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Abstract

Task modelsare usedin mary areasof computerscience
includingplanningintelligenttutoring,planrecognitionjnter-
facedesign,anddecisiontheory However, developingtask
modelsis a significantpracticalchallenge We presenttask
modeldevelopmentervironmentcenterecarounda machine
learningenginethat infers task modelsfrom examples. A
novel aspecbf theenvironmentis supporfor adomainexpert
to refinepastexamplesasheor shedevelopsa clearerunder
standingof how to model the domain. Collectively, these
examplesconstitutea “test suite” thatthe developmentervi-
ronmentmanage orderto verify thatchangeso theevolv-
ing taskmodeldo not have unintendedconsequences.
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INTRODUCTION

Many fieldsof computeiscience— planning,intelligenttutor-
ing, planrecognitionjnterfacedesignanddecisiontheoryto

namea few — geta lot of leveragefrom applyinggeneral-
purposealgorithmsto domain-specificask models. This

approachgivesrise to the notoriousknowledge acquisition

bottleneck: developinganaccuratelomainmodelis a signif-

icantengineeringpbstacleln this paperwe presenta devel-

opmentervironmentthat can easethe task model acquisi-
tion process.The ernvironmentcombinesdirect model edit-

ing, machinelearningbasedupon annotatedexamples,and
modelverificationthroughregressiontesting. The learning
techniquesand mostof the other major component®f this

ervironmentarein place;however, the graphicalfront-endis

still underdevelopment.

In this work, the problemof developingtaskmodelsis con-
sideredin the contet of the Collagen[18, 17] system. In
Collagen,a collaboratie interfaceagentengagesn dialogs
with auserto jointly achievetasks.Collagenis animplemen-
tationof theSharedPlatheoryof collaboratvediscoursg7],
in which the agents behaior is driven by general-purpose
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algorithmsfor discoursenterpretatior{13], planrecognition
[10], andactionselection[11]. In orderto applythesealgo-
rithmsin a given domainrequiresconstructingan explicit,

declaratve modelof theunderlyingtaskstructure.

SinceCollagentaskmodelsarehierarchicaladomainexpert
mustdecidehow to dividetasksnto subtaskswhichinvolves
choosinghebestabstractionso represenintermediateyoals.
The choiceof intermediategoalsis especiallyimportantfor

collaboratve agentsbecausehe agentmustbe ableto dis-

cusshow to accomplishtasksin away thatis intuitive to the

user Determiningan appropriatesetof intermediategoals
(aswell asthe numberandtype of parameter$or each)can
be extremelydifficult for adomainexpert.

Our approacho acquiringtaskmodelsis basedon the con-

jecturethatit is often easierfor peopleto generateanddis-

cussexamples of how to accomplishtasksthanit is to deal
directlywith taskmodelabstractionsln asensewedesigned
a kind of programmingby demonstratiorj4, 12] systemin

which a domainexpertperformsataskby executingactions
andthenreviews andannotates log of the actions.

In prior researchye developedmachindearningtechniques
that infer hierarchicaltask modelsfrom a set of partially-
annotatedexamplesof task-solvingbehavior [5]. As agen-
eraltradeof, anexpertcanprovide minimalannotationsibout
mary examplesor moreexhaustve annotationaboutfewer
examples.Also, aswill bediscussedbelow, certaintypesof
annotationg@remorevaluableto thelearningengine.

We have integratedthesemachinelearningtechniquesnto a
developmenternvironmentthat providescomprehensie sup-
portfor expertsto generatéaskmodels.Thisinvolvesremov-
ing or refining pastexamplesaswell asdefiningnew exam-
ples. In additionto learningfrom the collection of exam-
ples,the systemcanusethemfor regressiortestingto verify
the behavior of the modelthroughoutthe developmentpro-
cess.This techniquedetectsmore potentialerrorsthansim-
ply checkingtheinternalconsisteng of amodel.

Thedesigrnpresentedh thispaperreflectsthecollectiveexpe-
rienceof the Collagenresearchyroup over the pastseveral

years‘manually” developingtaskmodels.Typically, amodel

is constructedhroughanincrementaldevelopmentprocess,
whichis describedn thefollowing two paragraphs.



Initial versionsof a task model are inferred from a small

numiberof examplesthat shav the mostcommonsolutions
to key domaintasks. Both the modelandthe examplesfre-

guentlyundego substantiatevisionsduringthis early stage.
Next, themodelwill begeneralizedo coveradditionalexam-
plesthatdemonstratsolutionsinvolving, for example alter

nateorderinggor actions optionalbehaior, or alternatgask
decompositionsOccasionallydefiningadditionalexamples
will spurthe expertto re-conceptualizéhe entire domain,
necessitatingeworking mary previousexamples.

