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A signi cant challengen designingrobot systemshatlearnfrom a teachers demonstratioris the ability to

mapthe perceved behaior of the trainerto an existing setof primitive behaiors. A maindif culty is that
the obsenred actionsmay constitutea combinationof individual behaiors' outcomeswhich would require
a decompositiorof the obsenation onto multiple primitive behaiors. This paperpresentsan approachto
robotlearningby demonstratiorthatusesa potential- eld behaioral representatioto learntaskscomposed
by superpositiorof behaiors. Themethodallows arobotto infer essentiahspect®f the demonstratethsks,
which could not be capturedf combinationsof behaiors would not have beenconsidered We validateour
approachn a simulatedervironmentwith a Pioneer3DX mobilerobot.

1 INTRODUCTION

Learningfrom demonstrations a naturalmethod
for augmentinga robot's skill repertoire. The main
dif culty of this approacthis the interpretatiornof ob-
senationsgatheredrom the instruction,asthe robot
hasto procesghe datacomingfrom its sensorsthen
translatat into appropriateskills or tasks If therobot
alreadyhasa basicsetof capabilitiesjnterpretingthe
demonstratiotrecomes problemof creatinga map-
ping betweerthe percevedactionof theteachetto a
setof existing primitives(Schaal 1999).

The behaior-basedapproachis particularly well
suitedfor autonomousobot control dueto its mod-
ularity and real-time responseproperties. While
behaior-based control emphasizeshe concurrent
useof behaiors, existing learningby demonstration
stratgies have mostly focusedon learning unique
mappingsrom obsenationsto a singlerobotbeha-
ior. This approactreliesontheassumptiorthatthere
exists a unique correspondingbehaior underlying
ary oneof the demonstratos actions.However, this
is astrongassumptionvhichdoesnotholdin asignif-
icantnumberof situations.Biological evidence such
astheschemaheory(Arbib, 1992),suggestshatmo-
tor behavior is typically expressedn termsof con-
currentcontrol of multiple differentactivities. This
view is alsosimilar to the conceptof basisbehavios
(Mataric, 1997),in which a completesetof underly-
ing primitivesis capableof generatinghe entiremo-
tor repertoireof arobot.

Basedon theseconsiderationsit becomef sig-
ni cant interestto addresghe problemof learninga
decompositiorof a demonstratos actionsonto pos-
sibly severalprimitivesfrom arobot'srepertoire. Our
hypothesiss that sucha stratgy will enablerobots

to learnaspectsof the taskthat could not otherwise
be capturedby a sequentialearningapproachin this
paperwe assumehattherobotis equippedvith aset
of basiccapabilitieswhichwill constitutehefounda-
tion for learning. Thelearningapproachwe propose
relieson a schema-basepresentationf behaiors
(Arkin, 1987), which provides a uniform outputin
theform of vectorsgeneratedisinga potential elds
approach.This representatiomllows for cooperatie
behaior coordinationj.e., fusionof commandgrom
multiple behaviors, which in our caseis performed
throughvectoraddition.

In this paperwe presenta methodthat usesfor-
ward modelsto learntaskswhich constitutecombi-
nationsof multiple (in our casetwo) concurrenprim-
itive behaviors. While, in generalmorethantwo be-
haviors can contribute to the overall task, the results
we presentin this paperdemonstratehat signi cant
aspectof thetaskcanbelearnedevenwith only two
concurrenbehaiors. Theresultswe presendemon-
stratethe potentialof learningapproachesor coop-
eratve behaior coordinationand provide a strong
supportfor future exploration of thesemethodolo-
gies. The learningalgorithm we presentin this pa-
peris basedon the ideaof nding the contribution,
expresse@saweight,of eachof the primitive behar-
iorsto thedemonstratethsk. Theseweightsincorpo-
rateessentialnformationandcancapturesubtledif-
ferencedetweentasks,which, evenif achieving the
samegoals, canleadto very differentways of task
execution.

Thereminderof the paperis asfollows: Section2
describesprevious approachedo robot task learn-
ing and the useof forward modelsfor mappingob-
sened actionsonto a robot's skill repertoire. Sec-



tion 3 presentour schema-basebehaior represen-
tationandSection4 describeour learningapproach.
We presenbour experimentalresultsin Section5 and
concludewith adiscussior{Section) andasummary
of the proposedapproachSection?).

