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Abstract: A signi�cant challengein designingrobotsystemsthat learnfrom a teacher's demonstrationis theability to
mapthe perceived behavior of the trainerto an existing setof primitive behaviors. A maindif�culty is that
the observed actionsmay constitutea combinationof individual behaviors' outcomes,which would require
a decompositionof the observation onto multiple primitive behaviors. This paperpresentsan approachto
robot learningby demonstrationthatusesa potential-�eld behavioral representationto learntaskscomposed
by superpositionof behaviors. Themethodallows a robotto infer essentialaspectsof thedemonstratedtasks,
which couldnot becapturedif combinationsof behaviors would not have beenconsidered.We validateour
approachin a simulatedenvironmentwith a Pioneer3DX mobilerobot.

1 INTR ODUCTION

Learningfrom demonstrationis a naturalmethod
for augmentinga robot's skill repertoire. The main
dif�culty of this approachis the interpretationof ob-
servationsgatheredfrom the instruction,astherobot
hasto processthedatacomingfrom its sensors,then
translateit into appropriateskillsor tasks. If therobot
alreadyhasabasicsetof capabilities,interpretingthe
demonstrationbecomesa problemof creatinga map-
ping betweentheperceivedactionof theteacherto a
setof existingprimitives(Schaal,1999).

The behavior-basedapproachis particularly well
suitedfor autonomousrobot control dueto its mod-
ularity and real-time responseproperties. While
behavior-basedcontrol emphasizesthe concurrent
useof behaviors, existing learningby demonstration
strategies have mostly focusedon learning unique
mappingsfrom observationsto a singlerobotbehav-
ior. This approachrelieson theassumptionthatthere
exists a unique correspondingbehavior underlying
any oneof thedemonstrator'sactions.However, this
is astrongassumptionwhichdoesnotholdin asignif-
icantnumberof situations.Biologicalevidence,such
astheschematheory(Arbib, 1992),suggeststhatmo-
tor behavior is typically expressedin termsof con-
currentcontrol of multiple differentactivities. This
view is alsosimilar to theconceptof basisbehaviors
(Mataríc, 1997),in which a completesetof underly-
ing primitivesis capableof generatingtheentiremo-
tor repertoireof a robot.

Basedon theseconsiderations,it becomesof sig-
ni�cant interestto addressthe problemof learninga
decompositionof a demonstrator's actionsonto pos-
sibly severalprimitivesfrom arobot'srepertoire.Our
hypothesisis that sucha strategy will enablerobots

to learnaspectsof the taskthat could not otherwise
becapturedby asequentiallearningapproach.In this
paper, weassumethattherobotis equippedwith aset
of basiccapabilities,whichwill constitutethefounda-
tion for learning. The learningapproachwe propose
relieson a schema-basedrepresentationof behaviors
(Arkin, 1987), which provides a uniform output in
theform of vectorsgeneratedusinga potential�elds
approach.This representationallows for cooperative
behavior coordination,i.e., fusionof commandsfrom
multiple behaviors, which in our caseis performed
throughvectoraddition.

In this paperwe presenta methodthat usesfor-
ward modelsto learn taskswhich constitutecombi-
nationsof multiple (in ourcasetwo) concurrentprim-
itive behaviors. While, in general,morethantwo be-
haviors cancontribute to the overall task,the results
we presentin this paperdemonstratethat signi�cant
aspectsof thetaskcanbelearnedevenwith only two
concurrentbehaviors. Theresultswe presentdemon-
stratethe potentialof learningapproachesfor coop-
erative behavior coordinationand provide a strong
support for future exploration of thesemethodolo-
gies. The learningalgorithm we presentin this pa-
per is basedon the ideaof �nding the contribution,
expressedasaweight,of eachof theprimitivebehav-
iors to thedemonstratedtask.Theseweightsincorpo-
rateessentialinformationandcancapturesubtledif-
ferencesbetweentasks,which, even if achieving the
samegoals,can lead to very differentways of task
execution.

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



tion 3 presentsour schema-basedbehavior represen-
tationandSection4 describesour learningapproach.
We presentour experimentalresultsin Section5 and
concludewith adiscussion(Section6) andasummary
of theproposedapproach(Section7).

