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Abstract: Teachingof knowledge-intensive AI is particularlyhardastheprocess
of how knowledgeis acquiredis difficult to graspwithoutpracticalexperience.Ac-
quiringandusingknowledgeaboutactions,events,processesis especiallydifficult
becauseof the temporalnatureof thesubjectmatter. In this paperwe reporton a
tool calledGIPOthathasbeenusedfor teachingAI studentstheareasof knowl-
edgeacquisition,knowledgeengineering,automatedplanningandmachinelearn-
ing. We give a shortwalkthroughof someof GIPO’s functions,indicatingsome
of thelearningopportunitiesoffered.WethencompareGIPOwith otherinterfaces
usedin thecomputingcurriculum.Wearguethatusingahigh level integratedtool
suchasGIPOfor supportingteachingandlearningimprovesthestudents’learning
experience,andhelpsintegratethetheoryandpracticein arangeof AI andrelated
subjectareas.

1 Intr oduction

The teachingof knowledge-intensive AI is difficult both from a theoreticaland
practicalperspective, becauseof the peculiarproblemsto do with acquiringand
craftingknowledgebases.Theprocessof how knowledgeis acquiredis not easy
for a studentto graspwithout practicalexperienceof the process.As is the case
with programminganddesign,it seemsthat a tools environmentthat allows the
studentto effectively apply the theoryin a practicalscenariois desirable.From
our experience,a useful tool to help in the teachingof AI within the computing
curriculumshould:

� connecta rangeof theorytaughtduring lectureswith theapplicationof the
theoryduringpracticalclasses;it shouldsupportawiderangeof thecurricu-
lum, asthestudenthasnot thetime to learnto usemany tools

� integrateAI with othersubjectareastaughtat advancedundergraduatelevel
in computing
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� beassimpleaspossibleto use,having a familiar look andfeel, but alsobe
effective in allowing the studentto producenon-trivial implementationsof
AI

Traditionally AI hasbeentaughtwithin practicalsessionsby the introductionof
declarative programminglanguagessuchasProlog,Lisp andHaskell. While this
satisfiesthe first two points, it is not easyto leadstudentsto build or integrate
advancedAI functionsfrom thebasisof aprogramminglanguage.Thetutorwould
implementAI algorithmsto exposetheirworkings,but knowledgeintensive issues
suchasdomainmodellingwouldbeharderto illustrate.

In this paperwe report on a tool called GIPO that hasbeenusedfor teaching
AI studentsknowledgeengineeringfor AI Planningfor a numberof years. We
argue that GIPO meetsthe criteria set out above and helpsstudentsunderstand
andintegrateaspectsof knowledgeacquisition,knowledgeengineering,automated
planningandmachinelearning.Weshow how thetool’s featuressupportsteaching
andthestudent’s learningexperience,andhelpsintegratethe theoryandpractice
in a rangeof AI andrelatedsubjectareas.

1.1 History and Overview of GIPO

GIPO1 the’GraphicalInterfacefor Planningwith Objects’[12] (pronouncedGeePo)
is thenameof a family of experimentaltoolsenvironmentsfor building planning
domainmodels,providing help for thoseinvolved in knowledgeacquisition,do-
mainmodelling,taskdescription,plangenerationandplanexecution.GIPOwas
anoutputof thePLANFORM project[10], andhasbeendemonstratedin several
majorAI conferences,for exampleatECP’01in Toledo,Spain,at ICAPS’03con-
ferencein Trento,Italy, andatEKAW’04 in theUK. It wasusedin thetutorialtrack
atAI-2003in December2003atCambridge,andis beingenteredto theICAPS’05
knowledgeengineeringcompetitionatMonterey, USA in June2005.Two versions
of GIPO- GIPO1 andGIPOII - areavailablefor downloadingfrom thewebsite,
andnew versionsarecurrentlybeingproduced.

