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Abstract

In a programmingby demonstratiorsystem,examplespro-
videdby theuseraregeneralizedo form abstractionshatare
usedby thesystem.Thereareseveralreasonsvhy thesystem
and the usershould collaborateto annotateexampleswith
knowledgethat guidesgeneralization. Theseinclude deal-
ing with inconsistencieamongexamplesor the underlying
domaintheory makingqueriesin orderto speedyeneraliza-
tion (e.g.,active learning),andmakingsuggestiongperhaps
basedon datamining) to changethe outcomeof generaliza-
tion. This papempresentshedesignof asystemhatinteracts
with usersvia a setof “guessers”algorithmsfor suggesting
possibleannotationgto the user in the context of learning
hierarchicataskmodels.

Keywords
programmingby demonstrationknowledgeacquisition

INTRODUCTION

In programmingby demonstratio(PBD) systemg[7, 14],
examplegprovidedby theuseraregeneralizedo form abstrac-
tions that are usedby the system. This generalizatiorpro-
cesss guidedby knowledgethatindicateswhich partsof an
exampleshouldbe generalizedandhow to generalizehose
parts. In this paper we call the combinationof the example
providedby the userandthe generalizatiolkknowledgeabout
theexampleanannotated=xample.

In somesystemg21, 11, 12], theuseris responsibldor gen-

eralizingthe example.This simplifiesthe systemput canbe

very difficult on the user At the otherend of the spectrum
aresystemghatuseatrtificial intelligencetechniqueso make

inferencebasedn multiple exampleq15, 6, 16, 9], possibly
without userguidance. This benefitsuserssincethey need
neither understandhe generalizationprocessnor annotate
exampleshut is notfeasiblein mary practicalsituations.

ThemostpracticalapproacHiesin themiddleground ,where
the systemand the usercollaborateto annotateexamples,
sinceusersand PBD systemshave nearly disjoint, comple-
mentarycompetencareag3]. Thispaperpresentshedesign
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for asystemthatinteractswith theuservia a setof guesses.
Guesserare algorithmsthat suggestpossibleannotations,
whichtheusereither‘takes”to addthegeneralizatiorknowl-
edgeor ignores.

In our framework, guesserslerive suggestiongrom diverse
knowledge sources. A guessercould encapsulate single
previous example, the currentgeneralizatiorof pastexam-

ples,generapiecesof domaintheory or acollectionof (pos-
sible noisy and outdated)raw data. They proposeinterac-
tions to resole inconsistenciesto speedgeneralizationpr

to changethe outcomeof generalization.Most PBD infer-

encetechniquescan be viewed as highly accuratejmplicit

guessersvhoseguesswrk is out of thecontrol (andpossible
out of sight) of theuser By contrastanexplicit guessecan
suggestinannotatiorthatis lesslikely to be accuratesince
theusercontrolswhetherthe annotatioris made.

Interactingwith guessersmprovesthe quality of both the
userexperienceandthe generalizatiorproducedy the sys-
tem. The userexperiencamprovesbecausghe environment
involvesthe userin thegeneralizatioprocessn avery flex-
ible way. Wheninvolved,the usercanbetterunderstandhe
problem (and the solution) on which the userand the sys-
tem arejointly working. Yet, if a userfeelsovertaxed, he
canreducehis involvementby ignoring mary or all of the
suggestiongsuggestionslo not demandthe users focus of
attention).Thequality of thegeneralizatiomnmprovesbecause
the userbetterunderstandshe annotatiortaskandprovides
moreannotations.

In our work, the guessersare organizedinto a committee,
andthe suggestionproposedo the userarethose“passed”
by the committee. This helpspreventinformationoverload,
wherethe userhasto wadethroughmary (possiblyconflict-
ing) suggestionsSecondasin queryby committeq20], as
long aswe ensurea minimum competeng of the members,
the committeesuggestionsare morelikely to be acceptable
to theuserthanthoseof arny individual guesser

In this paper interactingwith a committeeof guesserss

studiedin the contet of learninga hierarchicaltaskmodel,
a datastructureusedin mary fields of computerscience.
An existing taskmodeldevelopmentervironmentcombines
directmodelediting,PBD basedn partiallyannotate@gxam-
ples, and model verification throughregressiontesting[9].

