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KnowledgeFormulation for AI Planning
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Abstract. In this paperwe presentan overview of the principle componentsof GIPO, an environ-
mentto supportknowledgeacquisitionfor AI Planning.GIPOassistsin theknowledgeformulationof
planningdomains,andin prototypingplanningproblemswithin thesedomains.GIPOfeaturesmixed-
initiativecomponentssuchasgenerictypecomposition,anoperatorinductionfacility, andvariousplan
animationandvalidationtools.Weoutlinethebasisof themaintools,andshow how anengineermight
usethemto formulateadomainmodel.Throughoutthepaperwe illustratetheformulationprocessus-
ing theHiking Domain.



1 Intr oduction

In recentyearsAI planningtechnologyhasimprovedsignificantlyin thecomplexity of problemsthatcan
besolved,andin theexpressivenessof domainrepresentationlanguagesused.Realandpotentialapplica-
tions(e.g.in spacetechnology[19,6], in informationgathering[2], in travel plangeneration[12], in Grid
Computing[6], in e-commerceande-work [5]) andcommunityeventssuchastheAIPS/ICAPSPlanning
Competitionhave movedthefield on considerablyin the last10 years.Work in planningalgorithmscon-
tinuesto keepa logical separationbetweenplanningengineanddomainknowledge,but theproblemsof
acquiring,constructing,validatingandmaintainingthis kind knowledgearestill considerable.In fact, in
theplanningarea,theproblemof knowledgeengineeringis still a barrierto makingplanningtechnology
moreaccessible[16]. Planningdomaindescriptionlanguages,of which PDDL [1,7] is themostused,re-
flect the interestsof planenginebuildersin that they emphasiseexpressiveness(whatcanberepresented)
ratherthanstructure (in whatway thingsareexpressed).

Therearepeculiaritiesof planningthatclearlydistinguishengineeringplanningknowledgefrom gen-
eralexpertknowledge.Theultimateuseof theplanningdomainmodelis to bepartof asysteminvolvedin
the‘synthetic’taskof planconstruction.Thisdistinguishesit from themoretraditionaldiagnosticor classi-
ficationproblemsfamiliar to knowledgebasedsystems.Also, theknowledgeelicitedin planningis largely
knowledgeaboutactionsandhow objectsareeffectedby actions.This knowledgehasto beadequatein
contentto allow efficientautomatedreasoningandplanconstruction.

With someexceptions(eg [3,4] andotherpaperscitedbelow), thereis little researchliteratureonplan-
ning domainknowledgeacquisition.Not too many yearsagotools for planningdomainacquisitionand
validationamountedto little morethansyntaxcheckers.‘Debugging’ a planningapplicationwould natu-
rally belinkedto bugfindingthroughdynamictesting,reflectingthe‘knowledge-sparse’applicationsused
to evaluateplanners.Thedevelopmentof the two pioneeringknowledge-basedplanningsystemsO-Plan
andSIPEhasled by necessity, to considerationof knowledgeacquisitionissuesandresultedin dedicated
tool support.TheO-Plansystemhasfor exampleits ‘CommonProcessEditor’ [24] andSIPEhasits Act
Editor [20]. Thesevisualisationenvironmentsarosebecauseof theobviousneedin knowledgeintensive
applicationsof planningto assisttheengineeringprocess.They arequitespecificto their respective plan-
ners,having beendesignedto helpovercomeproblemsencounteredwith domainconstructionin previous
applicationsof theseplanningsystems.

In this paperwe describea knowledgeacquisitionmethodsupportedby an experimentaltools envi-
ronment,GIPO,for engineeringandprototypingplanningapplications.Like the researchcentredaround
application-orientedplannersmentionedabove,we aretrying to developa platformthatcanassisttheac-
quisitionof structurallycomplex domains;however our aim is to producea systemthatcanbeusedwith
a wide rangeof planningengines,and is transparentand portableenoughto be usedfor researchand
experimentation.

GIPO(GraphicalInterfacefor Planningwith Objects)is anexperimentalGUI andtoolsenvironment
for building planningdomainmodels,providing helpfor thoseinvolvedin knowledgeacquisitionandthe
domainmodelling.It providesan interfacethat abstractsaway muchof thesyntacticdetailsof encoding
domains,andembodiesvalidationchecksto help the userremove errorsearly in domaindevelopment.
It integratesa rangeof planningtools - plan generators,a plan stepper, a plan animator, a randomtask
generatorand a reachabilityanalysistool. Thesehelp the userexplore the domainencoding,eliminate
errors,anddeterminethekind of plannerthatmaybesuitableto usewith thedomain.A betaversionof
GIPO(2)is availablefrom theGIPOwebsitehttp://scom.hud.ac.uk/planform/GIPO.

