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Abstract
Mostpreviouswork onlearningtaskmodels,aspe-
cial caseof thewell-known knowledgeacquisition
bottleneck,hasdealtwith non-hierarchicalmodels.
We presentand analyzetechniquesfor inferring
a hierarchicaltaskmodel from partially-annotated
examplesof task-solvingbehavior. We show our
algorithmhasdesirableformal propertiesandthat
bothrestrictiveandpreferencebiasesareusefulfor
generatingeffective models. Finally, we describe
experimentsthatexploretheappropriatedivisionof
labor betweenthe learningalgorithmandthe per-
sonwho providestheannotatedexamples.

1 Introduction
Much work in artificial intelligenceis basedon usinggen-
eralalgorithmsthatoperateon declarative representationsof
domain-specificknowledge. This approachgivesrise to the
notoriousknowledge acquisitionbottleneck: developing an
effective declarative modelis a significantobstacleto apply-
ing generalAI methodsto adomain.

We focus on the problemof acquiring task models, i.e.,
declarativerepresentationsof how to decomposeandaccom-
plishgoalsandsubgoals.Taskmodelsareusedin many areas
of AI including planning,intelligent tutoring, plan recogni-
tion, anddecisiontheory. Most previous work on learning
taskmodelshasdealtonly with “flat” modelsthatdecompose
eachgoaldirectly into primitive actions(Bauer,1998,1999;
AngrosJr., 2000). That work, however, ignoresoneof the
mostdifficult aspectsof learningtaskmodels;namely, decid-
ing how to divide tasksinto subtasks,which involveschoos-
ing thebestabstractionsto representintermediategoals.

Our interestin hierarchicaltask modelsis motivated, in
part,by ourinvolvementin developingcollaborativeinterface
agents(referencesomittedfor review). The choiceof inter-
mediategoalsis especiallyimportantin this context because
theagentmustbeableto discusshow to accomplishtasksin
a way that is intuitive to the user. Hierarchicaltaskmodels
are also importantin planningapplications(Wilkins, 1990;
CurrieandTate,1991)andagentarchitectures(Firby, 1987;
HunsbergerandZancanaro,2000).

Ourapproachto acquiringtaskmodelsis basedonthecon-
jecturethatit is moredifficult for peopleto dealwith abstrac-
tions in the task model than to generateanddiscussexam-
ples of how to accomplishtasks. In other words, we are

developingaprogrammingbydemonstrationsystemin which
a domainexpert performssometaskby executingprimitive
actionsandthenreviewsandannotatesa log of their actions.

Towards this end, in this paper, we presentand ana-
lyze techniquesfor inferring a hierarchicaltaskmodel from
partially-annotatedexamplesof task-solvingbehavior. We
donot,however, addressimportantuser-interfaceandmixed-
initiative issuesthatareinherentto developinga full system.

To annotateanexample,anexpertmustsegmentthelog to
indicatewhich subsetsof actionscontributeto thesamesub-
task,andmayoptionallymarkelementsin thelog to indicate
whethertwo actionscould have occurredin anotherorder,
whetheran actionwasoptional,or whethertwo parameters
of a primitiveactionmusthave thesamevalue.

A conceptualcontribution of this paperis to decompose
model learning into an alignmentphase,in which the ele-
mentsof theannotationexamplesaremappedto conceptsin
a taskmodel,andan inductionphase,in which thatmodelis
generalizedto beconsistentwith all theinput examples.

Our key algorithmiccontribution is a techniquefor induc-
ing the parametersof intermediategoalsandensuringthese
parametersareboundby the recipesthatachieve them. Our
experiencehasbeenthatparametersandbindingsareparticu-
larly difficult for peopleto specify, but essentialfor construct-
ing effective hierarchicaltaskmodels.We formalizenotions
of soundnessandcompleteness,andprovethatouralgorithm
is soundandcomplete.

Finally, we describeexperimentsthat help determinean
appropriatedivision of labor betweenthe humanexpert and
thelearningalgorithm.Thereis atradeoff betweenhow much
information the expert provides in eachexample and how
many examplesmustbeprovided.For example,theepertcan
eitherannotatetheactionsin anexamplewhich areoptional,
or canprovideotherexamplesin which theoptionalstepsdo
notappear. Wehaverunexperimentsin two domainsto inves-
tigate the impactof providing varioustypesof annotations.
Our resultssuggesta designcriteria for mixed-initiative task
model learning: the humanexpert shouldbe asked whether
equalitiesbetweenparametervalues in the examplesare
inherentto thedomainor aremerelycoincidental.

