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1 Intr oduction and Motivation

Despitethe numerousadvancesn human-computeinteraction(HCI), mostdevelopmentsystemsstill
requireusersto corvey knowledgeto computersand robotsthrough procedural-programmingech-
niques.For thevastmajority of thepopulationthistransferof knowledgeis limited by the programming
expertiseof theuser Indeed expertisein programmings its own job skill. Most usershave neitherthe
experiencenor theinclinationto programcomputersandrobotsto performtheir tasks.In industrialset-
tings, mary companieslo not have the resourceso automateproduction. For example,ABB Flexible
Automationestimateghat98% of arcweldingis performedoy handdue,in part,to thecomplity and
durationof the programmingprocess. The down-time requiredto reprogramthe facilities may inter-
rupt productionandthe expenserequiredto obtainprogrammingexpertisemay betoo great. The goal
of the proposedesearchs to createa systemthatincreaseknowledgetransferrecbetweenusersand
computersor robots. Sincethe useris not a trainedcomputerprogrammerthe systemshouldallow
a userto “program” automationtasksby demonstrationinsteadof writing softwarein a cornventional

programmindanguage.

The broadparadigmof programminga systemto performa taskbasedon userdemonstrationss
calledLearningby Observation{LBO), Programmingby Demonstation, Teading by Example or some
permutatiorthereof.ln anLBO systemtheinputsareobsenationsobtainedrom userdemonstrations.
Sincewe areinterestedn usingLBO to automatdasks the outputof thesystems sometype of genera-
tive model,e.g., acontroller productionprogram etc. In thiswork, ataskis definedto bea sequencef
stateghataccomplishrsomeoverall goal. The statessufficientto completethe taskarecalledsubgoals.
Becausd.BO is agenerahpproacho awide varietyof tasks addressingts majorissueswill find usein
mary domaing21, 2,11,14,35,27, 1, 17]. Eachtime anLBO systenobsenrestheuseror performsthe
task,the ervironmentmay be different. Eventhoughminor perturbationsn the ervironmentcanderalil
controllersandproductionprogramsmostpreviousLBO systemsassumehatthe environmentis static.

An LBO systemthatcanoperatan a dynamicenvironmentwill facilitateits mainstreanacceptance.

As with all sensotbasedsystems|. BO mustcontendwith uncertaintyin raw sensorreadingsandin
determiningheconfigurationof theenvironment32]. In additionto uncertaintyin perceptionanLBO
mustsystemmustalsodealwith uncertaintyin observinguserdemonstrationdf the userdemonstrates

atasksereraltimes,theinherentimprecisionandnonrepeatabilitypf humanactionsduringdemonstra-



tion meanthattherewill beuncertaintyin determiningf anactionwasnecessaryo completehetaskor
anunintendedyproductdueto a specificsetupof the task. Sincetasksaresequencesf goal-directed
statesthe intent of the usershouldbe consistenthroughoutall demonstrationsjespitethe noiseand
imprecisionof heractions. The LBO systemshouldattemptto capturethisintentto determinethe sub-
goalsand,consequentlytheoverallgoal,of thetask.For mary domainsjt maynotbeacceptabléor the
LBO systemmerelyto repeathe actionsof a userverbatim.In mary instanceshumangerformtasks
differentlythana computeisystemwould. Also, if the LBO systemdoesnotgeneralizeandconsidetthe
intentof theuserthenit maybeimpossibletco accommodatperturbationsn theenvironment.Themain
issueso addressn this proposedesearcharedesigningan LBO systemthataddressesncertaintyin
sensinganduserdemonstrationsdentifying the intentof the user generatinga robustautomatiorpro-
graminsensitve to changesn the ervironment,andincorporatingmultiple demonstrationso improve
systemperformance.

2 RelatedWork

Virtually all task-basegrogramsusedin practicetoday replay a seriesof open-loopcommands.In
the userinterfacedomain,theseprogramsare called “macros”. To createa macro,a userspecifiesa
sequencef commandsvhich canberecalledater Generallymacrosarecreatedo simplify repetitve
taskswith novariationbetweerthem|[2]. In theindustrialsetting,automatiorprogramsareusuallycre-
atedby moving therobot(or othersystem}througha sequencef desiredocations called“waypoints”.
Sometimesensorsare usedto trigger the beginning andend of the program,but mostmove through
thewaypointsin anopen-loogashion.Integratingsensorsnto thelocusof task-basegrogramgcalled

sensotbaseccontrolor visualsernoing [18]) tendsto slow their execution.

Learningby Obsenationhasbeenthesubjectof muchstudyfor motorskill acquisitiontasks.In [21],
researchersonstructe@ systenthatalloweduserdo generat@nessentiallylimitlesssupplyof training
examplessteeringa car Fromtheseexamplesthe computersystemlearnedto imitate the carsteering
skill of the user usinga cameraasinput. In this work, the skill wasa memorylessnonlinearcontrol
law. In [13], researcherperformedpsychophysicaleststo determinepatternan the behaior of users
performingsamplemanipulationtasks. Thesetestslookedfor clusters,or subgoalsin the state-space

trajectoryof the plant(a simulatedtwo degree-of-freedonmanipulator).A stochastisearchalgorithm



is thenusedto move throughthe subgoalsusingan approximatedorward modelof the manipulator
However, thesestate-spacsubgoalfiave no groundingin the physicalconfiguratiorof theernvironment
andary alterationin the work spacewould requirecompleteretraining. Furthermorethe methodof
state-spacelusteringandthe stochastidorward-modekearchdoesnot scalewell with the state-space

dimensionality

Learningby Obsenationhasalsobeenusedto decomposea taskinto a temporalsequencef prim-
itives. In [35], researcherasedHiddenMarkov Model (HMM) trainingtechniquego learntelerobotic
manipulationskills. Theseskills were openloop, in thattherewasno force or visual feedbackio the
userdemonstratinghe task. In this work, a skill wasa finite-stateautomaton(FSA), with eachnode
executinga memorylessnonlinearcontrol law andtransitionsdeterminedoy HMM training on user
examples. In [6] atask,demonstratedby a user is decomposedhto a sequencef predefinedorim-
itives, called Basic Opeiations using Time-DelayNeuralNetworks(TDNNSs). The decompositioris
thenstoredin a symbolicfashion. A searchusingthe pre-and post-conditionSTRIPSmodel[5], is
thenexecutedo determinea sequencef primitivesthatdescribeshe sequencebsenedfrom theuser
The sggmentationderived from the TDNNs senesasan initial biason the searchandthe useris al-
lowed to makemodificationsto the automaticallygenerategrogram. This type of symbolic system
doesnot considerthe uncertaintyinherentin obsenationsandaddinga new primitive to the systenre-
quirestraininga nevw TDNN, aswell asa creatinga new STRIPSpre-andpost-conditiormodelof the
primitive. Furthermoreall programgwhetherautomaticor usermodified)runwithoutary sensoinput
andareunsuitablefor mostrealisticoperatingconditions. In [17], researcherssedneurosciencand
psychophysicamodelsto selecta “basisset” of primitives. Obsenationsfrom usersare sggmentedo
determindghe primitivesto executein atemporallysequencedr additive fashion.DynamicTime Warp-
ing wasusedin [12] to decompos®bsenationsinto symbolicprimitivesfor assemblytasks. In [1],
researcherasedapplication-specifiad hoc methodgo createsymbolicdescriptionof humanactions

in simulation.