The currentresearchntegratesguessersnto the example-



annotatingervironmentandshows how this cansimplify the
taskfor theuser

The next sectionof the paperdescribegprior work to infer a
hierarchicaltaskmodelsfrom annotatedxamplesprovided
by the user The third sectionof the paperdescribeshow
theuserandtheguesserimteractwhenannotatingexamples.
After a discussionand relatedresearchsection, the paper
concludeswith a brief descriptionof future work.

LEARNING HIERARCHICAL TASK MODELS

Previous work presenteda software ervironmentin which
programmingby demonstrationvasonepiecein the overall
procesgo develophierarchicataskmodels[9]. This section
describeghe representatiorand inferencealgorithmsused
by the PBD interfacein which a userdefinesand partially
annotates setof examples.Thenext sectionshavs how this
taskis simplified for the userwhenguessersreintegrated
into theinterface.

Many fields of computerscience— e.g., planning, intelli-
genttutoring, planrecognition,andinterfacedesign— gain
leverageby applyinggeneral-purposalgorithmsto domain-
specifictaskmodels.However, developinganaccuratelomain
modelis anengineeringbstaclelubbedheknowledgacqui-
sitionbottlene&. In sum,developingtaskmodelsis animpor-
tantandcomplex knowledgeacquisitionproblem.

In this work, the knowledgerepresentationandalgorithms
for inferring taskmodelsaremotivatedby the Collagensys-
tem[18, 17]. In Collagen,a collaborative interface agent
engagesn dialogswith a humanto jointly achieve tasks.
Collagentaskmodelsare hierarchical wheretasksare sub-
divided into subtasksso that the agentcan discusshow to

accomplishtasksin away thatis intuitive to the human.

A Collagentaskmodelis composedf actionsandrecipes.
Actionsareeitherprimitive, which canbe executeddirectly,
or non-primitive (also called “intermediategoals”), which
areachievedindirectlyby achievzing otheractions.Eachaction
hasatype;eachactiontypeis associateavith asetof param-
eters.Actions do not currentlyincludean explicit represen-
tationfor preconditionsandeffects.

Recipesaremethodgor decomposingion-primitive actions.
Eachrecipehasan objective, which is a non-primitive act,
andspecifiesa setof stepgo performto achieveits objectie.
Stepsareassumedo berequiredunlessthey arelabelledas
optional. Theremay be several differentrecipesfor achies-
ing a singlenon-primitive action.

A recipealsocontainsconstraintshatimposetemporabrder

ingson its steps,aswell asvariouslogical relationsamong

theirparametersi-or thepurpose®f thispapertheonly con-

straintsconsideredareequalities.Steps(parametershave a

nameaswell asa typein orderto allow for unambiguous
referenceso multiple stepg(parameterspf the sametype.

Figurel containssamplesf thisrepresentatiofor adomain
thatwill beusedthroughouthis paperasarunningexample.
Thisdomainis for anexisting applicationthatis agasturbine
enginesimulatorusedfor virtual training[19]. A taskmodel
in theform of Figurel is the desiredoutputof learning.

nonprimitive act OpenFuel Val ves
parameter Engi ne gte

primitive act OpenFuel Val vel
parameter Engi ne gte

recipe OpenFVReci pe achieves OpenFuel Val ves

steps OpenFuel Val vel openfvl
OpenFuel Val ve2 openfv2
constraints  achieves. gt e = openfv2.gte

openfvl.gte = openfv2.gte

Figure 1: Collagenrepresentationfrom a sampledomain
(keywordsarein bold).

