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Abstract—We presenta probabilistic architecture for solving
generically the problem of extracting the task constraints
through a Programming by Demonstration (PbD) framework
and for generalizing the acquired knowledge to various situ-
ations. We proposean approach based on Gaussian Mixtur e
Regression (GMR) to nd automatically a controller for the
robot reproducing the essentialcharacteristics of the skill by
handling simultaneously constraints in joint spaceand in task
space.Experiments with two 5-DOFs Katana robots are then
presentedwith two manipulation tasks consisting of handling
and displacing a set of objects.

. INTRODUCTION

Robot Programming by Demonstration (RbD) covers
methodsby which a robot learnsnew skills throughhuman
guidance.In previous work, we presentedan approachto
teach gesturesto a HOAP-3 humanoidrobot by provid-
ing a set of demonstrationgperformedin slightly different
situations. Through the use of Gaussian Mixture Model
(GMM), the robot could extract autonomouslythe essential
characteristic®f the setof trajectoriescapturedthroughthe
demonstration§l], [2]. Then, GaussianMixture Regression
(GMR) was usedto retrieve a generalizedversion of the
trajectorieseither in joint space(characterizedy a set of
postureschangingthroughtime) [3], or in task space(char
acterizedby the 3D Cartesianposition of the handrelative
to the objectsin the scene)[2]. To nd a controllerfor the
robot that takes into accountconstraintsboth in joint space
andin taskspaceaswell asthe kinematicredundang of the
humanoidarm, we previously proposedwo approaches(1)
a method basedon Jacobiancomputationusing Lagrange
optimization [1]; and (2) a geometricinverse kinematics
approachfor a 4 DOFs humanoidarm, by representinghe
motion of the arm by the 3D Cartesianpath of the hand
andby an additionalparameterepresentinghe elevation of
the elbav with respectto a vertical plane[2]. Evenif these
approacheprovided solutionsfor the reproductionof a set
of constraintsrepresentedn differentdataspacesthey still
lacked generalitywhen the skill requiredto handle simul-
taneouslytask spaceand joint spacevariables.Indeed,in
[1], a metric of imitation performanceéhadto be analytically
derivedto nd anoptimal controllerfor the reproductionin
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Fig. 1. lllustration of the processusedto retrieve a skill by considering
constraintson different objectsin task space(rst two rows) as well as
constraintsin joint space(last row). The pseudoimerse Jacobianmatrix

JY is usedto projectthe GMM representatiorof the constraintsin task
spaceto a correspondingrepresentatiorin joint space.As the different
GMMs are encodedin the samedataspace,an optimal solution can then
be computedthroughGMR by multiplying the resultingdistributions using
the productpropertiesof Gaussiardistributions. Note that by projectinga
Gaussiartistribution from taskspaceo joint spacethroughthe Jacobianwe

implicitly assumehatwe canapproximatehe nonlinearprojectionfunction

by the locally linear transformationdY, i.e., that the local transformation
remainsvalid for the spanof datarepresentedby the covariancematrix of

the Gaussiardistribution [4].

[2], the geometricapproachwas pre-speci edfor the robot
considerecndcouldnot bedirectly appliedto morecomple
robot architecturesuch as the 5 DOFs Katanarobots that
we considerhere.

In this paper we thus proposea new approachto nd an
optimal controllerfor the reproductionof the skill, which is
basedon simple statistical propertiesof Gaussiandistribu-
tions. The approachallows to handleconstraintson multiple
objectsin task spaceandin joint spacesimultaneouslyand
canbe usedgenericallyfor differentrobot architectures.