GIPO integratesa rangeof planningtools to help the userexplore the domain
encoding,anddeterminethekind of plannerthatmaybesuitableto usewith the
domain.In particularit has:

1http://scom.hud.ac.uk/planform/gipo

2



1) graphicaltools andvisual aids for the input/displayof objects,objectclasses
(sorts),predicates,constraints,states,operatorschema,andtasks.Therearefamil-
iar pointandclick, draganddropfunctionsto helptheuserbuild upanew domain
or reuseexistingcomponents.

2) validationchecksfor consistency acrosspartsof thedevelopingdomainmodel.
Onceoperatorschemahave beendevelopedGIPOfeaturesa ’plan stepper’which
helpstheuserbuild uptheirownsolutionstoproblemsin akindof ’mixed-initiative’
mode.

3) residentplangenerationengines,andanAPI for pluggingin to third partyAI
planners.A plananimator/ visualiserdisplaysaplanner’s solutionto aproblemin
termsof theobjectswhich areeffectedby theplan. This canbesteppedthrough
by theuserto seetheeffectsof operatorsonobjectsandtheirproperties.

A key designgoal in building thetool’s interfacehasbeento allow thecreationof
a specificationin termsof imagesthatdescribedomainstructureat a high level of
generality. Thetool takescareof thedetailof thesyntaxof theunderlyingspeci-
fication,makingit impossibleto constructa syntacticallyill-formed specification.
Theprocessof domainmodeldevelopmentonwhichthis is basedis detailedin the
literature,seereferences[6, 5] for moredetails.

In the next sectionwe give a short walkthroughof someof GIPO’s functions,
indicatingsomeof thelearningopportunitiesoffered.WethencompareGIPOwith
otherinterfacesandtoolsusedin thecomputingcurriculum- theB-tool, Protege
andPetriNets.

2 GIPO Walkthr ough

Wehave foundit usefulto presentthestudentwith two pathsthroughthematerial:

� anonlinetutorial on how to constructdomains:thestudentis led througha
stagedmethodof domaindevelopment

� analysisandexecutionof a ’ready-cooked’ domainmodel: this way thestu-
dentcanat anearlystageseethe resultof domainbuilding - beingableto
bind the modelwith a plannerof choiceandbeingable to solve planning
problems.
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Figure1: TheSortEditor

We sketchthe main stepsthat the studentis led throughwhenusingGIPO’s on-
line tutorials. This follows a simple knowledgeformulation methoduseful for
building up structuredplanningdomainmodels[6]. Thecentralconceptionused
to raisethe level of abstractionin domaincaptureis that planningessentiallyin-
volveschangingpropertiesandrelationshipsof theobjectsthatinhabitthedomain.
This appealsto computingstudents’intuition andis consistentwith their studies
in object-orientedprogramminganddesign.Knowledgeis structuredaroundob-
ject descriptions,their relationshipsandthe changesthey undergo asa resultof
the applicationof operatorsduring plan execution(in contrastto the traditional
literal-basedapproachusedin PlanninglanguagessuchasPDDL [3]). Thestudent
identifiesthe kinds of objectsthat characterisethe domain,and organisesthem
arounddistinctcollectionsof objects,whichwecall sorts, into ahierarchy. Object
instancesfor eachsortareidentified. Eachobjectinstancein a sort is assumedto
have identicalbehaviour to any otherobjectin the sort. To assistin this element
of the conceptualisationGIPO providesa visual treeeditor (Figure1). Domain
checkingat this initial stageinvolvesenforcingthetreestructureandrequiringthat
nodenames(for sortsandobjects)areunique.

Thestudentdescribesthesortsby identifyingpredicatesthatcharacterisetheprop-
ertiesof a typical objectof eachsortandrelationshipsthathold betweenobjects.
We provide aneditor to definepredicatesby a processof draganddrop from the
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sort treepreviously defined.Sortsarestaticor dynamicdependingon whetheror
not objectsin that sort areaffectedby actionsduring plan execution(ie change
state). Next the studentspecifiesthe constraintson dynamicobjects/sorts.This
is doneprimarily by characterisingeachvalid stateof anobjectof eachdynamic
sort.Typically eachmemberof asortmaybein only onestateatany time,andthat
during planexecutionthe objectgoesthroughtransitionswhich changeits state.
A substateof anobject(calledhere’substate’to distinguishit from a stateof the
world, which is formedfrom a collectionof substates)is thesetof all properties
andrelationsreferringto thatobjectthataretrue.

