when time replanningis
switchedon, remainscloseto the time structuregiven by the externaldata. Sincethe initial
plansarebasedon realistictime distributions,onewould assumethat thetime replanningwill
not affect the resultvery much. In addition,oneexpectsthat with timesreplanningswitched
off, theaveragetravel timeandcongestionshoulddecreasefrom thosefoundin theinitial state
(freespeedroutes).

Figure7.5 displaysthe averagetravel times, andFigure7.6 displaysthe averagescores,
for eachiteration of both runs with externally de�ned initial times. In the routesonly run
(Figs.7.5(a)and7.6(a)),the averagetravel time quickly reachesa relaxed state,asexpected
from previous experience,whereabout50 iterationswere neededfor route relaxation. The
scorestake longerto relax,comparedwith the travel times,sincethe scoresareblendedwith
pastscores. The small �uctuations in both plots aredue to the stochasticityof the mobility
simulationandthereplanning.

For thetimesandroutesrun(Figs.7.5(b)and7.6(b)),theaveragetravel timequickly reaches
a minimal valuecomparableto the relaxed value in Fig. 7.5(a),but then increasestoward a
higherrelaxedvalue. Theaveragescorebehavesmuchthesamewayasfor theroutesonly run,
thoughit seemsto relaxa little slower, andto a slightly lower value.Both plotsalsoappearto
�uctuate more. Theslower relaxationandthehigher�uctuations canbothbeattributedto the
fact that therearenow twice the numberof agentsperformingreplanning,anda given agent
mustoptimizeboth activity timesandroutesbefore�nding its bestscore. The fact that the
averagetravel timesincreasewhile theaveragescoresalsocontinueto increaseindicatesthat
agentsareabletocompensatefor alongertravel timebyarriving toworkatamoresuitabletime;
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Figure7.5: ZRH6–9with secondagentdatabase:Travel times for the runsusingexternally
de�ned initial times.Theseplotsdisplaytheaveragevaluesof thetravel timecollectedoverthe
entirepopulationof agentsduringeachiteration.
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Figure7.6: ZRH6–9with secondagentdatabase:Scoresfor therunsusingexternallyde�ned
initial times. Theseplotsdisplaytheaveragevaluesof theplanscorecollectedover theentire
populationof agentsduringeachiteration.

i.e.agentsthatwereformerlyearlyor latecannow arrivewithin thework arrival timewindow.
Longertravel timesarenecessarysincemoreagentsaretrying to usethenetwork at thesame
time. This is supportedby thearrival time histograms,describednext. Thelongertravel times
addpenaltiesfor travelingmore,andreducerewardfor performingactivities,causingthelower
total score.

Thedepartureandarrival timehistograms(Figure7.7)show how thereplanningaffectsthe
timestructureof theagents'trips. Both theroutesonly andthetimesandroutesrunsstartfrom
thesametime structurein iteration0 (Figure7.7(a)).Sincetheroutesonly run doesnot allow
replanningof activity times, the homedeparturetime distribution (HDTD) staysthe samein
later iterationsasin the initial iteration(seedottedline on left sideof Figure7.7(b)). In this
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(a) Iteration0 (samefor bothruns).
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(b) Iteration259for theRoutesOnly run.
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(c) Iteration197for theTimesandRoutesrun.

Figure7.7: ZRH6–9with secondagentdatabase:Departureandarrival timehistogramsfor the
runswith externallyde�ned initial times.Takenover5 minutetimebins.

run agentscanonly changetheir travel times(by changingroutes),so the work arrival time
distribution(WATD; solid line on left sideof Figure7.7(b))changesto morecloselymatchthe
shapeof theHDTD, causingmoreagentsto arriveearlierthanin theinitial iteration.All agents
continueto usean8 hourwork duration,sothework departuretimedistribution(WDTD; dotted
line on right sideof Figure7.7(b))is identicalin shapeto theWATD.

In the timesandroutesrun, agentsmay changetheir departuretime from home(HDTD;
dottedline on left sideof Figure7.7(c)). They do so in orderto arrive within thework arrival
time window, which is clearly visible betweenthe two peaksin the WATD (solid line on left
sideof Figure7.7(c)). The two peaksof the WATD histogramareat the 7:10–7:15AM time
bin andthe8:45–8:50AM time bin, just “inside” the bordersof the time window de�ned for
theseruns.Thepeaksexist becausemany agentsin theinitial time structurearrive too earlyor
too lateto work, andthey must“squeeze”into thetimewindow to attainbetterscores.Oncean
agenthasoneor moregoodplansthatarrive within thatwindow, it no longerneedsto “push”
its plansto arrive furtherinsidethewindow, sincethereis nodifferencein utility for any arrival
time that is within thewindow. This probablyindicatesthat thearrival time window for work
needsto becalibratedcloserto reality, but at themomentnosuchcalibrationdatais available.
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(a)Traf®c count data vs. RoutesOnly, iteration
262.
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(b) Traf®c countdatavs. TimesandRoutes,itera-
tion 200.

Figure7.8: ZRH6–9with secondagentdatabase:Graphicalcomparisonof traf�c countdata
to simulationresultsfor the runswith externallyde�ned initial times. Datais taken from the
7:00–8:00AM hour.

Bias/ Error Routesonly Timesandroutes
MeanAbs. Bias: + 331.40 + 306.32
MeanRel. Bias: + 19.62% + 25.27%
MeanAbs. Error: 533.55 503.77
MeanRel. Error: 37.50% 35.38%

Table7.2: ZRH6–9with secondagentdatabase:Biasanderrorof traf�c countdatacompared
to simulationresultsfor the runswith externallyde�ned initial times. Datais taken from the
7:00–8:00AM hour.

Figure7.8 shows the comparisonbetweentheseresultsand the traf�c countdatafor the
12 links aroundZurich, asdescribedin Sec.7.1.3,above. Thetwo runsdo not seemto differ
from eachother very much with respectto actual traf�c counts,and most of the points lie
within the“acceptable”range.Thequantitative measuresof biasanderrorsareagainsimilar,
comparingbothcolumnsof Table7.2. Thetableappearsto show, however, anover-estimateof
�o w between7–8AM. Thismakessense,giventhe“squeezing”of agent's trips to arrivewithin
the work arrival time window. This is anotherindicationthat the arrival time window needs
bettercalibration.

7.3.4 Initial Departure Timesat 6:00AM

Theprevioussectiondemonstratedthat the resultsbothwith respectto the time structureand
with respectto validationdo not (at least)becomeworsewhentime replanningis switchedon.
However, theinitial conditionswerestill basedon theexternallygiventimestructure.

Thisversionof theZRH6–9scenariotestshow well theagentscangeneratea realistictime
structureevenwhenstartingfrom a clearlyimplausiblesetof initial conditions.To do this, the
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Figure7.9: ZRH6–9with secondagentdatabase:Travel timesfor therunswith initial departure
timesat 6:00AM. Theseplotsdisplaytheaveragevaluesof the travel time collectedover the
entirepopulationof agentsduringeachiteration.

endtimeof thehomeactivity for everyagentis resetto 6:00AM in theinitial planset,without
alteringany of theotherplanattributes.

Figure7.9 displaysthe averagetravel times,andFigure7.10displaysthe averagescores,
for eachiterationof both runswith initial departuretimesat 6:00 AM. In the routesonly run
(Figs.7.9(a)and7.10(a)),theaveragetravel time andaveragescoretake longerto achieve an
approximatelyrelaxedstate,with the�nal travel timemuchhigherthanthatseenin Fig. 7.5(a),
andthescoreendingup signi�cantly lower thanin Fig. 7.6(a).Thesetrendsmake sense,since
it shouldtake longerto relaxto a lesscongestedstatewhenmore(in fact,all) agentsareusing
theroadwaysat thesametime in theinitial iterations.Also, sinceagentscannotavoid starting
their trips at thesametime with only routereplanningenabled,they will not be ableto avoid
eachotheraswell asin any of therunswith moredistributedtime structures.This leadsto the
highertravel times,andthesehighertimescoupledwith thefact thatmany moreagentsarrive
earlyto work (seearrival timehistogramsin Figure7.11(b),describedbelow) meansthescores
arelower thanin otherruns.

For thetimesandroutesrun(Figs.7.9(b)and7.10(b)),theaveragetravel timedropsquickly
asagentsstartusingemptyroutes,thenslows its descentasmoreagentsgetoutof eachothers'
way. It takesmany iterations,but eventuallythevaluerelaxesto aboutthesamevalueseenin
Fig. 7.5(b).Theaveragescoreclimbsveryslowly over theiterations,but alsoendsup at about
thesamelevel asthescoresin Fig. 7.6(b).These�nal valuesindicatethattheagentsareableto
�nd plansthathave aboutthesametravel timesasin the timesandroutesrun with externally
de�ned initial times,andallowstheagentsto arriveatwork within thede�ned timewindow.

The departureandarrival time histograms(Figure7.11)show how the agentsadaptfrom
having implausiblestartingconditions. Both the routesonly and timesandroutesrunsstart
from the sametime structurein iteration 0, as depictedin Figure 7.11(a),which shows the
HDTD with a largespikeat6:00AM, andagentsarriving to work for nearly5 hoursafterthat.
In theroutesonly run (Fig. 7.11(b)),all of theagentsmustcontinueto departat 6:00AM, but
they improve their routesandmost of themareable to arrive at work by 9:00 AM (seethe
WATD; solid line on left). Naturally, becauseof theconstraintsin theplans,moreagentsarrive
to work between6:00 AM and7:00 AM thanin otherhistograms,including in the timesand
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Figure7.10: ZRH6–9with secondagentdatabase:Scoresfor the runswith initial departure
timesat 6:00 AM. Theseplotsdisplaytheaveragevaluesof theplanscorecollectedover the
entirepopulationof agentsduringeachiteration.

Bias/ Error Routesonly Timesandroutes
MeanAbs. Bias: � 344.76 + 99.24
MeanRel. Bias: � 31.28% + 12.42%
MeanAbs. Error: 644.11 520.26
MeanRel. Error: 43.84% 36.09%

Table7.3: ZRH6–9with secondagentdatabase:Biasanderrorof traf�c countdatacompared
to simulationresultsfor therunswith initial departuretimesat6:00AM. Datais takenfrom the
7:00–8:00AM hour.

routesrun (Fig. 7.11(c)).In thetimesandroutesrun, thepeaksof theHDTD andWATD occur
in thesametime bins asthecorrespondingpeaksin Fig. 7.7(c),which arethe7:05–7:10AM
and7:10–7:15AM bins, respectively. However, the peaksarehigher, andmoreagentsleave
homeandarriveatwork earlier, thanin therunwith externallyde�ned initial times.

Figure7.12andTable7.3 show thequalitative andquantitative comparisons,respectively,
betweentheserunsandthetraf�c countdatatakenfrom theZuricharea.Onecanseethatin the
routesonly run (Fig. 7.12(a)),that too few agentsareusingthe links between7:00–8:00AM.
This is con�rmed by theleft columnof thetable,whichshowsa largenegativebias,andmakes
sense,becausetherearemoreagentson theroadbetween6:00–7:00AM thanthereshouldbe,
loweringthenumberof agentsdriving after7:00AM.

With thetimesandroutesrun, thegraphin Fig. 7.12(b)appearsqualitatively similar to the
previous comparisons,e.g. Fig. 7.8(b). The quantitative comparisonof the right column of
Table7.3showssigni�cantly lessbias,but slightly moreerrorthanseenin Table7.2.

7.4 SecondAgent Database:CH6±9

The above resultsfocus only on the Zurich areadue to the memory limitation imposedby
32-bit computers(practicallyabout2 GB) and the useof a singleagentdatabase.A 64-bit
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(a) Iteration0 (samefor bothruns).
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(b) Iteration101for theRoutesOnly run.
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Figure7.11: ZRH6–9with secondagentdatabase:Departureandarrival time histogramsfor
therunswith initial departuretimesat6:00AM. Takenover5 minutetimebins.

dual-processorOpteronmachinewith 10 GB of memoryhasbeenobtained,which breaksthis
memorybarrierfor runninglargersimulationswith asingleagentdatabase.

This sectionpresentsresultsfrom a run of thesecondagentdatabase(seeChap.6) on the
64-bit machine,executingthe CH6–9“home-work-home”scenariodescribedin Sec.7.1.2.1.
Onceagain,this is a setof 988,666agentswhoseinitial planshave themleave homebetween
6:00AM and9:00AM, drive to work, stayfor 8 hours,andreturnhome.

While Sec.7.2 usedmore-or-lessthis sameinitial demand,that run wasdonewithout full
dayplansandwithout theability to addmodulessuchastheactivity timeallocationmodule.

The setupof the agentdatabase,utility function, and initial demandis the sameas the
externallyde�ned initial timessetupfor theZRH6–9scenario(Sec.7.3.3),only thegeographic
areaandthe numberof agentsis changed.In addition,with the extra memoryavailable,the
numberof planseachagentmaystorecanbe expandedfrom Nplans = 5 to Nplans = 6. The
simulationis runusingroutesonly (noactivity timereplanning)andtimesandroutes(with both
activity time replanningandroutereplanning)scenarios.

Figure7.13 shows the averagetravel times,andFig. 7.14 shows the averagescores,per
iterationfor bothsetups.Onecanseesimilarbehavior to theZurich-onlycase(Figs.7.5and7.6)
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(a)Traf®c count data vs. RoutesOnly, iteration
103.
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(b) Traf®c countdatavs. TimesandRoutes,itera-
tion 350.

