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1 Intr oduction

1.1 Description

Thegoalof thisworkshopis to bring togetheresearchergorking on state-&ploration
methodsn artifical intelligence(Al) andin automatedserification (AV). The ideaof
organizingsucha workshopcameduring the DIMA CS/IRCSTutorial and Workshop
on Logic and Cognitive Science which washeldin April 1999 at the University of
Philadelphia. We realizedtherethat state-&plorationis a major issuein computer
aidedverificationandin artificial intelligence.

1.2 Automated Verification

Automatedverificationprovidesa new approacho validatingthe correctbehaior of
software and hardware designs. In traditional designvalidation, “confidence”in the
designis the resultof runninga large numberof testcaseghroughthe design. Auto-
matedverification,in contrastusesmathematicatechniquedo checkthe entire state
spaceof the designfor conformanceto somespecifiedbehaior. Thus,while simu-
lation is open-ende@ndfraughtwith uncertainty formal verificationis definitive and
eliminatesuncertainty Over the lastfew years,automatedrerificationtools, suchas
modelcheclers, have shavn their ability to provide thoroughanalysisof reasonably
complex designs.CompaniesuchasAT&T, CadenceFujitsu, HR, IBM, Intel, Mo-
torola, NEC, SGI, Siemensand Sunare usingmodel checlersincreasinglyon their
own designsto ensureoutstandingproductquality. Unfortunately model checking



suffers from a fundamentaproblemknown as state-@&plosion: the ability to handle
only systemawith limited-sizestatespaces.This explosionarisesmainly becausehe
transitionsystemanalyzeddescribeghe global behaior of the system. In a system
comprisedf multiple componentsthe globalstatespaceds a crossproductof theindi-

vidual componenstatespaces Evena systemcontainingonly smallcomponentgan
thereforeyield a large global state-spaceFor a modernhardware and software, the
globalstatespacds prohibitively large. This posesa seriouschallengego extantmodel
checlers.Combatingstate-a&plosionis thereforea complex computationaproblemof

critical importance.

1.3 Mark ov DecisionProcesses

Work on Markov decisionprocesse¢§MDPs) datesbackto the 1950s andthereis a
large literature stemmingprimarily from the fields of operationsesearchand adap-
tive control. In the 1980's therewasrenavedinterestin MDPs comingfrom work in
automatedplanningin artificial intelligenceandthe work on binary decisiondiagrams
from theverificationcommunity DeanandKanazava[1989]andTatmanandShachter
[1990] introducedthe idea of structuredMarkov processesnd suggestedhow they
might be usedfor representingand solving planningand control problemswith very
large stateandactionspaces.n subsequeryears,a greatdealof progressvasmade
exploring structuredversionsof earlier unstructuredalgorithmsfrom the operations
researctandadaptve controlcommunities.

True MDPs, i.e., problemsin which the currentstateof the systemis completely
obsenableto the decisionmalker, arerarein practiceand hencethe partially observ-
ablevariant(POMDP)is of greatimportance.Recentlytherehasbeena resugence
of interestin POMDPs,partially spurredby the succes®f CassandraiKaelbling and
Littman,andahostof new algorithmshave beendevelopedjncludingvariationalmeth-
odswhich openup the possibility of solving a wide rangeof problems. Variational
statisticalmethodscan in somecasesreducethe needfor stateexploration using a
combinationof samplingtechniquesandreformulationin termsof a (continuous)pa-
rameterizedpaceof actions.

More recentlyresearcherbave begunusingthe basictechnologyfor modelcheck-
ing including binary decisiondiagrams(BDDs), various algebraicextensions,and
quantifiedvariantsthat make use of modallogics of time to tackle a wider classof
MDPs andtheir partially obsenable counterparts.In all casesthe needfor explor-
ing very large stateandactionspacess dealtwith by identifying andthenexploiting
structurein the combinatoriakpaceof statesandactions.

1.4 Al Planning

Plannings asub-fieldof Al whichis concernedvith thegeneratiorof arationalcourse
of actiongiven a declaratve specificationof the environment,the goals,andthe pos-
sible actions. In the caseof “classicalplanning; one usually makesthe simplifying
assumptionshat everything (thatis relevant) is obsenable,thatall actionsare deter
ministic, andthattheonly changen theworld is causedy actionsof theagent.While