For eachsort s, the studentusesGIPO to encodestateconstraintsby specifying
all thesensibleinterpretationsof predicatesdescribings. Thesubstatedefinitions
derivedfrom thisprocessspecifythepossibleHerbrandinterpretationsdetermined
by consideringthedomainandits constraints.Theseform thebasisof muchof the
staticvalidity checksthatcanbecarriedoutonthecompleteddomainspecification.
For example,it thesort is ’door’, andpredicatesareclosed,lockedandunlocked,
thenthe studentwould usethe tool to statethat the only possibleinterpretations
thatcanbetrueare:

lockedandclosed;
unlockedandopen;
unlockedandclosed

Any other combinations(eg openand locked; or locked, closedand open)are
excluded.Theproblemof forming a substatedefinitionof a dynamicsort is more
complex whentherearerelationalpredicatesreferringto thatsortandpossiblyto
otherdynamicsortsaswell. Thecollectionof all suchsubstatesfor theobjectwill
besuchthatat any instancein time exactly onesuchsubstatedescriptionwill be
trueof theobject.

Thestudentusestheeditorillustratedin Figure2 to constructsubstatedefinitions.
For eachobjectsort, predicatesareselected(from the predefinedlist) will char-
acterisea singlesubstate.The processis repeateduntil all possiblesubstatesfor
the sort are defined. The possibleunificationsof variablesof the samesort or
betweenvariablesbelongingto thesamepathin thesort treehierarchycanbere-
strictedusinga visual indicationof possiblyunifying variablesasshown in the
figure. The studentselectsfrom a popupmenuhow an individual variableis to
unify with a target variableandif the decisionis that they mustbe distinct then
a not equalsclauseis generated.This strategy for dealingwith theunificationof
variablesis pervasive in theGIPOtool set. Theexamplein thefigurein from the
famous’Blocks World’ whereonepossiblestateof a block is that it is clear and
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Figure2: SubstateEditorTool

that it standson anotherblock. Specifyinga setof Herbrandinterpretationswith
theexpressionclear

�
Block ��� on

�
Block � Block � is notadequate,asweassumethat

any instantiationof asubstatedefinitionformsavalid groundsubstate.Werequire
clear

�
Block ��� on

�
Block � Other��� Block �� Otherusingthenormalconventions

for theunificationof parameters.

At this stagevalidity checkscan be madeto ensurethat all dynamicpredicates
appearin onesubstatedefinition. If a predicateis dynamicthenit mustappearin
at leastoneof thesubstatedefinitionsfor at leastoneof thesortsit refersto. On
theotherhand,if it appearsin adefinitionfor morethanonesorttheengineerwill
be warnedthat the formulationmay containredundantinformationasdiscussed
above. This shouldprovide thestudentwith an initial view asto theadequacy of
herselectionof predicatesto characterisethechangesthattheobjectsin thedomain
undergo.

2.1 Capturing Domain Operators

Thenext stageof theknowledgeacquisitionmethod,andmostdifficult taskfor the
student,is to specifyoperatorsrepresentingdomainactions. Operatorsin GIPO
areconceptualisedassetsof parameterisedobjecttransitions,LHS 	 RHS, where
theLHS andRHSaresubstateclassesthesortof theobjectparameter. An object
transitioncanhave differentmodalitiesin an operator- normally it is necessary,
which meansthe LHS is a preconditionof the operator, andafter the operatoris
executedtheobjectaffectedwill bein thesituationspecifiedby a fully instantiated
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RHS.