Figure7.12: ZRH6–9with secondagentdatabase:Graphicalcomparisonof traf�c countdata
to simulationresultsfor therunswith initial departuretimesat6:00AM. Datais takenfrom the
7:00–8:00AM hour.
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Figure7.13: CH6–9with secondagentdatabase:Travel times for the runs usingexternally
de�ned initial times.Theseplotsdisplaytheaveragevaluesof thetravel timecollectedoverthe
entirepopulationof agentsduringeachiteration.

exceptthetravel timesarelower overall, andthescoresrelax faster, andto highervaluesthan
thoseseenearlier. Presumablythis is due to the large numberof trips taking placein less
crowdedareasof Switzerland,whereagentscan�nd optimalplansfasterthanin Zurich.

The histogramsof Fig. 7.15have similar shapesto the Zurich-only histograms(Fig. 7.7),
but with moreagentsinvolved. This makessense,sincethesameinitial time distribution was
used,andthesametime mutationwasusedin theactivity time allocatormodule.Onecansee
that in iteration0 a higherpercentageof agentsareableto arrive between7:00–8:00AM than
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Figure7.14: CH6–9with secondagentdatabase:Scoresfor therunsusingexternallyde�ned
initial times. Theseplotsdisplaytheaveragevaluesof theplanscorecollectedover theentire
populationof agentsduringeachiteration.

Bias/ Error Routesonly Timesandroutes
MeanAbs. Bias: + 26.34 + 257.32
MeanRel. Bias: + 3.26% + 34.47%
MeanAbs. Error: 294.25 363.25
MeanRel. Error: 27.75% 41.58%

Table7.4: CH6–9with secondagentdatabase:Bias anderror of traf�c countdatacompared
to simulationresultsfor the runswith externallyde�ned initial times. Datais taken from the
7:00–8:00AM hour.

in justZurich,sinceSwitzerlandis lesscongestedoverall thanZurich.
Figure7.16andTable7.4 show the comparisonof the CH6–9runsto the countsdatabe-

tween7:00and8:00AM. Thistime,thecomparisonis madeusing30countingstationsthrough-
outSwitzerlandwith datathatcouldbematchedto thenetwork.

Onecanseein these�gures thattherun with time mutationenabledhasmany morepoints
above the centerline thanbelow it, indicatingan over-predictionof volumesduring the hour
between7:00and8:00AM. Table7.4con�rms thisquantitatively.

The tableshows that the routes-onlyscenariodoesa muchbetterjob of matchingto the
countsdatathanthetimesandroutesrun. ThesenumbersarebetterthantheVISUM assignment
(seeTable 7.1). The timesand routesresultsshow a high bias comparedto VISUM or the
Zurich-only results.This indicatesanover-predictionof travel during the7:00-8:00AM hour
throughSwitzerland.

While theseresultsstill seemto besomewhatplausibleand/orrealistic,it is obviousthatthe
ad-hocutility functionmaynotbecorrectlycalibratedto matchreality. Onecanseein Fig.7.15
thatafter230iterations,therunwith timesreplanningenabledhasmoreagentsleaving between
7:00and8:00AM thanthe initial time distribution does.Althoughthesamething happensin
theZRH6–9scenario,thereappearsto bea largerdiscrepancy betweenthetwo with theCH6–9
run.

While it is possibleto “tweak” the parametersto correctthis over-predictionwithin the

83



 0

 10000

 20000

 30000

 40000

 50000

 60000

 0  5  10  15  20

N
um

be
r 

of
 A

ge
nt

s

Time of Day (h) -- Iteration 0

HDTD / WDTD
WATD / HATD

(a) Iteration0 (samefor bothruns).

 0

 10000

 20000

 30000

 40000

 50000

 60000

 0  5  10  15  20

N
um

be
r 

of
 A

ge
nt

s

Time of Day (h) -- Iteration 198

HDTD / WDTD
WATD / HATD

(b) Iteration198for theRoutesOnly run.
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(c) Iteration230for theTimesandRoutesrun.

Figure7.15:CH6–9with secondagentdatabase:Departureandarrival time histogramsfor the
runswith externallyde�ned initial times.Takenover5 minutetimebins.

currentframework, it seemsthatthebestcourseof actionwouldbeto �nd empiricallyjusti�ed
modelsfor timeallocation.This falls underfuturework.

7.5 Computational Performanceof the Framework

Computationalspeedis animportantaspectof thesimulationframework becausethe iteration
sequencesneedto be executedmany timesper scenario.In orderto give plannersthe ability
to try out asmany situations,options,and/orparametersas they wish, the executiontime of
thefeedbackcycle shouldbeminimizedin orderto performasmany iterationsaspossiblein a
smallamountof time (e.g.overnight).

7.5.1 Execution Timesfor the First Agent Database(MySQL)

Figure7.17showsseveralgraphsrelatingto theexecutiontimeasafunctionof iterationnumber
for theimportantstepsin the�rst agentdatabasefeedbackapproach.Most of thegraphsrefer
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(b) Traf®c countdatavs. TimesandRoutes,itera-
tion 230.

Figure7.16: CH6–9with secondagentdatabase:Graphicalcomparisonof traf�c countdata
to simulationresultsfor the runswith externallyde�ned initial times. Datais taken from the
7:00–8:00AM hour. Comparewith Figure7.4(b).

to theCH6–9scenario,which is themorerealisticoneof thetwo.
Figure7.17(a)showstheexecutiontimefor thosefeedbackstepsthatarelinearin timebased

on their input size(O(n)). Thenumberof plansin thedatabasegoesup by 10%eachiteration,
and the executiontime of theseoperationsincreaseslinearly with the iterationnumber(and
thusthenumberof plans).So,mostof thedatabaseoperationsscaleup (essentially)linearly in
thenumberof plansit contains.This graphalsoallows oneto comparethe resultsof the two
test-cases,basedon their problemsize. TheGotthardscenariobeganwith 50,000planswhile
theCH6–9scenariobeganwith about1,000,000.By multiplying theGotthardexecutiontimes
by 20,onecanseethoselinesmatchwith theCH6–9lines,furthersupportinglinearscale-up.

Figure7.17(b)shows someotheroperations(suchasparsingthe events�les) that do not
havelinearexecutiontime,butmostlyconstantexecutiontime(O(1)). Theserely ontheamount
of dataproducedby the simulator, suchasthe numberof events. In theseplots, the mobility
simulationtakesmoretime to run in theearly iterationsbecausethemore“nä�ve” plansof the
agentscausemorecongestion,which takeslonger(i.e.moresimulatedtime) to dissipate.

Figure7.17(c)shows the executiontime—for the CH6–9scenarioonly—of differentver-
sionsof theoutput-travel-timesoperation,which requeststhejoinedoutputof anagents'travel
time scoreswith theused-plan�ags. In the “old” method,output-travel-timesasked thedata-
baseserver to sort theinformationby theagentandplannumber. This took a long time within
thedatabase(“output-tt w/DB sort”). This wasimprovedsigni�cantly by askingthedatabase
for unsorteddataand then sorting it externally (via the Unix “sort” command). The corre-
spondingexecutiontimesfor databaseoutputandfor externalsortingare“output-tt unsorted”
and“sort-tt”. Evenwhenaddingup thosetwo time contributions(“output-tt + sort”), they are
still signi�cantly lessthanwith theoriginalapproach.

Figure 7.17(d) summarizesthe other threegraphsby depicting the contribution of each
operationto the total executiontime of eachiteration. This graphshows the “old” method,
wherethedatabaseis askedto sorttheoutput-travel-timesresults.Onecanseethattheoutput-
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Figure7.17: GotthardandCH6–9with the �rst agentdatabase:Executiontimesof various
contributionsto oneiteration,asa functionof theiterationnumber. “G” refersto theGotthard
scenario;“6–9” to theCH6–9scenario.

travel-timesoperationtakesa moreandmoresigni�cant fraction of theexecutiontime asthe
iterationsprogress.
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7.5.2 Execution Timesfor the SecondAgent Database(C++)

For theZRH6–9scenario,oneiterationwith thesecondagentdatabasetakeson averageabout
102minutes.Theapproximateaveragedurationof sub-stepsof aniterationis listedbelow:

� 18 secfor theactivity timeallocationmodule

� 23min for theroutereplanningmodule,of whichabout19min is spentreadingtheevents

� 39 min for the mobility simulation,including �le input andoutput(seealsoCetin and
Nagel,2003)

� 11 min for merging theevents�les from themobility simulation

� 16 min for readingmergedeventsandprocessingtheminto scores

� 105secfor writing theselectedplans

� 12 min for otherI/O processes/bottlenecks,communicationanddatapreparations

Thesetimesallow thecalculationof 15–20iterationsperday.
Figure7.18showsgraphsof theexecutiontimesfor variousstepsin theCH6–9scenariofor

thesecondagentdatabase.Note thatabout14 minutesof theroutereplanningis spentby the
routerreadingandprocessingevents.Onecanseethattheseexecutiontimesareverysimilar to
theonesabove,for theZRH6–9scenario,eventhoughthereareaboutfour timesasmany agents
in theCH6–9scenario.This similarity canbeexplainedby thefact thattheagentdatabasefor
the CH6–9scenariois run on the 64-bit machine,which hasa newer, fasterCPU,andfaster
a memoryarchitecture. In addition,the mobility simulation,for the ZRH6–9scenarioruns
inef�ciently dueto thefactthattheentireSwitzerlandnetwork is simulated,but agentsonly use
theZurichpart,soevenwhenrunningin parallelonseveralCPUs,only afew CPUsareactually
doingany work. For CH6–9about10 iterationscanberunperday.

7.5.3 Other PerformanceIndicators

7.5.3.1 Disk Usage

TheMySQL databasefor theGotthardscenariotakesa total 159MB of disk spaceafter50 it-
erations(0–49). TheMySQL databasefor theCH6–9scenariotakesa total of 1.3 GB of disk
spaceafter51 iterations(0–50).

A typicalTRANSIMS-basedplans�le for theGotthardscenariotakesabout22MB of disk
space(1.3–2.1MB whencompressed).A typical TRANSIMS-basedplans�le for theCH6–9
scenariotakesabout127MB (25–28MB whencompressed).

A typical XML-format plans�le for the CH6–9scenario(which hasadditional“work to
home” trips) takesabout571MB of disk space(36 MB whencompressed).For theZRH6–9
scenario,acompletedatasetgeneratedby oneiterationof thesecondagentdatabaseproduces
about280MB of data(whencompressed).Thesearegenerallykept for the �rst andlast few
iterations,andalsofor every 10th iterationin between.For eachof the other iterations,only
about8 MB of (compressed)analysisinformationis kept. For CH6–9with the secondagent
database,thesenumbersgoupto about1 GB perentirecompressediteration,andabout33MB
of (compressed)analysisinformationfor otheriterations.
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(c) Cumulative timesfor theRoutesOnly run.
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(d) Cumulativetimesfor theTimesandRoutesrun.
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run mobility simulation

merge events

read events & score plans

Figure7.18:CH6–9with secondagentdatabase:Individualandcumulativeexecutiontimesper
iterationfor majorstepsin theiterationsequence.

7.5.3.2 Memory Usage

Thenumberof plansthata memory-basedagentdatabasecanhold is limited by the memory
thatasingleprocesscanaddress.In a32-bit architecture,this limit is 2 GB of memory.

A single “home-work-home”plan in the memoryof the secondagentdatabasetakesup
500-700Bytesof memory. Agentstypically keep5–6plansin memory, which for theZRH6–9
scenarioresultsin about1 GB of memory(including someoverhead).The CH6–9scenario
is aboutfour timesthis size,which is why it cannotrun on the32-bit architecturewith all the
agentson onecomputer.

The replanningmodulesalsoneedmemoryto function. The routermodule,for example,
needsabout200MB of memory, which is feasible.Higherresolutionnetworkswill needmore
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memorywhichmightbecomeaproblemin thefuture.

7.5.4 XML PlansReading/Writing Speed

The parserthat translatesthe XML format plans�le into agentandplan objectstakesa long
time to parsetheplansin comparisonto parsingTRANSIMS-basedplans.

XML PlansParsing:about45 secondsto readabout98,867plans,or about0.046msecper
plan.

XML PlansWriting: about2 minutesto write 988,666plans,or about0.012msecperplan.
Thiswill bediscussedfurtherin Chap.10.

7.5.5 Execution Speedof the Mobility Simulation

Computationalissuesfor thetraf�c �o w simulationarediscussedin detailelsewhere(Cetinand
Nagel,2003;Cetin,2005). Themain resultfrom thoseinvestigationsis that,usinga Pentium
clusterwith 64CPUsandMyrinet communication,thequeuesimulationcanrunmorethan500
timesfasterthanreal time (excludinginput andoutput),meaningthat24 hoursof traf�c of all
of Switzerlandcanbe simulatedin lessthan3 minutes. Actual performance,including input
andoutput,canbeseenin thegraphsandnumberspresentedabove.

7.5.6 Summary and ConclusionsRegardingTheseResults

This chapterpresentsresultsof large-scalerunsof the multi-agenttransportationsimulation,
includingcomparisonsto realdata,andcomputationalperformancemeasurements.Onelearns
from theseresultsthatthesystemis ableto reproducetraf�c throughoutSwitzerlandandZurich
thatis at leastasrealisticasa standardassignmentmodel(i.e. theVISUM assignmentresults).
This is trueevenwith anactivity timesreplanningmodulethatignoressimulationperformance,
andproducesrandomizedoutput. Theagentsarestill ableto learnwhich plansarebetter, and
areable to guide their own learningto �nd plansthat performbetterthanwhat they started
with. Computationalperformancedoesnot yet meetthegoalof performinganentireiteration
sequenceovernight; techniquesto improveperformancewill bediscussedin Chap.10.
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Chapter 8

TechnicalIssues

The previous two chaptershave shown the basic implementationtwo versionsof the agent
database.This chapterpresentsmoredetailsaboutthe implementation,andpointsout some
technicalissuesrelatedto implementationdecisions.