2 RELATED WORK

The work we presentin this paperfalls in the
catgory of learning by experienceddemonstations
Thisimpliesthattherobotactively participatesn the
demonstratiorprovided by the teacher and experi-
enceghetaskthroughits own sensorsThisis anes-
sentialcharacteristiof ourapproachandis whatpro-
videsthe robot the datanecessaryor learning. The
adwantageof using suchtechniqueds thatthe robot
is freedfrom interpretingandrelating the actionsof
adifferentbodyto its own. The acquiredsensoryin-
formationis in termsof the robot's own structureand
sensory-motoskills.

In themobilerobotdomain,successfuapproaches
that rely on this methodologyhave demonstrated
learning of reactve policies (Hayes and Demiris,
1994), trajectories(Gaussieret al., 1998), or high-
level representationsf sequentialtasks (Nicolescu
and Mataric, 2003). Theseapproacheemplo a
teaher following stratey, in which therobotlearner
follows a humanor arobotteacherOurwork is sim-
ilar to thatof (Aleotti etal., 2004),who performthe
demonstratiorin a simulatedyirtual ervironment.

A signi cant challengeof all robotic systemshat
learn from a teachers demonstratioris the ability
to mapthe perceved behaior of the trainerto their
own behaior repertoire. A successfulpproactthat
hasbeenpreviously employed for matchingobsena-
tionsto robot behaiors is basedon forward models
(Schaal,1997; Wolpert et al., 1998), in which mul-
tiple behaior modelscompetefor predictionon the
teachersbehaior (WolpertandKawato,1998;Hayes
andDemiris,1994).Thebehavior with themostaccu-
rate predictionis the onesaidto matchthe obsened
action. In this paperwe presenta methodthat uses
predictve modelsof the robot's behaiors to learn
taskswhich consistof combinationsof concurrently
runningbehaiors.

3 BEHAVIOR REPRESENTATION

Behavior-Based Control (BBC) (Mataric, 1997;
Arkin, 1998)hasbecomeoneof themostpopularap-
proacheso embeddedystencontrolbothin research
andin practicalapplications.

In this paperwe usea schema-basetepresenta-
tion of behaviors, similar to thatdescribedn (Arkin,
1987). This choiceis essentiafor the purposeof our
work, sinceit providesa continuousencodingof be-

havioral responsesinda uniform outputin the form
of vectorsgeneratedisingapotential elds approach.

In our system,a controller consistsof a set of
concurrentlyrunning behaiors. Thus, for a given
task, eachbehaior brings its own contritution to
the overall motor command.Thesecontributionsare
weightedsuchthat, for example,an obstacleavoid-
ancebehaior couldhave a higherimpactthanreac-
ing a target, if the obstaclesn the eld aresigni -
cantlydangerouso therobot. Alternatively, in atime
constrainedask,therobotcouldgive a highercontri-
bution to gettingto the destinationthanto obstacles
alongthe way. Theseweightsaffect the magnitude
of theindividual vectorscomingfrom eachbehavior,
thus generatingdifferentmodalitiesof executionfor
thetask.

4 LEARNING APPROACH

Themainideaof thelearningalgorithmwe propose
is to infer, from a teacherprovided demonstration,
what is the contribution (expressedas a weight) of
eachof therobot'sbehaiorsto thepresentediask.As
mentioneckarlier theseweightsmodulatethe magni-
tudeof vectorscomingfrom the individual robot be-
haviors, thusin uencing the resulting (fused) com-
mand and consequentlithe way the robot interacts
with the world. However, choosingtheseweightsis
not a trivial problem. Numerousexperimentsmight
beneededo determinea setof weightsthatallow the
robot to go throughtight corridorsand will keepit
from colliding with obstaclesaswell. Therefore,in
orderto save time andotherresourcegsuchasrobot
power), it become®f signi cant interestto derivethe
appropriatenveightsfor the behaiors by demonstrat-
ing thedesirednavigationstyleto therobot.