TheGIPOoperatoreditorhelpsthestudentcreateagraphrepresentationof anop-
eratorwherethe nodesarethe LHS andRHS statesof the objectsortsinvolved
in the operator. Eachsuchnodecontainsan editablestatedefinition. While the
useof the ’OperatorEditor’ is adequateto defineoperators,studentshave diffi-
culty primarily dueto thepossibleco-designationof variablesacrossthedifferent
nodespresentedto the user(althoughthe underliningandright click mechanism
describedin thestateeditoris used).Usingthis manualoperatortool illustratesto
thestudentthedifficulty of knowledgeformulation,particularlyto dowith actions.

A semi-automatedknowledgeacquisitiontool in GIPOis ’OpMaker [7]: thishelps
theuserto createanoperatorsetsimplyby providing examplesolutionsequences.
Theexerciseillustratessomeof theconceptsof ’Learningfrom Examples’in ma-
chinelearning- in particularinductive generalisation.

To helpexplain OpMaker, we usea popularplanningapplicationthat is supplied
with GIPO- the’Lazy Hikers’ domain.Two people(hikers)gohiking anddriving
aroundregionsof theLake District, with objectssuchastents,cars, regions, and
actionssuchasputdown,load, getin, getout,drive, unload,putup,walk, sleepin-
tent. They doone’ leg’ of a longcirculartrackeachday, asthey gettiredandhave
to sleepin their tentto recover for thenext leg. Their equipmentis heavy, sothey
have two carswhich canbeusedto carrytheir tentandthemselvesto thestart/end
of a leg. To useOpMaker, thestudentmustfirst createa ’partial’ domainmodel,
containingobjects,sorts,predicatesand stateinvariantsdescribingthe problem
domain.Thestudentthenconstructs(via a draganddropprocess)a solutionto a
pre-definedtask- for instancethefollowing is a solutionto thetaskof doingone
leg of thecirculartrackandbeingreadyfor thenext leg in themorning:

putdown tent1 fred keswick;
load fred tent1 car1 keswick;
getin sue keswick car1;
drive sue car1 keswick buttermere;
getout sue buttermere car1;
unload sue tent1 car1 buttermere;
putup tent1 sue buttermere;
getin sue buttermere car1;
drive sue car1 buttermere keswick;
getout sue keswick car1;
walk sue fred keswick buttermere;
sleepintent sue fred tent1 buttermere
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Thestudentis encouragedto think of eachactionin termsof asentencedescribing
whathappens.For examplein thelastactionwethink of thisas’Sueandfredsleep
in their tentin Buttermere’.Each‘action’ consistsof anactionidentifierfollowed
by asequenceof objectsthattheactiondependsonor changes.

Fromtheinput of a plansuchastheexampleabove, anda partialdomainmodel,
a full operatorsetcanbeinducedwith thetool. After OpMaker hasproducedthe
setof inducedoperators,anotherlearningopportunityfor thestudentis to compare
thissetwith thehandcraftedsetsuppliedwith GIPO.

Fromthisstagein process,thestudentlearns:

1) thedifficulty in acquiringknowledgeaboutactions

2) how usingmachinelearningtechniquesonecanpotentiallyavoid the needto
handcraftactionknowledge

3) theproblemsandlimitationsof learningfrom examplesto dowith convergence
of generalisations,theneedfor knowledgerefinementandtheimportanceof ’good’
examplesin learning.

Theconstructionof operatorsprovidesagoodopportunityto comparetheplanning
modelwith work in formal specificationof software. For example,many of our
studentsusedthe ’B-tool’ to createsoftware specifications.The pre- and post-
conditionversionof a GIPO operatorandan operationspecifiedin B have great
similaritiesas they both specifydeterministic,instantaneousactionsin termsof
predicatedescriptions.

2.2 Domain Validation Toolsin GIPO

Continuingtheanalogywith formalspecificationof software,oncethestudenthas
built upaninitial modelof theworld it is naturalto wantto validateit. As in formal
specification,thissplitsinto two kindsof validation:

Type1. checkingthemodelfor inconsistenciesbetweencomponentparts

Type2. checkingthemodel’s accuracy with respectto whatis beingmodelled.