this seemdik e a trivialization of the MDP problem,the problemis still computation-
ally very hardbecausef the large statespaceone hasto explore. The lastfive years
broughtconsiderabl@rogres®nthealgorithmicside.In particulartheplanning-graph
approactby Blum andFurst[1995], which outperformedany existing planningsystem
then, led to a flurry of further developmentssuchas plannersthat reducethe plan-
ning problemto a sequencef propositionakatisfiabilityproblemgKautzandSelman
1996] or nonmonotoniaeasoningproblemgDimopoulosat al 1997]. Typeinference
algorithms,the derivationsof invariantsand othertechniquesvere usedto prunethe
searchspaceandto speedup planning,andOBDDswereusedto codesetsof statesn
acompactway. All thesedevelopmentded to animpressie performancef Al plan-
ning systemsas demonstrateat the first internationalplanningcompetitionin 1997
(atAIPS’97). Justto give anexample,KautzandSelmans BLACKBOX plannerpro-
duceda 100-actionplanin aworld with approx.10*¢ statesn afew minutes.This has
to be comparedwith the stateof the art in the beginning of the nineties,whena 10-
actionplan neededa few hoursto be generatedCurrently the mainfocusof research
is in extendingthe existing techniquego handlemore expressve planningformalism
(e.g.,includingresources)in improving the coresearchalgorithms,andin exploiting
all typesof knowledgethat canbe derived from the problemspecificationin orderto
prunethe searchspace.

1.5 Benefits

We believe that the workshopwill help to increasethe awarenesof the researchers
working in onefield of the problemsandmethodsn the othersandthusto increasehe
interactionandcollaborationof thetwo fields,andthe transferof methodologiesrom
onefield to another
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3 Abstract of Presentations

3.1 Verification Tutorial: Explicit Search
David Dill (Stanford University)

Automatic formal verification of finite-stateconcurrentand reactive systemsde-
pendson characterizinghe reachablestatesof the system.Therearetwo generalap-
proachedo this problem:explicit methodsstorethe statesndividually (e.g.,in ahash
table),while symbolicmethodsusedatastructuresuchasBinary DecisionDiagrams
to storeanimplicit representationf the statespace.

Thistalkis anoverview of explicit methods |t beginswith adiscussiorof how they
are usedto verify propertiesandthe basicsearchalgorithms. Thenwe describetwo
statereductiontechniqueswhichreduceghenumberof stateghatneedto besearcheed:
symmetryreductionand partial orderreduction.Finally, several othermethodsof re-
ducingspaceandtime requirementgarediscussedhashcompactionstoringstateson
disk,andparallelsearch.

3.2 Verification Tutorial: Implicit Search

Fabio Somenzi(University of Colorado)

In this tutorial, we review thetechniquegshatcontrituteto the efficientimplemen-
tation of symbolicmodelcheclers. We startwith areview of the propertiesof binary
decisiondiagrams(BDDs) that are of interest. We then briefly review the temporal
logic CTL*, which is usedto describeproperties,and summarizethe algorithm for
CTL* model checking,shaving that it requiresthe ability to computefixpoints of
monotonicfunctionsover finite lattices.

Thesefunctionsevaluatethe setof predecessorandsuccessorsf a setof vertices
of a graph. Therefore,we examinethe computationof imagesand pre-imagedor
graphghataresymbolicallyrepresentedly a setof implicitly conjoinedpredicatesin
particular we discussquantification/conjunctiorscheduling,and the combinationof
conjunctionandsplitting.

We thenconsidetrthe efficient computatiorof fixpoints. Symbolicalgorithmsusu-
ally resortto breadth-firsexplorationof the the stategraph. However, this oftenleads
to large intermediateBDDs. Severaltechniqueghat mix breadth-firstand depth-first
explorationcanbeusedto amelioratethe problem.We thendiscusghe useof approx-
imationsin arefinement/basedpproachtio modelchecking.

The detectionof cyclessatisfyingfairnessconstraintds anotherimportanttask of
amodelchecler, for whichtwo familiesof algorithmscanbe employed: SCC-hulland
SCCenumeratioralgorithms.We review themainfeaturesf both. We alsodiscusghe
notionof strengthof anautomatonandhow it canbe usedto simplify cycle detection.

Finally, we look at variousways in which don't care conditionscan be usedto
simplify model checking. Theseinclude the simplification of the transitionrelation
with respecto thereachabletatesthe so-called’forwardmodelchecking”algorithm,
andthe detectionof dependencieamongstatevariables.



3.3 Algorithmic Resultsin Infinite Automata Theory
Wolfgang Thomas(RWTH AAchen)

Infinite automataare of interestnot only in the verification of systemswith infi-
nite statespaceshut alsoasa natural(andso far underdeeloped)framework for the
studyof formal languagesin this sunwey talk, we discusssomebasictypesof infinite
automatayhich arebasedn the so-calledprefix-recognizablesynchronizedational,
andrationaltransitiongraphsyrespectiely. We presentharacterizationsf thesetran-
sition graphs(dueto Muller/Schuppandto Caucalandstudents)mentionresultson
their power to recognizdanguagesanddiscusghe statusof centralalgorithmicprob-
lems(lik e reachabilityof givenstatespr decidabilityof thefirst-ordertheory). A paper
titted "A shortintroductionto infinite automata’is avalaibleunder
http://www-  i7.informatik.rwth- aachen.de /‘thom as/pub licati ons.ht ml

3.4 Symmetry Reductions

Prasad Sistla (University of Illinois, Chicago)

Thetalk presentedhreedifferentmethodspasedn symmetryreductionsjn con-
tainingthe stateexplosionproblemin modelchecking.Thefirst methodconsiderghe
symmetriesin the programaswell the formula. In this methodwe first constructa
quotientstructure,correspondingdo the reachablepart of the global stategraph,and
thencheckthe satishctionof theformulain the quotientstructureusingthetraditional
modelcheckingalgorithms. This methodis primarily usefulin checkingsafetyprop-
erties.

