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Importing Ontological Inf ormation into Planning Domain Models

LeeMcCluskeyand StephenCresswell
Schoolof ComputingandEngineering

TheUniversityof Huddersfield,HuddersfieldHD1 3DH, UK
lee,s.n.cresswell@hud.ac.uk

Abstract

We investigatean approachto alleviating the problemsof
knowledge engineeringfor AI Planningby importing ob-
ject structuresandobjectbehavioursfrom sharedknowledge
structures.In thispaperwedescribeourfirst stepsatdevising
a methodto inport knowledgefrom an applicationontology
into a form usablewithin aplanningdomainmodel.Weeval-
uateanimplementedtool calledOWL2OCL whichassistsin
the translationof ontologicalinformationinto a form usable
by aplanner.

Intr oduction
In the field of KnowledgeAcquisition muchattentionhas
beengiven to the idea of re-usingand sharingbodiesof
bothgeneralandapplication-specificknowledgein theform
of ontologies. The benefitsof this within fields such as
eScienceandKnowledgeManagementhave led to therapid
developmentof ontologiesin both scienceandcommerce.
Ontologiesare (formal) vocabularies that relate terms to-
getherin the form of a precisespecification. Thesecan
rangefrom UML diagrams,to concepthierarchies,through
to axiomsin DescriptionLogic (DL). Themajority of pub-
lished,formal, ontologiesappearto berepresentedin a DL
variant,althoughsomearerepresentedin First OrderLogic
usinga standardsyntax. Thereareseveral tools available
for building ontologiessuchas Protege-2000(Gennariet
al. 2003). Superficiallythesearesimilar to GUIs suchas
GIPO(McCluskey, Liu, & Simpson2003)whichareusedto
acquireinformationaboutobjectsin AI Planning.However,
thedominantfocusof ontologicalengineeringis to capture
staticknowledgewhereasplanningis moreconcernedwith
dynamicknowledge.

Our work in KnowledgeEngineeringin AI Planningis
aimedatalleviating thetaskof deploying a planningengine
in a particularapplication,and making planning technol-
ogy in generalmoreaccessible.Experiencein engineering
planningapplicationsindicatea rangeof problemareasre-
latedto thedomainmodellingphase.Theinitial choicesof
how to model the applicationin termsof relationalpredi-
cates,classesandstatesis a major task.Theproblemof re-
inventingmodelsfor every applicationis acute:giventhere
aremany existing domainmodels,how canonere-usepre-
viouslycapturedplanningdomainknowledge?

In the areaof AI 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 knowledgeengineeringtaskof trans-
lating and acquiringknowledgein an applicationinto the
input form of PDDL. Onesolutionthatwe areexploring is
to usean existing ontologyif a suitableoneexists. Rather
than a knowledgeengineeror expert crafting the domain
model, they identify the relevant ontologiesto be usedin
theapplication,anda translatorassemblestheknowledgein
a planner-friendly representation.In otherwords,thetrans-
latorwould inducedomainmodelstructureanddynamicsin
anoperationalform suitablefor input to a planningengine.

We speculatethat the future of planning techniquesis
boundup with the semanticweb: progressin the useof
ontologicalinformationcould alsoenhancethe ability of a
web agentto automaticallyassembleadequateknowledge
in orderto solve its own planningproblems.Givenanappli-
cationontologyanda high level goaldescription,anagent
will have to generatea planto achieve this goal. In current
technologicalterms,this amountsto generatinga planning
domainmodel, acquiring,tuning and executinga suitable
planningengine.

In thispaperwedeviseaprocessto importontologiesin a
form thatthey canbeusedasthebasisof aplanningdomain
model. We evaluateits applicationto both contrived and
previouslypublishedontologies,andsummarisethelessons
learnedfrom theexperiment.

