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1 Intr oduction and Moti vation

Despitethenumerousadvancesin human-computerinteraction(HCI), mostdevelopmentsystemsstill

requireusersto convey knowledgeto computersand robots throughprocedural-programmingtech-

niques.For thevastmajorityof thepopulation,thistransferof knowledgeis limited by theprogramming

expertiseof theuser. Indeed,expertisein programmingis its own job skill. Most usershave neitherthe

experiencenor theinclinationto programcomputersandrobotsto performtheir tasks.In industrialset-

tings,many companiesdo not have theresourcesto automateproduction.For example,ABB Flexible

Automationestimatesthat98%of arcweldingis performedby handdue,in part,to thecomplexity and

durationof the programmingprocess.The down-time requiredto reprogramthe facilities may inter-

rupt productionandtheexpenserequiredto obtainprogrammingexpertisemaybetoo great.Thegoal

of theproposedresearchis to createa systemthat increasesknowledgetransferredbetweenusersand

computersor robots. Sincethe useris not a trainedcomputerprogrammer, the systemshouldallow

a userto “program” automationtasksby demonstration,insteadof writing softwarein a conventional

programminglanguage.

The broadparadigmof programminga systemto performa taskbasedon userdemonstrationsis

calledLearningbyObservation(LBO), ProgrammingbyDemonstration,TeachingbyExample, or some

permutationthereof.In anLBO system,theinputsareobservationsobtainedfrom userdemonstrations.

Sinceweareinterestedin usingLBO to automatetasks,theoutputof thesystemis sometypeof genera-

tivemodel,e.g., acontroller, productionprogram,etc. In thiswork, a taskis definedto beasequenceof

statesthataccomplishsomeoverall goal. Thestatessufficient to completethetaskarecalledsubgoals.

BecauseLBO is ageneralapproachto awidevarietyof tasks,addressingits majorissueswill find usein

many domains[21, 2, 11,14,35,27, 1, 17]. EachtimeanLBO systemobservestheuseror performsthe

task,theenvironmentmaybedifferent.Eventhoughminor perturbationsin theenvironmentcanderail

controllersandproductionprograms,mostpreviousLBO systemsassumethattheenvironmentis static.

An LBO systemthatcanoperatein a dynamicenvironmentwill facilitateits mainstreamacceptance.

As with all sensor-basedsystems,LBO mustcontendwith uncertaintyin raw sensorreadingsandin

determiningtheconfigurationof theenvironment[32]. In additionto uncertaintyin perception,anLBO

mustsystemmustalsodealwith uncertaintyin observinguserdemonstrations.If theuserdemonstrates

a taskseveraltimes,theinherentimprecisionandnonrepeatabilityof humanactionsduringdemonstra-

1
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tion meanthattherewill beuncertaintyin determiningif anactionwasnecessaryto completethetaskor

anunintendedbyproductdueto a specificsetupof thetask. Sincetasksaresequencesof goal-directed

states,the intent of theusershouldbe consistentthroughoutall demonstrations,despitethe noiseand

imprecisionof heractions.TheLBO systemshouldattemptto capturethis intentto determinethesub-

goalsand,consequently, theoverallgoal,of thetask.For many domains,it maynotbeacceptablefor the

LBO systemmerelyto repeattheactionsof a userverbatim.In many instances,humansperformtasks

differentlythanacomputersystemwould.Also, if theLBO systemdoesnotgeneralizeandconsiderthe

intentof theuserthenit maybeimpossibleto accommodateperturbationsin theenvironment.Themain

issuesto addressin this proposedresearcharedesigninganLBO systemthataddressesuncertaintyin

sensinganduserdemonstrations,identifying theintentof theuser, generatinga robustautomationpro-

graminsensitive to changesin theenvironment,andincorporatingmultiple demonstrationsto improve

systemperformance.

2 RelatedWork

Virtually all task-basedprogramsusedin practicetoday replaya seriesof open-loopcommands.In

the user-interfacedomain,theseprogramsarecalled“macros”. To createa macro,a userspecifiesa

sequenceof commandswhich canberecalledlater. Generally, macrosarecreatedto simplify repetitive

taskswith novariationbetweenthem[2]. In theindustrialsetting,automationprogramsareusuallycre-

atedby moving therobot(or othersystem)throughasequenceof desiredlocations,called“waypoints”.

Sometimessensorsareusedto trigger the beginning andendof the program,but mostmove through

thewaypointsin anopen-loopfashion.Integratingsensorsinto thelocusof task-basedprograms(called

sensor-basedcontrolor visualservoing [18]) tendsto slow theirexecution.

Learningby Observationhasbeenthesubjectof muchstudyfor motor-skill acquisitiontasks.In [21],

researchersconstructedasystemthatallowedusersto generateanessentiallylimitlesssupplyof training

examplessteeringa car. Fromtheseexamples,thecomputersystemlearnedto imitate thecar-steering

skill of the user, usinga cameraasinput. In this work, the skill wasa memoryless,nonlinearcontrol

law. In [13], researchersperformedpsychophysicalteststo determinepatternsin thebehavior of users

performingsamplemanipulationtasks.Thesetestslookedfor clusters,or subgoals, in thestate-space

trajectoryof theplant(a simulatedtwo degree-of-freedommanipulator).A stochasticsearchalgorithm

2
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is thenusedto move throughthe subgoals,usingan approximatedforwardmodelof the manipulator.

However, thesestate-spacesubgoalshavenogroundingin thephysicalconfigurationof theenvironment

andany alterationin the work spacewould requirecompleteretraining. Furthermore,the methodof

state-spaceclusteringandthestochasticforward-modelsearchdoesnot scalewell with thestate-space

dimensionality.

Learningby Observationhasalsobeenusedto decomposea taskinto a temporalsequenceof prim-

itives. In [35], researchersusedHiddenMarkov Model (HMM) trainingtechniquesto learntelerobotic

manipulationskills. Theseskills wereopenloop, in that therewasno forceor visual feedbackto the

userdemonstratingthe task. In this work, a skill wasa finite-stateautomaton(FSA), with eachnode

executinga memoryless,nonlinearcontrol law andtransitionsdeterminedby HMM training on user

examples. In [6] a task,demonstratedby a user, is decomposedinto a sequenceof predefinedprim-

itives,calledBasicOperations, usingTime-DelayNeuralNetworks(TDNNs). The decompositionis

thenstoredin a symbolicfashion. A search,usingthe pre- andpost-conditionSTRIPSmodel[5], is

thenexecutedto determineasequenceof primitivesthatdescribesthesequenceobservedfrom theuser.