2 Terminology and Formalization
Informally, the input to the learningalgorithmis a seriesof
demonstrations;eachoneshows a particularway to perform
a task and suggests others. For example, if the sequence
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Figure1: Exampleof taskmodellearning.Theunannotatedexamplesaresequencesof instancesof primitive actions,shown
in lower-caseitalic letters,suchas C DFE�G�H�IKJ%E�L�HMI	N%E�O�HMI	P�E�QRH S . The action DFE�L�H representsan actionof type D with parameter2.
Theonly annotationsin theseexamplesaresegmentationswhichclusteractionsinto groupsthatachieveasinglenon-primitive
action,shown in upper-caseletters,suchasX, Y, Z. Therecipescontainbothprimitive andnon-primitiveactiontypes,shown
by lower anduppercaseletters,respectively. Dotted lines indicateoptionalsteps. Arrows indicateorderingconstraints.A
Greekletterrepresentstwo or moreparametersof actionsthatareboundto beequalby a recipe.A “ T ” indicatesthatanaction
hasa parameterthatis not boundto any otherparameterin thatrecipe.

C D�I=J�I	N�S is correctand J is annotatedasoptional,thenweknowC D�IKN=S is alsoa correctexample.We canalsogeneralizefrom
theannotatedexamplesbasedonassumptionsaboutthetarget
modelto belearned.For example,if thelearneris told C D�I=J�I	N�S
and C N$IKJ$I	D�S areboth correctandthe target modelrepresents
partial orderingconstraintson pairsof actions,all orderings
of D , J , and N mustbe correct. Figure1 shows an example
of taskmodel learning. The model learnedafter all three
examplesareprocessedacceptsmany actionsequencesthat
havenotbeenseen,suchas C DFE�G�HMI	UVE�L�H�I�WFE�O�H�I=X5E�O�HMI	P�E�G�I=L�H S .
2.1 Soundness and completeness
We begin with a generaldefinitionof taskmodellearning,in
order to formalize the desiredpropertiesof our algorithms.
Formally, we assumethat thereis someset Y of primitive
actions,asetZ of annotatedexamples,andapartially-ordered
set [ of possibletaskmodels.Let Y]\ bethesetof all finite
sequencesof theprimitivesin Y . For any annotatedexampleU_^`Z , let aU_^bY]\ betheunannotatedexamplecreatedby the
domainexpert. Thepartialorderon [ establishesa prefer-
enceorderon its models.Below, we arguethata preference
orderis neededfor learningminimal parameterinformation.

A taskmodellearningalgorithm c takesasetof annotated
examples dZfegZ andreturnsamodel hAijckE�dZlH . Thedefini-
tionsof soundnessandcompletenessfor c arebuilt uponthe
notion of a taskmodelbeingcompatiblewith the annotated
examplesin dZ . The definition of compatibility is specificto
theclassof modelsbeinglearned;it is definedfor our mod-
els of interestat the end of Section2.3. Given a function
compatibleEhmIKU�H thatreturnstrueor false:n A task model h is consistentwith a subsetof anno-

tatedexamples dZ if consistentEhmIFdZ5H returnstrue,where
consistentE�hoI dZ5HqprE�sFUt^ dZ , compatibleE�hoI	U$H�H .n h is apreferredconsistentmodelon dZ if sFh`u6^`[ that
areconsistentwith dZ , hbu is not orderedbefore h . Let
PCME dZ0H bethesetof all preferredconsistentmodels.

n h accepts a sequenceof primitive actions v3\ if
acceptE�hoIv3\MH returns true, where acceptE�hoIv3\MHwpx Uy^zZ suchthatconsistentEhmIKU�H is trueand aU{ifvF\ .

n A task model h is soundon dZ if for all v3\|^}Y]\ ,
acceptE�hoIv3\MH�~�E�s�hbuF^ PCME dZqHMI acceptE�hbuI�vF\�H�H .

n A taskmodel h is completeon dZ if for all v3\f^�Y]\ ,
acceptE�hoIv3\MH���E�s�hbuF^ PCME dZqHMI acceptE�hbuI�vF\�H�H .

A taskmodellearningalgorithm c is soundandcomplete
if for any dZ , ckE!dZ0H is soundandcomplete.