2 RELATED WORK

The work we presentin this paper falls in the
category of learningby experienceddemonstrations.
This impliesthattherobotactively participatesin the
demonstrationprovided by the teacher, and experi-
encesthetaskthroughits own sensors.This is anes-
sentialcharacteristicof ourapproach,andis whatpro-
videsthe robot the datanecessaryfor learning. The
advantageof usingsuchtechniquesis that the robot
is freedfrom interpretingandrelatingthe actionsof
a differentbodyto its own. Theacquiredsensoryin-
formationis in termsof therobot'sown structureand
sensory-motorskills.

In themobilerobotdomain,successfulapproaches
that rely on this methodologyhave demonstrated
learning of reactive policies (Hayes and Demiris,
1994), trajectories(Gaussieret al., 1998), or high-
level representationsof sequentialtasks(Nicolescu
and Mataríc, 2003). Theseapproachesemploy a
teacher following strategy, in which therobot learner
followsa humanor a robotteacher. Our work is sim-
ilar to thatof (Aleotti et al., 2004),who performthe
demonstrationin a simulated,virtual environment.

A signi�cant challengeof all robotic systemsthat
learn from a teacher's demonstrationis the ability
to mapthe perceived behavior of the trainerto their
own behavior repertoire.A successfulapproachthat
hasbeenpreviously employedfor matchingobserva-
tions to robot behaviors is basedon forward models
(Schaal,1997; Wolpert et al., 1998), in which mul-
tiple behavior modelscompetefor predictionon the
teacher'sbehavior (WolpertandKawato,1998;Hayes
andDemiris,1994).Thebehavior with themostaccu-
ratepredictionis the onesaidto matchthe observed
action. In this paperwe presenta methodthat uses
predictive modelsof the robot's behaviors to learn
taskswhich consistof combinationsof concurrently
runningbehaviors.

3 BEHAVIOR REPRESENTATION

Behavior-Based Control (BBC) (Mataríc, 1997;
Arkin, 1998)hasbecomeoneof themostpopularap-
proachesto embeddedsystemcontrolbothin research
andin practicalapplications.

In this paperwe usea schema-basedrepresenta-
tion of behaviors, similar to thatdescribedin (Arkin,
1987).This choiceis essentialfor thepurposeof our
work, sinceit providesa continuousencodingof be-

havioral responsesanda uniform output in the form
of vectorsgeneratedusingapotential�elds approach.

In our system,a controller consistsof a set of
concurrentlyrunning behaviors. Thus, for a given
task, eachbehavior brings its own contribution to
theoverall motorcommand.Thesecontributionsare
weightedsuchthat, for example,an obstacleavoid-
ancebehavior couldhaveahigherimpactthanreach-
ing a target, if the obstaclesin the �eld aresigni�-
cantlydangerousto therobot.Alternatively, in a time
constrainedtask,therobotcouldgiveahighercontri-
bution to gettingto the destinationthanto obstacles
along the way. Theseweightsaffect the magnitude
of theindividual vectorscomingfrom eachbehavior,
thusgeneratingdifferentmodalitiesof executionfor
thetask.

4 LEARNING APPROACH

Themainideaof thelearningalgorithmwepropose
is to infer, from a teacherprovided demonstration,
what is the contribution (expressedas a weight) of
eachof therobot'sbehaviorsto thepresentedtask.As
mentionedearlier, theseweightsmodulatethemagni-
tudeof vectorscomingfrom the individual robotbe-
haviors, thus in�uencing the resulting(fused)com-
mandand consequentlythe way the robot interacts
with the world. However, choosingtheseweightsis
not a trivial problem. Numerousexperimentsmight
beneededto determineasetof weightsthatallow the
robot to go throughtight corridorsand will keepit
from colliding with obstaclesaswell. Therefore,in
orderto save time andotherresources(suchasrobot
power),it becomesof signi�cant interestto derivethe
appropriateweightsfor thebehaviorsby demonstrat-
ing thedesirednavigationstyleto therobot.

