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1 Intr oduction

1.1 Description

Thegoalof thisworkshopis to bringtogetherresearchersworkingonstate-exploration
methodsin artifical intelligence(AI) andin automatedverification(AV). The ideaof
organizingsucha workshopcameduring theDIMACS/IRCSTutorial andWorkshop
on Logic andCognitive Science,which washeld in April 1999at the University of
Philadelphia. We realizedtherethat state-exploration is a major issuein computer-
aidedverificationandin artificial intelligence.

1.2 AutomatedVerification

Automatedverificationprovidesa new approachto validatingthecorrectbehavior of
softwareandhardwaredesigns. In traditionaldesignvalidation,“confidence”in the
designis the resultof runninga largenumberof testcasesthroughthedesign.Auto-
matedverification,in contrast,usesmathematicaltechniquesto checktheentirestate
spaceof the designfor conformanceto somespecifiedbehavior. Thus,while simu-
lation is open-endedandfraughtwith uncertainty, formal verificationis definitive and
eliminatesuncertainty. Over the last few years,automatedverificationtools, suchas
modelcheckers,have shown their ability to provide thoroughanalysisof reasonably
complex designs.CompaniessuchasAT&T, Cadence,Fujitsu,HP, IBM, Intel, Mo-
torola, NEC, SGI, Siemens,andSunareusingmodelcheckersincreasinglyon their
own designsto ensureoutstandingproductquality. Unfortunately, model checking
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suffers from a fundamentalproblemknown asstate-explosion: the ability to handle
only systemswith limited-sizestatespaces.This explosionarisesmainly becausethe
transitionsystemanalyzeddescribesthe global behavior of the system. In a system
comprisedof multiplecomponents,theglobalstatespaceis acrossproductof theindi-
vidual componentstatespaces.Evena systemcontainingonly smallcomponentscan
thereforeyield a large global state-space.For a modernhardwareandsoftware, the
globalstatespaceis prohibitively large.Thisposesaseriouschallengeto extantmodel
checkers.Combatingstate-explosionis thereforeacomplex computationalproblemof
critical importance.

1.3 Mark ov DecisionProcesses

Work on Markov decisionprocesses(MDPs) datesbackto the 1950’s andthereis a
large literaturestemmingprimarily from the fields of operationsresearchandadap-
tive control. In the1980’s therewasrenewedinterestin MDPscomingfrom work in
automatedplanningin artificial intelligenceandthework on binarydecisiondiagrams
from theverificationcommunity. DeanandKanazawa[1989]andTatmanandShachter
[1990] introducedthe idea of structuredMarkov processesandsuggestedhow they
might be usedfor representingandsolving planningandcontrol problemswith very
largestateandactionspaces.In subsequentyears,a greatdealof progresswasmade
exploring structuredversionsof earlier, unstructuredalgorithmsfrom the operations
researchandadaptivecontrolcommunities.

True MDPs, i.e., problemsin which the currentstateof the systemis completely
observableto the decisionmaker, arerarein practiceandhencethe partially observ-
ablevariant(POMDP) is of greatimportance.Recentlytherehasbeena resurgence
of interestin POMDPs,partially spurredby the successof Cassandra,Kaelblingand
Littman,andahostof new algorithmshavebeendeveloped,includingvariationalmeth-
odswhich openup the possibility of solving a wide rangeof problems. Variational
statisticalmethodscan in somecasesreducethe needfor stateexploration using a
combinationof samplingtechniquesandreformulationin termsof a (continuous)pa-
rameterizedspaceof actions.

More recentlyresearchershavebegunusingthebasictechnologyfor modelcheck-
ing including binary decisiondiagrams(BDDs), various algebraicextensions,and
quantifiedvariantsthat make useof modal logics of time to tacklea wider classof
MDPs and their partially observablecounterparts.In all cases,the needfor explor-
ing very largestateandactionspacesis dealtwith by identifying andthenexploiting
structurein thecombinatorialspaceof statesandactions.

1.4 AI Planning

Planningis asub-fieldof AI whichis concernedwith thegenerationof arationalcourse
of actiongivena declarative specificationof theenvironment,thegoals,andthepos-
sible actions. In the caseof “classicalplanning,” oneusuallymakesthe simplifying
assumptionsthateverything(that is relevant) is observable,thatall actionsaredeter-
ministic,andthattheonly changein theworld is causedby actionsof theagent.While
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this seemslike a trivializationof theMDP problem,theproblemis still computation-
ally very hardbecauseof the largestatespaceonehasto explore. The lastfive years
broughtconsiderableprogressonthealgorithmicside.In particular, theplanning-graph
approachby Blum andFurst[1995],whichoutperformedany existingplanningsystem
then, led to a flurry of further developments,suchasplannersthat reducethe plan-
ningproblemto asequenceof propositionalsatisfiabilityproblems[KautzandSelman
1996]or nonmonotonicreasoningproblems[Dimopoulosat al 1997]. Typeinference
algorithms,the derivationsof invariantsandothertechniqueswereusedto prunethe
searchspaceandto speedup planning,andOBDDswereusedto codesetsof statesin
a compactway. All thesedevelopmentsled to animpressive performanceof AI plan-
ning systemsasdemonstratedat the first internationalplanningcompetitionin 1997
(at AIPS’97). Justto giveanexample,KautzandSelman’sBLACKBOX plannerpro-
duceda100-actionplanin aworld with approx.

�������
statesin a few minutes.Thishas

to be comparedwith the stateof the art in the beginningof the nineties,whena 10-
actionplanneededa few hoursto begenerated.Currently, themainfocusof research
is in extendingtheexisting techniquesto handlemoreexpressive planningformalism
(e.g.,includingresources),in improving thecoresearchalgorithms,andin exploiting
all typesof knowledgethatcanbederivedfrom theproblemspecificationin orderto
prunethesearchspace.