2.2 Task model language

We learntheclassof taskmodelsusedby a middlewaresys-
temfor building collaborative agents(referencesomittedfor
review). Thetaskmodelis composedof actionsandrecipes.
Actions areeitherprimitive actions,which canbe executed
directly, or non-primitive actions(also called “intermediate
goals”or “abstractactions”),whichareachievedindirectlyby
achieving otheractions.Eachactionhasa type; eachaction
typeis associatedwith a setof parameters,but doesnot have
anexplicit representationof causalknowledgefor its precon-
ditionsandeffects.

Recipes are methods for decomposingnon-primitive
actionsinto subgoals.Theremaybeseveraldifferentrecipes
for achieving a singleaction. Eachrecipedescribesa setof
stepsthatcanbeperformedto achieveanon-primitiveaction.
A recipealsocontainsconstraintsthat imposetemporalpar-
tial orderingson its steps,aswell asother logical relations
amongtheir parameters.For thepurposesof this paper, how-
ever, we will consideronly equalityrelationships.Equalities
betweena parameterof a stepanda parameterof the action
being achieved by the recipe are called bindings, but are
otherwiseindistinguishablefrom constraints. All stepsare
assumedto be requiredunlessthey are labelledasoptional.
Figure2 containssamplesof theserepresentations.



nonprimitive act PreparePasta
parameter Pastapasta

recipe PastaRecipeachieves PreparePasta
steps BoilH20 boil

MakePastamake,
optional GetItemget

bindings achieves.pasta= make.pasta
constraints get.item= make.pasta,boil.liquid = make.water

boil precedes make,getprecedes make
primitive act GetItem

parameter Item item

Figure 2: Sample representationsfor a simple cooking
domain. Keywordsare in bold. Parametersandstepshave
a nameaswell asa type in orderto allow for unambiguous
referencesin bindingsandconstraints.

2.3 Annotation language
Annotationsallow a domainexpert to indicatethatexamples
similar to the one being annotatedare also correct exam-
ples.An annotatedexampleU is afive-tuple: �MaURI9��I��=v�� �����6DV��I� �6����PRU��$U�P�I � �6U�� � DV��� :
aU is the temporally ordered list of primitive actionsC vF�$I9�9���9I�v���S that constitute the unannotatedexample

demonstratedby theexpert.
� is a segment; a segment is a pair �2��U�WVh`U��3� ����v�U ,C �$��I9���9��IK���RS�� . Each ��� , calleda segmentelementor ele-

ment for short, is eithera primitive actionor is a seg-
ment.Groupingelementstogethermeansthat,asa unit,
they logically form one occurrenceof an intermediate
goalof type ��U�WVh`U��3� ����v�U .

�=v�� � ���6DV� is a partial mapping from segment elementsto
booleanvalues. If the mappingis definedand is true,
the expert is specifyingthat the examplewith this ele-
mentremovedwouldalsobecorrect.� �6����PRU��$U�P is a partial mappingfrom pairs of elementsin
the samesegmentto booleanvalues. If the mappingis
definedandis true,theexpert is specifyingthatswitch-
ing theorderof appearanceof thepairof elementswould
constituteanothercorrectexamplefrom thedomain.� �6U�� � DV� is a partial mappingfrom pairsof actionparame-
tersto booleanvalues.If themappingis definedandis
true,theexpert is specifyingthatanothercorrectexam-
plewith thesamesegmentationexistswhereinthesetwo
parametersdo not havethesamevalue.

For thealgorithmsin thispaper, thesegmentsmustbepro-
vided by the domainexpert. The otherannotationsarenot
required,but will speedlearning. For our task model lan-
guage,thefunctioncompatibleE�hoI	U$H returnstrueif f:

n for eachsegment ��� ��v�URI�C �$��I9���9��IK���RS�� in � , thereexists
a recipe � in h such that � achieves an action with
type � ��v�U andthereexistsa one-to-onemapping� from�$��I��9���9IK��� to stepsin � suchthat (1) � ( ��� ) hasthesame
typeas � � , (2) if � � is mappedto trueby �=v�� �����6DV� , then� ( � � ) is marked asoptional in � ; and is not marked as
optionalif ��� is mappedto false,(3) if ������I=�M��� is mapped
to trueby � �6���$PRU��$U�P then � ( ��� ) and � ( �M� ) areunordered
in � ; andareorderedin � if ��� � IK� � � is mappedto false,
and(4) � mapssome��� to eachrequiredstepin � ,

n for every pair of parametersthat � �6U�� � DR� indicatescan
have different values,a plan can be formed from the
recipesin h that results in a sequenceof primitive
actionsvF\ suchthat vF\ is identicalto aU exceptfor param-
etersvaluesandthecorrespondingparametersin vF\ have
differentvalues.

