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Abstract— We presenta probabilistic architecture for solving
generically the problem of extracting the task constraints
thr ough 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.

I . 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 humanoid robot by provid-
ing a set of demonstrationsperformedin slightly different
situations. Through the use of Gaussian Mixture Model
(GMM), the robot could extract autonomouslythe essential
characteristicsof the setof trajectoriescapturedthroughthe
demonstrations[1], [2]. Then,GaussianMixture Regression
(GMR) was used to retrieve a generalizedversion of the
trajectorieseither in joint space(characterizedby a set of
postureschangingthroughtime) [3], or in taskspace(char-
acterizedby the 3D Cartesianposition of the handrelative
to the objectsin the scene)[2]. To �nd a controller for the
robot that takes into accountconstraintsboth in joint space
andin taskspace,aswell asthekinematicredundancy of the
humanoidarm,we previously proposedtwo approaches:(1)
a method basedon Jacobiancomputationusing Lagrange
optimization [1]; and (2) a geometric inverse kinematics
approachfor a 4 DOFs humanoidarm, by representingthe
motion of the arm by the 3D Cartesianpath of the hand
andby an additionalparameterrepresentingthe elevation of
the elbow with respectto a vertical plane[2]. Even if these
approachesprovided solutionsfor the reproductionof a set
of constraintsrepresentedin differentdataspaces,they still
lacked generalitywhen the skill requiredto handlesimul-
taneouslytask spaceand joint spacevariables.Indeed, in
[1], a metric of imitation performancehadto be analytically
derived to �nd an optimal controllerfor the reproduction.In
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Fig. 1. Illustration of the processusedto retrieve a skill by considering
constraintson different objects in task space(�rst two rows) as well as
constraintsin joint space(last row). The pseudoinverse Jacobianmatrix
Jy is usedto project the GMM representationof the constraintsin task
spaceto a correspondingrepresentationin joint space.As the different
GMMs are encodedin the samedataspace,an optimal solution can then
be computedthroughGMR by multiplying the resultingdistributionsusing
the productpropertiesof Gaussiandistributions.Note that by projectinga
Gaussiandistribution from taskspaceto joint spacethroughtheJacobian,we
implicitly assumethatwe canapproximatethenonlinearprojectionfunction
by the locally linear transformationJy , i.e., that the local transformation
remainsvalid for the spanof datarepresentedby the covariancematrix of
the Gaussiandistribution [4].

[2], the geometricapproachwas pre-speci�edfor the robot
consideredandcouldnotbedirectlyappliedto morecomplex
robot architecturessuchas the 5 DOFs Katanarobots that
we considerhere.

In this paper, we thusproposea new approachto �nd an
optimal controller for the reproductionof the skill, which is
basedon simple statisticalpropertiesof Gaussiandistribu-
tions.Theapproachallows to handleconstraintson multiple
objectsin taskspaceand in joint spacesimultaneously, and
canbe usedgenericallyfor different robot architectures.

A. Relatedwork

Genericapproachesto 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 optimizes the reproductionof
thesecharacteristicfeatures.A key conceptat the bottom
of these approachesis that of determining a metric of
imitation performance. Onemust �rst determinethe metric,
i.e. determinethe weights one must attachto reproducing
eachof thecomponentsof theskill. It is thenpossibleto �nd
anoptimalcontrollerfor imitation by trying to minimizethis
metric (e.g., by evaluatingseveral reproductionattemptsor
by deriving the metric to �nd an optimum).The metric acts
asacostfunctionfor thereproductionof theskill [5]. In other
terms, a metric of imitation provides a way of expressing



quantitatively theuser's intentionsduringthedemonstrations
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 demonstrationsperformedin slightly
different conditions.This generalizationprocessconsistsof
exploiting the variability inherentto the variousdemonstra-
tions to extract which are the essentialcomponentsof the
task.Theseessentialcomponentsshouldbethosethatremain
invariantacrossthe variousdemonstrations.

A large body of work explored the use of a symbolic
representationto both the learningandtheencodingof skills
andtasks,seee.g.[6], [7]. Themainadvantageof 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
cuesand to segmentthoseef�ciently .