As the developmentprocessnearscompletion,thereis less
andlessbenefitto providing new examples. It is generally
fasterand easierto directly edit the model. Also, learned
models,evenwhenaccuratemayneedto betwealedby the
expertfor otherreasonsFor example asdiscussedh [5], the
organizationof a completeandaccuratgaaskmodelmay be
inappropriatdor acollaboratve agent.lt is atthisfinal stage
of developmenthatthe ability to easilyverify the behaiior

of themodelusingthecollectionof pastexampless critical.

The next sectionof the paperdescribesow taskmodelsare

inferredfrom the annotatedexamplesof the expert; we also

provideempiricalresultshasednourimplementatiorof this

learningmodule. The third sectionof the paperpresents
the designof the modelbuilding ervironmentin detail. The

paperconcludeswith a discussiorof relatedresearch.

MACHINE LEARNING FROM EXAMPLES

Within the taskmodeldevelopmentervironment,thereis a
division of laborbetweertheuserandthe computertheuser
providesannotatedxamplessothatthelearningsystemcan
generalizeéhetaskmodelunderdevelopment.

This sectiondescribeshow a domainexpert partially anno-
tatesexamples. We describethe task model languagefirst
andthenthe differenttypesof partialannotationsEmpirical
resultsareincludedthat quantify how the differenttypesof
annotationsnfluencethenumberof exampleshatneedto be
providedby the domainexpert.

A taskmodelis composedf actionsandrecipes. Actions
areeitherprimitive actions,which canbe executeddirectly,
or non-primitive actions(alsocalled“intermediategoals” or
“abstractactions”),which areachiesedindirectly by achies-
ing otheractions.Eachactionhasatype;eachactiontypeis
associatedavith a setof parametersActionsdo not currently

includeanexplicit representatiofor preconditiongndeffects.

Recipesaremethodgor decomposingion-primitive actions.
Eachrecipe specifiesa set of stepsthat are performedto

achieve the non-primitive actionthatis the collective objec-
tive of the steps.All stepsareassumedo berequiredunless
they arelabelledasoptional. Theremay be several different
recipesfor achiezing a singlenon-primitive action.

A recipealsocontainsconstraintghatimposepartialtempo-
ral orderingson its stepsaswell asvariouslogical relations

amongtheir parametersFor the purposef this paper the
only logical relationswe will considerareequalities.Equal-
ities betweena parameternf a stepand a parameteiof the
objective of therecipearecalledbindings,but areotherwise
indistinguishablérom constraintsParameterandstepshave
anameaswell asatypein orderto allow for unambiguous
referencegin bindingsandconstraints}o multiple stepsof
thesametype.

Figurel containssample®f thisrepresentatiofor acooking
domainthatwill be usedthroughouthis paperasarunning
example. This domainwas chosenover alternateCollagen
taskmodelsbecausdt is intuitive andcanbe easilyvariedin

orderto conductempiricalstudies.A taskmodelin theform

of Figurel is thedesiredoutputof learning.

nonprimitive act Prepar ePast a
parameter Pasta pasta

primitive act Get Past a
parameter Pasta pasta

recipe Past aReci pe achieves Prepar ePast a
steps Boi | boil

CookPast a cook

optional Get Pasta get

achieves. pasta = cook. pasta

get.pasta = cook. pasta

boi | . wat er = cook. wat er

boi | precedes cook

get precedes cook

Figure 1. Collagenrepresentationffom a cooking domain
(keywordsarein bold).

bindings
constraints

Annotation Langua ge

Informally, theinput to the learningalgorithmis a seriesof
demonstrationseachone explicitly shavs one correctway
to performataskand,via annotationsindicatesothersimi-
lar waysthatarealsocorrect. For example,if the sequence
[a,b, ] is correctand b is annotatedas optional, then we
know [a, ] is alsoa correctexample. We canalsogeneral-
izefrom theannotate@gxamplesbasedn assumptionabout
thetargetmodelto belearned.For example,if thelearneris
told [a, b, c] and|c, b, a] arebothcorrectandthetargetmodel
representpartial orderingconstrainton pairsof actions all
orderingsof a, b, ande mustbecorrect.

More precisely eachinputto thelearningengineis ananno-
tatedexamplee, wheree is a five-tuple: (¢, S, optional,
unordered, unequal):

¢ is the temporallyorderedlist of actions[p1, ..., px] that
constitutethe unannotatedexample demonstratedy the
expert. In mostcasesgachp; will be a primitive action;
however, p; couldalsobeanintermediategyoal. Theseman-
tics of the latter caseis that p; is being usedas a place-
holderin lieu of fleshingout theexampleto includea sey-
mentthatachievesp;.