1.5 Benefits

We believe that the workshopwill help to increasethe awarenessof the researchers
working in onefield of theproblemsandmethodsin theothersandthusto increasethe
interactionandcollaborationof thetwo fields,andthetransferof methodologiesfrom
onefield to another.
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2 Final Program

Monday, Nov. 5, 2001

07:30-08:45 breakfast
08:45-09:00 WelcomeandIntroductions
09:00-10:00 David Dill (StanfordUniversity)

VerificationTutorial: Explicit Search
10:00-11:00 FabioSomenzi(Universityof Colorado)

VerificationTutorial: Implicit Search
11:00-11:30 coffeebreak
11:30-12:15 WolfgangThomas(RWTH AAchen)

Algorithmic Resultsin Infinite AutomataTheory
12:15-14:00 lunchbreak
14:00-14:40 PrasadSistla(Universityof Illinois, Chicago)

SymmetryReductions
14:40-15:20 David Basin(Freiburg University)

Explorationof LargeStateSpacesusingMonadicLogics,
Automata,BDDs,andSAT Solvers

15:20-16:00 Javier Esparza(EdinburghUniversity)
An UnfoldingApproachto exploringStateSpacesof
ConcurrentSystems

16:00-16:30 coffeebreak
16:30-17:15 PierreWolper(Universityof Liege)

ExploringInfinite StateSpaceswith Finite Automata
17:15-18:00 OrnaKupferman(Hebrew University)

ExploringInfinite StateSpaceswith TreeAutomata
18:00 dinner
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Tuesday, Nov. 6, 2001

07:30-09:00 breakfast
09:00-10:00 FahiemBacchus(Universityof Toronto)

AI PlanningTutorial: Part I
10:00-10:15 coffeebreak
10:15-11:15 FahiemBacchus(Universityof Toronto)

AI PlanningTutorial: Part II
11:15-11:30 coffeebreak
11:30-12:15 BrianC. Williams (MIT)

A HierarchicalApproachto Model-basedReactive
Planningin LargeStateSpaces

12:15-14:00 lunchbreak
14:00-14:40 Maria Fox (Universityof Durham)

UsingSymmetryEliminationto assistin Search
Controlin Planning

14:40-15:20 Ulrich Scholz(TU Darmstadt)
ReducingPlanningProblemsby PathAnalysis

15:20-16:00 Jörg Hoffmann(Freiburg University)
Utilizing ProblemStructurein LocalSearch:
ThePlanningBenchmarksasaCaseStudy

16:00-16:30 coffeebreak
16:30-17:15 EnricoGuinchiglia(Universityof Genoa)

SAT-BasedConformantPlanning
17:15-18:00 AlessandroCimatti (IRST, Trento)

PlanningunderLimited Observability asSearchin the
Spaceof BDDs

18:00 dinner

5



Wednesday, Nov. 7, 2001

07:30-09:00 breakfast
09:00-10:00 RobertGivan(PurdueUniversity)+ RonParr (DukeUniversity)

MDP Tutorial: Part I andMDP Tutorial: Part II
10:00-10:15 coffeebreak
10:15-11:15 RonParr (DukeUniversity)+ RobertGivan(PurdueUniversity)

MDP Tutorial: Part III andMDP Tutorial: Part IV
11:15-11:30 coffeebreak
11:30-12:15 JürgenSchmidhuber(IDSIA)

OptimalSearch
12:15-14:00 lunchbreak
14:00-18:00 freeafternoon
18:00 dinner
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Thursday, Nov. 8, 2001

07:30-09:00 breakfast
09:00-09:45 CharlesPecheur(NASA)

SymbolicModelCheckingof DomainModelsfor
AutonomousSpacecrafts

09:45-10:30 ChristianStangier(Univ. Trier)
HierachicalImageComputationandDynamicConjunction
Schedulingin SymbolicModelChecking

10:30-11:00 coffeebreak
11:00-11:45 MalteHelmert(UniversityFreiburg)

DecidabilityandUndecidabilityResultsfor Planning
with NumericalStateVariables

11:45-12:30 JanaKöhler(IBM)
Whatis Large?SearchingStateSpaceunder
Real-TimeRequirements

12:30-14:00 lunchbreak
14:00-14:40 RobertGivan(PurdueUniversity)

SamplingTechniquesfor LargeMDP Problems
14:40-15:20 RonParr (DukeUniversity)

ProjectionMethods
15:20-16:00 TomDean(Brown University)

Minimizing ApproximateModelsversusApproximating
Minimal Models

16:00-16:30 coffeebreak
16:30-17:15 ThomasWilke (Univ. Kiel)

ReducingtheStateSpaceof BuchiAutomatausing
SimulationRelations

17:15-18:00 Colin Stirling (EdinburghUniversity)
Decidabilityof LanguageEquivalencefor DPDA

18:00 dinner
20:00-21:30 Panel:FahiemBaachus,David Dill, andRobertGivan

WhatDid WeLearn?
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Friday, Nov. 9, 2001

07:30-09:00 breakfast
09:00-09:45 StefanLeue(Freiburg University)

Explicit-StateSearch
09:45-10:30 StefanEdelkamp(Freiburg University)

CommonExplorationTechniquesin Search,
PlanningandModelChecking

10:30-11:00 coffeebreak
11:00-11:45 RichardKorf (UCLA)

Space-EfficientSearch
11:45-12:30 MosheY. Vardi (RiceUniversity)

Benefitsof BoundedModelCheckingin anIndustrialSetting
12:15-14:00 lunchbreak
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3 Abstract of Presentations

3.1 Verification Tutorial: Explicit Search

David Dill (Stanford University)

Automatic formal verificationof finite-stateconcurrentand reactive systemsde-
pendson characterizingthe reachablestatesof thesystem.Therearetwo generalap-
proachesto this problem:explicit methodsstorethestatesindividually (e.g.,in a hash
table),while symbolicmethodsusedatastructuressuchasBinary DecisionDiagrams
to storeanimplicit representationof thestatespace.