Another body of work focusseson representingthe 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
smoothingtechniquesto dealwith the uncertaintycontained
in severaldemonstrationsof motionperformedin joint space
or in taskspace. TheMimesisModel[9] follows anapproach
in which a HiddenMarkov Model (HMM) is usedto encode
a setof trajectories,andwheremultiple HMMs canbe used
to retrieve new generalizedmotions basedon a stochastic
process.In [10], the variability acrossthe demonstrations
made by different demonstratorsis used to quantify the
accuracy required to achieve a Pick & Place task. The
different trajectoriesform a boundaryregion that is then
used to de�ne a range of acceptabletrajectories.In [11],
a set of sensoryvariablesis acquiredby the robot when
demonstratinga manipulationtask consistingof arranging
differentobjects.At eachtime step,themeanandvarianceof
thecollectedvariablesarecomputedandstoredby therobot.
The sequenceof meansandassociatedvarianceis thenused
as a simple generalizationprocess,providing respectively a
generalizedtrajectoryandassociatedconstraints.The draw-
backsof this approachare: (1) the systemis memory-based
andrequiresto keepall historicaldata,which can lead to a
scaling-upproblem(seetherapiddevelopmentof sensorsfor
humanoidrobotsexploiting variousmodalities);(2) asRbD
considersonly a few demonstrationsof thetask,usingsimple
statisticsis usuallynot suf�cient to guaranteethe generation
of trajectoriesthat are smooth enoughto be replayedby
the robot; and(3) the constraintsconcerningthe correlation
acrossthe differentvariablesarenot extracted.

B. Proposedapproach

Several regressiontechniquesbasedon Locally Weighted
Regression(LWR) were proposedin robotics to generalize
over a setof demonstrations[12], [13]. Our approachfollows
a similar strategy by usingGaussianMixture Model (GMM)
andGaussianMixtureRegression(GMR) [14] to respectively

encodea setof trajectoriesandretrieve a smoothgeneralized
versionof thesetrajectoriesandassociatedvariabilities.The
advantageof this approachis that the datasetis encoded
in a compact representationlearned through the ef�cient
Expectation-Maximizationalgorithm, which allows to deal
with recognitionandreproductionissuesin a commonprob-
abilistic framework.

For anexhaustive review andcomparisonsof our approach
with the different methodsproposedabove, the interested
reader can refer to [15], [16]. We also showed in [3]
that it was possibleto use this framework to learn a skill
incrementally(without having to keep eachdemonstration
in memory).

To control redundantmanipulatorsin task space,several
inverse kinematicssolutions were proposedmainly based
on local resolutionsmethods.The most simple Jacobian-
basedsolution consistsof computing the Moore-Penrose
pseudoinverseof theJacobianmatrix representingtheinverse
mapping between the joint variables and task variables.
Methods basedon gradient projection were proposedto
locally optimize a cost function in the null spaceof the
Jacobian,wherethe cost function could take variousforms
[17]–[19]. The method was then extendedsuccessfullyto
handlehierarchy of constraintsfor whole-bodymotion con-
trol of humanoidrobots [20]. Alternative approacheswere
proposedby imposing additional constraintsin task space
to be executedalong with the original task throughan ex-
tendedJacobianmethod[21]. Theapproachwassuccessfully
applied to robotic applicationshandlingmultiple task con-
straintsby usinganaugmentedtaskspaceformulationof the
inversekinematicsproblemandby settingdifferentpriorities
to the constraints[22]–[25]. Grochow et al [26] proposed
an alternative strategy for computergraphicsanimationof
avatarsby resolvingtheredundancy of theinversekinematics
problembasedon theobservationof a setof humanmotions,
which thenguidedthesearchof a solutionthat lookssimilar
to naturalhumangestures.