With toolssuchasGIPO,’ local’ consistency checkson nameuniquenessandhi-
erarchydefinition are automaticwhen thesecomponentsarebeing built. Addi-
tionally, Type1 validationincludescheckson global consistencythroughvarious
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formsof ’static’validation.Mosteffectivein GIPOarethecheckswhichverify that
operatordefinitionsdo not compromisethesubstatedefinitions. Additionally the
studenthasseveralopportunitiesto learnaboutandcarryout ’dynamic’validation
of bothType1 and2, using:

Figure3: TheGIPOStepper

� the reachability analysistool: eachsubstatethat is definedfor a sortcanbe
indexedagainsttheoperatorsthatusethemeitherasconsumersor producers.
Thereachabilityanalysistool revealsto thestudentsubstatesthatcannotbe
producedandhencecouldonly ever beusedin theinitial stateof anobject;
andsubstatesthat cannotbe consumedandhenceform a deadendfor the
developmentof an object. Thesedeadendsubstatesareonly usefulin the
developmentof someotherobjector areof thekind specifiedonly in a goal
condition.Thereachabilitytool canbeusedin conjunctionwith OpMaker:
it canindicateif the deducedoperatorsdo not give an adequatecoverage.
This is shown by the existenceof definedstatesthat arenot referencedby
any operators.

� the manualstepper: the studentcan dynamicallychecka domainis ade-
quatelyspecifiedagainstasetof problemsby usingthemanualstepper. The
studentusesdraganddropto selectoperators,andpop-upmenusto instan-
tiate them,effectively attemptingto solve their own planningproblemsus-
ing themodel. Eachoperatoris appliedin thecurrentstateto generatethe
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consequentstate.Thestudentproceedsin this mannerto verify thatthedo-
mainandoperatordefinitionsdosupporttheknown plansfor givenproblems
within thedomain.Thestepperoperatesasa manualforwardplanner, with
resultsof eachobjecttransitioncausedbyanoperatorshown graphically(see
Figure3).

� runningplanningengines: the studentcan, of course,executeone of the
suppliedplannerswithin GIPO on specifiedtasks. Suchis the intractable
natureof planningproblemsthat his hasto be carefully controlledby the
tutor andGIPO.Dependingon the planner/ taskcombinationchosen,the
solutionmay not be found for a goodperiod of time. GIPO hasits own
planningengines,but third party plannersare easyto integrate(we often
usetheFF [4] planer, which wasapastwinnerof theInternationalPlanning
Competition).After a plannerhasreturneda solution,thestudentcanstep
throughthe solutionusingGIPO’s animator tool. This takesthe resultsof
a plannerandproducesa graphicalrepresentationof the object transitions
usingthesamelayoutasthestepper.

Wehaveoutlinedthemaincomponentsof GIPOabove- moredetailscanbefound
in theAI Planningliteraturee.g [7]. Theoverallarchitectureof theGIPOis shown
in Figure4. At the heartof GIPO is an objectcentredinternalrepresentationof
domains(asshown in the figure in the InternalRepresentationbox). To enable
GIPOto beusedasageneraldomainmodellingtool wehavedevelopedtranslators
betweenour internallanguageandtheplanningdomainlanguagePDDL [11]. The
API enablesexternalplanningsystemsto interfaceto the tools, to provide scope
for testingandfieldingalternative planningalgorithmsto thoseinternalto GIPO.

3 UsingGIPO in Teachingand Learning

GIPOhasbeenusedin theteachingof intermediateandfinal yearundergraduates,
in both introductoryandadvancedAI modules.It offersa wide rangeof learning
opportunitiesin AI, throughknowledgeacquisition,knowledgeformulation,vali-
dationandmaintenanceof domainmodels,inductive learningandautomatedplan
generation.Although numbersof studentgroups(typically 15-20)aretoo small
to make any statisticalclaims,anecdotallyGIPO seemsto help studentsseemto
integrate AI knowledgelearnedin lectures,andto reacha deeperlevel of under-
standingof ’dry’ subjectmatteronsaytheacquisitionof knowledge.
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Figure4: ArchitecturalBreakdown of GIPO