Thistalk is anoverview of explicit methods.It beginswith adiscussionof how they
areusedto verify propertiesandthe basicsearchalgorithms. Thenwe describetwo
statereductiontechniques,whichreducethenumberof statesthatneedto besearcheed:
symmetryreductionandpartialorderreduction.Finally, severalothermethodsof re-
ducingspaceandtime requirementsarediscussed:hashcompaction,storingstateson
disk,andparallelsearch.

3.2 Verification Tutorial: Implicit Search

Fabio Somenzi(University of Colorado)

In this tutorial,we review thetechniquesthatcontributeto theefficient implemen-
tationof symbolicmodelcheckers. We startwith a review of thepropertiesof binary
decisiondiagrams(BDDs) that areof interest. We thenbriefly review the temporal
logic CTL*, which is usedto describeproperties,andsummarizethe algorithm for
CTL* model checking,showing that it requiresthe ability to computefixpoints of
monotonicfunctionsoverfinite lattices.

Thesefunctionsevaluatethesetof predecessorsandsuccessorsof a setof vertices
of a graph. Therefore,we examinethe computationof imagesand pre-imagesfor
graphsthataresymbolicallyrepresentedby asetof implicitly conjoinedpredicates.In
particular, we discussquantification/conjunctionscheduling,and the combinationof
conjunctionandsplitting.

We thenconsidertheefficient computationof fixpoints. Symbolicalgorithmsusu-
ally resortto breadth-firstexplorationof thethestategraph.However, this oftenleads
to large intermediateBDDs. Several techniquesthatmix breadth-firstanddepth-first
explorationcanbeusedto amelioratetheproblem.We thendiscusstheuseof approx-
imationsin a refinement/basedapproachto modelchecking.

Thedetectionof cyclessatisfyingfairnessconstraintsis anotherimportanttaskof
amodelchecker, for which two familiesof algorithmscanbeemployed:SCC-hulland
SCCenumerationalgorithms.Wereview themainfeaturesof both.Wealsodiscussthe
notionof strengthof anautomaton,andhow it canbeusedto simplify cycledetection.

Finally, we look at variousways in which don’t careconditionscan be usedto
simplify model checking. Theseinclude the simplification of the transitionrelation
with respectto thereachablestates,theso-called”forwardmodelchecking”algorithm,
andthedetectionof dependenciesamongstatevariables.
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3.3 Algorithmic Resultsin Infinite Automata Theory

WolfgangThomas(RWTH AAchen)

Infinite automataareof interestnot only in the verificationof systemswith infi-
nite statespaces,but alsoasa natural(andso far underdeveloped)framework for the
studyof formal languages.In this survey talk, we discusssomebasictypesof infinite
automata,whicharebasedon theso-calledprefix-recognizable,synchronizedrational,
andrationaltransitiongraphs,respectively. We presentcharacterizationsof thesetran-
sition graphs(dueto Muller/Schuppandto Caucalandstudents),mentionresultson
their power to recognizelanguages,anddiscussthestatusof centralalgorithmicprob-
lems(likereachabilityof givenstates,or decidabilityof thefirst-ordertheory).A paper
titled ”A shortintroductionto infinite automata”is avalaibleunder
http://www- i7.informatik.rwth- aachen.de /˜thom as/pub licati ons.ht ml

3.4 Symmetry Reductions

PrasadSistla (University of Illinois, Chicago)

Thetalk presentedthreedifferentmethods,basedon symmetryreductions,in con-
tainingthestateexplosionproblemin modelchecking.Thefirst methodconsidersthe
symmetriesin the programaswell the formula. In this methodwe first constructa
quotientstructure,correspondingto the reachablepart of the global stategraph,and
thencheckthesatisfactionof theformulain thequotientstructureusingthetraditional
modelcheckingalgorithms.This methodis primarily usefulin checkingsafetyprop-
erties.

Thesecondmethodconsidersonly thesymmetriesin theprogramandis basedon
theconstructionof AnnotatedQuotientStructure(AQS).TheAQSis like thequotient
structureexceptingthat theedgescarryadditionalinformation. This additionalinfor-
mationis usedfor checkingcorrectnessunderfairness.This methodallows checking
of both safetyandlivenessproperties.The third methodemploys GuardedQuotient
Structures(GQS).This methodcanbeemployedfor employing symmetryreductions
in systemsthatarealmostsymmetric.

Thetalk alsopresentedaSymmetrybasedModelChecker, calledSMC.It is anon-
the-fly modelchecker that employs symmetryreductionsandchecksfor correctness
undera varietyof fairnessconditions. SMC permitsthe userto invoke two different
typesof symmetryreductions—processsymmetryandstatesymmetry. It alsoallows
theuserto specifythetypeof fairnessthatneedsto beinvoked—weakfairness,strong
fairness.It alsoallowstheuserto specifydifferenttypesof on-the-flyoptionsthatneed
to beinvoked.

3.5 Exploration of Lar geStateSpacesusing Monadic Logics, Au-
tomata, BDDs,and SAT Solvers

David Basin (Freiburg University)
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I survey recentwork on usingmonadiclogic to representverificationandsearch
problems. I show how, whenonechoosethe right monadiclogic therearedifferent
possibilitiesfor problemsolving. In particular, automatatheoretictechniques(realized
usingBDDs) canbeusedto constructa representationof theentiresolutionspaceor,
alternatively, satisfiabilityprocedurescanbe usedto find individual solutions. Paper
on topic:
http://www.informatik.uni- freiburg.de/ ˜basin /pubs/ cavBMC00.ps. Z

(Jointwork with AbdelwahebAyari, Universityof Freiburg)

3.6 An Unfolding Approach to exploring StateSpacesof Concur-
rent Systems

Javier Esparza(Edinburgh University)

Theautomaticverificationof finitestatesystemssuffersfromtheexplosionof states
causedby themany possiblepermutationsof concurrentevents.Unfoldingsarea ver-
ification techniquethat avoids this explosionby disregardingthe orderof concurrent
events.It belongsto thegroupof so-calledpartial-ordermethodsfor modelchecking,
whichalsocontainsGodefroid’ssleepsets,Peled’samplesets,Valmari’sstubbornsets,
andothers.