Our approachfollows in essencea similar strategy by
combiningseveral constraintsexpressedboth in task space
and in joint space.However in our framework, the search
for an inversekinematicssolution is facilitatedby the user
implicitly providing throughhis/herdemonstrationspossible
solutionsfor the resolutionof the task, thus restricting the
searchspaceof the robot for inversekinematicssolutions.
To do so, our approachfollows a simple strategy by: (1)
computingseveral inversekinematicssolutionssolving the
different constraintsin task space;and (2) by combining
theseconstraintswith the onesrepresentedinitially in joint
space.For the �rst part of the process,a pseudoinverse
Jacobianmethodwith optimizationin the null spaceis used
[17], in order to keep the motion in joint spaceas close
aspossibleto the demonstratedjoint angletrajectories.The
advantageof this approachis that it can be directly used
within our probabilisticrepresentationof the taskconstraints
throughGaussianMixture Regression(GMR).

The remainder of this paper is organized as follows.
SectionII-A presentsthe probabilisticencodingof the skill.



TABLE I

PROBABILISTIC ENCODING OF THE TASK CONSTRAINTS AND

GENERALIZATION THROUGH GAUSSIAN M IXTURE REGRESSION (GMR).

� The dataset� = f � j gN
j =1 is de�ned by N observations � j 2 RD of

sensorydatachangingthroughtime, whereeachdemonstrationis rescaledto
a �x ed durationT . Eachdatapoint� j = f t j ; � S

j g consistsof a temporal
value t j 2 R anda spatialvector � S

j 2 R( D � 1) .

� The dataset� is �rst modelledby a GaussianMixture Model (GMM) of K
components(the optimal numberof componentsis estimatedhere through
BayesianInformationCriterion (BIC) [27]). Eachdatapoint� j is thende�ned
by its probability densityfunction

p( � j ) =
KX

k =1

� k N (� j ; � k ; � k ) ;

where� k areprior probabilitiesandN ( � k ; � k ) areGaussiandistributions
de�ned by centers� k and covariancematrices� k , whose temporal and
spatialcomponentscanbe representedseparatelyas

� k = f � T
k ; � S

k g ; � k =
�

� T T
k � T S

k
� S T

k � S S
k

�
:

� For eachcomponentk , the expecteddistribution of � S
j given the temporal

value t j is de�ned by

p( � S
j j t j ; k ) = N ( � S

j ; �̂ S
k ; �̂ S S

k ) ;

�̂ S
k = � S

k + � S T
k (� T T

k ) � 1 ( t j � � T
k ) ;

�̂ S S
k = � S S

k � � S T
k (� T T

k ) � 1 � T S
k :

� By consideringthe completeGMM, the expecteddistribution is de�ned by

p( � S
j j t j ) =

KX

k =1

� k ;j N (� S
j ; �̂ S

k ; �̂ S S
k ) ;

where � k ;j = p(k j t j ) is the probability of the componentk to be
responsiblefor t j , i.e.,

� k ;j =
p(k )p( t j j k )

P K
i =1 p( i )p( t j j i )

=
� k N (t j ; � T

k ; � T T
k )

P K
i =1 � i N (t j ; � T

i ; � T T
i )

:

� By using the linear transformationproperty of Gaussiandistributions, an
estimationof the conditional expectationof � S

j given t j is thus de�ned
by p( � S

j j t j ) � N ( �̂ S
j ; �̂ S S

j ) , where the parametersof the Gaussian
distribution arede�ned by

�̂ S
j =

KX

k =1

� k ;j �̂ S
k ; �̂ S S

j =
KX

k =1

� 2
k ;j �̂ S S

k :

� By evaluatingf �̂ S
j ; �̂ S S

j g at differenttime stepst j 2 [0; T ], a generalized
form of the trajectories�̂ = f t j ; �̂ S

j g and associatedcovariancematrices
�̂ = f �̂ S S

j g representingthe constraintsalong the task can then be
computed.

SectionII-B presentsa probabilistic inversekinematicsso-
lution for the reproductionof the skill. SectionsIII and IV
presentthe experimenton two Katanarobots,which is then
discussedin SectionV.

I I . PROBABILISTIC FRAMEWORK

A. Encodingand generalization

We considerin this paperdatasetsboth in joint spaceand
in taskspace,where� = � representsthe joint angletrajec-
toriesof the robot, and � = x representsthe positionof the
end-effector in a Cartesianspacewith respectto the objects
detectedin the scene.TableI presentsthe procedurefor the
encodingof the skill throughcross-situationalobservations.