The secondmethodconsideronly the symmetriesn the programandis basedn
the constructiorof AnnotatedQuotientStructure(AQS). The AQSis lik e the quotient
structureexceptingthatthe edgescarry additionalinformation. This additionalinfor-
mationis usedfor checkingcorrectnessinderfairness.This methodallows checking
of both safetyandlivenessroperties. The third methodemploys GuardedQuotient
StructureGQS). This methodcanbe employed for employing symmetryreductions
in systemghatarealmostsymmetric.

Thetalk alsopresenteéh Symmetrybasedviodel Checler, calledSMC. It is anon-
the-fly model checler that employs symmetryreductionsand checksfor correctness
undera variety of fairnessconditions. SMC permitsthe userto invoke two different
typesof symmetryreductions—processymmetryandstatesymmetry It alsoallows
theuserto specifythetypeof fairnesshatneedso beinvoked—weakfairnessstrong
fairnesslt alsoallowstheuserto specifydifferenttypesof on-the-flyoptionsthatneed
to beinvoked.

3.5 Exploration of Lar ge State Spacesusing Monadic Logics, Au-
tomata, BDDs, and SAT Solvers

David Basin (Freiburg University)
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| surwey recentwork on using monadiclogic to representerificationand search
problems.| shav how, when one choosethe right monadiclogic thereare different
possibilitiesfor problemsolving. In particular automataheoretictechniquegrealized
usingBDDs) canbe usedto constructa representatioof the entiresolutionspaceor,
alternatvely, satisfiability proceduresanbe usedto find individual solutions. Paper
ontopic:
http://www.informatik.uni- freiburg.de/ “basin /pubs/ cavBMQ@0.ps. Z
(Jointwork with AbdelwahebAyari, Universityof Freiburg)

3.6 An Unfolding Approachto exploring State Spacesof Concur-
rent Systems

Javier Esparza(Edinburgh University)

Theautomatioverificationof finite statesystemsuffersfrom theexplosionof states
causedy the mary possiblepermutationsf concurrenevents.Unfoldingsareaver
ification techniquethat avoids this explosionby disregardingthe orderof concurrent
events.It belongsto the groupof so-calledpartial-ordermethodsor modelchecking,
whichalsocontainsGodefroidssleepsets Peledsamplesets Valmari's stubborrsets,
andothers.

The unfolding techniquecan be appliedto any concurreng modelin which (a)
globalstatesarerepresentedstuplesof local stategplus possiblyvaluesof variables,
contentof channelsetc...) and(b) transitionamaybeexecutedoy partsof thesystem.
This inducesa notion of independencetwo transitionsareindependenif the partsof
thesystemsexecutingthemareindependent.

The unfoldingtechniquereplaceghe constructiorof the statespaceof the system
by the constructionof its unfolding. If the systemconsistsof oneautomatonthe un-
folding is the familiar unwinding of the automatorinto aninfinite tree. If the system
consistsof a tuple of communicatingautomatathenthe unfolding canbe seenasa
tuple of communicatingrees. The unfolding is infinite for mostsystemsof interest,
but theconstructiorstopswhenenoughinformationhasbeenobtained.“Enoughinfor-
mation” dependn the kind of propertyto be checled. Usingthe automata-theoretic
approachto model-checkingthe 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, | sketchedasolutionto thefirst of thesethreeproblems.| thenprovided
somedataaboutperformanceandconcludedoy comparingthe techniquewith BDD-
approacheandwith otherpartial-ordertechniques.

Thetalk is basedn two papersco-authoredvith Keijo heljanlo, availableat

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

2. A (someavhatoutdated)ntroductionto the unfoldingtechngiuecanbefoundat
http://www7.in.tum.de/gruppen/theorie/pom /

11



3.7 Exploring Infinite State Spaceswith Finite Automata
Pierre Wolper (University of Liege)

After introducingthe type of state-spacsearchusedin verification, this talk fo-
cuseson the symbolic explorationof infinite state-spacedt describeghetwo ingre-
dientsneededfor this type of state-spacesearch:an adequatesymbolic representa-
tion andanacceleratioriechnique.Two acceleratioriechniquesarebriefly described:
wideningandthe useof meta-transitiongorrespondingo the repeatedexecutionof
loops. Thereafterthe talk turnsto symbolicrepresentationandshaws, througha se-
ries of examples,that finite-automatebasedrepresentationare a widely usableand
powerful class.The examplesusedincludeprogramamanipulatingintegers,realsand
unboundednessagegueues.