8.1 MySQL Agent Database

Figure 8.1 shows the iteration control script, in pseudocode.This hidessomenonessential
technicaldetails,suchasexact �lenames,somecommand-linearguments,anderrorchecking.
Thescriptscalledby this scriptarepresentedin later�gures:

� create db.sql , in Fig. 8.2,initializestheMySQL databasefor useby thesystem;

� load plans.sql , in Fig. 8.3,loadsasetof plansfrom aplans�le into thedatabase;

� output travel times.sql , in Fig. 8.4, writes a �le containingthe travel time
(score)for eachplanof eachagentcontainedin theagentdatabase;

� pick plans.awk , in Fig.8.5,readsthetravel timeoutputof output travel times.sql
andchoosestheplanto executein thenext runof themobility simulation;

� read flags.sql , in Fig. 8.6,readstheoutputof pick plans.awk andupdatesthe
�ags tablein thedatabase,writing thechosenplansto a �le;

� read events.awk , in Fig. 8.7,processestheeventsfrom thesimulationinto aninter-
mediate�le of link entries/exits for eachvehicle,andwritesa �le (ENDTIMES) contain-
ing thearrival timeof eachvehicleat its destination;

� update tt.sql , in Fig. 8.8,updatesthetravel times(scores)of theplansin theagent
databasebasedon theENDTIMES �le; and�nally

� parse link times.awk , in Fig.8.9,convertstheintermediate�le fromread events.awk
into aggregatedlink travel timesfor therouter.
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copy initial acts �le to acts �le
copy initial plans �le to plans �le
runcreate db.sql in MySQL
convertplans �le to databaseformat;saveasplans.for.db
run load plans.sql in MySQL
for iter ( 0; : : : ; 50do

if iter > 0 then
run routerf readsacts �le andtravel times�le ; writesplans �le for 10%of theagentsg
convertplans �le to databaseformat;saveasplans.for.db
run load plans.sql in MySQL

end if
runoutput travel times.sql in MySQL
if usingexternalsortingfor travel timesthen

sorttravel times.out by agentID andplannumber
end if
pick plans.awk -v seed= iter travel times.out > flag update.in
run read flags.sql in MySQL
runparalleltraf�c �o w simulation
mergeevents�les into events�le
read events.awk events�le > events.start end
runupdate tt.sql in MySQL
parse link times.awk events.start end > travel times�le

end for

Figure 8.1: Pseudocodefor the iteration control script in the MySQL versionof the agent
database.Variablesarein italics; scriptnames,speci�c �lenamesandcommandline sequences
arewritten in monospace .

8.2 C++ Agent Database

Figure8.10shows thepseudocodeof theiterationcontrolalgorithmbuilt into theC++ version
of the agentdatabase.The selectPlans() function referencedin this pseudocodeis ex-
pandedin Fig. 8.11. The subroutinementionedthere,selectPlanExpBeta() , is shown
in Fig. 8.12. As would be expected,thecodefor selectPlanExpBeta() is quitesimilar
to thechoose plan num() function in Fig. 8.5. Themajordifferencebetweenthemis the
subtractionof themaximumscorefrom thescoresduringtheprobabilitycalculation.

8.3 XML PlansParsing

Figure6.1shows anexampleof theXML-basedplansformat. Onecanseethat thedatahasa
hierarchicalstructureof “tags” (thewordsin <>'s),with attributes(key/valuepairs)associated
with eachtag. For example,the“act” and“leg” tagsarecontainedwithin a “plan” tag,but not
directlywithin a“person”tagor within other“act” tags.The“act” taghasattributeslike“type”
and“link”, while the“person”taghasits own attributes,suchas“id.”

In orderto maintainthehierarchicalstructureof thedatawithin the(second)agentdatabase,
I createda collectionof connectedclassesin C++ that representeachtagof theplansformat,
alongwith their associatedattributesandrelationships.Table8.1 shows theattributesof each
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DROPDATABASEIF EXISTS agdb ;
CREATE DATABASEIF NOT EXISTS agdb ;
USE agdb ;

CREATE TABLE plans (
agent INT UNSIGNEDNOT NULL DEFAULT 0,
plan_num INT NOT NULL AUTO_INCREMENT,
is_new TINYINT UNSIGNEDNOT NULL DEFAULT 1,
start_time INT UNSIGNEDNOT NULL DEFAULT 0,
plan TEXT NOT NULL,
PRIMARY KEY ( agent , plan_num )

);

CREATE TABLE travel_times (
agent INT UNSIGNEDNOT NULL DEFAULT 0,
plan_num INT NOT NULL DEFAULT 0,
travel_time INT NOT NULL DEFAULT 0,
PRIMARY KEY ( agent , plan_num )

);

CREATE TABLE flags (
agent INT UNSIGNEDNOT NULL DEFAULT 0,
plan_num INT NOT NULL DEFAULT 0,
flag TINYINT UNSIGNEDNOT NULL DEFAULT 0,
PRIMARY KEY ( agent , plan_num )

);

Figure8.2: create db.sql : Initializesthedatabaseandtables.

UPDATE plans
SET is_new = 0
WHEREis_new <> 0;

LOAD DATA LOCAL INFILE 'plans . for .db' INTO TABLE plans
FIELDS TERMINATEDBY ',' LINES TERMINATEDBY '\n \n' (

agent ,
start_time ,
plan

);

# Now all inserted plans have is_new = 1; add rows into flags and
# travel_times tables for these new plans .

INSERT INTO flags
SELECT agent , plan_num , 0
FROM plans
WHERE is_new = 1;

INSERT INTO travel_times
SELECT agent , plan_num , 0
FROM plans
WHERE is_new = 1;

Figure8.3: load plans.sql : Readsan(initial/updated)plans�le into thedatabase.

classof this object-oriented,hierarchicaldatastructurefor plansinformation.Onecanseethat
it closelyresemblestheXML plansexamplein termsof informationandstructure.Whenone
objectneedsto storeoneor moreof anotherobject(sucha Personinstancecontainingseveral
Plan instances),a C++ StandardTemplateLibrary (STL) vector containeris usedto store
theinstances.

92



LOCK TABLES travel_times READ, flags READ;

SELECT
travel_times .agent ,
travel_times .plan_num ,
travel_time ,
flag

INTO OUTFILE 'travel_times . out'
FROM

travel_times ,
flags

WHERE
travel_times .agent = flags .agent AND
travel_times .plan_num = flags. plan_num

## GROUPBY agent , plan_num # Uncomment to sort in MySQL
;

# NOTE: No UNLOCKhere ; that is done when the flags are read .

Figure8.4: output travel times.sql : Outputstheentireupdatedtravel-timestable,so
theexternalscriptcanchoosethenew setof plans.Includesthe�ag to indicatewhichplanwas
chosenlasttime (if any).

class attribute
name type name notes

Person string id required
unsigned (selectedPlan) internal;index of “selected”plan

vector<Plan> (plans) internal;holdsa list of plans
Plan double score optional

bool selected optional(default = false)
vector<Activity> (activities) internal;holdsa list of activities

vector<Leg> (legs) internal;holdsa list of legs
Activity string type required

double x100 optional
double y100 optional

ID linkID optional
ID zoneID optional

Time startTime optional
Time endTime optional
Time duration optional

Leg string mode required
Id num optional

Time departureTime optional
Time travelTime optional
Route route canbeempty

Route N/A N/A optional;holdslist of nodeIds

Table8.1: Componentsandattributesof plansdatahierarchy.
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BEGIN { srand (seed ); }

function choose_plan_num () {
sum = 0;
max_p = 0;
while ( p = 1 ; p in tt ; p++ ) {

if ( tt[ p] == 0 ) { return p; } # ALWAYSchoose new plans
prob [p] = exp(-1.0/360.0 * tt[ p]);
sum += prob [p];
max_p = p;
p++;

}

sum_list [0] = 0;
for ( p = 1 ; p <= max_p ; p++ ) {

norm_prob [p] = prob [p] / sum;
sum_list [p] = sum_list [p -1] + norm_prob [ p];

}

if ( sum_list [max_p ] != 1.0 ) {
sum_list [max_p ] = 1.0;

}

r = rand ();
p = 1;
while ( r >= sum_list [p ] && ( (p+1) <= max_p ) ) {

p++;
}

return p;
}

function update_flags () {
pn = choose_plan_num ();
for ( p in tt ) {

print old_agent , p, p == pn;
}
delete tt;

}

NR == 1 { old_agent = $1; }

{
agent = $1;
plan_num = $2;
travel_time = $3;
if ( agent != old_agent ) {

update_flags ();
}
tt [plan_num ] = travel_time ;
old_agent = agent;

}

END { update_flags (); }

Figure8.5: pick plans.awk : Readsa �le of agent,plan num, travel time, and�ag from
output travel times.sql . Choosesthe new plan num for eachagentbasedon the
travel time. Assumesinput is sortedby agentthenby plan num.
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CREATE TEMPORARYTABLE tmp (
agent INT UNSIGNEDNOT NULL DEFAULT 0,
plan_num INT NOT NULL DEFAULT 0,
flag TINYINT UNSIGNEDNOT NULL DEFAULT 0,
PRIMARY KEY ( agent , plan_num )

);

# READ lock of travel_times is overridden here
LOCK TABLES flags WRITE, plans READ;

LOAD DATA LOCAL INFILE 'flag_update .in ' INTO TABLE tmp;

REPLACEINTO flags
SELECT *
FROM tmp;

DROPTABLE tmp;

# Output chosen plans
SELECT plan
INTO OUTFILE 'plans .out '
FIELDS TERMINATEDBY ',' ESCAPEDBY '' LINES TERMINATEDBY '\n\n '
FROM

plans ,
flags

WHERE
plans .agent = flags .agent AND
plans .plan_num = flags .plan_num AND
flags .flag = 1;

UNLOCKTABLES;

Figure 8.6: read flags.sql : Updatesthe �ags and writes the chosenplans. The
flag update.in �le is outputfrom pick plans.awk .

Oneissuewhenusinga vector, or otherSTL container, is whetherit shouldcontainactual
object instances(which are boundto the memoryusedby the vector) or pointersto object
instances(which have independentlyallocatedmemoryandcansit anywherein theprogram's
memoryspace).Pointersto objectsarea bit messierto dealwith thantheactualobjects,and
causemorememoryto beusedoverall—thememoryusedis thatof theobjectplusthememory
usedby thepointer. However, pointersaregenerallysmallerthanobjects,socopying apointeris
oftenmuchfasterthancopying anobject.Thisgenerallymakesresizingandcopy operationson
thevectorfaster. Sincepointerscanpoint to objectsanywherein memory, accessingobjectsvia
avectorof pointersis likely to causemorememorycachemissesthanwould accessingobjects
storeddirectly in a vector. Theagentdatabasegenerallyneedsto usememoryasef�ciently as
possible,sinceit storesthedataon somany agents.For this reason,in theplansdatastructure
I choseto storeobjectsdirectly in the vectors,ratherthan storing pointersto objects. This
decisionbringswith it a time performancepenalty, however, asmoredataneedsto becopied
whencopying aplanobjectfrom onelocationto another.

FromFig. 6.1 onecanseethat thearrangementof datain an XML �le is somewhatcom-
plicated,in comparisonto a simplecolumn-or line-orientedtext �le. TheExpatXML parser
library, written in C, providesasimpleinterfaceto thelogical structureof theXML �le, where
the actualprocessingof the contentis left to the userprogram. While readingan XML �le,
Expatextractstheimportantpartsof theXML, namelythebeginningof eachtag(or element),
including the tag's inlined attributes; the endof eachtag; and the databetweentags. When
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BEGIN {
print " VEHICLE" , " LINK" , "ENTRY" , "EXIT " ;

}

/TIMESTEP/ { next ; } # Skip header line (s)

{
timestep = $1;
vehicle = $2;
link = $3;
flag = $5;

end_time [vehicle ] = timestep ;

# 2 means vehicle exits link
if ( flag == 2 ) {

if ( older_time [vehicle ] != "" ) {
print vehicle , old_link [vehicle ],

older_time [vehicle ], old_time [ vehicle ];
}
older_time [vehicle ] = old_time [vehicle ];
old_time [vehicle ] = timestep ;
old_link [vehicle ] = link ;

}
}

END {
for ( v in end_time ) {

print v, end_time [v ] > " END_TIMES" ;
}

}

Figure8.7: read events.awk : Readsasinglemergedevents�le (sortedby eventtime)and
�gures out wheneachvehicleenteredandexited eachlink in its plan (excluding the �rst and
lastlinks, sincethey arenot traversedcompletely).

oneof thesepiecesis encounteredby Expat,it callsauser-de�ned functionto handletheactual
content,with adifferentfunctioncalledfor eachtypeof piece.

UsingExpatto aidin parsingXML datarequirestheuserto write severalof these“callback”
functionsto handlethe varioustagsthat will be encountered,andtheir associatedattributes.
Thesefunctionsmustbeableto accessthestateof theprogramin orderto changeit basedon
theincomingdata.This approachis not very object-oriented,but Expatprovidesa mechanism
to somewhatencapsulatethedatathatthecallbackfunctionsneedto access.