Thecontributionof thispaperis thatit drawstogetherthemainGIPOtoolsunderlyingastagedknowl-
edgeformulationmethodfor thiskind of domainmodel.The3 phasesof themethodareshown in overview
in Figure1. Theseare:

– firstly, astaticmodelof objects,relations,propertiesandconstraintsis derivedfrom aninformalstate-
mentof requirements.This is thenaugmentedwith local dynamicknowledgein the form of object
behaviour. This stepmayinvolve andbe informedby, there-useof commondesignpatternsof plan-
ningdomainstructures[23].

– secondly, initial representationsof theactionsavailableto theplannerarederivedfrom thebehaviour
modelandtheinitial requirements.Thisprocessmaybeassistedby theuseof inductiontechniquesto
aid theacquisitionof detailedoperatordescriptions[21].



– thirdly, themodelis refinedanddebugged.This involvestheintegrationof plangeneration,planvisu-
alisation,andplanningdomainmodelvalidationtools.

Thesestepsandcomponentscombineto provide a tool assistedinterfacefor supportingplanningdo-
main knowledgeacquisitionwhich providesmany opportunitiesto identify and remove both inconsis-
tenciesandinaccuraciesin thedevelopingdomainmodel.Additionally GIPOprovidesanopportunityto
experimentwith theencodingandplanningenginesavailablefor dynamictesting.GIPOhasapublic inter-
faceto facilitatetheintegrationof third partyplanningenginesprocessingdomainsandproblemsexpressed
in PDDL.
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Fig.1. An Overview of theKnowledgeEngineeringProcessusingGIPO

1.1 Underlying RepresentationFormalism

We briefly review theunderlyingrepresentationlanguagesincethis influencesandunderliestheKE pro-
cess.The languagefamily usedis OCLh [17,15]. OCLh a structured,formal languagefor the captureof
bothclassicalandhierarchical,HTN-like domains.Knowledgeis capturedby describingchangesthat the
objectsin the domainundergo as the result of actionsand events.The domaindefinition is structured
aroundclassesof objects,thestatesthattheseobjectsmayinhabit,andthepossibletransitionsaffectedby
planningoperators.Objectsinvolvedin planninghave their own local state.Herethestateof theworld is
a vectorof variable’s values,whereeachvariableholdsthevalueof its own state.As theworld ’evolves’
thevaluesof thestatevariableschange.This differs from conventionalwisdomin AI planningasrepre-
sentedby the standarddomaindescriptionlanguagePDDL. In OCLh the universeof potentialstatesof
objectsare definedfirst, before operator definition. This amountsto an exhaustive specificationof what
canbe saidaboutobjectsat eachlevel in the classhierarchy. Of course,GIPO insulatesthe userfrom
detailedsyntax,displayingfor exampleobjectclasshierarchiesgraphically. WhereasthePDDL family is
aimedatproviding a minimumlyadequatecommonlanguagefor communicatingthephysicsof a domain,
OCLh providesamorenatural,richerandpartiallygraphicallanguagefor domainmodelling.Morenatural
becauseit is structuredaroundthe notion of objectsandobjectclassesandis richer becauseit captures
constraintsapplyingto thephysicsof thedomainin additionto thebarephysicsof actions.



Eithermanually, or throughautomatedtool support,weacquirefor eachclassof objectasetof “typical
situations”that an object of that classmay inhabit asa result of the planningprocess.We refer to the
definitionsof these“typical situations”as“substateclasses”.If onethinksof transitionsof anobjectin the
domainbeingmodelledasarcsin astate-machine,theneachsubstateclasscorrespondsto aparameterised
nodein the state-machine.In a simplecase,a classmay have only onesuchsubstateclass(node).For
example,if it is enoughto recordonly thepositionof a car in a domainmodelthenall possiblesituations
of thecarmayberecordedassimply“at(Car,Place)”,whereCar andPlacerangethroughall carandplace
objectsrespectively. Ontheotherhand,in ahierarchicaldomain,anobjectsuchasacarmayhaverelations
andattributesinheritedfrom differentlevels,whereeachlevel is modelledasa state-machineinvolving
differentsubstateclasses.