Partial annotations and learning

Within the taskmodeldevelopmentervironment,thereis a
division of laborbetweertheuserandthecomputertheuser
providesannotatedxamplesandthe learningsystemgener
alizesthetaskmodel. An expertcanprovide minimal anno-
tationsaboutmary examplesor moreexhaustve annotations
aboutfewer examples.Someannotationgrovide moreuse-
ful informationto thelearningenginethanothers.

Thissubsectiomescribefiow adomainexpertpartiallyanno-
tatesexamplesand how the learning engineinfers a task
modelfrom them. Informally, theinput to the learningalgo-
rithmis aserieof demonstrationsgzachoneexplicitly showvs
onecorrectway to performataskand,via annotationsindi-
catesothersimilar waysthatarealsocorrect. A formal def-
inition of an annotatedexampleandthe learningalgorithm
canbefoundin [8].

An exampleis alist of instantiatedactions(actiontype plus
specificvaluesfor parametersjhat constitutethe achieve-
mentof a goalin the domain. For instance the usermay
demonstratéow to operatethe gasturbineengineusingthe
simulator Thiscreategminimally annotate@xample where
all actionsaregroupedunderonenon-primitivewith amachine
generatedchame. In Figure 2, the only changemadeby the
userafterthe demonstratiorwasto changethe nameof this
top-level actto St ar t Eng.!

Threespecificannotations— segmentation, unequals, and
optional — aredescribedelon. The PBD interfaceallows
auserto make theseg(andother)annotationsaswell asmore
mundaneefinementsuchasaddingor deletingsteps.

Seggmentationis an annotationthat groupsrelatedactions;
eachsuchgroupis calleda sgmentandis associatedvith
a non-primitive actthatis the purposeof the segment. Seg-
mentscan be nested,so the elementsin a sggmentcan be

LIn practice,annotatingdoesnot have to be a secondpass— it canbe
interleaved with demonstrating.



Example 0

@ T StanEng
11 PressGTGOR{Generatar GENERATOR)
2 CpenBleedvWaliedEngine OMNE)
3 COpenFuelvalvel (Engine. JME)
41 CpenFuelvale2Engine. JME)
21 PressGTEORENQine ORE)
&1 PressGTEEngage(Engine ORE)
Ty SetThrottledThrottle THROTTLE, Speed FLLL)

IS [=] E3

Figure2: Firstexample

eitherprimitiveactsor sub-sgments.Segmentationis impor-

tantbecausat directly influenceshe ability of the learning
engineto correctlyalign the setof annotatedexamples,i.e.

determinewhich portionsof differentexamplesaremapped
to the sametarget concept. Unlike the other annotations,
theusermustprovide sggmentationsincethelearningtech-

niguesdo not make ary assumptiongbouthow to sggment
an example. The processf sggmentingan examplecanbe

a strugglefor the user sincethey mustattemptto determine
the bestabstractionso represenintermediategoals.

Non-primitiveactshave parametersyhichareneededo prop-
agateconstraintbetweerparametersf primitive actsin dif-
ferent sub-tasksf a task decomposition. Determiningthe
numberand type of parameterdor non-primitives can be
extremelydifficult for a userevenafteranexamplehasbeen
segmented Our generalizationechniquesnake soundinfer-
encesaboutthe numberand type of parameterghat non-
primitive actionsmust have in orderto be consistentwith
thesetof examples.

Inferring non-primitive parameterassistshe user;however,
it canretardthe corvergenceof the learningenginesignifi-
cantly Thisis becauseoincidentalequalitiesof parameter
valuesfor any two primitive actionswill be propagatedintil
anotherpair of acts,relatedby the samehierarchyof non-
primitive acts,have differentvaluesfor the parameter The
usercan remedythis by addingunequals annotationgfor
coincidentakequalities.