The Input Language

Developmentsin the www consortiumhave led to the de-
velopmentof a standardweb ontology languagecalled
OWL (Patel-Schneider, Hayes,& Horrocks2004). There
arethreeversionsof OWL: Lite, DL andFull. For our input
languagewe have chosenthe abstractsyntaxof OWL DL,
whichcanbeoutputfrom Protege-2000.As is commonwith
ontologiesin descriptionlogic, the presentationconsistsof
a setof restrictedfirst orderaxioms,with variablesimplicit.
Thishasanadvantageovergraphicalinput- afteraxiomsare
changedthebesthierarchycanbeautomaticallyderivedus-
ing a subsumptionreasoningtool. This avoids theneedfor



theuserto try to engineerandre-engineertheapplicationto
fit into neathierarchies.

Examplesof OWL ontologiesareshown in AppendixA
and B. As a descriptionlogic, OWL is designedfor cap-
turing theclasshierarchyof objects(classesarelike unary
predicatesin FOL). Statementsin OWL are about con-
cepts/classes,whicharedefinedextensionallyvia theobjects
they contain.Only binarypredicatesareallowed,andthese
areusedto relateclasseswith otherclassesandwith data
typevalues.

The TargetLanguage
According to the OWL literature(Patel-Schneider, Hayes,
& Horrocks2004), a classdefinesa group of individuals
thatbelongtogetherbecausethey sharesomeproperties.We
specialisethisin AI planning- objectsshouldsharethesame
classif they sharethesamedynamicbehaviour, ie they are
relatedto eachotherin amoreconcreteway:
� thesetof propertiesandrelationswhich they canhave is

common.
� they sharea commonsetof states(wherea stateis a col-

lectionof properties/relationsthathold to betrue)
� they sharethe samestate-changebehaviour, that is the

sametransitionsbetweenstates.

The definition above is fundamentalto an
�����

(Liu &
McCluskey 2000)domainmodel,andwe will use

�����
as

thetargetlanguage.In
�����

, objectsaregroupedinto ���
	
���
if they sharethe samebehaviour, andeachpart of a world
statethatdescribesoneparticularobjectis calledasubstate.
A characterisationof thepossiblesubstatesof anobjectin a
sort is calleda substateclassdescription.

�����
is thebase

languageof the GIPO planningenvironment(McCluskey,
Liu, & Simpson2003). This containsa wide rangeof ac-
quisitionandvalidationtoolsfor manipulatingplanningdo-
mainmodels.Oncegenerated,the translatedmodelcanbe
fed into GIPOwhereit canberefined,andoutputasPDDL
if necessary(seefigure1).

Ontology Translation: OWL2OCL
Our taskis to import a pre-existingontologyin orderto use
it asthebasisof aplanningdomainmodelasshown in figure
1. This is similar to thegeneralproblemof ”Contextualis-
ing Ontologies”asdiscussedby Bouquetet al (Bouquetet
al. 2004):changingthe’global’ meaningof anontologyto
a local, subjective view of a domain. Although the object-
structureof OWL and

�����
aresuperficiallylinked, there

aremany problemsto be overcome. Two particularprob-
lemsareasfollows:

– OWL ontologiesare composedunderthe assumption
of open-world reasoning,whereasplanningdomainmodels
tendto assumeclosed-world reasoning.As a simpleexam-
ple, two individualsin an OWL modelarenot necessarily
distinctunlessthey canbeprovedso. In theplanningworld,
we assumethey aredistinctunlessit canbeprovedthey are
thesame.

Protege-2000 GIPO

WWW Planning
Engine

PDDL

USER

OWL2OCL

Racer

OWL Abstract
OWL OCL

Figure1: OWL2OCL in context

– thereis noguarenteethatanimportedontologyis going
to be completeor adequatefor the planningtask. In par-
ticular, ontologieswritten in descriptionlogic aretypically
static- they includenoexplicit informationonthedynamics
of theworld.

Our initial solution is thereforeto producea heuristic
transformationfrom anontologylanguage(OWL) to aplan-
ningdomainmodellinglanguage(OCL) andlet theuserfur-
thervalidateandrefinethemodelusingtheGIPOenviron-
ment.As astartingpoint, this transformationshouldbeable
to re-createfaithfully the static information of a planning
domainmodelwhich hasbeenhand-translatedinto an on-
tology. Theexampleontologiesin AppendixA andB below
areexamplesof this asthey areencodingsof familiar plan-
ningworlds.

