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Abstract

Mostpreviouswork onlearningtaskmodelsaspe-
cial caseof the well-known knowledgeacquisition
bottleneckhasdealtwith non-hierarchicamodels.
We presentand analyzetechniquesfor inferring
a hierarchicataskmodelfrom partially-annotated
examplesof task-solvingbehaior. We shav our
algorithmhasdesirableformal propertiesandthat
bothrestrictve andpreferencéiasesareusefulfor
generatingeffective models. Finally, we describe
experimentghatexploretheappropriatealivision of
labor betweenthe learningalgorithmandthe per
sonwho providestheannotatedxamples.

1 Introduction

Much work in artificial intelligenceis basedon using gen-
eralalgorithmsthatoperateon declaratve representationef
domain-specifiknowledge. This approachgivesriseto the
notoriousknowled@ acquisitionbottlene&: developing an
effective declaratve modelis a significantobstacleto apply-
ing generalAl methodgo adomain.

We focus on the problemof acquiringtask models i.e.,
declaratve representationsf how to decompos@andaccom-
plishgoalsandsubgoalsTaskmodelsareusedin mary areas
of Al including planning,intelligent tutoring, plan recogni-
tion, and decisiontheory Most previous work on learning
taskmodelshasdealtonly with “flat” modelsthatdecompose
eachgoaldirectly into primitive actions(Bauer,1998,1999;
Angros Jr., 2000). That work, however, ignoresone of the
mostdifficult aspect®f learningtaskmodels;namely decid-
ing how to divide tasksinto subtaskswhich involveschoos-
ing thebestabstractions$o represenintermediategoals.

Our interestin hierarchicaltask modelsis motivated, in
part,by ourinvolvementin developingcollaboratieinterface
agents(refeencesomittedfor review). The choiceof inter-
mediategoalsis especiallyimportantin this context because
theagentmustbe ableto discusshow to accomplishtasksin
a way thatis intuitive to the user Hierarchicaltaskmodels
are alsoimportantin planningapplications(Wilkins, 1990;
Currie and Tate,1991)andagentarchitecturegFirby, 1987;
HunsbegerandZancanaro2000).

Ourapproacho acquiringtaskmodelss basednthecon-
jecturethatit is moredifficult for peopleto dealwith abstrac-
tions in the taskmodelthanto generateand discussexam-
ples of how to accomplishtasks. In other words, we are

developingaprogrammingby demonstation systenin which
a domainexpert performssometask by executingprimitive
actionsandthenreviews andannotates log of their actions.

Towards this end, in this paper we presentand ana-
lyze techniquedor inferring a hierarchicaltaskmodelfrom
partially-annotatedexamplesof task-solvingbehavior. We
do not, however, addressmportantuserinterfaceandmixed-
initiative issueghatareinherentto developingafull system.

To annotateanexample,anexpertmustsegmentthelog to
indicatewhich subsetof actionscontributeto the samesub-
task,andmay optionally mark elementsn thelog to indicate
whethertwo actionscould have occurredin anotherorder,
whetheran actionwas optional, or whethertwo parameters
of a primitive actionmusthave the samevalue.

A conceptualcontribution of this paperis to decompose
model learninginto an alignmentphase,in which the ele-
mentsof the annotationrexamplesare mappedo conceptsn
ataskmodel,andaninductionphasejn which thatmodelis
generalizedo be consistentvith all theinput examples.

Our key algorithmiccontribution is a techniquefor induc-
ing the parameter®f intermediategoalsandensuringthese
parametersre boundby the recipesthat achieve them. Our
experiencehasbeenthatparameterandbindingsareparticu-
larly difficult for peopleto specify but essentiafor construct-
ing effective hierarchicattaskmodels.We formalize notions
of soundnesandcompletenessndprove thatour algorithm
is soundandcomplete.

