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Abstract
Task modelsare usedin many areasof computerscience
includingplanning,intelligenttutoring,planrecognition,inter-
facedesign,anddecisiontheory. However, developingtask
modelsis asignificantpracticalchallenge.Wepresenta task
modeldevelopmentenvironmentcenteredarounda machine
learningenginethat infers task modelsfrom examples. A
novelaspectof theenvironmentissupportfor adomainexpert
to refinepastexamplesasheor shedevelopsaclearerunder-
standingof how to model the domain. Collectively, these
examplesconstitutea “test suite” thatthedevelopmentenvi-
ronmentmanagesin orderto verify thatchangesto theevolv-
ing taskmodeldonot haveunintendedconsequences.
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INTRODUCTION
Many fieldsof computerscience— planning,intelligenttutor-
ing,planrecognition,interfacedesign,anddecisiontheoryto
namea few — get a lot of leveragefrom applyinggeneral-
purposealgorithmsto domain-specifictask models. This
approachgivesrise to the notoriousknowledge acquisition
bottleneck: developinganaccuratedomainmodelis asignif-
icantengineeringobstacle.In this paper, wepresenta devel-
opmentenvironmentthat can easethe task model acquisi-
tion process.The environmentcombinesdirect modeledit-
ing, machinelearningbaseduponannotatedexamples,and
modelverificationthroughregressiontesting. The learning
techniquesandmostof the othermajor componentsof this
environmentarein place;however, thegraphicalfront-endis
still underdevelopment.

In this work, theproblemof developingtaskmodelsis con-
sideredin the context of the Collagen[18, 17] system. In
Collagen,a collaborative interfaceagentengagesin dialogs
with auserto jointly achievetasks.Collagenis animplemen-
tationof theSharedPlantheoryof collaborativediscourse[7],
in which the agent’s behavior is driven by general-purpose
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algorithmsfor discourseinterpretation[13], planrecognition
[10], andactionselection[11]. In orderto apply thesealgo-
rithms in a given domainrequiresconstructingan explicit,
declarativemodelof theunderlyingtaskstructure.

SinceCollagentaskmodelsarehierarchical,adomainexpert
mustdecidehow to dividetasksintosubtasks,whichinvolves
choosingthebestabstractionsto representintermediategoals.
Thechoiceof intermediategoalsis especiallyimportantfor
collaborative agentsbecausethe agentmustbe ableto dis-
cusshow to accomplishtasksin a way thatis intuitive to the
user. Determiningan appropriatesetof intermediategoals
(aswell asthenumberandtypeof parametersfor each)can
beextremelydifficult for adomainexpert.

Our approachto acquiringtaskmodelsis basedon thecon-
jecturethat it is ofteneasierfor peopleto generateanddis-
cussexamples of how to accomplishtasksthanit is to deal
directlywith taskmodelabstractions.In asense,wedesigned
a kind of programmingby demonstration[4, 12] systemin
which a domainexpertperformsa taskby executingactions
andthenreviewsandannotatesa log of theactions.

In prior research,wedevelopedmachinelearningtechniques
that infer hierarchicaltask modelsfrom a set of partially-
annotatedexamplesof task-solvingbehavior [5]. As a gen-
eraltradeoff, anexpertcanprovideminimalannotationsabout
many examplesor moreexhaustive annotationsaboutfewer
examples.Also, aswill bediscussedbelow, certaintypesof
annotationsaremorevaluableto thelearningengine.

We have integratedthesemachinelearningtechniquesinto a
developmentenvironmentthatprovidescomprehensivesup-
portfor expertsto generatetaskmodels.Thisinvolvesremov-
ing or refiningpastexamplesaswell asdefiningnew exam-
ples. In addition to learningfrom the collection of exam-
ples,thesystemcanusethemfor regressiontestingto verify
the behavior of the modelthroughoutthe developmentpro-
cess.This techniquedetectsmorepotentialerrorsthansim-
ply checkingtheinternalconsistency of amodel.

Thedesignpresentedin thispaperreflectsthecollectiveexpe-
rienceof the Collagenresearchgroupover the pastseveral
years“manually”developingtaskmodels.Typically, amodel
is constructedthroughan incrementaldevelopmentprocess,
which is describedin thefollowing two paragraphs.



Initial versionsof a task model are inferred from a small
number� of examplesthat show the mostcommonsolutions
to key domaintasks.Both the modelandthe examplesfre-
quentlyundergosubstantialrevisionsduringthisearlystage.
Next, themodelwill begeneralizedtocoveradditionalexam-
plesthatdemonstratesolutionsinvolving, for example,alter-
nateorderingsfor actions,optionalbehavior, oralternatetask
decompositions.Occasionally, definingadditionalexamples
will spur the expert to re-conceptualizethe entire domain,
necessitatingreworkingmany previousexamples.