TABLE II

REPRODUCTION OF THE SKILL BY DETECTING N OBJECTS WITH

INITIAL POSITIONS f o( n ) gN
n =1 .

OFFL I NE PROCESSI NG AND I NI TI AL I ZATI ON

� Computethe direct kinematicsfunction of the robot's arm analytically

x = f ( � )
�

= [f x 1 ( � ) f x 2 ( � ) f x 3 ( � )]>
�

:

� Derive the Jacobianmatrix analytically

J ( � ) =

0

B
B
@

@f x 1 ( � )
@� 1

@f x 1 ( � )
@� 2

: : :
@f x 1 ( � )

@� 6
: : : : : : : : : : : : : : : : : : : : : : : :
@f x 3 ( � )

@� 1

@f x 3 ( � )
@� 2

: : :
@f x 3 ( � )

@� 6

1

C
C
A :

� Computethe pseudoinverseof the Jacobianmatrix

� x = J ( � )� � , � � = Jy( � )� x; whereJy = (J> J ) � 1 J> :

� Initialize the startingpostureand the startingposition

� 0 = �̂ 0 ; x 0 = f ( �̂ 0 ) :

L OOP FOR t j = 0 ! T

L OOP FOR n = 1 ! N
� Computethe expected� -values(or velocities)andassociatedcovariance

matricesfor the constraintsrelative to Objectn (I representsthe identity
matrix, and � = 0:5 is a weight factor)

� � ( n )
j +1 = Jy( � j )� x ( n )

j +1 + �
�

I � Jy( � j )J ( � j )
�

( �̂ j +1 � � j ) ;

where � x ( n )
j +1 = (o( n ) + x̂ ( n )

j +1 ) � x j ;

� ( n )
j +1 = Jy( � j ) �̂ x ( n )

j +1

�
Jy( � j )

� >
:

END L OOP n

� Computethe expected� -value and associatedcovariancematrix in joint
space

� � ( N +1)
j +1 = �̂ j +1 � � j ; � ( N +1)

j +1 = �̂ �
j +1 :

� Computethe new posture(and associatedcovariancematrix) by evaluatingQ N +1
n =1 N (� � ( n )

j +1 ; � ( n )
j +1 ) , which representsthe joint probability of the

differentconstraintsconsidered

� j +1 = � j +

 
N +1X

n =1

(� ( n )
j +1 ) � 1

! � 1  
N +1X

n =1

(� ( n )
j +1 ) � 1 � � ( n )

j +1

!

;

� j +1 =

 
N +1X

n =1

(� ( n )
j +1 ) � 1

! � 1

: (1)

� The new positionof the end-effector is thende�ned by x j +1 = f ( � j +1 ) .
END L OOP t j

B. Reproductionby consideringmultiple constraints

By using the encodingmethodpresentedabove, the con-
straintsin taskspacearecomputedby consideringtheobjects
detectedby the robot in its environment. The constraints
associatedwith the positionof the end-effector with respect
to an object n are thus representedby the trajectoriesx̂ (n )

and associatedcovariance matrices �̂ x (n ) . Similarly, the
constraintsin joint spaceare representedby �̂ and �̂ � .
Theseconstraintscan be mutually exclusive in the robot's
workspace,i.e., the generalizationin joint spacedoesnot
necessarycoincidewith the generalizationin taskspace.To
�nd a controller for the robot satisfyingseveral constraints
simultaneously, we then proposeto use the probabilistic
propertiesof the Gaussiandistributions to computean ap-
propriatetradeoff during the inversekinematicsprocess.

The reproductionprocedureis illustrated in Fig. 1 and
presentedin Table II. Eq. (1) computesa trade-off based



Fig. 2. Top: Kinestheticdemonstrationsof thetwo tasksconsidered,namely
graspingandplacinga glasson a coaster(left), andgraspingandemptyinga
glass(right). Bottom:Reproductionof theskill by the two robotswherethe
initial positionsof the objectsare tracked by a stereoscopicvision system.

on the variabilities observed during the demonstrationsto
determinethe respective relevanceof the constraintsin joint
spaceand in task space(seealso Fig. 6). If one wants to
usea controllersatisfyingtheconstraintsin joint spaceonly,
(1) can be replacedby � j +1 = � j + � � (N +1)

j +1 . Similarly, if
one wants to use a controller satisfying the constraintsin
task spacefor a speci�c object n, (1) can be replacedby
� j +1 = � j + � � (n )

j +1 .