For referencessee
http://www.montefiore.ulg.ac.be/"pw/pa pers/p apers .html

3.8 Exploring Infinite State Spaceswith TreeAutomata

OrnaKupferman (Hebrew University)

We developanautomata-theoretiftamework for reasoningaboutinfinite-statese-
quentialsystems.Our framework is basedon the obsenation that 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 temporalproperty can then be
doneby an alternatingtwo-way tree automatonthat navigatesthroughthe tree. As
hasbeenthe casewith finite-statesystemsthe automata-theoretiframework is quite
versatile.We demonstraté by solving several versionsof the model-checkingprob-
lem for p-calculusspecificationsndprefix-recognizableystemsandby solving the
realizabilityandsynthesigproblemdor p-calculusspecificationsvith respecto prefix-
recognizableenvironments.
http://www.cs.huji.ac.il/"orna/publica tions/ cav00 .ps.Z

3.9 Al Planning Tutorial

Fahiem Bacchus(University of Toronto)

The Overview coveredthe StandardTechniguesisedin Al planningto represent
statetransitionsandplanningproblems.It alsodiscussedhe mostpopulartechniques
for searchingor plans.

3.10 A Hierarchical Approachto Model-basedReastive Planning
in Lar ge State Spaces

Brian C. Williams (MIT)
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A new generationof sensorrich, massiely distributed systemss emeping that
include deepspaceexplorers, ubiguitouscomputingenvironments,and sensorwebs
for monitoringthe earthecosystem.Programminghesesystemsnvolvesreasoning
throughcomplec systeminteractionsalonglengthypathsbetweernthe sensorsgontrol
processorsnd control actuators.The resultingcodelacks modularity andis fraught
with error. Model-basedrogrammingsupportsmodularity by enablingengineergo
programreactve systemsby simply articulatinghigh-level control stratgjies and by
pluggingtogethercommonsenseodelsof hardware and software modules. Model-
basedxecutivesusethesemodelsonthefly to coordinatebetweermodulesaccording
to thecontrolstrateyy.

3.11 Using Symmetry Elimination to assistin Search Control in
Planning

Maria Fox (University of Durham)

Many planningproblemscontainsymmetriesvhichleadto redundansearch Break-
ing symmetriesduring searchcanyield ordersof magnitudeimprovementin perfor
mance,even exponentialimprovementwhen problemsare highly symmetric. If the
domainmodellersuppliessomeof the symmetriegpresenin a problema plannercan
exploit thesewith only minor modificationto its searchprocedure.This presentation
describeshow symmetriesexpressedas permutationgof the valuesandvariablesde-
scribinga planningproblem)canbe appliedto find the symmetricalternativesto failed
valuechoicesduringthe searchtherebyallowing thesealternativesto be prunedwith-
out the necessityto expendary effort on exploring them. A closeconnectioncanbe
drawn with relatedwork on symmetry-breakingn the CSPcommunity A strengthof
the work describedn this presentations the potentialfor the dynamicdiscovery of
symmetriesnot presentin theinitial 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 representationf atransitiongraphis toolargeto besearchedlirectly,
it canbe helpful to reduceits implicit representatioprior to the search.In this talk,
we presentegbathanalysiswhich canperformsuchareduction.lt is a preprocessing
techniguemotivatedby work on planning.

Path analysisis basedon a decompositiorof the transitiongraphinto - usually
dependent finite statemachineslIf suchadecompositiorexists,theglobalsolutionto
thesearchproblemis a combinationof a solutionto eachof the FSMs.

With a fixpoint computation,path analysisidentifies a set of transitionsof the
FSMs,which canberelevantfor a global solution. Transitionsthatarenot part of this
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fixpoint areirrelevantfor a solutionto theglobalsearchproblemandcanbeeliminated
form thetransitiongraph.

Thetalk mentionswaysto guarante@ptimality of the reduction,to minimize the
fixpoint, andto overcomethe high compleity of searchingor afixpoint.

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

Jorg Hoffman (Freiburg University)

Recentlythe planningcommunityhas,in thecontext of the 2ndinternationabplan-
ning systemsompetitionalogsideAlPS-2000,seena dramaticimprovementin terms
of the sizeof problemsthat state-of-the-arplannerscanhandle. One plannerpartici-
patingin this developmenis the FF system.This planningsystems basecn asimple
local searchapproachThetalk briefly describeghe mainalgorithmictechniquesised
in FE Afterwards, the excellent runtime behaior of the systemon mary planning
benchmarkss explainedin termsof a detailedinvestigationof the local searchtopol-
ogy of thesebenchmarksasit turnsout, the majority of the benchmarkdomainsdo
notcontainarny local minimaunderanidealizedversionof FF’s heuristicfunction,and
themaximaldistanceto exits on benchesgs oftenlimited by a constant.