Our overall methodin this initial work assumesthat a
planningdomainmodelis to begeneratedwhereall objects
belonga uniquedistinct sort. We will mapthe (not neces-
sarilydisjoint)descriptionlogic classesof theontologyinto
a setof disjoint classeswhich will beprimitive sortsin the
planningdomain. Eachclasswill have its setof attributes
generated.

The Translation Algorithm

The translationandsubsequentdomainacquisitionprocess
is in threestages.OWL2OCL is aimedat implementingthe
first two of thesesteps:
� Step1: Build up a disjoint setof OCL objectsortssuch

that for eachsort, if an objectbelongsto it thenthe set
of propertiesit canhave arethesameasany otherobject
in that sort. Build up a setof predicatesdescribingand
relatingthesorts.

� Step2: Inducethe individual statedescriptionsthat ob-
jectsof eachsortcaninhabit.

� Step3: Build up a setof operatorschemaandrefinethe
model,using GIPO. Oneeffective way to completethe



modelwith operatorschemawouldbeusedto induceop-
eratordescriptionsfrom training sequencesasexplained
in (McCluskey, Richardson,& Simpson2002).

Aswemayhaveacomplex ontology, how dowechooseat
whatlevel to grouptheOWL objectsinto OCL sorts?If we
chooseonly the leaf classesof theontology, we mayover-
discriminate.Instead,wechooseto basethegroupingonthe
domainandrangedeclarationsof properties.Objectswhich
maytake thesamesetof propertiesaregroupedin 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 betweenany
person andany vehicle , sotheseclasseswill form use-
ful groupingsfor the purposeof collecting substates. In
moredetail,Step1 andStep2 areasfollows:

1. Collect theset
��


of OWL classeswhich form eitherthe
domainor rangefor someproperty.

2. Collect the set
��
 


of intersectionsof the classesin
��


whichareinhabitedby at leastoneindividual. In thisway
we createdisjoint classesof objectseachof which can
have propertiesfrom a well-definedset- call this set ���
for each

�����
class� .

3. For eachclassinducethesubstatesclassdescription,that
is a characterisationof eachof thestatesthatanobjectof
a classmayinhabit,asfollows. For eachclass��� ��
 


:

(a) Collect the ’value’ information for each individual
(property) from

�
. That is collect all the instances

of propertiesin ��� . We assumethis an instanceof a
uniquesubstate(that is all the information- the truth
valuesof properties- is given).

(b) For eachobject,generaliseits setof propertyvaluesto
createa new classdescription.Form a setof new class
descriptions(withoutduplicateequivalentclasses).

Whatwill beformedis apartialdomainmodelwhichcon-
tainsstaticandsome(heuristic)dynamicknowledge.

WorkedExamples
To give anideaof thetransformation,we show two worked
examples,usingontologiesthathave beenwritten in OWL
to reflecttheoriginaldomainmodel.

(i) AppendixA: the Rocket World. The input OWL ab-
stractsyntaxis shown togetherwith our auto-generateddo-
main model. For clarity, the namespaceinformation has
beenremoved.

Step1: by examinationof thedomainsandrangesof the
declaredproperties,we establishthat the following classes
arerelevant: � Cargo, Location,Rocket, Level � . All of the
classesareoccupiedwith individualsandno individual oc-
cupiesmorethanoneof theclasses.Hencethesetof occu-
piedcombinationsof classesis identical.

Step2: The substatesoccupiedwithin eachsort are in-
duced.In figure2,eachcargoobjecthaseitheran’at’ or ’in’

Object Property Value
C1 at Paris
C2 at London
C3 in R1
C4 at London

Figure2: ObjectPropertiesin theOWL RocketWorld

property, hencewegeneratethesubstatesof theclassCargo
to be �
����� � ��	������ � �����������
 "!�!#� and ���$ %� � ��	&�'���)(����+*-,&��!#� .