Finally, we describeexperimentsthat help determinean
appropriatedivision of labor betweenthe humanexpert and
thelearningalgorithm.Thereis atradeof betweerhow much
information the expert provides in eachexample and how
mary exampleanustbeprovided. For example theepertcan
eitherannotatehe actionsin anexamplewhich areoptional,
or canprovide otherexamplesin which the optionalstepsdo
notappearWe haverunexperimentsn two domaingdo inves-
tigate the impactof providing varioustypesof annotations.
Our resultssuggest designcriteriafor mixed-initiative task
modellearning: the humanexpert shouldbe asled whether
equalitiesbetweenparametervalues in the examplesare
inherentto thedomainor aremerelycoincidental.

2 Terminology and Formalization

Informally, the input to the learningalgorithmis a seriesof
demonstrationsgachoneshaws a particularway to perform
a task and suggests others. For example, if the sequence
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Figurel: Exampleof taskmodellearning. The unannotate@xamplesare sequencesf instancesf primitive actions,shovn
in lower-caseitalic letters,suchas|a(1), b(2),¢(3),d(4)]. Theactiona(2) representan actionof type a with paramete2.
Theonly annotationsn theseexamplesaresegmentationsvhich clusteractionsinto groupsthatachieve a singlenon-primitive
action,shown in uppercasdetters,suchasX, Y, Z. Therecipescontainboth primitive andnon-primitive actiontypes,shovn
by lower and uppercaseletters,respectiely. Dottedlines indicateoptionalsteps. Arrows indicateorderingconstraints. A
Greekletterrepresentswo or moreparametersf actionsthatareboundto be equalby arecipe.A *-” indicatesthatanaction

hasa parametethatis notboundto any otherparameteim thatrecipe.

[a, b, c] is correctandb is annotatecsoptional thenwe know
[a, ] is alsoa correctexample. We canalsogeneralizefrom
theannotate@xamplesasednassumptionaboutthetarget
modelto belearned For example jf thelearneiistold [a, b, c]

and|c, b, a] areboth correctandthe target modelrepresents

partial orderingconstraintson pairsof actions,all orderings
of a, b, and ¢ mustbe correct. Figure 1 shavs an example
of taskmodellearning. The modellearnedafter all three
examplesare processe@cceptamary actionsequenceghat
have notbeenseensuchas[a(1),e(2), g(3), h(3), d(1,2)].

2.1 Soundnessand completeness

We begin with a generaldefinition of taskmodellearning,in
orderto formalize the desiredpropertiesof our algorithms.
Formally, we assumethat thereis somesetP of primitive
actionsaset€ of annotate@xamplesandapartially-ordered
setM of possibletaskmodels.Let P* bethesetof all finite
sequencesf theprimitivesin P. For ary annotatedxample
e € £, leté € P* betheunannotate@xamplecreatedoy the
domainexpert. The partial orderon M establishes prefer
enceorderon its models. Below, we arguethata preference
orderis neededor learningminimal parametemformation.

A taskmodellearningalgorithm A takesa setof annotated
examples€ C £ andreturnsamodelm = A(£). Thedefini-
tionsof soundnesandcompletenestor A arebuilt uponthe
notion of a taskmodelbeing compatiblewith the annotated
examplesin £. The definition of compatibility is specificto
the classof modelsbeinglearned;it is definedfor our mod-
els of interestat the end of Section2.3. Given a function
compatiblém, e) thatreturnstrueor false:

e A taskmodelm is consistentwith a subsetof anno-
tatedexamplest if consistentm, £) returnstrue,where
consistentm, &) < (Ve € £, compatiblém, e)).

e m is apreferredconsistenmodelon & if Ym' € M that
areconsistentwith £, m’ is not orderedbeforem. Let

PCM(E) bethesetof all preferredconsistenmodels.

e m accepts a sequenceof primitive actions p* if
acceptm,p*) returnstrue, where accepfm,p*) <
Je € £ suchthatconsistentm, e) is trueandé = p*.

e A taskmodelm is soundon £ if for all p* € P*,
acceptm, p*) = (Vm' € PCM(E), acceptm/, p*)).

e A taskmodelm is completeon £ if for all p* € P*,

acceptm, p*) < (Vm' € PCM(E), acceptm’, p*)).