I implementedanXML plansparserclassin C++ thatactsasa“wrapper”aroundExpatand
hidesit from restof thesoftwaresystem.Theparserprovidesthenecessarycallbackfunctions
for parsingthe XML plansformat, andallows the userto gain morecontrol over the �o w of
the parsing. The parseris awareof the datastructurede�ned above, andcaneasilybuild up
completeplan andpersonobjectswhile readingXML plansdata. Figure.8.13 presentsthe
basiccomponentsof thisparserin pseudocode.It parsesthe�le onePersonata time,returning
control to theuseraftercompletingat leastonePersonobject. Thegranularityof theparsing
is controlledby the BUFFSIZEvariable; if a persontag takesup morebytesin the �le than
BUFFSIZE, thenseveral“chunks” maybereadbeforereturningcontrol. On theotherhand,if
thepersontagsaresmall comparedto BUFFSIZE, thenseveralPersonobjectsmight be read
per “chunk.” The parsermaintainsan internalqueue(implementedasan STL “deque”class)
that keepstrack of the Personobjects,returningthemto the user(who requeststhemvia the
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CREATE TEMPORARYTABLE end_times (
agent INT UNSIGNEDNOT NULL DEFAULT 0,
end_time INT NOT NULL DEFAULT 0
PRIMARY KEY ( agent )

);

LOAD DATA LOCAL INFILE 'END_TIMES' INTO TABLE end_times ;

LOCK TABLES travel_times WRITE, flags READ, plans READ;

REPLACEINTO travel_times
SELECT

flags .agent ,
flags .plan_num ,
( end_times .end_time - plans .start_time ) AS travel_time

FROM
flags ,
plans ,
end_times

WHERE
flags .agent = plans .agent AND
flags .agent = end_times . agent AND
flags .plan_num = plans .plan_num AND
flags .flag = 1;

DROPTABLE end_times ;

Figure 8.8: update tt.sql : Updatestravel times. The ENDTIMES �le is output by
read events.awk .

getNextPerson function)in theorderthey wereread.
While this plansparseris convenient,it unfortunatelyhasseveral performancepenalties

built in. The �rst is that sinceall objectsin the plansdatahierarchyare kept as instances
insteadof pointersto instances,copying a Person object is an expensive operation. The
getNextPerson() functioncopiesthePersonobjecttwice: onceto get it out of thequeue
andonceto return it to the calling function. This is an unavoidableconsequenceof storing
objectsdirectly in anSTL deque(double-endedqueue)container.

Anotherperformancepenaltywith theplansparseris thatin orderto be“all C++” it converts
Expat's C-basedstrings(characterarrays)into C++-basedstrings(morecomplicatedobjects)
beforehandlingthem. This meansmuchtime is spentin betweenExpat's parsingof thedata
andtherestof thesystemseeingthatdata,asthestringsareconverted.

Theseproblemsserve to slow down plansreadingsigni�cantly comparedto the speedof
parsingplain text �les, or of having ExpatparseXML without processingthedatain context.

8.4 LessonsLearned

The C++ versionof the agentdatabaseis muchmore�e xible in termsof handlingmodules,
andtrying out new features,thanits MySQL counterpart.If I wereto re-implementthesystem
yet again,I would do somethingsdifferently, however. I would implementthesystemin C++,
but make it lesstightly coupledto thePlansformatusedfor transportation.This way, it would
beeasierto usethesameagentdatabasefor othersimulationsof socialsystemswith learning
agents.

The agentdatabasedoesnot in generalneedto “understand”the contentsof an agent's
strategies,or thecommunicationthatoccursbetweenagentsandtheexternalmodules.It sim-
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BEGIN {
min_time_bin = 10000.0;
max_time_bin = -10000.0;
min_link = 100000000.0;
max_link = -1.0;
print " LINK" , "TIME " , " COUNT" , "SUM" ;

}

NR > 1 {
vehicle = $1;
link = $2;
entry_time = $3;
exit_time = $4;
travel_time = exit_time - entry_time ;

# 21601...22500 => 25
# 22501...23400 => 26
time_bin = int ( (travel_time -1) / 900 );
count [link , time_bin ] ++;
sum[link , time_bin ] += travel_time ;

if ( link > max_link ) { max_link = link ; }
if ( link < min_link ) { min_link = link ; }
if ( time_bin > max_time_bin ) { max_time_bin = time_bin ; }
if ( time_bin < min_time_bin ) { min_time_bin = time_bin ; }

}

END {
for ( tt = min_time_bin ; tt <= max_time_bin ; tt ++ ) {

for ( ll = min_link ; ll <= max_link ; ll++ ) {
if ( ( ll, tt ) in count ) {

print ll , (tt+1) * 900, count[ ll,tt ], sum[ll,tt ];
output_link [ll ] = 1;

} else if ( output_link [ll ] == 1 ) {
count [ll ,tt] = count [ll, tt-1];
sum[ll,tt ] = sum[ll ,tt-1] - count [ll ,tt] * 900;
if ( sum[ll, tt ] <= 0 ) {

sum[ll , tt] = 0;
count [ ll,tt] = 0;

}
print ll , (tt+1) * 900, count[ ll,tt ], sum[ll,tt ];

}
}

}
}

Figure8.9: parse link times.awk : Readstheoutputof read events.awk , andtrans-
forms it into somethingresemblinga TRANSIMS travel times�le. Whenno vehiclesentera
link duringa given time bin, if any vehicleshave enteredat somepoint before,thecountand
sumareestimatedfrom thoseof thepreviousbin. Onceany queueson thelink areresolved,a
0 for sumandcountis reported,to tell therouterto gobackto usingthefree-speedtravel times
for thelink for thisandfuturetimebins.

ply needsto make the plansavailableto the agents,keeptrack of their scores,andprovide a
mechanismfor themto communicatewith themodules.In fact,eventheeventsprocessingcan
bemovedto anexternalmodulethatcalculatesthescoresfor theagents.

So, thenew agentdatabasewould storesimpleagents,not derived from thePersonclass.
Theseagentswould storepointersto somegenericandopaquePlan object,andscoresassoci-
atedwith thoseplans.This is verymuchlike theway theMySQL versionstoresdata.Thenew
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readcon�gurationparametersfrom con�g �le

f createagentsg
openinitial plans �le for reading
while anyMorePersons()= tr ue do

agent ( new Agent(getNextPerson())
insertagent into Agents map,keyedby ID

endwhile
closeinitial plans �le

for iter ( 0; : : : ; 50do

selectPlans()

if iter > 0 then
f replanactivity timesg
actScheduler.writeRequestedPlans(plans �le )
actScheduler.run(plans �le )
readAndUpdatePlans(plans �le )

f replanroutesg
router.writeRequestedPlans(plans �le )
router.run(events�le , plans �le )
readAndUpdatePlans(plans �le )

end if

writeSelectedPlans(plans �le )

runparalleltraf�c �o w simulation

mergeevents�les into events�le

readEvents(events�le ) f triggersplanscoringg

save �les andcheckpointdatabase
end for

Figure8.10:Pseudocodefor theiterationcontrolscriptin theC++versionof theagentdatabase.
Variablenamesarein italics.

versionwouldbeahybridof thetwo in this respect.
In addition,I would rewrite the plansparsercompletelyto work betterwith moregeneric

plansdata,andto bemoreperformanceconsciousratherthanoverly elegant.
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for all agent 2 Agents do
r ( Random.getNextUniform(1.0)
p ( Random.getNextUniform(agent.numPlans())
if iter = 0 then

agent.selectPlan(p) f usuallyonly 1 planinitiallyg
elseif r < 0:1 then

actScheduler.requestNewPlan(agent, p)
elseif r < 0:2 then

router.requestNewPlan(agent, p)
elseif r < 0:3 then

agent.selectPlan(p)
elseif � = 1 then

agent.selectBestPlan()
else

agent.selectPlanExpBeta()
end if

end for

Figure8.11: selectPlans():Eachagentchoosesamongtheir currentplans,or requestsa new
planfrom amodule.

8.5 Summary

This chaptershows someof the implementationandalgorithmicdetailsof the two agentda-
tabaseversions. Objectorientedtechniquesallow the C++-basedagentdatabaseto be more
�e xible over-all, but allow for complicatedmistakesthatarehardto �x onceothersbegin using
thesoftware.

100



if hasUnde�nedScores()then
f all plansmusthaveascoreg
selectRandomUnscoredPlan()
return

end if

psum ( 0
probs( vector of double s
for pp ( 1; : : : ; numP lans() do

prob( exp(� � (plans[pp]:score()� getMaxScore()))
if prob� 0 then

prob= M I N PROB f lowestpositive�oating-point numberthatcanberepresentedg
end if
probs[pp] = prob
psum = psum + prob

end for

lastCumProb( 0
cumProbs( vector of double s
for pp ( 1; : : : ; numP lans() do

lastCumProb( lastCumProb+ probs[pp]=psum
cumProbs[pp] = lastCumProb

end for
if lastCumProb6= 1 then

cumProbs[numP lans()] ( 1
end if

r ( Random.getNextUniform(1.0)
pp ( 1
while ( r � cumProbs[pp] ) AND ( pp+ 1 � numP lans() ) do

pp = pp+ 1
endwhile

selectPlan(pp)

Figure 8.12: selectPlanExpBeta():An agentchoosesa plan basedon the multinomial logit
choicemodel.
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f Theparse functiong
pauseParsing( FALSE
while NOT ( doneParsingORpauseParsing) do

allocatebuffer of sizeBUFFSIZE(= 8192)
readatmostBUFFSIZEcharactersfrom plansFile
if plansFile is atendthen

doneParsing= TRUE
end if
call Expatto parsethecontentsof thebuffer f Expatexecutesthecallbacks;whenaPerson
hasbeencompletelyparsed,pauseParsingis setto TRUEg

endwhile

f TheParser initialization functiong
f acceptstheparameter�lenameg
openthe�le �lenamefor reading
createanew instanceof theExpatparser
registercallbackfunctionswith Expat
pauseParsing( FALSE
doneParsing( FALSE
initialize personQueue
parse()

f TheanyMorePersons functiong
f returnsabooleanvalueg
if ( personQueue.size()> 0 ) ORNOT doneParsingthen

returnTRUE
else

returnFALSE
end if

f ThegetNextPerson functiong
f returnsaPerson objectg
if ( personQueue.size()� 1 ) AND NOT doneParsingthen

call parse()
end if
returnPerson( personQueue.front() f COPY!g
personQueue.pop front()
returnreturnPersonf COPY!g

Figure8.13: Pseudocodefor themain partsof theXML plansparser. Thecallbackfunctions
arestraightforward,simply insertingdatainto objectsvia setmethods.

102



Chapter 9

Outlook: Ar chitectureApplication

Previous chaptershave so far describedthe designandreal-world validationof a multi-agent
framework for transportationsimulationintendedto beappliedto transportationplanningprob-
lems. Sincethe framework is alreadymodular, andthe XML plansformat is extensibleand
easilyadaptable,it makessenseto considerapplyingthe ideasof the framework, suchasthe
agentdatabaseandtheseparatestrategy andphysicallayers,to othersocio-economicplanning
applications.In fact,thebasiccomponentsandideasof theframework have beenkeptgeneral
enoughto beableto utilize the framework in otherapplicationswheremulti-agentsimulation
maybeof use.

9.1 An Ar chitectural Planning Problem: Of�ce Building In-
teriors

Onesuchapplicationlies in the�eld of architecture,in thedesignof of�ce buildings.Architects
must�nd locationsfor thebuilding's servicesthat �t within theengineeringconstraintsof the
building, while meetingtheneedsof thepeoplethatusethebuilding. This couldbesaidto be
“building interiorplanning.” Thisis notthesametaskasplanningthelayoutof severalbuildings
on a plot of land,for examplein a residentialneighborhood,althoughsimilar methodscanbe
usedto solveboth.

In this problem,servicesareassignedto speci�c areasof �oorspacein thebuilding, which
aredubbedquasi-rooms,or “qooms” for short. Oneqoom providesonetype of service(e.g.
of�ce space,meetingarea,coffeeroom,toilet, etc.)to thebuilding'susers.Theactualroomsof
thebuilding maybecomposedof oneor moreqooms.For example,theof�ce roomof a high-
rankingbossmight includean “of�ce space”qoomfor his desk,anda “meetingarea”qoom
with a tableandchairsfor having small groupmeetings.Also, roomshave walls, but qooms
do not; they just mark off the areareserved for a givenservice.Walls canbe addedoncethe
qoomsarein their �nal positions,but this taskis regardedascurrentlyoutsidethescopeof this
application.

The needsof the building's users(workers,clients,etc.) aredeterminedby how they use
thebuilding. Eachuseris assumedto follow aprede�nedschedulerequiringtheuseof speci�c
qoomsatspeci�c timesduringtheday. A qoommaybeusedby asingleuser(suchasanof�ce
spaceqoom)or maybeusedby agroupof usersat thesametime(suchasmeetingareaqoom).
Usersmaywish to have frequentlyusedservicesnearoneanother, or may preferto not walk
far to �nd otherusersthey work with regularly. For example,someonemaywish their of�ce
to benearthe coffee room,or neartheof�ce of a closelyinteractingcolleague.While users'
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schedulesarelikely to beaffectedby the layoutof thebuilding, it is assumedin this problem
thatthey areexternallyde�ned and�x ed.

9.2 The Framework for the Ar chitectureApplication

Thetaskof assigninglocationsto qoomswithin thebuilding thatmeettheneedsof theusersand
theconstraintsof thebuilding is generallylessinterestingthandesigningthebuilding itself, it
is desiredto �nd awayto automatethisprocessfor thearchitects.Theapproachto thisproblem
is to usea multi-agentsimulation,with theintent thatthesameframework structure,if not the
sameframework software,canbeusedto implementthesimulation.

