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Importing Ontological Information into Planning Domain Models
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Schoolof ComputingandEngineering
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Abstract

We investigatean approachto alleviating the problemsof

knowledge engineeringfor Al Planningby importing ob-

jectstructuresandobjectbehaioursfrom sharecknowledge
structureslIn this papemwe describeourfirst stepsatdevising

a methodto inport knowledgefrom an applicationontology
into aform usablewithin a planningdomainmodel.We eval-

uateanimplementedool calledOWL2OCL which assistsn

the translationof ontologicalinformationinto a form usable
by aplanner

Intr oduction

In the field of Knowledge Acquisition much attentionhas
beengiven to the idea of re-usingand sharingbodiesof
bothgenerabndapplication-specifiknowledgein theform
of ontologies. The benefitsof this within fields suchas
eSciencandKnowledgeManagemenhave led to therapid

developmentof ontologiesin both scienceand commerce.

Ontologiesare (formal) vocahulariesthat relate termsto-

getherin the form of a precisespecification. Thesecan
rangefrom UML diagramsto concepthierarchiesthrough
to axiomsin DescriptionLogic (DL). The majority of pub-
lished,formal, ontologiesappeato be representeih a DL

variant,althoughsomearerepresenteth First OrderLogic

using a standardsyntax. Thereare several tools available
for building ontologiessuch as Protege-2000(Gennariet
al. 2003). Superficiallytheseare similar to GUIs suchas
GIPO(McCluskey, Liu, & Simpsor2003)whichareusedto

acquireinformationaboutobjectsin Al Planning.However,

the dominantfocusof ontologicalengineerings to capture
staticknowledgewhereasplanningis more concernedvith

dynamicknowledge.

Our work in Knowledge Engineeringin Al Planningis
aimedat alleviating thetaskof deploying a planningengine
in a particularapplication,and making planningtechnol-
ogy in generalmoreaccessible Experiencan engineering
planningapplicationsndicatea rangeof problemarease-
latedto the domainmodellingphase.Theinitial choicesof
how to modelthe applicationin termsof relationalpredi-
cates classesindstatess a majortask. The problemof re-
inventingmodelsfor every applicationis acute:giventhere
aremary existing domainmodels,how canonere-usepre-
viously capturedplanningdomainknowledge?

In the areaof Al Planning,there have beenrapid de-
velopmentof generalplanningengineswhich input PDDL
domainmodels. The problemwith theseplannersis that
for eachapplicationthe userhasto assemblean adequate
knowledgebasein the form peculiarto this type of plan-
ner. This requiresa knowledgeengineeringask of trans-
lating and acquiringknowledgein an applicationinto the
input form of PDDL. Onesolutionthatwe areexploring is
to usean existing ontologyif a suitableoneexists. Rather
than a knowledge engineeror expert crafting the domain
model, they identify the relevant ontologiesto be usedin
theapplicationandatranslatorassembletheknowledgein
aplanneffriendly representationin otherwords,thetrans-
latorwould inducedomainmodelstructureanddynamicsn
anoperationaform suitablefor inputto a planningengine.

We speculatethat the future of planningtechniquess
boundup with the semanticweb: progressin the use of
ontologicalinformationcould alsoenhancehe ability of a
web agentto automaticallyassembleadequateknowledge
in orderto solwe its own planningproblems.Givenanappli-
cationontologyanda high level goal description,an agent
will have to generatea planto achieve this goal. In current
technologicakerms,this amountsto generatinga planning
domainmodel, acquiring, tuning and executinga suitable
planningengine.

In this papemwe devisea procesgo importontologiesn a
form thatthey canbeusedasthebasisof aplanningdomain
model. We evaluateits applicationto both contrived and
previously publishedontologiesandsummarisghelessons
learnedrom theexperiment.