A demonstratiomloesnotindicatewhethera stepis required
eitherin generabr for thatparticulardemonstrationlf desired,
the usercanexplicitly indicatewhetheranactionis optional
throughan annotation. In the absenceof suchannotations,
inferenceas basednthesetof pertinentexamplegall exam-
plesthat are alignedto the sametarget concept): if a step

appears everyexample,it isrequired;otherwisejt is optional.

Our learningalgorithm distinguishesbetweenpositive evi-
dence(e.g.,annotatingthat a stepis required)and the lack
of neggative evidence(e.g.,the stepappearsn all examples
alignedto thisrecipe).Whengivenonly sgmentatioranno-
tations,inferenceis guaranteedo produceataskmodelcon-
sistentwith all examples. However, additionalannotations
may lead to inconsistenciese.g.,if two seggmentelements
aremappedo the samestepbut oneis annotatedsoptional
while the otheris annotatedsrequired.

Example1
@ T StanEngine
1) PressGTGOn{Genearator, GERERATOR)
@ 2 OpenFuelvalves
13 OpenFuelyalveZ (Engine WO
2 OpenFuelvalve! (Engine TW()
3 OpenBleedyvalvelEnging W)
43 PressGTEEngage(Engine T
Ay SetThrottleThrottle THROTTLE Speed.FULL)

S[=] B3

Figure3: Secondexample

A secondpartially annotatedexampleis shavn in Figure 3.
In this example, a different enginewas used,the userhas
decidedto namethe top-level act St ar t Engi ne, andthe
userhasgroupedtwo of the stepsinto a segmentthat hasa
purposeof type OpenFuel Val ves.

INTERACTING WITH GUESSERS

In typical PBD systemsit is solely the users responsibil-
ity to specify ary neededgeneralizatiorknowledge. This
sectionpresentsthe framework for a systemthat lightens
this burdenthrougha set of guessershat suggestpossible
annotationsthe useris freeto ignoreary or all suggestions.
Whenlearningtaskmodels,guesserganaid the userwhen
segmenting,determiningnon-primitive parametergnarking
optional steps,and making surethat aligned examplesare
consistent.

In ourframework, aguesseis ary algorithmthatimplements
atask-specifiapplicationprogrammingnterface(API). For

example,in our (Java-based}yystenthatassistaisergo anno-
tatedemonstrationgwo of the methodghata guessemust

implementare:
publ i c Bool ean unequal s (paranil, paranR)
publ i c Bool ean optional (step)

Thesemethodsallow the guesseto vote either“yes” (true),
“no” (false),or “abstain” (null) aboutwhetherthe guesser
thinksapotentialannotatiorshouldbesuggestedThisreturn
valueis typical, but somemethodsreturna concretevalue
(e.g.,for suggestinganew nameof asegment).It would bea
straightforvardextensionto allow for theguessesresponse
to includea confidencdactor

Thefollowing is alist of someknowledgesourceghatcould
constituteusefulguessergonly example-basedneshavebeen
implemented).The descriptionsaregroundedby describing
how a guessepf that type could simplify the users efforts
whenannotatinga demonstration.

Other examples A simplebut effectiveguesseencapsulates
anotherexampledefinedby the user ldentifying setsof
stepsthatconstitutea nestedsegmentcanbe doneby look-
ing to seeif subsetsof a sggmentin the currentexam-
ple constitutean entire segmentin the previous example.
Whenpiecef thecurrentexampleandthepreviousexam-
ple align to the sametarget concept,inconsisten&annota-
tionsarereadilyidentified.

Thecurrent generalization The generalizatiorof the cur
rentexamplescanidentify regularitiesthat do not appear



edu.isi.gte_collagen [in /garland/bdemo/versions\]
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Figured: Theusercontrolswhich guesserareactive.

in ary individual example. For example, perhapsthere
exists a recipewith four stepstwo of which areoptional.
In that case,it is possiblethat differentexamplesinclude
eachof the two optional steps,but noneinclude both of
them.Noneof theseindividual exampleswould recognize
the groupof four stepsasa segment,but their generaliza-
tion would.