Studentsaresupportedby anonline threepart tutorial, which introducesthemto
the subjectmatterin a stepby stepfashion,by leadingthemto developa simple
exampledomainmodel.Part oneof thetutorial introducesthe’flat’ model,where
operatorsareprimitive andseparate.Part two introducesa hierarchicalmodelof
planoperators,which amountsto a principledapproachto HTN planning.Finally
partthreeintroducestheOpMakeroperatorlearningmethod.Whereasthetutorials
leadthestudentthroughthefeaturesmethodically, for learningaboutspecificfea-
turesGIPOhasanonline,hyperlinked usermanual.For thosestudentswho need
to dig deeper(for examplefinal yearprojectstudents)GIPO alsohasa language
manualwhichdefinestheunderlyingknowledgerepresentationlanguage.
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4 Comparisonwith other specification/modellingtoolsused
in IT Teaching

It is commonnow for undergraduatestudentsto beexpectedto understandanduse
a wide rangeof GUI tools for constructingprograms,designsandspecifications.
Herewedescribesomecurrentlyin use(in particularwithin ourownundergraduate
degree)andcompareandcontrastthemwith GIPO.

The B-Toolkit : As with AI, theteachingof rigorousspecificationanddevelopment
of softwareis particularlychallenging.TheB-toolkit [1], thoughbuilt andaimed
at commercialapplications,hasbeensuccessfullyusedin teachingfor a number
of yearsin our own curriculum. It alleviatestheoneroustaskof constructingand
discharging proof obligations.Thestudentcanunderstandtheneedfor suchrigor
andview theeffectsof suchproof toolswith respectto uncoveringandidentifying
errors,withouttheneedfor themto producehandproofsthemselves.Asmentioned
above,state-basedsoftwarespecificationlanguageshavemany featuresin common
with ’classical’AI planningdomainlanguages.Thesesharedfeaturesareusedto
provideusefulanalogiesto thestudent,in particular:

� theconceptof a ’state’

� theneedto constructoperatorsin termsof pre-andpost-conditionsandstate
transitions

� theunderlyingassumptionsof default persistenceandthe’closedworld’

� theuseof invariantsto helpin validationandmodeldocumentation.

Of coursetheobjectivesof bothtoolsaredifferent- oneto rigorouslydevelopsoft-
ware,theotherto developanapplicationthatsolvesplanningproblems.In general
theB-tool allows theuserto input moreprecisedetailsof a domain,andis more
meticulousat uncovering errors. On the other hand,GIPO’s rangeof dynamic
tools (the stepperandthe useof plan generators)give it an extra dimensionthat
both stimulatesstudentsandallows morescrutiny of the domainmodelcompo-
nents.OnecansimulateoperatorexecutionusingtheB-tool (andhencethis gives
aprimitive planstepper),but notplangenerationaswith GIPO.

Protege-2000: Protege[2] is a well establishedknowledgeacquisitiontool which
aidstheuserin building updomainmodelsin descriptionlogic. As with theB-tool,
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it is not designedoriginally for usein teachingandlearning,but it hasmany fea-
tureswhichmake it usableby ’non-experts’.Ourfinal yearundergraduatestudents
areexposedto it in amoduleentitled”The SemanticWeb”. Protegeis quiteagen-
eral tool: herewe usedit to build up ontologieswritten in theOWL language[9].
Its interfaceis similar in somewaysto GIPO- theusualarrayof GUI featurescan
beusedto build upobjecthierarchiesandinputpropositionsandclassconstraints.
Protegehasmany interestingfeaturesfor thestudent:

� thereareonlinetutorialsthatslowly build up a student’s knowledgeof rele-
vantfeatures

� a DL theoremprover suchasRACER canbe hooked up to checkclasses
for consistency (ie the definition allows at leastonemember).Also, class
hierarchiescanbere-assembledasmorepropertiesof theclassesareinput.
This relieson theuseof subsumptionto checkwhetheroneclasssubsumes
another.