The segmentationderived from the TDNNs servesasan initial biason the searchandthe useris al-

lowed to makemodificationsto the automaticallygeneratedprogram. This type of symbolicsystem

doesnot considertheuncertaintyinherentin observationsandaddinga new primitive to thesystemre-

quirestraininga new TDNN, aswell asa creatinga new STRIPSpre-andpost-conditionmodelof the

primitive.Furthermore,all programs(whetherautomaticor usermodified)runwithoutany sensorinput

andareunsuitablefor mostrealisticoperatingconditions. In [17], researchersusedneuroscienceand

psychophysicalmodelsto selecta “basisset” of primitives. Observationsfrom usersaresegmentedto

determinetheprimitivesto executein a temporallysequencedor additivefashion.DynamicTimeWarp-

ing wasusedin [12] to decomposeobservationsinto symbolicprimitivesfor assemblytasks. In [1],

researchersusedapplication-specificad hocmethodsto createsymbolicdescriptionsof humanactions

in simulation.

Anotheruseof LBO is usingobservationsto primeapproximate,iterative optimal-controlmethods.

In [27], ademonstrationof anonlinearcontrolproblem(theinvertedpendulum)is usedto biastheinitial

estimateof aLinearQuadraticRegulator(LQR) usingQ-Learning.Thismethodarrivedatasatisfactory

solutionbetterthananorderof magnitudefasterthanstandardQ-Learning[34]. However, it is unclear

thattheapproachwill scalewith thedimensionalityof thetask.

3
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3 SystemDesign

A typicalproblemto besolvedby anLBO systemis givenby Figure1. A userdemonstratesataskwhile

theLBO systemobserves.Theusercanrepeatthetaskasmany timesasshewishes,andtheenvironment

maychangebetweendemonstrations.Oncethe taskdemonstrationsarefinished,theLBO systemde-

signsaprogramto performthetaskbasedonuserobservations.Thisprogrammayencountersituations

thatit did notobserve previouslyandmustbeableto adaptto modifiedenvironmentconfigurations.

Hand

Cam
er

a

�������� �� �	
�
� �

assembly 1 assembly n robot assembly 1 assembly n

Figure1: Tasksetupfor a typicalLBO problem.

Theconceptualflow diagramof theproposedLBO systemis given in Figure2. First, theconfigu-

rationof theenvironmentis determined(locationsof partsin thework space).Next, theLBO system

observestheuserperformingthetaskandtheseobservationsarefed into anothersubsystemwhich ex-

tractsimportantaspects,or subgoals,from the observations. The subgoalsare then associatedwith

objectsin theenvironmentsothatthesubgoalswill beupdatedasthecorrespondingobjectsarealtered.

At this point, theusercandemonstratethetaskagain,or allow theLBO systemto designa production

programto performthetask.In designingtheprogram,theLBO systemmustfirst considerobservations

from all userdemonstrations.TheLBO systemmapsall thedemonstrationsto a commonenvironment

configurationso that it candeterminethe structureof the taskbasedon informationgainedfrom all

demonstrations.The LBO systemthenperformsthe taskandincorporatesany modificationsthat the

usermayhave. A moredetaileddescriptionof thesubsystemsin theflow diagramwill begivenin the

following subsections.A data-flow chartof theoverall systemis givenin Section3.9.

4
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Figure2: Flow diagramof theoverall system.

3.1 Observingthe User

From the standpointof this research,thereare two broadtypesof observations: direct and indirect.

Direct observationrequiresthatusersperformthetaskwith thecomputeror robot. Thus,if a joystick

is usedto positiona mobilerobotor a teachpendantis usedto guidetheendeffectorof a manipulator

throughthe task,thenthe LBO systemcanobserve the stateof the robot directly throughGPS,shaft

encoders,etc. Direct demonstrationmakeslesswork for the LBO system,but the usermusttransfer

domainexpertisethroughfactitiousdeviceslike joysticksandteachpendants.If theuserdemonstrates

thetaskwithout usingthecomputeror robot, theLBO systemmustdeterminethestateindirectly. For

example,if theuserdemonstratesthetask“by hand”, thentheLBO systemmustmapsensorreadings

to the stateof the computeror robot, from a camera,instrumentedglove, or other device. Indirect

demonstrationallows theuserto transferknowledgeto computersor robotsin themostnatural,concise

mannerpossible.However, indirectdemonstrationraisesthe issueof mappingsensorcapabilitiesand

observability, thoughthis issueis presentin direct demonstrationto a lesserextent. When humans

performtasks,their actionsarebasedon feedbackfrom their sensesandeven the mostsophisticated

computersensorsuitesaredo not offer the wide rangeof sensoryfeedbackasthat of a human. Due

to thesesensingdifferences,clearly therewill besometasksoutsidethescopeof anLBO system.An

assumptionin this work is thestateof theuseris observableusingtheavailablesensors.

Thisresearchwill focusoncamerasastheprimarysourceof sensoryinput for indirectobservationin

reality-basedtaskssincewe feel thatcamerasarethemostgeneralandleastintrusive sensoravailable.

Reality-basedtasksare thosewheresomeportion of the task occursin the real world. Non-reality-

5
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basedtasksoccurentirely within a computerenvironment(e.g., simulatorsandWeb surfing). While

somedevices, suchas tactile gloves, can increasethe sensingcapabilitiesof the LBO system,they

tendto requirethat the usermodify the environmentor her behavior. Sinceoneof the goalsof this

researchis to maximizeknowledgetransferbetweenusersand computersystems,we would like to

avoid instrumentingtheuserin any obtrusive fashion.Additionalmodalinputs,suchasspeech,maybe

consideredasobservationssincethis mayhelp usersconvey domainknowledgeandmay bea natural

processfor many tasks.

The input to this subsystemis sometype of observation sensor(e.g., a camera,speechrecogni-

tion, laserrangefinder, etc.) andtheoutputis a discrete-timestatevector, ��� , describingthe (possibly

stochastic)configurationof theuserdemonstration(cf. Figure3).

observation
sensor

Observe
User

state vector

Figure3: Input/outputmodelof the“Observe User”subsystem.

3.2 Determining the Envir onmentConfiguration

To createa systemresilientto perturbations,theLBO systemmustbeableto describetheconfiguration

of its environment. This descriptionshouldbe sufficient suchthat any changesaffecting the taskare

captured. For example, if the task were painting differentblocks, a descriptionof the environment

might includethe position,orientation,andsizeof the blocks. Thus,changesin the environment,by

moving blocks,wouldbeconveyedthroughthisdescription.How this informationcanbeusedto handle

perturbationsin theenvironmentwill bediscussedin latersubsections.

Thedescriptionof theenvironmentcomesfrom sometypeof sensorcapableof conveying theneces-

saryinformation,potentiallythesamesensorthatobservestheuserperformingthetask.In determining

the configurationof the environment,objectocclusionwill be a problemthat mustbe addressed.If

certainobjectsin theenvironmentarenot visible, thenthedescriptionof theenvironmentconfiguration

is incomplete.

The input to this subsystemis sometype of environment-configurationsensorandthe output is a

descriptionof theenvironment,�����������������! " ! #�$�&%(' (cf. Figure4), where �*) describesthe + th object

6
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in theenvironment.

environment
sensor

environment
description

Determine
Environment
Configuration

Figure4: Input/outputmodelof the“EnvironmentDescription”subsystem.