1. A detailedpaperon the FF systemis publishedin JAIR andcanbe downloaded
from
http://www.informatik.uni- freiburg.de/ hof fmann/ papers /jair0 1.

ps.gz

2. An empiricalpaperonthelocal searchtopologyof the benchmarkss published
in theproceeding®f IJCAI-2001andcanbedownloadedrom
http://www.informatik.uni- freiburg.de/ hof fmann/ papers fijcai  01.

ps.gz

3.14 SAT-BasedConformant Planning

Enrico Giunchiglia (University of Genoa)

Planningassatisfiabilityis an efficienttechniquefor classicalplanning.Thistech-
niguehasbeenrecentlyextendedo conformantplanning,thatis, to planningdomains
having incompleteinformationaboutthe initial stateand/orthe effectsof actions.In
this talk we presentthe basicideasandproceduregor completeand optimal confor
mantplanningassatisfiability Then,we discusghe limitations of the basicapproach
and presentsomedomainindependenbptimizationsmeantto mitigate the outlined
problems.A comparatie experimentalanalysisshavs thatthe resultingprocedurds
competitve with otherstate-of-the-artonformaniplanners.
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3.15 Planning under Limited Observability asSearch in the Space
of BDDs

Alessandio Cimatti (IRST, Trento)

Conformantplanningis the problem of finding a sequenceof actionsthat will
achieve the goal for all possibleinitial statesandfor all possibleoutcomesof non-
deterministicactions.

In thistalk, anefficientapproacho conformaniplanningis presentedn theframe-
work of Planningvia SymbolicModel Checking.Theproblemof conformanplanning
is recastasa problemof searchin the spaceof beliefs. The searchspacdas compactly
representeednd efficiently explored by meansof Symbolic Model Checkingtech-
niguesbasedn Binary DecisionDiagrams.

Different planning algorithmsare presented. The approachin (1) is basedon
a breadth-firstsearch,while the approachin (2) is basedon goal-directed heuristic
searchtechniqueswith selectionfunctionsthattake into accounthe degreeof knowl-
edge.Thedifferentalgorithmsareimplementedn the MBP planner Theexperimental
evaluationsconfirmthe efficiency of theapproach.

REFERENCES

1. A. CimattiandM. Roveri ConformantPlanningvia Symbolic Model Checking
Journalof Artificial IntelligenceResearch13:305-338,2000. http://www.
cs.washington.edu/research/jair/volumel13/ cimatt i00a.p s
Also IRST TechnicalReport0006-04 Istituto Trentinodi Cultura,June2000.

2. P.Bertoli, A. Cimatti,andM. Roveri HeuristicSearch+ SymbolicModel Check-
ing = Efficient ConformantPlanningin Proc. 17th InternationalJoint Confer
enceon Artificial Intelligence(lJCAI 2001),Seattle USA, August2001. IRST
TechnicalReport0105-07 Istituto Trentinodi Cultura,May 2001.

3.16 MDP Tutorial

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

Thistutorial reviews the basicdefinitionsandtechniquesn the areaof Markov de-
cisionprocesse$MDPs). We discussdiscountedaverage andfinite-horizontotal re-
ward objective functions,andtheir associatedaluefunctions.We give Bellmanequa-
tionsdefiningthe optimal valuefunctionfor the discounteccaseandpresenthe stan-
dardalgorithmsfor solvingMDPs: valueiteration,policy iterationandlinearprogram-
ming. We presengxtensiongo thebasicmodelfor verylargefactoredstatespacesand
discussedechniquedor solutionof largestatespaceproblems First,we describdech-
niquesfor constructingsmallerequivalentproblemsby factoredstatespacaggreyation
("model minimization/reduction”andrelatedtechniquegor carryingout standardly-
namicprogrammingsolutionsin factoredform ("structureddynamicprogramming”).
Finally, we presenthetopic of valuefunctionapproximationpy which thevaluefunc-
tion for alarge MDP is approximatedisinga parametriaepresentationCorvergence
resultsanderrorboundsfor severalpopularmethodsaredicussed.
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3.17 Optimal Search
JurgenSchimdhuber(IDSIA)

| gave anoverview over Kolmogoros compleity andKt-complexity andasymptot-
ically optimalsearchalgorithms,suchasLevin’s universalsearch(1973andmy post-
docHutter’s fastestandshortestalgorithmfor all well-definedproblems(2001). Then
| tried to encourageéhe modelcheckingandplanningandMDP communitiego apply
AdaptiveLevin Search(MachineLearning,1997)to theirsearctproblems:Putall your
prior knowledgeinto a probabilistic(typically non-universal)programminglanguage
whoseinstructionsinclude your favorite searchalgorithms. In Phasei = 1,2,3, ...
run all programsp suchthatt(p)/P(p) < 2¢, until a solutionis found, whereP(p)is
p’s probability, andt(p) its runtime. This is an optimal way of allocatingtime to the
computatiorof solutioncandidatesgiventhe prior knowledgein P. You canstartwith
small searchproblemsand adaptP suchthat the probability of successfuprograms
increases.(I also mentionedmetalearningself-modifying policiesfor reinforcement
learningin partially obsenableenvironments.)