A taskmodellearningalgorithm A is soundandcomplete
if for ary £, A(€) is soundandcomplete.

2.2 Task model language

We learnthe classof taskmodelsusedby a middlevaresys-
temfor building collaboratie agentyrefeencesomittedfor

review). Thetaskmodelis composedf actionsandrecipes.
Actions are either primitive actions,which canbe executed
directly, or non-primitive actions(also called “intermediate
goals”or “abstractactions”),whichareachievedindirectly by

achieving otheractions. Eachactionhasa type; eachaction
typeis associateavith a setof parameterdyut doesnot have

anexplicit representationf causaknowledgefor its precon-
ditionsandeffects.

Recipes are methods for decomposing non-primitive
actionsinto subgoals Theremay be several differentrecipes
for achieving a singleaction. Eachrecipedescribes setof
stepgthatcanbeperformedo achiese anon-primitiveaction.
A recipealsocontainsconstraintghatimposetemporalpar
tial orderingson its steps,aswell asotherlogical relations
amongtheir parametersi-or the purpose®f this paper how-
ever, we will consideronly equalityrelationships Equalities
betweena parametenf a stepanda parametenf the action
being achieved by the recipe are called bindings, but are
otherwiseindistinguishablefrom constraints. All stepsare
assumedo be requiredunlessthey arelabelledasoptional.
Figure?2 containssamplesf theserepresentations.



nonprimitive act PrepareBsta
parameter Pastapasta

recipe PastaRecipachieves PrepareBsta

steps BoilH20 boil
MakePastamale,
optional Getltemget
bindings achieves.pasta= make.pasta

get.item= malke.pastaboil.liquid = make.water
boil precedes make, getprecedes make
primitive act Getltem

parameter ltemitem

constraints

Figure 2: Sample representationgor a simple cooking

domain. Keywordsarein bold. Parametersand stepshave

a nameaswell asatypein orderto allow for unambiguous
referencesn bindingsandconstraints.

2.3 Annotation language

Annotationsallow a domainexpertto indicatethatexamples
similar to the one being annotatedare also correct exam-
ples.An annotate@xamplee is afive-tuple: (¢, S, optional,

unordered, unequal):

é is the temporally ordered list of primitive actions
[p1,...,pk] that constitute the unannotatedexample
demonstrately the expert.

S is a sggment; a s@gment is a pair (segmentType,
[s1,--.,8n]). Eachs;, calleda sggmentelemenir ele-
mentfor short,is eithera primitive actionor is a sey-
ment. Groupingelementdogethemeanghat,asa unit,
they logically form one occurrenceof an intermediate
goalof type segmentType.

optional is a partial mapping from segment elementsto
booleanvalues. If the mappingis definedandis true,
the expertis specifyingthat the examplewith this ele-
mentremovedwould alsobe correct.

unordered is a partial mappingfrom pairs of elementsin
the sameseggmentto booleanvalues. If the mappingis
definedandis true, the expertis specifyingthat switch-
ing theorderof appearancef thepairof elementsvould
constituteanothercorrectexamplefrom thedomain.

unequal is a partial mappingfrom pairs of action parame-
tersto booleanvalues.If the mappingis definedandis
true, the expertis specifyingthatanothercorrectexam-
ple with the samesggmentatiorexistswhereinthesetwo
parameterslo not have thesamevalue.