� theOWLViz plugincanbeusedto visualisetheclasshierarchyof thedevel-
opingDL theory. We foundthis featurecrucialfor students,asafterchang-
ing a theoryandre-runningsubsumptionthestudentcanseeclearlythenew
classes.

While thereweresimilaritieswith GIPOin theinitial stagesof domain(ontology)
acquisition,Protegelackedthefacilitiesto ’execute’themodelin any way. This is
not thefault of Protege,but thefact thatOWL ontologiesarecurrentlycapableof
encodingonly staticknowledge.Studentsseemedto find GIPOmoresatisfyingas
they couldbuild, view, validateandthenexecutethemodel.Thisability to involve
the modelin somekind of constructive operation(ie plangeneration)helpedthe
studentto seewhatthepointof theknowledgeacquisitionprocesswas.

Petri Nets: The Petri Net (PN) hasbeena well-known formalismusedto spec-
ify andanalyseactionsin concurrentsystems(andotherrelatedsystems)sincethe
1960’s. PNsareapopulargraphicalnotationusedin teachingasthey arerelatively
easyto understand,yet have a formal basis. Additionally thereareonline tools
which canbeusedeffectively in practicalsessions.Superficially, therearemany
ideasin commonbetweenGIPO’s view of AI PlanningandPetri Nets: the idea
of a ’token’ in PNsis very similar to anobjectinstance;PNshave transitions(al-
thoughPN transitionsareactuallymorelike instantiatedplanningoperatorsthat
parameterisedtransitionsusedas the basisof GIPO’s operators).The main dif-
ferencesbetweenGIPOandPNsarethat (a) PNsareaimedprimarily at require-
mentsmodellingandcapturefor real-timesystems,ratherthandomainmodelling
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for AI planning(b) PNsemphasiseexecutionsimulationratherthanjust domain
modelling;(c) ’Places’in PNsdo not mapacrossnaturallyto theideaof statesas
parameterisedpredicates.

5 Conclusionsand Future Work

In this paperwe have illustratedtheuseof theGIPOtool, andshown how it helps
studentsapplytheory(suchasin knowledgerepresentation,knowledgeacquisition
andformulation)that they have learnedduring lectures. Its interfaceandunder-
lying languageusesthe objectmetaphorsimilar to other tools that studentsuse
in the computingcurriculum. Studentsareableto useit both to gain experience
of a wide rangeof AI topics(knowledgeacquisition,automatedplanning,learn-
ing from examples)andto obtaina deepknowledgeof topicsin theseareas.For
example,a studentmay learnaboutalgorithmsfor learningfrom examples,and
representationsfor planningoperators,but without applicationthe knowledgeis
somewhatstale.UsingGIPOthestudentcanusetheOpMaker tool to induceplan-
ningoperators,thusbothsustainingtheirknowledgeof theseareasandintegrating
the two together. Additionally, we have arguedthat GIPO helpsstudentsseethe
commonalitiesbetweenAI with othersubjectareas,helpingthemto integratenew
knowledgewith otherpartsof thecurriculum.

We plan to furtherwidenthescopeof theGIPOtool. Two new versionsarecur-
rentlyundergoingalpha-testingandwill beavailableonlineshortly:

� GIPOIII: thisversionis for domainmodelsthatrequireamuchmoreexpres-
sive representationlanguagethat a traditional ’propositional’ form. While
GIPO III is basedon the sameobject-centricview of the world asGIPO I
andGIPOII, it allows theuserto modelcontinuousprocessesandevents(as
well asactions),andallowsnumericpropertiesof objectsto bespecified.

� Object Life History and GenericType interface: this tool forms another
knowledgeacquisitioninput into thetool (in thesameway asOpMaker). It
allowsthestudentto enteradiagramrecordingthetransitionsof objects,and
automaticallycreatedomainoperators.It alsoallows theuserto re-usepre-
storedobjectpatternsthat representtypical dynamicobjects.For example,
LazyHiking domainobjectbehaviour canbederivedfrom acombinationof
genericobjectswecall mobile, bistateandportable(see [8] for details).
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