Anotheruseof LBO is usingobsenationsto prime approximateijterative optimal-controlmethods.
In [27], ademonstratiof anonlinearcontrolproblem(theinvertedpendulum)s usedto biastheinitial
estimateof aLinearQuadratidRegulator(LQR) usingQ-Learning.This methodarrivedata satisfactory
solutionbetterthanan orderof magnitudeasterthanstandardQ-Learning[34]. However, it is unclear

thattheapproachwill scalewith the dimensionalityof thetask.



3 SystemDesign

A typicalproblemto besolvedby anLBO systemis givenby Figurel. A userdemonstrateataskwhile
theLBO systenobseres. Theusercanrepeathetaskasmary timesasshewishesandtheernvironment
may changebetweendemonstrationsOncethe taskdemonstrationarefinished,the LBO systemde-
signsa programto performthe taskbasecn userobsenrations.This programmayencountesituations

thatit did notobsere previouslyandmustbe ableto adaptto modifiedervironmentconfigurations.

Ml =

assembly 1 assembly n robot assembly 1 assembly n

Figurel: Tasksetupfor atypical LBO problem.

The conceptuaflow diagramof the proposed_BO systemis givenin Figure?2. First, the configu-
rationof the ernvironmentis determinedlocationsof partsin the work space).Next, the LBO system
obsenesthe userperformingthe taskandtheseobsenrationsarefed into anothersubsystenwhich ex-
tractsimportantaspectspr subgoalsfrom the obsenations. The subgoalsare then associatedvith
objectsin the environmentsothatthesubgoalsill be updatedasthe correspondingbjectsarealtered.
At this point, the usercandemonstratéhe taskagain,or allow the LBO systemto designa production
programto performthetask.In designinghe programtheLBO systenmustfirst considemobsenrations
from all userdemonstrationsThe LBO systemmapsall the demonstrationto a commonervironment
configurationso thatit candeterminethe structureof the task basedon information gainedfrom all
demonstrationsThe LBO systemthen performsthe taskandincorporatesary modificationsthat the
usermay have. A moredetaileddescriptionof the subsystems the flow diagramwill be givenin the

following subsectionsA data-flav chartof the overall systemis givenin Section3.9.
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Figure2: Flow diagramof the overall system.

3.1 Observingthe User

From the standpointof this researchtherearetwo broadtypesof obsenations: directand indirect.
Direct obsenationrequiresthat usersperformthe taskwith the computeror robot. Thus,if ajoystick
is usedto positiona mobile robotor a teachpendanis usedto guidethe endeffector of a manipulator
throughthe task,thenthe LBO systemcanobsere the stateof the robotdirectly throughGPS,shaft
encodersetc. Direct demonstratiormakeslesswork for the LBO system,but the usermusttransfer
domainexpertisethroughfactitiousdeviceslike joysticksandteachpendantslf the userdemonstrates
the taskwithout usingthe computeror robot, the LBO systemmustdeterminethe stateindirectly. For
example,if the userdemonstratethetask“by hand”,thenthe LBO systemmustmapsensoreadings
to the stateof the computeror robot, from a camera,instrumentedylove, or otherdevice. Indirect
demonstratiomllows the userto transferknowledgeto computerr robotsin the mostnatural,concise
mannerpossible.However, indirectdemonstratiomaisesthe issueof mappingsensorcapabilitiesand
obsenability, thoughthis issueis presentin direct demonstratiorto a lesserextent. When humans
performtasks,their actionsare basedon feedbackirom their sensesnd even the mostsophisticated
computersensorsuitesare do not offer the wide rangeof sensoryfeedbackasthat of a human. Due
to thesesensingdifferencesclearly therewill be sometasksoutsidethe scopeof anLBO system.An

assumptionn thiswork is the stateof theuseris obserableusingthe availablesensors.

Thisresearclwill focuson camerasstheprimarysourceof sensorynputfor indirectobsenationin
reality-basedaskssincewe feel thatcamerasarethe mostgeneralandleastintrusive sensolavailable.

Reality-basedasksare thosewhere someportion of the task occursin the real world. Non-reality-



basedtasksoccurentirely within a computerervironment(e.g., simulatorsand Web surfing). While
somedevices, suchas tactile gloves, canincreasethe sensingcapabilitiesof the LBO system,they
tendto requirethat the usermodify the ervironmentor her behaior. Sinceone of the goalsof this
researchs to maximizeknowledgetransferbetweenusersand computersystemswe would like to
avoid instrumentinghe userin ary obtrusve fashion.Additional modalinputs,suchasspeechmaybe
consideredasobsenationssincethis may help userscorvey domainknowledgeandmay be a natural
procesdor mary tasks.

The input to this subsystems sometype of obsenation sensor(e.g., a camera,speechrecogni-
tion, laserrangefinder, etc.) andthe outputis a discrete-timestatevector x,,, describingthe (possibly
stochasticronfigurationof the userdemonstratioricf. Figure3).

observation Observe State VECtOi

sensor User

Figure3: Input/output modelof the“Obsene User” subsystem.

3.2 Determining the EnvironmentConfiguration

To createa systenresilientto perturbationsthe LBO systemmustbe ableto describehe configuration
of its ernvironment. This descriptionshouldbe sufficient suchthatarny changesaffecting the taskare
captured. For example, if the task were painting differentblocks, a descriptionof the ervironment
might includethe position, orientation,andsize of the blocks. Thus, changesn the ervironment,by

moving blocks,would becornveyedthroughthis description How thisinformationcanbeusedto handle

perturbationsn the ervironmentwill bediscussedn latersubsections.

Thedescriptionof theenvironmentcomedrom sometype of sensorcapableof corveying theneces-
saryinformation,potentiallythe samesensothatobseresthe userperformingthetask.In determining
the configurationof the environment,objectocclusionwill be a problemthat mustbe addressed If
certainobjectsin the ervironmentarenot visible, thenthe descriptionof the environmentconfiguration

isincomplete.

The input to this subsystems sometype of environment-configuratiorsensorandthe outputis a

descriptionof theervironment,A = {Aq, A1, ..., Ay} (cf. Figure4), where,; describeshe:th object



in theernvironment.

environment Determine | ovironment
——  p| Environment —
sensor Configuration| description

Figure4: Input/outputmodelof the “EnvironmentDescription”subsystem.

3.3 Computing Subgoals

Thestatessufficientto completethetaskarethe subgoalsFromthis perspectie, subgoalsnarkimpor-
tantlocationsduringdemonstrationsf thetaskandprovide alayerof abstractiorsothattheLBO system
canbetterinterprettheintentof the user Usingtheraw statevectors,the LBO systemcould attemptto
repeatthe actionsof the userverbatim,but this would leadto several problems.First, how a computer
systenor robotperformsataskmaynotbethesameasahuman.So,attemptingo repeaidenticallythe
actionsof ahumanwith asystenthathasfewerdegreesof freedomdifferentcontrollers anddifferenta
priori knowledgemaybeanill-posedproblem.Also, humangendto beimpreciseandaregenerallyun-
ableto repeatasksexactly; ary systemhatreplaysthe sequencef humanactionsis subjectingtself to
thesameamprecision.Furthermoreit is quitedifficult to determineéhow everyactionof the usershould
be modifiedaccordingto changesn the environment. Estimatingfewer parametergenerallyresultsin
betterperformanceif the structureof the modelis suficiently complex. Mappinga few subgoalgo a
new ernvironmentshouldbe easiethanmappingevery actiontaken,especiallysincesubgoalsepresent

importantlocationsandshouldbe easierto identify in modifiedervironmentconfigurations.