S isasgmentwhichis apair (segmentType, [s1,. - ., 5n])-
Eachs;, calleda segment element or elementfor short,is
eitheranactionor a sggment.Groupingelementdogether
meanghatthey collectively achieve a non-primitive act of
type segmentType.

optional is apartialmappingfrom elementgo boolearval-
ues. If the mappingis definedandis true, the expertis
specifyingthat remaoving that segmentelementfrom the
example would constituteanothercorrectexample from
thedomain.

unordered is a partial mappingfrom pairs of elementsin
the sameseggmentto booleanvalues. If the mappingis
definedandis true, the expertis specifyingthat switching
theorderof appearancef the pair of elementsvould con-
stituteanothercorrectexamplefrom the domain.

unequal is a partial mappingfrom pairs of actionparame-
tersto booleanvalues. If the mappingis definedandis
true, the expert is specifyingthat anothercorrectexam-
ple with the sameseggmentationexists whereinthesetwo
parameterslo nothavethesamevalue. Thismappingdoes
not corvey informationaboutinequalityrelations;i.e. this
mappingcannotindicatethat two parametersnust never
have thesamevalue.

Figure2 containsan exampleof how this formal notationis
usedto defineanannotatedxamplein the cookingdomain.
Eachactionis subscriptedso that differentinstancesof the
sameact type canbe distinguished.The argumentsof each
primitive actionarespecificdomainitems.

é=[ Boil(waterg), GCetPastasz(spaghettis),
CookPast ag(spaghetti 4, waterg), Boil 4(wateryg),
MakeSauces(nmari naray), ServeDi nnerg(kitchens) ]

S=( MakeMeal g, [
( PreparePastar, [Boil 1, Get Past as, CookPast az] )
( PrepareSauces, [ Boi | 4, MakeSauces] )
ServeDi nnerg] )

optional(Get Past az) = true

optional(Ser veDi nner g) = false

unordered(Pr epar ePast ar, Pr epar eSauceg) = true
unordered(Boi | 1, CookPast ag) = false

unequal(Boi | 1. wat er, Boi | 4. wat er ) = true
unequal(Cet Past as. past a, CookPast a3. past a) = false

Figure2: Sampleannotatedxample,in formal notation.

Figure2 definesonetop-level segmentof type MakeMeal ,
whichis composeaf two sub-sgmentgPr epar ePast a,
Pr epar eSauce) anda primitiveaction(Ser veDi nner).
The partial mappingsat the bottom of the figure indicate
thatGet Past a is optionalandSer veDi nner isrequired.
Also, the stepsof type Pr epar ePast a and Pr epar e-
Sauce mayappeaitn ary orderin generalwhile the Boi |
stepof Pr epar ePast a mustalways precedethe Cook-
Past a step. Finally, the annotationsndicatethatthe com-

monwaterparameteraluefor Boi | 1 andBoi | 4 is acoin-
cidenceputthatthepastgparameteof Get Past a andCook-
Past a will alwaysbethesame.

A graphicalinterface whichis partof the developmentervi-
ronmentallows expertsto annotateahisinformationin amore
intuitive way, suchas by marking certainnodesin a tree
visualization.However, it shouldbe clearfrom this partially
annotatedexamplethat fully annotatingexampleswould be
quiteburdensomeegardlesof theinterface.

It is temptingto draw conclusiondrom the absencef cer
tain annotations.For example,in Figure 2, mary stepsare
not marked as optional. While one might interpretthis to
meanthat the unmarled stepsarerequired,it might just be
the casethatthe expertis not sureif thosestepsarerequired
or optional. To handlesuchcasesthe learningtechniques
distinguishbetweerpositive evidence(e.g.,annotatinghata
stepis required)andthe lack of negative evidence(e.g.,the
stepappearsn all definedexamplesinvolving this recipe).

A key featureof ourlearningalgorithmis thatit infersbind-

ings, constraints,and parameterof non-primitive actions,
whichwe will referto collectively aspropagators. Therole

of propagatorss to enforceequalityrelationshipsamongthe

parametewaluesof primitive actions.For example,in atask
modelfor cookingspaghettmarinarathecookedpastamust
bethesamepastato whichthe marinarasauces lateradded.
In contrastdifferentknivescanbeusedto cut, say thetoma-
toesandthe mushrooms.Theseequalityrelationscrossthe

boundariesf mary actionsandrecipesj.e. they arenotlocal

to ary particularrecipe.

Empirical Results

Someexperimentsvererunto betterunderstandhetradeof

betweerhow muchinformationthe expert providesin each
exampleandhow mary examplesmustbe providedto learn
anaccuratenodelof the domain. For testingpurposesnly,

we simulatea humanexpert that providesvarying typesof

annotationsThis approacHocusegheresultson this trade-
off ratherthanthe bestway to elicit annotationsfrom the
expert. At presentwe do not presumethat thereis a data
baseof unannotatedexamplesthat either the expert or the
learnercanaccess— examplesare generatedy the expert
asneeded.