For pairsof behaviors, thisis accomplishethrough
the applicationof a learningalgorithmthatis based
on the geometricpropertiesof vectors. During the
demonstrationa humanusesa joystick to guidethe
robot through the task while the robot's behaiors
continuouslyprovide predictionson what their out-
putswould be (in the form of a vector)for the cur
rent sensoryreadings. However, insteadof being
translatednto motorcommandsthesepredictionsare
recordedalong with the turning rate of the robot at
thatmomentof time. Thus,for eachtime stepwe are
provided with a pair of vectorsv; andv, of known
directionsand magnitudegfrom the two behaiors)
anda vectorrepresentinghe combinationof the two
vectorsv, of known orientation but whosemagnitude
is unknavn (from theusercommands)However, it is
known thatthe resultingvectorrepresentshe combi-
nationof thetwo vectorsv; andv,, modi ed by some
unknown weightsw; andw; (Figurel). The goalof
thealgorithmis to infer whataretheseweights,more
preciselyto learntheratiow = w,=w; betweerthe



two. Intuitively, we areinterestedn computingthe
relative weight betweenthe contritution of the two
behaiors, which could producethe vectorv, whose
orientationis provided by the teachers demonstra-
tion.
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Figurel: Visualrepresentationf vectorsvi, vz, (a) raysr
0
andr, and(b) vectorsv andv,.

Thelearningalgorithmanalyze®achof therecords
asfollows: of the two vectorsv,; andv, beingan-
alyzed, onevector's weight will be kept constantat
1 (sayvi) while the other (sayv,) will be assigned
a weight relative to the rst. For every record, the
turn rate of the robotis interpretedasthe angleof a
ray r, which is the supportof the resultingvectorv,
obtainedfrom the teacher$ demonstration.The ori-
gin of anotherray r, whoseorientationis the same
asthat of v, is placedat the terminalendpointof v,
(Figure1(a)). Theintersectiorpoint of raysr andr
canbe interpretedasthe endpointof two vectorsv;

andv, wherethe initial endpointandangleof v; are
the sameasthoseof r,, andtheinitial endpointand
angleof v arethe sameasthoseof r (Figurel(b)). By
thepropertiesof vectoraddition,v =v; + v;. Sincev
is thevectorcorrespondingo the commandransmit-
ted to the robot's motorsvia the operators joystick,
vi is theunalteredvectorgeneratedby oneof the be-
haviors, andthe angleof v; is the sameasthatof the
otherbehaior's vectorv,, we caninterpretv; asthe
productof thevectorv, andthedesiredveight,which
canbeeasilydeterminedy dividing themagnitudeof
v, by themagnitudeof v,. Thatis, w2 = jjV,ji jVaji,
w; = 1, andtheratio betweerthetwo is theresulting
w.

The procesgescribedabore is performedon each
of the recordedstepsin turn, resultingin a weight
ratio for every time step during the demonstration.
While the computedratioswill vary throughoutthe
task,asingleratiowill emegeasbeingthemostcon-
sistentwith the entiretask. We nd this by remov-
ing obvious outliers (ratiosthatarein the thousands
to hundredsof thousandsange,generatedvhenthe
differencebetweerthe turn rateandone of the com-
ponentvectorsis very closeto zero,implying thatfor

thattimesteppnevectorisin nitely strongethanthe
other),andtaking the averageof the dervedweights
overall therecords.

5 EXPERIMENT AL RESULTS

To validatetheproposedearningalgorithmwe per
formed experimentsusing the Player/Stagesimula-
tion ervironment(Gerkey etal., 2003)anda Pioneer
3DX mobile robot equippedwith a SICK LMS-200
laserrange ndet two rings of sonarsanda pan-tilt-
zoom(PTZ) camera.

5.1 Robot Behaviors

Therobotis equippedvith thefollowing primitive be-
haviors: laserobstacleavoidancgavoid), attractiorto
agoalobject(attract), attractionto unoccupiedspace
(wandej, sonambstacleavoidancgsonarAvoid), dis-
tinct from the avoid behaior due to differencesin
sensorspeci cations, and randomdirection change
(randon), all implementedisinga potential elds ap-
proach.