Forpairsof behaviors,thisisaccomplishedthrough
the applicationof a learningalgorithmthat is based
on the geometricpropertiesof vectors. During the
demonstration,a humanusesa joystick to guidethe
robot through the task while the robot's behaviors
continuouslyprovide predictionson what their out-
putswould be (in the form of a vector) for the cur-
rent sensoryreadings. However, insteadof being
translatedinto motorcommands,thesepredictionsare
recordedalong with the turning rate of the robot at
thatmomentof time. Thus,for eachtime stepwe are
provided with a pair of vectorsv1 andv2 of known
directionsandmagnitudes(from the two behaviors)
anda vectorrepresentingthecombinationof thetwo
vectorsv, of known orientation,but whosemagnitude
is unknown(from theusercommands).However, it is
known thattheresultingvectorrepresentsthecombi-
nationof thetwo vectorsv1 andv2, modi�ed by some
unknown weightsw1 andw2 (Figure1). Thegoalof
thealgorithmis to infer whataretheseweights,more
preciselyto learnthe ratio w = w2=w1 betweenthe



two. Intuitively, we are interestedin computingthe
relative weight betweenthe contribution of the two
behaviors, which could producethe vectorv, whose
orientationis provided by the teacher's demonstra-
tion.

Figure1: Visualrepresentationof vectorsv1 , v2 , (a) raysr
andr 2 and(b) vectorsv andv
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Thelearningalgorithmanalyzeseachof therecords
as follows: of the two vectorsv1 and v2 being an-
alyzed,onevector's weight will be kept constantat
1 (sayv1) while the other (sayv2) will be assigned
a weight relative to the �rst. For every record, the
turn rateof the robot is interpretedasthe angleof a
ray r , which is the supportof the resultingvectorv,
obtainedfrom the teacher's demonstration.The ori-
gin of anotherray r 2 whoseorientationis the same
asthat of v2 is placedat the terminalendpointof v1
(Figure1(a)). Theintersectionpoint of raysr andr 2

canbe interpretedasthe endpointof two vectorsv
0

2

andv, wherethe initial endpointandangleof v
0

2 are
the sameasthoseof r 2, andthe initial endpointand
angleof v arethesameasthoseof r (Figure1(b)). By
thepropertiesof vectoraddition,v = v1 + v

0

2. Sincev
is thevectorcorrespondingto thecommandtransmit-
ted to the robot's motorsvia the operator's joystick,
v1 is theunalteredvectorgeneratedby oneof thebe-
haviors,andtheangleof v

0

2 is thesameasthatof the
otherbehavior's vectorv2, we caninterpretv

0

2 asthe
productof thevectorv2 andthedesiredweight,which
canbeeasilydeterminedby dividing themagnitudeof
v

0

2 by themagnitudeof v2. Thatis, w2 = jjv
0

2 jj=jjv2jj ,
w1 = 1, andtheratiobetweenthetwo is theresulting
w.

Theprocessdescribedabove is performedon each
of the recordedstepsin turn, resulting in a weight
ratio for every time step during the demonstration.
While the computedratios will vary throughoutthe
task,asingleratiowill emergeasbeingthemostcon-
sistentwith the entire task. We �nd this by remov-
ing obvious outliers(ratiosthat are in the thousands
to hundredsof thousandsrange,generatedwhenthe
differencebetweenthe turn rateandoneof thecom-
ponentvectorsis verycloseto zero,implying thatfor

thattimestep,onevectoris in�nitely strongerthanthe
other),andtaking theaverageof thederivedweights
overall therecords.

5 EXPERIMENT AL RESULTS

To validatetheproposedlearningalgorithmweper-
formed experimentsusing the Player/Stagesimula-
tion environment(Gerkey et al., 2003)anda Pioneer
3DX mobile robot equippedwith a SICK LMS-200
laserrange�nder, two ringsof sonars,anda pan-tilt-
zoom(PTZ) camera.

5.1 Robot Behaviors

Therobotis equippedwith thefollowingprimitivebe-
haviors: laserobstacleavoidance(avoid), attractionto
a goalobject(attract), attractionto unoccupiedspace
(wander), sonarobstacleavoidance(sonarAvoid), dis-
tinct from the avoid behavior due to differencesin
sensorspeci�cations,and randomdirection change
(random), all implementedusingapotential�elds ap-
proach.

For the experimentsdescribedin this paper we
only usedthe avoid, attract and wanderprimitives.
All of thesebehaviors useinformationfrom thelaser
range�nder, which returnsthe distancebetweenthe
robot and any object the laserencounters,for each
unit of angularresolution. We have determinedthat
the maximumrangeat which obstaclesshouldhave
aneffect on therobot's behavior is 2 meters.If there
areno obstacleswithin this range,thevalueof 2 me-
tersis returned.Goalobjectsarerepresentedas�du-
cials, which can be detectedusing combinedinfor-
mationfrom the laserandPTZ camera.The laser's
�ducial detectorhasa rangeof 8 meters.