In eachexperimentwe startwith atargettaskmodelanduse
it to simulatetheactiities of adomainexpert,bothto gener

ateunannotatedxamplesandto annotatehem. Segmenta-
tionsandnon-primitive actionnamesarealwaysprovidedby

the simulatedexpert, but we variedwhich otherannotations
wereprovided. After eachexampleis input to the learning
enginewe determindf thegeneralizedaskmodelis equiva-

lentto thetargetmodel.Also, we determindf eachexample
was“useful;’ i.e. if it containedary informationthataltered
the contentsof the datastructuresusedfor inference;other
examplesarelabeled‘useless.



We ran experimentson two target task models. The first
representpart of a sophisticatedool for building graphi-
cal userinterfaces,called the Symbol Editor. The model
was constructedin the processof developing an agentto
assisinovice usersof the SymbolEditor. Themodelcontains
29 recipes,67 recipe steps,36 primitive acts,and 29 non-
primitive acts. A typical examplecontainsover 100 primi-
tive actions.The secondestmodelwasanartificial cooking
world model designedto testthe learningalgorithm. The
modelcontains8 recipes,19 recipesteps,13 primitive acts,
and4 non-primitiveacts.An exampletypically containsabout
10 primitive actions.Both modelshave recursverecipes.

We ranall variationsof possiblecombinationof annotation
types,andreportasubsetn Tablel. In thistable,O indicates
that all orderingannotationsare given, E indicatesthat all
equalityannotationsregiven,andP indicateghatall propa-
gatorsare given (propagatorannotationssubsumeequality
annotations). Optional stepsare only annotatedwhen all
annotationsare given (indicatedby 'All’ in the table). The
reasorfor thisis thatoptionalityis theeasiesaspecto learn
becausdt doesnotinvolve relationshipbetweersteps.The
dataaretheresultsof randomizedsequencesf examples—
100trials for the cookingdomainand20 trials for the Sym-
bol Editor. Also, theaverageandminimumaremeasurean
usefulexamples.

Table 1: The kind of annotationsprovided influencesthe
numberof examplesneededo learntaskmodels.

Anno- Cooking SymbolEditor

tation Avg. | Min. useless | Avg. | Min. Useless
All 53 3 9.9 1.9 1 0.1
OoP 6.5 3| 111| 24 1 0.4
P 7.2 4| 141 3.0 2 0.5
EO 7.2 3| 104 142 3| 470
E 8.1 4| 13.1| 144 3| 46.9
@) 38.3 15 | 404.3| 53.0 37 | 118.7
None | 38.3 15 | 404.2| 53.1 37 | 118.6

Themainsurprises thatproviding equalityannotationgira-
matically reducesthe numberof required examples(from
38.3to 8.1 for cooking). This is encouragingbecauset
seemdikely thatit will be muchlessonerousfor a human
expert to indicatewhen apparentequalitiesin the example
are coincidental,thanto constructall the propagatotinfor-
mationdirectly.

Anotherinterestingesultin Tablelis thatlearningis strongly
influencedby the orderin which examplesare processed.
This is reflectedboth by the minimum number (which is
roughlyhalf theaveragenumber)of usefulexamplesandthe
averagenumberof uselesgxamplegwhichis comparatiely
large). It is possiblea humanwould provide diverse,useful
examplessothatthe numberof examplesequiredn practice
would be closeto the minimumnumberof usefulexamples.

DESIGN FOR A MODEL DEVELOPMENT ENVIRONMENT
This sectionpresentghe designfor our task model devel-
opmentervironment. A novel aspectof the environmentis
supportfor a domain expert to refine pastexamplesas he
or shedevelopsa clearerunderstandingf how to modelthe
domain.Collectively, theseexamplesconstitutea “test suite”
thatthedevelopmenernvironmentmanage orderto verify
that changedo the evolving task modeldo not have unin-
tendedconsequences.

Figure 3 shawvs anidealizedsequencehata userwould fol-
low to developataskmodel. In practice,a modelwould not
be developedin sucha straightforward path. For example,
themodelcanbeinferred,visualized,or manuallyeditedby
theuseratarbitrarypointsduringthe developmentycle.

Defineastartingsetof actions(optional).
Defineexamples.

Generalizahe modelbasedn theexamples.
Visualizetheresultingmodel.

Usethe modelin subjectye testsof quality.
Refineprior examples.

Manually editthetaskmodel.
Runregressiortestswith the collectionof examples.