For the experimentsdescribedin this paperwe
only usedthe avoid, attract and wander primitives.
All of thesebehaviors useinformationfrom thelaser
range nder which returnsthe distancebetweenthe
robot and ary objectthe laserencountersfor each
unit of angularresolution. We have determinedhat
the maximumrangeat which obstaclesshouldhave
an effect ontherobot's behaior is 2 meters.If there
areno obstaclegvithin this range thevalueof 2 me-
tersis returned.Goal objectsarerepresenteds du-
cials, which can be detectedusing combinedinfor-
mationfrom the laserand PTZ camera. The lasers

ducial detectothasarangeof 8 meters.
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Figure2: Potential eld encodingof the following beha-
iors: (a) obstacleavoidance(b) goalattractand(c) wander

Below we describethe implementationdetails of
thethreebehaviors thatwe used:

Avoid. The avoidbehaior is activatedwhenever
thelaserrange nderreturnsavaluewithin a distance
smallerthan2 meters.In this situation,for eachlaser
readingthatreachesan obstacle the behaior gener
atesavectorwhoseangleis thebearingto theobstacle



plus 180 degreesandwhosemagnitudeis equalto a
functionof thedistancebetweertherobotandtheob-
stacle.We add180degreego theangleto reversethe
directionof the vector, suchthattherobotis repulsed
by the obstacle. The function usedto determinethe
magnitudeis 2=d 1 if d is lessthanor equalto 2
andO if d is greaterthan2, whered is the distance
to the obstacleand 2 is the maximumrange(in me-
ters)at which obstaclesanaffect the robot's behar-
ior. Theresultingvectorsarethencombinedthrough
vectoradditionto form onevectorrepresentinghere-
sponseof theavoidbehaior.

Wander. Thewanderbehaior is actvatedwhen-
ever there are unoccupiedspacesn the 180-dgyree
front eld of view of therobot. For eachlaserreading
thatdoesnot reachan obstacle a vectoris generated
whoseangleis the bearingof that empty spaceand
whosemagnitudeis 1. Thesevectorsarethencom-
binedthroughvectoradditionto form onevectorrep-
resentingheresponsef thewanderbehaior.

Attract. Theattract behaior is actvatedwhen-
ever a goal object( ducial) is in therobot's eld of
view. For eachgoal objectthatis detecteda vector
is generatedvhoseangleis the bearingto the object
andwhosemagnitudeis 1.

Within a particular controller, after thesevectors
aregeneratedeachoneis multiplied by a scalarthat
representdts relative importancecomparedto the
otherbehaior(s) andthenthey arecombinedhrough
vector addition. The resulting vector is theninter-
pretedasa movementcommandand sentto the mo-
tors. This is doneby translatingthe angleof the re-
sulting vectorinto rotationalvelocity. If the angleis
within thefront 90 degreesof therobot,the robotwill
move forwardwhile turning. If theangleis within ei-
thertheleft or right 90 degreesof therobot,therobot
will stop forward movementandturn in place until
theresultingvectoris onceagainpointingin front of
therobot. If theangleof theresultingvectoris within
therear90 degreesof therobot,therobotwill reverse
while turningin thedirectionindicated.

The experimentswe describebelov validate the
learningalgorithm's ability to derive the weights of
thesebehaviors for varioususerprovideddemonstra-
tions: different task achiesing strateyies are repre-
sentedby differentweights, which will be captured
by our proposedapproach.

5.2 Experimental Setup

We testedthe learningalgorithm describedabove in
two scenarios,eachof which useda different be-
havior pair: one with avoid/wanderand one with
avoid/attact. For eachscenariowe performedtwo
sets of experiments, comprising the teaching by
demonstratiorandthe validation stagesespectiely.

Eachsetwasundertalenin a different“world,” de-
ned by a mapandthe startingpositionsof both the
robot and a goal object (Figure 3). In the rst sce-
nario, the robot hasto learn the task of navigating
safelyin anenvironmentwith varioussizedcorridors.
In the secondscenario,the robot hasto learn how
to reacha particulartarget, in an ervironmentwith
tighteror largeropenspaces.
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Figure 3: Experimentalsetup with possible paths: (a)
Avoid/wanderexperiment,(b) Avoid/Attractexperiment

