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Abstract
In a programmingby demonstrationsystem,examplespro-
videdby theuseraregeneralizedto form abstractionsthatare
usedby thesystem.Thereareseveralreasonswhy thesystem
and the usershouldcollaborateto annotateexampleswith
knowledgethat guidesgeneralization.Theseinclude deal-
ing with inconsistenciesamongexamplesor the underlying
domaintheory, makingqueriesin orderto speedgeneraliza-
tion (e.g.,active learning),andmakingsuggestions(perhaps
basedon datamining) to changetheoutcomeof generaliza-
tion. Thispaperpresentsthedesignof asystemthatinteracts
with usersvia a setof “guessers”:algorithmsfor suggesting
possibleannotationsto the user, in the context of learning
hierarchicaltaskmodels.
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INTRODUCTION
In programmingby demonstration(PBD) systems[7, 14],
examplesprovidedby theuseraregeneralizedto formabstrac-
tions that areusedby the system. This generalizationpro-
cessis guidedby knowledgethatindicateswhich partsof an
exampleshouldbegeneralized,andhow to generalizethose
parts. In this paper, we call thecombinationof theexample
providedby theuserandthegeneralizationknowledgeabout
theexampleanannotatedexample.

In somesystems[21, 11, 12], theuseris responsiblefor gen-
eralizingtheexample.Thissimplifiesthesystem,but canbe
very difficult on the user. At the otherendof the spectrum
aresystemsthatuseartificial intelligencetechniquesto make
inferencebasedonmultipleexamples[15, 6, 16, 9], possibly
without userguidance.This benefitsuserssincethey need
neitherunderstandthe generalizationprocessnor annotate
examples,but is not feasiblein many practicalsituations.

Themostpracticalapproachliesin themiddleground,where
the systemand the usercollaborateto annotateexamples,
sinceusersandPBD systemshave nearlydisjoint, comple-
mentarycompetenceareas[3]. Thispaperpresentsthedesign
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for asystemthatinteractswith theuservia a setof guessers.
Guessersare algorithmsthat suggestpossibleannotations,
whichtheusereither“takes”toaddthegeneralizationknowl-
edgeor ignores.

In our framework, guessersderive suggestionsfrom diverse
knowledgesources. A guessercould encapsulatea single
previous example,the currentgeneralizationof pastexam-
ples,generalpiecesof domaintheory, or acollectionof (pos-
sible noisy andoutdated)raw data. They proposeinterac-
tions to resolve inconsistencies,to speedgeneralization,or
to changethe outcomeof generalization.Most PBD infer-
encetechniquescanbe viewed ashighly accurate,implicit
guesserswhoseguesswork is outof thecontrol(andpossible
out of sight)of theuser. By contrast,anexplicit guessercan
suggestanannotationthat is lesslikely to beaccurate,since
theusercontrolswhethertheannotationis made.

Interactingwith guessersimproves the quality of both the
userexperienceandthegeneralizationproducedby thesys-
tem.Theuserexperienceimprovesbecausetheenvironment
involvestheuserin thegeneralizationprocessin a veryflex-
ible way. Wheninvolved,theusercanbetterunderstandthe
problem(and the solution) on which the userand the sys-
tem are jointly working. Yet, if a userfeels overtaxed, he
can reducehis involvementby ignoring many or all of the
suggestions(suggestionsdo not demandthe user’s focusof
attention).Thequalityof thegeneralizationimprovesbecause
theuserbetterunderstandstheannotationtaskandprovides
moreannotations.

In our work, the guessersare organizedinto a committee,
andthesuggestionsproposedto theuserarethose“passed”
by thecommittee.This helpsprevent informationoverload,
wheretheuserhasto wadethroughmany (possiblyconflict-
ing) suggestions.Second,asin queryby committee[20], as
long aswe ensurea minimumcompetency of the members,
the committeesuggestionsaremorelikely to be acceptable
to theuserthanthoseof any individualguesser.

In this paper, interactingwith a committeeof guessersis
studiedin thecontext of learninga hierarchicaltaskmodel,
a datastructureusedin many fields of computerscience.
An existing taskmodeldevelopmentenvironmentcombines
directmodelediting,PBDbasedonpartiallyannotatedexam-
ples, andmodel verification throughregressiontesting[9].
The current researchintegratesguessersinto the example-



annotatingenvironmentandshowshow thiscansimplify the
taskfor theuser.