The Input Language

Developmentdn the www consortiumhave led to the de-
velopmentof a standardweb ontology languagecalled
OWL (Patel-SchneiderHayes,& Horrocks2004). There
arethreeversionsof OWL.: Lite, DL andFull. For ourinput
languagewe have chosenthe abstractsyntaxof OWL DL,
whichcanbeoutputfrom Protege-2000.As is commonwith
ontologiesin descriptionlogic, the presentatiortonsistsof
asetof restrictedfirst orderaxioms,with variablesmplicit.
Thishasanadwantageovergraphicainput- afteraxiomsare
changedhebesthierarchycanbe automaticallyderivedus-
ing a subsumptiomeasoningool. This avoidsthe needfor



theuserto try to engineelandre-engineetheapplicationto
fit into neathierarchies.

Examplesof OWL ontologiesareshawn in AppendixA
and B. As a descriptionlogic, OWL is designedfor cap-
turing the classhierarchyof objects(classesrelike unary
predicatesin FOL). Statementdn OWL are about con-
cepts/classewhicharedefinedextensionallyvia theobjects
they contain.Only binary predicateareallowed,andthese
are usedto relateclasseswith otherclassesand with data
typevalues.

The TargetLanguage

Accordingto the OWL literature (Patel-SchneiderHayes,
& Horrocks2004), a classdefinesa group of individuals
thatbelongtogetheibecaus¢hey sharesomepropertiesWe
specialisghisin Al planning- objectsshouldsharehesame
classif they sharethe samedynamicbehaviour ie they are
relatedto eachotherin amoreconcretevay:

¢ thesetof propertiesandrelationswhich they canhaveis
common.

¢ they sharea commonsetof stategwherea stateis a col-
lectionof properties/relationthathold to betrue)

¢ they sharethe samestate-changéehaiour, thatis the
sameransitionsbetweerstates.

The definition above is fundamentato an OCL (Liu &
McCluskey 2000)domainmodel,andwe will useOCL as
thetargetlanguageln OCL, objectsaregroupednto sorts
if they sharethe samebehaiour, andeachpart of a world
statethatdescribe®neparticularobjectis calleda substate.
A characterisatioof the possiblesubstatesf anobjectin a
sortis calleda substateclassdescription.OC'L is the base
languageof the GIPO planningernvironment(McCluskey,
Liu, & Simpson2003). This containsa wide rangeof ac-
quisitionandvalidationtoolsfor manipulatingplanningdo-
main models. Oncegeneratedthe translatednodelcanbe
fedinto GIPOwhereit canberefined,andoutputasPDDL
if necessaryseefigurel).

Ontology Translation: OWL20CL

Ourtaskis to import a pre-&isting ontologyin orderto use
it asthebasisof aplanningdomainmodelasshownin figure
1. Thisis similar to the generalproblemof "Contextualis-
ing Ontologies”asdiscussedy Bouquetet al (Bouquetet
al. 2004): changingthe’global’ meaningof anontologyto
alocal, subjectve view of a domain. Althoughthe object-
structureof OWL and OC'L are superficiallylinked, there
are mary problemsto be overcome. Two particularprob-
lemsareasfollows:

— OWL ontologiesare composedunderthe assumption
of open-world reasoningwhereagplanningdomainmodels
tendto assumeclosed-vorld reasoning.As a simpleexam-
ple, two individualsin an OWL modelare not necessarily
distinctunlessthey canbe provedso. In theplanningworld,
we assuméhey aredistinctunlesst canbe provedthey are
thesame.

Racer USER

.

Protege-2000 GIPO
OwL OCL
OwL WStract PDOL
WWW Planning
Engine

Figurel: OWL20OCL in contet

—thereis no guarente¢hatanimportedontologyis going
to be completeor adequatdor the planningtask. In par
ticular, ontologieswritten in descriptionlogic aretypically
static- they includeno explicit informationonthedynamics
of theworld.

Our initial solution is thereforeto producea heuristic
transformatiorirom anontologylanguaggOWL) to aplan-
ningdomainmodellinglanguag€OCL) andlet theuserfur-
thervalidateandrefinethe modelusingthe GIPO environ-
ment.As astartingpoint, this transformatiorshouldbe able
to re-createfaithfully the static information of a planning
domainmodelwhich hasbeenhand-translate¢hto an on-
tology. Theexampleontologiesn AppendixA andB below
areexamplesof this asthey areencodingsf familiar plan-
ningworlds.