In the demonstratiorstep of both setsof experi-
ments,a humanoperatorusesa joystick to drive the
robot to the goal objectwhile a backgroundprocess
keepstrack of the predictionsof the componenvec-
tors,therobot'sspeedandtherobot'sturnrateateach
timestepasdescribedn Sectiond. Theuserchooses
one of several pathsto the goal, eachof which rep-
resentsa different stratgy of performingthe same
task. Thedifferentchoserpathshave differenteffects
onthecomponenbehaiors, morespeci cally onthe
weightthatis placedon eachbehaior in turn. For ex-
ample,in theexperimentwhereavoidandwanderare
the two behaiors available, thereare threedifferent
pathsto the goal,eachslightly narraver thanthe last.
Ideally, if the usertakesthe path of mediumwidth,
thentherobotshouldlearna setof behaior weights
thatallowsit to traversepathsof thatwidth andlarger,
while preventingit from enteringnarraver corridors.
Likewise,for thesetupin which avoidandattractare
the behaviors the robot hasavailable, there are two
possiblepathsto the goal: one which goesthrough
a narraw corridor and onewhich bypasseshe corri-
dor altogetherln this casejt is hopedthatif theuser
drivesthe robot along the former path, the learning
algorithmwill derive a weight for the attractvector
strongenoughto compeltherobotto traversethe cor
ridor. Corversely if theuserbypasseshe corridor, it
is hopedthatthealgorithmwill deriveaweightfor the
attractvectorthatis too weakto overcomethe contri-
bution from the avoid vectorwhenfacedwith sucha
tight space. The demonstratiorstopsin both setsof
experimentsvhenthe userreacheshe goalobject.

The learning algorithm then analyzesthe infor-
mation recordedin eachof the demonstratiorruns.



For eachtimesteprecorded the algorithmderivesa
weightbasedon the componentectors the turn rate
andthe speedof therobotfor thattimestep.The al-
gorithm producesa set of behaior weights, as de-
scribedin Sectiond. While in our currentimplemen-
tationthelearningis performedoff-line, atthe endof
the demonstrationthe processingcould also be per
formedon-line,aftereachexecutedstep.

To evaluatethe performanceof the learningalgo-
rithm we placetherobotatvariouslocationsin theen-
vironmentandequipit with anautonomousontroller
whichusesthe derivedweights.If therobotperforms
the samestratgy as demonstratedby the user(e.g.,
refusego navigatecorridorsor tight spacesarrover
thanthosethroughwhich the userdrove it, but tra-
versesary wider spaces)the experimentis consid-
eredasuccess.

5.3 Results

To test the learning algorithm on the rst scenario
thatinvolvesthe avoid/wandetbehaior pair, we per

formedthreeseparatexperimentspnefor eachpath
indicatedin Figure3 (a). Furthermoreeachof these
experimentsvasrepeatedhreetimes,resultingin the

nine valuesin the rst scenarioportion of Table 1.

First, the user navigatedthe robot throughthe nar

rowest path towardsthe goal. The resultwasa rel-

atively largeweightfor thewanderbehaior, ascom-

paredwith weightsderivedfor wanderin thenext two

demonstrationgseeTable 1). We thenactivatedthe

robot's controller using the learnedweightsin three
differentruns, startingfrom variousinitial positions:
oneinsidethenarrav corridor, oneinsidethemedian-
width corridor, andoneinsidethewide corridor. The

controllerallowedtherobotto easilytraversethe nar

row corridor, aswell aswider areassincethe weight
of wanderwasableto overcomethe responsef the

avoidbehaior.

In a seconddemonstrationthe user guided the
robotthroughthemiddlepath,whichresultedn asig-
ni cantly smallerweightfor thewanderbehaior (see
Table1). We testedthe resultingcontrollerin three
differentruns, startingthe robot in eachof the thee
corridors (narrav, median-widthand large). When
placingtheroboton the narrovestpathwe foundthat
theweightof thewanderbehaior is nolongerstrong
enoughto counterthe effect of obstacleavoidance,
forcing the robot to reversein an attemptto escape
from the constrictingspace.However, therobotwas
easily ableto traversethe median-widthcorridor, as
well asthelargestone.

Finally, the usertook the widestpathfor the third
demonstrationywhichresultedn asigni cantly lower
weightfor the wanderbehaior thanin the previous
two runs(seeTable1). In the threeexperimentswe
performedwith the learnedcontroller, the robotwas

notableto traversethe narrov andmedian-widthcor
ridors, even when placedthere, but was ableto tra-
versethewidestcorridorwith ease.