A. Relatedwork

Genericapproachedo transfernew skills to a robot are
those that allow the robot to extract automatically what
are the important featurescharacterizingthe skill and to
searchfor a controller that optimizesthe reproductionof
thesecharacteristicfeatures.A key conceptat the bottom
of these approachesis that of determining a metric of
imitation performance One must rst determinethe metric,
i.e. determinethe weights one must attachto reproducing
eachof the component®f the skill. It is thenpossibleto nd
anoptimal controllerfor imitation by trying to minimize this
metric (e.g., by evaluating several reproductionattemptsor
by derving the metricto nd an optimum). The metric acts
asa costfunctionfor thereproductiorof theskill [5]. In other
terms, a metric of imitation provides a way of expressing



guantitatvely the users intentionsduring the demonstrations
andto evaluatethe robot's faithfulnessat reproducingthose.

To learn the metric (i.e. infer the task constraints),one
common approach consists of creating a model of the
skill basedon several demonstrationperformedin slightly
different conditions.This generalizatiorprocessconsistsof
exploiting the variability inherentto the variousdemonstra-
tions to extract which are the essentialcomponentsf the
task.Theseessentiatomponentshouldbethosethatremain
invariantacrossthe variousdemonstrations.

A large body of work explored the use of a symbolic
representatioto boththe learningandthe encodingof skills
andtasks,seee.qg.[6], [7]. Themainadwantageof a symbolic
approachis that high-level skills (consistingof sequences
or hierarchiesof symbolic cues)can be learnedef ciently
through an interactive process.However, becauseof the
symbolic natureof their encoding,thesemethodsrely on a
large amountof prior knowledgeto prede ne the important
cuesandto seggmentthoseef ciently.

Another body of work focusseson representinghe task
constraintsat a trajectory level to avoid putting too much
prior knowledge in the controllers required to reproduce
a skill. Following this approach,Ude et al [8] use spline
smoothingtechniguego dealwith the uncertaintycontained
in severaldemonstrationsf motion performedin joint space
or in taskspace The MimesisModel[9] follows anapproach
in which a HiddenMarkov Model (HMM) is usedto encode
a setof trajectoriesandwheremultiple HMMs canbe used
to retrieve new generalizedmotions basedon a stochastic
process.In [10], the variability acrossthe demonstrations
made by different demonstratords usedto quantify the
accuray required to achiere a Pick & Place task. The
different trajectoriesform a boundaryregion that is then
usedto de ne a range of acceptabletrajectories.In [11],
a set of sensoryvariablesis acquiredby the robot when
demonstratinga manipulationtask consistingof arranging
differentobjects At eachtime step,the meanandvarianceof
the collectedvariablesarecomputedandstoredby therobot.
The sequencef meansandassociatedarianceis thenused
as a simple generalizatiorprocess providing respectiely a
generalizedrajectoryand associatedonstraints The draw-
backsof this approachare: (1) the systemis memory-based
andrequiresto keepall historical data,which canleadto a
scaling-upproblem(seethe rapid developmentof sensorgor
humanoidrobotsexploiting variousmodalities);(2) as RbD
considernly afew demonstrationsf the task,usingsimple
statisticsis usuallynot sufcient to guaranteehe generation
of trajectoriesthat are smooth enoughto be replayedby
the robot; and (3) the constraintsconcerningthe correlation
acrossthe differentvariablesare not extracted.

B. Proposedappmoach

Several regressiontechniqueshasedon Locally Weighted
Reagression(LWR) were proposedin roboticsto generalize
over asetof demonstrationfl 2], [13]. Our approacHollows
a similar stratgy by using GaussianMixture Model (GMM)
andGaussiarMixture ReggressioGMR) [14] to respectiely

encodea setof trajectoriesandretrieve a smoothgeneralized
versionof thesetrajectoriesand associatedariabilities. The
adwantageof this approachis that the datasetis encoded
in a compactrepresentatiorlearned through the ef cient
Expectation-Maximizatioralgorithm, which allows to deal
with recognitionandreproductionissuesn a commonprob-
abilistic frameawork.

For anexhaustve review andcomparison®f our approach
with the different methodsproposedabore, the interested
reader can refer to [15], [16]. We also shaved in [3]
that it was possibleto use this frameavork to learn a skill
incrementally (without having to keep each demonstration
in memory).