Theinferencetechniques In a similar veinto active learn-
ing (seethediscussiorsection)avarenessf thestrengths
andweaknessesf the generalizatioomechanisntanlead
to usefulsuggestions.For example,“distant” (i.e., sepa-
ratedby multiple non-primitive acts)equalitiesslow con-
vergencewhenthey are coincidental. Reflectingon this,
the systemcould identify pairsof parameter$or which it
would be mostusefulto guessthat the equalitywascoin-
cidental.

Raw data Another sourceof suggestionsould be a data
mining algorithmoperatingon a pre-&isting, unannotated
usagelog. Suggestionsdasedon raw datacan be very
valuablesincethey mayidentify relationshipgheuserwas
unawvareof (but canverify) or hadforgotten.For example,
statisticattechniquesouldbeusedto suggesthatastepin
a particularsequencés optionalthroughanalysisof mary
similar sequencesSuchsuggestioris mosthelpful if the
stepappearsn all annotatedgxamples.

Domain Theory In mary PBD domains therearerelation-
shipsthat are guaranteedo hold (or nearly so). In our
case,recipeswill rarely decomposénto exactly n copies
of asetof stepsjnsteadtherecipeis likely to berecursve
or be repeatablen arbitrary numberof times (insteadof
for afixedn). Suchanalysismay leadto segmentations
thatmight notbe madeby anunaideduser

Heuristics Generalizatiorcanbe viewed assearchthrough
a conceptspace,so mary PBD inferenceproblemswill
admit usefulheuristics.In our casea guessemight pro-
posesgymentationsout of the spaceof all possiblesgy-
mentationsasedn minimumdescriptionengthcriteria.

The usercancontrol which guessersreactive at ary time.
For example,guessershat encapsulaténdividual examples
canbeincludedor excludedby checkinga box in the main

taskmodeldevelopmentwindow (the“Use to Suggest’col-
umnFigure4). Theactive guesserareorganizednto acom-
mittee (cf. Seunget al. [20]), which is run by a modera-
tor. Two expectedbenefitsareimprovedsuggestionandless
cognitive overheador the user(sincethereis lessinforma-
tion to manage).

In principle, therecould be a differentcommitteefor each
typeof suggestioeingvotedon (e.g. segmentationpption-

ality, sggmentpurposename),but that hasnot beenimple-

mented.Thecommitteemoderatoanalyzeshecurrentexam-
plein orderto determinewhich suggestionshouldbe voted

on,andwhatconstitutesawinningvote. Thecodefor agiven

moderatorcan be non-trivial and is sensitve to the exact

semantic@ssociatedavith the guessersAPl.

Ourbasicheliefabouttheinteractionstyleis thatit shouldbe
controlledby theuser Thus,in our currentimplementation,
suggestionsre postedto a “bulletin board” window shavn
in Figure5. The usercanbrowsethe suggestionshereand
doubleclick on anentryto asserthe suggestior(i.e., make
the suggestedransformatiorto the currentexample). This
manipulationmovesthat suggestiorinto the undostackand
resultsin thecomputatiorof a new list of suggestionsDou-
ble clicking on thetop of the undostackretractsthe sugges-
tion (i.e.,undoeghe transformation).

In Figure 5, the userhasreturnedto the first exampleto
renamethe top-level actto St art Engi ne to be consis-
tentwith the secondexample. After doing so, he seestwo
suggestiongrom Examplel: a goodonefor makinga sub-
sggmentanda badonefor renamingthe top-level actto be
OpenFueldlves. Also, the usercaneasilyrestorethe name
of thesegmentto St ar t Eng.