For thealgorithmsin this paperthe segmentanustbepro-
vided by the domainexpert. The otherannotationsare not
required,but will speedlearning. For our task model lan-
guagethefunctioncompatiblém, e) returnstrueiff:

o for eachsggment{type, [s1,..., sn]) In S, thereexists
a reciper in m suchthat » achiezes an action with
typetype andthereexists a one-to-onenappinge from
81,---,8y to stepsin r suchthat(1) ¢(s;) hasthesame
typeass;, (2) if s; is mappedo true by optional, then
#(s;) is marked as optionalin r; andis not marked as
optionalif s; ismappedo false,(3) if (s;, s;) is mapped
to trueby unordered theng(s;) andg(s;) areunordered
in 7; andareorderedin r if (s;,s;) is mappedo false,
and(4) ¢ mapssomes; to eachrequiredstepin r,

o for every pair of parametershatunequal indicatescan
have different values,a plan can be formed from the
recipesin m that resultsin a sequenceof primitive
actionsp* suchthatp* isidenticalto é exceptfor param-
etersvaluesandthecorrespondingarameters p* have
differentvalues.

3 Learningalgorithm

Figure 3 containspseudocode for our task modellearning
algorithm,which requirespolynomialtime.

LEARNMODEL (€) =
mo < ALIGNMENT(E)
m1 < INDUCEOPTIONAL (mg, £)
ma < INDUCEORDERING(my, £)

return INDUCEPROPAGATORS(ma, &)
Figure3: Pseudaodeto learnataskmodel

A fundamentatsearctproblem,which we referto asalign-
ment, facedby ary tasklearningalgorithmis to determine
which primitive actions,possiblyin differentexamples,cor-
respondo the samerecipestep.Additionally, algorithmsfor
learninghierarchicaltaskmodelsmustalsomatchsegments
torecipes.Thisis afundamentaproblembecause learning
algorithm needsto identify sgmentswith recipesand seg-
mentelementswith recipestepsn orderto updatethe model.

Supposefor example,that a humanexpert indicatesthat
[a, b, c] and[c, b, a] bothachieve goal Z. Thealignmentjues-
tion, here,is whetherto learnoneor two recipesfor Z. With-
outanassumptiorr heuristic thereis nojustificationto learn
only onerecipe.But if we never combinemultiple examples
into onerecipe ,we cannotperformary usefulgeneralization.

Alignment is intractablein the absenceof assumptions
aboutthe domainsbeing studied. However, we renderthe
alignmentproblemtractableby makingthe following fairly
benignassumptionshatrestrictthe classof taskmodelsour
algorithmwill learn:

Digjoint steps assumption: for any two recipesthatachiere
an action of the sametype, the setsof the types of their
requiredstepswill bedisjoint.

Step type assumption: if ary recipecontainsmultiple steps
of thesametype,they will betotally orderedandonly thelast
might be optional.

The ALIGNMENT functionconstructeamodelm with non-
primitive actionswithout parametersand recipeswith only
requiredsteps.It alsoconstructenalignmentirom theanno-
tatedexamples€ to m that consistsof a pair of mappings
(o, #) where¢ mapsfrom eachsegmentin eache € £ to a
recipein m, ando mapsfrom eachelementin eachsegment
in eache € £ to astepin arecipein m. Thesemappingsare
usedby theinductionalgorithms. ~

ALIGNMENT first partitionsthe sgmentsin £ into setsof
sggmentghatmust,underourassumptionhemappedo the
samerecipe. In particular it groupsthe segmentssuchthat
ary two sggments,s; and s;, are groupedtogetherif they
have the samesegmentType andthe setof the typesof the
elementsin s; that are not marked optional are a subsetof
the setof the typesof the elementdn s; thatarenot marked
optional.For ary setof annotateaxamplesthereis only one
possiblesuchgrouping,which canbe easilycomputed.
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Figure4: Motivationfor suggestegharametebias: the taskmodelsdiffer in that only the first containspropagatorghat can
forced andg’s parametersinde and f’s parameter$o be equal. Both modelsare consistenbecausehey caneachproduce
bothexamples.Withoutthe suggestegharametebias,however, only the moreelaboratanodelis soundandcompletebecause
thesimplermodelacceptexamplege.g.,[d(1), g(2)]) whicharenotacceptedy all consistentnodels.With thebias,only the
simplermodelis soundandcompletebecausét is preferrecto the elaboratamodel.