Thenext sectionof thepaperdescribesprior work to infer a
hierarchicaltaskmodelsfrom annotatedexamplesprovided
by the user. The third sectionof the paperdescribeshow
theuserandtheguessersinteractwhenannotatingexamples.
After a discussionand relatedresearchsection, the paper
concludeswith a brief descriptionof futurework.

LEARNING HIERARCHICAL TASK MODELS

Previous work presenteda software environmentin which
programmingby demonstrationwasonepiecein theoverall
processto develophierarchicaltaskmodels[9]. Thissection
describesthe representationand inferencealgorithmsused
by the PBD interfacein which a userdefinesandpartially
annotatesasetof examples.Thenext sectionshowshow this
task is simplified for the userwhenguessersare integrated
into theinterface.

Many fields of computerscience— e.g., planning,intelli-
genttutoring,planrecognition,andinterfacedesign— gain
leverageby applyinggeneral-purposealgorithmsto domain-
specifictaskmodels.However, developinganaccuratedomain
modelisanengineeringobstacledubbedtheknowledgeacqui-
sitionbottleneck. In sum,developingtaskmodelsisanimpor-
tantandcomplex knowledgeacquisitionproblem.

In this work, the knowledgerepresentationsandalgorithms
for inferring taskmodelsaremotivatedby theCollagensys-
tem [18, 17]. In Collagen,a collaborative interfaceagent
engagesin dialogswith a humanto jointly achieve tasks.
Collagentaskmodelsarehierarchical,wheretasksaresub-
divided into subtasks,so that the agentcandiscusshow to
accomplishtasksin a way thatis intuitive to thehuman.

A Collagentaskmodelis composedof actionsandrecipes.
Actionsareeitherprimitive,which canbeexecuteddirectly,
or non-primitive (also called “intermediategoals”), which
areachievedindirectlybyachievingotheractions.Eachaction
hasatype;eachactiontypeis associatedwith asetof param-
eters.Actionsdo not currentlyincludeanexplicit represen-
tationfor preconditionsandeffects.

Recipesaremethodsfor decomposingnon-primitiveactions.
Eachrecipehasan objective, which is a non-primitive act,
andspecifiesasetof stepsto performto achieveits objective.
Stepsareassumedto berequiredunlessthey arelabelledas
optional. Theremaybeseveraldifferentrecipesfor achiev-
ing asinglenon-primitiveaction.

A recipealsocontainsconstraintsthatimposetemporalorder-
ings on its steps,aswell asvariouslogical relationsamong
theirparameters.For thepurposesof thispaper, theonly con-
straintsconsideredareequalities.Steps(parameters)have a
nameas well asa type in order to allow for unambiguous
referencesto multiple steps(parameters)of thesametype.

Figure1 containssamplesof thisrepresentationfor adomain
thatwill beusedthroughoutthispaperasarunningexample.
Thisdomainis for anexistingapplicationthatis agasturbine
enginesimulatorusedfor virtual training[19]. A taskmodel
in theform of Figure1 is thedesiredoutputof learning.

nonprimitive act OpenFuelValves
parameter Engine gte

primitive act OpenFuelValve1
parameter Engine gte

recipe OpenFVRecipe achieves OpenFuelValves
steps OpenFuelValve1 openfv1

OpenFuelValve2 openfv2
constraints achieves.gte = openfv2.gte

openfv1.gte = openfv2.gte

Figure 1: Collagenrepresentationsfrom a sampledomain
(keywordsarein bold).

Partial annotations and learning
Within the taskmodeldevelopmentenvironment,thereis a
divisionof laborbetweentheuserandthecomputer:theuser
providesannotatedexamplesandthelearningsystemgener-
alizesthetaskmodel. An expertcanprovide minimal anno-
tationsaboutmany examplesor moreexhaustiveannotations
aboutfewer examples.Someannotationsprovide moreuse-
ful informationto thelearningenginethanothers.

Thissubsectiondescribeshow adomainexpertpartiallyanno-
tatesexamplesand how the learning engineinfers a task
modelfrom them.Informally, theinput to thelearningalgo-
rithm isaseriesof demonstrations.Eachoneexplicitly shows
onecorrectway to performa taskand,via annotations,indi-
catesothersimilar waysthatarealsocorrect.A formal def-
inition of an annotatedexampleandthe learningalgorithm
canbefoundin [8].