Our overall methodin this initial work assumesghat a
planningdomainmodelis to be generatedvhereall objects
belonga uniquedistinctsort. We will mapthe (not neces-
sarily disjoint) descriptionlogic classe®f theontologyinto
a setof disjoint classesvhich will be primitive sortsin the
planningdomain. Eachclasswill have its setof attributes
generated.

The Translation Algorithm

The translationand subsequendomainacquisitionprocess
isin threestagesOWL20OCL is aimedatimplementingthe
first two of thesesteps:

¢ Stepl: Build up adisjoint setof OCL objectsortssuch
that for eachsort, if an objectbelongsto it thenthe set
of propertiedt canhave arethe sameasary otherobject
in that sort. Build up a setof predicateslescribingand
relatingthesorts.

e Step2: Inducetheindividual statedescriptionghat ob-
jectsof eachsortcaninhabit.

e Step3: Build up a setof operatorschemaandrefinethe
model, using GIPO. One effective way to completethe



modelwith operatorschemawvould be usedto induceop-
eratordescriptiondrom training sequenceasexplained
in (McCluskey, Richardson& Simpson2002).

Aswe mayhaveacomplecontology how dowe chooseat
whatlevel to groupthe OWL objectsinto OCL sorts?If we
chooseonly the leaf classeof the ontology we may over
discriminate Insteadwe choosdo basehegroupingonthe
domainandrangedeclaration®f properties Objectswhich
maytake the samesetof propertiesaregroupedn thesame
sort. For example,if we have a propertywhich is declared
as:

ObjectProperty(

drives  domain(person) range(vehicle))

then we assumethat this relation can exist betweenary
person andary vehicle ,sotheseclassewill formuse-
ful groupingsfor the purposeof collecting substates. In
moredetail, Stepl andStep2 areasfollows:

1. CollectthesetC' of OWL classesvhich form eitherthe
domainor rangefor someproperty

2. Collectthe setC" of intersectionsof the classesn C’
whichareinhabitedby atleastoneindividual. In thisway
we createdisjoint classesof objectseachof which can
have propertiesfrom a well-definedset- call this set.S,
for eachOCL classS.

3. For eachclassinducethe substateslassdescriptionthat
is acharacterisationf eachof the stateghatanobjectof
aclassmayinhabit,asfollows. For eachclassS € C":

(a) Collect the 'value’ information for each individual
(property)from O. Thatis collect all the instances
of propertiesin S,. We assumethis an instanceof a
uniquesubstatgthatis all the information- the truth
valuesof properties is given).

(b) Foreachobject,generalisats setof propertyvaluesto
createa new classdescription.Form a setof new class
descriptiongwithout duplicateequivalentclasses).

Whatwill beformedis apartialdomainmodelwhichcon-
tainsstaticandsome(heuristic)dynamicknowledge.

Worked Examples

To give anideaof thetransformationye shav two worked
examples,usingontologiesthat have beenwritten in OWL
to reflecttheoriginal domainmodel.

(i) AppendixA: the Roclet World. The input OWL ab-
stractsyntaxis shavn togethemwith our auto-generatedo-
main model. For clarity, the namespaceénformation has
beenremoved.

Stepl: by examinationof the domainsandrangesof the
declaredpropertieswe establishthat the following classes
arerelevant: {Cago, Location,Roclet, Level}. All of the
classesareoccupiedwith individualsandno individual oc-
cupiesmorethanoneof the classesHencethe setof occu-
piedcombination®f classess identical.

Step2: The substate®ccupiedwithin eachsortarein-
duced.In figure2, eachcargoobjecthaseitheran’at’ or’'in’

Object | Property| Value
C1 at Paris
Cc2 at London
C3 in R1

C4 at London

Figure2: ObjectPropertiesn the OWL Rocket World

property hencewe generatehe substatesf the classCaigo
to be{at(Cargo, Location))} and{in(Cargo, Rocket)}.