The unfolding techniquecan be appliedto any concurrency model in which (a)
globalstatesarerepresentedastuplesof local states(pluspossiblyvaluesof variables,
contentsof channels,etc...) and(b) transitionsmaybeexecutedby partsof thesystem.
This inducesa notionof independence:two transitionsareindependentif thepartsof
thesystemsexecutingthemareindependent.

Theunfoldingtechniquereplacestheconstructionof thestatespaceof thesystem
by theconstructionof its unfolding. If thesystemconsistsof oneautomaton,theun-
folding is the familiar unwindingof theautomatoninto an infinite tree. If thesystem
consistsof a tuple of communicatingautomata,thenthe unfolding canbe seenasa
tuple of communicatingtrees. The unfolding is infinite for mostsystemsof interest,
but theconstructionstopswhenenoughinformationhasbeenobtained.“Enoughinfor-
mation” dependson thekind of propertyto bechecked. Usingtheautomata-theoretic
approachto model-checking,the verificationof all (next-free)LTL propertiescanbe
reducedto the following threeproblems:Cana given transitionbe executedat least
once? Cana given transitionbe executedinfinitely often? Are therelivelocks,i.e.,
executionswith aninfinite tail containingonly invisible transitions?

In thetalk, I sketchedasolutionto thefirst of thesethreeproblems.I thenprovided
somedataaboutperformance,andconcludedby comparingthetechniquewith BDD-
approachesandwith otherpartial-ordertechniques.

Thetalk is basedon two papers,co-authoredwith Keijo heljanko, availableat

1. http://www.tcs.hut.fi/˜kepa/publications/

2. A (somewhatoutdated)introductionto theunfoldingtechnqiuecanbefoundat
http://www7.in.tum.de/gruppen/theorie/pom /
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3.7 Exploring Infinite StateSpaceswith Finite Automata

PierreWolper (University of Liege)

After introducingthe type of state-spacesearchusedin verification,this talk fo-
cuseson thesymbolicexplorationof infinite state-spaces.It describesthe two ingre-
dientsneededfor this type of state-spacesearch:an adequatesymbolic representa-
tion andanaccelerationtechnique.Two accelerationtechniquesarebriefly described:
wideningandthe useof meta-transitionscorrespondingto the repeatedexecutionof
loops. Thereafterthe talk turnsto symbolicrepresentationsandshows, througha se-
ries of examples,that finite-automatabasedrepresentationsarea widely usableand
powerful class.Theexamplesusedincludeprogramsmanipulatingintegers,realsand
unboundedmessagequeues.

For references,see
http://www.montefiore.ulg.ac.be/˜pw/pa pers/p apers .html

3.8 Exploring Infinite StateSpaceswith TreeAutomata

Orna Kupferman (HebrewUniversity)

We developanautomata-theoreticframework for reasoningaboutinfinite-statese-
quentialsystems.Our framework is basedon the observationthat statesof suchsys-
tems,which carry a finite but unboundedamountof information, can be viewed as
nodesin an infinite tree, and transitionsbetweenstatescan be simulatedby finite-
stateautomata. Checkingthat the systemsatisfiesa temporalpropertycan then be
doneby an alternatingtwo-way treeautomatonthat navigatesthroughthe tree. As
hasbeenthecasewith finite-statesystems,theautomata-theoreticframework is quite
versatile.We demonstrateit by solvingseveralversionsof themodel-checkingprob-
lem for � -calculusspecificationsandprefix-recognizablesystems,andby solving the
realizabilityandsynthesisproblemsfor � -calculusspecificationswith respectto prefix-
recognizableenvironments.
http://www.cs.huji.ac.il/˜orna/publica tions/ cav00 .ps.Z

3.9 AI Planning Tutorial

FahiemBacchus(University of Toronto)

The Overview coveredthe StandardTechniquesusedin AI planningto represent
statetransitionsandplanningproblems.It alsodiscussedthemostpopulartechniques
for searchingfor plans.

3.10 A Hierar chical Approach to Model-basedReastive Planning
in Lar geStateSpaces

Brian C. Williams (MIT)
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A new generationof sensorrich, massively distributedsystemsis emerging that
includedeepspaceexplorers,ubiquitouscomputingenvironments,andsensorwebs
for monitoringthe earthecosystem.Programmingthesesystemsinvolvesreasoning
throughcomplex systeminteractionsalonglengthypathsbetweenthesensors,control
processorsandcontrol actuators.The resultingcodelacksmodularity, andis fraught
with error. Model-basedprogrammingsupportsmodularityby enablingengineersto
programreactive systemsby simply articulatinghigh-level control strategiesandby
pluggingtogethercommonsensemodelsof hardwareandsoftwaremodules.Model-
basedexecutivesusethesemodelsonthefly to coordinatebetweenmodules,according
to thecontrolstrategy.