To control redundantmanipulatorsin task space,several
inverse kinematics solutions were proposedmainly based
on local resolutionsmethods.The most simple Jacobian-
based solution consistsof computing the Moore-Penrose
pseudoirmerseof the Jacobiarmatrix representingheinverse
mapping betweenthe joint variables and task variables.
Methods based on gradient projection were proposedto
locally optimize a cost function in the null spaceof the
Jacobianwherethe cost function could take variousforms
[17]-[19]. The methodwas then extended successfullyto
handlehierarcly of constraintsor whole-bodymotion con-
trol of humanoidrobots[20]. Alternative approachesvere
proposedby imposing additional constraintsin task space
to be executedalong with the original task throughan ex-
tendedlacobiarmethod[21]. Theapproactwassuccessfully
appliedto robotic applicationshandling multiple task con-
straintsby usingan augmentedaskspaceformulationof the
inversekinematicsproblemandby settingdifferentpriorities
to the constraints[22]-[25]. Grochav et al [26] proposed
an alternatve stratgy for computergraphicsanimation of
avatarsby resolvingtheredundang of theinversekinematics
problembasedon the obsenation of a setof humanmotions,
which thenguidedthe searchof a solutionthatlooks similar
to naturalhumangestures.

Our approachfollows in essencea similar stratgy by
combining several constraintsexpressedboth in task space
and in joint space.However in our frameawork, the search
for an inversekinematicssolutionis facilitated by the user
implicitly providing throughhis/herdemonstrationpossible
solutionsfor the resolutionof the task, thus restrictingthe
searchspaceof the robot for inversekinematicssolutions.
To do so, our approachfollows a simple stratgy by: (1)
computing several inverse kinematicssolutionssolving the
different constraintsin task space;and (2) by combining
theseconstraintswith the onesrepresentednitially in joint
space.For the rst part of the process,a pseudoinerse
Jacobiarmethodwith optimizationin the null spaceis used
[17], in order to keepthe motion in joint spaceas close
aspossibleto the demonstrategbint angletrajectories.The
adwantageof this approachis that it can be directly used
within our probabilisticrepresentationf the taskconstraints
through GaussianMixture Regression(GMR).

The remainderof this paperis organized as follows.
Sectionll-A presentghe probabilisticencodingof the skill.



TABLE |
PROBABILISTIC ENCODING OF THE TASK CONSTRAINTS AND
GENERALIZATION THROUGH GAUSSIAN MIXTURE REGRESSION (GMR).

The dataset = f jgM., is dened by N obserations ; 2 RP of
sensorydatachangingthroughtime, whereeachdemonstratiors rescaledo
a x eddurationT . Eachdatapoint j = ft;; Jsg consistsof a temporal
valuet; 2 R andaspatialvector 7 2 R®® .

The dataset is rst modelledby a GaussianMixture Model (GMM) of K
componentgthe optimal numberof componentss estimatedhere through
BayesiarinformationCriterion (BIC) [27]). Eachdatapoint ; is thende ned
by its probability densityfunction

X
p( )=

k=1
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where  areprior probabilitiesandN ( x; k) areGaussiardistributions
de ned by centers  and covariancematrices i, whosetemporaland
spatialcomponentgan be representedeparatelyas
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For eachcomponentk, the expecteddistribution of f given the temporal
valuet; is de ned by
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By consideringthe completeGMM, the expecteddistribution is de ned by

X
p( Jity) = ki NCT% R

k=1

where ; = p(kjtj) is the probability of the componentk to be
responsibléor t; , i.e.,
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By using the linear transformationproperty of Gaussiandistributions, an

estimationof the conditional expectation of js given t; is thus de ned

by p( ?jt;) N ("F; "7®), where the parametersof the Gaussian
dlstrltutlon arede ned by
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By evaluatmgf g atd|fferentt|me stepstj 2 [0; T], ageneralized
form of the trajectorles = ft;; 1 S g and associateccovariancematrices

" = §"5S5g representingthe constraintsalong the task can then be
computed

Sectionll-B presentsa probabilisticinversekinematicsso-
lution for the reproductionof the skill. Sectionslll and IV
presentthe experimenton two Katanarobots,which is then
discussedn SectionV.