(i) Appendix A: the Dockworkers World, taken from
(Ghallab, Nau, & Traverso2004). As with the Rocket
World, OWL20CL hassucceedeéh translatingthe object
andpropertyinformationinto the morecompactOC L for-
malism. Somedynamic,substateadefinitionshave beenin-
ducedsuccessfully for exampleContainersrein Pilesand
may or may not be atthetop, andPiles,CranesandRobots
have dynamiclocationinformation.However, the quality of
this is dependenbn the amountand spreadof information
aboutindividualsin the ontology

Experiments

We have usedOWL20OCL to translateinformationfrom a

rangeof OWL ontologies.Thediscussiorbelov dravsfrom

the useof Horrocks’ 'people+pets('mad cows’) ontology
from Manchestemot becausét formsthe basisof ary sen-
sibleplanningdomain but becausé atleastincludesarea-

sonablylarge ontologywhich usesmary of the featuresof

OWL andincludessomeABox information. Our process
will only work well if the ontology containsinformation

abouttheindividualsin thedomain(ABox information),and

preferablyhasthe individuals spreadof the their possible
states.

Useof Description Logic Reasoners

In somecasest is possibleto infer a morerefinedclassifi-
cation,e.g. by looking at domainandrangerestrictionsfor

properties. An exampleis in the people+pet®ntology: the
conceptdog’ hasno declaredsuperclasshut a description
logic reasonecaninfer that’dog’ is a subclas®f 'animal’.

We have assumedhatall implicit subclasselationshipghat
canbefoundby adescriptionogic reasonehave beermade
explicit, and we have usedthe RACER DL reasoneffor

this purpose(Haarsle & Moeller 2001) via Pro&ge2000
(Knublauch Femgersong& N. F. Noy 2004)for this purpose
(seefigure ).

Inverseroles

OWL allows for rolesto have a declarednverseform, e.g.
has_pet istheinverseofis pet of . Thereisachoice
in the automatichandlingof inverseroles. A usefulfactor
in makingthis choiceis whetherthe propertyis declarecas
functionalin oneof its forms. Thefunctionalform is more
cornvenientto handle,aswe arethenable to constrainthe
numberof occurrencesf the propertyin a substateo O or
1. For exampletheis_pet of  propertyis functional(a
pet hasa single owner, but an owner canhave mary pets),



soit is the preferableto associatéhe propertywith the pet
classratherthanthe owner.

Property hierarchies

OWL allows for thedeclaratiorof hierarchieof properties.
For example,hasfatheris a subpropertyof hasparent.We
do not handlethe suchpropertiesin the corversion,aswe
cannotexpectaplannerto doinferenceusingtherole hierar
chy. In principle,we couldrepresensuchcasedy complet-
ing the descriptionshy addingall implied supefproperties
for eachinstance. However, if the propertiesin question
areto be considereddynamicin the planningdomain,the
planningoperatorsivould be requiredto adjustthe proper
ties appropriatelyat every level of the role hierarchy The
problemsof representingransitivepropertiesaresimilar to
thosepresentedy hierarchiesof properties. Although we
could computetransitive closurein advance we cannotex-
E)ectto defineplanningoperatorswhich can recomputeit.

Dynamic unary predicates

We assumehat dynamictruth-valueddatarelatingto indi-

viduals will be representedn the ontology using boolean
data properties. For example, in the DWR domain, we

recordwhethera locationis occupied,andthis is dynamic
datawhich canbe changedy a planoperator

DatatypeProperty(a:occupied Functional
domain(a:Location)
range(xsd:boolean))

In the OCL representation, the boolean
data properties are translated into a pair of
unary predicates occupied(Location) and
not_occupied(Location)

Defining Planning Operators

In summary the partial domain model created by
OWL20OCL createsa useful startingpoint for domainac-
quisition. To completethe planningdomainwe needto use
GIPOto:

1. Refineor alter the structureof the substateclassdefini-
tionswhich hasbeenextractedfrom the ontology

2. Fill in missingclassdefinitions.

3. Defineplanningoperatorsn termsof transitionsbetween
thedefinedclassdefinitions.

Related Work

PDDAML is atool which translatebetweera Web-PDDL
and DAML. It differs from OWL2OCL asit assumeshe
same’semanticcontent’in its target and source,and does
not proposeto induceor hypothesiseary existing knowl-

edge.Thiswaswrittenwith thebenefitof aPDDL ontology
definition(McDermott,Dou, & Qi 2004). Our work hereis

to try to import and extractfrom ontologiesas muchplan-
ning relatedinformation as possible,ratherthanto create

lalthoughPDDL 2.2 languageallows for axiomscouldbeused
for this.