(ii) Appendix A: the Dockworkers World, taken from
(Ghallab, Nau, & Traverso 2004). As with the Rocket
World, OWL2OCL hassucceededin translatingthe object
andpropertyinformationinto themorecompact

�����
for-

malism. Somedynamic,substatedefinitionshave beenin-
ducedsuccessfully- for exampleContainersarein Pilesand
mayor maynot beat thetop,andPiles,CranesandRobots
havedynamiclocationinformation.However, thequalityof
this is dependenton the amountandspreadof information
aboutindividualsin theontology.

Experiments
We have usedOWL2OCL to translateinformation from a
rangeof OWL ontologies.Thediscussionbelow drawsfrom
the useof Horrocks’ ’people+pets’(’mad cows’) ontology
from Manchester, not becauseit formsthebasisof any sen-
sibleplanningdomain,but becauseit at leastincludesarea-
sonablylargeontologywhich usesmany of the featuresof
OWL and includessomeABox 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 somecasesit is possibleto infer a morerefinedclassifi-
cation,e.g. by looking at domainandrangerestrictionsfor
properties.An exampleis in thepeople+petsontology: the
concept’dog’ hasno declaredsuperclass,but a description
logic reasonercaninfer that ’dog’ is a subclassof ’animal’.
Wehaveassumedthatall implicit subclassrelationshipsthat
canbefoundby adescriptionlogic reasonerhavebeenmade
explicit, and we have usedthe RACER DL reasonerfor
this purpose(Haarslev & Moeller 2001) via Prot́eǵe2000
(Knublauch,Fergerson,& N. F. Noy 2004)for this purpose
(seefigure1).

Inverseroles
OWL allows for rolesto have a declaredinverseform, e.g.
has_pet is theinverseof is_pet_of . Thereis a choice
in the automatichandlingof inverseroles. A usefulfactor
in makingthis choiceis whetherthepropertyis declaredas
functionalin oneof its forms. Thefunctionalform is more
convenientto handle,aswe are thenable to constrainthe
numberof occurrencesof thepropertyin a substateto 0 or
1. For examplethe is_pet_of propertyis functional(a
pet hasa singleowner, but an ownercanhave many pets),



so it is thepreferableto associatethepropertywith thepet
classratherthantheowner.

Property hierarchies
OWL allowsfor thedeclarationof hierarchiesof properties.
For example,hasfatheris a subpropertyof hasparent.We
do not handlethe suchpropertiesin the conversion,aswe
cannotexpectaplannerto doinferenceusingtherolehierar-
chy. In principle,wecouldrepresentsuchcasesby complet-
ing the descriptionsby addingall implied super-properties
for eachinstance. However, if the propertiesin question
are to be considereddynamicin the planningdomain,the
planningoperatorswould be requiredto adjustthe proper-
ties appropriatelyat every level of the role hierarchy. The
problemsof representingtransitivepropertiesaresimilar to
thosepresentedby hierarchiesof properties.Although we
couldcomputetransitive closurein advance,we cannotex-
pect to defineplanningoperatorswhich can recomputeit.
1

Dynamic unary predicates
We assumethatdynamictruth-valueddatarelatingto indi-
viduals will be representedin the ontology using boolean
data properties. For example, in the DWR domain, we
recordwhethera locationis occupied,andthis is dynamic
datawhichcanbechangedby 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
OWL2OCL createsa useful startingpoint for domainac-
quisition. To completetheplanningdomainwe needto use
GIPOto:

1. Refineor alter the structureof the substateclassdefini-
tionswhichhasbeenextractedfrom theontology.

2. Fill in missingclassdefinitions.

3. Defineplanningoperatorsin termsof transitionsbetween
thedefinedclassdefinitions.

RelatedWork
PDDAML is a tool which translatesbetweena Web-PDDL
and DAML. It differs from OWL2OCL as it assumesthe
same’semanticcontent’ in its target andsource,anddoes
not proposeto induceor hypothesiseany existing knowl-
edge.Thiswaswrittenwith thebenefitof aPDDL ontology
definition(McDermott,Dou,& Qi 2004).Our work hereis
to try to import andextract from ontologiesasmuchplan-
ning relatedinformation as possible,ratherthan to create

1althoughPDDL 2.2languageallows for axiomscouldbeused
for this.

a web-planninglanguage. We recognisethat the purpose
of ontologiesaregenerallyto 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
ontologydescribinganagentsystemrepresentedin theKIF
formalism. The ontologyis not restrictedto staticdomain
information, but alreadycontainsdescriptionsof actions.
Hencethe problemtackledis one of translatingthe plan-
ningproblembetweenformalisms,asopposedto ouraimof
extractingstatedescriptionsasabasisfor definingactions.