[I. PROBABILISTIC FRAMEWORK

A. Encodingand geneaglization

We considerin this paperdatasetothin joint spaceand
in taskspacewhere = representshe joint angletrajec-
toriesof therobot,and = x representshe position of the
end-efector in a Cartesianspacewith respecto the objects
detectedn the sceneTable| presentghe procedurefor the
encodingof the skill throughcross-situationabbsenations.

TABLE 1l
REPRODUCTION OF THE SKILL BY DETECTING N OBJECTS WITH
INITIAL POSITIONS f o(M) gN_,

OFFLINE PROCESSING AND INITIALIZATION

Computethe direct kinematicsfunction of the robot's arm analytically

x= () = [Fxy () fay() fxg O
Derive the Jacobiammatrix analytically
@x,()  @xy() @x,()
@ 1 @ ) @
J()=BR:orrrrrrrrnr o nn i
@xy() @xgz() @xg()
@ 1 @ 7 @6

Computethe pseudoirnerseof the Jacobiarmatrix

x=J() , = () x whered” = (37J) 37

Initialize the starting postureand the startingposition
0= "0; xo=f(%):
LooPFORtj = 0! T

LoopFORN = 1! N
Computethe expected -values(or velocities)and associatedovariance
matricesfor the constraintgelative to Objectn (I representshe identity
matrix,and = 0:5 is a weight factor)

=) e Jy(j)J(,) (a9

j+1 j+l

(n) — (o(mM (n) e
where xi = (o +k 1) X
A >
=P N )
END LOOP N
Computethe expected -value and associatedcovariance matrix in joint
space
(N+1) _ A . (N+1) _ A .
j+1 I R i j+1 = g+l

Somputethe new posture(and associatedcovariancematrix) by evaluating

N;ll N ( 121 ; J(+1 ), which representshe joint probability of the
differentconstraintsconsidered
] |
N+ -1 NG+ :
- 1 1 .
i+l - it ( ( ( J(+1 ) 1(21) )
n=1 \ n=1
N¢+L ) 1
ja = (Ot @
n=1

The new position of the end-efectoris thende ned by xj+1 = f ( j+1 ).
END LOOP tj

B. Reppoductionby consideringmultiple constaints

By usingthe encodingmethodpresentedabove, the con-
straintsin taskspacearecomputedy consideringhe objects
detectedby the robot in its environment. The constraints
associatedvith the positionof the end-efector with respect
to an objectn are thus representedy the trajectoriesg(")
and associatedcovariance matrices " *(™ . Similarly, the
constraintsin joint spaceare representecby " and "
Theseconstraintscan be mutually exclusive in the robot's
workspace,i.e., the generalizationin joint spacedoes not
necessarygoincidewith the generalizatiorin task space.To
nd a controllerfor the robot satisfying several constraints
simultaneously we then proposeto use the probabilistic
propertiesof the Gaussiandistributions to computean ap-
propriatetradeof during the inversekinematicsprocess.

The reproductionprocedureis illustrated in Fig. 1 and
presentedn Table Il. Eq. (1) computesa trade-of based



Fig. 2. Top: Kinestheticdemonstrationsf thetwo tasksconsiderednamely
graspingandplacinga glasson a coaster(left), andgraspingandemptyinga
glass(right). Bottom: Reproductiorof the skill by the two robotswherethe
initial positionsof the objectsare tracked by a stereoscopiwision system.

on the variabilities obsered during the demonstrationgo
determinethe respectre relevanceof the constraintsn joint
spaceand in task space(seealso Fig. 6). If one wantsto
usea controllersatisfyingthe constraintdgn joint spaceonly,
(1) canbereplacedby j+1 = j + J-(Tfl) . Similarly, if
one wantsto use a controller satisfying the constraintsin
task spacefor a speci ¢ objectn, (1) can be replacedby
= g+ (.
[1l. EXPERIMENTAL SETUP