Variousresearchersave incorporatedomenotionof subgoalsnto theirLBO systemsMary attempt
to sgmenta demonstratioraccordingto a discretesetof predefinedorimitives[11, 35,12, 6, 17, 1].
Thesemethodausetools commonin the speech-recognitiodomain(hiddenMarkov models,dynamic
time warping,time-delayneuralnetworks andad hocmethods)while [13] explorednumericclustering
techniqueslit seemghatthe purposeof the segmentingandclusteringis to abstractway from raw ob-
senationsandallow theLBO systemto analyzetheintentof theusermoreeasily However, attempting
to fit obsenationsto a discretesetof symbolsignoresthe sourcef uncertaintyoutlinedin Sectionl.
Furthermore jt assumeghat userswill not deviate from the predefinedprimitives, thoughallowing

additve combinationsaandparameterizinghe primitivesdoesaddressomeof thesessueqd17].



Of coursethereis no closed-formpptimal solutionto determinethe intent of the userandassump-
tionsmustbe madeto makethe problemtractable We assumehatthe userfollows smoothtrajectories
betweenmportantlocations. For example,the usermovesher handto animportantlocation,thento-
wardthe next. A high-level exampleof how a humanperformsataskis givenin Figure5. Therewill
mostlikely be sometype of discontinuityat the locationof the first importantlocation,anotherat the

secondandsoforth. Thestateof the userwhenthediscontinuitieoccurarethe subgoals.

I would like to move my comically oversize(
hand to the first of a sequence of subgoal
using feedback from my five senses.

first
subgoal

Figure5: High-level view of how humangperformtasks.

We proposedeterminingsubgoalghroughprobabilistic,nonsymbolicmethods.Basedon the avail-
able obserations X,, = {xo,xy,...,x,}, a model of the actionsof the user can be constructed,
xX.41 = F(X,,), wherex,,,, isthestateof theuserattimen+1 (theoutputof theobsere usersubsystem,
Section3.1),x,,,, is anestimateof x,,;1, andf(-) is the predictve model. Sinceobsenationsarenoise
corruptedary estimatebasedn theseobsenrationswill bearandomvariable,andwe cancomputethe

likelihoodof x,,,;, whenx,,,; becomeswvailable.In generalthislikelihood canbeexpressedis
p(f(n—l—1|xn+17Xn70)7 (1)

whereé representthe parametersf the modeldescribinghe predictionerror (e.g., a mixture of Gaus-
siansartificial neuralnetwork,etc.). Sinceit is assumedhattheuserfollows smoothtrajectoriesexcept
at subgoalsdropsin the predictionlikelihood may be due to the userreachingone subgoaland be-
ginning atrajectoryfor the next. Stateswheredeclinesin the likelihood occurarethe subgoals.This
formulationrequiresonly a choiceof a predictionerrormodel,d, but doesnot requirethatthe obsenra-

tionsbe sggmentedaccordingo preconceied“primiti ves”. Also, notethatEquationl is causakndcan



becomputednline,while theuserdemonstratethetask. A more-involvedexampleformulationof this

problemis givenin Sectior4.3.

Theinputto this subsystenis the streamof obsenationsin theform of statevectors.The outputis a

streamof subgoalsaand(possibly)thelikelihood thatthe stateis, in fact,asubgoalcf. Figure6).

state vectoi Compute subgoals
Subgoals ——

Figure6: Input/outputmodelof the“ComputeSubgoal’subsystem.

3.4 AssociatingSubgoalsin the Environment

Most tasksare definedwith respecto objectsin the ervironment. For example,arc-weldingtasksare
definedwith respecto the locationsof partsto be weldedaswell aslocationsto avoid obstacles.In
orderto achieve thegeneralityrequiredto dealwith changesn theervironment,subgoalareassociated
with objectsin the environment. As objectsare moved, the subgoallocationsare changedaccording
to the associatiomelationships Onesimpletype of associations settingthelocationof the subgoato
co-occurwith the cornerof a block. As the block is translatecdr rotated the subgoalwould be moved
accordingly This subsystemdentifiessubgoal-emronmentassociationgor a single demonstration;

refiningsubgoaldrom multiple demonstrations describedn Section3.6.

Associatingsubgoalsin the physical environmentwas addressedn [18]. This associationwas
achieved by determiningthe cornersof objectsin the work spacefrom cameramages. The userwas
requiredto supplythe subgoalgo the systemand thesesubgoalsnvere manuallyassociatedvith the
cornersby theuser As theobjectsin thework spacewerealtered,a cornertrackingalgorithmupdated

thesubgoaldor the systemaccordingly

We proposeto createa systemto determinethe subgoal-ewironmentassociationgautomatically
Subgoal-emironmentassociationsffer substantiabenefitsto anLBO system.By correctlydetermin-
ing the relationshipof the subgoaldo objectsin the environment,the accurag of the LBO systemis
nolongerlimited by theaccurag of theuser only by its accurag to determinethe configurationof the
environment. Also, theseassociationgre one of the primary reasonghatthe LBO systemcanhandle

perturbationsn the work space.However, thereare severalissuesto addressn makingthe subgoal-



environmentassociationsDeterminingthe type of relationshipassumedo exist betweera subgoakbnd
the objectsin the ernvironmentis paramounto the performancef the LBO system.If thisrelationship
is incorrect,thenthe benefitsmentionedabose could harmthe performanceof the LBO system. For
example,if the LBO systemassumeshata subgoalis associatedavith onecornerof a block whenthe
relationshipshouldbetheaverageof thenearesthreecornersthenthesubgoal-emronmentassociation
may causeheLBO systento performworse.Objectocclusionwill alsobeanissue.lf anoccludedob-
jectis neededor a subgoal-evironmentassociationthe LBO systemmustreformulatethe association

basen availableinformation.

The inputsto this subsystenmare subgoalsand an environmentdescription. The outputis a setof

subgoahbssociationghatdescribesubgoal-emironmentrelationshipgcf. Figure?).

subgoals Associate subgoal
Subgoals in 4?
— Environment | @ssociation
description

Figure7: Input/outputmodelof the“AssociateSubgoal’subsystem.

3.5 Mapping Demonstrationsto the SameFrame

In orderto usemultiple demonstrationto improve performancethe LBO systemmustfirst accountor
differencesausedy thecorrespondingrnvironmentconfiguratiorfor eachdemonstrationWhile there
areLBO systemghat allow usersto demonstratéasksmultiple times, thesesystemgequirethat the
configuratiorof theenvironmentbeidenticaleachiteration[35, 13]. Sincetheuserwill performthetask
differentlyaccordingo configuration-specifiartifacts,the LBO systemshouldmapall demonstrations
into a canonicalor common ernvironmentconfiguration A.. After determiningthe mappingthe LBO
systemusesthe subgoal-emironmentassociationso determinethe locationsof the subgoaldor each
demonstratiomn the canonicalenvironment. At this point, the LBO systemessentiallyis “pretending”

thattheuserdemonstratedll tasksin the sameenvironmentconfiguration.