Two subsequentepetitionsof theseexperiments
(both learning and validation) led to similar re-
sults (with slight differencesdue to variability in
the users demonstration)leadingto the conclusion
thatthelearningalgorithmcorrectlyderivestherela-
tive importanceof the two componentectorsin the
avoid/wandesscenaricandthatit accuratelycaptured
thestratgyy of thedemonstrator

Table 1: Behavior weightslearnedthroughdemon-
stration(Avoid weightskeptconstantat 1)

Wandervs. Avoid weight
Exp.1 | Exp.2 | Exp.3
Narrow corridor 7.8 14.4 8.4
Mediumcorridor 3.8 3.2 3.3

First scenario

Wide corridor 0.4 0.6 0.4

; Attractvs. Avoid weight
Secondscenario Exp. 1| Exp.2 [ Exp.3
Traversecorridor | 195.5 | 215.2 | 195.6
Avoid corridor 124.0 | 1319 | 118.7

Theexperimentdor thesecondscenariofor which
the avoid/attract behaior pair was available to the
robot, followed similar linesandachiezed similar re-
sults.In a rst demonstrationtheuserdrovetherobot
throughthe narrov corridor anddirectly to the goal.
Thisresultedin a weightfor the attract behavior that
allowed the robot, in the rst validationrun, to tra-
versethe corridor, even in the presenceof obstacle
avoidance In thesecondralidationrun,therobotwas
againableto reachthe goalwhenplacedat aninitial
positionwhereit could seethe goal, but wasnot sep-
aratedfrom it by the narrav corridor.

In the seconddemonstration the user turns the
robotaway uponapproachingheentranceo thenar
row corridor, opting insteadto leadthe robotaround
the obstacledrom which it wasconstructed.As ex-
pected this resultedin a muchlower weight for the
attractbehavior, which,whenusedin therobot'scon-
troller, causedthe robot to stop at the entranceof
the corridor, wherethe magnitudeof the avoidvector
generatedy the obstaclewalls becamesqualto that
of the attractvectorgeneratedyy the goalatits other
end.Whenplacednitially atalocationwhereit could
seethe goalwithout having to go througha corridor,
therobotwaseasilyableto approachhe goal object.
As with theavoid/wandebehaior pairscenariofwo
subsequengxperimentsdemonstratethe repeatabil-
ity of theseresults,further con rming our learning
algorithm’s viability in deriing relative weights of
pairsof behaiors usingthe potential elds method.

The trainedcontrolleris not restrictedto a a par



ticular path or executionsequenceand is therefore
generaknoughto exhibit meaningfulbehaior in any
evaluationervironment. For example,if a robotis
trainedin corridorsof 1 meterin width, the robot
will not enterary corridor that is narrover than 1
meter regardlessof the world in which it is placed
andwithoutstoringary explicit informationaboutthe
width of thecorridor. Therelative weightsof thewan-
der andavoid behaiors will determinef the attrac-
tive force pulling the robot towardssomecorridor is
strongenoughto overcometherepulsve force gener
atedby theavoidbehavior.

6 DISCUSSION

The approachwe presentedlemonstrateshe im-
portanceof consideringconcurrentlyrunning behav-
iors asunderlyingmechanismgor achieving a task.
The methodwe proposedallows for learningof both
the goalsinvolved in the task (e.g., reachinga tar
get)andalsoof theparticularwaysin whichthesame
goalscanbe achieved. The teachers demonstration
provides essentiainformation aboutthe importance
of the various aspectsof the task, such as what is
more important: reachingthe goal or stayingaway
from obstaclesA purely sequentialearningmethod
would haveidenti ed theultimategoalof thetask,but
would have failed to capturethe differentmodalities
in which thetaskcouldbeachiered.

The proposedapproachcould alsomake a signi -
cantimpacton modelinghumanbehaior. Sincethe
algorithmallows for learningthe level of importance
of variousaspect®f thetask,it would enableunder
standingof the priorities differentusershave when
performing that task, thus capturingthe underlying
stratgies they employ. For example,the algorithm
could distinguishbetweenbold stratgies, in which
theuserrusheghroughobstaclesandtowardthegoal,
andcautiousstratgiesin which the usergoesslowly
aroundobstacles.

7 SUMMARY

We presenteda method for robot task learning
from demonstrationthat addresseshe problem of
mapping obsenations to robot behaiors from a
novel perspectie. Our claim, supportedby biolog-
ical inspiration, is that motor behaior is typically
expressedn termsof concurrentcontrol of multiple
different activities. Toward this end, we developed
a learningby demonstratiorapproachthat allows a
robotto mapthedemonstratos actionsontomultiple
behaior primitivesfrom its repertoire. This method
hasbeenshavn to capturenot only the overall goals
of thetask,but alsothe speci cs of theusers demon-
stration which indicate different ways of executing

thesametask.
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