The setupof the experimentis presentedn Fig. 2. Two
5 DOFs Katana robots from Neuwonics are used for the
experiment, characterizedby a repeatabilityof 0:1 mm
anda maximumspeedof 68 /sec.A sixth motorcontrolsthe
openingandclosingstatusof the grippet which is generated
througha binary signalgeneralizedver the multiple demon-
strations,as proposedin [1]. Each motor is equippedwith
encodersvhich allows the userto move the robot manually
while registeringjoint angleinformation(seeFig. 2). During
this process,the position of the end-efector is computed
throughdirect kinematics.

Two different skills are consideredin the experiment,
namelysettingthe table by graspinga glasson a shelf and
placingit on a coasterandclearingthetableby graspingthe
glassfrom the table and emptyingthe glassin a basin.For
the rst task,two objectsaretracked by the robot (the glass
andthe coaster) wherethe positionsof the two objectscan
vary. For the secondtask, only one objectis tracked by the
robot, i.e., we assumethat the glasscovers the coasterand
thatthe basinis ata x ed positionin the robot's workspace.

Five demonstrationstartingfrom
differentinitial positions

Reproductiorwith a new initial
situation

TASK 1

TASK 2

Fig. 3.  Left: Five demonstrationsfor the two tasksin 3D Cartesian
space.For the rst task, the initial positionsof the glass placed on a
shelf are representedvith '+' signs. The initial positionsof the coaster
on the table are representeavith ‘x' signs.For the secondtask, the initial

positionsof the glass(covering the coaster)are representeavith '+' signs.
Right: Reproductiorof the skill for new situations(bold '+' and'x' signs),
by combining constraintsin joint spaceand in task space.The Cartesian
trajectoriesare representedn the robot's frame of reference(seeFig. 2),

wherethe dots indicatethe beginning of the motions.

A stereoscopiovision systemis usedto track a set of
objectsin 3D Cartesianspace basedon trackingin YCbCr
color spaceof coloredpatchesattachedo the objects(only
Cb and Cr areusedto be robustto changesn luminosity).
The imagesfrom two webcamsof 320 240 pixels are
processedit a frame rate of 15 Hz by the OpenCVVvision
processingoftware,whereeachobjectto trackis pre-de ned
in a calibration phaseby tting a Gaussiandistribution on
the CbCr subspacecharacterizingthe color of the object.
The error obtainedbetweenvarious positionsof an object
measuredby the vision systemand their real positionsis
59 2:8mm!

IV. EXPERIMENTAL RESULTS

Fig. 3 left shavs the ve demonstrationdor the two
tasks.Figs. 4 and 5 shav the extracted constraintsfor the
two tasks.Fig. 3 right showvs the reproductionfor a new
situation(new initial positionsof the objects),during which
the essentiafeaturesof theskill arereproducedFig. 6 shavs
how the constraintsin joint spaceand task spacein uence
the reproductionof the skill. For the rst task, the actions
directedtoward the glassare rst of the mostimportance.
Then, the onesdirectedtoward the coastempredominate\We
seethat the controller determinedby the systemsmoothly
switchesfrom the generalizednovementdirectedtoward the
glass(seee.g. x; attime steps200-500)to the generalized