3.3 Computing Subgoals

Thestatessufficient to completethetaskarethesubgoals.Fromthisperspective,subgoalsmarkimpor-

tantlocationsduringdemonstrationsof thetaskandprovidealayerof abstractionsothattheLBO system

canbetterinterprettheintentof theuser. Usingtheraw statevectors,theLBO systemcouldattemptto

repeattheactionsof theuserverbatim,but this would leadto severalproblems.First, how a computer

systemor robotperformsataskmaynotbethesameasahuman.So,attemptingto repeatidenticallythe

actionsof ahumanwith asystemthathasfewerdegreesof freedom,differentcontrollers,anddifferenta

priori knowledgemaybeanill-posedproblem.Also,humanstendto beimpreciseandaregenerallyun-

ableto repeattasksexactly;any systemthatreplaysthesequenceof humanactionsis subjectingitself to

thesameimprecision.Furthermore,it is quitedifficult to determinehow everyactionof theusershould

bemodifiedaccordingto changesin theenvironment.Estimatingfewerparametersgenerallyresultsin

betterperformance,if thestructureof themodelis sufficiently complex. Mappinga few subgoalsto a

new environmentshouldbeeasierthanmappingeveryactiontaken,especiallysincesubgoalsrepresent

importantlocationsandshouldbeeasierto identify in modifiedenvironmentconfigurations.

Variousresearchershaveincorporatedsomenotionof subgoalsinto theirLBO systems.Many attempt

to segmenta demonstrationaccordingto a discretesetof predefinedprimitives[11, 35, 12, 6, 17, 1].

Thesemethodsusetoolscommonin thespeech-recognitiondomain(hiddenMarkov models,dynamic

timewarping,time-delayneuralnetworks,andadhocmethods),while [13] explorednumericclustering

techniques.It seemsthatthepurposeof thesegmentingandclusteringis to abstractaway from raw ob-

servationsandallow theLBO systemto analyzetheintentof theusermoreeasily. However, attempting

to fit observationsto a discretesetof symbolsignoresthesourcesof uncertaintyoutlinedin Section1.

Furthermore,it assumesthat userswill not deviate from the predefinedprimitives, thoughallowing

additivecombinationsandparameterizingtheprimitivesdoesaddresssomeof theseissues[17].

7
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Of course,thereis no closed-form,optimalsolutionto determinethe intentof theuserandassump-

tionsmustbemadeto maketheproblemtractable.We assumethattheuserfollowssmoothtrajectories

betweenimportantlocations.For example,theusermovesherhandto an importantlocation,thento-

wardthenext. A high-level exampleof how a humanperformsa taskis givenin Figure5. Therewill

mostlikely be sometype of discontinuityat the locationof thefirst importantlocation,anotherat the

second,andsoforth. Thestateof theuserwhenthediscontinuitiesoccurarethesubgoals.

Hand

using feedback from my five senses.

I would like to move my comically oversized
hand to the first of a sequence of subgoals

first
subgoal

Figure5: High-level view of how humansperformtasks.

We proposedeterminingsubgoalsthroughprobabilistic,nonsymbolicmethods.Basedon theavail-

able observations ,(�-� �������.�*���! " ! #�/���0' , a model of the actionsof the user can be constructed,1� �"23� �54768,(�:9 , where���"23� is thestateof theuserattime ;*<>= (theoutputof theobserveusersubsystem,

Section3.1),
1� �"23� is anestimateof � �"23� , and 476.?@9 is thepredictivemodel.Sinceobservationsarenoise

corrupted,any estimatebasedon theseobservationswill bearandomvariable,andwe cancomputethe

likelihoodof
1� �!2A� when ���"23� becomesavailable.In general,this likelihoodcanbeexpressedasB 6 1� �"23��C ���!2A���.,(�7��DE9�� (1)

whereD representstheparametersof themodeldescribingthepredictionerror(e.g., a mixtureof Gaus-

sians,artificial neuralnetwork,etc.).Sinceit is assumedthattheuserfollowssmoothtrajectoriesexcept

at subgoals,dropsin the predictionlikelihood may be due to the userreachingonesubgoalandbe-

ginninga trajectoryfor the next. Stateswheredeclinesin the likelihood occurarethesubgoals.This

formulationrequiresonly a choiceof a predictionerrormodel, D , but doesnot requirethattheobserva-

tionsbesegmentedaccordingto preconceived“primiti ves”.Also, notethatEquation1 is causalandcan

8
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becomputedonline,while theuserdemonstratesthetask.A more-involvedexampleformulationof this

problemis givenin Section4.3.

Theinput to thissubsystemis thestreamof observationsin theform of statevectors.Theoutputis a

streamof subgoalsand(possibly)thelikelihoodthatthestateis, in fact,asubgoal(cf. Figure6).

Compute
Subgoals

state vector subgoals

Figure6: Input/outputmodelof the“ComputeSubgoal”subsystem.

3.4 AssociatingSubgoalsin the Envir onment

Most tasksaredefinedwith respectto objectsin theenvironment.For example,arc-weldingtasksare

definedwith respectto the locationsof partsto be weldedaswell as locationsto avoid obstacles.In

orderto achieve thegeneralityrequiredto dealwith changesin theenvironment,subgoalsareassociated

with objectsin the environment. As objectsaremoved, the subgoallocationsarechangedaccording

to theassociationrelationships.Onesimpletypeof associationis settingthelocationof thesubgoalto

co-occurwith thecornerof a block. As theblock is translatedor rotated,thesubgoalwould bemoved

accordingly. This subsystemidentifiessubgoal-environmentassociationsfor a singledemonstration;

refiningsubgoalsfrom multipledemonstrationsis describedin Section3.6.

Associatingsubgoalsin the physicalenvironment was addressedin [18]. This associationwas

achieved by determiningthe cornersof objectsin the work spacefrom cameraimages.Theuserwas

requiredto supply the subgoalsto the systemand thesesubgoalsweremanuallyassociatedwith the

cornersby theuser. As theobjectsin thework spacewerealtered,a corner-trackingalgorithmupdated

thesubgoalsfor thesystemaccordingly.

We proposeto createa systemto determinethe subgoal-environmentassociationsautomatically.