a web-planninglanguage. We recognisethat the purpose
of ontologiesare generallyto recordthe staticinformation
abouta domain; this makes them unusableas a planning
definition. To help the engineeringof a dynamicdomain,
existingontologiesarein ourwork usedasthestartingpoint.
McNeil etal (McNeill, Bundy, & Walton2004)describes
a systemfor generatinga PDDL planningdomainfrom an
ontologydescribingan agentsystemrepresenteh the KIF
formalism. The ontologyis not restrictedto staticdomain
information, but alreadycontainsdescriptionsof actions.
Hencethe problemtackledis one of translatingthe plan-
ning problembetweerformalisms asopposedo our aim of
extractingstatedescriptionsasa basisfor definingactions.

Conclusions

In this paperwe have arguedthatknowledgeavailablefrom
onlineontologiescanbeusefullyimportedinto Al Planning
domainmodelsto act as the first stepto creatinga plan-
ningdomainmodel.We have describedatool thattranslates
'OWL abstract’ ontologiesinto the OCL plan language.
The succesof this tool dependson the amountand dis-
tribution of factualandindividual knowledge(thatis a full
'Abox’). Experimentswith this tool illuminate otherprob-
lemsinherenin thisapproachOWL ontologiegendto con-
tain somericherinformation(suchaspropertyhierarchies)
thanplanningdomainmodelsrequire but alsonot sufficient
dynamicinformation. It would beusefulto know whichdata
is staticandwhichis dynamic.Unfortunatelythis is impos-
sible to detectautomaticallyfrom a static snapshoof the
ontology

For futurework we planto furtherdevelopthetechnique
to extractmoreinformationfrom OWL relevantto planning.
For example numberrestrictionsrecordedn OWL canuse-
fully beusedto infer constraintonwhatis a valid substate,
andOWL's MinCardinalityrestrictionscouldbeusedto add
extrapropertiedo asubstate.
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Appendix A
TheRocket World:
Ontology(
Class(Rocket partial)
Class(Location partial)
Class(Cargo  partial)
Class(Level partial)

DisjointClasses(Rocket Location  Cargo)

ObjectProperty(at domain(Cargo)
range(Location)
ObjectProperty(position
domain(Rocket)
range(Location) )
ObjectProperty(fuel domain(Rocket)
range(Level) )
ObjectProperty(in domain(Cargo)
range(Rocket) )
Individual(R1 type(Rocket)
value(position Paris)
value(fuel full ) )
Individual(R2 type(Rocket)
value(position Paris)
value(fuel full ) )
Individual(C1 type(Cargo)
value(at Paris) )
Individual(C2 type(Cargo)
value(at London) )
Individual(C3 type(Cargo)
value(in R1) )
Individual(C4 type(Cargo)
value(at London) )
Individual(Paris type(Location))
Individual(London type(Location))
individual(full type(level))

individual(empty
)

% Domain auto-generated
domain_name(owl).
% Objects

objects(cargo,[c1,c2,c3,c4)).
objects(level,[empty,full]).
objects(location,[london,paris]).
objects(rocket,[r1,r2]).

% Predicates

predicates(
at(cargo,location),
position(rocket,location),
fuel(rocket,level),
in(cargo,rocket)]).

% Object Class Definitions
substate_class(cargo,Cargo,[
[at(Cargo,Location)],
[in(Cargo,Rocket)]]).
substate_class(rocket,Rocket,[
[position(Rocket,Location),
fuel(Rocket,Level)]]).

type(level))

from an OWLontology

Appendix B

TheDockworkersWorld:
Ontology(

Class(a:Container
Class(a:Crane
Class(a:Location
Class(a:Pile
Class(a:Robot

partial)
partial)
partial)
partial)
partial)

ObjectProperty(a:adjacent
domain(a:Location)
range(a:Location))

ObjectProperty(a:at
domain(a:Robot)
range(a:Location))