An exampleis a list of instantiatedactions(actiontypeplus
specificvaluesfor parameters)that constitutethe achieve-
ment of a goal in the domain. For instance,the usermay
demonstratehow to operatethegasturbineengineusingthe
simulator. Thiscreatesaminimallyannotatedexample,where
all actionsaregroupedunderonenon-primitivewith amachine
generatedname. In Figure2, the only changemadeby the
userafter thedemonstrationwasto changethenameof this
top-level actto StartEng.

�

Threespecificannotations— ���������	��
��
������ , �����	��������� , and
����
���������� — aredescribedbelow. ThePBD interfaceallows
auserto makethese(andother)annotations,aswell asmore
mundanerefinementssuchasaddingor deletingsteps.

Segmentationis an annotationthat groupsrelatedactions;
eachsuchgroup is calleda segmentandis associatedwith
a non-primitive act that is thepurposeof thesegment. Seg-
mentscan be nested,so the elementsin a segmentcan be
�
In practice,annotatingdoesnot have to be a secondpass— it canbe

interleavedwith demonstrating.



Figure2: First example Figure3: Secondexample

eitherprimitiveactsorsub-segments.Segmentationis impor-
tantbecauseit directly influencesthe ability of the learning
engineto correctly ��������� thesetof annotatedexamples,i.e.
determinewhich portionsof differentexamplesaremapped
to the sametarget concept. Unlike the other annotations,
theusermustprovidesegmentationssincethelearningtech-
niquesdo not make any assumptionsabouthow to segment
an example. The processof segmentingan examplecanbe
a strugglefor theuser, sincethey mustattemptto determine
thebestabstractionsto representintermediategoals.

Non-primitiveactshaveparameters,whichareneededto prop-
agateconstraintsbetweenparametersof primitiveactsin dif-
ferent sub-tasksof a task decomposition.Determiningthe
numberand type of parametersfor non-primitives can be
extremelydifficult for a userevenafteranexamplehasbeen
segmented.Ourgeneralizationtechniquesmakesoundinfer-
encesabout the numberand type of parametersthat non-
primitive actionsmust have in order to be consistentwith
thesetof examples.

Inferringnon-primitiveparametersassiststheuser;however,
it canretardthe convergenceof the learningenginesignifi-
cantly. This is becausecoincidentalequalitiesof parameter
valuesfor any two primitiveactionswill bepropagateduntil
anotherpair of acts,relatedby the samehierarchyof non-
primitive acts,have differentvaluesfor the parameter. The
usercan remedythis by adding ��������������� annotationsfor
coincidentalequalities.

A demonstrationdoesnot indicatewhetherastepis required
eitherin generalor for thatparticulardemonstration.If desired,
theusercanexplicitly indicatewhetheranactionis optional
throughan annotation.In the absenceof suchannotations,
inferenceis basedonthesetof pertinentexamples(all exam-
ples that are alignedto the sametarget concept): if a step
appearsin everyexample,it is required;otherwise,it isoptional.

Our learningalgorithm distinguishesbetweenpositive evi-
dence(e.g.,annotatingthat a stepis required)andthe lack
of negative evidence(e.g., the stepappearsin all examples
alignedto this recipe).Whengivenonly segmentationanno-
tations,inferenceis guaranteedto producea taskmodelcon-
sistentwith all examples. However, additionalannotations
may lead to inconsistencies:e.g., if two segmentelements
aremappedto thesamestepbut oneis annotatedasoptional
while theotheris annotatedasrequired.

A secondpartially annotatedexampleis shown in Figure3.
In this example,a different enginewas used,the userhas
decidedto namethe top-level actStartEngine, andthe
userhasgroupedtwo of the stepsinto a segmentthathasa
purposeof typeOpenFuelValves.

INTERACTING WITH GUESSERS
In typical PBD systems,it is solely the user’s responsibil-
ity to specify any neededgeneralizationknowledge. This
sectionpresentsthe framework for a systemthat lightens
this burdenthrougha set of guessersthat suggestpossible
annotations;theuseris freeto ignoreany or all suggestions.
Whenlearningtaskmodels,guesserscanaid the userwhen
segmenting,determiningnon-primitiveparameters,marking
optional steps,and making surethat alignedexamplesare
consistent.