Next, for eachgroupof sggments,ALIGNMENT createsa
recipewith n, stepsof eachactiontype ¢, wheren, is the
largestnumberof element®of typet thatoccurin any segment
in thegroup.It mapseachsegmentin thegroupto thisrecipe,
andmapsthe segments elementsjn orderof occurrenceto
stepsof the sametypein therecipe.

After alignment,our algorithmdetermineghe optionality
of, andorderingconstraintdetweensteps.The INDUCEOP-
TIONAL function markssteps in reciper asoptionalif ary
segmentelementhatis marked optionalis mappedo s or if
somesggmentis mappedo r but containsno elementthatis
mappedio s. The INDUCEORDERING function addsa con-
straintthatorderssteps; beforesteps; unlessthereis a seg-
mentthatcontainselements; ande; suchthate; is mapped
to s; ande; is mappedo s; andeithere; occursbeforee; or
theannotationgndicatethatthis orderingwaspossible.

We omitthe pseudaodeof the ALIGNMENT, INDUCEOP-
TIONAL, andINDUCEORDERING functionssincethey arenot
thefocusof this paper

3.1 Inducing propagators

We now presentanddiscussmethodsfor inferring bindings,
constraintsand parameter®f non-primitive actions,which
we will referto collectively aspropagators.

The role of propagatorss to enforce equality relation-
shipsamongthe parametewaluesof primitive actions. For
example,in ataskmodelfor cookingspaghettimarinarathe
cooked pastamustbe the samepastato which sauceis later
added.n contrastdifferentknivescanbeusedo cut,say the
tomatoesandthe mushroomsTheseequalityrelationscross
the boundarief mary actionsandrecipes,.e. they arenot
localto ary particularrecipe.

The first stepof learningpropagatords to decidewhich
parametersaluesshouldbeforcedto beequal.For example,
if the sameknife is usedto cut vegetablesn all examples,
thenwe canconcludethatthe sameknife mustbeused.If we
thensawv anexamplein which differentkniveswereused,we
would retractthis constraint. Alternatively, the annotations
canindicatethatdifferentknivescould have beenused.

A problemarisesdueto pairsof stepsthat never occurin
the sameexample. As showvn in Figure4, thereexist consis-
tenttaskmodelsthatconstrairthe parametersf thesestepgo
beequal.Suchmodelsarecounterintuitive becaus¢hey pos-
tulate elaborateconstraintghat are not positively suggested
by ary example. Further to remove all unnecessargon-
straints,the learningalgorithm must seeexamplesthat con-
tainall pairsof stepsthatareunrelatedto eachothetr

To addresshis problem,we proposea biasagainsimodels
with unsuggestegropagators.A modelm’s propagatoris

suggestedby anexamplee € £ if: (1) e containstwo param-
etersof primitive actionsthat are not annotatedas unequal
andhave the samevalue;(2) thereexists anotherexamplee’
such(a) €' is identicalto e exceptthat the two parameters
have differentvalues;(b) m is not compatiblewith ¢’; and
(c) removing the propagatofrom m producesa modelwhich
is compatiblewith e’. For example,in Figure4, noneof the
propagatorsare suggestedecausaio parametewaluesare
equalin the two examplesbeingmodeled.However, in Fig-
urel, all of the propagatoraresuggested.

We proposehefollowing bias:
Suggested parameter preference bias: A modelm; is pre-
ferredto modelm; givenannotate@xamplest iff all of m;'s
propagatorsare suggestedy an examplein £ andm; has
propagatorshatarenot suggestedby any examplein £.