Figure2: Potential�eld encodingof the following behav-
iors: (a) obstacleavoidance,(b) goalattractand(c) wander

Below we describethe implementationdetailsof
thethreebehaviors thatwe used:

� Avoid. Theavoidbehavior is activatedwhenever
thelaserrange�nderreturnsa valuewithin a distance
smallerthan2 meters.In this situation,for eachlaser
readingthat reachesan obstacle,thebehavior gener-
atesavectorwhoseangleis thebearingto theobstacle



plus 180 degreesandwhosemagnitudeis equalto a
functionof thedistancebetweentherobotandtheob-
stacle.Weadd180degreesto theangleto reversethe
directionof thevector, suchthattherobotis repulsed
by the obstacle.The function usedto determinethe
magnitudeis 2=d � 1 if d is lessthanor equalto 2
and0 if d is greaterthan2, whered is the distance
to the obstacleand2 is the maximumrange(in me-
ters)at which obstaclescanaffect the robot's behav-
ior. Theresultingvectorsarethencombinedthrough
vectoradditionto form onevectorrepresentingthere-
sponseof theavoidbehavior.
� Wander. Thewanderbehavior is activatedwhen-

ever thereare unoccupiedspacesin the 180-degree
front �eld of view of therobot.For eachlaserreading
thatdoesnot reachanobstacle,a vectoris generated
whoseangle is the bearingof that emptyspaceand
whosemagnitudeis 1. Thesevectorsarethencom-
binedthroughvectoradditionto form onevectorrep-
resentingtheresponseof thewanderbehavior.
� Attract. The attract behavior is activatedwhen-

ever a goal object (�ducial) is in the robot's �eld of
view. For eachgoal object that is detected,a vector
is generatedwhoseangleis thebearingto theobject
andwhosemagnitudeis 1.

Within a particularcontroller, after thesevectors
aregenerated,eachoneis multiplied by a scalarthat
representsits relative importancecomparedto the
otherbehavior(s)andthenthey arecombinedthrough
vector addition. The resultingvector is then inter-
pretedasa movementcommandandsentto themo-
tors. This is doneby translatingthe angleof the re-
sulting vectorinto rotationalvelocity. If theangleis
within thefront 90degreesof therobot,therobotwill
moveforwardwhile turning. If theangleis within ei-
thertheleft or right 90degreesof therobot,therobot
will stop forward movementand turn in placeuntil
theresultingvectoris onceagainpointingin front of
therobot. If theangleof theresultingvectoris within
therear90degreesof therobot,therobotwill reverse
while turningin thedirectionindicated.

The experimentswe describebelow validate the
learningalgorithm's ability to derive the weightsof
thesebehaviors for varioususer-provideddemonstra-
tions: different task achieving strategies are repre-
sentedby differentweights,which will be captured
by ourproposedapproach.

5.2 Experimental Setup

We testedthe learningalgorithmdescribedabove in
two scenarios,eachof which useda different be-
havior pair: one with avoid/wanderand one with
avoid/attract. For eachscenariowe performedtwo
sets of experiments, comprising the teaching by
demonstrationandthevalidationstagesrespectively.

Eachset wasundertaken in a different “world,” de-
�ned by a mapandthestartingpositionsof both the
robot and a goal object (Figure 3). In the �rst sce-
nario, the robot has to learn the task of navigating
safelyin anenvironmentwith varioussizedcorridors.
In the secondscenario,the robot has to learn how
to reacha particulartarget, in an environmentwith
tighteror largeropenspaces.

Figure 3: Experimentalsetup with possiblepaths: (a)
Avoid/wanderexperiment,(b) Avoid/Attractexperiment