1For a completedescriptionof the vision tracking system the interested
readercanreferto [28].
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Fig. 4. Automaticextractionof the constraintsfor TASK 1 (the correspondingoints and framesof referenceare depictedin Fig. 2), both in task space
(the rst two columnsrepresenthe constraintson the different objectsobsered) andin joint space(third column). GMMs with 4 Gaussiarcomponents
arefoundto efciently encodethe skill (for eachrepresentation)The associatedsMR representatiolis alsodepicted.We seethat the trajectoriesrelative
to the glassare highly constrainecbetweentime steps200 and 500, i.e., when reachingfor the glass.The trajectoriesrelative to the coasterare highly

constrainedht the end of the motion, when placingthe glasson the coaster
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Fig. 5. Automaticextractionof the constraintsor TASK 2, whereGMMs
with 5 Gaussiancomponentsare found to ef ciently encodethe skill (for
eachrepresentation)We seethat the trajectoriesrelative to the glassare
highly constrainedbetweentime steps200 and 400 (whenreachingfor the
glass).Then,the trajectoriesin joint spaceare more constrainedat the end
of the motion), when emptyingthe glassin the basinby using a speci ¢
gestureThe snapshotbelov the graphsillustratea reproductiorattemptby
automaticallyselectinga controller that smoothlyreproduceghe extracted
constraints.

movementdirectedtoward the coaster(seee.g. x; at time
steps700-1000) For the secondask, the trajectorieselative
to the glassare rst highly important(to reachfor the glass
in Cartesianspace),and then give way to a controller in
joint space(to emptythe glassby tilting it). We seethatthe
controllersmoothlyswitchesfrom a controllerin task space
(seee.qg. 5 attime steps200-400)to a controllerin joint

Joint space Task space
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Fig. 6. Reproductionattempts for the two tasks consideredin the

experiment,by consideringthe different constraintsextractedeither inde-
pendentlyor simultaneously The trajectoriesin solid line shav the nal
reproductionattemptconsideringthe constraintsin task spaceandin joint
spacesimultaneouslyThe trajectoriesin dash-dottedine consideronly the
constraintdor the rst objectin taskspace The onesin dottedline (for the
rst task) consideronly the constraintsfor the secondobjectin task space.
The onesin dashedline consideronly the constraintsin joint space.We
seethatthe nal controllerin solid line smoothlyreproduceghe essential
featuref theskill by adaptinghe extractedconstraintgo the new situation.
For the rst task, 1 and 2 correspondespectiely to the time whenthe
robot graspsthe glassand discardsit on the coaster For the secondtask,
1 and 2 correspondrespectrely to the time when the robot graspsthe
glassand emptiesthe glassby tilting it appropriately



space(seee.g. s at time steps600-1000).

V. DISCUSSION AND FURTHER WORK

During the reproductionprocess(see Table Il), the gen-
eralizedjoint angletrajectories'\ are usedtwice: (1) in the
null spaceof the Jacobianmatrix to optimize the inverse
kinematicsprocesswhen consideringthe constraintsin task
space;and (2) to computethe nal controllerin joint space
by taking into considerationall the constraints.Note that
in the null space the useof " only acts as an additional
optimizationof the IK procesg(if possible),while the com-
putationfor the nal controller considerseachconstraintas
relevant to the reproductionof the skill (weightedby the
variabilities obsered during the demonstrations).

The proposedapproactpresentsadwantagesover our pre-
vious attemptsat combining several constraintsencodedin

different data spacegshrougha GMM/GMR representation.

Comparedto the use of Lagrangeoptimizationto derive a
metric of imitation performance[l], the proposedmethod
doesnot requireto analyticallyderive the costfunction. It is

thenmoregenericandremainsstatisticallysound.Compared
to the geometricinverse kinematicsapproachusedin [2],

[3], the approactproposecherecanbe extendedto different
robot architecturesMoreover, this direct computationap-
proachallows to computethe resulting constraints(1) for

the nal controllerin the form of a covariancematrix by

usingthe productpropertiesof Gaussiardistributions.

For the experimentspresentechere, the whole computa-
tion (using Matlab) took lessthan one minute and is thus
satisfying for a teachingapplicationwhere the demonstra-
tion phaseand reproductionphaseare separatedFurther
work aims at: (1) investigating more comple interactions
wherethe demonstrationandreproductionaremoretightly
intertwined; (2) coupling the proposedlearning approach
with a dynamical controller to be dynamically robust to
perturbationsand changesin the ervironment [29] when
reproducingthe skill; and (3) extending the approachto
a scafolding processwhere the two Katana robots are
simultaneouslhcontrolledin orderto explore more comple
coordinationtasks[30].