3 Learning algorithm
Figure 3 containspseudocodefor our task model learning
algorithm,which requirespolynomialtime.

LEARNMODEL
�%�� �6�

� ��¡ ALIGNMENT
�9�� �

�z¢q¡ INDUCEOPTIONAL
� �]� �!�� �

�¤£¥¡ INDUCEORDERING
� � ¢ ���� �

return INDUCEPROPAGATORS
� �¤£ � �� �

Figure3: Pseudocodeto learna taskmodel

A fundamentalsearchproblem,whichwereferto asalign-
ment, facedby any task learningalgorithm is to determine
which primitive actions,possiblyin differentexamples,cor-
respondto thesamerecipestep.Additionally, algorithmsfor
learninghierarchicaltaskmodelsmustalsomatchsegments
to recipes.This is a fundamentalproblembecausea learning
algorithm needsto identify segmentswith recipesandseg-
mentelementswith recipestepsin orderto updatethemodel.

Suppose,for example,that a humanexpert indicatesthatC D�I=J�I	N�S and C N$IKJ$I	D�S bothachievegoal ¦ . Thealignmentques-
tion, here,is whetherto learnoneor two recipesfor ¦ . With-
outanassumptionorheuristic,thereisnojustificationto learn
only onerecipe.But if we nevercombinemultiple examples
into onerecipe,wecannotperformany usefulgeneralization.

Alignment is intractablein the absenceof assumptions
aboutthe domainsbeing studied. However, we renderthe
alignmentproblemtractableby makingthe following fairly
benignassumptionsthat restricttheclassof taskmodelsour
algorithmwill learn:
Disjoint steps assumption: for any two recipesthatachieve
an action of the sametype, the setsof the types of their
requiredstepswill bedisjoint.
Step type assumption: if any recipecontainsmultiple steps
of thesametype,they will betotally orderedandonly thelast
might beoptional.

TheALIGNMENT functionconstructsamodel h with non-
primitive actionswithout parametersand recipeswith only
requiredsteps.It alsoconstructsanalignmentfrom theanno-
tatedexamples dZ to h that consistsof a pair of mappings�§FI=�F� where � mapsfrom eachsegmentin each U¨^ dZ to a
recipein h , and § mapsfrom eachelementin eachsegment
in eachU_^ dZ to a stepin a recipein h . Thesemappingsare
usedby theinductionalgorithms.

ALIGNMENT first partitionsthesegmentsin dZ into setsof
segmentsthatmust,underourassumptions,bemappedto the
samerecipe. In particular, it groupsthe segmentssuchthat
any two segments, � � and � � , are groupedtogetherif they
have thesame��U�WRhbU��3� ����v�U andthesetof the typesof the
elementsin ��� that are not marked optional area subsetof
thesetof thetypesof theelementsin ��� thatarenot marked
optional.For any setof annotatedexamples,thereis only one
possiblesuchgrouping,which canbeeasilycomputed.
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Next, for eachgroupof segments,ALIGNMENT createsa
recipewith �3® stepsof eachaction type � , where �3® is the
largestnumberof elementsof type � thatoccurin any segment
in thegroup.It mapseachsegmentin thegroupto thisrecipe,
andmapsthesegment’s elements,in orderof occurrence,to
stepsof thesametypein therecipe.

After alignment,our algorithmdeterminesthe optionality
of, andorderingconstraintsbetween,steps.TheINDUCEOP-
TIONAL function marksstep � in recipe � asoptionalif any
segmentelementthat is markedoptionalis mappedto � or if
somesegmentis mappedto � but containsno elementthat is
mappedto � . The INDUCEORDERING function addsa con-
straintthatordersstep � � beforestep � � unlessthereis a seg-
mentthatcontainselementsU � and U � suchthat U � is mapped
to ��� and U9� is mappedto �M� andeither U9� occursbefore U�� or
theannotationsindicatethatthisorderingwaspossible.

Weomit thepseudocodeof theALIGNMENT, INDUCEOP-
TIONAL, andINDUCEORDERING functionssincethey arenot
thefocusof thispaper.