Thedevelopedsubstateclassdefinitionsarethenusedin thedefinitionof operatorsin ourobject-centred
language,whichareconceptualisedassetsof parameterisedtransitions, written�

C � O � LHS � RHS�
whereO is anobjectconstantor variablebelongingto classC, andLHS andRHSaresubstateclasses.This
meansthatO movesfrom a situationunifying with LHS to a situationunifying with RHS. Transitionscan
benecessary, conditionalor null. Null transitionshaveanemptyRHSimplying thatO mustbein LHSand
staysin thatsituationafteroperatorexecution.A necessarytransitionrequiresthattheremustbeanobject
O that makesthe requiredtransitionfor the operatorto be applicable.A conditionaltransitionspecifies
that any objectO in a statethat unifieswith LHS will make the transitionto stateRHS. OCL operators
accordinglyspecifypreandpostconditionsfor theobjectsparticipatingin theapplicationof anoperator
but in away thatrequiresthechangesto objectsto conformto thedefinedlegalstatesfor suchobjects.

TheOCL family of languagesadditionallyprovidesformalismsto captureproblemspecificationsand
to capturestaticknowledge,thatis knowledgeof objectswithin thedomainthatis notsubjectto changeas
a resultof theapplicationof domainoperators/actionsbut maybereferredto by thespecificationof such
operators/actions.

2 ExampleDomain

GIPO hasbeenusedto build andmodelmany domainssinceits first versionin 2001.Herewe will use
a simplemodelof theHiking Domainto exemplify themain featuresof theKA method.Thereadercan
downloadmorecomplex GIPOmodelsfrom ourweb-site,includingthetransportlogisticsdomainswhich
containseveralhundredstaticfactsandobjectsin a hierarchyof 30objectclasses.

Imagineyou want to have a hiking holidayin theLake District in North WestEngland.You andyour
partnerwould like to walk roundthisareain a longclockwisecircularrouteoverseveraldays.Youwalk in
onedirection,anddoone“leg” eachday. But notbeingveryfit, youdonotwish to carryyour luggageand
tentaroundwith you.Insteadyouusetwo carswhichyouhaveto carryyour tent/luggageandto carryyou
andyourpartnerto thestart/endof a leg, if necessary. Driving acarbetweenany two pointsis allowed,but
walking mustbedonewith your partnerandmuststartfrom theplacewhereyou left off. As you will be
very tiredwhenyou havewalkedto theendof a leg, youmusthaveyour tentupalreadythereanderected
so you cansleepthe night, beforeyou setoff againto do the next leg in the morning.Actions include
walking,driving, moving anderectingtents,andsleeping.Therequirementfor theplanneris to work out
thelogisticsandgenerateplansfor eachdayof theholiday.

Theinitial pre-formulationphasein theacquisitionprocessis to examinetherequirementsof theprob-
lem, identify themainobjectsandactions,andmake tentative decisionson thekind of planningproblem
involved.We aredevelopingdifferentflavoursof GIPO to accommodatefundamentaldifferencesin the
outcomesof thisphase.For example,it mightbeconsiderednecessaryto modeldriving, walking,erecting
tents,andsleepingasdurative processes.If at this stageit wasdecidedthat we neededto model time,
processes,eventsandactionsexplicitly in the domain,thenwe would usea particularversionof GIPO
equippedto handlethesemechanisms[22]. However, assumewe (at leastinitially) decidethatwe require
to performtheseactionsin asequentialfashion,andthatwearenotconcernedabouthow longthey taketo
performonly theorderthatthey mustbeperformedin, thenwe canrepresenttheactionsasinstantaneous
andwe have a “classicalplanning”problem.We will give obviousnamesto theseactions:’drive’,’walk’,
’sleep’,’put up’ and’put down’ tents,’get in’ and’get out’ of cars.Objectclasseswill becar, tent,person,
coupleandlocation.



3 Initial Domain Formulation: GenericTypesand GenericTypeComposition

Thefirst phaseof our GIPO-supportedmethodis theformulationof a domainontologyaugmentedwith a
specificationof objectbehaviour in theform of thetypical statechangesthatobjectsgo through.This can
bedonemanuallyvia GIPO’sGUI, but in thissectionweadvocatetheuseof predefined“designpatterns”,
which wecall GenericTypes. They canbeusedto helpa domainauthorto developa domainmodelusing
conceptsat a higherlevel of abstractionthanis providedby theunderlyingspecificationlanguage.Tradi-
tional languagesfor thespecificationof planningdomains,suchasPDDL, or eventheobject-level OCLh