As the developmentprocessnearscompletion,thereis less
andlessbenefitto providing new examples. It is generally
fasterand easierto directly edit the model. Also, learned
models,evenwhenaccurate,mayneedto betweakedby the
expertfor otherreasons.For example,asdiscussedin [5], the
organizationof a completeandaccuratetaskmodelmaybe
inappropriatefor acollaborativeagent.It is at thisfinal stage
of developmentthat the ability to easilyverify the behavior
of themodelusingthecollectionof pastexamplesis critical.

Thenext sectionof thepaperdescribeshow taskmodelsare
inferredfrom theannotatedexamplesof theexpert;we also
provideempiricalresultsbasedonourimplementationof this
learning module. The third sectionof the paperpresents
thedesignof themodelbuilding environmentin detail. The
paperconcludeswith a discussionof relatedresearch.

MACHINE LEARNING FROM EXAMPLES
Within the taskmodeldevelopmentenvironment,thereis a
divisionof laborbetweentheuserandthecomputer:theuser
providesannotatedexamplessothatthelearningsystemcan
generalizethetaskmodelunderdevelopment.

This sectiondescribeshow a domainexpert partially anno-
tatesexamples. We describethe task model languagefirst
andthenthedifferenttypesof partialannotations.Empirical
resultsareincludedthat quantifyhow the differenttypesof
annotationsinfluencethenumberof examplesthatneedto be
providedby thedomainexpert.

A taskmodel is composedof actionsandrecipes. Actions
areeitherprimitive actions,which canbeexecuteddirectly,
or non-primitiveactions(alsocalled“intermediategoals”or
“abstractactions”),which areachievedindirectly by achiev-
ing otheractions.Eachactionhasa type;eachactiontypeis
associatedwith asetof parameters.Actionsdo notcurrently
includeanexplicit representationfor preconditionsandeffects.

Recipesaremethodsfor decomposingnon-primitiveactions.
Each recipe specifiesa set of stepsthat are performedto
achieve thenon-primitiveactionthat is thecollective objec-
tive of thesteps.All stepsareassumedto berequiredunless
they arelabelledasoptional.Theremaybeseveraldifferent
recipesfor achieving a singlenon-primitiveaction.

A recipealsocontainsconstraintsthatimposepartialtempo-
ral orderingson its steps,aswell asvariouslogical relations

amongtheir parameters.For thepurposesof this paper, the
only logical relationswe will considerareequalities.Equal-
ities betweena parameterof a stepanda parameterof the
objectiveof therecipearecalledbindings,but areotherwise
indistinguishablefromconstraints.Parametersandstepshave
a nameaswell asa type in orderto allow for unambiguous
references(in bindingsandconstraints)to multiple stepsof
thesametype.

Figure1containssamplesof thisrepresentationfor acooking
domainthatwill beusedthroughoutthis paperasa running
example. This domainwaschosenover alternateCollagen
taskmodelsbecauseit is intuitiveandcanbeeasilyvariedin
orderto conductempiricalstudies.A taskmodelin theform
of Figure1 is thedesiredoutputof learning.

nonprimitive act PreparePasta
parameter Pasta pasta

primitive act GetPasta
parameter Pasta pasta

recipe PastaRecipe achieves PreparePasta
steps Boil boil

CookPasta cook
optional GetPasta get

bindings achieves.pasta = cook.pasta
constraints get.pasta = cook.pasta

boil.water = cook.water
boil precedes cook
get precedes cook

Figure1: Collagenrepresentationsfrom a cookingdomain
(keywordsarein bold).

Annotation Langua ge
Informally, the input to the learningalgorithmis a seriesof
demonstrations;eachoneexplicitly shows onecorrectway
to performa taskand,via annotations,indicatesothersimi-
lar waysthatarealsocorrect. For example,if thesequence� �����	��
��

is correctand
�

is annotatedas optional, then we
know

� ���
��
is alsoa correctexample. We canalsogeneral-

izefrom theannotatedexamplesbasedonassumptionsabout
thetargetmodelto belearned.For example,if thelearneris
told

� ����	��
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and

� 
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arebothcorrectandthetargetmodel

representspartialorderingconstraintson pairsof actions,all
orderingsof
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,
�
, and



mustbecorrect.

Moreprecisely, eachinput to thelearningengineis ananno-
tatedexample � , where � is a five-tuple: ���� ��������������	 !�#"$�%  !�	&(' � & � ')� %  �	* % �#",+ :
�� is the temporallyorderedlist of actions

� �.-	�0/1/1/1�2��3	�
that

constitutethe unannotatedexampledemonstratedby the
expert. In mostcases,each

�4
will be a primitive action;

however,
� 4

couldalsobeanintermediategoal.Theseman-
tics of the latter caseis that

� 4
is beingusedasa place-

holderin lieu of fleshingout theexampleto includea seg-
mentthatachieves

� 4
.