3.11 Using Symmetry Elimination to assist in Search Control in
Planning

Maria Fox (University of Durham)

Many planningproblemscontainsymmetrieswhichleadto redundantsearch.Break-
ing symmetriesduring searchcanyield ordersof magnitudeimprovementin perfor-
mance,even exponentialimprovementwhenproblemsarehighly symmetric. If the
domainmodellersuppliessomeof thesymmetriespresentin a problema plannercan
exploit thesewith only minor modificationto its searchprocedure.This presentation
describeshow symmetriesexpressedaspermutations(of the valuesandvariablesde-
scribingaplanningproblem)canbeappliedto find thesymmetricalternativesto failed
valuechoicesduringthesearch,therebyallowing thesealternativesto beprunedwith-
out the necessityto expendany effort on exploring them. A closeconnectioncanbe
drawn with relatedwork on symmetry-breakingin theCSPcommunity. A strengthof
the work describedin this presentationis the potentialfor the dynamicdiscovery of
symmetries,not presentin the initial stateof the problem,during the searchprocess.
For referencesee:
http://www.dur.ac.uk/maria.fox/symmetr y.ps.g z

3.12 ReducinggPlanning Problemsby Path Analysis

Ulrich Scholz(TU Darmstadt)

If theexplicit representationof atransitiongraphis toolargeto besearcheddirectly,
it canbe helpful to reduceits implicit representationprior to the search.In this talk,
we presentedpathanalysiswhich canperformsucha reduction.It is a preprocessing
techniquemotivatedby work on planning.

Path analysisis basedon a decompositionof the transitiongraphinto - usually
dependent- finite statemachines.If suchadecompositionexists,theglobalsolutionto
thesearchproblemis a combinationof asolutionto eachof theFSMs.

With a fixpoint computation,path analysisidentifiesa set of transitionsof the
FSMs,which canberelevantfor a globalsolution.Transitionsthatarenot partof this
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fixpoint areirrelevantfor asolutionto theglobalsearchproblemandcanbeeliminated
form thetransitiongraph.

The talk mentionswaysto guaranteeoptimality of the reduction,to minimize the
fixpoint, andto overcomethehigh complexity of searchingfor a fixpoint.

3.13 Utilizing Problem Structure in Local Search: The Planning
Benchmarksasa CaseStudy

Jörg Hoffman (Freiburg University)

Recently, theplanningcommunityhas,in thecontext of the2ndinternationalplan-
ning systemscompetitionalogsideAIPS-2000,seena dramaticimprovementin terms
of thesizeof problemsthatstate-of-the-artplannerscanhandle.Oneplannerpartici-
patingin thisdevelopmentis theFFsystem.Thisplanningsystemis basedonasimple
localsearchapproach.Thetalk briefly describesthemainalgorithmictechniquesused
in FF. Afterwards, the excellent runtime behavior of the systemon many planning
benchmarksis explainedin termsof a detailedinvestigationof the local searchtopol-
ogy of thesebenchmarks:asit turnsout, the majority of the benchmarkdomainsdo
notcontainany localminimaunderanidealizedversionof FF’sheuristicfunction,and
themaximaldistanceto exits on benchesis oftenlimited by a constant.

1. A detailedpaperon theFF systemis publishedin JAIR andcanbedownloaded
from
http://www.informatik.uni- freiburg.de/˜hof fmann/ papers /jair0 1.

ps.gz

2. An empiricalpaperon thelocal searchtopologyof thebenchmarksis published
in theproceedingsof IJCAI-2001andcanbedownloadedfrom
http://www.informatik.uni- freiburg.de/˜hof fmann/ papers /ijcai 01.

ps.gz

3.14 SAT-BasedConformant Planning

Enrico Giunchiglia (University of Genoa)

Planningassatisfiabilityis anefficient techniquefor classicalplanning.This tech-
niquehasbeenrecentlyextendedto conformantplanning,thatis, to planningdomains
having incompleteinformationaboutthe initial stateand/orthe effectsof actions. In
this talk we presentthe basicideasandproceduresfor completeandoptimal confor-
mantplanningassatisfiability. Then,we discussthe limitationsof thebasicapproach
and presentsomedomainindependentoptimizationsmeantto mitigate the outlined
problems.A comparative experimentalanalysisshows that the resultingprocedureis
competitivewith otherstate-of-the-artconformantplanners.
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3.15 Planning under Limited Observability asSearch in the Space
of BDDs

Alessandro Cimatti (IRST, Trento)

Conformantplanning is the problemof finding a sequenceof actionsthat will
achieve the goal for all possibleinitial statesand for all possibleoutcomesof non-
deterministicactions.

In this talk, anefficientapproachto conformantplanningis presented,in theframe-
work of Planningvia SymbolicModelChecking.Theproblemof conformantplanning
is recastasa problemof searchin thespaceof beliefs.Thesearchspaceis compactly
representeedand efficiently explored by meansof Symbolic Model Checkingtech-
niquesbasedon Binary DecisionDiagrams.

Different planning algorithmsare presented. The approachin (1) is basedon
a breadth-firstsearch,while the approachin (2) is basedon goal-directed,heuristic
searchtechniques,with selectionfunctionsthattake into accountthedegreeof knowl-
edge.Thedifferentalgorithmsareimplementedin theMBP planner. Theexperimental
evaluationsconfirmtheefficiency of theapproach.

REFERENCES

1. A. Cimatti andM. Roveri ConformantPlanningvia SymbolicModel Checking
Journalof Artificial IntelligenceResearch,13:305-338,2000. http://www.

cs.washington.edu/research/jair/volume13/ cimatt i00a.p s

Also IRST TechnicalReport0006-04,IstitutoTrentinodi Cultura,June2000.

2. P. Bertoli,A. Cimatti,andM. RoveriHeuristicSearch+ SymbolicModelCheck-
ing = Efficient ConformantPlanningIn Proc. 17th InternationalJoint Confer-
enceon Artificial Intelligence(IJCAI 2001),Seattle,USA, August2001. IRST
TechnicalReport0105-07,IstitutoTrentinodi Cultura,May 2001.