Subgoal-environmentassociationsoffer substantialbenefitsto anLBO system.By correctlydetermin-

ing the relationshipof the subgoalsto objectsin the environment,the accuracy of the LBO systemis

no longerlimited by theaccuracy of theuser, only by its accuracy to determinetheconfigurationof the

environment.Also, theseassociationsareoneof theprimary reasonsthat theLBO systemcanhandle

perturbationsin the work space.However, thereareseveral issuesto addressin makingthe subgoal-

9
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environmentassociations.Determiningthetypeof relationshipassumedto exist betweena subgoaland

theobjectsin theenvironmentis paramountto theperformanceof theLBO system.If this relationship

is incorrect,thenthe benefitsmentionedabove could harmthe performanceof the LBO system.For

example,if theLBO systemassumesthata subgoalis associatedwith onecornerof a block whenthe

relationshipshouldbetheaverageof thenearestthreecorners,thenthesubgoal-environmentassociation

maycausetheLBO systemto performworse.Objectocclusionwill alsobeanissue.If anoccludedob-

ject is neededfor a subgoal-environmentassociation,theLBO systemmustreformulatetheassociation

basedonavailableinformation.

The inputs to this subsystemaresubgoalsandan environmentdescription. The output is a setof

subgoalassociationsthatdescribesubgoal-environmentrelationships(cf. Figure7).

associations
subgoal

environment
description

Associate

Environment
Subgoals in

subgoals

Figure7: Input/outputmodelof the“AssociateSubgoal”subsystem.

3.5 Mapping Demonstrationsto the SameFrame

In orderto usemultipledemonstrationsto improveperformance,theLBO systemmustfirst accountfor

differencescausedby thecorrespondingenvironmentconfigurationfor eachdemonstration.While there

areLBO systemsthat allow usersto demonstratetasksmultiple times,thesesystemsrequirethat the

configurationof theenvironmentbeidenticaleachiteration[35,13]. Sincetheuserwill performthetask

differentlyaccordingto configuration-specificartifacts,theLBO systemshouldmapall demonstrations

into a canonical,or common,environmentconfiguration,�GF . After determiningthemapping,theLBO

systemusesthe subgoal-environmentassociationsto determinethe locationsof the subgoalsfor each

demonstrationin thecanonicalenvironment.At this point, theLBO systemessentiallyis “pretending”

thattheuserdemonstratedall tasksin thesameenvironmentconfiguration.

This mappingcanbeapproachedin severalwaysand,in general,thesemethodsoptimizeanobjec-

tive function.Thetypeof objective function,linearor nonlinear, determinesthealgorithmsappropriate

to use. With a linear objective function, algorithmsexist to optimizethe functionoptimally in a rea-

sonableamountof time [20]. However, a linearobjective functionmaynot describetheoriginal intent
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of theoptimizationwell, sononlinearobjective functionsmayhave to beincorporated.Most nonlinear

optimizationalgorithmsareheuristicin natureandtendto besatisfiedwith localmaxima[4].

In the generalproblemsetup,shown in Figure1, an assemblyentersenvironmentof the robotand

productionbegins.Whencompleted,thefirst assemblyleavesandthesecondenters,andsoforth. Given

theseconditions,themappingalgorithmcannotuseobject-trackingmethods,suchas[28], becausethe

LBO systemis not awareof how theobjectswereplacedon theassembly, sincethis occursoutsidethe

work spaceof therobot.Thismayseemlike anartificial restriction,but it is a reasonableassumptionin

practice.In industrialsettings,theassembliesmaybeconstructedovermany hoursby differentpeoplein

differentlocations.Thus,theonly informationthatshouldbeusedto determinethemappingfrom each

demonstrationto the canonicalconfigurationis the environmentdescriptionof the + th demonstration,� ) , andthecanonicalconfiguration,� F .
The issuesto addressin computingthe mappingare relatedto creatingan appropriateobjective

function. Theobjective functionmustbeableto copewith objectocclusionandextraneousobjects;it

is not reasonableto assumethat the mappingwill be bijective in all cases.Sincewe cannotrely on

bijective mappingsfrom environmentconfigurationsto all demonstrations,thenit is not reasonableto

assumethatall demonstrationscanbemappedto anarbitrarycanonicalconfiguration(sincefunctions

areinvertible if andonly if the function is bijective [7]). So, caremustbe takento selecta canonical

environmentdescriptionsuchthatall environmentconfigurationscanmapto it (suchthatthereexistsan

injectivefunctionmappingeachenvironmentconfigurationto thecanonicalenvironmentconfiguration).

Also, built into theobjective functionareimplicit assumptionsregardinglikely perturbationsto the

environment,suchastranslationsbeingmorelikely thanrotations.For example,in Figure8 theobjects

on theleft, �7=���H:��I7�.JK�$L:��M7�#N�' , mustbemappedto theobjectson the right, ��OA��PQ�$RQ��SK��T��$UV�XWA' , andthere

aremany plausiblesolutions.Any objectivefunctionthatgivespreferenceto onepossiblemappingover

anotheris implicitly assumingthatsomemappingsaremorelikely to have occurredthanothers.

Theinputsto thissubsystemarethecanonicalenvironmentconfigurationandthesubgoals,subgoal-

environmentassociations,andenvironmentconfigurationfrom oneor moreprevious taskdemonstra-

tions. Theoutputis thelocationof thesubgoalsin thecanonicalenvironmentconfigurationfor eachof

thetaskdemonstrations(cf. Figure9).
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Figure8: Theobjectson theleft mustbemappedto the“canonicalconfiguration”on theright.

mapped
subgoals

subgoal
associations

Environment
Mapping
Function

environment
description

canonical
environm

ent
description

subgoals

Figure9: Input/outputmodelof the“EnvironmentMappingFunction”subsystem.

3.6 Determining Task Structur e

Onceall the demonstrationshave beenmappedinto a canonicalenvironmentconfiguration,the LBO

systemcananalyzeall demonstrationsto determinethe intent of the user. As statedearlier, tasksare

definedto begoal-directedsequencesof statesandthesetof statessufficient to achieve theoverall goal

arethesubgoals.Theobjective of determiningthemodelstructureis to createa finite-stateautomaton

(FSA) that capturesthe intent of the user. The statesof the FSA shouldbe the subgoalsof the task

andtheFSA shouldterminateonly whentheoverall goalof thetaskhasbeenattained.Also, theFSA

shouldincludebranching(if-then-else-type)statementsto allow theLBO systemto recover from errors

or unexpectedpost-conditions.Researchershavealsoproposedusingconcurrentexecutionof states[17]

(parallelautomatasuchasPetriNets[19] area subjectof muchstudy). Therehasbeenmuchwork on
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finding optimal FSA topographiesfrom example inputs given different assumptions(acyclic, serial,

nondeterministic,probabilistic,etc.),suchas[8, 26, 23,25].

Despitethe wide rangeof algorithmsfor incorporatingmultiple training examples,therearevery

few LBO systemsthatattemptto exploit this information. Theprecisionrequiredby many tasksmay

be greaterthan sensorscan provide. For high-precisiontasks(e.g., vitreoretinalmicrosurgery [24])

therehave beenefforts to increasetheaccuracy of sensorreadings,but thesemethodsareprohibitively

expensive and impracticalfor mainstreamapplications. An LBO systemcould incorporatemultiple

demonstrationsof thetaskto achievegreateraccuracy thanthataffordedthroughasingledemonstration.