This mappingcanbe approachedh severalwaysand,in generalthesemethodsoptimizean objec-
tive function. Thetype of objective function, linearor nonlinear determineshe algorithmsappropriate
to use. With a linear objective function, algorithmsexist to optimize the function optimally in a rea-

sonableamountof time [20]. However, alinear objectve function may not describethe original intent

10



of the optimizationwell, sononlinearobjective functionsmay have to beincorporated Most nonlinear

optimizationalgorithmsareheuristicin natureandtendto be satisfiedwith local maxima[4].

In the generalproblemsetup,shavn in Figure 1, an assemblyenterservironmentof the robotand
productionbegins. Whencompletedthefirstassemblyeavesandthe secontentersandsoforth. Given
theseconditions,the mappingalgorithmcannotuseobject-trackingmethodssuchas[28], becausehe
LBO systemis not awareof how the objectswereplacedon the assemblysincethis occursoutsidethe
work spaceof therobot. This mayseemlike anartificial restriction,but it is areasonablassumptionn
practice.ln industrialsettingstheassembliemaybeconstructeaver mary hoursby differentpeoplen
differentlocations.Thus,theonly informationthatshouldbe usedto determineghe mappingfrom each
demonstratiorio the canonicalconfigurationis the environmentdescriptionof the ;th demonstration,

A;, andthe canonicakonfiguration A..

The issuesto addressn computingthe mappingare relatedto creatingan appropriateobjectve
function. The objectve functionmustbe ableto copewith objectocclusionand extraneousobjects;it
is not reasonabléo assumehat the mappingwill be bijective in all cases. Sincewe cannotrely on
bijective mappingsrom environmentconfigurationgo all demonstrationghenit is not reasonabléo
assumehatall demonstrationsanbe mappedo an arbitrarycanonicalconfiguration(sincefunctions
areinvertibleif andonly if the functionis bijective [7]). So, caremustbe takento selecta canonical
environmentdescriptionsuchthatall environmentconfigurationganmapto it (suchthatthereexistsan

injective functionmappingeachernvironmentconfiguratiorto the canonicaknvironmentconfiguration).

Also, built into the objectve functionareimplicit assumptionsegardinglikely perturbationdo the
environment,suchastranslationdeingmorelikely thanrotations.For example,in Figure8 theobjects
ontheleft, {1,2,3,4,5,6,7}, mustbe mappedo the objectsontheright, {a,b, ¢, d, ¢, f, g}, andthere
aremary plausiblesolutions.Any objective functionthatgivespreferenceo onepossiblenappingover

anotheiis implicitly assuminghatsomemappingsaremorelikely to have occurredhanothers.

Theinputsto this subsystenarethe canonicakernvironmentconfigurationandthe subgoalssubgoal-
ervironmentassociationsand ervironmentconfigurationfrom one or more previous taskdemonstra-
tions. Theoutputis thelocationof the subgoalsn the canonicalernvironmentconfigurationfor eachof

thetaskdemonstration&cf. Figure9).

11



Figure8: Theobjectsontheleft mustbemappedo the“canonicalconfiguration”ontheright.

uondiosa
1USWUOIIAUS
[esluoued

environment,

description ™ _
subgoal Er|1\>|/|ron_ment mapped
associations apping subgoals »
Function
4>
subgoals

Figure9: Input/outputmodelof the “EnvironmentMappingFunction” subsystem.

3.6 Determining Task Structure

Onceall the demonstrationdiave beenmappedinto a canonicalervironmentconfiguration,the LBO
systemcan analyzeall demonstrationso determinethe intent of the user As statedearlier tasksare
definedto begoal-directedsequencesf statesandthe setof statessufficientto achiere the overall goal
arethe subgoals.The objective of determiningthe modelstructuress to createa finite-stateautomaton
(FSA) that captureghe intent of the user The statesof the FSA shouldbe the subgoalsof the task
andthe FSA shouldterminateonly whenthe overall goal of the taskhasbeenattained.Also, the FSA
shouldincludebranching(if-then-elsetype) statementso allow the LBO systemto recover from errors
or unexpectedost-conditionsResearcheisave alsoproposedisingconcurrenexecutionof state§17]

(parallelautomatasuchasPetriNets[19] area subjectof muchstudy). Therehasbeenmuchwork on

12



finding optimal FSA topographiedrom example inputs given differentassumptiongacyclic, serial,

nondeterministicprobabilistic,etc.),suchas[8, 26, 23, 25].

Despitethe wide rangeof algorithmsfor incorporatingmultiple training examples,thereare very
few LBO systemghatattemptto exploit this information. The precisionrequiredby mary tasksmay
be greaterthan sensorscan provide. For high-precisiontasks(e.g., vitreoretinalmicrosugery [24])
therehave beenefforts to increasdhe accurag of sensoreadingspbut thesemethodsare prohibitively
expensve and impracticalfor mainstreamapplications. An LBO systemcould incorporatemultiple
demonstrationef thetaskto achieve greateraccurayg thanthataffordedthroughasingledemonstration.
However, incorporatingdisparateexamplesfrom an impreciseandnonrepeatableourcelike a human
is a challengingproblem. In [35], a Markov chainstructurewasdecideda priori andthe systemwas
trainedusing the forward-backwardBaum-\Welch) algorithm [22]. However, [35] writes that one of
the primaryissuesyet to be addresseds “selectinga reasonablstructureandnumberof states”.Also,
since[13] usedclusteringasthemeanof determiningsubgoalsmultiple demonstrationsiererequired.
Researcherthat usedpredicate-calculustatementsn [11, 14, 12, 6, 1] to represenuseractionsand

performedheorem-proing searcheso determinghe sequencef commandshatdescribeshetask.

Oncethe necessargetof subgoalfrasbeencomputedhroughFSA-trainingmethodshasedon the
subgoaldrom Section3.3,they areassociatedh the canonicakernvironmentsothatthey canbeusedin
future ervironmentconfigurations.The input to this subsystenis the locationof the mappedsubgoals
in acommonframefrom oneor moredemonstrationandthe canonicalervironmentdescription. The
outputsarea list of subgoalsecessaryo completethe taskandsubgoalassociationgn the canonical
ernvironment(cf. Figure10).

canonical environment description

P Associate subgoal
Determine Subgoals in —ssociatior®
Mapped Model - Environment | @ssociation
Structure

necessary subgoal?

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

At this point, the LBO systemhasdeterminedhe setof necessarypubgoalsthe correspondingask
structuremodelledasan FSA, andtherespectie associationsf the subgoalsn the canonicalerviron-
ment. Whenthe systenreproduceshetask, it mustfirst mapthe canonicalernvironmentconfiguration
to the currentconfiguratiornof the environment. Thisis thereasorthatervironmentmappingfunctions,
mentionedn Section3.5, shouldbebijective. Thisallowsthe LBO systento determinehelocationsof
subgoalsn the currentervironment. Whenthe LBO systembegins performingthe task,the locations
of the subgoalsare assumedo be static so that constantsensorfeedbaclkirom the ervironmentis not
necessaryNow, the systemmustcausethe plantto move throughthe sequencef statesactvatedfrom
the FSA. Becausdhe automatormay include branchingstatementsinformationregardingthe results
of actionsmustbe fed backinto the FSA to ensurethat the correctbranchis taken. If the automaton
hasconcurrentctive stategshenthe controllermustbe ableto executemultiple commandor combine
commandsn a sensiblefashion. Dependingon the plant, concurrentexecutionmay not be feasible,
combiningcommandsnay beimplausible andphysicallimitationsmayrendera subgoalunreachable.
All theseissuesare addressedh the control-systendesign. Furthermorejt is unlikely thata single
controllerwill achieve all subgoalgconsidera systemperforminglinear interpolationwhenan arcis
appropriate) Therefore the LBO systemmay needto incorporatecontrollerschedulind30], ascheme

thatallows differentcontrollersto becomeactive whenconditionsdictate.