Modellearningthusbenefitfrom OccamsRazor:thesim-
plestmodelthat explainsthe datashouldbe preferred. For
propagatorsye claimthesimplestmodelcontainsonly what
is neededo explainthe equalitiesevidentin theexamples.

Note that an unpreferrednodelmay becomepreferredas
more examplesare seen. In Figure 4, if we sawv [d(1),9(1)]
and[f(1),e(1)] thenall the propagatorsn the moreelaborate
taskmodelwould be suggeste@ndsoit would be preferred.

Figure5 shavs pseudacodefor analgorithmfor learning
propagatorsvith two modespnethatis soundwith noprefer
encebiasandonethatis soundunderthe suggestegarame-
terbias. Thealgorithmtakesasinput the annotateaxamples
andataskmodelthatlackssomeor all of theseelementsand
producesa morecompletetaskmodel.

A datastructurethatis usedto facilitatethe computatiorof
propagatorss apath. A pathstartsata parameteof aprimi-
tive actionand“follo ws” apossiblyemptysequencef recipe
steps.Givena pathp thathasa non-emptysequencef steps,
STEP(p) returnsthelastrecipestepin the sequenceTAilL (p)
returnsa pathidenticalto p exceptthatsTeEP(p) is absentand
RECIPE(p) returnstherecipethatcontainssTep(p).

Thealgorithmworks by consideringall pairsof pathsthat
endatthesamerecipeR. If theparameteratthestartof these
pathsshouldalwaysbe constrainedo be equal(the criteria
for thisdepend®nthepreferencdias),thenasetof propaga-
torsareaddedo thetaskmodelto make surethis will bethe
case.The propagator@readdedin a top down fashion first
with a constrainton R, andthenrecursvely addingparam-
etersto non-primitivesand bindingsto recipesthat achieve
them.

The following theoremstatesthat our algorithmwill pro-
ducea soundand completemodel by addingpropagatorg$o
its input model.



INDUCEPROPAGATORS (m,£) =
forall R in ALLRECIPES(m)
ADDCONSTRAINTS(R,E)
ADDCONSTRAINTS (R,£) =
L0
P + NONRECURSIVEPATHSTORECIPE(R)
forall pin P _
L « L UPATHPAIRINGS(p, P,E)
forall Lin L
forall pairsp,p’ in L
name < PROPAGATENAME(p,null)
name’ < PROPAGATENAME(p',null)
addaconstraintbetweerparametename of STEP(p)
andparametename’ of STEP(p')
PROPAGATENAME (p, inName) =
tail < TAIL(p)
if tail hasnosteps
then pName < NAME(START(p))
else
pName < GENSYM()
PROPAGATENAME(tail,pName)
if inName # null
R + RECIPE(p)
addaparametenamedinName of type TY PE(START(p))
to PURPOSE(R)
addabindingbetweerparameteinName of PURPOSE(R)
andparametepName of STEP(p) to R
return pName
PATHPAIRINGS (p, P,£) =
L0
forall p’ in P
if PARAMETER(p) andPARAMETER(p') have
never beennegatively relatedin £
and eitherp andp’ have beenpositively relatedin £
or the SuggestedParameteBiasis notin effect
then £ + £ U {{p,p'}}
return £

Figure5: Pseudacodeto infer propagators

Theorem: Givenaset&, andataskmodelm without ary
propagatorsuchthat thereexists a modelm' thatis sound
and completeon &£, andthatm andm/' differ only in their
propagatorshenI NDUCEPROPAGATORS(m, &) will returna
soundandcompletemodel.
Proof sketch: The role of propagatorss to enforceequality
amongthe parametersf primitive actionsthatmustbeequal,
basedon the annotatedxamples.Sinceequalityis a binary,
transitive relationshipjt sufficesto considemparameterena
pair-wise basis. If ary parameterfiave beenunequalin ary
of the annotatedxamplesthenour algorithmwill not make
themequal. This is appropriatesincethis exampleimplies
thata correctmodelshouldnot force themto be equal. Oth-
erwise withouta preferencdias,ouralgorithmwill forcethe
parameter$o beequalwhichis appropriatesincethereexists
a preferred consistenmodelwhich forcesthe parameterso
beequal.If we usethe Suggeste®arametePreferencaias,
thenour algorithmwill notforcethe pair of parameterso be
equalwhichis appropriatesinceary modelthatdoesenforces
equalitywill containunsuggestegropagators.