allow theauthorsof a new domaingreatfreedomin their choiceof representationof thedomaindetails.
This freedomis we contendfor the mostpart unnecessaryandprovidesan unwantedconceptualbarrier
to thedevelopmentof effectivedomaindefinitions.In softwareengineeringit is becomingcommonplace
to use“designpatterns”to help structurethe designandcodingof applications.Within the AI planning
communitythenotionof a“generictype” hasbeenusedto identify commonstructureacrossdomainswith
a view to exploiting thesesimilaritiesto improve plangenerationprocessingspeed[8,13,14]. In collab-
orationwith Fox andLong [23] we have developeda fusion of theseideasto identify a setof structural
elementsthat arecapableof beingusedto helpstructurea wide rangeof potentialplanningdomains.In
thiswayweprovidethedomainengineerwith asetof conceptsatahigherlevel of generalityto allow them
to moreeasilyidentify theobjectbehaviour of their domain.Broadly, a generictype thendefinesa class
of classesof objectsall subjectto commontransformationsduringplanexecution.Within OCL we refer
to classeswhicharesetsof objectsall subjectto thesamecharacterisationandtransformations.A generic
typeaccordinglyrangesover thetypesor classesof individualdomains.Thedegreeof commonalityin the
characterisationandtransformationsthat thesetypesor classesmustsharehave beendescribedin the lit-
eraturein termsof parameterisedstatemachinesdescribingthepatternsof transformationsthattheobjects
undergo.Within GIPOthedomainengineeris presentedwith a rangeof templates,correspondingto the
identifiedgenerictypes,whichsheinstantiatesto createa first cut definitionof theobjectbehaviour of the
domain.

3.1 BasicGenericTypes

Perhapsthe mostusefulof the “generic types” is that of a mobile. A mobilecaninitially be thoughtof
as describingthe typesof objectsthat move on a map.They can very simply be characterisedby the
parameterisedstatemachineshown in figure2

Basic Mobile Pattern

at(mobile,loc)

move(mobile, loc, loc)

on(bistate) off(bistate)

turn_off

turn_on

Basic Bistate Pattern

Fig.2. BasicMobile andBistateGenericTypes

In this one-state-machinethestateis characterisedby thepropertyof themobileobjectcorresponding
to its locatednessandthe transitionis identifiedby the actioncausingit to move. For this generictype
to be applicableto a classin a particulardomaintheremustbe a type suchthat thereis an actionthat
changesthe truth valueof a n placedpredicateN ����� , typically the predicateat, whereoneargument
identifiestheclassin question,mobile, andanotheravalueloc whichchangesasaresultof theapplication
of theoperator. In otherwordsthevalueof loc differs in thepre-andpost-conditionsof theactionin the
referenceto theat predicate.No otherpredicatereferencingmobilesshouldchangetruthvaluein thesame
actiondefinitionin thismostbasicform of themobileprototype.Thenamingof predicatesandarguments



may(andwill) bedifferentin differentinstancesof thegenerictype.This is a very weakcharacterisation
of a mobile, in that domainsthat describeactionsthat performtransformationon somepropertyof the
objectsin questionmight fulfil theabove requirementsandhencebecharacterisedasa mobile.We have
identifiedanumberof variationsof thepatternthatneedto bedistinguishedfrom oneanother. In particular
we identify caseswheretheclassmobilemustbeassociatedwith theclassdriver suchthatthereneedsto
beaninstanceof a driver associatedandco-locatedwith themobileto enablethemobile’smoveactionto
take place.Themoveactionwill alsoresultin thedriver changinglocationin stepwith themobile. Other
flavours of mobilesareassociatedwith portablesi.e. objectsthat canbe “moved” in associationswith
mobiles.Wealsodistinguishmobilesthatconsumeor produceresourceswhenthey makeatransitionfrom
onestateto another.

A secondcommonandvery generalgeneric typewe call a bistate. A bistatedefinesa classbistate
which is characterisedby two oneplacepredicateswhich we call off andon both referringto the same
bistate. Thereis alsoa pair of actionsthatallow thebistateto “flip” from onestateto theother. A bistate
canbethoughtof in analogyto aswitchthancanbeturnedoff andon,seefigure 2 BasicBistatePattern.