However, incorporatingdisparateexamplesfrom an impreciseandnonrepeatablesourcelike a human

is a challengingproblem. In [35], a Markov chainstructurewasdecideda priori andthesystemwas

trainedusing the forward-backward(Baum-Welch) algorithm[22]. However, [35] writes that oneof

theprimaryissuesyet to beaddressedis “selectinga reasonablestructureandnumberof states”.Also,

since[13] usedclusteringasthemeansof determiningsubgoals,multipledemonstrationswererequired.

Researchersthat usedpredicate-calculusstatementsin [11, 14, 12, 6, 1] to representuseractionsand

performedtheorem-proving searchesto determinethesequenceof commandsthatdescribesthetask.

Oncethenecessarysetof subgoalshasbeencomputedthroughFSA-trainingmethodsbasedon the

subgoalsfrom Section3.3,they areassociatedin thecanonicalenvironmentsothatthey canbeusedin

futureenvironmentconfigurations.The input to this subsystemis the locationof themappedsubgoals

in a commonframefrom oneor moredemonstrationsandthecanonicalenvironmentdescription.The

outputsarea list of subgoalsnecessaryto completethe taskandsubgoalassociationsin thecanonical

environment(cf. Figure10).

subgoal
associationsMapped

Subgoals

Associate

Environment
Subgoals inDetermine

Model
Structure

canonical environment description

necessary subgoals

Figure10: Input/outputmodelof the“DetermineModelStructure”subsystem.
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3.7 Performing Task

At this point, the LBO systemhasdeterminedthe setof necessarysubgoals,the correspondingtask

structuremodelledasanFSA,andtherespective associationsof thesubgoalsin thecanonicalenviron-

ment. Whenthesystemreproducesthetask,it mustfirst mapthecanonicalenvironmentconfiguration

to thecurrentconfigurationof theenvironment.This is thereasonthatenvironmentmappingfunctions,

mentionedin Section3.5,shouldbebijective. ThisallowstheLBO systemto determinethelocationsof

subgoalsin thecurrentenvironment. WhentheLBO systembeginsperformingthe task,the locations

of thesubgoalsareassumedto be staticso thatconstantsensorfeedbackfrom theenvironmentis not

necessary. Now, thesystemmustcausetheplantto move throughthesequenceof statesactivatedfrom

theFSA. Becausetheautomatonmay includebranchingstatements,informationregardingthe results

of actionsmustbe fed backinto the FSA to ensurethat thecorrectbranchis taken. If the automaton

hasconcurrentactive statesthenthecontrollermustbeableto executemultiplecommandsor combine

commandsin a sensiblefashion. Dependingon the plant, concurrentexecutionmay not be feasible,

combiningcommandsmaybeimplausible,andphysicallimitationsmayrendera subgoalunreachable.

All theseissuesareaddressedin the control-systemdesign. Furthermore,it is unlikely that a single

controllerwill achieve all subgoals(considera systemperforminglinear interpolationwhenan arc is

appropriate).Therefore,theLBO systemmayneedto incorporatecontrollerscheduling[30], a scheme

thatallowsdifferentcontrollersto becomeactivewhenconditionsdictate.

The inputsto this systemarethe setof necessarysubgoals,thesubgoalassociations,thecanonical

environmentdescription,andthecurrentenvironmentdescription.Theoutputis a list of locationsof the

subgoalsandtheperformanceof theLBO system(cf. Figure11).

mapped
subgoals

subgoal
associations

Environment
Mapping
Functionnecessary

subgoals

current
environm

ent
description

perform
task

system
performance

canonical
environment
description

Figure11: Input/outputmodelof the“PerformTask”subsystem.
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3.8 UserModification

After watchingthe LBO systemperform the task, the usermay want to makemodificationsto the

program.Theusershouldbeintegrated“into theloop” to achieve therequiredaccuracy by fine-tuning

subgoals,removing superfluoussubgoals,and addingnecessarysubgoals. This online modification

couldincludeclassicalmethodsof fine tuning,like a teachpendantor a joystick,or moresophisticated

techniqueslike tactilegestures[33] orgesture-basedprogramming[10]. Theonlinemodificationsshould

serve to improve thewayby which thesetof necessarysubgoalsis determined.Theusershouldalsobe

ableto demonstratethetaskagainif desired.

Despitetheshortcomingsof LBO to achieve highprecisionandexactinterpretationsof userdemon-

strations,very few researchersallow a userto modify the output of the system. Researchersin [6]

allowed modificationof the parametersfor the “filtering” processby which their LBO systemdeter-

minesthestructureof theoutputprogram.Also, theusercouldedit predicate-calculus-likestatements

to remove superfluousactions,called“Object Groups”,or addintendedandnot intendedactionsif any

wereomitted.

Theinput to thissubsystemis theperformanceof theLBO systemandtheoutputis somesetof mod-

ificationsto thenecessarysubgoals,usedto modify thewayby which themodelstructureis determined

(cf. Figure12).

necessary
subgoal modifications

system
performance

User
Modification

Determine
Model

Structure

Figure12: Input/outputmodelof the“User Modification” subsystem.

3.9 Data Flow

Figure13givesanoverview of thedataflow in theabstractLBO systemusingthesubsystemsdescribed

in theprecedingsubsections.
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Figure13: Dataflow in theabstractLBO system.

4 SampleImplementation

We have developeda simulatorto demonstratetheviability of someof the ideasin this proposal.The

simulatorallowsusersto demonstratetasksusingamousein anenvironmentof planargeometricshapes.

The tasksthat canbe demonstratedconsistof sequencesof clicking anddraggingoperations.Once

theuserhascompletedthe demonstrations,the simulatorreproducesthe taskusinga three-degree-of-

freedomplant. A screenshotof thesimulatoris shown in Figure14. While thesimulatoris clearlya

simplifiedsystem,we feel thatmany of thesubsystemimplementationsarerelevantto a completeLBO

system.

4.1 Observingthe User

Thepositionof thecursorandthestateof themousebuttoncomprisetheuserobservations,which are

givendirectlyto theLBO systemby thesimulatorwith thestate-variablevelocitiesestimatedfor control

purposes.For eachtimestep,theobservationsare ���f�hgji:k$lnm(oipk$lnmrqsk$lnm(oq!k�ltm*Pvuxw .
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Figure14: Screenshotof thesimulator.

4.2 Determining the Envir onmentConfiguration

Thestateof theenvironmentis determinedfrom a screencaptureandthe resultingimageis processed

usinganalgorithmto detectcornersof shapesin theenvironment[3]. Theenvironmentconfiguration

descriptionis comprisedof two-dimensionalcornerlocations.

4.3 Computing Subgoals

A system-level modelof thesubgoal-estimationmethodthatfollows is givenin Figure15. Essentially,

we would like to estimatethe parametersof a time-varying linearsystembasedon userobservations.

Whenthe likelihood of predictingthe next observation dropsdramatically, the currentobservation is

markedasa subgoal.
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Figure15: System-level modelof humantaskdemonstration.