VI. CONCLUSION

We presenteda probabilistic framewvork to extract au-
tomatically the essentialfeaturescharacterizinga skill by
handling constraintsboth in joint spaceandin task space,
and proposedan inverse kinematicsmethodto re-usethe
learnedskill in new situations We thendemonstratethrough
experimentsperformedon two Katana robots that the ap-
proachcouldbe appliedsuccessfullyto learngenericallynen
manipulationskills at a trajectorylevel by generalizingover
several demonstrationsnd by extending the learnedskills
to new positionsof objects.

REFERENCES

[1] S.Calinon,F. GuenterandA. Billard, “On learning,representingind
generalizinga task in a humanoidrobot; |IEEE Trans. on Systems,
Man and CyberneticsPart B, vol. 37, no. 2, pp. 286—298,2007.

(2]

(3]

(4]

(5]

(6]

(7]

(8]

B

[20]

[11]

(12]

(23]

[14]

(18]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

(23]

S. Calinon and A. Billard, “What is the teachers role in robot
programmingby demonstration? Toward benchmarkgor improved
learning; Interaction Studiesvol. 8, no. 3, pp. 441-464,2007.
——, “Incrementallearning of gesturesby imitation in a humanoid
robot; in Proc. ACM/IEEE Intl Conf on Human-Robotinteraction
(HRI), March 2007, pp. 255-262.

D. LeeandY. Nakamura,'Mimesis schemeusinga monocularvision
systemon a humanoidrobot; in Proc. IEEE Intl Conf on Robotics
and Automation(ICRA), April 2007, pp. 2162-2168.

C. Nehanv and K. Dautenhahn;Of hummingbirdsand helicopters:
An algebraicframenork for interdisciplinarystudiesof imitation and
its applications, in Interdisciplinary Appmoadesto RobotLearning
J. Demirisand A. Birk, Eds. World Scienti ¢ Press,2000, vol. 24,
pp. 136-161.

J. SaundersC. Nehanv, and K. Dautenhahn,Teachingrobots by
moulding behaior and scafolding the environment; in Proc. ACM
SIGCHI/SIGARTConf on Human-RobotInteraction (HRI), March
2006, pp. 118-125.

M. Pardawitz, R. Zoellner S. Knoop, and R. Dillmann, “Incremental
learningof tasksfrom userdemonstrationgastexperiencesandvocal
comments, IEEE Trans. on SystemsMan and CyberneticsPart B,
vol. 37, no. 2, pp. 322—-332,2007.

A. Ude,“Trajectorygeneratiorfrom noisy positionsof objectfeatures
for teachingrobot paths, Roboticsand AutonomousSystemsvol. 11,
no. 2, pp. 113-127,1993.

T. Inamura,l. Toshima,andY. Nakamura; Acquiring motionelements
for bidirectionalcomputatiorof motionrecognitionandgeneratiori,in
ExperimentaRoboticsVIIl, B. SicilianoandP. Dario, Eds. Springer
Verlag,2003,vol. 5, pp. 372-381.

N. Delsonand H. West, “Robot programmingby humandemonstra-
tion: Adaptationand inconsisteng in constrainedmotion; in Proc.
IEEE Intl Conf on Roboticsand Automation(ICRA), 1996, pp. 30—
36.

K. Ogawara, J. TakamatsuH. Kimura, and K. Ikeuchi, “Extraction
of essentialinteractions through multiple obsenations of human
demonstration’ |EEE Trans.on Industrial Electonics vol. 50, no. 4,
pp. 667-675,2003.

S. Schaaland C. Atkeson,“Constructive incrementallearning from
only localinformation; Neural Computationvol. 10, no.8, pp.2047—
2084,1998.