3.16 MDP Tutorial

Robert Givan (Pardue University) + Ron Parr (Duke University)

This tutorial reviewsthebasicdefinitionsandtechniquesin theareaof Markov de-
cisionprocesses(MDPs). We discussdiscounted,average,andfinite-horizontotal re-
wardobjectivefunctions,andtheir associatedvaluefunctions.We giveBellmanequa-
tionsdefiningtheoptimalvaluefunctionfor thediscountedcaseandpresentthestan-
dardalgorithmsfor solvingMDPs:valueiteration,policy iterationandlinearprogram-
ming. Wepresentextensionsto thebasicmodelfor verylargefactoredstatespaces,and
discussedtechniquesfor solutionof largestatespaceproblems.First,wedescribetech-
niquesfor constructingsmallerequivalentproblemsby factoredstatespaceaggregation
(”modelminimization/reduction”)andrelatedtechniquesfor carryingoutstandarddy-
namicprogrammingsolutionsin factoredform (”structureddynamicprogramming”).
Finally, wepresentthetopicof valuefunctionapproximation,by which thevaluefunc-
tion for a largeMDP is approximatedusinga parametricrepresentation.Convergence
resultsanderrorboundsfor severalpopularmethodsaredicussed.
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3.17 Optimal Search

JürgenSchimdhuber(IDSIA)

I gaveanoverview overKolmogorov complexity andKt-complexity andasymptot-
ically optimalsearchalgorithms,suchasLevin’suniversalsearch(1973)andmy post-
docHutter’s fastestandshortestalgorithmfor all well-definedproblems(2001).Then
I tried to encouragethemodelcheckingandplanningandMDP communitiesto apply
AdaptiveLevin Search(MachineLearning,1997)to theirsearchproblems:Putall your
prior knowledgeinto a probabilistic(typically non-universal)programminglanguage
whoseinstructionsincludeyour favorite searchalgorithms. In Phase�
	 ����
������������
run all programsp suchthat �����������
� ���"! 
�#

, until a solutionis found,whereP(p) is
p’s probability, andt(p) its runtime. This is an optimal way of allocatingtime to the
computationof solutioncandidates,giventheprior knowledgein P. You canstartwith
small searchproblemsandadaptP suchthat the probability of successfulprograms
increases.(I alsomentionedmetalearningself-modifyingpolicies for reinforcement
learningin partiallyobservableenvironments.)

Links:

1. J.Schmidhuber, J.Zhao,andM. Wiering. Shifting inductive biaswith success-
storyalgorithm,adaptiveLevin search,andincrementalself-improvement.Ma-
chineLearning28:105-130,1997.
ftp://ftp.idsia.ch/pub/juergen/bias.ps.gz

2. UniversalLearningAlgorithms:
http://www.idsia.ch/˜juergen/unilearn.htm l

3. Self-modifyingpolicies:
http://www.idsia.ch/˜juergen/ssabook/ssab ook.ht ml

4. Additionalpapers:
http://www.idsia.ch/˜juergen/onlinepub.ht ml

3.18 SymbolicModel Checkingof DomainModelsfor Autonomous
Spacecrafts

CharlesPecheur(NASA)

NASA is investinga lot into model-basedreasoning,asaway to build ”intelligent”
autonomoussoftwarethatrequirelesshumansupervision.Thevalidationof suchsys-
temsis a critical issue:they arebuilt to performcomplex tasksover extendedperiods
andundera wide rangeof externalconditions,sothetestingtaskis daunting.

This talk discussesourcurrentresearchin applyingsymbolicmodelcheckingtech-
niquesto verify domainmodelsfor NASA’s Livingstonemodel-baseddiagnosissys-
tem. We have developeda translatorthat convertsthosmodel into the syntaxof the
SMV modelchecker (Carnegie Mellon). Thanksto its BDD-basedsymbolicanaly-
sis,SMV allows exhaustive coverageof full Livingstonemodelswith very largestate
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spaces(
�$��%�&

). A peculiaraspectis thatdueto their looseinternalcoupling,Livingstone
modelsfeaturea hugebut very shallow statespace.We briefly discusssometechnical
issuesandexperimentalresults.We concludewith someinnovative,unexploredideas
ontheuseof symbolicanalysisto verify whetheramodelis ”diagnosable”,i.e. whether
its observablevariablesaresufficient to discriminatebetweennominalbehaviour and
critical faults.

3.19 Hierar chical Image Computation and Dynamic Conjuntion
Schedulingin Symbolic Model Checking

Christian Stangier (University of Trier)

Whentraversinglargestatespacesby usingOBDDs(e.g.in symbolicmodelcheck-
ing), oneoften facestheproblemthat thetransitionrelationof thesystemundercon-
siderationis too largeto berepresentedasa monolithicOBDD. Evena representable
transitionrelation might in this form not be suitedfor efficient imagecomputation.
Then,a partitionedtransitionrelationhasto be used. This talk presentsmethodsto
obtaina partitionedtransitionrelationandhow to scheduletheconjunctionsto obtain
the image. Also, a new approachto partitioningis presented.This approachcreates
a hierarchicalpartitioningbasedon structuralinformationabtainedfrom the system.
Basedon this hierarchicalpartitioninga dynamicconjunctionschedulingalgorithmis
presented.Theeffectivenessof thisapproachhasbeenprovenby benchmarkingexper-
iments.

3.20 Decidability andUndecidability Resultsfor Planningwith Nu-
merical StateVariables

Malte Helmert (Freiburg University)

Thesedays,propositionalplanningcanbeconsideredaquitewell-understoodprob-
lem. Goodalgorithmsareknown thatwill solve a wealthof very differentandsome-
timeschallengingplanningtasks,andtheoreticalcomputationalpropertiesof bothgen-
eralSTRIPS-styleplanningandthebest-known benchmarkproblemshavebeenestab-
lished.

However, propositionalplanninghasamajordrawback:Theformalismis tooweak
toallow for theeasyencodingof many genuinelyinterestingplanningproblems,specif-
ically thoseinvolving numbers.A recenteffort to enhancethe PDDL planninglan-
guageto copewith (amongotheradditions)numericalstatevariables,to beusedat the
third internationalplanningcompetition,hasincreasedinterestin theseissues.