9.2.1 Agents

The problemis thatqoomsneedto be assignedto locationswithin the building thatmeetthe
needsof the usersof the building. The ideais that both theqoomsandtheusersbecomeau-
tonomousagents.Theqoomagentsallocatespacefor themselveswithin thebuilding, possibly
competingwith otherqoomsfor precious�oorspace,andtheuseragentsexecutetheirschedule,
utilizing theappropriateqoomsasthey do so. Thegoalsof theqoomagentsareto �nd “good”
locationsfor themselves,while thegoalsof theuseragentsaresimply to follow their schedules
andutilize theqooms.In orderto determineif theusers'needsarebeingmet,someinforma-
tion mustgo betweentheuseragentsandtheqoomagents.Theusersknow abouttheqooms
throughtheir locationsandtheir services.In orderfor theqoomsto know abouttheusers'view
of their locations,theuseragentsgive“scores”to theqoomsthatexpresshow well theqoomis
meetingtheneedsof theagent.For example,if two qoomsarefar away from eachother, but
a userwould preferthemto be closertogether, the usercould give themlower scoresthanif
they wereclosertogether. The qooms,then,have the ultimategoalof maximizingthe scores
providedfrom theagents.Throughiterations,qoomsmay learnwhereto positionthemselves
to obtainhigherscoresfrom theirusers.

9.2.2 The Physical Layer

In this simulationframework, the physical layer is a simulationof the of�ce building. The
building simulationmodelsa physical“shell” for theof�ce building, thebasicshapeof which
hasalreadybeendeterminedby the architects,andthe internalspaceof the building. It may
provide certainresources,suchaselectricalconnections,lighting, waterpipes,etc., that the
qoomsmayutilize toprovideservicestousers.Thephysicalsimulationalsomodelsengineering
andotherconstraintsin the building, suchas the amountof spacebetweenbuilding support
columns.

Insidethebuilding simulation,qoomsexecutesomestrategy to claimspacewithin thebuild-
ing. Unlike in the transportationapplication,wheretravelershave well de�ned dayplansthat
areeasilyconvertedinto strategies,in this applicationa strategy for qoomagentsis lesswell
de�ned. Otherpossibleimplementationsof thephysicallayerarestill beingexplored;in par-
ticular, differentkindsof strategiestheqoomagentsmayuseto allocatethemselveswithin the
building. Someof theprototypesaredescribedbelow.

Oncethe qoomsare located,the usersmay begin executingtheir schedules,utilizing and
evaluatingthe qooms.Their evaluationswould take the form of eventsthat thestrategy layer
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would translateinto scoresfor theqoomagents.Thework of Prof. Nagel's groupwith pedes-
triansimulationsindicatesapossiblesecondsimulationcouldbeusedto modeltheuserswalk-
ing aroundandinteractingwithin thebuilding (Gloor etal., 2003,2004;Gloor,2005).

9.2.3 The Restof the Framework

Thegoalis to useanagentdatabaseto storetheagentsandstrategiesin thissimulation.In prin-
ciple, this shouldbe the sameagentdatabaseasis usedin the transportationsimulation,only
with thepartsspeci�c to thetransportationapplication(suchastheagentbehavior andstrategy
objects)“swappedout” for thoseof thearchitectureapplication.Theappropriate“pluggable”
externalstrategy moduleswould bepluggedin, insteadof thetransportationmodules.This re-
quiresonly thatthestrategy modulesfor thearchitectureapplicationhaveaconsistentinterface
andcanreadandwrite �les containingstrategies.

However, at this time possiblephysicallayer simulationsarestill beingimplementedand
tested,along with qoom agentstrategies and scoringmechanisms.As such, there is not a
well-de�ned de�nition for a “strategy” yet, nor a setof externalstrategy generationmodules.
Eventsdo not yet exist, exceptin principle,althoughthe prototypesdo provide a mechanism
for agentsto obtainscoresfor theirstrategies.Therefore,anexternalagentdatabaseis notyeta
usefulcomponent,but aswill beshown below, someof theprototypeimplementationsinclude
learningandfeedbackfunctionalitythatis similar to thatof theagentdatabase.

9.3 Prototypesfor Strategies,Scoringand the PhysicalLayer

The purposeof agents'strategies within the framework is to describethe agents'decisions
andintentionsto thephysicallayer in sucha way that it canexecutethoseintentionsand�nd
out how thedecisionsof theagentsaffect the interactionbetweenall theagentsin thesystem.
Unlike in thetransportationapplication,theagentsin this applicationdo not have well-de�ned
strategiesonwhichto build thesimulationin thephysicallayer. Thus,it makessenseto develop
thephysicallayermodelsanddynamicsat thesametime astheagents'strategies.Thescoring
mechanismfor agivenstrategy needsto beexploredaswell.

Heretwo prototypesfor thephysicalsimulation,agentstrategies,andscoringmechanisms
arepresented.In bothof theprototypes,thebuilding is assumedto take up only one�oor , and
thetypesof qoomsavailableare“work,” “coffee,” and“meeting”qooms.Thesecondprototype
alsohas“toilet” qooms.Thebuilding hasoneentrance,andusersarein a generic“outsidethe
building” areawhennot insideusingthebuilding. Users'schedulesaresimilar to thetravelers'
dayplansin thetransportationframework. They list, for eachagent,a sequenceof “activities”
that the agentperformsduring the day, startingwith “be outside.” Eachactivity speci�es its
type,endingtime, andthe speci�c qoomidenti�er the agentwishesto use,suchas“meeting
qoom 3,” “of�ce area2,” etc. Multiple agentscan be in the sameqoom at the sametime;
particularlyin thecaseof meetingsor coffeebreaks.Exampleplanscanbeseenin Figure9.4.
Thus,by readingthesetof users'plans�rst, thephysicalsimulationcandeterminehow many
qoomsof eachtypearerequiredandcreatethoseagentsaswell astheuseragentsspeci�ed in
theplans.Next thespeci�c prototypesaredescribed.

9.3.1 SpreadingQoomsPrototype

Thisprototypeis somewhatbasedon theKaisersRotproject(Fritz andBraach,2002),which is
a computersimulationdesignedto lay out the lots, roads,andbuildings in a residentialneigh-
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borhood,or a small town, in sucha way asto feel to the inhabitantslike theareahas“grown”
slowly over time, ratherthanhaving beenplannedin advance. Figure9.1 depictsthe stages
of thealgorithm: Givena de�ned areaof landanda setof buildings (Fig. 9.1(a)),KaisersRot
placesthebuildings randomlyin theareaof land,with attributessuchasdesiredlot size,and
attraction/repulsionto certainotherbuildings(Fig. 9.1(b)).During the�rst stageof thesimula-
tion, thebuildings“push” otherbuildingsaway to “defend” their desiredareaof land,de�ned
by a circle of a certainradiusaroundthe building. This causesthe buildings to spreadapart
(Fig. 9.1(c)). They also“pull” buildings they areattractedto closerto them. Next, thebuild-
ingsare�x edat their �nal locations,andthe land is divided into polygonallots, with borders
betweeneachpair of neighboringbuildings(Fig. 9.1(d)).Thebuildingsagaindefendtheir lots,
by pushingandpulling thecornersof their polygons(Fig. 9.1(e)).Finally, streetsare“grown”
in betweencertainlots (Fig. 9.1(f)).

In this prototypeimplementationfor of�ce buildings, theqoomsbehave like thebuildings
in KaisersRot,althoughonly in the“spreadingout” stage,sincetherearenowallsor bordersto
adjustfor qooms.

9.3.1.1 QoomStrategies

A qoom's strategy is simply its startingpositionwithin the building; desiredqoomradiusis
�x edby qoomtypebut in laterversionscouldbepartof thestrategy. Thephysicaldynamicsin
thesimulationdeterminewherea qoomendsuponcethe“spreading”phasehasended.

Thesimulationimplementsasimpleagentdatabaseintegratedinside,storing� vestrategies
perqoomagent,with aprobabilitytogenerateanew strategy; ascoringmechanismthatincludes
scoreaveraging;andthesamemultinomial logit modelto selectbetweenstrategiesasis used
by the transportationapplication's agentdatabases.New strategiesaregeneratedas random
coordinateswithin thebuilding, andnotproducedby anexternalprogram.

9.3.1.2 PhysicalDynamics

Qoomsspreadapartin thephysicalsimulationbyapplyingforcestooneanother, aswith Kaiser-
sRot. A qoomis representedasa circle andappliesa force to every otherqoomwhosearea
overlapswith its area,proportionalto theoverlapdistance.SeeVöllmy (2003)for thedetailed
equations.In addition,theouterwalls of thebuilding apply forcesto qoomsthat try to move
outsideof thede�ned border. Thesimulationcalculatesthemovementcausedby theforceson
theqooms,anditeratesoversmalltime stepsuntil theforcesbalanceout andthey stopmoving
(de�ned within a threshold).

9.3.1.3 Scoring of Qooms

Qoomsobtainscoresfrom users'evaluationsof their positions,plus their own evaluationsof
theirpositions.A qoom'sscoreis composedof componentsbasedon thefollowing indicators:

� how far theuserswalkedwithin thebuilding to arriveat thisqoom's location;

� how far theqoomendedup from its initial position;

� how muchoverlapwith its neighborsremains(i.e.whennotenoughspacein thebuilding
for all qooms);

� penaltiesor bonusesfor occupying certainqoomatoms(e.g.thosewith Ethernetports);
and
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(a)Emptyplot of land. (b) Randomizebuilding locations.

(c) Buildingsspreadout. (d) Lot bordersadded.

(e)Lot bordersadjusted. (f) Streetsadded.

Figure9.1: TheKaisersRotprocedureto build aneighborhood.
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� a penaltyfor endingupoutsidethebuilding.

Sometestresultsfrom thisprototypearepresentedbelow.

9.3.2 Dynamic QoomsPrototype

In the “SpreadingQooms”prototype,all qoomsobtainedpositionsin the building beforethe
usersstartedusingthem. In this prototype,theusersassignpositionsto theqoomswhile they
executetheir schedules.

Theideabehindthisprototypeis thatwhenusersmovebetweenactivities in their schedule,
they try to build the qoomthey needfor their next activity “on-the-�y.” That is, they look at
the layout of the building, andconsiderdifferentoptionsfor whereto placetheir next qoom.
For example,if a userneedsan “of�ce space”qoom, it might build oneout of emptyqoom
atoms,take over someoneelse's emptyof�ce, or transformanunusedcoffee-breakqoominto
anof�ce. Eachchoicehasassociatedcosts,anddependingon whatoptionsareavailableand
theircosts,theagentdecideswhichoptionto implement.Unliketheotherprototype,thescoring
is doneby the usersasthey choosethe qoomsbasedon the costs,ratherthanafter usingthe
qoom.

To facilitatethis, the spaceavailableto qoomsis divided into discreteunits called“qoom
atoms.” Thesizeof a qoomatomis typically determinedby engineeringconstraintsandother
rules, suchas building codes. A qoom atom is the smallestamountof spacethat may be
allocatedto a qoom; a qoommay includemorethanoneqoomatom,but a qoomatommay
only beallocatedto asingleqoom.In this version,aqoomatomis 1.35m � 3.75m.

9.3.2.1 Strategies

In this implementation,theqoomsarepassive,anddowhattheuseragentstell themto do. The
strategiesfor placingqoomsbelongto theusersratherthanthe qoomsthemselves. However,
currentlythealgorithmfor �nding qoomplacementoptions,andthescoringmechanismis the
samefor all agents.So,thereis nothingspeci�c to a givenagent,althoughparameterssuchas
optioncostscouldbeindividualizedin laterversions.

9.3.2.2 Simulation Dynamics

Thesimulationsimultaneouslyexecutestheschedulesof all theuseragents.Whenauserwants
to moveto aqoom,eitherfrom outsidethebuilding or from anotherqoom,it looksfor theqoom
within thebuilding. Evenif theqoomalreadyhasa location,theuserwill still checkfor other
possiblelocationsto move the qoom. However, if otherusersarealreadyusingthe qoomat
the time, theuserwill simply go to theqoomanduseit. This allows multiple usersto have a
meetingin ameetingqoom,withouteachusermoving theqoomasit arrives.

While searchingfor a location for a qoom, the user“tries out” variousqoom placement
options. That is, it makesa list of the availableoptionsandcalculatesthe scoreof eachone,
eventuallychoosingonebasedon their scores.Thetypesof optionsareasfollows:

� UseExistingQoom: The qoomis alreadyassignedto someqoomatoms;the useruses
theqoomasit currentlyexists.This is expectedto beaninexpensiveoptionto encourage
usersto useexistingqooms.

� Build New Qoom: Theuserbuilds a qoomoutof emptyqoomatoms.If any qoomatoms
chosenfor thisoptionarenotempty, theqoomsthatcontainthemmustbedestroyed�rst
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options:= emptylist
for all qoomscq in thebuilding thathaveqoomatomsalreadyassigneddo

if cq is thesameqoomthen
addUseExistingQoomOption(qoom)to options

elseif cq.type== qoom.typethen
addTakeOverQoomOption(qoom,cq) to options

else
addReplaceQoomOption(qoom,cq) to options

end if
end for
for x := 0 ... ( building.sizeX- qoom.minSizeX) ) do

for y := 0 ... ( building.sizeY- qoom.minSizeY)do
qoomatoms:= emptylist
for i := 0 ... ( qoom.minSizeX- 1 ) do

for j := 0 ... ( qoom.minSizeY- 1 ) do
addqoomatomat (x + i, y + j) to qoomatoms

end for
end for
addBuildNewQoomOption(qoom,qoomatoms)to options

end for
end for
returnoptions

Figure9.2: Pseudo-codefor theprocedureusedby usersto makea list of possibleqoomplace-
mentoptions.

to make themempty. Destroying a qoomalsomeans“kicking out” any userscurrently
inside, forcing themto stop their activities and try to rebuild their qoomelsewhereto
continuetheir activitiesata latertime.