3.1 Inducing propagators
We now presentanddiscussmethodsfor inferring bindings,
constraints,andparametersof non-primitive actions,which
we will referto collectively aspropagators.

The role of propagatorsis to enforceequality relation-
shipsamongthe parametervaluesof primitive actions. For
example,in a taskmodelfor cookingspaghettimarinara,the
cookedpastamustbe thesamepastato which sauceis later
added.In contrast,differentknivescanbeusedto cut,say, the
tomatoesandthemushrooms.Theseequalityrelationscross
theboundariesof many actionsandrecipes,i.e. they arenot
local to any particularrecipe.

The first stepof learningpropagatorsis to decidewhich
parametersvaluesshouldbeforcedto beequal.For example,
if the sameknife is usedto cut vegetablesin all examples,
thenwecanconcludethatthesameknife mustbeused.If we
thensaw anexamplein whichdifferentkniveswereused,we
would retractthis constraint. Alternatively, the annotations
canindicatethatdifferentknivescouldhavebeenused.

A problemarisesdueto pairsof stepsthatnever occurin
thesameexample.As shown in Figure4, thereexist consis-
tenttaskmodelsthatconstraintheparametersof thesestepsto
beequal.Suchmodelsarecounter-intuitivebecausethey pos-
tulateelaborateconstraintsthat arenot positively suggested
by any example. Further, to remove all unnecessarycon-
straints,the learningalgorithmmustseeexamplesthat con-
tainall pairsof stepsthatareunrelatedto eachother.

To addressthisproblem,we proposea biasagainstmodels
with unsuggestedpropagators.A model h ’s propagatoris

suggestedby anexample Uy^ dZ if: (1) U containstwo param-
etersof primitive actionsthat are not annotatedas unequal
andhave thesamevalue;(2) thereexistsanotherexample U�u
such(a) U�u is identical to U except that the two parameters
have differentvalues;(b) h is not compatiblewith U�u ; and
(c) removing thepropagatorfrom h producesamodelwhich
is compatiblewith U�u . For example,in Figure4, noneof the
propagatorsare suggestedbecauseno parametervaluesare
equalin the two examplesbeingmodeled.However, in Fig-
ure1, all of thepropagatorsaresuggested.

We proposethefollowing bias:
Suggested parameter preference bias: A model h`� is pre-
ferredto model hk� givenannotatedexamples dZ if f all of h`� ’s
propagatorsare suggestedby an examplein dZ and h¯� has
propagatorsthatarenot suggestedby any examplein dZ .

ModellearningthusbenefitsfromOccam’sRazor:thesim-
plestmodel that explains the datashouldbe preferred. For
propagators,weclaim thesimplestmodelcontainsonly what
is neededto explain theequalitiesevidentin theexamples.

Note that an unpreferredmodelmay becomepreferredas
moreexamplesareseen. In Figure4, if we saw [d(1),g(1)]
and[f(1),e(1)] thenall thepropagatorsin themoreelaborate
taskmodelwouldbesuggestedandsoit wouldbepreferred.

Figure5 shows pseudocodefor analgorithmfor learning
propagatorswith two modes,onethatis soundwith noprefer-
encebiasandonethat is soundunderthesuggestedparame-
terbias.Thealgorithmtakesasinput theannotatedexamples
andataskmodelthatlackssomeor all of theseelements,and
producesa morecompletetaskmodel.

A datastructurethatis usedto facilitatethecomputationof
propagatorsis a v�D���X . A pathstartsataparameterof aprimi-
tiveactionand“follo ws” apossiblyemptysequenceof recipe
steps.Givenapathv thathasanon-emptysequenceof steps,
STEP Eªv�H returnsthelastrecipestepin thesequence,TAIL E@vFH
returnsapathidenticalto v exceptthatSTEP Eªv�H is absent,and
RECIPE E@v�H returnstherecipethatcontainsSTEP Eªv�H .

Thealgorithmworksby consideringall pairsof pathsthat
endatthesamerecipe° . If theparametersatthestartof these
pathsshouldalwaysbe constrainedto be equal(the criteria
for thisdependsonthepreferencebias),thenasetof propaga-
torsareaddedto thetaskmodelto make surethis will bethe
case.Thepropagatorsareaddedin a top down fashion,first
with a constrainton ° , andthenrecursively addingparam-
etersto non-primitivesandbindingsto recipesthat achieve
them.