In ourframework,aguesseris any algorithmthatimplements
a task-specificapplicationprogramminginterface(API). For
example,in our(Java-based)systemthatassistsuserstoanno-
tatedemonstrations,two of themethodsthata guessermust
implementare:

public Boolean unequals (param1, param2)
public Boolean optional (step)

Thesemethodsallow theguesserto voteeither“yes” (true),
“no” (false),or “abstain” (null) aboutwhetherthe guesser
thinksapotentialannotationshouldbesuggested.Thisreturn
value is typical, but somemethodsreturn a concretevalue
(e.g.,for suggestinganew nameof asegment).It wouldbea
straightforwardextensionto allow for theguesser’s response
to includea confidencefactor.

Thefollowing is a list of someknowledgesourcesthatcould
constituteusefulguessers(onlyexample-basedoneshavebeen
implemented).Thedescriptionsaregroundedby describing
how a guesserof that type could simplify the user’s efforts
whenannotatingademonstration.
Other examples A simplebuteffectiveguesserencapsulates

anotherexampledefinedby the user. Identifying setsof
stepsthatconstituteanestedsegmentcanbedoneby look-
ing to seeif subsetsof a segment in the current exam-
ple constitutean entiresegmentin the previous example.
Whenpiecesof thecurrentexampleandthepreviousexam-
ple align to the sametarget concept,inconsistentannota-
tionsarereadilyidentified.

The current generalization The generalizationof the cur-
rent examplescanidentify regularitiesthat do not appear



Figure4: Theusercontrolswhich guessersareactive.

in any individual example. For example, perhapsthere
existsa recipewith four steps,two of which areoptional.
In that case,it is possiblethat differentexamplesinclude
eachof the two optional steps,but noneinclude both of
them.Noneof theseindividualexampleswould recognize
thegroupof four stepsasa segment,but their generaliza-
tion would.

The inference techniques In a similar vein to active learn-
ing (seethediscussionsection),awarenessof thestrengths
andweaknessesof thegeneralizationmechanismcanlead
to usefulsuggestions.For example,“distant” (i.e., sepa-
ratedby multiple non-primitive acts)equalitiesslow con-
vergencewhen they arecoincidental. Reflectingon this,
thesystemcould identify pairsof parametersfor which it
would bemostusefulto guessthat theequalitywascoin-
cidental.

Raw data Another sourceof suggestionscould be a data
miningalgorithmoperatingonapre-existing,unannotated
usagelog. Suggestionsbasedon raw datacan be very
valuablesincethey mayidentify relationshipstheuserwas
unawareof (but canverify) or hadforgotten.For example,
statisticaltechniquescouldbeusedto suggestthatastepin
a particularsequenceis optionalthroughanalysisof many
similar sequences.Suchsuggestionis mosthelpful if the
stepappearsin all annotatedexamples.

Domain Theory In many PBD domains,therearerelation-
ships that are guaranteedto hold (or nearly so). In our
case,recipeswill rarely decomposeinto exactly � copies
of asetof steps;instead,therecipeis likely to berecursive
or be repeatablean arbitrarynumberof times(insteadof
for a fixed � ). Suchanalysismay lead to segmentations
thatmightnot bemadeby anunaideduser.

Heuristics Generalizationcanbeviewedassearchthrough
a conceptspace,so many PBD inferenceproblemswill
admit usefulheuristics.In our case,a guessermight pro-
posesegmentationsout of the spaceof all possibleseg-
mentationsbasedon minimumdescriptionlengthcriteria.

The usercancontrol which guessersareactive at any time.
For example,guessersthatencapsulateindividual examples
canbe includedor excludedby checkinga box in the main

taskmodeldevelopmentwindow (the“Use to Suggest”col-
umnFigure4). Theactiveguessersareorganizedinto acom-
mittee (cf. Seunget al. [20]), which is run by a modera-
tor. Two expectedbenefitsareimprovedsuggestionsandless
cognitive overheadfor theuser(sincethereis lessinforma-
tion to manage).