�
isasegment,whichis apair �,56�17#89�  .��:�;6� � , � 5 -	�0/1/0/�� 56< �=+ .

Each> 5 4 , calleda segment element or elementfor short,is
eitheranactionor a segment.Groupingelementstogether
meansthatthey collectively achievea non-primitiveactof
type 56�07?89�  .��:@;	� � .���)�����	 !�#"

is apartialmappingfrom elementsto booleanval-
ues. If the mappingis definedand is true, the expert is
specifyingthat removing that segmentelementfrom the
examplewould constituteanothercorrectexample from
thedomain.%  !�	&	' � & � ' is a partial mappingfrom pairsof elementsin
the samesegment to booleanvalues. If the mappingis
definedandis true,theexpert is specifyingthatswitching
theorderof appearanceof thepairof elementswouldcon-
stituteanothercorrectexamplefrom thedomain.%  �6* % �#" is a partial mappingfrom pairsof actionparame-
ters to booleanvalues. If the mappingis definedand is
true, the expert is specifying that anothercorrectexam-
ple with the samesegmentationexists whereinthesetwo
parametersdonothavethesamevalue.Thismappingdoes
not convey informationaboutinequalityrelations;i.e. this
mappingcannotindicatethat two parametersmustnever
have thesamevalue.

Figure2 containsanexampleof how this formal notationis
usedto defineanannotatedexamplein thecookingdomain.
Eachactionis subscriptedso that different instancesof the
sameact typecanbe distinguished.The argumentsof each
primitiveactionarespecificdomainitems.

ABDC [ Boil E (water F ), GetPasta G (spaghetti H ),
CookPasta I (spaghetti H ,water F ), Boil H (water F ),
MakeSauce J (marinara K ), ServeDinner L (kitchen J ) ]M

= N MakeMeal F ,[N PreparePasta K ,[Boil E ,GetPasta G ,CookPasta I ] ON PrepareSauce P ,[Boil H ,MakeSauce J ] O
ServeDinner L ] O

Q�R(SUTUQ�V?W0XUY GetPasta G�Z C[SU\�]^BQ�R(SUTUQ�V?W0XUY ServeDinner L�Z C[_�W1Xa`�B]�V#Q�\�b1B$\�B�b	Y PreparePasta K ,PrepareSauce P�Z C[SU\�]^B]�V#Q�\�b1B$\�B�b	Y Boil E ,CookPasta I�Z Cc_(W0Xa`�B]�V#B�d�]�W0XUY Boil E .water,Boil H .water Z C[SU\�]�B]�V#B�d�]�W0XUY GetPasta G .pasta,CookPasta I .pasta Z C9_(W1Xe`$B
Figure2: Sampleannotatedexample,in formal notation.

Figure2 definesonetop-level segmentof typeMakeMeal,
which is composedof two sub-segments(PreparePasta,
PrepareSauce) andaprimitiveaction(ServeDinner).
The partial mappingsat the bottom of the figure indicate
thatGetPasta is optionalandServeDinner is required.
Also, the stepsof type PreparePasta andPrepare-
Sauce mayappearin any orderin general,while theBoil
stepof PreparePasta mustalways precedethe Cook-
Pasta step.Finally, theannotationsindicatethat thecom-

monwaterparametervaluefor Boil
-

andBoil f is a coin-
cidence,but thatthepastaparameterof GetPasta andCook-
Pasta will alwaysbethesame.

A graphicalinterface,which is partof thedevelopmentenvi-
ronment,allowsexpertstoannotatethisinformationin amore
intuitive way, such as by marking certain nodesin a tree
visualization.However, it shouldbeclearfrom this partially
annotatedexamplethat fully annotatingexampleswould be
quiteburdensomeregardlessof theinterface.

It is temptingto draw conclusionsfrom the absenceof cer-
tain annotations.For example,in Figure2, many stepsare
not marked as optional. While one might interpret this to
meanthat the unmarkedstepsarerequired,it might just be
thecasethattheexpert is not sureif thosestepsarerequired
or optional. To handlesuchcases,the learningtechniques
distinguishbetweenpositiveevidence(e.g.,annotatingthata
stepis required)andthe lack of negative evidence(e.g.,the
stepappearsin all definedexamplesinvolving this recipe).