Figure3: Typical stepsin taskmodeldevelopment

Mostof theprocesslescribedn Figure3 is presentlyachievs-
ablethroughasingleGUI applicationhowever, certainaspects
currentlyrequirea combinationof command-lingorograms
andtext-file editing. Fully integratingthe currentcapabili-
tiesinto a singletool will reducethe burdenfor the domain
expert, and will provide opportunitiesfor providing more
assistance.

Both Collagenandthe modelbuilding tool arewritten in the

Java programminglanguage. This hastwo importantben-

eficial consequencesFirst, it is easyto designthe system
to switchbetweeralternatecomponentge.g.,modelviewers

orlearningengineshy usinginterfacesandJava Beans.Sec-

ond,thetaskmodellanguagdor Collagenis implementedis

a supersebf Java, which permitsvery specificrefinements
of taskmodelsfor any particulardomain.

Therestof this sectionis a “story board”thatillustrateshow

a personmight useour systemto develop a task modelfor

making a meal. As this task is somethingthat occursin

the physicalworld, the userconstructsexamplesby virtu-

ally walking throughthe processof makinga meal— it is

a mentalwalk-through,ratherthan an actualwalk-through.
In contrastfor a computerapplicationwith a graphicaluser
interfacethathasalreadybeenbuilt andimplementeda per

soncouldsimply runtheapplicationandannotateheresult-
ing log. For an applicationthatis being (re-)designedan
expertwould usethe virtual walk-throughprocesgo create
examples.



Define a Starting Set of Actions (Optional) Thefirst step
theusermaytakeis to generataninitial list of primitiveand
non-primitive acts,asshonvnin Figure4.

Non-Primitives: MakeMeal
Primitives: Boil, CookRasta,PrepareSauc&eneDinner
Figure4: Initial working setof actiontypes

This cateyorizationmay changeover time, but helpsto boot-
strapthe process Our systemdoesnot assumehe existence
of a pre-definedhierarchyof actions(i.e., an ontology) for
the domain— determiningthis hierarchyis a major part of
task model development. While definingthe primitivesfor
animplementedsUl applicationrmaybestraightforward,for
actiities in the realworld the processs moredifficult. In
all non-trivial domainsjdentifying the correctsetof abstract
(non-primitive) actionsis challenging.

Define Examples  An exampleis anannotatedist of instan-
tiated actions(action type plus specificvaluesfor parame-
ters)thatconstitutethe achiezementof a goalin thedomain.
The usermay startby constructingan unannotatedlemon-
strationof how to make a meal, asshavn in Figure 5 (for

readingease actionsin the examplesof this sectionarenot

subscripted).

Cet Past a

Boi |

CookPast a

Pr epar eSauce
ServeDi nner

Figure5: Firstexample,unannotated

In Figure 5, the userhasnot specifiedary parametewal-
ues. Also, the exampleincludesan unknavn action type
(Get Past a), so the systemmay eitheraskthe userif the
actionshouldbe addedto the working setasa primitive act
or silently do so,dependingon a settableoption.

Working with this example,the usergroupsrelatedactions
into segments;for eachsegment,the userprovidesa name
that describethe purposeof the sggment. In the minimally

annotatedrersionshownn in Figure6, the elementf a sgy-

mentareidentifiedvisually by thelevel of indentation— the
purposenamefor a segment,which precededts elementsis

surroundeddy braclets. In this case,the userhasgrouped
thefirst threestepsinto Pr epar ePast a. The systemrec-
ognizesthatthis actis not part of the working setand can
askif it shouldbe addedto the non-primitives. In practice,
annotationglon’t have to be addedduring a secondpass—

they canbedoneatthe sametime thatactionsareadded.

Generaliz ethe Model Based on the Examples  After anno-
tating one or more examples,the usercaninvoke the infer-

[MakeM eal]
[PreparePastal
Get Past a
Boi |
CookPast a
Pr epar eSauce
Ser veDi nner

Figure6: Firstexample,minimally annotated

enceengineto generalizethe taskmodelto incorporatethe
examples. Evenif the learningtool hasonly one example
to process(i.e. this exampleis the first one submittedby
theuser),generalizationmay occurif thesamenon-primitive
action-typeappearsnorethanoncein the example.