The following theoremstatesthat our algorithmwill pro-
ducea soundandcompletemodelby addingpropagatorsto
its input model.
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Figure5: Pseudocodeto infer propagators

Theorem: Givena set dZ , anda taskmodel h without any
propagatorssuchthat thereexists a model hbu that is sound
andcompleteon dZ , and that h and hbu differ only in their
propagators,thenINDUCEPROPAGATORS( hoI dZ ) will returna
soundandcompletemodel.
Proof sketch: The role of propagatorsis to enforceequality
amongtheparametersof primitiveactionsthatmustbeequal,
basedon theannotatedexamples.Sinceequalityis a binary,
transitive relationship,it sufficesto considerparameterson a
pair-wisebasis. If any parametershave beenunequalin any
of theannotatedexamples,thenour algorithmwill not make
themequal. This is appropriatesincethis exampleimplies
thata correctmodelshouldnot forcethemto beequal.Oth-
erwise,withoutapreferencebias,ouralgorithmwill forcethe
parametersto beequalwhich is appropriatesincethereexists
a preferred,consistentmodelwhich forcestheparametersto
beequal.If weusetheSuggestedParameterPreferenceBias,
thenour algorithmwill not forcethepair of parametersto be
equalwhichis appropriatesinceany modelthatdoesenforces
equalitywill containunsuggestedpropagators.

It follows that if the alignmentandother inductioncom-
ponentsof our algorithmarecorrect,thenLEARNMODEL is
soundandcomplete.

4 Implementation and Empirical Results
Thegoalof ourexperimentsis to betterunderstandthetrade-
off betweenhow much information the expert provides in
eachexample and how many examplesmust be provided.
We simulatea humanexpert that providesvarying typesof
annotations.Thisapproachfocusestheresultsonthistradeoff
ratherthanthebestway to elicit annotationsfrom theexpert.

The algorithmdescribedin the previous sectionis a sim-
plified versionof theonewe have implemented.Our imple-
mentationis incrementalandacceptsa wider classof anno-
tations,includingexplicitly providing propagators.Addition-
ally, in lieu of our restrictionsof themodellanguage,annota-
tionscandirectlyproviderecipeandstepnames.Also, while
the INDUCEPROPAGATOR algorithmwe presentedproduces
aninordinatenumberof propagators,our implementationre-
usespropagatorswhenpossible.Our deployed systemwill,
of course,have to allow taskmodelsto beeditedin orderto
givesemanticallymeaningfulnamesto recipesandsteps.

For our experiments,we startwith a targettaskmodeland
useit asanoracletobothgenerateandannotatetestexamples.
After eachexample,we determineif the algorithmhaspro-
duceda taskmodelequivalentto thetargettaskmodelgiven
the examplesit hasseen. Additionally, after eachexample,
wecomputetheerror rate, i.e.,ameasureof how differentthe
currenttaskmodelis from thetargetmodel.Finally, wedeter-
mineif eachexamplewasuseful, i.e. if it containedany new
information that was not implied the previous example,by
seeingif thealgorithm’sinternaldatastructureswerealtered.

We ran our experimentson two target task models. The
first modelspartof asophisticatedtool for building graphical
userinterfaces,calledSymbolEditor. The modelwascon-
structedin theprocessof developinga collaborativeagentto
assistnoviceusers.Themodelcontains29 recipes,67 recipe
steps,36 primitive acts,and29 non-primitive acts. A typi-
cal examplecontainsover100primitiveactions.Thesecond
test model was an artificial cooking world model designed
specificallyto develop and test the techniquespresentedin
this paper. Themodelcontains8 recipes,19 recipesteps,13
primitive acts,and 4 non-primitive acts. An exampletypi-
cally containsabout10 primitive actions.Both modelshave
recursiverecipes.

Segmentationsandnon-primitiveactionnamesarealways
providedby theoracle,but wevariedwhethertheotheranno-
tationswereprovided.We ranall variationsof possiblecom-
binationsof annotationtypes,andreporta subsetin Table1.
In the table, O indicatesthat all ordering annotationsare
given,E indicatesthatall equalityannotationsaregiven,and
Pindicatesthatall propagatorsaregiven.Annotatingoptional

Anno- Cooking SymbolEditor
tation Avg. Min. Useless Avg. Min. Useless
All 5.3 3 9.9 1.9 1 0.1
EOP 6.5 3 11.1 2.4 1 0.4
EP 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

Table 1: The kind of annotationsprovided influencesthe
numberof examplesneededto learntaskmodels.
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Figure6: Algorithmsquickly produceanearlycorrectmodel

stepsdid not significantlyimpacttheresults,exceptwhenall
otherannotationsweregiven(indicatedby ’All’ in thetable).
The reasonfor this is that optionality is the easiestaspect
to learnbecauseit doesinvolve relationshipsbetweensteps.
Notethatannotatingequalitiesdoesnot addany information
whenpropagatorsare given. The reportedvaluesare aver-
agedover randomizedsequencesof examples— 100 trials
for thecookingdomainand20 trials for theSymbolEditor.