A key featureof our learningalgorithmis thatit infersbind-
ings, constraints,and parametersof non-primitive actions,
which we will refer to collectively aspropagators. Therole
of propagatorsis to enforceequalityrelationshipsamongthe
parametervaluesof primitiveactions.For example,in a task
modelfor cookingspaghettimarinara,thecookedpastamust
bethesamepastato which themarinarasauceis lateradded.
In contrast,differentknivescanbeusedto cut,say, thetoma-
toesandthe mushrooms.Theseequalityrelationscrossthe
boundariesof many actionsandrecipes,i.e. they arenotlocal
to any particularrecipe.

Empirical Results
Someexperimentswererun to betterunderstandthetradeoff
betweenhow muchinformationthe expert providesin each
exampleandhow many examplesmustbeprovidedto learn
anaccuratemodelof thedomain.For testingpurposesonly,
we simulatea humanexpert that providesvarying typesof
annotations.This approachfocusestheresultson this trade-
off rather than the bestway to elicit annotationsfrom the
expert. At present,we do not presumethat thereis a data
baseof unannotatedexamplesthat either the expert or the
learnercanaccess— examplesaregeneratedby the expert
asneeded.

In eachexperiment,westartwith a targettaskmodelanduse
it to simulatetheactivitiesof adomainexpert,bothto gener-
ateunannotatedexamplesandto annotatethem. Segmenta-
tionsandnon-primitiveactionnamesarealwaysprovidedby
thesimulatedexpert,but we variedwhich otherannotations
wereprovided. After eachexampleis input to the learning
engine,wedetermineif thegeneralizedtaskmodelis equiva-
lent to thetargetmodel.Also, we determineif eachexample
was“useful,” i.e. if it containedany informationthataltered
the contentsof the datastructuresusedfor inference;other
examplesarelabeled“useless.”



We ran experimentson two target task models. The first
representsg part of a sophisticatedtool for building graphi-
cal user interfaces,called the Symbol Editor. The model
was constructedin the processof developing an agentto
assistnoviceusersof theSymbolEditor. Themodelcontains
29 recipes,67 recipesteps,36 primitive acts,and29 non-
primitive acts. A typical examplecontainsover 100 primi-
tiveactions.Thesecondtestmodelwasanartificial cooking
world model designedto test the learningalgorithm. The
modelcontains8 recipes,19 recipesteps,13 primitive acts,
and4non-primitiveacts.An exampletypicallycontainsabout
10 primitiveactions.Both modelshave recursiverecipes.

We ranall variationsof possiblecombinationsof annotation
types,andreportasubsetin Table1. In thistable,O indicates
that all orderingannotationsare given, E indicatesthat all
equalityannotationsaregiven,andPindicatesthatall propa-
gatorsare given (propagatorannotationssubsumeequality
annotations). Optional stepsare only annotatedwhen all
annotationsaregiven (indicatedby ’All’ in the table). The
reasonfor this is thatoptionalityis theeasiestaspectto learn
becauseit doesnot involve relationshipsbetweensteps.The
dataaretheresultsof randomizedsequencesof examples—
100trials for thecookingdomainand20 trials for theSym-
bol Editor. Also, theaverageandminimumaremeasuredon
usefulexamples.

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

Anno- Cooking SymbolEditor
tation Avg. Min. Useless Avg. Min. Useless

All 5.3 3 9.9 1.9 1 0.1
OP 6.5 3 11.1 2.4 1 0.4
P 7.2 4 14.1 3.0 2 0.5
EO 7.2 3 10.4 14.2 3 47.0
E 8.1 4 13.1 14.4 3 46.9
O 38.3 15 404.3 53.0 37 118.7
None 38.3 15 404.2 53.1 37 118.6

Themainsurpriseis thatproviding equalityannotationsdra-
matically reducesthe numberof requiredexamples(from
38.3 to 8.1 for cooking). This is encouragingbecauseit
seemslikely that it will be muchlessonerousfor a human
expert to indicatewhen apparentequalitiesin the example
arecoincidental,than to constructall the propagatorinfor-
mationdirectly.

Anotherinterestingresultin Table1 is thatlearningis strongly
influencedby the order in which examplesare processed.
This is reflectedboth by the minimum number(which is
roughlyhalf theaveragenumber)of usefulexamplesandthe
averagenumberof uselessexamples(whichis comparatively
large). It is possiblea humanwould provide diverse,useful
examplessothatthenumberof examplesrequiredin practice
wouldbecloseto theminimumnumberof usefulexamples.

DESIGN FOR A MODEL DEVELOPMENT ENVIRONMENT
This sectionpresentsthe designfor our task model devel-
opmentenvironment. A novel aspectof the environmentis
supportfor a domainexpert to refine pastexamplesas he
or shedevelopsa clearerunderstandingof how to modelthe
domain.Collectively, theseexamplesconstitutea“testsuite”
thatthedevelopmentenvironmentmanagesin orderto verify
that changesto the evolving task modeldo not have unin-
tendedconsequences.