Theobservationsfrom Section4.1areassumedto begeneratedby thenonlineardifferenceequation���G�y476z����{K����|��:9�<~} � � (2)

where ��� is an 6t����=�9 statevector, |�� is the 6nR���=�9 control vector, andthe additive Gaussiannoise} ����� 6n���#��9 . Thecontrol vector, |�� , representsexternal forceson the handof theusercontrolling

the mouse,aswell as “clicking” the mousebutton. The noiseterm, } � , encapsulatesthe sourcesof

uncertaintymentionedin Section1. LinearizingEquation2 ateachtimestepgives���f���������Q{p�E<~�G��|���<�} � � (3)

where � � is the discrete-timeJacobianmatrix and � � is the control-gainmatrix. Sincesubgoalsare

destinationstatesof thesystem,weassumethat|��G���(�K68� )A� ����{K��9�� (4)

where � � is a closed-loopstablefeedbackcontrol law matrix, and � ) is the + th subgoal.Essentially,

Equation4 meansthat the userexerts forceson her handto ensurethat it moves toward the current

subgoal� ) . However, oncetheuserreachesthe currentsubgoal,denotedby � ) ����� , shewill select

anothersubgoal,� )@23� , andmove toward it. We would like to know whenthe usermakesthis switch.

SubstitutingEquation4 into Equation3 andverifying that � ) ����� gives��� � 6n�>� � �G�:����9n����{K�*<��G�����Q� ) <~} � (5)� 6n� � �G�0����9 {K� 6n��� � �G�:���09t���Q{p�E<�6n� � �G���(�79 {K� } �� ��������{K�E<��} �  
If thereare ��� � samplesof Equation3 thenwe canform thematrixequationg�����?!?!?/���Q{� &23�¡u¢� 6n��� � �G�����:9£g ����{K��?!?"?.���Q{¤ �uK<��G�����¥g�� ) ?!?"?.� ) u:<§¦@} � ?!?!?�} ��{� ¨23�¡©ª ,(� � 6n��� � �G�����:9n,��Q{K�«<��G�7�(��¬�)K<Z­(�7 (6)
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Solving for the minimum mean-squarederror (MMSE) for the unknowns gives the moving-average

estimates ® � � ,���,(¯��{K� �°��� � 68,(� � ® �>,(�Q{p�#9$6n¬�) � ® ��,(��{K��9 ¯ �® � � ® �±< °���²6n� �
® ��9$� (7)

where, ¯ denotestheright pseudo-inverseof , . TheseMMSE equationsassumethatthecurrentstate

is thesubgoal.If the userhasselectedanothersubgoalthentheoldersamplesof themoving-average

Equation6 assumethatthereferenceis � ) while thenewersamplesassumethereferenceis � )@23� , which

will result in a large noiseterm, �} � . The likelihood of the noisecorruptingthe model is found from

Equation5 usingtheMMSE estimates,B 6 �} � 9³� T!i Bµ´ � �¶ �} � w¸·� {K� �} �:¹º 6nH�»E9n¼ C ·� C
� T!i B¾½ � �¶�¿ 6n� � °���À9n��� � 6 ® � � °���À9t���Q{p�¡Á w ·� {K� ¿ 6t� � °���À9t��� � 6 ® � � °���Â9n����{K�¡Á£Ãº 6tH�»E9 ¼ C ·� C  

Whentheuserchangessubgoals,thelikelihood B 6!�} � 9 falls dramaticallysuchthatB 6!�} � 9B 6ÅÄ} �Q{K� 9fÆ�Ç �
where Ç5È 6nÉ7�!=Q9 is a pre-determinedthreshold.Sincethe userchangedsubgoals� )>Ê�Ë� � , therefore� ) ª ���Q{p� , andthis vectoris saved for furtherprocessing.We have foundempiricallythata threshold

of Ç �ÌÉ: x= workswell when � ��="É with thestatevectordescribedin Section4.1.

4.4 AssociatingSubgoalsin the Envir onment

We assumethat theusermakeserrorswhich follow a Gaussiandistribution while demonstratingtasks.

Theprobability thata subgoaloccurredat eachcorneris computedfor all subgoals.If themost-likely

probabilityexceedsa thresholdthenwe assumethat theusermeantto placethesubgoalon thecorner

andthesubgoalis associatedwith thecorneroutright. Otherwise,thesubgoalis probablyintendedfor

obstacleavoidanceanddependson thelocationsof severalnearestcorners.We computeanassociation

suchthat the positionof the subgoalremainsunchangedbut is linearly relatedto the locationsof the

four most-likely corners. If any of thosecornersmove, it would affect the position of the subgoal.
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In Figure14, smallgreensquaresrepresentsubgoalsassociateddirectly with corners,while small red

squaresrepresentsubgoalsassociatedwith thefour nearestcorners(hopefully, thiscopyof theproposal

is in color).

4.5 Mapping Demonstrationsto the SameFrame

Betweeniterationsof demonstratingthetaskor allowing theLBO systemto performthetask,theuser

maymove objectsaroundin thesimulator. In orderto completethetasksuccessfully, theLBO system

mustdeterminewhichcornersin anearlierenvironmentdescriptionmapto thosein alaterone.Suppose

thereweretwo configurationsof objects,suchas in Figure8. The mappingfunction mustmapeach

of �7=���H7��I:�.Jp��L:�$M:�#N�' to oneof ��O3�$PQ��R���SK�#T���U£�XWA' . Onepossibleformulationis to considereachcorner

connectedto all othersby “springs”,for examplecornerI is connectedto all othercornersin Figure16.

2

3 4

1

5

76

Figure16: Intuitiverepresentationof the“spring” optimization.

Thespringconstantis givenby Í )ÏÎ Ð¸��Ñ��EÐ � ��).Ñ { ¶Ò � (8)

where��) is thelocationof the + th cornerand Ó is somesymmetricweightingmatrix. This formulation

putsstiff springsonclosecornersandweakspringsondistantones.Theresultingforceonthe + th corner

in the ; th demonstrationis 4¡)xÎ �Ô� Õ�&Ö/×$�GØ�rÖ#ÙÚ �¨Û
Í )xÎ Ð 6n� Ð � � ) 9Ñ��EÐ � �*).Ñ Ò  

If the + th cornerweremappedto the Ü th cornerin a subsequentdemonstration,then the magnitude
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changein forcecausedby thismappingisR )ÏÎ Ð �-Ý�Ñ.4 )ÏÎ � � 4 ÐnÎ �"23� Ñ�Þ¨� (9)

where Ý8O7Þ is the ceiling operationon O , which rounds O È IR up to next greatestinteger. We would

like to find a mappingsuchthat the total changein force is minimized. Thus,Equation9 is theobjec-

tive function in this optimizationproblem. Fromhere,we canformulatethe probleminto a weighted

bipartite-graphmatchingproblem,which can be solved by Linear Programming(optimality for this

formulationshown by [9]) andwe currentlyusethetwo-phaseSimplex algorithm.