In principle, therecould be a differentcommitteefor each
typeof suggestionbeingvotedon(e.g.segmentation,option-
ality, segmentpurposename),but that hasnot beenimple-
mented.Thecommitteemoderatoranalyzesthecurrentexam-
ple in orderto determinewhich suggestionsshouldbevoted
on,andwhatconstitutesawinningvote.Thecodefor agiven
moderatorcan be non-trivial and is sensitive to the exact
semanticsassociatedwith theguessers’API.

Ourbasicbeliefabouttheinteractionstyleis thatit shouldbe
controlledby theuser. Thus,in our currentimplementation,
suggestionsarepostedto a “bulletin board” window shown
in Figure5. The usercanbrowsethesuggestionsthereand
doubleclick on anentry to assertthesuggestion(i.e., make
the suggestedtransformationto the currentexample). This
manipulationmovesthatsuggestioninto theundostackand
resultsin thecomputationof a new list of suggestions.Dou-
ble clicking on thetop of theundostackretractsthesugges-
tion (i.e.,undoesthetransformation).

In Figure 5, the userhas returnedto the first example to
renamethe top-level act to StartEngine to be consis-
tent with the secondexample. After doing so, he seestwo
suggestionsfrom Example1: a goodonefor makinga sub-
segmentanda badonefor renamingthe top-level act to be
OpenFuelValves. Also, theusercaneasilyrestorethe name
of thesegmentto StartEng.

Theinteractionsjustdescribedcouldbeextendedintoamixed-
initiativecollaboration.Forexample,theusercouldbeinvolved
in the voting processby overriding the criteria for a vote

Figure5: Thetableof suggestedannotations.



to pass,basedon the type of suggestionandthe numberof
yes/no/abstain votes.Orthogonally, theusercouldauthorize
thesystemto take the initiative for “good” suggestions.For
example,perhapsa userconsidersany segmentationsugges-
tion thathasa 100%votewith !#" votesto bea goodone.
In thatcase,thesystemcouldeitherautomaticallyassertthe
suggestion,pop up a dialog box proposingthe suggestion,
or highlight the suggestionin the bulletin board to attract
the user’s attention. Different“good” suggestionscould be
mappedto differentactions.Whethergiving thesystemmore
initiativein thiswaywould improvetheuserexperienceis an
openresearchquestion.

DISCUSSION
A principleof our implementationis thatmoderatorsshould
takeintoaccountwhethertheproposedannotationwill change
thegeneralizationthat thesystemis constructing.However,
the larger issueat handis how to incorporateknowledgeof
thegeneralizationprocessinto system-userinteractions.The
usershouldfind theseinteractionscomprehensibleandhelp-
ful.

Onewayto incorporateknowledgeof thegeneralizationmech-
anismis to involve the userin the learningalgorithm. For
example, if the usercan answer“yes” or “no” to queries
aboutmembershiporequivalenceregardingtheconceptsbeing
formed(e.g.,theclassof optionalsteps),a systemcanlearn
in polynomialtime[1]. Unfortunately,answeringsuchqueries
canbedifficult for theuser.

In theactivelearning [5] paradigm,thesystemexertssome
controlover theinput to thegeneralizationmechanism.The
standardapproachalongthis line is for thelearnerto actively
selectfrom a known distribution of inputs to be classified
by theuserin lieu of relying on randomsamplingfrom that
distribution. However, in programmingby demonstration
systems,the user— not the systemor a randomselection
process— generatestheexamples.Thus,in this setting,an
active learneris limited to selectingfrom amongthepossible
piecesof generalizationknowledgethatmight berelevantto
thecurrentexample.

Two importantissuesto be dealtwith by a PBD systemare
the possibility that the userwill want to respond“I 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. Reconceptualizingthe domaincan lead to
the changesin segmentationand the nameof the top-level
actin Figures2 and3.

Theonly reasonfor moderatorsto makesuggestionsthatwill
not changetheoutputof generalizationis to seekconfirma-
tion for conclusionsthatareweaklysupported.For example,
a usermight “surprise” the systemby indicatingthata step

is requireddespiteevidenceto the contrary. Suchnegative
examplesareoftenveryvaluableto learningtechniques.