Conclusions
In this paperwehave arguedthatknowledgeavailablefrom
onlineontologiescanbeusefullyimportedinto AI Planning
domainmodelsto act as the first stepto creatinga plan-
ningdomainmodel.Wehavedescribedatool thattranslates
’OWL abstract’ontologiesinto the

�����
plan language.

The successof this tool dependson the amountand dis-
tribution of factualandindividual knowledge(that is a full
’Abox’). Experimentswith this tool illuminateotherprob-
lemsinherentin thisapproach:OWL ontologiestendtocon-
tain somericher information(suchaspropertyhierarchies)
thanplanningdomainmodelsrequire,but alsonotsufficient
dynamicinformation.It wouldbeusefulto know whichdata
is staticandwhich is dynamic.Unfortunatelythis is impos-
sible to detectautomaticallyfrom a static snapshotof the
ontology.

For futurework we planto furtherdevelopthetechnique
to extractmoreinformationfrom OWL relevantto planning.
For example,numberrestrictionsrecordedin OWL canuse-
fully beusedto infer constraintsonwhatis a valid substate,
andOWL’sMinCardinalityrestrictionscouldbeusedto add
extrapropertiesto a substate.
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Appendix A
TheRocketWorld:

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 type(level))
)

% Domain auto-generated from an OWLontology

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)]]).

Appendix B
TheDockworkersWorld:

Ontology(

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

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

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

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

ObjectProperty(a:belong Functional
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



domain(a:Container)
range(a:Container))

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

DatatypeProperty(a:empty Functional
domain(a:Crane)
range(xsd:boolean))

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

DatatypeProperty(a:unloaded Functional
domain(a:Robot)
range(xsd:boolean))

Individual(a:a
type(a:Container)
value(a:on a:pallet)
value(a:in a:pa))

Individual(a:b
type(a:Container)
value(a:on a:a)
value(a:in a:pa))

Individual(a:c
type(a:Container)
value(a:on a:b)
value(a:in a:pa)
value(a:top a:pa))

Individual(a:d
type(a:Container)
value(a:on a:pallet)
value(a:in a:qa))

Individual(a:e
type(a:Container)
value(a:on a:d)
value(a:in a:qa))

Individual(a:f
type(a:Container)
value(a:on a:e)
value(a:in a:qa)
value(a:top a:qa))

Individual(a:g
type(a:Container)
value(a:on a:pallet)
value(a:in a:pb))

Individual(a:ga
type(a:Crane)
value(a:belong a:la)
value(a:empty "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#bool ean))
Individual(a:gb

type(a:Crane)
value(a:belong a:lb)
value(a:empty "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#bool ean))
Individual(a:gc

type(a:Crane)
value(a:belong a:lc)
value(a:empty "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#bool ean))
Individual(a:gd

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

value(a:empty "true"
ˆˆhttp://www.w3.org/2001/XMLSchema#b oolean ))

Individual(a:ge
type(a:Crane)
value(a:belong a:le)
value(a:empty "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#b oolean ))
Individual(a:gf

type(a:Crane)
value(a:belong a:lf)
value(a:empty "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#b oolean ))
Individual(a:h

type(a:Container)
value(a:on a:g)
value(a:in a:pb))

Individual(a:i
type(a:Container)
value(a:on a:h)
value(a:in a:pb)
value(a:top a:pb))

Individual(a:j
type(a:Container)
value(a:on a:pallet)
value(a:in a:qb))

Individual(a:k
type(a:Container)
value(a:on a:j)
value(a:in a:qb))

Individual(a:l
type(a:Container)
value(a:on a:k)
value(a:in a:qb)
value(a:top a:qb))