ObjectProperty(a:attached
domain(a:Pile)
range(a:Location))

ObjectProperty(a:belong
domain(a:Crane)
range(a:Location))

ObjectProperty(a:holding
domain(a:Crane)
range(a:Container))

ObjectProperty(a:in
domain(a:Container)
range(a:Pile))

ObjectProperty(a:loaded
domain(a:Robot)
range(a:Container))

ObjectProperty(a:on

Symmetric

Functional

Functional

Functional



domain(a:Container)

range(a:Container))
ObjectProperty(a:top

domain(a:Container)

value(a:empty "true”
““http://lwww.w3.0rg/2001/XMLSchematb
Individual(a:ge
type(a:Crane)

range(a:Pile)) value(a:belong ale)
value(a:empty "true"
DatatypeProperty(a:empty Functional ““http://iwww.w3.0rg/2001/XMLSchema#b
domain(a:Crane) Individual(a:gf
range(xsd:boolean)) type(a:Crane)
DatatypeProperty(a:occupied Functional value(a:belong a:lf)
domain(a:Location) value(a:empty "true”
range(xsd:boolean)) ““http://lwww.w3.0rg/2001/XMLSchematb
DatatypeProperty(a:unloaded Functional Individual(a:h
domain(a:Robot) type(a:Container)
range(xsd:boolean)) value(a:on a:g)
value(a:in a:pb))
Individual(a:a Individual(a:i
type(a:Container) type(a:Container)
value(a:on a:pallet) value(a:on a:h)
value(a:in a:pa)) value(a:in a:pb)
Individual(a:b value(a:top a:pb))
type(a:Container) Individual(a:j
value(a:on a:a) type(a:Container)
value(a:in a:pa)) value(a:on a:pallet)
Individual(a:c value(a:in a:gh))
type(a:Container) Individual(a:k
value(a:on a:b) type(a:Container)
value(a:in a:pa) value(a:on aij)
value(a:top a:pa)) value(a:in a:gh))
Individual(a:d Individual(a:l
type(a:Container) type(a:Container)
value(a:on a:pallet) value(a:on ak)
value(a:in a:qa)) value(a:in a:gb)
Individual(a:e value(a:top a:gh))
type(a:Container) Individual(a:la
value(a:on a:d) type(a:Location)
value(a:in a:qa)) value(a:adjacent a:li)
Individual(a:f value(a:occupied "true"
type(a:Container) ““http://iwww.w3.0rg/2001/XMLSchema#b
value(a:on ae) Individual(a:lb
value(a:in a:qa) type(a:Location)
value(a:top a:qa)) value(a:adjacent a:lj)
Individual(a:g value(a:occupied "true"
type(a:Container) ““http://iwww.w3.0rg/2001/XMLSchema#b
value(a:on a:pallet) Individual(a:lc
value(a:in a:ph)) type(a:Location)
Individual(a:ga value(a:adjacent ailj)
type(a:Crane) value(a:occupied "true"
value(a:belong a:la) ““http://lwww.w3.0rg/2001/XMLSchematb
value(a:empty "true" Individual(a:ld
““http:/lwww.w3.0rg/2001/XMLSchema#bool ean)) type(a:Location)
Individual(a:gb value(a:adjacent a:lj))
type(a:Crane) Individual(a:le
value(a:belong a:lb) type(a:Location)
value(a:empty "true" value(a:adjacent a:l))
““http://www.w3.0rg/2001/XMLSchema#bool ean)) Individual(a:If
Individual(a:gc type(a:Location)
type(a:Crane) value(a:adjacent a:lj))
value(a:belong a:lc) Individual(a:li
value(a:empty "true" type(a:Location)
““http:/lwww.w3.0rg/2001/XMLSchema#bool ean)) value(a:adjacent ailj)
Individual(a:gd Individual(a:lj

type(a:Crane)
value(a:belong a:ld)

type(a:Location))
Individual(a:m

oolean ))

oolean ))

oolean ))

oolean ))

oolean ))

oolean ))



type(a:Container) value(a:on a.q)