Theinputsto this systemarethe setof necessargubgoalsthe subgoalassociationsthe canonical
ernvironmentdescriptionandthe currentervironmentdescription.The outputis alist of locationsof the

subgoalsandthe performancef the LBO system(cf. Figurel11l).

D
o
@ 2o
s C
gle 3
EIER
. of@ ™
canonical w=
environment,
description ™ _
subgoal Environment|  55ped perform system
—suhaodl_y, | |OPPET YOOy
association Mapping subgoals task performanc
necessary Function
subgoals

Figurel1l: Input/outputmodelof the“Perform Task” subsystem.
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3.8 User Modification

After watchingthe LBO systemperform the task, the usermay want to make modificationsto the
program.Theusershouldbeintegrated‘into theloop” to achieve therequiredaccurag by fine-tuning
subgoalsremoving superfluoussubgoals,and adding necessarygubgoals. This online modification
couldincludeclassicaimethodof fine tuning, like a teachpendanbor ajoystick, or moresophisticated
techniguesike tactilegesture$33] or gesture-basgarogramming10]. Theonlinemodificationshould
sene to improve theway by which the setof necessargubgoalss determinedTheusershouldalsobe
ableto demonstrat¢hetaskagainif desired.

Despitethe shortcoming®f LBO to achieve high precisionandexactinterpretation®f userdemon-
strations,very few researcherallow a userto modify the outputof the system. Researchers [6]
allowed modificationof the parametergor the “filtering” processby which their LBO systemdeter
minesthe structureof the outputprogram. Also, the usercould edit predicate-calculus-liketatements
to remove superfluousctions,called“Object Groups”,or addintendedandnot intendedactionsif ary

wereomitted.

Theinputto this subsystens the performancef theLBO systemandtheoutputis somesetof mod-

ificationsto the necessargubgoalsusedto modify theway by which the modelstructures determined

(cf. Figurel2).

Determine
Model
Structure

system User  |necessary
performanc®| Modification [Subgoal modifications

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

3.9 DataFlow

Figurel3 givesanoverview of thedataflow in theabstract BO systenusingthe subsystemdescribed

in theprecedingsubsections.
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Figure13: Dataflow in theabstract BO system.

4 Samplelmplementation

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

£ _ /4 y
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Mapping < Structure Function
Function |
3 necessary subgoals
5
e}
@
o
Perform system User necessary
> Task performance Modification [‘subgoal modifications

SUONET00SSY TeoinS

simulatorallowsusergo demonstratéasksusingamousen anenvironmentof planargeometricshapes.

The tasksthat can be demonstrateadonsistof sequencesf clicking and draggingoperations.Once
the userhascompletedthe demonstrationghe simulatorreproduceshe taskusing a three-dgree-of-

freedomplant. A screenshotof the simulatoris shavn in Figure 14. While the simulatoris clearly a

simplified systemwe feel thatmary of the subsystenimplementationsirerelevantto a completeLBO

system.

4.1 Observingthe User

The positionof the cursorandthe stateof the mousebutton comprisethe userobsenations,which are

givendirectlyto theLBO systemby thesimulatorwith the state-ariablevelocitiesestimatedor control

purposesFor eachtime step,theobserationsarex,, =
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Figurel4: Screershotof the simulator

4.2 Determining the EnvironmentConfiguration

The stateof the ervironmentis determinedrom a screencaptureandthe resultingimageis processed
usingan algorithmto detectcornersof shapesn the ervironment[3]. The ernvironmentconfiguration

description's comprisedf two-dimensionatornerlocations.

4.3 Computing Subgoals

A system-lgel modelof the subgoal-estimatiomethodthatfollowsis givenin Figure15. Essentially
we would like to estimatethe parameter®f a time-varyinglinear systembasedon userobsenrations.
Whenthe likelihood of predictingthe next obsenation dropsdramatically the currentobsenationis

markedasa subgoal.
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Figure15: System-lgel modelof humantaskdemonstration.

Theobsenationsfrom Sectiond4.1 areassumedo be generatedby the nonlineardifferenceequation

Xn = f(Xn—h un) +7,, (2)

wherex,, is an(r x 1) statevector u, is the (¢ x 1) controlvector andthe additive Gaussiamoise

n,, ~ N(0,C). Thecontrolvector u,,, representexternalforceson the handof the usercontrolling

the mouse,aswell as“clicking” the mousebutton. The noiseterm, n,,, encapsulatethe sourcesof
uncertaintymentionedn Sectionl. LinearizingEquation2 at eachtime stepgives

Xp = Anxn—l + Bnun + n,, (3)

where A, is the discrete-timeJacobiammatrix and B,, is the control-gainmatrix. Sincesubgoalsare

destinatiorstatesf the systemwe assumehat
u, = Gn(‘yz - Xn—l); (4)

whereG,, is a closed-loopstablefeedbackcontrol law matrix, and~y; is the ith subgoal. Essentially
Equation4 meansthat the userexerts forceson her handto ensurethatit movestoward the current
subgoaly,. However, oncethe userreacheshe currentsubgoal denotedby ~, = x,,, shewill select
anothersubgoaly, ;, andmove towardit. We would like to know whenthe usermakesthis switch.
Substitutingequationd into Equation3 andverifying that~, = x,, gives

= (I-B,G,) (A, -B,G,)x,;+(1-B,G,)'n,

= Rnxn—l + ’ﬁ;
If thereare N > r samplef Equation3 thenwe canform the matrix equation

[Xn - Xn-ng1] = (An = BoGy) [Xnor - X n] + BoGo [y 7] + [nn e "n—N+1}
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Solving for the minimum mean-squareérror (MMSE) for the unknowvns gives the moving-average

estimates

R = X, X®

n—17

e

BG = (X,-RX,_)([; - RX,_,)",
A = R+BG(I-R), (7)

whereX*” denotegheright pseudo-imerseof X. TheseMMSE equationsassumehatthe currentstate
is the subgoal.If the userhasselectedanothersubgoalthenthe older samplesf the moving-average
Equation6 assumehatthereferencas ~; while thenever samplesassumehereferencas v, ,, which
will resultin alarge noiseterm, ... The likelihood of the noisecorruptingthe modelis found from
Equation5 usingthe MMSE estimates,
crp{—4n,"C7'n, }

(27)|C]|

p(m,) =

_— — _— T ~ _— — _—

exp {-% ((I ~BG)x, — (A — BG)xn_l) c-! ((I ~BG)x, — (A — BG)xn_l)}

(27)7|C]
Whentheuserchangesubgoalsthelikelihood p(1,,) falls dramaticallysuchthat
p(1,)
P(M,-1)
wherer € (0,1) is a pre-determinedhreshold. Sincethe userchangedsubgoalsy;, # x,, therefore

<T,

~; = x,_1, andthis vectoris saved for further processing\We have found empirically thata threshold

of - = 0.1 workswell whenN = 10 with the statevectordescribedn Sectior4.1.