� TakeOverQoom: Theuser“takesover” anexistingqoomof thedesiredtypebut renames
it (i.e. changesits ID) to becomethedesiredqoom.

� ReplaceQoom: Theuserassignstheqoomto thespaceoccupiedby analreadyexisting
qoom,which is of adifferenttypethanwhatis desiredby theuser. Thismeanstheqoom
mustbedestroyed(forcing any usersinsideto exit theqoom),anda new onebuilt in its
place.

Thepseudo-codealgorithmin Fig. 9.2 describeshow agentscreatetheir list of possibleqoom
placementoptions.Thenext subsectiondescribeshow usersselecttheir option.

9.3.2.3 Scoring of Qooms

TheQoomsthemselvesarenotscored;only theqoomplacementoptionsaregivenscores,based
on thecostof implementingthem. Theimplementationcostof a placementoption is thetotal
costof executingall the actionsrequiredto make that option a reality. The costsassociated
with variousactionsthatmightneedto betakento createqoomsatdifferentlocationsarelisted
below (default valuesin parenthesis):
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Figure9.3: Typical output from the SpreadingQoomsprototype. The qoomsare shown as
circleswith their centerandtheir ID. FromVöllmy (2003).

� useExistingQoomCost(¤ 0): the cost for re-usingthe qoom as it alreadyexists in the
building.

� takeOverQoomCost(¤ 20): thecostfor “taking over” aqoomof theright type;thatis, do
not changeits shape,just its id.

� useEmptyQoomAtomCost(¤ 1): thecostfor usingoneemptyqoomatomwhenbuilding
a qoom.

� destroyExistingQoomCost(¤ 100): the cost to destroy an existing qoom(i.e. make its
qoomatomsunused).

� kickOutCostPerUser(¤ 5): thecostfor kicking outasingleuserfrom anoccupiedqoom.

� walkingCost(¤ 2): thecostpergrid-cellof walkingbetweenqooms.This is usedsousers
preferoptionsthatarecloserto theirpreviousqoom.

The userscoreseachoption basedon its implementationcostplus the costof walking there
from its currentlocation.Theuserchoosestheoptionwith thelowesttotalcostandimplements
theoption,kicking any otherusersoutof theirqoomsanddestroying existingqoomsasneeded.
A moreextensiveversionof thisprototypecanbefoundin Völlmy (2003).

9.4 Results

9.4.1 SampleOutput of the SpreadingQoomsPrototype

Figure9.3showstypical outputfrom theSpreadingQoomsprototype.

9.4.2 SampleRun of the Dynamic QoomsPrototype

Therearethreeusersandsix qooms:threeof�ces andoneeachof meeting,coffeeandtoilet.
The building is 4 by 2 qoomatomsin size. The simulationstartsat midnight on January01.
(Theactualdatedoesnot matter;it is only usedto distinguishdifferentdays.)Thebuilding is
totally empty, andno qoomsareassignedto any qoomatoms.Time stepsin theschedulesare
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Qoom Activity Times
Type ID Start End
(Outside) N/A N/A 8:00AM
Of�ce 1001 8:00AM 10:00AM
Coffee 3001 10:00AM 10:30AM
Of�ce 1001 10:30AM 1:30PM
Coffee 3001 1:30PM 2:00PM
Toilet 4001 2:00PM 2:30PM
Meeting 2001 2:30PM 4:30PM
(Outside) N/A 4:30PM N/A

(a)Schedulefor User1.

Qoom Activity Times
Type ID Start End
(Outside) N/A N/A 8:15AM
Of�ce 1002 8:15AM 10:15AM
Toilet 4001 10:15AM 10:45AM
(Outside) N/A 10:45AM N/A

(b) Schedulefor User2.

Qoom Activity Times
Type ID Start End
(Outside) N/A N/A 12:15PM
Of�ce 1003 12:15PM 1:45PM
Coffee 3001 1:45PM 2:15PM
Meeting 2001 2:15PM 4:30PM
(Outside) N/A 4:30PM N/A

(c) Schedulefor User3.

Figure9.4: Theschedulesusedin thesamplerun. QoomIDs in the1,000's areof�ces; in the
2,000'saremeetingareas;in the3,000'sarecoffeeareas;andin the4,000'saretoilets.

5 minuteslong. Thecoststo implementqoomoptionsareall at theirdefaults.Theusersfollow
theschedulesdepictedin Figure9.4.

At 8:00AM the�rst user(id=1) entersthebuilding. It wantsto build qoom1001,anof�ce
space. Of�ce spacehasa minimum size of (x=2, y=1). Sincethereare no qoomsyet, the
userchecksevery combinationof qoomatomstwo wide by one tall; for a total of six such
combinations,andthuscreatessix Build New Qoomplacementoptions.All have thesamecost
(2 � useEmptyQoomAtomCost= 2 � ¤ 1 = ¤ 2), sincethey all have thesameaction(usetwo
emptyqoomatoms).Theuser's currentlocationis thebuilding entrance,(0, 1), so it picksthe
optionwith thesmallestwalking distance,choosingto build on qoomatoms(0, 1) and(1, 1).
SeeFig. 9.5(a)for thecurrentstateof thebuilding.

At 8:15,user2 entersthebuilding. It wantsto build qoom1002,alsoanof�ce space.All
six of user1's original Build New Qoomoptionsarepossible,thoughsomeare ¤ 105 more
expensivesinceqoom1001wouldhaveto bedestroyed(destroyExistingQoomCost=¤ 100) and
user1 wouldhaveto bekickedout(kickOutCostPerUser=¤ 5). Additionally, aTakeOverQoom
placementoptionexists,which would take over user1's of�ce. This coststakeOverQoomCost
(= ¤ 20)+ ¤ 5 = ¤ 25to kick user1 outof its of�ce. Thecheapestoptionis thereforeto build
anew qoomoutof currentlyemptyqoomatoms.Therearefour choices,andtheuserpicksthe
oneclosestto theentrance:(0, 0), (1, 0). SeeFig. 9.5(b).

At 10:00AM, user1 leavesits of�ce to getsomecoffeein qoom3001.Coffeeareaqooms
have a minimumsizeof (x=1, y=2). Severaloptionsareavailable,from takingover oneof the
of�ces (qoom1001beingcheapersinceit hasno usersto kick out), destroying BOTH of�ces
to build ona “column” of two qoomatoms(costis ¤ 5 to kick outuser2, plus¤ 200to destroy
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(a)Day1, 8:00AM (b) Day1, 8:15AM

(c) Day1, 10:00AM (d) Day1, 10:15AM

(e)Day1, 10:30AM (f) Day1, 10:45AM

Figure9.5: Snapshotsof thetestrun,day1,morning.Brightly coloredqoomshaveoneor more
usersin them(lightsareon),while darkerqoomsareempty(lights areoff).

bothof�ces plus¤ 2 to build on two qoomatomsfor a total of ¤ 207), or usingoneof thetwo
remaining“columns” of emptyqoomatoms. Onceagain,the cheapestoption is to build on
alreadyemptyqoomatoms,usingtheonesclosesto user1'scurrentlocation.Thismeansqoom
atoms(2, 0) and(2, 1). SeeFig. 9.5(c).

At 10:15AM, user2 leavesits of�ce to goto thetoilet (qoom4001).Thetoilet hasthesame
minimumsizeasthecoffeearea,soit hasthesameoptionsasuser1 did with thecoffeeroom,
with the additionof taking over the coffee room. It is cheapestto usethe last two remaining
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emptyqoomatoms,sotheuserchoosesqoomatoms(3, 0) and(3, 1). SeeFig. 9.5(d).
At 10:30AM, user1 goesbackto its of�ce. This qoomis alreadyplaced(thoughempty),

andit is cheapestto just reuseit. SeeFig. 9.5(e).At 10:45AM, user2 �nishes its scheduleand
leavesthebuilding. SeeFig. 9.5(f)

Things stay the sameuntil 12:15 PM, when user3 entersthe building and looks for its
of�ce (qoom 1003). Going from right to left, the optionsare to destroy both the toilet and
coffeeqoomsto build anof�ce spaceqoomovera “row” of two qoomatomson theright side;
destroying oneof theof�ces andthecoffeeqoomto build on a “row” in themiddle,or taking
over oneof the of�ces. It is cheapestto take over an of�ce, andthe cheapestoneis the one
withoutusers.User3 takesoverqoom1003—seeFig. 9.6(a).

At 1:30PM, user1 leavesits of�ce for a coffee. Qoom3001is alreadyplaced,soit reuses
it—seeFig. 9.6(b). At 1:45 PM, user3 joins user1 in the coffee qoom(qoom 3001). See
Fig. 9.6(c).At 2:00PM, user1 goesto thetoilet (qoom4001).SeeFig. 9.6(d).

At 2:15PM, thingsget interestingagain.User3 leavesthecoffeeroomto go to a meeting
in qoom2001. Meetingareashave a minimum sizeof (x=2,y=2), thoughwhenreplacinga
qoomthis is currentlynot checked. The usercandestroy oneor two existing qoomsto build
its meetingarea.Destroying only oneis muchcheaper, so it choosesthe optionclosestto its
currentlocation. Its currentlocationis that of the coffee qoom,andthe closestoption is the
sameqoom! It replacesthecoffeeqoomwith themeetingareaqoom,for a costof ¤ 102. See
Fig. 9.6(e).

At 2:30 PM, user1 joins user3 in the meetingarea,usingthe existing qoom. Finally, at
4:30PM, bothusersleave thebuilding andgo home.SeeFig. 9.6(f).

Thenext day, at 8:00AM, user1 comesin thebuilding andreusesits of�ce (qoom1001).
SeeFig. 9.7(a).At 8:15AM, user2 comesin thebuilding andtakesoverqoom1003,turningit
into its of�ce, 1002.Thiscosts¤ 20, plus¤ 2 to walk there.SeeFig. 9.7(b).

At 10:00AM, user1 wantsto geta coffee. Thereis no existing coffeeqoom,so theuser
mustdestroy aqoom.Thecheapestoneis theoneit occupies(becausethereis nowalkingcost),
soit replacesits of�ce with thecoffeeqoom.Notethatthis is the�rst timeaqoomhaschanged
position.SeeFig. 9.7(c).

At 10:15AM, user2 goesto the(existing)toilet, qoom4001.SeeFig.9.7(d).At 10:30AM,
user1 goesbackto its of�ce. Its of�ce qoomis not there,to it mustrebuild it. Thecheapest
option is to take over the (empty)of�ce of user2. This is doneat a costof ¤ 20, plus ¤ 2 to
walk there.SeeFig. 9.7(e).At 10:45AM, user2 leavesthebuilding.

At 12:15PM, user3 comesin, looking for its of�ce. Thereis not oneavailable,soit must
build it. Thecheapestoptionis to take over user1's of�ce, eventhoughuser1 is still usingit!
This is becausethecostof kicking a userout plus thecostof takingover a similar typeqoom
is lessthanthecostof destroying aqoom.So,user3 changesqoom1001into qoom1003.See
Fig. 9.7(f).

At thenext time step,12:20PM, user1 realizesit is not in its of�ce anymore,andtries to
getbackto it. It doesnot exist, so it mustbuild it. Like user3, it �nds thecheapestoption is
to take over theexisting qoomandkick out its user. After user1 acquiresits of�ce, duringthe
sametime step,user3 beginslooking for its qoom(dueto theorderingof agents).This means
user3 kicksuser1 outof its new of�ce, andreacquiresthatqoomfor its of�ce.

Thisuser/of�ce switchingcontinuesevery timestepuntil 1:30PM, whenuser1 goesto get
a coffee. It reusesthe existing coffeeqoom. SeeFig. 9.8(a). At 1:45 PM, user3 goesto the
coffee qoomtoo. At 2:00 PM, user1 goesto the toilet, but this qoomis alreadyplaced. At
2:15PM, user3 goesto themeetingqoom,which still exists. At 2:30PM, user1 goesto the
meetingqoom,too,andat4:30PM, all theusersgohome.
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(a)Day1, 12:15PM (b) Day1, 1:30PM

(c) Day1, 1:45PM (d) Day1, 2:00PM

(e)Day1, 2:15PM (f) Day1, 4:30PM

Figure9.6: Snapshotsof thetestrun,day1, afternoon.

Thenext day, at8:00AM, user1 comesin andreusesits of�ce (qoom1001).SeeFig.9.8(c).
At 8:15AM, user2 comesin andtakesoveruser1'sof�ce, kicking user1 out. SeeFig. 9.8(d).
After this timestep,users1 and2 �ght over thesingleof�ce until 10:00AM, whenuser1 goes
to the(existing) coffeeqoom.Fromthis point on, thesamething happensashappenedtheday
before.
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(a)Day2, 8:00AM (b) Day2, 8:15AM

(c) Day2, 10:00AM (d) Day2, 10:15AM

(e)Day2, 10:30AM (f) Day 2, 12:15PM

Figure9.7: Snapshotsof thetestrun, �rst partof day2.