In the demonstrationstepof both setsof experi-
ments,a humanoperatorusesa joystick to drive the
robot to the goal objectwhile a backgroundprocess
keepstrackof thepredictionsof thecomponentvec-
tors,therobot'sspeed,andtherobot'sturnrateateach
timestep,asdescribedin Section4. Theuserchooses
oneof several pathsto the goal, eachof which rep-
resentsa different strategy of performing the same
task.Thedifferentchosenpathshavedifferenteffects
on thecomponentbehaviors,morespeci�cally on the
weightthatis placedoneachbehavior in turn. For ex-
ample,in theexperimentwhereavoidandwanderare
the two behaviors available,therearethreedifferent
pathsto thegoal,eachslightly narrower thanthelast.
Ideally, if the usertakes the pathof mediumwidth,
thentherobotshouldlearna setof behavior weights
thatallowsit to traversepathsof thatwidth andlarger,
while preventingit from enteringnarrowercorridors.
Likewise,for thesetupin whichavoidandattractare
the behaviors the robot hasavailable, thereare two
possiblepathsto the goal: onewhich goesthrough
a narrow corridorandonewhich bypassesthecorri-
dor altogether. In this case,it is hopedthatif theuser
drives the robot along the former path, the learning
algorithmwill derive a weight for the attractvector
strongenoughto compeltherobotto traversethecor-
ridor. Conversely, if theuserbypassesthecorridor, it
is hopedthatthealgorithmwill deriveaweightfor the
attractvectorthatis tooweakto overcomethecontri-
bution from theavoid vectorwhenfacedwith sucha
tight space.The demonstrationstopsin both setsof
experimentswhentheuserreachesthegoalobject.

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



For eachtimesteprecorded,the algorithmderivesa
weightbasedon thecomponentvectors,theturn rate
andthespeedof the robot for that timestep.The al-
gorithm producesa set of behavior weights,as de-
scribedin Section4. While in our currentimplemen-
tationthelearningis performedoff-line, at theendof
the demonstration,the processingcould alsobe per-
formedon-line,aftereachexecutedstep.

To evaluatethe performanceof the learningalgo-
rithm weplacetherobotatvariouslocationsin theen-
vironmentandequipit with anautonomouscontroller
whichusesthederivedweights.If therobotperforms
the samestrategy asdemonstratedby the user(e.g.,
refusesto navigatecorridorsor tight spacesnarrower
than thosethroughwhich the userdrove it, but tra-
versesany wider spaces),the experimentis consid-
eredasuccess.

5.3 Results

To test the learning algorithm on the �rst scenario
thatinvolvestheavoid/wanderbehavior pair, we per-
formedthreeseparateexperiments,onefor eachpath
indicatedin Figure3 (a). Furthermore,eachof these
experimentswasrepeatedthreetimes,resultingin the
nine valuesin the �rst scenarioportion of Table 1.
First, the usernavigatedthe robot throughthe nar-
rowestpath towardsthe goal. The resultwasa rel-
atively largeweightfor thewanderbehavior, ascom-
paredwith weightsderivedfor wanderin thenext two
demonstrations(seeTable1). We thenactivatedthe
robot's controllerusing the learnedweightsin three
differentruns,startingfrom variousinitial positions:
oneinsidethenarrow corridor, oneinsidethemedian-
width corridor, andoneinsidethewide corridor. The
controllerallowedtherobotto easilytraversethenar-
row corridor, aswell aswider areas,sincetheweight
of wanderwasableto overcomethe responseof the
avoidbehavior.

In a seconddemonstration,the user guided the
robotthroughthemiddlepath,whichresultedin asig-
ni�cantly smallerweightfor thewanderbehavior (see
Table1). We testedthe resultingcontroller in three
different runs, startingthe robot in eachof the thee
corridors (narrow, median-widthand large). When
placingtheroboton thenarrowestpathwe foundthat
theweightof thewanderbehavior is no longerstrong
enoughto counterthe effect of obstacleavoidance,
forcing the robot to reversein an attemptto escape
from theconstrictingspace.However, the robot was
easilyableto traversethe median-widthcorridor, as
well asthelargestone.

Finally, theusertook the widestpathfor the third
demonstration,whichresultedin asigni�cantly lower
weight for the wanderbehavior thanin the previous
two runs(seeTable1). In the threeexperimentswe
performedwith the learnedcontroller, the robot was

notableto traversethenarrow andmedian-widthcor-
ridors, even whenplacedthere,but wasable to tra-
versethewidestcorridorwith ease.

Two subsequentrepetitionsof theseexperiments
(both learning and validation) led to similar re-
sults (with slight differencesdue to variability in
the user's demonstration),leadingto the conclusion
that the learningalgorithmcorrectlyderivestherela-
tive importanceof the two componentvectorsin the
avoid/wanderscenarioandthatit accuratelycaptured
thestrategy of thedemonstrator.