value(a:on a:pallet) value(a:in a:ge)
value(a:in a:pe)) value(a:top a:qe))
Individual(a:n Individual(a:ra
type(a:Container) type(a:Robot)
value(a:on a:m) value(a:at ala)
value(a:in a:pe)) value(a:unloaded "true”
Individual(a:o ““http://lwww.w3.0rg/2001/XMLSchematb oolean ))
type(a:Container) Individual(a:rb
value(a:on a:n) type(a:Robot)
value(a:in a:pe) value(a:at a:lb)
value(a:top a:pe)) value(a:unloaded "true"
Individual(a:p ““http://iwww.w3.0rg/2001/XMLSchema#b oolean ))
type(a:Container) Individual(a:rc
value(a:on a:pallet) type(a:Robot)
value(a:in a:ge)) value(a:at a:lc)
Individual(a:pa value(a:unloaded "true”
type(a:Pile) ““http://lwww.w3.0rg/2001/XMLSchematb oolean ))
value(a:attached a:la)) Individual(a:s
Individual(a:pallet type(a:Container)
type(a:Container) value(a:on a:pallet)
value(a:top a:pf) value(a:in a:pd))
value(a:top a:pc) Individual(a:t
value(a:top a:qf) type(a:Container)
value(a:top a:qc)) value(a:on a:s)
Individual(a:pb value(a:in a:pd))
type(a:Pile) Individual(a:u
value(a:attached a:lb)) type(a:Container)
Individual(a:pc value(a:on at)
type(a:Pile) value(a:in a:pd)
value(a:attached a:lc)) value(a:top a:pd))
Individual(a:pd Individual(a:v
type(a:Pile) type(a:Container)
value(a:attached a:ld)) value(a:on a:pallet)
Individual(a:pe value(a:in a:qd))
type(a:Pile) Individual(a:w
value(a:attached a:le)) type(a:Container)
Individual(a:pf value(a:on av)
type(a:Pile) value(a:in a:qd))
value(a:attached a:lf) Individual(a:x
Individual(a:q type(a:Container)
type(a:Container) value(a:on a:w)
value(a:on app) value(a:in a:qd)
value(a:in a:qge)) value(a:top a:qd))
Individual(a:ga
type(a:Pile) )
value(a:attached a:la))
Individual(a:gb
type(a:Pile) % Domain auto-generated from an OWLontology
value(a:attached a:lb))
Individual(a:qc domain_name(owl).
type(a:Pile)
value(a:attached a:lc))
Individual(a:qd % Objects
type(a:Pile)
value(a:attached a:ld)) objects(container,[a,b,c,d,e,f,g,h,i okl ,
Individual(a:ge m,n,o,p,pallet,q,r,s,t,u,v,w,x]).
type(a:Pile) objects(crane,[ga,gb,gc,gd,ge,df]).
value(a:attached ale)) objects(location,[la,lb,lc,Id,le,lIf, i,Ij] ).
Individual(a:gf objects(pile,[pa,pb,pc,pd,pe,pf,qa,q b,qc,
type(a:Pile) qd,ge,qf]).
value(a:attached a:lf)) objects(robot,[ra,rb,rc]).
Individual(a:r

type(a:Container)



% Predicates

predicates(
adjacent(location,location),
at(robot,location),
attached(pile,location),
belong(crane,location),
holding(crane,container),
in(container,pile),
loaded(robot,container),
on(container,container),
top(container,pile),
empty(crane),
not_empty(crane),
occupied(location),
not_occupied(location),
unloaded(robot),
not_unloaded(robot)]).

% Object Class Definitions

substate_class(container,Container,[
[on(Container,Container2),in(Container,Pil
[on(Container,Container2),in(Container,Pil
top(Container,Pile4)],
[top(Container,Pile2),top(Container,Pile3)
top(Container,Pile4),top(Container,Pile5)
substate_class(crane,Crane,[
[belong(Crane,Location2),empty(Crane)]]).
substate_class(location,Location,[
[,
[adjacent(Location,Location2)],
[adjacent(Location,Location2),occupied(Loc
substate_class(pile,Pile,[
[attached(Pile,Location2)]]).
substate_class(robot,Robot,[
[at(Robot,Location2),unloaded(Robot)]]).

e3)],
e3),
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