In this contribution, we analyze”STRIPSwith numbers”from a theoreticalpoint
of view. Specifically, weshow thattheintroductionof numericalstatevariablesmakes
theplanningproblemundecidablein thegeneralcaseandmany restrictionsthereofand
identify specialcasesfor which we canprovide decidabilityresults. A paperon this
topic canbefoundon
http://www.informatik.uni- freiburg.de/ ˜helme rt/pub licati ons.ht ml
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3.21 What is Lar ge?Searching StateSpacesunder Real-Time Re-
quir ements

JanaKoehler (IBM)

Offering individually tailoredservicesto customersbecomesin interestingareafor
thepracticalapplicationof searchtechniques.Thetalk presentedanexamplefrom the
elevator industry, wherea systematicdepth-firstsearch,branch-and-boundalgorithm
is usedto computeoptimal travel routesin an elevator system. Thesetravel routes
satisfyvariousconstraintsimposedby the customer, for examplethey guaranteethat
passengerscanonly reachfloors they aregrantedaccessto, they separatepassengers
that were not allowed to meet in the elevator cabin, or they enableexpressservice
to distinguishedpassengers.The searchspacesize of theseproblemsrangesin the��� �('*) ��� � %

states.A novelcombinationof techniquesfrom AI planningandconstraint
satisfactionguaranteesthatoptimalsolutionsarefoundin lessthan100ms.Embedding
thesearchcoreinto a multi-agentarchitectureyieldsa high-performing,self-adaptive,
andmodularcontrolsoftware.

3.22 SamplingTechniquesfor for Lar geMDP Problems

Robert Givan (Pardue University)

We evaluateandextendrecentwork in sampling-basedcontrol for large stochas-
tic planningproblemsusingproblemsselectedfrom thedomainof intelligentpacket-
network control.Wefirst survey two recentlyproposedmethodsfor applyingsampling
to suchlarge (PO)MDPproblems—thesampledlook-aheadtreeproposedby Kearns
etal. andthepolicy rollout methodproposedby BertsekasandCastanon.Ourfirst new
techniqueis inspiredby Ginsberg’sMonteCarlocardselectionalgorithmfor computer
bridge,andour secondnew techniquegeneralizesthepolicy rollout techniqueto ”roll
out” a finite set of basepolicies simultaneously, ratherthan a single basepolicy as
originally proposed.We evaluateall four techniquesagainsta suiteof MDP problems
derivedfrom telecommunicationsnetwork control.

3.23 Projection Methods

Ron Parr (Duke University)

In this talk I provideanoverview of methodswehavedevelopedfor approximating
valuefunctionsfor Markov decisionprocesses(MDPs)usingprojection.While other
approachesto valuefunction approximationtypically usesampling,our methodsdi-
rectly incorporatethe influenceof every statein the statespaceby usingan implicit,
factoredrepresentationof the MDP transitionmodeland reward function. This ap-
proachalsolets us achieve meaningfula posteriorierror boundson our approximate
valuefunctions.

This is joint work with CarlosGuestrin(StanfordUniversity)andDaphneKoller
(StanfordUniversity).
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3.24 Minimizing ApproximateModelsversusApproximating Min-
imal Models

Tom Dean(Brown University)

Severalcurrentmethodsfor solvingvery largestatespace,factoredMarkov deci-
sionprocessesinvolvesearching(implicitly or otherwise)in thespaceof reducedmod-
els that aggregatestatesaccordingto similar dynamicsandexpectedrewards. These
methodsproceedby splitting blocksin a state-spacepartition to improve somelocal
measureof performance.We considertheadvantagesanddisadvantagesof suchtop-
down refinementmethodsasthey pertainto thesizeandgeneralityof themodelsex-
ploredin thecourseof searching.We thenconsidera methodthat,at first blush,is not
guidedby splittingblocks(refiningpartitions)of dissimilarstatesbut ratherby splitting
blocksto improvesomeapproximateglobalmeasureof optimality. Themethodworks
by constructingan approximatemodelfrom the currentpartition andthenevaluating
theoptimalsolutionfor this approximatemodel.We analyzetherelationshipbetween
optimal solutionsto theseapproximatemodelsandoptimal solutionsto the original
modelanddescribesomepreliminaryexperimentalresults.

3.25 Reducing the State SpaceBuchi Automata using Simulation
Relations

ThomasWilk e (University of Kiel)

The purposeof this talk was to explain how structuralsimilarities of transition
systemscanbe exploited to reducethe sizeof their statespaces.More specifically,
it wasfirst explained- usinga game-theoreticapproach- (1) what it meansfor two
statesof a nondeterministicfinite automatonto be bisimilar and that they simulate
eachother, (2) how this canbecheckedefficiently, and(3) how statespacereduction
by quotientingwith respectto bisimulationandsimulationequivalence,respectively,
works.Thesecondpartof thetalk wasdevotedto thequestionhow fairnessconstraints,
whicharisewhennondeterministicautomataareusedto recognizelanguagesof infinite
words,canbetakencareof. In particular, it wasexplainedwhatdelayedsimulationis
aboutandwhy it is interestingin thecontext of Bchi automata.For details,consultthe
paperavailableat
http://cm.bell- labs.com/cm/cs/who/kous ha/fai r_ical p.ps.g z

3.26 Decidability of LanguageEquivalencefor DPDA

Colin Stirling (Edinburg University)

Despiteintensivework throughoutthelate1960sand1970s,theequivalenceprob-
lemfor determinisiticpushown automata,DPDA, whetherlanguageequivalenceis de-
cidablefor deterministiccontext-free languages,remainedunsolveduntil 1997when
Sénizerguesannounceda positive solution. It seemsthat the notationfor configura-
tions of DPDA, althoughsimple,is not rich enoughto sustaina proof. Deeperalge-
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braic structureneedsto be exposed.The full proof by Sénizergues,in journal form,
appearedin TCSearlyin 2001.