Theinteractiongustdescribeatouldbeextendednto amixed-
initiative collaboration For example theusercouldbeinvolved
in the voting processby overriding the criteria for a vote

KX Suggestions for Example 0

IM[=] E3

Guesser
[Example 1]
[Example 1]

Type
segmentation
name change

Sugoestion
[4#openfuelvalve, S#openfuelvalve?]--= subsegy
StatEngine--=0OpenFuelvalves

Type Suggestion |
name change |StanEngine-->StanEng

Guesser
|Undo Manager

Figure5: Thetableof suggeste@nnotations.



to pass,basedon the type of suggestiorandthe numberof
yesitno/abstainotes. Orthogonally the usercould authorize
the systemto take theinitiative for “good” suggestionsFor
example,perhaps userconsidersary segmentatiorsugges-
tion thathasa 100%vote with > 3 votesto be a goodone.
In thatcase the systemcould eitherautomaticallyasserthe
suggestionpop up a dialog box proposingthe suggestion,
or highlight the suggestionin the bulletin boardto attract
the users attention. Different“good” suggestiongould be
mappedo differentactions.Whethemiving thesystemmore
initiativein thiswaywould improve theuserexperiencds an
openresearctyuestion.

DISCUSSION

A principle of ourimplementatioris thatmoderatorshould
takeinto accountwhethertheproposednnotatiorwill change
the generalizatiorthatthe systemis constructing.However,
the largerissueat handis how to incorporateknowledgeof
thegeneralizatiorprocessnto system-useinteractions.The
usershouldfind theseinteractionscomprehensiblandhelp-
ful.

Onewayto incorporateknowledgeof thegeneralizatiomech-
anismis to involve the userin the learningalgorithm. For
example, if the usercan answer“yes” or “no” to queries
aboutmembershipr equivalenceegardingtheconceptdeing
formed(e.g.,the classof optionalsteps)a systemcanlearn
in polynomialtime[1]. Unfortunatelyansweringsuchqueries
canbedifficult for theuser

In the activelearning [5] paradigm the systemexertssome
controlovertheinputto the generalizatioomechanismThe
standardapproachalongthisline is for thelearnerto actively
selectfrom a known distribution of inputsto be classified
by the userin lieu of relying on randomsamplingfrom that
distribution. However, in programmingby demonstration
systemsthe user— not the systemor a randomselection
process— generateshe examples.Thus,in this setting,an
active learneris limited to selectingrom amongthe possible
piecesof generalizatiorknowledgethat might berelevantto
thecurrentexample.

Two importantissuesto be dealtwith by a PBD systemare
the possibility that the userwill want to respond‘l don't
know” or may make classificationerrors (cf. Angluin et
al. [2]). In our case,errorscould be introducedby out-
right incorrectannotationsor by the userreconceptualizing
the domain. Namely over the courseof defining several
examples,the usermay changewhat they believe to be the
correctanswer Reconceptualizinghe domaincan lead to
the changedn segmentationand the nameof the top-level
actin Figures2 and3.

Theonly reasorfor moderator$o make suggestionghatwill

not changethe outputof generalizatioris to seekconfirma-
tion for conclusionghatareweakly supported For example,
a usermight “surprise” the systemby indicatingthat a step

is requireddespiteevidenceto the contrary Suchnegative
examplesareoftenvery valuableto learningtechniques.

The intuition aboutseekingconfirmationis formalized by
probabilisticapproximatelycorrect(PAC) learningtheory[22].
For example,if a stepappearsn n — 1 out of n pertinent
examplesthe stepwill beinferredto be optional,regardless
of how largen is. In a PAC framework, however, the proba-
bility thatthisis correctdecreaseasn increaseslf theprob-
ability of correctnessiropsbelov somespecifiedthreshold,
the systemcan initiate an interaction. PAC techniquesare
robustin thefaceof classificatiorerrors.