S. Vijayakumar A. D'souza,and S. Schaal, “Incremental online
learningin high dimensions, Neual Computation vol. 17, no. 12,
pp. 2602—-26342005.

Z. GhahramanandM. Jordan,"Supervisedearningfrom incomplete
datavia anEM approachi,in Advancesn Neurl InformationProcess-
ing SystemsJ. D. Cowan, G. Tesauro,andJ. Alspector Eds.,vol. 6.
Morgan KaufmannPublishers)nc., 1994, pp. 120-127.

S. Calinon, “Continuous extraction of task constraintsin a robot
programmingby demonstratiorframevork,” PhD thesis,Ecole Poly-
techniqueFéderalede Lausanng EPFL), Switzerland,2007.

A. Billard, S. Calinon,R. Dillmann, andS. Schaal,"Robot program-
ming by demonstratioti,in Handbookof Robotics B. Siciliano and
O. Khatib, Eds. Springer 2008, in press.

A. Liegeois,“Automatic supervisorycontrol of the con guration and
behaior of multibody mechanism§,|IEEE Trans. on SystemsMan,
and Cyberneticsvol. 7, 1977.

T. Yoshikava, “Dynamic manipulability of robot manipulators,
RoboticSystemsvol. 2, pp. 113-124,1985.

R. Dubey, J. Euler, and S. Babcock,“An ef cient gradientprojection
optimization schemefor a seven-dgree-of-freedonredundantrobot
with sphericalwrist,” in Proc. IEEE Intl Conf on Robotics and
Automation(ICRA), vol. 1, April 1988,pp. 28-36.

L. Sentis and O. Khatib, “A whole-body control framevork for
humanoidsoperatingin human environments, in Proc. IEEE Intl
Conf on Roboticsand Automation(ICRA), May 2006,pp. 2641-2648.
B. Siciliano, “Kinematic control of redundantrobot manipulators:A
tutorial; Intelligent and Robotic Systemsvol. 3, no. 3, pp. 201-212,
1990.

A. Maciejevski and C. Klein, “Obstacle avoidance for kinemati-
cally redundantmanipulatorsin dynamically varying ervironments,
RoboticsReseath, vol. 4, no. 3, pp. 109-117,1985.

Y. Nakamura,H. Hanafusa,and T. Yoshikava, “Task-priority based
redundang control of robot manipulators, RoboticsReseath, vol. 6,
no. 2, pp. 3-15,1987.



[24]

[25]
[26]

[27]

(28]

[29]

[30]

I. Walker and S. Marcus, “Subtask performanceby redundang
resolution for redundantrobot manipulators, IEEE Robotics and
Automation vol. 4, no. 3, pp. 350-354,1988.

G. Tevatia and S. Schaal,“Inversekinematicsfor humanoidrobots)
in Proc. IEEE Intl Conf on Roboticsand Automation(ICRA), 2000.
K. Grochav, S. Martin, A. Hertzmann,and Z. Popuwic, “Style-based
inversekinematics, in Proc. ACM Intl Conf on ComputerGraphics
and Interactive Techniques(SIGGRAPH) 2004, pp. 522-531.

G. Schwarz, “Estimating the dimension of a model, Annals of
Statistics vol. 6, pp. 461-464,1978.

C. Dubach,"Stereoscopiwision andtrajectoryrecognitior, Technical
report, AutonomousSystemsLab, Ecole PolytechniqueFécerale de
Lausanne2004.

M. Hersch,F. Guenter S. Calinon, and A. Billard, “Learning dy-
namical systemmodulationfor constrainedreachingtasks, in Proc.
IEEE-RASINtl Conf on Humanoid Robots(Humanoids) December
2006, pp. 444-449.

E. GribavskayaandA. Billard, “Combiningdynamicalsystemsontrol
and programmingby demonstrationfor teachingdiscrete bimanual
coordinationtasksto a humanoidrobot; in Proc. ACM/IEEE Intl Conf
on Human-Robotnteraction (HRI), 2008.