I produceda differentproof of decidabilityusingideasfrom concurrency andlan-
guagetheory that is essentiallya simplification of Sénizergues’s proof that also ap-
pearedin TCSin 2001.Thefirst stepis to view theproblemasa bisimulationequiva-
lenceproblemfor aprocesscalculuswhoseexpressionsgenerateinfinitestatetransition
graphs.Theprocesscalculusis built from determinisingstrict grammars.

Theproof of decidabilityis still very complex becauseshowing terminationusesa
techniquefor “decomposition”thatis basedonunifiersandauxiliary recursivenonter-
minals.Sénizuerguesusesa moreintricatemechanism.This meansthat thesyntaxof
thestartingprocesscalculushasto beextendedwith auxiliary symbols.It alsointro-
ducesnondeterminisminto tableauxwith theconsequencethatthedecisionprocedure
is two semi-decisionprocedures,andthereforethereis not an upperboundon com-
plexity. This is alsothecasewith proofsof decidabilityin restrictedcases,suchasfor
DPDA without + -transitionsthatwasfirst shown in 1980.

In the talk I describea simplerdecisionprocedurethat is determinisiticandthat
avoids the decompositionmechanismfor termination. One consequenceis that the
syntaxof thestartingprocesscalculusis notextended.Anotherconsequenceis aprim-
itive recursiveupperboundon thecomplexity of theprocedure.For a preliminaryfull
papersee
http://www.dcs.ed.ac.uk/home/cps/newdp da.ps

3.27 Explicit-State Search

StefanLeue (Freiburg University)

Traditionalexplicit-statemodelcheckersperformstate-spacesearchesthat ignore
informationavailableon the statespaceandon the propertyspecificationstructure.I
show how theintorductionof heuristicsearchalgorithmscangreatlyreducethelength
of error trails in communicationprotocolverification for safetyproperties,andhow
modestimprovementscanbe achievedwhenverifying livenessproperties.For some
problems,heuristicsearchcanrendererstwhileunsolvableproblemssolvable.I finally
show thatheuristicseachtechniquescanco-exist with partial-orderreduction.

3.28 CommonExploration Techniquesin Search,PlanningandModel
Checking

StefanEdelkamp (Freiburg University)

Thetalk elaborateson a commongroundfor search,planningand(errordetection
in) modelchecking:thestatespace,spannedby asetof operators,aninitial stateanda
setof goalstates.

The techniquespresentedin the talk includesymbolicpatterndatabasesfor both
explicit andsymbolic searchenginesas well as schedulingapproachesto estabilish
optimalconcurrentsolutionsin real-timedomains.
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All appliedalgorithmsaredirected,i.e., they acceleratethesearchwith respectto
thesetof goalstates.

We risethequestionof how muchtransferof technology, like partialorderreduc-
tion, symbolicrepresentation,abstraction,statecompactionetc.,hasbeenandcanbe
achieved.

3.29 Space-EfficientSearch

Richard Korf (UCLA)

Many searchalgorithmsarememory-limitedandexhausttheavailablememoryin
a matterof minutes.Disksgenerallydon’t helpdueto their long latenciesfor random
access.We discussseveral techniquesfor dealingwith this problem. If the problem
spaceis approximatelya tree,depth-firstsearchrunsin spacethat is only linear in the
depthof search. Furthermore,depth-firstiterative deepeningsimulatesbreadth-first
searchwith anoverheadof only B/(B-1), whereB is thebranchingfactorof the tree.
In a problemwith many pathsto the samenode,however, depth-firstsearchexplores
everypathto agivennode.For example,in a2-dimensionalgrid, thenumberof nodes
ata radiusof R is only ,-�/.10$� , while thenumberof pathsis ,-� ��2 � . If suchaproblem
spacehasa greatdealof structure,a finite-statemachinecanoften be learnedwhich
will reducethenumberof duplicatenodesgeneratedby adepth-firstsearch.Evenif the
obviousproblemspacefor a problemresultsin multiple pathsto thesamenode,there
may be an alternative problemspacefor the sameproblemwhich is treestructured.
Finally, we discussa techniquecalledfrontier search,which storesonly the frontier
nodesin the search,andnot the interior nodes.For example,in a 2-dimensionalgrid
graph,thenumberof interiornodesis quadraticin thesearchradius,while thenumber
of frontier nodesis only linear, resultingin a dramaticspacereduction. The actual
solutionpathcanbereconstructedby adivide-and-conquertechnique.

3.30 Benefitsof BoundedModel Checking in an Industrial Setting

MosheY. Vardi (RiceUniversity)

Theusefulnessof BoundedModelChecking(BMC) basedonpropositionalsatisfi-
ability (SAT) methodsfor bug huntinghasalreadybeenprovenin severalrecentwork.
In this paper, we presenttwo industrial strengthsystemsperformingBMC for both
verificationandfalsification. The first is Thunder, which performsBMC on top of a
new satisfiabilitysolver, SIMO. Thesecondis Forecast, which performsBMC on top
of BDD package.SIMO is basedon theDavis LogemannLovelandprocedure(DLL)
andfeaturesthemostrecentsearchmethods.It enjoys static anddynamicbranching
heuristics,advancedback-jumpingandlearningtechniques.SIMO alsoincludesnew
heuristicsthatarespeciallytunedfor BMC problemdomain. With Thunderwe have
achievedimpressive capacityandproductivity for BMC. Realdesigns,takenfrom In-
tel’s �"3�45�(�76�8 c

9
4, with over 1000modelsvariableswerevalidatedusingthedefault

tool settingsandwithout manualtuning. In Forecast,we presentseveral alternatives
for adaptingBDD-basedmodelcheckingfor BMC. We have conducedcomparisonof
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ThunderandForecaston a largesetof realandcomplex designsandon almostall of
themThunderhasdemonstratedclearwin overForecastin two importantaspects:ca-
pacityandproductivity. For details,consultthepaperavailableat
http://www.cs.rice.edu/˜vardi/papers/c av011. ps.gz
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