Table 1: Behavior weightslearnedthroughdemon-
stration(Avoidweightskeptconstantat1)

Wandervs. AvoidweightFirst scenario
Exp. 1 Exp. 2 Exp. 3

Narrow corridor 7.8 14.4 8.4
Mediumcorridor 3.8 3.2 3.3
Wide corridor 0.4 0.6 0.4

Attract vs. AvoidweightSecondscenario
Exp. 1 Exp. 2 Exp. 3

Traversecorridor 195.5 215.2 195.6
Avoid corridor 124.0 131.9 118.7

Theexperimentsfor thesecondscenario,for which
the avoid/attract behavior pair was available to the
robot,followedsimilar linesandachievedsimilar re-
sults.In a�rst demonstration,theuserdrovetherobot
throughthe narrow corridoranddirectly to thegoal.
This resultedin a weightfor theattract behavior that
allowed the robot, in the �rst validation run, to tra-
versethe corridor, even in the presenceof obstacle
avoidance.In thesecondvalidationrun,therobotwas
againableto reachthegoalwhenplacedat an initial
positionwhereit couldseethegoal,but wasnot sep-
aratedfrom it by thenarrow corridor.

In the seconddemonstration,the user turns the
robotawayuponapproachingtheentranceto thenar-
row corridor, opting insteadto leadthe robotaround
the obstaclesfrom 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
thecorridor, wherethemagnitudeof theavoidvector
generatedby theobstaclewalls becameequalto that
of theattract vectorgeneratedby thegoalat its other
end.Whenplacedinitially atalocationwhereit could
seethegoalwithout having to go througha corridor,
therobotwaseasilyableto approachthegoalobject.
As with theavoid/wanderbehavior pairscenario,two
subsequentexperimentsdemonstratedtherepeatabil-
ity of theseresults,further con�rming our learning
algorithm's viability in deriving relative weightsof
pairsof behaviorsusingthepotential�elds method.

The trainedcontroller is not restrictedto a a par-



ticular path or executionsequenceand is therefore
generalenoughto exhibit meaningfulbehavior in any
evaluationenvironment. For example, if a robot is
trained in corridors of 1 meter in width, the robot
will not enter any corridor that is narrower than 1
meter, regardlessof the world in which it is placed
andwithoutstoringany explicit informationaboutthe
width of thecorridor. Therelativeweightsof thewan-
der andavoid behaviors will determineif the attrac-
tive forcepulling the robot towardssomecorridor is
strongenoughto overcometherepulsive forcegener-
atedby theavoidbehavior.

6 DISCUSSION

The approachwe presenteddemonstratesthe im-
portanceof consideringconcurrentlyrunningbehav-
iors asunderlyingmechanismsfor achieving a task.
Themethodwe proposedallows for learningof both
the goals involved in the task (e.g., reachinga tar-
get)andalsoof theparticularwaysin whichthesame
goalscanbe achieved. The teacher's demonstration
providesessentialinformationaboutthe importance
of the various aspectsof the task, such as what is
more important: reachingthe goal or stayingaway
from obstacles.A purelysequentiallearningmethod
wouldhaveidenti�ed theultimategoalof thetask,but
would have failed to capturethedifferentmodalities
in which thetaskcouldbeachieved.

The proposedapproachcouldalsomake a signi�-
cantimpacton modelinghumanbehavior. Sincethe
algorithmallows for learningthe level of importance
of variousaspectsof thetask,it would enableunder-
standingof the priorities different usershave when
performingthat task, thus capturingthe underlying
strategies they employ. For example,the algorithm
could distinguishbetweenbold strategies, in which
theuserrushesthroughobstaclesandtowardthegoal,
andcautiousstrategiesin which theusergoesslowly
aroundobstacles.

7 SUMMARY

We presenteda method for robot task learning
from demonstrationthat addressesthe problem of
mapping observations to robot behaviors from a
novel perspective. Our claim, supportedby biolog-
ical inspiration, is that motor behavior is typically
expressedin termsof concurrentcontrol of multiple
different activities. Toward this end, we developed
a learningby demonstrationapproachthat allows a
robotto mapthedemonstrator'sactionsontomultiple
behavior primitivesfrom its repertoire.This method
hasbeenshown to capturenot only theoverall goals
of thetask,but alsothespeci�csof theuser'sdemon-
stration which indicate different ways of executing

thesametask.
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