AlthoughtheSimplex is, worstcase,anexponentialalgorithm,we have foundempirically that this

problemformulationdoesnot leadto acomputationalexplosion.Wehavecomputedbijectivemappings

for 50 cornersin a reasonableamountof time. Problemsof smallerandpossiblymorerealisticsize,

about15corners,canbecomputedin nearrealtime. However, thisformulationdoesnotalwaysreturnan

acceptablemapping,particularlywhentheenvironmentchangesdrasticallybetweeniterations.Also, the

LinearProgrammingformulationcanonlycomputemappingswhenobjectsarenotoccluded.To address

thesetwo issues,more sophisticatednonlinearoptimizationformulationsmay have to be developed.

More informationmayalsobeusedto determinethemappingcorrectly. Thisdescriptioncouldinclude

informationlike edges,color, or texture.

4.6 Determining Task Structur e

Severalmethodshave beeninvestigatedto determineanappropriatealgorithmto constructanFSA that

capturesthe intent of the usergiven subgoalsfrom multiple demonstrations.Onesuchapproachwas

similar to recentresearchin automaticphonemegenerationin speechrecognition[29]. This approach

trainsan HMM basedon transcriptsof speechutterancesto determinethe atomicunits of the spoken

language.However, thesealgorithmsrequiretranscriptsof thespeech,aswell asa largecross-validation

setto gaugewhentherecognizerhasdeterminedanappropriateHMM. If anincorrectstructurefor the

HMM is constructed,thenthe forward-backwardHMM training methodplacesthe target subgoalsat

meaninglessaveragesin the statespaceof the subgoals.SinceLBO systemslack a large transcribed

corpus,this methodnever performedadequatelyand took several hours for moderatelysizedtasks.

Another, morepromising,methodinvolvesdeterminingthestructureof a specialclassof FSAscalled

Acyclic ProbabilisticFinite Automata(APFAs). An algorithm,presentedin [25], givesa methodby
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which systemscancomputethe structureof an acyclic FSA basedon stochasticinputs. With some

modification,the algorithmhasbeenappliedto the LBO problemof determiningthe structureof an

APFA basedon thesubgoalsfrom multiple demonstrations.Essentially, themodifiedalgorithmlooks

for clustersin thestatespaceof thesubgoalswith considerationgivento their temporalorderingin the

demonstrations.Statesin the APFA canbe mergedbasedon similarity statisticsof the clusters.The

resultingAPFA is usedto control the simulatedplant to performthe task. Basedon tasksperformed

in thesimulator, this trainingalgorithmperformswell in thesensethat thestatesof theAPFA (theset

of necessarysubgoalsmentionedin Section3.6) arethe intendeddestinationstatesfor thesystemand

trainingtakeslessthanasecondfor moderatelysizedtasks.

start finish

1

1

2

2

22

1

1 2
2

1

1

Figure17: Targetpathfor usersandthecorrespondinglocationof subgoals,determinedby hand.

An exampletaskis shown in Figure17. Thepathis shown on theleft, wheresolid redarrowsmean

click anddragthemousewhile dashedbluelinesmeanmovewithoutclicking. Thenecessarysetof sub-

goals,determinedby hand,is shown on the right of Figure17. The locationsof all subgoalscollected

from varioususersin twentydemonstrationsareshown on the left of Figure18. Theuserdemonstra-

tionsweregivento theAPFA trainingalgorithmdescribedearlier. Thesimulatoris usingtheAPFA to

reproducethe taskon the right of Figure18, wherethe small squaresin the figure representthe sub-

goalsthat theAPFA trainingalgorithmdeterminedwerenecessaryto completethetask. Thesubgoals

from theAPFA trainingalgorithmappearquitesimilar to thehand-craftedsubgoalsin Figure17. The

22



Apr
il 1

0,
 2

00
1

Dra
ft 

Ver
sio

n

only discernabledifferencesarethat the APFA training algorithmplacedthe obstacle-avoidancesub-

goalsat incorrectlocations,thoughall obstacleswereavoidedandtheoverall goalof thetaskwasstill

accomplished.

Figure18: Locationsof subgoalsfrom 20userdemonstrationsandAPFA trainingalgorithmoutput.

Quantifying the amountof similarity betweensubgoalsetsis a difficult procedure.Onepossible

methodis to considerthehand-craftedsetof subgoalsto bea“targetstring” andtheoutputof theAPFA

algorithma “test string”, with eachstateor subgoalbeinga letter in thestring. Thenormalizedstring

editdistancecanprovidea disparitymeasurebetweenthesetwo strings[16]. Intuitively, this distanceis

thenumberof subgoalsthatmustbeadded,modified,or removedto get theoutputof APFA algorithm

to beequalto thehand-craftedset,normalizedby thelengthof thestring.For theAPFA algorithm,the

normalizedstringedit distanceis 0.11,roughlymeaningthat11%of thesubgoalsmustbemodifiedto

get an exact match. Using the HMM-basedmethodmentionedpreviously, the normalizeddistanceis

0.95,which is a miserableresultmeaningthat95%of its subgoalswould have to bemodifiedto getan

exact match. While thenormalizedstringedit distancegivessomemeasureof performance,thereare

someobviousdrawbacks.It cannotquantifytheamountof changethateachsubgoalmustbemodified

to get a match,only whethermodificationis needed.Also, it doesnot considerhow well the system

interpolatesbetweensubgoals,or evenif theoverall goalof thetaskwasaccomplished.
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4.7 Performing Task

To performthetask,thesimulatorusesadynamicalsystemwith theability to move andclick anddrag.

Theplantis thesmall,greenarrow in thetop-leftof Figure14. Theplantis governedby thedifferential

equations ßi:k$lnmà� � Pvá"â²6Koi:k$lnm�<�oqsk$lnm.9�<�ãKá�ä�â²�ßq!k$lnmà� � Pvå�â²6Koi:k$lnmV<�oq!k$lnm.9�<�ãKåQäsâ²�oP � � P&<~ã3æ/�
where ã á , ã å , and ã æ representthecontrolsfor the i , q , andmouse-buttoncoordinatesrespectively, P á
and P�å aredirectionaldamping-typecoefficients,and â is themassof theplant.Only thepositionof the

coordinatesof the plantaremeasurable,so a full stateestimatorwascreated[31] becausetheclosed-

loop stablePD controllerdesignedfor this plant requiresfull-statefeedback.An FSA representingthe

necessarysetof subgoalsservesasa referenceto the PD controller. Whenthe stateerror reachesan

acceptablelevel, theFSAtransitionsto thenext stateuntil thetaskis completed.Theproductionmodel

for thesimulatoris shown in Figure19.

Controller Plant

Estimator

+
−

control output

estimated state

desired state error

Figure19: Generalview of theproductionmodelfor thesimulator.