4.4 AssociatingSubgoalsin the Environment

We assumehatthe usermakeserrorswhich follow a Gaussiardistribution while demonstratingasks.
The probability thata subgoaloccurredat eachcorneris computedor all subgoals.If the most-likely
probability exceedsa thresholdthenwe assumehatthe usermeantto placethe subgoalon the corner
andthe subgoals associatedvith the corneroutright. Otherwise the subgoais probablyintendedfor
obstacleavoidanceanddepend®n the locationsof severalnearestorners.We computeanassociation
suchthat the positionof the subgoalremainsunchangedut 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, smallgreensquaresepresensubgoalsassociatedlirectly with cornerswhile smallred
squaresepresensubgoalsssociateavith thefour nearestornerghopefully, this copyof the proposal

isin color).

4.5 Mapping Demonstrationsto the SameFrame

Betweeniterationsof demonstratinghe taskor allowing the LBO systemto performthetask,the user
may move objectsaroundin the simulator In orderto completethe tasksuccessfullythe LBO system
mustdeterminevhich cornerdn anearlierervironmentdescriptiormapto thosein alaterone.Suppose
thereweretwo configurationf objects,suchasin Figure8. The mappingfunction mustmap each
of {1,2,3,4,5,6,7} tooneof {a,b,c,d, ¢, f,g}. Onepossibleformulationis to considereachcorner

connectedo all othersby “springs”, for examplecorner3 is connectedo all othercornersn Figurel6.

Figurel6: Intuitive representationf the“spring” optimization.

Thespringconstants givenby
kig = 1A — Aillg’s (8)

wherel; is thelocationof the:th cornerandQ is somesymmetricweightingmatrix. This formulation
putsstiff springson closecornersandweakspringsondistantones.Theresultingforceonthe:th corner

in thenth demonstratiois

fo= Y kij (Aj = Ai)
TaA, A= Adla
X\,

If the :th cornerwere mappedto the jth cornerin a subsequentiemonstrationthen the magnitude
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changan force causedy this mappingis

cij = [IIfin —finpall], 9)

where[«a] is the ceiling operationon a, which roundsa € IR up to next greatesinteger We would
like to find a mappingsuchthatthe total changen forceis minimized. Thus,Equation9 is the objec-
tive functionin this optimizationproblem. From here,we canformulatethe probleminto a weighted
bipartite-graphmatchingproblem, which can be solved by Linear Programming(optimality for this

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

Althoughthe Simplex is, worstcase an exponentialalgorithm,we have found empirically thatthis
problemformulationdoesnotleadto a computationaéxplosion.We have computedijective mappings
for 50 cornersin a reasonablemountof time. Problemsof smallerand possiblymorerealisticsize,
aboutl5cornerscanbecomputedn nearrealtime. However, thisformulationdoesnotalwaysreturnan
acceptablenapping particularlywhentheervironmentchangesirasticallypetweenterations.Also, the
LinearProgrammindormulationcanonly computemappingsvhenobjectsarenotoccluded.To address
thesetwo issues,more sophisticatedhonlinearoptimizationformulationsmay have to be developed.
More informationmay alsobe usedto determinghe mappingcorrectly This descriptioncouldinclude

informationlike edgescolor, or texture.

4.6 Determining Task Structure

Severalmethodshave beeninvestigatedo determineanappropriatealgorithmto construcian FSA that
captureghe intent of the usergiven subgoaldrom multiple demonstrationsOne suchapproachwas
similar to recentresearchn automaticphonemegenerationn speeclrecognition[29]. This approach
trainsan HMM basedon transcriptsof speechutteranceso determinethe atomicunits of the spoken
languageHowever, thesealgorithmsrequiretranscriptf thespeechaswell asalargecross-alidation
setto gaugewhenthe recognizetasdeterminedan appropriateHMM. If anincorrectstructurefor the
HMM is constructedthenthe forward-backwarddMM training methodplacesthe target subgoalsat
meaninglessveragesn the statespaceof the subgoals.SinceLBO systemdack a large transcribed
corpus,this methodnever performedadequatelyand took several hoursfor moderatelysizedtasks.
Another more promising,methodinvolvesdeterminingthe structureof a specialclassof FSAscalled
Acyclic ProbabilisticFinite Automata(APFAs). An algorithm, presentedn [25], givesa methodby
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which systemscan computethe structureof an ag/clic FSA basedon stochastianputs. With some
modification, the algorithm hasbeenappliedto the LBO problemof determiningthe structureof an
APFA basedon the subgoaldrom multiple demonstrationsEssentially the modifiedalgorithmlooks
for clustergn the statespaceof the subgoalswvith consideratiorgivento their temporalorderingin the
demonstrationsStatesin the APFA canbe memgedbasedon similarity statisticsof the clusters. The
resultingAPFA is usedto control the simulatedplant to performthe task. Basedon tasksperformed
in the simulator this training algorithmperformswell in the sensehatthe statesof the APFA (the set
of necessargubgoalanentionedn Section3.6) arethe intendeddestinationstatesor the systemand

trainingtakeslessthana secondor moderatelysizedtasks.

start f'nA'Sh 1

O
1

Figurel7: Taigetpathfor usersandthe correspondindpcationof subgoalsdeterminedy hand.

An exampletaskis shavn in Figure17. The pathis shavn ontheleft, wheresolid red arrovs mean
click anddragthemousewhile dashedluelinesmeanmove withoutclicking. Thenecessargetof sub-
goals,determineddy hand,is shavn on the right of Figure17. Thelocationsof all subgoalscollected
from varioususersin twenty demonstrationareshavn on the left of Figure 18. The userdemonstra-
tionsweregivento the APFA trainingalgorithmdescribecdearlier The simulatoris usingthe APFA to
reproducethe taskon the right of Figure 18, wherethe small squaresn the figure representhe sub-
goalsthatthe APFA trainingalgorithmdeterminedverenecessaryo completethe task. The subgoals

from the APFA training algorithmappearmuite similar to the hand-craftecsubgoalsn Figurel7. The
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only discernabldifferencesarethat the APFA training algorithm placedthe obstacle-aoidancesub-

goalsatincorrectlocations,thoughall obstaclesvereavoidedandthe overall goal of the taskwassitill
accomplished.

omp
- o o "
O g0
Bt
o
o OO O %

Figure18: Locationsof subgoaldrom 20 userdemonstrationand APFA trainingalgorithmoutput.

Quantifyingthe amountof similarity betweensubgoalsetsis a difficult procedure. One possible
methodis to consideithehand-craftedetof subgoaldo bea“targetstring” andthe outputof the APFA
algorithma “test string”, with eachstateor subgoalbeinga letterin the string. The normalizedstring
editdistancecanprovide adisparitymeasurdetweerthesetwo strings[16]. Intuitively, this distancas
thenumberof subgoalghatmustbe addedmodified,or removedto getthe outputof APFA algorithm
to be equalto the hand-crafteget,normalizedby the lengthof the string. For the APFA algorithm,the
normalizedstring edit distancas 0.11,roughly meaningthat 11% of the subgoalsanustbe modifiedto
getan exact match. Using the HMM-basedmethodmentionedpreviously, the normalizeddistances
0.95,whichis amiserableesultmeaninghat 95%of its subgoalsvould have to be modifiedto getan
exact match. While the normalizedstring edit distancegivessomemeasureof performancethereare
someobviousdravbacks.It cannotquantifythe amountof changethateachsubgoaimustbe modified
to geta match,only whethermodificationis needed.Also, it doesnot considerhow well the system
interpolatedetweersubgoalspr evenif theoverall goalof thetaskwasaccomplished.
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4.7 Performing Task

To performthetask,the simulatorusesa dynamicalsystemwith theability to move andclick anddrag.