Figure3 shows anidealizedsequencethata userwould fol-
low to developa taskmodel. In practice,a modelwould not
be developedin sucha straightforward path. For example,
themodelcanbeinferred,visualized,or manuallyeditedby
theuserat arbitrarypointsduringthedevelopmentcycle.

h Definea startingsetof actions(optional).h Defineexamples.h Generalizethemodelbasedon theexamples.h Visualizetheresultingmodel.h Usethemodelin subjective testsof quality.h Refineprior examples.h Manuallyedit thetaskmodel.h Runregressiontestswith thecollectionof examples.

Figure3: Typical stepsin taskmodeldevelopment

Mostof theprocessdescribedin Figure3 is presentlyachiev-
ablethroughasingleGUI application;however, certainaspects
currentlyrequirea combinationof command-lineprograms
andtext-file editing. Fully integratingthe currentcapabili-
ties into a singletool will reducetheburdenfor thedomain
expert, and will provide opportunitiesfor providing more
assistance.

BothCollagenandthemodelbuilding tool arewritten in the
Java programminglanguage.This hastwo importantben-
eficial consequences.First, it is easyto designthe system
to switchbetweenalternatecomponents(e.g.,modelviewers
or learningengines)by usinginterfacesandJavaBeans.Sec-
ond,thetaskmodellanguagefor Collagenis implementedas
a supersetof Java, which permitsvery specificrefinements
of taskmodelsfor any particulardomain.

Therestof this sectionis a “story board”thatillustrateshow
a personmight useour systemto develop a taskmodel for
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,ratherthanan actualwalk-through.
In contrast,for a computerapplicationwith a graphicaluser
interfacethathasalreadybeenbuilt andimplemented,a per-
soncouldsimply runtheapplication,andannotatetheresult-
ing log. For an applicationthat is being (re-)designed,an
expertwould usethe virtual walk-throughprocessto create
examples.



Define a Star ting Set of Actions (Optional) Thefirst step
theuseri maytakeis to generateaninitial list of primitiveand
non-primitiveacts,asshown in Figure4.

Non-Primitives:MakeMeal

Primitives:Boil, CookPasta,PrepareSauce,ServeDinner

Figure4: Initial working setof actiontypes

Thiscategorizationmaychangeover time,but helpsto boot-
straptheprocess.Our systemdoesnot assumetheexistence
of a pre-definedhierarchyof actions(i.e., an ontology) for
the domain— determiningthis hierarchyis a majorpart of
taskmodeldevelopment.While definingthe primitivesfor
animplementedGUI applicationmaybestraightforward,for
activities in the real world the processis moredifficult. In
all non-trivial domains,identifying thecorrectsetof abstract
(non-primitive)actionsis challenging.

Define Examples An exampleisanannotatedlist of instan-
tiated actions(action type plus specificvaluesfor parame-
ters)thatconstitutetheachievementof a goalin thedomain.
The usermay startby constructingan unannotateddemon-
strationof how to make a meal,asshown in Figure 5 (for
readingease,actionsin theexamplesof this sectionarenot
subscripted).

GetPasta
Boil
CookPasta
PrepareSauce
ServeDinner

Figure5: First example,unannotated

In Figure 5, the userhasnot specifiedany parameterval-
ues. Also, the example includesan unknown action type
(GetPasta), so the systemmay eitherask the userif the
actionshouldbeaddedto theworking setasa primitive act
or silentlydo so,dependingon asettableoption.

Working with this example,the usergroupsrelatedactions
into segments;for eachsegment,the userprovidesa name
that describethe purposeof the segment. In the minimally
annotatedversionshown in Figure6, theelementsof a seg-
mentareidentifiedvisuallyby thelevel of indentation— the
purposenamefor a segment,which precedesits elements,is
surroundedby brackets. In this case,the userhasgrouped
thefirst threestepsinto PreparePasta. Thesystemrec-
ognizesthat this act is not part of the working setandcan
askif it shouldbe addedto the non-primitives. In practice,
annotationsdon’t have to beaddedduringa secondpass—
they canbedoneat thesametime thatactionsareadded.

Generaliz e the Model Based on the Examples After anno-
tating oneor moreexamples,the usercaninvoke the infer-

� jk�ml � j � �?"=�� no& � ���?& � np� 5 �q�^�
GetPasta
Boil
CookPasta

PrepareSauce
ServeDinner

Figure6: First example,minimally annotated

enceengineto generalizethe taskmodel to incorporatethe
examples. Even if the learningtool hasonly oneexample
to process(i.e. this exampleis the first one submittedby
theuser),generalizationmayoccurif thesamenon-primitive
action-typeappearsmorethanoncein theexample.