Theresultof learningfrom the examplein Figure6 is given
in Figure 7. A comparisonwith Figure 1 shows that the
propagatorsare missing from this first versionof the task
model. Barring guidancefrom the domainexpert, the auto-
matedtechniquesiameeachrecipebasedn thetypesof the
requiredstepssortedalphabeticallyof therecipe.Also, step
namesarederivedfrom thetypeof thestep.

nonprimitive act Prepar ePast a
primitive act Get Past a

recipe Boi | _CookPast a_Get Past a achieves Prepar ePast a
steps Boi | boil

CookPast a cookPast a

Cet Past a get Past a

get Past a precedes boi |

boi | precedes cookPast a

Figure7: A portionof thetaskmodelafteroneexample

constraints

An importantissueis how the machinelearningtechniques
will presere manualedits to the task model. This issue
arisesn mary ervironmentsvherea humananda computer
are collaborating— a personwill often want to pin down
somepartsof the problemat handsothatthe computerdoes
not modify themwhenformulationa solution. The learning
techniquesurrentlyallow an expertto pin down someparts
of the system but therearestill someopenissuesregarding
parameter$or non-primitives.

As discussedh the previoussection thelearningtechniques
freethe domainexpertfrom having to specifynon-primitive
parameters. Or, for thosewho are so inclined, an expert
canspecifythenumberandtype of parameter$or eachnon-
primitive. However, mixing thetwo approachesequiresither
heuristicsor dialogswith theexpertor acombinatiorof both.
To seewhy, imaginean expertstatethata non-primitive has
aparametepf type X andthatthelearningengineinfersthe
needfor two slotsof type X. Do eitherof thesegetmapped
to the userspecifiedparameteand,if so,which one?There



are otherambiguoussituationswherethe decisionwhether
or notto re-usea propagatois unclear

Define Additional Examples The expertiteratesthrough
this procesauntil the taskmodelis completeenoughto test
subjectvely. After the userdefineseachadditional exam-
ple, inconsistenciebetweenthe currentmodelandthe new
exampleneedto be worked out. Thereare several waysin
whichtheuserandthesystencouldinteractto resoleincon-
sistenciescurrentlyit is thesoleresponsibilityof thedomain
expert.

As aresultof resolvinginconsistenciegsometimeshemodel
will bechangedndsometimesheexamplewill bechanged.
For example,anactionthatwasoriginally definedasa prim-
itive actionmight appearsa sggmentpurposetype. Some-
times the definition of the action needsto be changedand
sometimesheexpertmakesanerror. Anothercommonsource
of inconsistencies in thenumberandtypeof parameterfor
anaction.

Figure 8 is an exampleof makinglinguini with clam sauce
that might be provided asa secondexampleto the learning
system. In this figure, the userhasaddedmore detail by
decomposingPr epar eSauce andspecifyingparameters.

[MakeMeal]
GoToKi t chen( ki t cheny)
[PrepareSauce]
Boi | (wat er 3)
Cookd ams(cl ansg, wat er 3)
Maked anBauce( cl anssg)
[PreparePasta)
Boi | (wat er 3)
CookPast a(l i ngui ni 11, wat er 3)
Ser veDi nner (ki t cheny)

Figure8: Secondexample,minimally annotated

Whenprocessinghis secondexample,the systemaddsnewn
actsto theworking setof primitives,movesPr epar eSauce
from the primitivesto the non-primitives,andaddsparame-
tersto the definitionsof actionsthatappeaiin this example.
The systemalso determineshat thereare optional stepsin
two differentrecipes(going to the kitchen and getting the
pasta)andthatthe Pr epar ePast a andPr epar eSauce
stepsareunordered Finally, in this example,the waterused
in preparinghesauceandthepastahapperto bethesameso
the systeminfersa setpropagatorshatwill forcethisequal-
ity to alwayshold. Figure9 shavs the outputof learning.

In futureexamplesnew actsmaybe demonstratedOr, addi-
tional recipesto achieve known acts may be showvn (e.g.,
achieving MakeMeal by callingatake-outrestaurant)Also,

additionalorderingswill belearnedor known recipes.Other
exampleswill showv that parametersre not tied to specific
domainliterals; likewise,thewaterusedin preparingasauce
and the water usedin preparingpastaare generallydiffer-

nonprimitive act Prepar ePast a
parameter Water water

primitive act Get Past a

recipe Boi | _CookPast a achieves Pr epar ePast a
steps Boi | boil

CookPast a cookPast a

optional Get Pasta get Pasta

achieves. wat er = cookPast a. wat er

boi | . wat er = cookPast a. wat er

cookPasta.water = waters

cookPast a. pasta = |inguini 11

get Past a precedes boi |

boi | precedes cookPast a

Figure9: A portion of thetaskmodelaftertwo examples

bindings
constraints

ent. Futurework includesinvestigatingmechanismgor the
learning systemto indicate what typesof exampleswould
mostbenefitthelearningprocess.

Visualiz e the Model After the inferencetechniqueshave
generalizedhemodelto accountfor this example theexpert
canreview theresultto seeif it matchesis or herintention.
In futurework, additionalbookkeepingby thelearningtech-
niqueswill enabletheexpertto find outwhatpart(s)of which

example(s)implied various piecesof the model (e.g. step
optionality, orderingandequality constraints).Somepieces
of the modelwill not betied to examples— for example,if

themodelis manuallyedited.