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

equations
Tpos = —bem(Zpos + Ypos) + uz/m,
Upos = —bym(Zpos + Ypos) + uy/m,
b = —b+ uy,

whereu,, u,, andu, representhe controlsfor the z, y, andmouse-bttoncoordinatesespectrely, b,

andb, aredirectionaldamping-typeoeficients,andm is themassof theplant. Only thepositionof the
coordinate®f the plantare measurableso a full stateestimatorwascreated31] becausehe closed-
loop stablePD controllerdesignedor this plantrequiresfull-statefeedback. An FSA representinghe
necessanrgetof subgoalsseresasa referenceo the PD controller Whenthe stateerrorreachesan
acceptabléevel, the FSA transitiongo the next stateuntil thetaskis completed.The productionmodel

for the simulatoris shovn in Figure19.

4’@ - control output
desired statey error Controller Plant

| Estimator | g

estimated stat|

Figure19: Generaliew of the productionmodelfor the simulator

5 ProposedWork

Using the experiencegainedfrom working with the simulator we would like to build on our existing
algorithmsandtransitionto real-worldapplications While we feel thatsomeof the algorithmsusedin
the simulatorwill scaleto the final system,otherswill have to be reformulated.Futureefforts in this

proposedesearchwill be splitamongstheoreticaindappliedwork.
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A large part of the theoreticalaspectwill involve determiningthe underlying FSA structurethat
describebsenationsfrom multiple demonstrationsThe performanceof the overall LBO systemis
tightly coupledwith this subsystenand previouswork in this areadoesnot addressnary of the most
importantissuesThe APFA trainingalgorithm,outlinedin Sectiord.6, performswell but development

of thetheorybehindthealgorithmwill createabetterunderstandingf its usesandlimitations.

Anotherareaof work s to createa robustalgorithmto mapdemonstrationso acommonrernvironment
configuration. The currentformulation makesthe unrealisticassumptiorthat objectocclusioncannot
occur We proposeto develop an algorithmthat addressesbject occlusion. This algorithmwill be
a nonlinearoptimizationproblemand creatingthe objective function will requiresometime. Current
avenuedeingexploredarebasedntopographymatchingsubjecto affine transformationsgraphically

similar to a KohonenNetwork.

We alsoproposedo developarobustmetricthatdescribeshe similarity betweertwo demonstrations
of atask. This metric mustconsiderif the overall goal of a taskwasachieved, the relatve weight for
interpolatingbetweensubgoalsanda meaningfulquantity describinghow similar disparatesubgoals

are.

Incorporatingusersnto the designloop onthe LBO systemsomaevhatblurstheline betweertheory
andappliedresearchbut is importantto the succes®f the system.Futurework in thisareawill involve
determiningpracticalwaysthatthe usercanaid the LBO systento improve performanceSpecifically
gesture-basegrogrammingseemdo be the most-appealingnodalinput for users. However, an area
of active researchs multi-modalinterfacessuchascombiningspeechandgesturerecognition. These

interfacecouldbeincorporatedasa way of giving usersamoreinputto anLBO system.

Ontheappliedsideof the proposedvork, the targettaskis arcwelding. While manualarcwelders
have extensve domainexpertise,mosthave never useda computerandvirtually nonehave computer
programmingexperience. The procesghat humanarc weldersperformto accomplisha taskis much
differentthanthe way thata robotarc welderwould behae performingthe sametask. Improving the
programmingprocesdor arc welding will appealto anindustrythat, so far, hasresistedautomation.
As statedearlier 98% of arcweldingis still performedby hand. Becausef thesereasonsye feel that
arc welding encompassesary of the mostinterestingissuesandthe resultswill be widely applica-
ble. Machine-visionalgorithmsare centralto the LBO systemandmuchdevelopmentis needed.We

planon usingoff-the-shelfequipmentasmuchaspossible put therewill inevitably betime-consuming
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integrationissues.

6 Evaluation of Reseach

We expectto evaluatethetheoreticabhspect®f theproposedesearchusinglimited cross-alidationsets.
While requiringanassemblyo bearcweldedsereralhundredimesdefeatour motivation,the CV sets
mustonly be usedfor the purposeof validatingthe subsystemsf this research.However, algorithms
developedfor the LBO systemwill notrely on large CV setsto performadequately Feedbackrom

domainexpertsusingthe systemto automatearc-weldingtaskswill sene to evaluatethe LBO system
from thepracticalside. Theircommentwill beusedto refinethealgorithmsof theLBO systemaddress

application-specificoncernsandto determinegheviability for practicalusesof thesystem.

6.1 ExpectedContributions

We expectto demonstratéhatan LBO systemis aviable automatiortool andwill allow usersto “pro-
gram” automationtaskswithout relying on a trained computerprogrammetto transfertheir domain
knowledge. Part of beinga viable automatiortool requiresresilienceto perturbationsn the erviron-
ment. Most previous LBO systemsdo not addresghis issue,andwe feel thatpreliminaryresultsfrom
the simulatorareencouraging.Anotherkey aspecto move LBO into mainstreanuseis dealingwith

uncertainty Our systemis designedapecificallyto addresshe uncertaintyinherentin LBO.

We expectthatthe methodfor determiningsubgoaldn a non-symbolicfashioncould find its way
into differentdomains. Clearly this algorithmis usefulin automationtasks,but there are potential
applicationgo segmentingspeector betterphonemeaalignmentin the speech-recognitiodomain.We
alsoexpectthatincorporatingnultiple demonstration® improve systenperformancavill prove useful
in mary areassuchaslintelligentAssistantAgents[15]. Theseagentsassimilatemultiple examplesof
userbehaior andattemptto helpthe userautomatedaily computetrbasedasks.Devising analgorithm
that determineghe underlyingstructureof the taskin a reasonablemountof time with a small set
of exampleswould be extremelyuseful,especiallyif the theoreticalaspectf the algorithmarewell

understoodandwe fell thatthe APFA trainingalgorithmis a goodfirst step.
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6.2 Preliminary Timetable

Task Start date End date Duration

Verificationof algorithmsandconcepton toy applicationsandsimulators May 01 August01! 4 months
Developmentandintegrationof stereovision andobjecttrackingalgorithms | Septembe®1 | November01! 3 months
Controlledexperimentsandverificationon robotmanipulators Decembenl March02 4 months
Experimentsvith domainexpertsandincorporatiornof their feedback April 02 July 02 4 months
Write report July 02 Septembed?2 3 months
Total May 01 Septembe®2 || 18 months

Tablel: Preliminarytimetableof researchmilestones.

Thefirst stepin this researchyerificationof algorithms,is to ensurethatthe conceptsutlinedin this

proposalareviable. The allottedtime is to devise follow-on algorithms,aswell asfinishing the unde-

velopedsub-systems.

The secondstep, machine-visionalgorithm development,is the beginning of the transitionto real

robots. Thesealgorithmsarecritical to the succes®f the LBO system,sinceour systemdependson

visual input for obsenations. Thesealgorithmsmustbe ableto determinethe configurationof three-

dimensionalvork spacesvith ahigh degreeof accurag tracktheuserin realtime. Off-the-shelfvision

systemswill beconsideredaswill collaborationwith otherresearchers.