Our systemprovidesanothertool to help the userto under
standgeneralizationWhile depressing buttonlabeled'pre-
view”, theuserseedhow thegeneralizationvill “explain” the
currentexample.For example thevisualizationwill indicate
theinferredoptionality of stepsjnferredparameteror non-
primitives, parameterghat are boundto domainconstants,
andparametershatareconstrainedo be equal. This expla-
nationis thusa way to shav a portion of the generalization
in avery groundedmanner

RELATED RESEARCH

Baueretal. [3] developedPBD techniquedor trainingintel-

ligent agentdo retrieve informationfrom variousweb sites.
A key part of the systemis a training dialog betweenthe
learningagentandthe system,wherethe agentmakes sug-
gestiondor thenext actionsto betakenor thenext landmark
to be used. Thesesuggestionare derived mainly basedon

the agents understandingf the domain(i.e., HTML struc-
ture).

Gil andMelz [10] andKim andGil [13] have reportedon a
wide rangeof issuesrelatedto building knowledgeacquisi-
tiontoolsfor developingdatabasesf problem-solvingknowl-
edge. In contrastto our approachof inferring task models
from annotatedxamples,they have focusedon developing
tools and scriptsto assistpeoplein editing and elaborating
taskmodels,ncludingtechniquegor detectingedundancies
andinconsistenciem theknowledgebase aswell asmaking
suggestionso usersaboutwhatknowledgeto addnext.

Constablg4] shaws the synegy that resultsfrom incorpo-
rating expectationsfrom multiple knowledge sourcesdur-

ing knowledgeelicitation. In Constable knowledgeabout
backgroundheoriesand knowledgeaboutinterdependenc
modelsare combinedto supportthe acquisitionof procedu-
ral knowledge. Constabléncludesa mechanisnfor making
suggestionso the userabouthow to fix programmingcon-
structsthatareill-specified.

In a complementaryapproachDIAManD [23] usesa com-
mittee of heuristicsto supporta users interactionwith an
underlyingPBD system. For example,DIAManD canrun
on top of SMARTedit, a PBD systemthat learnsrepetitve
tasksin a text-editingdomain. DIAManD’s committeepro-
poseshow the usershouldadd knowledge(for example,by



recordinga full exampleor by steppingthroughthe present
formulation of a macro). In contrast,our committeespro-

poseknowledgeto add to an example, but do not help a

userchoosebetweercontinuingto annotatehis exampleand

defininganew example.

CONCLUSION AND FUTURE WORK

This paperpresenteda PBD systemthat interactswith the

userwhendefiningexamplesthat will be generalized.The

userinitiated interactionsare basedon suggestiongor pos-

sible annotationswhich specify generalizatiorknowledge
aboutpiecesof the example. The suggestionsre proposed
by committeesof guesserseachguessercould representin

individualexample,ageneralizatiorof examplesadatabase
of raw data,theory-basedechniquespr arbitraryheuristics.
A key principlefor thecommitteemoderatorwhich controls

what suggestionsre voted on, is to make suggestionghat

aresensiblein light of the generalizatiormechanisnof the

systems We have indicatedhow this approachelpsto cre-

ate sggmentations speedssoundlearning of non-primitive

parametersandidentifiesinconsistenciebetweerannotated
examples.

Two key technicalissuesotyetfully addressedreensuring
the ongoingviability of proposedsuggestionsand control-
ling thetiming of committees.As to the first point: in gen-
eral,thereis no guarante¢hata suggestioomadeearlierwill
remainvalid if the userchangeghe currentexample,either
directly throughthe interfaceor throughtaking an alternate
suggestion Our currentapproachis to recomputehe setof
suggestiongrom scratcheachtime, but clearly incremental
updatemethodswvould bepreferable.

The secondssueis that someindividual guessersnay take
muchmorecomputatiortime thanothers enoughsothatthe
usermay be forcedto wait for the system.Guessershould
berunontheir own executionthreadssothis canbeavoided;
however, theremustbeaway for themoderatoto easilyter
minatethis thread. First, relatedto point above, the thread
may not completebeforethe userhaschangecdhe current
example thusinvalidatingthe computationwhenit doester
minate.Or, themoderatomay be ableto determinethe out-
comeof thevoteregardlesof thevaluereturnedoy guessers
thatarestill computing.Our currentimplementations syn-
chronous.
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