Theresultof learningfrom theexamplein Figure6 is given
in Figure 7. A comparisonwith Figure 1 shows that the
propagatorsare missing from this first versionof the task
model. Barringguidancefrom thedomainexpert, theauto-
matedtechniquesnameeachrecipebasedon thetypesof the
requiredsteps,sortedalphabetically, of therecipe.Also, step
namesarederivedfrom thetypeof thestep.

nonprimitive act PreparePasta

primitive act GetPasta

recipe Boil_CookPasta_GetPasta achieves PreparePasta
steps Boil boil

CookPasta cookPasta
GetPasta getPasta

constraints getPasta precedes boil
boil precedes cookPasta

Figure7: A portionof thetaskmodelafteroneexample

An importantissueis how the machinelearningtechniques
will preserve manualedits to the task model. This issue
arisesin many environmentswhereahumanandacomputer
are collaborating— a personwill often want to pin down
somepartsof theproblemat handsothatthecomputerdoes
not modify themwhenformulationa solution. The learning
techniquescurrentlyallow anexpertto pin down someparts
of thesystem,but therearestill someopenissuesregarding
parametersfor non-primitives.

As discussedin theprevioussection,thelearningtechniques
freethedomainexpert from having to specifynon-primitive
parameters.Or, for thosewho are so inclined, an expert
canspecifythenumberandtypeof parametersfor eachnon-
primitive.However, mixing thetwo approachesrequireseither
heuristicsor dialogswith theexpertor acombinationof both.
To seewhy, imagineanexpertstatethata non-primitivehas
a parameterof typeX andthatthelearningengineinfersthe
needfor two slotsof typeX. Do eitherof thesegetmapped
to theuser-specifiedparameterand,if so,which one?There



areotherambiguoussituationswherethe decisionwhether
or notr to re-useapropagatoris unclear.

Define Additional Examples The expert iteratesthrough
this processuntil the taskmodel is completeenoughto test
subjectively. After the userdefineseachadditionalexam-
ple, inconsistenciesbetweenthe currentmodelandthe new
exampleneedto be worked out. Thereareseveral waysin
whichtheuserandthesystemcouldinteractto resolveincon-
sistencies;currentlyit is thesoleresponsibilityof thedomain
expert.

Asaresultof resolvinginconsistencies,sometimesthemodel
will bechangedandsometimestheexamplewill bechanged.
For example,anactionthatwasoriginally definedasaprim-
itive actionmight appearasa segmentpurposetype. Some-
times the definition of the action needsto be changedand
sometimestheexpertmakesanerror. Anothercommonsource
of inconsistenciesis in thenumberandtypeof parametersfor
anaction.

Figure8 is an exampleof makinglinguini with clam sauce
that might be providedasa secondexampleto the learning
system. In this figure, the userhasaddedmore detail by
decomposingPrepareSauce andspecifyingparameters.

s tvu�w�x1tyx�u�za{
GoToKitchen(kitchen G )s |~}0xq�?u�}0x1��u��?��x�{

Boil(water I )
CookClams(clams P ,water I )
MakeClamSauce(clams P )s |~}0xq�?u�}0x�|~u^���,u({
Boil(water I )
CookPasta(linguini E�E ,water I )

ServeDinner(kitchen G )
Figure8: Secondexample,minimally annotated

Whenprocessingthis secondexample,thesystemaddsnew
actsto theworkingsetof primitives,movesPrepareSauce
from theprimitivesto thenon-primitives,andaddsparame-
tersto thedefinitionsof actionsthatappearin this example.
The systemalsodeterminesthat thereareoptionalstepsin
two different recipes(going to the kitchen and getting the
pasta)andthat thePreparePasta andPrepareSauce
stepsareunordered.Finally, in this example,thewaterused
in preparingthesauceandthepastahappento bethesameso
thesysteminfersa setpropagatorsthatwill forcethis equal-
ity to alwayshold. Figure9 shows theoutputof learning.

In futureexamples,new actsmaybedemonstrated.Or, addi-
tional recipesto achieve known acts may be shown (e.g.,
achievingMakeMeal bycallingatake-outrestaurant).Also,
additionalorderingswill belearnedfor knownrecipes.Other
exampleswill show that parametersarenot tied to specific
domainliterals;likewise,thewaterusedin preparingasauce
and the water usedin preparingpastaare generallydiffer-

nonprimitive act PreparePasta
parameter Water water

primitive act GetPasta

recipe Boil_CookPasta achieves PreparePasta
steps Boil boil

CookPasta cookPasta
optional GetPasta getPasta

bindings achieves.water = cookPasta.water
constraints boil.water = cookPasta.water

cookPasta.water = water I
cookPasta.pasta = linguini E�E
getPasta precedes boil
boil precedes cookPasta

Figure9: A portionof thetaskmodelaftertwo examples

ent. Futurework includesinvestigatingmechanismsfor the
learningsystemto indicatewhat typesof exampleswould
mostbenefitthelearningprocess.