The intuition aboutseekingconfirmationis formalizedby
probabilisticapproximatelycorrect(PAC) learningtheory[22].
For example,if a stepappearsin �%$'& out of � pertinent
examples,thestepwill beinferredto beoptional,regardless
of how large � is. In a PAC framework, however, theproba-
bility thatthis is correctdecreasesas � increases.If theprob-
ability of correctnessdropsbelow somespecifiedthreshold,
the systemcan initiate an interaction. PAC techniquesare
robustin thefaceof classificationerrors.

Our systemprovidesanothertool to help the userto under-
standgeneralization.Whiledepressingabuttonlabeled“pre-
view”, theuserseeshow thegeneralizationwill “explain” the
currentexample.For example,thevisualizationwill indicate
theinferredoptionalityof steps,inferredparametersfor non-
primitives,parametersthat are boundto domainconstants,
andparametersthatareconstrainedto beequal.This expla-
nationis thusa way to show a portionof thegeneralization
in a verygroundedmanner.

RELATED RESEARCH
Baueretal. [3] developedPBDtechniquesfor trainingintel-
ligent agentsto retrieve informationfrom variouswebsites.
A key part of the systemis a training dialog betweenthe
learningagentandthe system,wherethe agentmakessug-
gestionsfor thenext actionsto betakenor thenext landmark
to be used. Thesesuggestionsarederived mainly basedon
the agent’s understandingof the domain(i.e., HTML struc-
ture).

Gil andMelz [10] andKim andGil [13] 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.

Constable[4] shows the synergy that resultsfrom incorpo-
rating expectationsfrom multiple knowledgesourcesdur-
ing knowledgeelicitation. In Constable,knowledgeabout
backgroundtheoriesandknowledgeaboutinterdependency
modelsarecombinedto supporttheacquisitionof procedu-
ral knowledge.Constableincludesa mechanismfor making
suggestionsto the userabouthow to fix programmingcon-
structsthatareill-specified.

In a complementaryapproach,DIAManD [23] usesa com-
mittee of heuristicsto supporta user’s interactionwith an
underlyingPBD system. For example,DIAManD can run
on top of SMARTedit, a PBD systemthat learnsrepetitive
tasksin a text-editingdomain. DIAManD’s committeepro-
poseshow the usershouldaddknowledge(for example,by



recordinga full exampleor by steppingthroughthepresent
formulation( of a macro). In contrast,our committeespro-
poseknowledge to add to an example, but do not help a
userchoosebetweencontinuingto annotatethisexampleand
defininga new example.

CONCLUSION AND FUTURE WORK
This paperpresenteda PBD systemthat interactswith the
userwhendefiningexamplesthat will be generalized.The
user-initiated interactionsarebasedon suggestionsfor pos-
sible annotations,which specify generalizationknowledge
aboutpiecesof the example. The suggestionsareproposed
by committeesof guessers;eachguessercould representan
individualexample,ageneralizationof examples,adatabase
of raw data,theory-basedtechniques,or arbitraryheuristics.
A key principlefor thecommitteemoderator, whichcontrols
what suggestionsarevotedon, is to make suggestionsthat
aresensiblein light of the generalizationmechanismof the
systems.We have indicatedhow this approachhelpsto cre-
ate segmentations,speedssoundlearningof non-primitive
parameters,andidentifiesinconsistenciesbetweenannotated
examples.

Two key technicalissuesnotyet fully addressedareensuring
the ongoingviability of proposedsuggestionsandcontrol-
ling the timing of committees.As to the first point: in gen-
eral,thereis noguaranteethatasuggestionmadeearlierwill
remainvalid if the userchangesthe currentexample,either
directly throughthe interfaceor throughtakingan alternate
suggestion.Our currentapproachis to recomputethesetof
suggestionsfrom scratcheachtime, but clearly incremental
updatemethodswould bepreferable.

The secondissueis that someindividual guessersmay take
muchmorecomputationtimethanothers,enoughsothatthe
usermaybe forcedto wait for thesystem.Guessersshould
berunontheirown executionthreadssothiscanbeavoided;
however, theremustbeaway for themoderatorto easilyter-
minatethis thread. First, relatedto point above, the thread
may not completebeforethe userhaschangedthe current
example,thusinvalidatingthecomputationwhenit doester-
minate.Or, themoderatormaybeableto determinetheout-
comeof thevoteregardlessof thevaluereturnedby guessers
thatarestill computing.Our currentimplementationis syn-
chronous.
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