I I I . EXPERIMENTAL SETUP

The setupof the experimentis presentedin Fig. 2. Two
5 DOFs Katana robots from Neuronics are used for the
experiment, characterizedby a repeatabilityof � 0:1 mm
anda maximumspeedof 68� /sec.A sixth motorcontrolsthe
openingandclosingstatusof thegripper, which is generated
througha binarysignalgeneralizedover themultiple demon-
strations,as proposedin [1]. Eachmotor is equippedwith
encoderswhich allows the userto move the robot manually
while registeringjoint angleinformation(seeFig. 2). During
this process,the position of the end-effector is computed
throughdirect kinematics.

Two different skills are consideredin the experiment,
namelysettingthe table by graspinga glasson a shelf and
placingit on a coaster, andclearingthetableby 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 oneobject is tracked by the
robot, i.e., we assumethat the glasscovers the coasterand
that the basinis at a �x ed positionin the robot's workspace.

Five demonstrationsstartingfrom
different initial positions

Reproductionwith a new initial
situation
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Fig. 3. Left: Five demonstrationsfor the two tasks in 3D Cartesian
space.For the �rst task, the initial positions of the glass placed on a
shelf are representedwith '+' signs. The initial positionsof the coaster
on the tableare representedwith 'x' signs.For the secondtask, the initial
positionsof the glass(covering the coaster)arerepresentedwith '+' signs.
Right: Reproductionof the skill for new situations(bold '+' and'x' signs),
by combiningconstraintsin joint spaceand in task space.The Cartesian
trajectoriesare representedin the robot's frame of reference(seeFig. 2),
wherethe dots indicatethe beginning of the motions.

A stereoscopicvision systemis used to track a set of
objectsin 3D Cartesianspace,basedon tracking in YCbCr
color spaceof coloredpatchesattachedto the objects(only
Cb andCr areusedto be robust to changesin luminosity).
The images from two webcamsof 320 � 240 pixels are
processedat a frame rate of 15 Hz by the OpenCVvision
processingsoftware,whereeachobjectto trackis pre-de�ned
in a calibrationphaseby �tting a Gaussiandistribution on
the CbCr subspacecharacterizingthe color of the object.
The error obtainedbetweenvarious positionsof an object
measuredby the vision systemand their real positions is
5:9 � 2:8 mm.1

IV. EXPERIMENTAL RESULTS

Fig. 3 left shows the � ve demonstrationsfor the two
tasks.Figs. 4 and 5 show the extractedconstraintsfor the
two tasks.Fig. 3 right shows the reproductionfor a new
situation(new initial positionsof the objects),during which
theessentialfeaturesof theskill arereproduced.Fig. 6 shows
how the constraintsin joint spaceand task spacein�uence
the reproductionof the skill. For the �rst task, the actions
directedtoward the glassare �rst of the most importance.
Then,the onesdirectedtoward the coasterpredominate.We
seethat the controller determinedby the systemsmoothly
switchesfrom thegeneralizedmovementdirectedtowardthe
glass(seee.g. x1 at time steps200-500)to the generalized

1For a completedescriptionof the vision trackingsystem,the interested
readercanrefer to [28].
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Fig. 4. Automaticextractionof the constraintsfor TASK 1 (the correspondingjoints and framesof referencearedepictedin Fig. 2), both in taskspace
(the �rst two columnsrepresentthe constraintson the differentobjectsobserved) and in joint space(third column).GMMs with 4 Gaussiancomponents
arefound to ef�ciently encodethe skill (for eachrepresentation).The associatedGMR representationis alsodepicted.We seethat the trajectoriesrelative
to the glassare highly constrainedbetweentime steps200 and 500, i.e., when reachingfor the glass.The trajectoriesrelative to the coasterare highly
constrainedat the endof the motion, whenplacing the glasson the coaster.
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Fig. 5. Automaticextractionof the constraintsfor TASK 2, whereGMMs
with 5 Gaussiancomponentsare found to ef�ciently encodethe skill (for
eachrepresentation).We seethat the trajectoriesrelative to the glassare
highly constrainedbetweentime steps200 and400 (whenreachingfor the
glass).Then,the trajectoriesin joint spacearemoreconstrained(at the end
of the motion), when emptying the glassin the basinby using a speci�c
gesture.Thesnapshotsbelow thegraphsillustratea reproductionattemptby
automaticallyselectinga controller that smoothlyreproducesthe extracted
constraints.