Links:

1. J. Schmidhuberd. Zhao,andM. Wiering. Shifting inductive biaswith success-
story algorithm,adaptve Levin searchandincrementakelf-improsement.Ma-
chineLearning28:105-1301997.
ftp://ftp.idsia.ch/publ/juergen/bias.ps.gz

2. UniversalLearningAlgorithms:
http://www.idsia.ch/"juergen/unilearn.htm |

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

4. Additional papers:
http://www.idsia.ch/“juergen/onlinepub.ht ml

3.18 SymbolicModel Checkingof Domain Modelsfor Autonomous
Spacecrafts

Charles Pecheur (NASA)

NASA is investingalot into model-basedeasoningasaway to build "intelligent”
autonomousoftwarethatrequirelesshumansupervision. The validationof suchsys-
temsis a critical issue:they arebuilt to performcomplex tasksover extendedperiods
andundera wide rangeof externalconditions sothetestingtaskis daunting.

Thistalk discussesur currentresearclhin applyingsymbolicmodelcheckingtech-
niquesto verify domainmodelsfor NASA's Livingstonemodel-basedliagnosissys-
tem. We have developeda translatorthat corvertsthos modelinto the syntaxof the
SMV model checler (Carngyie Mellon). Thanksto its BDD-basedsymbolic analy-
sis,SMV allows exhaustie coverageof full Livingstonemodelswith very large state
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spaceg10°5). A peculiaraspects thatdueto theirlooseinternalcoupling,Livingstone
modelsfeaturea hugebut very shallov statespace We briefly discusssometechnical
issuesandexperimentalresults.We concludewith someinnovative, unexploredideas
ontheuseof symbolicanalysigo verify whetheramodelis "diagnosable”j.e. whether
its obsenablevariablesare sufficient to discriminatebetweemominalbehaiour and
critical faults.

3.19 Hierarchical Image Computation and Dynamic Conjuntion
Schedulingin Symbolic Model Checking

Christian Stangier (University of Trier)

Whentraversinglargestatespacedy usingOBDDs(e.g.in symbolicmodelcheck-
ing), oneoften facesthe problemthat the transitionrelation of the systemundercon-
siderationis too large to be represente@ésa monolithic OBDD. Evena representable
transitionrelation might in this form not be suitedfor efficient image computation.
Then, a partitionedtransitionrelation hasto be used. This talk presentanethodsto
obtaina partitionedtransitionrelationand how to schedulehe conjunctiongo obtain
theimage. Also, a new approacho partitioningis presented.This approacicreates
a hierarchicalpartitioning basedon structuralinformation abtainedfrom the system.
Basedon this hierarchicalpartitioninga dynamicconjunctionschedulingalgorithmis
presentedThe effectivenes®f this approacthasbeenprovenby benchmarkingxper
iments.

3.20 Decidability and Undecidability Resultsfor Planning with Nu-
merical State Variables

Malte Helmert (Freiburg University)

Thesedays propositionaplanningcanbeconsidereéquitewell-understoogbrob-
lem. Goodalgorithmsareknown thatwill solve a wealthof very differentandsome-
timeschallengingplanningtasks andtheoreticacomputationapropertief bothgen-
eral STRIPS-styleplanningandthe best-knavn benchmarlproblemshave beenestab-
lished.

However, propositionablanninghasa majordravback: Theformalismis too weak
to allow for theeasyencodingpf mary genuinelyinterestingplanningproblemsspecif-
ically thoseinvolving numbers. A recenteffort to enhancehe PDDL planninglan-
guageto copewith (amongotheradditions)numericalstatevariablesto be usedat the
third internationabplanningcompetition hasincreasednterestin theseissues.

In this contribution, we analyze’STRIPSwith numbers”from a theoreticalpoint
of view. Specifically we show thattheintroductionof numericalstatevariablesmalkes
theplanningproblemundecidablén thegenerataseandmary restrictionghereofand
identify specialcasedor 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 Large? Searching State Spacesunder Real-Time Re-
quirements

JanaKoehler (IBM)

Offeringindividually tailoredservicego customerdecomesn interestingareafor
thepracticabhpplicationof searchtechniquesThetalk presentecn examplefrom the
elevatorindustry wherea systematiaddepth-firstsearch branch-and-boundlgorithm
is usedto computeoptimal travel routesin an elevator system. Thesetravel routes
satisfyvariousconstraintamposedby the customeyfor examplethey guaranteghat
passengersanonly reachfloors they aregrantedaccesgo, they separatgpassengers
that were not allowed to meetin the elevator cabin, or they enableexpressservice
to distinguishedpassengersThe searchspacesize of theseproblemsrangesin the
101° —101'° states A novel combinatiorof techniquesrom Al planningandconstraint
satishctionguaranteethatoptimalsolutionsarefoundin lessthan100ms. Embedding
thesearchcoreinto a multi-agentarchitectureyields a high-performing self-adaptie,
andmodularcontrol software.