It follows thatif the alignmentand otherinductioncom-
ponentsof our algorithmarecorrect,thenLEARNMODEL is
soundandcomplete.

4 Implementation and Empirical Results

Thegoalof our experimentss to betterunderstandhetrade-
off betweenhow much information the expert providesin
eachexample and how mary examplesmust be provided.
We simulatea humanexpert that providesvarying typesof
annotationsThisapproaclocusegheresultsonthistradeof
ratherthanthe bestway to elicit annotationdgrom the expert.

The algorithmdescribedn the previous sectionis a sim-
plified versionof the onewe have implemented.Our imple-
mentationis incrementaland acceptsa wider classof anno-
tations,includingexplicitly providing propagatorsAddition-
ally, in lieu of ourrestrictionsof themodellanguageannota-
tionscandirectly provide recipeandstepnamesAlso, while
the INDUCEPROPAGATOR algorithmwe presentegroduces
aninordinatenumberof propagatorsourimplementatiorre-
usespropagatorsvhenpossible. Our deployed systemwill,
of course have to allow taskmodelsto be editedin orderto
give semanticallymeaningfulnamedo recipesandsteps.

For our experimentswe startwith a targettaskmodeland
useit asanoracleto bothgenerat@andannotateestexamples.
After eachexample,we determineif the algorithmhaspro-
ducedataskmodelequialentto the targettaskmodelgiven
the examplesit hasseen. Additionally, after eachexample,
we computetheerror rate i.e.,ameasuref how differentthe
currenttaskmodelis from thetargetmodel.Finally, we deter
mineif eachexamplewasuseful i.e. if it containedarny new
information that was not implied the previous example, by
seeingf thealgorithm'sinternaldatastructuresverealtered.

We ran our experimentson two target task models. The
first modelspartof a sophisticatedool for building graphical
userinterfaces,called Symbol Editor. The modelwascon-
structedin the procesf developinga collaboratie agentto
assistovice users.Themodelcontains29 recipes67 recipe
steps,36 primitive acts,and 29 non-primitive acts. A typi-
cal examplecontainsover 100 primitive actions.The second
test model was an artificial cooking world model designed
specificallyto develop and testthe techniquespresentedn
this paper The modelcontains8 recipes19 recipesteps,13
primitive acts,and 4 non-primitive acts. An exampletypi-
cally containsabout10 primitive actions.Both modelshave
recursverecipes.

Sgymentationsandnon-primitive actionnamesarealways
providedby the oracle but we variedwhetherthe otheranno-
tationswereprovided. We ranall variationsof possiblecom-
binationsof annotatiortypes,andreporta subsetn Tablel.
In the table, O indicatesthat all ordering annotationsare
given,E indicategthatall equalityannotationsaregiven,and
Pindicateghatall propagatoraregiven. 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 3 111 24 1 0.4
EP 7.2 4 141| 3.0 2 0.5
EO 7.2 3 104 | 14.2 3 47.0
E 8.1 4 13.1| 144 3 46.9
(0] 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 examplesneededo learntaskmodels.
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stepsdid not significantlyimpactthe results,exceptwhenall
otherannotationsveregiven(indicatedby 'All’ in thetable).
The reasonfor this is that optionality is the easiestaspect
to learnbecauseét doesinvolve relationshipsetweensteps.
Notethatannotatingequalitiesdoesnot addary information
when propagatorsare given. The reportedvaluesare aver-
agedover randomizedsequencesf examples— 100 trials
for thecookingdomainand20 trials for the SymbolEditor.