D MakeMeal
@ Recipe: PreparePasta_PrepareSauce_ServeDinner
@ 1) [optional] CaTokitchen
@ 2) PreparePasta
@ Recipe: Boil_CookPasta
1) [optional] GetFasta
@ 2) Boil
@ 3) CookPasta
parameter: Water
parameter: Pasta
@ 2) PrepareSauce
@ Recipe: Boil_CookClams_MakeClamSauce
@ 1) Bail
@ 2) CookClams
parameter: Water
parameter: Clams
@ 3) MakeClamsauce
& 4) Servelinner

Figure10: A graphicalview of partof ataskmodel.

Another feature of our systemis that it supportsmultiple
views of thetaskmodel.In Figurel (andthroughouthis sec-
tion) we saw thetextual representatioof a portion of atask
model. In Figure 10 we seea graphicalview of thedecom-
positionsfor ataskin thetaskmodel,dravn asatree! The
childrenof non-primitive actionsaretherecipesthatachiese
thatact;arecipeexpandgo shav thestepsof thatrecipe;and

170 simplify exposition,somevisualelementsf thetool have beerbeen
suppressedr replacedy text (e.g.“[optional]”).



thechildrenof primitive actsaretheactiontype’sparameters.
The numberingof recipe stepssummarizeghe precedence
relations.Also, parameterghatareconstrainedy themodel
to alwaysbe equal,i.e. thetwo WAt er parametershown,
areindicatedby having the samebackgrounctolor (different
colorsareusedfor eachsetof propagators).

Use the Model in Subjective Tests of Quality Ideally, the
currenttask model can be evaluatedby the domainexpert
by interactingwith a collaboratve agentfor anexisting GUI
application? Basedon this interaction,the expertcaniden-
tify weaknessesr errorsin the model. For example,the
expert can notice whenthe agenterroneouslypropagates
parameteralue (aswould be the casefor the waterusedto
boil clamsand pasta). To improve the quality or accurag
of the model,the expertcancreatenew examplesyefineold
examplesor manuallyeditthemodel.

Refine Prior Examples After usingthe taskmodel(or at
othertimes),thedomainexpertmaywishto refineprior exam-
ples. For example,shaving the learningsystemthat Get -
Past a hasapastaparametewith thesamevalueasCook-
Past a is easilydoneby addingparametewaluesto thefirst
example. Figure 11 shaws such a refinementof the first
example.

[MakeMeal]
[PreparePastal)
Get Pasta(zitia)
Boi | (wat er 12)
CookPasta(ziti 4, wat er 12)
[PrepareSauce]
Ser veDi nner (ki t cheny)

Figure11: Firstexample refinedwith parameters

In Figure 11, Pr epar eSauce is now marked asa place-
holdernon-primitive,i.e. a non-primitive thatis not decom-
posedin this example. Alternately the domainexpertcould
have refinedPr epar eSauce in Figurell.

Manually Edit the Task Model The domainexpert may
wish to manuallyedit the taskmodel, perhapsasa resultof

a subjectve evaluation. For example,using the taskmodel
inferred from the two definedexamplesrevealsthat some
dialogsflow unnaturallybecausér epar ePast a doesnot

have a parametenf type Past a, eventhoughthat parame-
ter is not neededor correctnessln addition, someexperts
maychoosdo replacgheautomaticallygeneratedecipeand
stepnamesor may chooseto take advantageof Collagens

flexible glossing(Englishtext generationjnechanism.

Sincethe taskmodellanguagéor Collagenis a supersebf
Java, actionsandrecipescanincludearbitraryJava code. In
termsof systendesign thismeanghattheremustbesupport

2Evaluationis alwayspossible— Collagencansimulatethe behaior of
acollaboratie agentin theabsenc®f anexisting application.

for expertsto manuallyaddJava codeto thetaskmodelwhen
needed.

Regression Testing As taskmodelsbecomecomple, it
is easyto make changeshathave unexpectedconsequences.
Our currentimplementationincorporatesa rigoroustesting
facility to identify whenchangeso thetaskmodelinfluences
theanalysisof storedexamples.Regressiortestingis notas
usefulin theearlystagesof modeldevelopmentwhenaction
andrecipedefinitionsareundegoingrapidchange.