3.22 Sampling Techniquesfor for LargeMDP Problems

Robert Givan (Pardue University)

We evaluateand extendrecentwork in sampling-basedontrol for large stochas-
tic planningproblemsusing problemsselectedrom the domainof intelligent paclet-
network control. We first survey two recentlyproposednethoddor applyingsampling
to suchlarge (PO)MDP problems—thesampledook-aheadree proposedcby Kearns
etal. andthepolicy rollout methodproposedy BertsekasndCastanonOurfirst new
techniquéds inspiredby Ginsbeg’s Monte Carlocardselectioralgorithmfor computer
bridge,andour seconchew techniquegeneralizeshe policy rollout techniqueto "roll
out” a finite setof basepolicies simultaneouslyratherthan a single basepolicy as
originally proposedWe evaluateall four techniquesgainsta suiteof MDP problems
derivedfrom telecommunicationeetwork control.

3.23 Projection Methods
Ron Parr (Duke University)

In thistalk | provide anoverview of methodsve have developedfor approximating
valuefunctionsfor Markov decisionprocesse$MDPSs) usingprojection. While other
approacheso valuefunction approximationtypically usesampling,our methodsdi-
rectly incorporatethe influenceof every statein the statespaceby usingan implicit,
factoredrepresentatiomf the MDP transitionmodel and reward function. This ap-
proachalso lets us achieze meaningfula posteriorierror boundson our approximate
valuefunctions.

This is joint work with CarlosGuestrin(StanfordUniversity) and DaphneKoller
(StanfordUniversity).
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3.24 Minimizing Approximate ModelsversusApproximating Min-
imal Models

Tom Dean(Brown University)

Several currentmethodsfor solving very large statespace factoredMarkov deci-
sionprocessesvolve searchingimplicitly or otherwise)n thespaceof reducednod-
elsthat aggreyatestatesaccordingto similar dynamicsand expectedrewards. These
methodsproceedby splitting blocksin a state-spaceartition to improve somelocal
measureof performance We considerthe advantagesanddisadwantageof suchtop-
down refinemenimethodsasthey pertainto the sizeandgeneralityof the modelsex-
ploredin the courseof searchingWe thenconsidera methodthat, atfirst blush,is not
guidedby splitting blocks(refiningpartitions)of dissimilarstatesout ratherby splitting
blocksto improve someapproximateglobal measuref optimality. The methodworks
by constructingan approximatemodelfrom the currentpartition andthenevaluating
the optimal solutionfor this approximatemodel. We analyzethe relationshipbetween
optimal solutionsto theseapproximatemodelsand optimal solutionsto the original
modelanddescribesomepreliminaryexperimentakesults.

3.25 Reducingthe State SpaceBuchi Automata using Simulation
Relations

ThomasWilk e (University of Kiel)

The purposeof this talk wasto explain how structuralsimilarities of transition
systemscan be exploited to reducethe size of their statespaces.More specifically
it wasfirst explained- using a game-theoreti@approach (1) whatit meansfor two
statesof a nondeterministidinite automatonto be bisimilar and that they simulate
eachother (2) how this canbe checled efficiently, and (3) how statespacereduction
by quotientingwith respecto bisimulationand simulationequivalence respectiely,
works. Thesecondartof thetalk wasdevotedto thequestiorhow fairnessconstraints,
whicharisewhennondeterministiautomatareusedo recognizdanguagesf infinite
words,canbetakencareof. In particular it wasexplainedwhatdelayedsimulationis
aboutandwhy it is interestingn the context of Bchi automataFor 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)

Despiteintensive work throughouthelate 1960sand1970s the equivalenceprob-
lemfor determinisiticoushavn automataDPDA, whetherdanguagesquivalences de-
cidablefor deterministiccontect-free languagesremainedunsohed until 1997 when
Sénizeguesannounced positive solution. It seemshat 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 Sénizegues,in journal form,
appearedn TCSearlyin 2001.

| produceda differentproof of decidabilityusingideasfrom concurreng andlan-
guagetheorythatis essentiallya simplification of Sénizeguess proof that also ap-
pearedn TCSin 2001. Thefirst stepis to view the problemasa bisimulationequva-
lenceproblemfor aprocesgalculuswhoseexpressiongeneraténfinite statetransition
graphs.Theprocessalculusis built from determinisingstrictgrammars.