The main surpriseis that providing equality annotations
dramaticallyreducesthenumberof requiredexamples.This
is interestingbecauseit seemslikely thatit will bemuchless
onerousfor a humanexpertto indicatewhenapparentequal-
ities in theexamplearecoincidental,thanto constructall the
propagatorinformationdirectly.

Another interestingresult in Table 1 is that learning is
stronglyinfluencedby the orderin which examplesarepro-
cessed. This is reflectedboth by the minimum numberof
requiredexamplesfor any trial (the “min” column)and the
averagenumberof uselessexamplesper trial (the “useless”
column).Onecouldimaginethata humanexpertwould pro-
videexamplescloserto theminimumthanto theaverageand
wouldnot presentuselessexamples.

Figure6 shows the error rateasa functionof the number
of usefulexamplesseen. The error rate is measuredas the
fraction of the total information that remainsto be learned.
The graphshows that even whenit takesmany examplesto
learnthe correctmodel,e.g.,whenno extra annotationsare
given,thetechniquesquickly learna modelwhich is closeto
thecorrectmodel.

5 Related research
Bauer (Bauer,1998, 1999) presentstechniquesfor acquir-
ing non-hierarchicaltaskmodelsfrom unannotatedexamples
for thepurposeof planrecognition(i.e., inferring a person’s
intentionsfrom her actions). Sincethe task model is used
primarily for recognition,Bauer’s algorithmlearnsonly the
requiredstepsto accomplisheachtop-levelgoal.Bauerintro-
ducesheuristicsfor solvingwhatwereferto asthealignment
problem.(In contrast,weside-steptheproblemby restricting
thetaskmodellanguage).Sinceour taskmodelsareintended
to supportcollaborationanddiscussionof tasks,we found it
importantto extendBauer’s work to handlehierarchicaltask
modelsand optional steps. Additionally, we introducethe
notionsof soundnessandcompletenessfor taskmodellearn-
ing andshow our algorithmhastheseproperties.

Tecuciet. al. (Tecuciet al., 1999)presenttechniquesfor
producinghierarchicalif-thentaskreductionrulesby demon-
strationanddiscussionfrom a humanexpert. The rulesare
intendedto beusedby knowledge-basedagentthatassistpeo-
ple in generatingplans.In their system,theexpertprovidesa
problem-solvingepisodefrom whichthesysteminfersanini-
tial taskreductionrule,which is thenrefinedthroughaniter-
ative processin which the humanexpert critiquesattempts
by the systemto solve problemsusing this rule. Tecuciet.
al. have not presentedformal analysisof their algorithms,
specifically addressedthe problem of inferring parameters
andbindingsfor intermediategoals,or conductedexperimen-
tal explorationof the division of responsibilitybetweenthe
userandlearningalgorithms.

Other researchefforts have addressedaspectsof the task
modellearningproblemnot addressedin this paper. Angros
Jr. (2000)presentstechniquesthat learnrecipesthat contain
causallinks, to be usedfor the intelligent tutoring systems,
throughboth demonstrationandautomatedexperimentation
in a simulatedenvironment. Masui and Nakayama(1994)
investigateslearningmacrosfrom observation of or interac-
tion with a computeruser in order to assistthe userwith
tasksthat occur frequentlyor are inherentlyrepetitive. Lau
et al. (2000),in oneof thefew formalapproachesto learning
macros,usesa versionspacealgebrato learnrepetitive tasks
in a text-editingdomain.Gil et al. (Gil andMelz, 1996;Kim
andGil, 2000)havefocusedondevelopingtoolsandscriptsto
assistpeoplein editing andelaboratingtaskmodels,includ-
ing techniquesfor detectingredundanciesandinconsistencies
in theknowledgebase,andmakingsuggestionsto usersabout
whatknowledgeto addnext.
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