For the next step,controlledexperimentson robots,the entiresystemwill be functioningon manip-

ulators. Theexperimentswill focusonisolatingandevaluatingthe performancef specificcomponents

of theLBO systemandincorporatingmprovementsin laststageof developmentgxperimentswith do-

mainexperts,the performancef the entiresystemwill be comparedo existing methods Furthermore,

feedbackrom expertswill berefinetheLBO system.

1Theauthorwill beon leave from CarnegieMellon Universityat ABB CorporateResearclin Vasteas,Swederuntil theendof 2001.

27




References

[1] D. C.BentivegnaandC. G. Atkeson.Usingprimitivesin learningfrom obsenation: A preliminary
report. In Eighth AAAI Mobile RobotCompetitior\brkshop pages40-46,1999.

[2] A. Cypher editor Watch Whatl Do: Programmingby Demonstation. MIT PressCambridge,
MA, 1993.

[3] R. DericheandG. Giraudon. Accuratecornerdetection: An analyticalstudy TechnicalReport
1420,Robotics mage,andVision Program]NRIA, 1991.

[4] R.O.Duda,P. E.Hart,andD. G. Stork. PatternClassification Wiley-Intersciencesecondedition,
2001.

[5] R.FikesandN. Nilsson.STRIPSA new approacho theapplicationof theorenproving to problem
solving. Artificial Intelligence 2:189-2081971.

[6] H. Friedrich,S.Miunch,R. Dillman, S. Bocionek,andM. Sassin.Robotprogrammingoy demon-
stration(RPD):Supportingheinductionby humaninteraction MachineLearning pagesl 63-189,
1996.

[7] W. J.GilbertandS.A. VanstoneClassicalAlgebra. WaterlooMathematics-oundation\Waterloo,
Ontario,Canadathird edition,1993.

[8] E. M. Gold. Languageadentificationin thelimit. InformationandControl, 10:447-4741967.

[9] I. HellerandC. Tompkins. An extensionof atheoremof Dantzigs. In H. KuhnandA. Tucker
editors,Linear Inequalitiesand RelatedSystemspages247-252 Princeton,NJ, 1956.Princeton
University Press.

[10] S.Iba,J.M. VandeWeghe,C. Paredis,andP. Khosla. An architecturdor gesturebasecdcontrol of
mobilerobots.In Proceeding®fthelEEE/RSJnternationalConfeenceon IntelligentRobotsand
Systemspages851-857,1999.

[11] K. Ikeuchi,M. Kawade,andT. Suehiro. Towardsassemblyplanfrom obsenation: Taskrecogni-
tion with planar curved andmechanicatontacts.In Proceedingf the IEEE/RSJnternational
ConfeenceonIntelligentRobotsand Systemgages2294-23011993.

[12] S.B. KangandK. lkeuchi. A robotsystemthatobseresandreplicatesgraspingtasks. In IEEE
Fifth InternationalConfeenceon Computeision, pagesl093-10991995.

[13] M. Kositsky. Motor Learningand Skill Acquisitionby Sequencesf ElementaryActions PhD
thesis,Departmentof Applied Mathematicsand ComputerScience,The Weizmanninstitute of
Science1998.

[14] Y. Kuniyoshi,l. MasayukiandH. Inoue.Learningby watching:Reusabléaskknowledgefrom vi-
sualobsenationof humanperformancelEEE Transactionson Roboticsand Automation 10:799—
822,1994.

[15] Y. Lashkari,M. Metral, andP. Maes. Collaboratve interfaceagents.In Proceedingof AAAI'94
Confeence 1994.

[16] A. MarzalandE. Vidal. Computatiorof normalizededitdistanceandapplicationslEEE Transac-
tionson Pattern Analysisand Machine Intelligence 15(9):926-9321993.

[17] M. J.Matari€. Visuo-motorprimitivesasa basisfor learningby imitation. In Imitationin Animals
andArtifacts CambridgeMA, 1999.MIT Press.

28



[18] J.D. Morrow andP. K. Khosla.Sensorimotoprimitivesfor roboticassemblskills. In Proceedings
of the IEEE International Confeenceon Roboticsand Automation volume 2, pages1894-1899,
1995.

[19] T. Murata. Petrinets: Propertiesanalysisandapplications.Proceeding®of the IEEE, 77(4):541—
580,1989.

[20] C. H. PapadimitriouandK. Steiglitz. CombinatorialOptimization: Algorithmsand Compleity.
Dover PublicationsMineola,New York, seconcedition,1998.

[21] D. Pomerleau. Neual NetworkPerceptionfor Mobile RobotGuidance PhD thesis,Carngie
Mellon University, 1994.

[22] L. R.Rabiner A tutorialonhiddenmarkos modelsandselectedpplicationsn speechrecognition.
Proceeding®fthelEEE, 77(2):257-2861989.

[23] L. R. RabinerandB.-H. Juang.Fundamental®f Speeh Recognition PrenticeHall, Englevood
Cliffs, NJ,1993.

[24] C.N. RiviereandP. S.JensenA studyof instrumenimotionin retinalmicrosugery. In Proceedings
of the 22ndInternational Confeenceof the IEEE Engineeringin Medicineand Biology Society
2000.

[25] D. Ron, Y. Singer andN. Tishby On the learnability and usageof agyclic probabilisticfinite
automataJournal of Computerand Systensciencess6(2),1998.

[26] S. Rudich. Inferring the structureof a Markov chainfrom its output. In IEEE Symposiunon
Foundationsof ComputerSciencevolume26, pages321-326,1985.

[27] S.SchaallLearningfrom demonstrationin M. Mozer, M. JordanandT. Petschegditors Advances
in Neuml InformationProcessingsystemsvolume9, pagesl040-10461997.

[28] J.ShiandC. Tomasi.Goodfeaturego track. In IEEE Confeenceon ComputeiMsionandPattern
Recognition1994.

[29] R. Singh,B. Raj,andR. M. Stern. Automaticgeneratiorof sub-wordunitsfor speechrecognition
systems . Submittedo IEEE Transactionon Speeh and Audio Processing2001.

[30] J.-J.E. SlotineandW. Li. AppliedNonlinearControl. PrenticeHall, EnglevoodCliffs, New Jersg,
1991.

[31] R. F. Stengel. Stodastic Optimal Contol: Theoryand Applications Wiley-InterscienceNew
York, 1986.

[32] S.B. Thrun. Probabilisticalgorithmsin robotics. To appeatin Al Magazine 2001. Also appeared
asCarngie Mellon University Schoolof ComputerSciencelechnicalReportCMU-CS-00-126.

[33] R. M. VoylesandP. K. Khosla. Tactile gesturedor human/robointeraction. In Proceedingsf
the IEEE/RSJnternationalConfeenceon IntelligentRobotsand Systemsvolume 3, pages/—13,
1995.

[34] C. J.C. H. WatkinsandP. Dayan.Technicalnote: Q-learning.Machine Learning 8(3/4):279-292,
1992.

[35] J.Yang,Y. Xu, andC. S.Chen.Hiddenmarkos modelapproacho skill learningandits application
to telerobotics|IEEE Transactionsn Roboticsand Automation 10(5):621-6311994.

29