Visualiz e the Model After the inferencetechniqueshave
generalizedthemodelto accountfor thisexample,theexpert
canreview theresultto seeif it matcheshis or herintention.
In futurework, additionalbookkeepingby thelearningtech-
niqueswill enabletheexpertto find outwhatpart(s)of which
example(s)implied variouspiecesof the model (e.g. step
optionality, orderingandequalityconstraints).Somepieces
of themodelwill not betied to examples— for example,if
themodelis manuallyedited.

Figure10: A graphicalview of partof a taskmodel.

Another featureof our systemis that it supportsmultiple
viewsof thetaskmodel.In Figure1 (andthroughoutthissec-
tion) we saw thetextual representationof a portionof a task
model. In Figure10 we seea graphicalview of thedecom-
positionsfor a taskin thetaskmodel,drawn asa tree.

-
The

childrenof non-primitiveactionsaretherecipesthatachieve
thatact;arecipeexpandsto show thestepsof thatrecipe;andE To simplify exposition,somevisualelementsof thetool havebeenbeen
suppressedor replacedby text (e.g.“[optional]”).



thechildrenof primitiveactsaretheactiontype’sparameters.
The numberingof recipestepssummarizesthe precedence
relations.Also, parametersthatareconstrainedby themodel
to alwaysbe equal,i.e. the two Water parametersshown,
areindicatedby having thesamebackgroundcolor(different
colorsareusedfor eachsetof propagators).

Use the Model in Subjective Tests of Quality Ideally, the
current task model can be evaluatedby the domainexpert
by interactingwith a collaborativeagentfor anexisting GUI
application.� Basedon this interaction,theexpertcaniden-
tify weaknessesor errors in the model. For example, the
expert cannoticewhen the agenterroneouslypropagatesa
parametervalue(aswould be thecasefor thewaterusedto
boil clamsandpasta). To improve the quality or accuracy
of themodel,theexpertcancreatenew examples,refineold
examples,or manuallyedit themodel.

Refine Prior Examples After usingthe taskmodel(or at
othertimes),thedomainexpertmaywishto refinepriorexam-
ples. For example,showing the learningsystemthatGet-
Pasta hasapastaparameterwith thesamevalueasCook-
Pasta is easilydoneby addingparametervaluesto thefirst
example. Figure 11 shows such a refinementof the first
example.

s tvu�w�x1tyx�u�za{s |~}0xq�?u�}0x�|~u^���,u({
GetPasta(ziti H )
Boil(water E�G )
CookPasta(ziti H ,water E�G )s |~}0xq�?u�}0x1��u��?��x�{

ServeDinner(kitchen E )
Figure11: First example,refinedwith parameters

In Figure11, PrepareSauce is now marked asa place-
holdernon-primitive, i.e. a non-primitive that is not decom-
posedin this example.Alternately, thedomainexpertcould
haverefinedPrepareSauce in Figure11.

Manuall y Edit the Task Model The domainexpert may
wish to manuallyedit the taskmodel,perhapsasa resultof
a subjective evaluation. For example,usingthe taskmodel
inferred from the two definedexamplesrevealsthat some
dialogsflow unnaturallybecausePreparePasta doesnot
have a parameterof typePasta, eventhoughthatparame-
ter is not neededfor correctness.In addition,someexperts
maychooseto replacetheautomaticallygeneratedrecipeand
stepnames,or may chooseto take advantageof Collagen’s
flexible glossing(Englishtext generation)mechanism.

Sincethe taskmodellanguagefor Collagenis a supersetof
Java, actionsandrecipescanincludearbitraryJava code.In
termsof systemdesign,thismeansthattheremustbesupport

G Evaluationis alwayspossible— Collagencansimulatethebehavior of
acollaborative agentin theabsenceof anexisting application.

for expertsto manuallyaddJavacodeto thetaskmodelwhen
needed.

Regression Testing As taskmodelsbecomecomplex, it
is easyto makechangesthathaveunexpectedconsequences.
Our currentimplementationincorporatesa rigoroustesting
facility to identify whenchangesto thetaskmodelinfluences
theanalysisof storedexamples.Regressiontestingis not as
usefulin theearlystagesof modeldevelopment,whenaction
andrecipedefinitionsareundergoingrapidchange.