3.2 GenericTypesin the Hiking Domain

in

up

down

at in

fit_at

tired_at

walk

get_out

take_down

walked

unloadload

put_up walk sleep

get_in

drivedrivedrive

MOBILE MOBILE

BISTATE BISTATE

Hiking Generic Types

PORTABLE PORTABLE/DRIVER

Tent Car Person Couple

Fig.3. GenericTypesinstantiatedfor theHiking Domain

In this sectionwe usetheexampleof theHiking domainto illustratetheway in which generictypescan
be usedasdesignpatternsto supporta moreabstractedview of the structurewithin a planningdomain
duringtheengineeringprocess.Within theHiking domainthereareat leasttwo candidateswhich canbe
identifiedasmobiles.Therearethewalkersthemselvesandtherearethecarsthatareusedto carrythetent
from oneovernightstoplocationto the next. Thoughboth thesecandidatescanbe describedasmobiles



neitherareadequatelycharacterisedby thesimplepatternof amobileillustratedin diagram2.Thewalkers
whichweaggregateinto couplesaremobilesconstrainedto movefrom locationto locationasconstrained
by a directedgraphlinking the routelocations,which is our mapof the Lake District. The carsarealso
mobilesbut aremobilesthat requiredrivers andareusedto carrypassengersandthe tent from overnight
stopto overnightstop.The tent itself is a bistatewhich canbe eitherup or downbut is alsoa portable
andassuchcanbe in the car while beingmoved from locationto location.Individual walkersarealso
characterisedby morethanonegenerictypepattern,asa couplethey aremobiles,asindividualsthey are
drivers or portablesbut arealsobistatesasthey can“flip” betweenthestatesof beingfit andtiredasthey
successively walk andsleep.Thegenerictypesandthelinks betweenthemareshown in diagram 3.

Fig.4. ThePatternManager

The GIPO Generic Type Editors To enablethedomaindeveloperto usetheidentifiedgenerictypesto
structurea domainwe havedevelopeda seriesof dialogswhich wehave integratedinto theGIPO domain
developmenttool.

Thedialoguesallow theuserto choosetherelevantpatternsandthentailor themto theproblemin hand.
In simplecasestailoring is simplyamatterof namingthecomponentsof thepatternin anappropriateway.
In morecomplex casesthe usermustaddoptionalcomponentsto the patternagainby form filling and
in the mostcomplex casesensurethat domainsusingmultiple patternsallow themto interactwith each
other in the correctway. This may involve unifying statesfrom relatedpatternsor associatingcommon
actionsthat facilitatetransitionsin multiple patterns.Thesetof “generictype” dialoguesform a domain
editorin sucha way thattheusercommittingherchoicesin theeditingdialogueswill resultin theformal
domainspecificationbeingautomaticallygenerated.We illustratethe processwith snapshotstaken from
the“PatternManager”in figure4 which is usedto control theadditionandeditingof patternsknown and
instantiatedwithin thedomain.We alsoshow themaindialogfor definingtheparametersof the“mobile”
patternin figure5.At theendof thisstage,GIPOwill containaninitial formulationof thedomainontology
includinga characterisationsof thestatesthatobjectsin eachclasscaninhabit.

4 Induction of Object Behaviour

Thesetof editorsintegratedinto GIPOalongwith theuseof generictypedesignpatternsis adequateto
develop fully working domainmodels.The process,however, requiresconsiderableskill andfamiliarity
with thedifferingA.I. planningparadigmsto besuccessfullyused.To lower thethresholdof prior knowl-
edgerequiredto developplanningdomainmodelswehavedevelopedanoperatorinductionprocess,called
opmaker in its GIPOintegratedform, aimedat theknowledgeengineerwith gooddomainknowledgebut



Fig.5. TheMobile Dialog

weaker generalknowledgeof A.I. planning.Opmaker requiresasinput an initial structuraldescriptionof
thedomainalongwith trainingdatain theform of a well understoodproblemdrawn from thedomainac-
companiedwith anactionsequenceadequateto solvethetrainingproblem.In particularweassumethatthe
modellerhaspartially constructedherdomainmodelandhasreachedthestagewherethereexistsat least
a partial modelwith a valid classhierarchy, predicatedefinitionsandsubstateclassdefinitions.We may
have donethis usingeitherthebaseeditorsof GIPOor by partially describingtheproblemusinggeneric
type designpatterns.Someoperatorsmay have beendevelopedandwill be usedif availablebut arenot
necessary. In additionto run opmaker theusermustspecify, usingthetaskeditor, thetrainingproblem.A
taskspecificationallocatesaninitial stateto everyobjectin theproblemandthedesiredstateof asubsetof
theseobjectsasthegoalstateto beachieved.Theusernow suppliesopmaker with the trainingsequence
of actions.A snapshotof theopmaker interfaceis shown in figure6. An actionis simply thechosenname
for theactionfollowedby thenamesof all objectsthatparticipatein thatapplicationof theaction.A good
sequenceof operatorswouldideallyincludeinstancesof all operatorsrequiredin thedomain,thoughthis is
not requiredby opmaker andtheactionsetcanbebuilt up incrementallyusingdifferentprobleminstances.
For theHiking domaina goodsequencewould beonethatenabledthecoupleto completethefirst leg of
thetour, andberestedandreadyto startthenext with theircarsin thecorrectplace.Suchasequencewould
includeall theoperatorsrequired.A fragmentof thesequenceis shown below.