The proof of decidabilityis still very complex becauseshoving terminationusesa
techniqueor “decomposition’thatis basedon unifiersandauxiliary recursve nonter
minals. Sénizueguesusesa moreintricate mechanismThis meanghatthe syntaxof
the startingproces<alculushasto be extendedwith auxiliary symbols. It alsointro-
ducesnondeterminisninto tableauxwith the consequencthatthe decisionprocedure
is two semi-decisiorproceduresandthereforethereis not an upperboundon com-
plexity. Thisis alsothe casewith proofsof decidabilityin restrictedcasessuchasfor
DPDA withoute-transitionghatwasfirst shovn in 1980.

In the talk | describea simplerdecisionprocedurethatis determinisiticandthat
avoids the decompositiormechanismnfor termination. One consequencés that the
syntaxof thestartingprocessalculusis notextended Anotherconsequencis a prim-
itive recursve upperboundon the complexity of the procedure For a preliminaryfull
papersee
http://www.dcs.ed.ac.uk/home/cps/newdp da.ps

3.27 Explicit-State Search
StefanLeue (Freiburg University)

Traditional explicit-statemodelcheclers performstate-spacsearcheshatignore
informationavailableon the statespaceandon the propertyspecificatiorstructure. |
shav how theintorductionof heuristicsearchalgorithmscangreatlyreducethelength
of error trails in communicationprotocol verificationfor safetyproperties,and how
modestimprovementscanbe achieved whenverifying livenessproperties.For some
problemsheuristicsearctcanrendererstwhileunsohableproblemssolvable.| finally
shawv thatheuristicseachtechniquesanco-exist with partial-ordereduction.

3.28 CommonExploration Techniquesn Search, Planning and Model
Checking

StefanEdelkamp (Freiburg University)

Thetalk elaborate®n a commongroundfor searchplanningand(error detection
in) modelchecking:the statespacespannedy a setof operatorsaninitial stateanda
setof goalstates.

The techniquegpresentedn the talk include symbolic patterndatabase$or both
explicit and symbolic searchenginesas well as schedulingapproacheso estabilish
optimalconcurrensolutionsin real-timedomains.
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All appliedalgorithmsaredirected,i.e., they accelerateéhe searchwith respecto
thesetof goalstates.

We rise the questionof how muchtransferof technologylik e partial orderreduc-
tion, symbolicrepresentatiorabstractionstatecompactioretc., hasbeenandcanbe
achieved.

3.29 Space-EfficientSearch
Richard Korf (UCLA)

Many searchalgorithmsare memory-limitedand exhaustthe availablememoryin
amatterof minutes.Disksgenerallydon't helpdueto their long latenciesfor random
access.We discussseveraltechniquedor dealingwith this problem. If the problem
spacds approximatelya tree,depth-firstsearchrunsin spacehatis only linearin the
depthof search. Furthermore depth-firstiteratve deepeningsimulatesbreadth-first
searchwith anoverheadof only B/(B-1), whereB is the branchingfactor of thetree.
In a problemwith mary pathsto the samenode,however, depth-firstsearchexplores
every pathto agivennode.For example,in a2-dimensionadrid, the numberof nodes
ataradiusof R is only O(R?2), while thenumberof pathsis O(3%). If suchaproblem
spacehasa greatdeal of structure a finite-statemachinecan often be learnedwhich
will reducehenumberof duplicatenodesgeneratedyy adepth-firstsearch Evenif the
obvious problemspacefor a problemresultsin multiple pathsto the samenode,there
may be an alternatve problemspacefor the sameproblemwhich is tree structured.
Finally, we discussa techniquecalledfrontier search which storesonly the frontier
nodesin the searchandnot theinterior nodes.For example,in a 2-dimensionabrid
graph,thenumberof interior nodess quadratidn the searchradius,while thenumber
of frontier nodesis only linear, resultingin a dramaticspacereduction. The actual
solutionpathcanbereconstructetby a divide-and-conquetechnique.

3.30 Benefitsof BoundedModel Checkingin an Industrial Setting
MosheY. Vardi (Rice University)

Theusefulnes®f BoundedModel Checking(BMC) basedn propositionakatisfi-
ability (SAT) methoddor 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. The seconds Forecastwhich performsBMC on top
of BDD package SIMO is basedon the Davis LogemanrLovelandprocedurgDLL)
andfeatureshe mostrecentsearchmethods.It enjoys staticand dynamicbranching
heuristics advancedback-jumpingand learningtechniques SIMO alsoincludesnen
heuristicsthat are speciallytunedfor BMC problemdomain. With Thunderwe have
achievedimpressve capacityandproductiity for BMC. Realdesignstakenfrom In-
tel's Pentium©4, with over L000modelsvariableswerevalidatedusingthe default
tool settingsand without manualtuning. In Forecastwe presentseveral alternatves
for adaptingBDD-basednodelcheckingfor BMC. We have conducedcomparisorof
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ThunderandForecasibn a large setof realandcomplex designsandon almostall of
themThunderhasdemonstratedlearwin over Forecasin two importantaspectsca-
pacityandproductvity. For details,consultthe paperavailableat
http://www.cs.rice.edu/ vardi/papers/c av0ll. ps.gz
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