9.4.3 Findings

In theabovesamplerun, theusersendedup �ghting for thesameqoom.This wasa surprising
result,so in anattemptto prevent the �ghting, differentvaluesof thekickOutCostPerUserpa-
rameterrelative to thedestroyExistingQoomCostparameterweretried. Thethresholdvalueis
kickOutCostPerUser= ¤ 80, sincecoupledwith thetakeOverQoomCost, thecostof destroying
a qoomis equalto thecostof takingover a qoomwith oneuserin it. With valuesbelow ¤ 80,
thebehavior is thesameasdescribedabove. With a valueequalto ¤ 80, thechoiceis madeby
theuserdependingon thewalking distanceto thechoice.Generally, this doesnot help,since
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(a)Day2, 1:30PM (b) Day2, 2:00PM

(c) Day3, 8:00AM (d) Day3, 8:15AM

Figure9.8: Snapshotsof thetestrun, restof day2 anduniquepartof day3.

users�ghting overa qoomarealreadyat thesameposition.With a valueof ¤ 90 (or above), it
costsmoreto stayandtake over a qoomof thesametype(whenit wasoccupied)thanto walk
andreplaceaqoomof adifferenttypethatwasempty. So,this stopsthe�ghting.

After furtherthought,it seemslike letting theusers�ght might bethebetterchoice,asthis
indicatesthat in a building with not enoughspace,usersmustshareof�ces (or otherservices),
insteadof eachhaving their own. This modelseemsto beableto indicatewhentheschedules
of theusersareincompatiblewith thespeci�edsizeof thebuilding.

Völlmy (2003)hasanadditionalimplementationwhereusershave theability of placement
optionsto “shaveoff ” excessqoomatomswithout destroying qooms.

At thispoint,agentscan“spend”unlimitedamountsto obtaintheir qooms.Theadditionof
abudgetto limit agents'spendingwouldbeaninterestingchange,but hasnotbeeninvestigated.

9.5 Summary

Thischaptershowsthattheideasfrom theframework for multi-agenttransportationsimulation
canbe usedfor otherplanningapplications.They areappliedto the architectureproblemof
planningtheinteriorof anof�ce building. Two prototypesof theimplementationarepresented
alongwith exampleresults.

116



Chapter 10

Discussion

10.1 Summary

Thisdissertationhaspresentedthedesign,implementation,andveri�cation of aMAS learning
framework for large-scaletransportationplanningproblems,aswell as the beginningsof an
applicationof this framework to anotherplanningproblemin the�eld of architecture.

Theframework is designedto be�e xible enoughto allow variousexternalstrategy genera-
tion modulesto be“pluggedin” to theframework, aslong asthey caninterfacevia eventsand
�les thatdescribeagents'plansin XML plansformat.Alternatemodulescanalterthebehavior
of agentsandallow plannersto try out differentlearningmechanisms.It allows agentsto learn
andadapttheir plansto changesin theenvironmentcausedby fellow agents,andin principle,
evenchangesmadeby transportationplannersthemselves.Theagentdatabasemakesthis learn-
ing possiblein a robustway by allowing anagentto remembermorethanjust its mostrecent
plan.Theagentdatabasegivesagentsamemoryof, andawayto judgetheperformanceof, past
plans,aswell asa way to obtainnew plansfrom time to time. Theoriginal agentdatabasewas
implementedusingMySQL, an “off the shelf” relationaldatabasemanagementsystem. For
variousreasons,thiswaslaterreplacedby amoreobject-orientedbut simplerdatabasethatkept
plansin memory, withoutstoringthemondisk in thenormalcourseof events.

Validation testsperformedwith the Switzerlandmorning rush-hourand Zurich morning
rush-hourscenariosdemonstratethattheframework canrunlarge-scaleproblemsusingtoday's
computationaltechnology, andthattheagentsreally do learnto improve their plansduringthe
iterationsequence.

10.2 Impr ovements

10.2.1 Existing Modules

Anotherpossiblesolutionto the“freewayproblem”is to reducetheamountof dataaggregation
usedby therouter. That is, make thetime binssmaller. This would likely reducetheerrorsin
travel time estimationdueto averagingover thetime bins. Althoughthis methodhasnot been
tried, it seemslikely thattheonly way to reducetheerrorcompletelyis to remove aggregation
completely.

This would effectively meanthat eachagentcould useonly the travel time information
derivedfrom its own traversalsof thenetwork. Thissuggestsanalternateversionof therouter:
onethathasaseparate“mentalmodel” for eachagent,whichgetsbuilt upastheagenttriesout
new routes.Sucha routerhasbeentried by Gloor (2001),basedonwork by Unger(2002).
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10.2.2 Other Modules

The framework designallows many moretypesof modulesto be includedin the replanning
cycle for agents.

Theoutcomeof thevarioustestspresentedin previouschaptershaveshown thatthesystem
canrelaxto useplausibledistributionsin time and/orspaceusingtheroutingmodulebasedon
time-dependentshortest-paths,andthesimpletimeallocationmodulethatonly mutatesactivity
timesanddurations.However, time distribution relaxationtakesmany hundredsof iterations.
Oneexpectsthatamoregoal-orientedtimeallocationmodule,whichtriesto returnnew activity
timeschedulesthatarebetterthanold ones,wouldallow thesystemto relaxfaster. Two versions
of suchamoduleareatdifferentstagesof developmentandcapability. Bothof themusegenetic
algorithms(GA) to “evolve” activity schedulesby mutatingor mixing existing schedules.One
of thesecontainsa global (for all agents)mentalmap of the traf�c network for estimating
travel timesbetweenproposedactivities,but only adjuststhedurationsof theactivities, leaving
patternsand locationsalone. Unfortunatelythis modulehassomebugs in the mentalmap
that have not beenworked out yet, so it generatesfaulty schedules(Schneider,2003;Raney
etal., 2003).ThesecondGA-basedmodelhasno known bugsbut is not yet integratedinto the
framework (CharyparandNagel,2003;Meisteretal., 2004).

In addition, onceactivities are generatedfrom patterns,OD matriceswill no longer be
necessary. At that point, the systemwould requirea populationgenerationmodule,which
woulddisaggregatedemographicdatato obtainindividualhouseholdsandindividualhousehold
members,with certaincharacteristics,suchas a streetaddress,car ownershipor household
income(Beckmanetal.,1996;Frick,2004).Thepopulationwouldnotmatchreality, but would
resultin thesamestatistics.

Suchmoduleswould be easyto integrateinto the framework as long as they follow the
simpleinterfaceof theexistingmodules.

10.2.3 Another Look at MySQL

The MySQL relationaldatabasemay have beenabandonedtoo early. Another look at this
system,with a view toward tuning it for fasterperformancewith large datasets,suchasby
keepingmoredatain memory, or alternatetableindexing techniques,would bebene�cial. In
addition,theMySQL versionof theagentdatabaseis “plan agnostic.” That is, it doesnot care
what the format of the plansare. The C++ agentdatabaseusesobjectsfor the plans,but this
is not strictly necessary. This makesit mucheasierto switchplanformats,for exampleto run
thearchitecturesimulations,with theMySQL version.Alternatively, otherrelationaldatabase
systems,suchasOracle,couldbestudied.

10.2.4 Learning Issues

Onesigni�cant shortcomingof the approachdescribedin this dissertationis that it doesnot
modelso-calledwithin-dayreplanning(e.g.,Axhausen,1990a;CascettaandCantarella,1991),
i.e. thefactthatreal-world travelerschangetheirplansonall timescales(e.g.,DohertyandAx-
hausen,1998),andnot just “overnight” asonewouldhave to assumefor themethoddescribed
above. Suchwithin-dayreplanningcanbeimplementedinsidethesimulationasanadditional
updaterulethatis calledwithin everytimestepof thesimulation(e.g.,Rickert,1998).Two dis-
advantagesof this approachare: (i) Thestructureof thereplanningmoduleneedsto betightly
coupledwith thesimulation.For example,thereplanningmoduleneedsup-to-dateinformation
aboutcongestion.(ii) If themobility simulationis runningon a parallelcomputer, asis often
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the case,thensuchreplanningmay make load balancingimpossible,sinceall CPUswithout
replanningagentswill wait for theoneCPUwith areplanningagentin thatparticulartimestep.

A possibleapproachto this problemis to take the existing, separatemobility simulation
androutegenerationmodules,andto couplethemvia messages.That is, thesimulationneeds
to sendstateinformationsuchasaboutcongestion,andthe routercansendnew plansto the
simulation. Thecurrentapproachto doing this is that in fact theagentdatabase,asdescribed
above, will take on the role of dispatcherfor strategic decisions.For example,if an agentis
runningbehindschedule,theagentdatabase,via themessagesit receivesfrom thesimulation,
will eventuallynoticethis. It will checkwithin anexpandedsetof strategiesif thereis astrategy
which respondsto thedelay. If thereis none,it will call anexternalmodule,suchastherouter,
to generateanew strategy thatrespondsto thenew situation.Suchamessage-basedsimulation
modulecouplingis currentlyunderdevelopment(Gloor,2001,2005).

Much time is spentwriting andreading�les to communicateplansbetweentheagentda-
tabaseandthemodules/simulation.Oneway to improve uponthis situationwould beto usea
message-basedtechnologyin theframework sothatplanscanbesentdirectlybetweenthemod-
ulesasneeded,andplansandeventscanbesentto andfrom thesimulationwhile it is running.
Sucha changewould allow decision-makingandsimulationto occursimultaneously, meaning
this changewould allow theimplementationof within-dayreplanning.Suchtechnologyis still
beinginvestigated.

Evenwith day-to-dayreplanningonly, many problemsremain. It waspointedout that the
useof anagentdatabase,i.e. thememorizationof morethanonestrategy for eachagent,solves
someconceptualproblems.However, even if oneassumesthatoneis capableof generatinga
setof plausiblestrategies,the questionbecomeswhich of thoseto select. The standardlogit
approachof pi / e� Ui , whereUi is the utility of option i , has,as is well known, the so-
calledIID property(“independencefrom irrelevant alternatives”). IID essentiallymeansthat
strategiesshouldnotberelated.Asanextremeexample,assumethattheagentdatabasecontains
threestrategies for an agent,two of which arenearly the same. IID saysthat eachstrategy
will beselectedwith a probabilityof 1/3, while it would beplausiblethat thenearlyidentical
strategiesareselectedwith a probabilityof 1/4 each,andthethird, truly differentstrategy with
a probability of 1/2. Alternatives to standardmultinomial logit are C-logit (Cascettaet al.,
1996)or path-sizelogit, which remove someof theseproblems(Bierlaire, 2002;Ramming,
2002). Note that theselogit modelsaremeantfor dealingwith overlappingroutealternatives,
but modifyingthem,or combiningthemfor dealingwith overlappingactivity plansseemsfairly
straightforward.

10.2.5 New Agent DatabasePerformance

Theperformanceof theC++ agentdatabasecouldbe improved. By implementingmessaging
betweenmodules,asdescribedabove for within-dayreplanning,theframework would experi-
encea signi�cant gain in speed.However, this would causethe moduleinterfaceto be more
complicatedthanthesimpleXML �le formatusedpresently. This is atrade-off thatwouldhave
to beexplored.

Another performanceboost is the useof parallel computing,which is supportedby the
designof the framework. At the momentthe agentdatabasekeepstrack of all agentsof the
simulation.Sincerecalculatinganagent's strategiesis completelyindependentto otheragents,
it would beusefulto introduceparallelisminto this. These“multiple agentdatabases”should
thenbe controlledby a separatemodule,which keepstrack of the feedback.This leadsto a
clearseparationof “agentdatabases”and“feedback”.
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This methodcanalsobe usedto run scenarioswith larger numbersof agents,ratherthan
having to resortto 64-bit computing.

10.2.6 Agent Interaction Within the StrategyLayer

In principle, the agent-basedapproachcanmodel interactionsbetweenagentsat the strategic
level, i.e. while they are making their decisions. For example,agentswithin the household
couldcollaborateon decisionsthataffect thegroup. Somedaythis ability maybe includedin
the framework, thoughit is not likely to be donein the nearfuture. Agentscould alsoshare
informationor experienceswith otheragents.Work with FabriceMarchal(MarchalandNagel,
2005)hasresultedin a prototypefor anactivity locationchoicemodulein which agentsshare
knowledgeof locationswith otheragentsthrough“socialnetworks.” Testingis ongoingfor this
modulewithin theframework.
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Appendix A

Appendix

A.1 Issuesof Link Travel Time Feedback

Evenwithin theframework asdescribedin Chapters3–6,thereis considerable�e xibility in how
to interpretthedifferentpieces.Oneof thesepiecesis how to aggregatethe link travel times:
While themobility simulationgenerateslink entry andexit timesfor eachindividual vehicle,
the routerneedslink traversaltimesasa function of link entry time. As alreadymentioned,
theselattertimesareaggregatedin therouterin orderto reducecomputationaloverhead.

Oneissueis whetherto uselink entry or link exit timesasthe basisfor aggregation. The
way therouterworks,onewould like theaveragetravel time of all vehiclesenteringthe links
duringa speci�c periodof time. In termsof simulationlogic, this is awkwardsinceoneneeds
to keepinformationaboutif thereis still a vehiclebelongingto sucha batchon a givenlink or
not.

As a result,TRANSIMS averagesover vehiclesleavingthelink duringa speci�c periodof
time. This hasthe disadvantagethat now the averagedinformationis not consistentwith the
router– for example,a link travel time for vehiclesexiting a link between9 and9:15is not the
sameasa link travel time for vehiclesenteringa link between9 and9:15.

This issuecan be addressedby “backdating” (Porche,1998), that is, one calculatesthe
respective link enteringtimes. TRANSIMS doesthatafter theaveraginghastakenplace.For
example,assumethat the averagelink travel time for vehiclesexiting between9 and9:15 is
10 min, andtheaveragelink travel time for vehiclesexiting between9:15and9:30 is 15 min.
By backdating,onewould arrive at theresultthatall vehiclesenteringbetween8:50and9:05
need10 min, andall vehiclesenteringbetween9:00and9:15need15 min. This clearly leads
to gapsandoverlaps;TRANSIMS usespiece-wiselinear functionsto interpolatebetweenthe
periods.