putdown tent1 fred keswick
load fred tent1 car1 keswick
getin sue keswick car1
drive sue car1 keswick helvelyn tent1

Theuseris encouragedto think of eachactionin termsof asentencedescribingwhathappens.For example
in thelastactionwethinkof thisas“Suedrivescar1fromKeswickto Helvelyntakingthetentwith her.” We
sketchtheapplicationof thealgorithmfor inducingthe“drive” operatorassumingthattheearlieroperators
havebeenderivedandthatthespecifiedstartsituationin theproblemplaced“Sue”,”Fred”, thetent“tent1”,
andbothcarsin Keswickandthatthetentwaserected.



Fig.6. A ScreenShotof opmaker

Prior to reachingthe point of the derivationof the drive operatorwe initialise the worldstateto that
of all objectsasdescribedin the initial stateof the chosentaskandthenaseachoperatoris derivedwe
advancethe worldstateby applyingthe operatorto changethe statesof the affectedobjects.In consid-
ering thedrive operatorwe detectthat this is thefirst applicationof theoperator. Thereforeto createthe
drive operatorwe generatea new operatorskeletonand set the parameterisednameof the operatorto
drive

�
sue� car 	
� keswick � helvelyn� tent	�� . We then iterateover the dynamicobjectsin the parameterised

name(theseare the objectsof classesfor which substateshave beendefined).In this exampleit is all
the objectsexcluding the two location argumentskeswick and helvelyn. For the first object to be con-
sideredsuewe find herstateasstoredin theworldstate, which for theoperatorsequencegivenwould be
in
�
sue� car 	
� keswick � . Thiswill form thebasisof theleft handsideof thetransitionfor thisobjectinstance.

We now querytheuseraboutthestatesof suethatresultsfrom applyingthedriveoperator. In thedialogue
with theuserweattemptto gatherall theadditionalinformationrequiredto correctlyidentify thetransition
madeby theobject,sue. We askwhetheror notsuedoeschangestate,if notweaddanull transitionto the
operator. In ourexamplecasehoweversuewill changestate,andtheuserwill selectfrom asuppliedlist of
possiblestateswhichwill betheresultingstate.Theselectedstatewill form thebasisfor theRHSelement
of thetransition.As partof thedialogwealsoaskif any otherobjectof classpersonin thesameprior state
wouldmake thesametransition.Dependingon theanswerto thisquestionwe treatthetransitioneitheras
a conditionalchangeor asa requiredchangeof the operatorandaddthe transitionaccordingly. Whena
transitionis addedasconditionaltheobjectnameis removedfrom theoperatorsparameterlist. Only the
objectsreferredto in theprevail andnecessarysectionsarerecordedin theparameterlist.
Thoughwenow havethemainstructurefor thetransitionmadeby suewestill havesomedetailsto clarify.
First we detectthatkeswick is recordedasnext to helvelynin a list of staticfactsprovidedaspartof the
initial domainmodel,weaccordinglyquerytheuseragainto askif this is a requiredconditionof applying
theoperator. Thatis, mustthetwo placesberecordedasnext to oneanotherto enabletheapplicationof the
drive operator. If it is requiredthenwe addthefactto theLHSof thetransition.In theexampledomainit
is not requiredthatsuecanonly drivebetweenadjacentlocations,shemaydriveto any location,hencethe
predicatewill notbeaddedto theLHS.

Wecontinuetheaboveprocessby iteratingovertheremainingdynamicobjectscar 	 andtent	 Theresultis
thatwehavea fully instantiatedinstanceof thedriveoperator. We generalisetheoperatorby replacingthe
objectnameswith variablenamesmaintaininga oneto onerelationshipbetweentheobjectnamesandthe
variablenames.Finally weapplytheoperatorto theworldstateto advancethestatereadyfor consideration
of thenext operatorandourderivationof theoperatordrive is complete.