5 ProposedWork

Using theexperiencegainedfrom working with the simulator, we would like to build on our existing

algorithmsandtransitionto real-worldapplications.While we feel thatsomeof thealgorithmsusedin

the simulatorwill scaleto the final system,otherswill have to be reformulated.Futureefforts in this

proposedresearchwill besplit amongsttheoreticalandappliedwork.
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A large part of the theoreticalaspectwill involve determiningthe underlyingFSA structurethat

describesobservationsfrom multiple demonstrations.The performanceof the overall LBO systemis

tightly coupledwith this subsystemandpreviouswork in this areadoesnot addressmany of themost

importantissues.TheAPFA trainingalgorithm,outlinedin Section4.6,performswell but development

of thetheorybehindthealgorithmwill createabetterunderstandingof its usesandlimitations.

Anotherareaof work is to createarobustalgorithmto mapdemonstrationsto acommonenvironment

configuration.The currentformulationmakesthe unrealisticassumptionthatobjectocclusioncannot

occur. We proposeto develop an algorithmthat addressesobjectocclusion. This algorithmwill be

a nonlinear-optimizationproblemandcreatingthe objective functionwill requiresometime. Current

avenuesbeingexploredarebasedon topographymatchingsubjectto affinetransformations,graphically

similar to aKohonenNetwork.

Wealsoproposedto developarobustmetricthatdescribesthesimilaritybetweentwo demonstrations

of a task. This metricmustconsiderif theoverall goalof a taskwasachieved, the relative weight for

interpolatingbetweensubgoals,anda meaningfulquantitydescribinghow similar disparatesubgoals

are.

Incorporatingusersinto thedesignloopon theLBO systemsomewhatblurstheline betweentheory

andappliedresearch,but is importantto thesuccessof thesystem.Futurework in thisareawill involve

determiningpracticalwaysthattheusercanaid theLBO systemto improve performance.Specifically,

gesture-basedprogrammingseemsto be the most-appealingmodal input for users.However, an area

of active researchis multi-modalinterfaces,suchascombiningspeechandgesturerecognition.These

interfacescouldbeincorporatedasa wayof giving usersmoreinput to anLBO system.

On theappliedsideof theproposedwork, thetargettaskis arcwelding. While manualarcwelders

have extensive domainexpertise,mosthave never useda computerandvirtually nonehave computer-

programmingexperience.Theprocessthat humanarc weldersperformto accomplisha taskis much

differentthantheway thata robotarcwelderwould behave performingthesametask. Improving the

programmingprocessfor arc welding will appealto an industrythat, so far, hasresistedautomation.

As statedearlier, 98%of arcweldingis still performedby hand.Becauseof thesereasons,we feel that

arc welding encompassesmany of the most interestingissuesandthe resultswill be widely applica-

ble. Machine-visionalgorithmsarecentralto the LBO systemandmuchdevelopmentis needed.We

planonusingoff-the-shelfequipmentasmuchaspossible,but therewill inevitably betime-consuming
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integrationissues.

6 Evaluation of Research

Weexpectto evaluatethetheoreticalaspectsof theproposedresearchusinglimited cross-validationsets.

While requiringanassemblyto bearcweldedseveralhundredtimesdefeatsourmotivation,theCV sets

mustonly beusedfor the purposeof validatingthesubsystemsof this research.However, algorithms

developedfor the LBO systemwill not rely on large CV setsto performadequately. Feedbackfrom

domainexpertsusingthesystemto automatearc-weldingtaskswill serve to evaluatetheLBO system

from thepracticalside.Theircommentswill beusedto refinethealgorithmsof theLBO systemaddress

application-specificconcernsandto determinetheviability for practicalusesof thesystem.

6.1 ExpectedContrib utions

We expectto demonstratethatanLBO systemis a viableautomationtool andwill allow usersto “pro-

gram” automationtaskswithout relying on a trainedcomputerprogrammerto transfertheir domain

knowledge. Part of beinga viable automationtool requiresresilienceto perturbationsin the environ-

ment. Most previousLBO systemsdo not addressthis issue,andwe feel thatpreliminaryresultsfrom

thesimulatorareencouraging.Anotherkey aspectto move LBO into mainstreamuseis dealingwith

uncertainty. Oursystemis designedspecificallyto addresstheuncertaintyinherentin LBO.

We expect that the methodfor determiningsubgoalsin a non-symbolicfashioncould find its way

into different domains. Clearly this algorithm is useful in automationtasks,but thereare potential

applicationsto segmentingspeechfor betterphonemealignmentin thespeech-recognitiondomain.We

alsoexpectthatincorporatingmultipledemonstrationsto improvesystemperformancewill proveuseful

in many areas,suchasIntelligentAssistantAgents[15]. Theseagentsassimilatemultiple examplesof

userbehavior andattemptto helptheuserautomatedaily computer-basedtasks.Devising analgorithm

that determinesthe underlyingstructureof the task in a reasonableamountof time with a small set

of exampleswould be extremelyuseful,especiallyif the theoreticalaspectsof the algorithmarewell

understood,andwe fell thattheAPFA trainingalgorithmis agoodfirst step.
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6.2 Preliminary Timetable

Task Start date End date Duration

Verificationof algorithmsandconceptson toy applicationsandsimulators May 01 August011 4 months

Developmentandintegrationof stereovisionandobjecttrackingalgorithms September01 November011 3 months

Controlledexperimentsandverificationon robotmanipulators December01 March02 4 months

Experimentswith domainexpertsandincorporationof their feedback April 02 July 02 4 months

Write report July02 September02 3 months

Total May 01 September02 18months

Table1: Preliminarytimetableof researchmilestones.

Thefirst stepin this research,verificationof algorithms,is to ensurethat theconceptsoutlinedin this

proposalareviable. Theallottedtime is to devise follow-on algorithms,aswell asfinishingtheunde-

velopedsub-systems.

The secondstep,machine-visionalgorithmdevelopment,is the beginning of the transitionto real

robots. Thesealgorithmsarecritical to the successof the LBO system,sinceour systemdependson

visual input for observations. Thesealgorithmsmustbe ableto determinethe configurationof three-

dimensionalwork spaceswith ahighdegreeof accuracy tracktheuserin realtime. Off-the-shelfvision

systemswill beconsidered,aswill collaborationwith otherresearchers.

For thenext step,controlledexperimentson robots,theentiresystemwill befunctioningon manip-

ulators.Theexperimentswill focuson isolatingandevaluatingtheperformanceof specificcomponents

of theLBO systemandincorporatingimprovements.In laststageof development,experimentswith do-

mainexperts,theperformanceof theentiresystemwill becomparedto existingmethods.Furthermore,

feedbackfrom expertswill berefinetheLBO system.

1Theauthorwill beon leavefrom CarnegieMellon UniversityatABB CorporateResearchin Väster̊as,Swedenuntil theendof 2001.
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