The main surpriseis that providing equality annotations
dramaticallyreduceghe numberof requiredexamples.This
is interestingoecausét seemdikely thatit will bemuchless
onerousfor a humanexpertto indicatewhenapparenequal-
ities in the examplearecoincidentalthanto constructall the
propagatoinformationdirectly.

Another interestingresultin Table 1 is that learning is
stronglyinfluencedby the orderin which examplesare pro-
cessed. This is reflectedboth by the minimum numberof
requiredexamplesfor ary trial (the “min” column)andthe
averagenumberof uselessxamplesper trial (the “useless”
column).Onecouldimaginethata humanexpertwould pro-
vide examplescloserto theminimumthanto theaverageand
would not presenuselesgxamples.

Figure 6 shavs the error rateasa function of the number
of usefulexamplesseen. The error rateis measuredasthe
fraction of the total information that remainsto be learned.
The graphshows thatevenwhenit takesmary examplesto
learnthe correctmodel, e.g.,whenno extra annotationsare
given,thetechniquegjuickly learna modelwhich is closeto
thecorrectmodel.

5 Reated research

Bauer (Bauer, 1998, 1999) presentsechniquesfor acquir

ing non-hierarchicataskmodelsfrom unannotateéxamples
for the purposeof planrecognition(i.e., inferring a persons

intentionsfrom her actions). Sincethe task modelis used
primarily for recognition,Bauers algorithmlearnsonly the
requiredstepso accomplisteachtop-level goal. Bauerintro-

ducesheuristicgor solvingwhatwe referto asthealignment
problem.(In contrastwe side-stegheproblemby restricting
thetaskmodellanguage)Sinceour taskmodelsareintended
to supportcollaborationanddiscussiorof tasks,we foundit

importantto extendBauers work to handlehierarchicatask
modelsand optional steps. Additionally, we introducethe
notionsof soundnesandcompletenesfor taskmodellearn-
ing andshaw our algorithmhastheseproperties.

Tecuciet. al. (Tecucietal., 1999)presentechniquedor
producinghierarchicalf-thentaskreductionrulesby demon-
strationand discussiorfrom a humanexpert. Therulesare
intendedo beusedby knowledge-basedgenthatassispeo-
plein generatingplans.In their systemtheexpertprovidesa
problem-solvingepisoddrom whichthe systeminfersanini-
tial taskreductionrule, which is thenrefinedthroughaniter-
ative processin which the humanexpert critiquesattempts
by the systemto solve problemsusingthis rule. Tecuciet.
al. have not presentedormal analysisof their algorithms,
specifically addressedhe problem of inferring parameters
andbindingsfor intermediateyoals,or conductedxperimen-
tal exploration of the division of responsibilitybetweenthe
userandlearningalgorithms.

Otherresearchefforts have addressedspectsof the task
modellearningproblemnot addressedh this paper Angros
Jr. (2000) presentgechniquedhat learnrecipesthat contain
causallinks, to be usedfor the intelligent tutoring systems,
throughboth demonstratiorand automatecdexperimentation
in a simulatedenvironment. Masui and Nakayama(1994)
investigatedearningmacrosfrom obsenation of or interac-
tion with a computeruserin order to assistthe userwith
tasksthat occurfrequentlyor are inherentlyrepetitve. Lau
etal. (2000),in oneof thefew formal approacheto learning
macros,usesa versionspacealgebrato learnrepetitve tasks
in atext-editingdomain.Gil etal. (Gil andMelz, 1996;Kim
andGil, 2000)havefocusedndevelopingtoolsandscriptsto
assistpeoplein editing andelaboratingtaskmodels,includ-
ing techniquegor detectingedundancieandinconsistencies
in theknowledgebase andmakingsuggestions usersabout
whatknowledgeto addnext.
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