Usingthis procedurethealgorithminducesthefollowing necessarytransitionfor objectsof thesortscor-
respondingto sueandcar 	 .�
person� Person�
��� in � Person�
� Car�
� Place��������� in � Person�
� Car�
� Place	�������
car � Car�
��� at

�
Car�
� Place��������� at

�
Car�
� Place	������



For tent	 theconditionaltransition�
tent� Tent����� loaded

�
Tent��� B � Place��������� loaded

�
Tent��� B � Place	������

Thevariables,startingwith uppercaseletters,in thetransitionsaboveareall typedeitherexplicitly in the
transitionor implicitly by theiroccurrencein thestronglytypedpredicatesdefiningthetransition.

After having beentranslatedinto PDDL by GIPO,theinduceddriveoperatoris asfollows:

(:action drive
:parameters ( ?x1 - person ?x2 - car

?x3 - place ?x4 - place)
:precondition (and (in ?x1 ?x2 ?x3)(at ?x2 ?x3))
:effect (and (in ?x1 ?x2 ?x4)(not (in ?x1 ?x2 ?x3))

(at ?x2 ?x4)(not (at ?x2 ?x3))
(forall ( ?x5 - tent)

(when (loaded ?x5 ?x2 ?x3)
(and (loaded ?x5 ?x2 ?x4)
(not (loaded ?x5 ?x2 ?x3)))))))

The currentversionof opmaker allows existing operatorsto be usedin the inductionprocessandis
capableof refiningtheoperatorsto addadditionalfeatures,suchasnew conditionalclausesor staticcon-
straints.It is limited however in thatthemultiple usesmustbeconsistentwith oneanotherit will not deal
with conflicts.Operatorrefinementandusein inducinghierarchicaloperatorsis the subjectof ongoing
work [18].

5 Refining and Validating Domain Models

GIPOwith its many graphicaleditorsensuresthatany domainspecificationcreatedwithin thesystemis at
leastsyntacticallycorrect,in termsof boththerepresentationof thedomainin OCLh andtheirautomatically
generatedtranslationsinto PDDL. Automaticvalidationof thedomainis furtherenabledby thetypesystem
of OCLh andtherequirementthatthestaticlegal statesof all dynamicobjectsaredefinedin stateclauses,
thesubstateclassdefinitions.As thesestateshavebeenexplicitly enumeratedoperationscanbecheckedto
ensurethatthey donotviolatethedefinedstates.Definedtasksfor theplanningsystemcanalsobechecked
againstthesestatedefinitionsfor legality. Thesestaticvalidationchecksarecapableof uncoveringmany
potentialerrorswithin adomainspecification.

Whentheknowledgeengineerhasassembleda complete,staticallyvalidated,specificationof thedo-
main thereis still theneedto testthespecification.Dynamictestingcanbedoneby runningthedomain
specificationwith a trustedplanneragainsttestproblems.Ultimately thismustbedonebut it is essentially
“black box” testingandwill provide little insight into problemswhenthe desiredoutput is not created.
This problemis exacerbatedwhenwe take into accountthat the currentgenerationof planningengines
arenot fully robust.To helpovercometheselimitationswithin theGIPOenvironmentwe provide a plan
visualiserto allow theengineerto graphicallyview theoutputof successfulplansgeneratedby integrated
planningenginesandmoreusefullywe providea plan stepperto allow theengineerto singlestepa hand
craftedplanwhentheplanningengineeitherfails to produceany planor producesanunexpectedplan.The
attractionof singlesteppingahandcraftedplanis thatit allowsaseparationin thetestingprocessbetween
validatingthatdomainknowledgeis adequateto supportthedesiredplanandknowing that theplanning
engineis adequateto generatetheplan.Theanimatorandstepperbothpresentplansat thelevel of objects,
objectstatesandthechangesbroughtaboutto theobjectsby theapplicationof actions.

In the steppershown in figure 7 we seethe emerging plan at a stagewherethe tent needsto be
movedto the next overnightstop.The designengineermanuallyselectsthe operationsto build the plan
andinstantiatestheoperationvariables.Unfortunatelyin thecaseshown thereis amistake in thedefinition
of thedrive operationin that it fails to guaranteethatobjectsloadedin thecarmove whenthecarmoves.
This canbeseenby theengineerdoubleclicking on thetentstatefollowing thedrive operationandaswe
seein thepop-upwindow thatthetentis at thewronglocation,it shouldbein thesamelocationasthecar,
namely“helvelyn”. Also whentheengineernext triesto unloadthetentat thenew destinationthesystem
generatesanerrormessageto indicatewhy thatcannotbedone.In this way theengineercanexplorethe
adequacy of thedomainspecification.