Individual(a:la
type(a:Location)
value(a:adjacent a:li)
value(a:occupied "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#b oolean ))
Individual(a:lb

type(a:Location)
value(a:adjacent a:lj)
value(a:occupied "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#b oolean ))
Individual(a:lc

type(a:Location)
value(a:adjacent a:lj)
value(a:occupied "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#b oolean ))
Individual(a:ld

type(a:Location)
value(a:adjacent a:lj))

Individual(a:le
type(a:Location)
value(a:adjacent a:li))

Individual(a:lf
type(a:Location)
value(a:adjacent a:lj))

Individual(a:li
type(a:Location)
value(a:adjacent a:lj))

Individual(a:lj
type(a:Location))

Individual(a:m



type(a:Container)
value(a:on a:pallet)
value(a:in a:pe))

Individual(a:n
type(a:Container)
value(a:on a:m)
value(a:in a:pe))

Individual(a:o
type(a:Container)
value(a:on a:n)
value(a:in a:pe)
value(a:top a:pe))

Individual(a:p
type(a:Container)
value(a:on a:pallet)
value(a:in a:qe))

Individual(a:pa
type(a:Pile)
value(a:attached a:la))

Individual(a:pallet
type(a:Container)
value(a:top a:pf)
value(a:top a:pc)
value(a:top a:qf)
value(a:top a:qc))

Individual(a:pb
type(a:Pile)
value(a:attached a:lb))

Individual(a:pc
type(a:Pile)
value(a:attached a:lc))

Individual(a:pd
type(a:Pile)
value(a:attached a:ld))

Individual(a:pe
type(a:Pile)
value(a:attached a:le))

Individual(a:pf
type(a:Pile)
value(a:attached a:lf))

Individual(a:q
type(a:Container)
value(a:on a:p)
value(a:in a:qe))

Individual(a:qa
type(a:Pile)
value(a:attached a:la))

Individual(a:qb
type(a:Pile)
value(a:attached a:lb))

Individual(a:qc
type(a:Pile)
value(a:attached a:lc))

Individual(a:qd
type(a:Pile)

value(a:attached a:ld))
Individual(a:qe

type(a:Pile)
value(a:attached a:le))

Individual(a:qf
type(a:Pile)
value(a:attached a:lf))

Individual(a:r
type(a:Container)

value(a:on a:q)
value(a:in a:qe)
value(a:top a:qe))

Individual(a:ra
type(a:Robot)
value(a:at a:la)
value(a:unloaded "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#b oolean ))
Individual(a:rb

type(a:Robot)
value(a:at a:lb)
value(a:unloaded "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#b oolean ))
Individual(a:rc

type(a:Robot)
value(a:at a:lc)
value(a:unloaded "true"

ˆˆhttp://www.w3.org/2001/XMLSchema#b oolean ))
Individual(a:s

type(a:Container)
value(a:on a:pallet)
value(a:in a:pd))

Individual(a:t
type(a:Container)
value(a:on a:s)
value(a:in a:pd))

Individual(a:u
type(a:Container)
value(a:on a:t)
value(a:in a:pd)
value(a:top a:pd))

Individual(a:v
type(a:Container)
value(a:on a:pallet)
value(a:in a:qd))

Individual(a:w
type(a:Container)
value(a:on a:v)
value(a:in a:qd))

Individual(a:x
type(a:Container)
value(a:on a:w)
value(a:in a:qd)
value(a:top a:qd))

)

% Domain auto-generated from an OWLontology

domain_name(owl).

% Objects

objects(container,[a,b,c,d,e,f,g,h,i ,j,k,l ,
m,n,o,p,pallet,q,r,s,t,u,v,w,x]).

objects(crane,[ga,gb,gc,gd,ge,gf]).
objects(location,[la,lb,lc,ld,le,lf, li,lj] ).
objects(pile,[pa,pb,pc,pd,pe,pf,qa,q b,qc,

qd,qe,qf]).
objects(robot,[ra,rb,rc]).



% 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 e3)],
[on(Container,Container2),in(Container,Pil e3),

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 ation) ]]).

substate_class(pile,Pile,[
[attached(Pile,Location2)]]).

substate_class(robot,Robot,[
[at(Robot,Location2),unloaded(Robot)]]).