As themodelis developedandrefined,olderexamplesmay
becomeobsolete.Changesin thenumberandtypesof param-
etersfor an action,for example,may causean early exam-
ple to no longerbeconsistentwith thecurrentversionof the
taskmodel. Likewise,asactionsareaddedanddeleted,and
potentially reclassifiedasprimitivesor non-primitives,ear-
lier examplesmayno longerbevalid. An importantconsid-
erationfor thedevelopmentenvironmentis how to alert the
userthattheseexamplesexist andhow to provideanexplana-
tion of why theexampleis no longerusable.In somecases,
the usermay chooseto disregardan earlyexamplewhile at
othertimesheor shemaychooseto updateanearlierexam-
plesothatit cancontinueto beusedin regressiontesting.

RELATED RESEARCH
Tecuciet al. [19] presenttechniquesfor acquiringlargenum-
bersof hierarchicalif-thentaskreductionrulesthroughdemon-
stration by and discussionwith a humanexpert. In their
system,theexpertprovidesa problem-solvingepisodefrom
which thesysteminfersaninitial taskreductionrule, which
is thenrefinedthroughaniterativeprocessin whichthehuman
expert critiquesattemptsby the systemto solve problems
usingthisrule. Tecuciet al. donotspecificallyaddresseither
theissueof building a modelin theabsenceof a pre-defined
ontology or the notion of regressiontestingto ensurethat
modelupdatespreservecorrectness.

Gil and Melz [6] and Kim and Gil [8] have reportedon a
wide rangeof issuesrelatedto building knowledgeacquisi-
tion toolsfor developingdatabasesof problem-solvingknowl-
edge. In contrastto our approachof inferring taskmodels
from annotatedexamples,they have focusedon developing
tools andscriptsto assistpeoplein editing andelaborating
taskmodels,includingtechniquesfor detectingredundancies
andinconsistenciesin theknowledgebase,aswell asmaking
suggestionsto usersaboutwhatknowledgeto addnext.

Paterǹo [15, 16] presentsagraphicaltool for eliciting hierar-
chicaltaskmodels,representedasConcurTaskTrees,of coop-
erative activities. This tool providessupportfor converting
informal scenariosinto formal descriptionsandthenverify-
ing theconsistency of a ConcurTaskTreewith savedscenar-
ios. In additionto somekey differencesin representationlan-
guage(suchasalternatedecompositionsfor abstractactions
andtheability to enforcearbitraryconstraintsamongparam-
eters),this tool doesnot supportinference.



Otherresearcheffortshaveaddressedaspectsof thetaskmodel
learning� problemnot addressedin this paper. Bauer[2, 3]
presentstechniquesfor acquiringnon-hierarchicaltaskmod-
elsfrom unannotatedexamplesfor thepurposeof planrecog-
nition (i.e., inferring a person’s intentionsfrom heractions).
OBSERVER [21] automaticallylearnsthepreconditionsand
effectsof planningoperatorsfrom unannotatedexpert solu-
tion tracesand then refinesthe operatorsthroughpractice.
In a relatedapproach,vanLent andLaird [20] presenttech-
niquesto learn the preconditionsandgoal conditionsfor a
hierarchyof operators(encodedasspecializedSoarproduc-
tion rules)givenexpert-annotatedperformancetraces.

Angros Jr. [1] presentstechniquesthat learn recipesthat
containcausallinks, to be usedfor the intelligent tutoring
systems,throughbothdemonstrationandautomatedexperi-
mentationin asimulatedenvironment.MasuiandNakayama
[14] investigatelearningmacrosfrom observationof or inter-
actionwith a computeruserin orderto assistthe userwith
tasksthat occurfrequentlyor areinherentlyrepetitive. Lau
et al. [9], in oneof the few formal approachesto learning
macros,usesa versionspacealgebrato learnrepetitive tasks
in a text-editingdomain.

CONCLUSION
Thispaperpresentedanapproach,whichis implementedin a
developmentenvironment,for constructingandmaintaining
a hierarchicaltaskmodel from a setof annotatedexamples
providedby a domainexpert. Thekey piecesof thesystem
are a machinelearning inferenceengineand a facility for
conductingregressiontestingin order to verify the consis-
tency of a taskmodelwith previously definedexamples.As
ageneraltradeoff, thedomainexpertcaneitherprovidemin-
imal annotationsaboutmany examplesor moreexhaustive
annotationsaboutfewerexamples.

Futurework for this project fall into two broadcategories:
extensionsto the inferenceengineandimprovementsin the
usabilityof thedevelopmentenvironment.Oneareafor future
work thatfalls into bothcategoriesis to developconstructive
critics, i.e. algorithmsthatproposepossibleannotations,and
includea facility for usersto easilymanagethe advicepro-
vided by them. For example,oneconstructive critic might
analyzepastusagelogs (or annotatedexamples)to suggest
the segmentelementsthat shouldbe marked optional in an
as-yetunannotatedexample. The usershouldbe able to:
1) review suchsuggestionsat any time, 2) easilyunderstand
them,and3) easilyacceptnone,some,or all of thethem.
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