As the modelis developedandrefined,older examplesmay
becomebsolete Change#n thenumberandtypesof param-
etersfor an action,for example,may causean early exam-
ple to nolongerbe consistentvith the currentversionof the
taskmodel. Likewise,asactionsareaddedanddeleted.and
potentially reclassifiedas primitives or non-primitives, ear
lier examplesmayno longerbevalid. An importantconsid-
erationfor the developmentervironmentis how to alertthe
userthattheseexamplesexistandhow to provideanexplana-
tion of why the exampleis no longerusable.In somecases,
the usermay chooseto disregardan early examplewhile at
othertimeshe or shemay chooseto updatean earlierexam-
ple sothatit cancontinueto be usedin regressiortesting.

RELATED RESEARCH

Tecuciet al. [19] presentechniquegor acquiringlargenum-
bersof hierarchicalf-thentaskreductiorrulesthroughdemon-
stration by and discussionwith a humanexpert. In their
systemthe expertprovidesa problem-solvingepisodefrom
which the systeminfers aninitial taskreductionrule, which
is thenrefinedthroughaniterative processn whichthehuman
expert critiques attemptsby the systemto solve problems
usingthisrule. Tecuciet al. donotspecificallyaddres®ither
theissueof building a modelin theabsencef a pre-defined
ontology or the notion of regressiontestingto ensurethat
modelupdategresere correctness.

Gil andMelz [6] andKim and Gil [8] have reportedon a
wide rangeof issuesrelatedto building knowledgeacquisi-
tiontoolsfor developingdatabasesf problem-solvingknowl-
edge. In contrastto our approachof inferring task models
from annotatedxamples,they have focusedon developing
tools and scriptsto assistpeoplein editing and elaborating
taskmodels,ncludingtechniquegor detectingedundancies
andinconsistencies theknowledgebase aswell asmaking
suggestionso usersaboutwhatknowledgeto addnext.

Paterrb [15, 16] presents graphicaltool for eliciting hierar

chicaltaskmodelsrepresentedsConcuraskTreespf coop-
eratve actvities. This tool providessupportfor corverting
informal scenariosnto formal descriptionsandthenverify-

ing the consisteng of a ConcurbskTeewith saved scenar
ios. In additionto somekey differencesn representatiofan-
guage(suchasalternatedecompositiongor abstractactions
andtheability to enforcearbitraryconstraintamongparam-
eters) thistool doesnot supportinference.



Otherresearcteffortshaveaddressedspectof thetaskmodel
leamning problemnot addressedh this paper Bauer[2, 3]
presentsechniquedor acquiringnon-hierarchicalaskmod-
elsfrom unannotate@xampledor the purposeof planrecog-
nition (i.e., inferring a persons intentionsfrom heractions).
OBSER/ER [21] automaticallylearnsthe preconditionsand
effectsof planningoperatorsfrom unannotatedxpert solu-
tion tracesand then refinesthe operatorsthroughpractice.
In arelatedapproachyanLentandLaird [20] presentech-
niguesto learnthe preconditionsand goal conditionsfor a
hierarchyof operatordencodedasspecializedsoarproduc-
tion rules)givenexpert-annotategerformancdraces.

Angros Jr. [1] presentgtechniquesthat learn recipesthat
containcausallinks, to be usedfor the intelligent tutoring
systemsthroughboth demonstratiorandautomatedexperi-
mentationn asimulatedernvironment.MasuiandNakayama
[14] investigatdearningmacrosrom obsenationof or inter-
actionwith a computeruserin orderto assistthe userwith
tasksthat occurfrequentlyor areinherentlyrepetitve. Lau
et al. [9], in oneof the few formal approacheso learning
macrosusesaversionspacealgebrao learnrepetitve tasks
in atext-editingdomain.

CONCLUSION
Thispapempresentednapproachwhichisimplementedn a
developmentervironment,for constructingand maintaining
a hierarchicaltaskmodelfrom a setof annotatedexamples
provided by a domainexpert. The key piecesof the system
are a machinelearninginferenceengineand a facility for
conductingregressiontestingin orderto verify the consis-
teng of ataskmodelwith previously definedexamples.As
ageneralradeof, thedomainexpertcaneitherprovide min-
imal annotationsaboutmary examplesor more exhaustve
annotation@boutfewer examples.

Futurework for this projectfall into two broadcategories:
extensiongto the inferenceengineandimprovementsn the
usabilityof thedevelopmentnvironment.Onearedfor future
work thatfallsinto both cateyoriesis to developconstructive
critics, i.e. algorithmsthatproposepossibleannotationsand
includea facility for usersto easilymanagehe advicepro-
vided by them. For example,one constructve critic might
analyzepastusagelogs (or annotatedexamples)to suggest
the sggmentelementghat shouldbe marked optionalin an
as-yetunannotatedxample. The usershould be able to:
1) review suchsuggestiongtary time, 2) easilyunderstand
them,and3) easilyaccepmnone,someor all of thethem.
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