movementdirectedtoward the coaster(seee.g. x1 at time
steps700-1000).For thesecondtask,the trajectoriesrelative
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 seethat the
controllersmoothlyswitchesfrom a controller in taskspace
(seee.g. � 5 at time steps200-400)to a controller in joint
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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 show the �nal
reproductionattemptconsideringthe constraintsin task spaceand in joint
spacesimultaneously. The trajectoriesin dash-dottedline consideronly the
constraintsfor the �rst objectin taskspace.Theonesin dottedline (for the
�rst task)consideronly the constraintsfor the secondobject in taskspace.
The onesin dashedline consideronly the constraintsin joint space.We
seethat the �nal controller in solid line smoothlyreproducesthe essential
featuresof theskill by adaptingtheextractedconstraintsto thenew situation.
For the �rst task, 1
 and 2
 correspondrespectively to the time when the
robot graspsthe glassand discardsit on the coaster. For the secondtask,

1
 and 2
 correspondrespectively to the time when the robot graspsthe
glassandemptiesthe glassby tilting it appropriately.



space(seee.g. � 5 at time steps600-1000).

V. DISCUSSION AND FURTHER WORK

During the reproductionprocess(seeTable II), the gen-
eralizedjoint angletrajectories�̂ are usedtwice: (1) in the
null spaceof the Jacobianmatrix to optimize the inverse
kinematicsprocesswhenconsideringthe constraintsin task
space;and(2) to computethe �nal controller in joint space
by taking into considerationall the constraints.Note that
in the null space,the use of �̂ only acts as an additional
optimizationof the IK process(if possible),while the com-
putationfor the �nal controllerconsiderseachconstraintas
relevant to the reproductionof the skill (weightedby the
variabilitiesobserved during the demonstrations).

The proposedapproachpresentsadvantagesover our pre-
vious attemptsat combiningseveral constraintsencodedin
different dataspacesthrougha GMM/GMR representation.
Comparedto the useof Lagrangeoptimization to derive a
metric of imitation performance[1], the proposedmethod
doesnot requireto analyticallyderive thecostfunction. It is
thenmoregenericandremainsstatisticallysound.Compared
to the geometricinversekinematicsapproachused in [2],
[3], theapproachproposedherecanbeextendedto different
robot architectures.Moreover, this direct computationap-
proachallows to computethe resulting constraints(1) for
the �nal controller in the form of a covariancematrix by
using the productpropertiesof Gaussiandistributions.

For the experimentspresentedhere,the whole computa-
tion (using Matlab) took less than one minute and is thus
satisfying for a teachingapplicationwhere the demonstra-
tion phaseand reproductionphaseare separated.Further
work aims at: (1) investigating more complex interactions
wherethedemonstrationsandreproductionsaremoretightly
intertwined; (2) coupling the proposedlearning approach
with a dynamical controller to be dynamically robust to
perturbationsand changesin the environment [29] when
reproducingthe skill; and (3) extending the approachto
a scaffolding processwhere the two Katana robots are
simultaneouslycontrolledin orderto explore morecomplex
coordinationtasks[30].

VI . CONCLUSION

We presenteda probabilistic framework to extract au-
tomatically the essentialfeaturescharacterizinga skill by
handling constraintsboth in joint spaceand in task space,
and proposedan inverse kinematicsmethod to re-usethe
learnedskill in new situations.Wethendemonstratedthrough
experimentsperformedon two Katana robots that the ap-
proachcouldbeappliedsuccessfullyto learngenericallynew
manipulationskills at a trajectorylevel by generalizingover
several demonstrationsand by extending the learnedskills
to new positionsof objects.
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