Anotherapproach,usedhere,is to separatethe aggregationfrom the mobility simulation.
Thatis, themobility simulationis askedto outputeventinformationevery timeavehicleenters
or leavesa link (this is informationthatalsotheTRANSIMS traf�c simulationcangenerate).
A post-processingstepthenaggregatesthisdatainto theinformationneededby therouter.

In the original TRANSIMS-basedframework andthe framework usingthe MySQL agent
database,thepost-processingof eventsis donewith apairof AWK scripts.The�rst script(read-
events) readsthe events�le producedby the micro-simulation,�lters the eventsthat relateto
vehiclesenteringandexiting links, andcompilesthemtogetherinto an intermediate�le that
lists, for eachvehicle,the time it enteredandexited eachlink in its plan. The secondscript
(parse-link-times) aggregatestheoutputof the�rst script,to determinetheaveragetravel time
on the links. For eachlink in thenetwork, this scriptkeepsa runningcountof thenumberof
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vehicleswhichenteredthelink duringeachtimebin of theday;aswell asa runningsumof the
total amountof time thatgroupof enteringvehiclesspenton thelink. Dividing thesumby the
countfor eachlink andtime bin combinationgivestheaveragetravel time for that link during
that time bin. In the secondagentdatabase,theseactionsareintegratedinto the router. As it
readsevents,it storeslink entry eventsfor eachagentuntil it �nds a correspondinglink exit
eventfor thatagentandlink. Oncebotharefound,theresultinglink travel time is accumulated
in thesumandcountfor thetimebin duringwhich theagententeredthelink.

A.2 Conditional Plansand Activity Durations

Somediligenceis necessaryin thetreatmentof activity durations.In principle,a daily plan is
entirely de�ned by the given sequenceof activities, the departuretime from the �rst activity,
andthedurationsof all subsequentactivities. This can,however, leadto implausiblebehavior:
An agentcan,for example,shopbeyond theclosingtime of theshop,or remainin themovie
theaterbeyondtheendof themovie. In principle,anagentshouldnotplanto dothis,but it may
happenbecauseof unexpecteddelaysearlierin theday. To preventsuchbehavior, a �rst step
toward conditionalplanshasbeenimplemented:Both the durationandthe endingtime may
be speci�ed for an activity, andthe endingtime takespriority over thedurationif the agent's
arrival time plusthedurationwould causetheagentto staypasttheendingtime. For example,
sayanagentwantsto shopfor 30minutesstartingat5:30PM,knowing theselectedshopcloses
at 6:00PM (speci�ed astheendtime of theactivity). If theagentarrives� ve minuteslate to
theshop,the 30 minutedurationwould causetheagentto leave � ve minutesafter theending
time. In this case,theendingtime takesprecedenceandtheagentdepartsat 6:00PM instead.
However, if theagentarrives5 minutesearly, it staysfor thedesired30 minutesandleavesat
5:55PM insteadof waitinguntil 6:00PM.

Thereis in facta similar problemwith thestartof anactivity: Assumethata shopopensat
8:00AM, andtheagentwantsto arrive exactly at 8:00AM andshopfor 10 min. Now assume
that theagentarrives15 min early. Theplausiblething to do would beto wait the15 min and
thenshopfor 10 min. Thecurrentimplementationwill, however, let theagentwait for 10 min
andthenlet him travel to the next activity location. This nonsensicalbehavior will probably
needto bemodi�ed in futureversions.

A.3 Mobility Simulation ShouldHandleDiffer entTravelModes

Futureversionsof the mobility simulationwill needto consistentlydeal with all modesof
transportation.However, asa simpli�cation onecould just assumethat theexecutionfollows
exactly the plan– this would correspondto a systemwithout congestion,without unexpected
variability, etc. In thatcase,therearetwo options:

� Theagentdatabaseitself takescareof modesthatthemobility simulationcannotexecute.
That is, they arejust not includedinto theplans�le. – Themaindisadvantageof this is
thatnocorrespondingeventswouldexist,making,say, theconsistentbuild-upof amental
mapmoredif�cult. For thatreason,thefollowing solutionis preferred.

� Themobility simulation“f akes” theexecutionof unknown modes.For example,assume
thataplans�le hasthefollowing information:
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<plan >
<act type ="home " location ="ab" .../>
<leg mode="walk " duration ="20min " >

<route ... />
</leg >
<act type ="work " location ="cd" .../>

</plan >

A simulationthatcansimulatethewalk modewouldlet theagentwalk alongthespeci�ed
route.A simulationthatcannotsimulatethewalk modewould just assumethatthewalk
takes20 minutes,asspeci�ed in thedurationattributeof theleg tag,andmove theagent
to thenext activity accordingly.

A.4 Relaxationand Learning Theory

One can show that the deterministicvariantsof the relaxationmethodin Sec.2.4 can have
(attractive or repulsive) �x edpointsin very high dimensionalphasespace,andthatstochastic
variantswill, undercertainconditions,convergeto a steady-statedensityin thesameveryhigh
dimensionalphasespace(Bottom,2000).Underadditionalconditions,thesystemwill evenbe
ergodic(CantarellaandCascetta,1995).

Yet, thepreconditionsfor thesestatementsarefairly restrictivewhenconfrontedwith simu-
lation reality. Oneproblemis thatonehasto assumethatthewholephasespaceis givenat the
startof thesimulation.For example,oneneedsto know in advanceeveryroutethatany traveler
will eventuallyusethroughoutthe procedure.This makesthe useof explorative algorithms,
which generatenew routesasthey go, inconsistentwith themathematicalformulation. Put in
a differentway, it is clearthata simulationsystemthatkeepsexploringnew strategiesis not in
thesteady-state.

Similarly, theoreticalergodicity is only valid for thelimit of thenumberof iterationsgoing
to in�nity , while in practiceoneis restrictedto about50 iterations.For suchsmallnumbersof
iterations,effectssuchasbrokenergodicity (Palmer,1989)areto beexpected.Brokenergodic-
ity refersto thepropertyof asystemto bemathematicallyergodicbut to remainin sub-areasof
thephasespacefor arbitrarily longperiodsof time.

Giventhisstateof affairs,computationis importantnotonly for thegenerationof real-world
results(asalreadymentionedfor staticassignment),but alsoasa tool for research,in orderto
explorethegeneralpropertiesof thedynamicsof DTA.

A.5 Experienceswith TRANSIMS (Version1.0)

Beforeprogrammingnew modulesasexplainedabove, the TRANSIMS moduleswere tried.
TheTRANSIMS versionusedis numbered1.0 andwasmadeavailablein fall 1999. Running
themoduleswasstraightforward.

Computationalspeedof themicrosimulationwithout tuningwasten timesfasterthanreal
time for the Swissnetwork with 28,624links; with tuning it wasabout65 times fasterthan
real time. Both valuesrefer to a Beowulf clusterswith 32 PentiumCPUswith 800MHz, and
100 Mbit Ethernet.The latter performancevalueis abouthalf the theoreticallimit, which is
givenby Ethernetlatency (seeabove).

A major problemwas(andis) the availability andconversionof digitally available input
datato TRANSIMS needs.As is typical, theinput �les comefrom staticassignment,andthus
containaslink attributeslength,freespeed,andcapacity. Thenumberof lanescanbeinferred
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from thestreetcategoryandcapacity, but informationsuchasintersectionprioritization,signal
phases,or laneconnectivity, weremissing.A typical problemis of the typethat two one-lane
streets,connectinginto a two-lanestreet,will bothconnectinto thesamelane,leadingto much
reducedcapacityandthusspuriousbottleneckswhencomparedto reality or to staticassign-
ment.Accordingto recentinformation(Lamba,at PriceWaterhouseCoopers,personalcommu-
nication),suchconversiontoolsexist for newerversionsof TRANSIMS.Also,PTV (PTV www
page,accessed2004)reportssimilarconversiontoolsfrom VISUM to VISSIM.

Using routing and feedbackwas essentiallystraightforward, except for the fact that the
resultsof the Gotthardscenarionever wereplausible: Contraryto expectation,the different
queuesleadingto the singledestinationnever camecloseto equilibration(Fig. A.1). It was
�nally discoveredthat therewasa bug in theway link travel time feedbackwashandled:the
link travel timereportingallocatedthetimesto thewronglinks. More technically, indiceswere
shifted by one in the process,and so travel times for the nth link in the �le were assigned
to the n+ 1st link in the router. Personalcommunicationwith the TRANSIMS teamresulted
in the informationthat thereweremorebugsin the routerboth in version1.0 andin version
1.1.Version3.0now available(www.transims.net)hasnotbeenevaluatedin thecontext of this
study.

TRANSIMS hasbeentried out in thepastyears,andindeedsomepreliminaryresultswere
basedon thoseruns.However, its usewasdiscontinuedbecauseit turnedout to beratherdif�-
cult to obtainthenecessaryinputdata,mostimportantlylaneconnectivitiesacrossintersections
andsignalplans. Thereareautomaticgenerationmethodsfor theseattributesfrom staticas-
signmentnetworks,but it wasdeemedfasterto re-implementthemodulesratherthanevaluate
suchmethods.

An examplefor thisis theGotthardtunnel,whichhasacapacitybetween1000and1500vehs/hour
(the formergivenby the local police, the latter from thenetwork data),which is considerably
lessthanthe2000vehs/hourthatTRANSIMSwouldgeneratefor thatlink. Thereasonprobably
is thattheentranceto thetunnelhasanupwardgrade,leadingto slow accelerationin particular
of heavy trucks.

Testswith the multi-modalTRANSIMS routerwereunsuccessful,becauseof at leastone
seriousbug.

(This refersto the routerof TRANSIMS-1.0from fall 1999. Earlier TRANSIMS results
werebasedon a different(but car-only) router. Laterversionsof TRANSIMS supposedlywill
have thatproblem�x ed,but arecurrentlynot available.)

A.6 Problemswith the Switzerland Network

The network supposedlycontainsthe statusfor 1999,but containsat leastonemajor error (a
high capacitytunnel in Zürich is missing). Initial simulationsresultedin traf�c gridlock in
Zürich,which wasalsore�ected in theVISUM assignmentdisplayingV/C ratiossigni�cantly
above100%.A manualcomparisonwith a higherresolutionnetwork of Zürich led to thecon-
clusionthatcapacityin Zürichwasin generalsigni�cantly underestimated;in consequence,the
correspondingroadcapacityfor transitcorridorsthroughZürich hadto bemanuallyincreased
in thenetwork. Onecanonly speculatewhatled to thesenetwork errors.

TheZürich congestionproblem,mentionedabove, is containedin theVISUM assignment,
but did notshow up at thishigherlevel view; seeChap.10 for somediscussionof this. A more
detailedveri�cation of theseresultswasnot possiblesofar, but is planned.

It wasmentionedearlierthattherewasaseriousgridlockproblemwithin thecity of Zurich.
This was attributed to generallytoo low network capacities.Unfortunately, this intuition is
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FigureA.1: Gotthard:TRANSIMS results.This shouldbecomparedto Fig. 4.1. Thevisible
differencesbetweentheTRANSIMS simulationandthequeuesimulationin theinitial simula-
tion basedon thesameplansaresmall, indicatingthat themicro-simulationsgeneratesimilar
traf�c patterns.However, thebottom�gures areratherdifferent;traf�c in Fig. 4.1spreadsout
muchmoreacrossthenetwork. Furtheranalysisof thepatternshows thatFig. 4.1containsthe
betterpatternin thesensethattravel timesbetweendifferentroutesaremuchmoreequilibrated.
As describedin thetext, thereasonwhy TRANSIMS (Version1.0) fails at this scenariois be-
causeof a bug in how the routerreadslink travel times. The differentshadesof green(color
version)or grayaredueto thedifferentinternalrepresentationof driving dynamicsbetweenthe
TRANSIMSmicro-simulationandthequeuesimulation,andarenot importantat this level.

dif�cult to check. It is clearthat, with the input datathat wasavailabledisposal,therewasa
mismatchbetweendemandandnetwork capacity. Also, thesamemethodworkedeverywhere
elsein Switzerland.Thereseemto bethreepossiblereasons:(i) therewasa demandoveresti-
mationin theOD cellsfor Zurich; (ii) therewasacapacityunderestimationin thenetwork data;
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(iii) thequeuetraf�c �o w simulationis overly sensitive to gridlock andthis problemshows up
only for largecongestednetworks.Unfortunately, thereis noothersimilarly largemetropolitan
regioninsideSwitzerland;themetropolitanregionsof Lugano,Geneva,andBaselextendacross
theborderandthereforecannotbesimulatedrealisticallywith theavailabledemanddata.

It shouldbenotedthatsimulationswith hardcapacityandstorageconstraintsaregenerically
muchmoresensitive to capacitymismatchesthanstaticassignment.In staticassignment,an
overloadedlink (with volumehigherthancapacity)will justbeunattractivefor therouting,but it
will forwardtherequestedsteadystate�o w nevertheless.In asimulationwith hardconstraints,
aqueuewill form upstreamof suchabottleneck,andit will spill backinto therestof thesystem.

Oneway to solve this problemandto alsoadvancetowardsmoremicroscopicrepresenta-
tion is to includea higherresolutionnetwork for theregion aroundZurich. Sucha network is
available,whichwill haveconsiderablymorelinks,possiblyleadingto ahighernetwork capac-
ity becauseof theadditionof secondarycapacity. Thatnetwork shouldbe a lot morereliable
in termsof realismandthuseliminateoneof the sourcesof errors. In addition,addingother
choicesinto the model (mode,destination,activity pattern)shouldalso dampenthe adverse
effectsof demand-capacitymismatch.
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