Fig.7. TestingandValidationPhase

6 Relatedwork

Froma knowledgebasedsystempoint of view, GIPOis a knowledgeformulationtool thatpre-supposesa
commongenericconceptualdomainmodelfor its rangeof applications.It assumesthatdomainknowledge
isobject-centred,andthatactions(andeventsandprocesses)in thedomaincausewell-definedstatechanges
to thoseobjects.GIPO views a planningengineasa genericProblemSolving Method(PSM) - onethat
canoutputorderedactionsetswheninput with somedeclarativegoalor proceduralabstracttask.1 In this
regardGIPOis similar to KBS toolsthatallow theuserto selectPSMcomponentsdependingon thetype
of reasoningthatbestsuitsthederivationof solutionsto problems.

As far as the authorsareaware,no environmentsas sophisticatedasGIPO have beenbuilt to help
acquireknowledgein aform thatcanbeusedwith arangeof availableplanningengines.Theenvironments
that have beenbuilt for usein applicationseithertendto be aimedat specificAI planners,or areaimed
at capturingmoregeneralknowledge.Severalnotableworks in theknowledgeacquisitionliteraturesuch
asEXPECT[9] andProtege [11] fall into the latter category. EXPECTis an extremelyrich systemthat
usesontologiesandknowledgeacquisitionscriptsto generateanddrive dialogueswith usersto acquire
andmaintainknowledgebasesof a diversenature.As currentlyconceived,EXPECTis not designedto
interfaceto AI planningenginesandhenceenablethegenerationof plansthoughit doesallow reasoning
aboutplans.

Part of our goalwasto try andhelpbring thevery sophisticatedplanningtechnologyof theplanning
enginesto apotentiallywideruserbase.Ourambitionfallssomewaybetweenthatof providingknowledge
acquisitioninterfacesfor specificplanningenginesandthegoalof facilitatingthegatheringof knowledge
for abroadspectrumof automatedreasoningtasks.Wearestill exploringwhatsortof knowledgeis needed
for suchsophisticatedtasksandwhatautomatedhelpcanbeprovidedto assistendusersgathertherequired
knowledge.In thelongerrunit maybedesirableto integratethetypeof systemwearecreatingwith systems
suchasEXPECTor Protegeasthatwouldfacilitatedeploymentof systemswherecomplex planningis only

1 This reflectstheswingto thedevelopmentof self-containedhybridandadaptive plannersin theplanningliterature;
approachesto breakdown planningalgorithmsinto smallercomponentssothatplanenginescanbebuilt uprapidly
from themfor specificdomainsareyet to beproven(e.g.see[10]).



onepartof abroaderknowledgebasedsystem.Until wehavemoreexperiencein providing systemsjust to
supporttheplanningelementwe feelsuchintegrationwouldbetooambitious.

7 Conclusion

Knowledgeacquisitionandthevalidationof modelsof planningdomainsis notoriouslydifficult, dueto the
needto encodeknowledgeaboutactionsandstatechange,aswell asstaticandstructuralknowledge.We
seeGIPOasaprototypefor a rangeof portableandplanner-independentenvironmentsthatwill beusedto
easetheseKA problems.Usinghigh level toolssuchasthegenerictypeadaptor, operatorinductionand
planstepping,domainexpertswith alimited knowledgeof AI planningcanbuild updomainmodels.Using
GIPO’s interfaceto state-of-the-artplannersvia thecompetition-standardPDDL language,domainexperts
canprototypeplanningapplicationsusingtheseplanningenginesandtestthemfor their suitability to the
application.

We have andcontinueto produceseveralflavoursandversionsof GIPOthatcanbeusedto formulate
knowledgeoncethe natureof the domainrequirementsareclear. Although implementedandtested,the
toolsdescribedherearestill beingevaluatedandarethe subjectof futuredevelopment.Severalhundred
down-loadsof GIPOhave beenrecordedandwe have a smalluserbasearoundtheworld. A particularly
promisingdirection is GIPO’s usein teaching- it hasbeenusedsuccessfullyin a one year coursein
AI with undergraduatestudents.Particularavenuesfor future researchanddevelopmentinclude(a) the
identificationandbuild-up of a portablelibrary of generictypesfor planningapplications(b) upgrades
of GIPO’s automatedacquisitiontools to dealwith domainsinvolving continuousprocesses,actionsand
events.
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