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ABSTRACT
We present an approach to teach incrementally human ges-
tures to a humanoid robot. The learning processconsists of
�rst projecting the movement data in a latent spaceand en-
coding the resulting signals in a Gaussian Mixtur e Model
(GMM). We compare the performance of two incremen-
tal training proceduresagainst a batch training procedure.
Qualitativ e and quantitativ e evaluations are performed on
data acquired from motion sensors attached to a human
demonstrator and data acquired by kinesthetically demon-
strating the task to the robot. We present experiments to
show that these di�eren t modalities can be used to teach
incrementally basketball o�cials' signals to a HOAP-3 hu-
manoid robot.

1. INTRODUCTION
Robot Programming by Demonstration (RbD), alsoreferred

to as Learning by Imitation , explores methods to teach a
robot new skills by user-friendly means of interaction [3, 4,
22, 17]. One of the key issue in RbD is to design a generic
system to the transfer of skills acrossvarious agents and sit-
uations [1, 13, 18, 23]. Instead of copying a single instance
of a demonstration, our approach aims at extracting what
are the relevant characteristics of the gesture that needsto
be reproduced. This can be achieved by observing the user
performing multiple demonstrations of the same task and
generalizing over the di�eren t demonstrations [6]. Classi-
cal approaches tend to perform the skill o�-line in a batch
learning mode, but recent approaches proposedmethods to
dynamically teach new skills to a humanoid robot [14, 21].
Indeed, it would be crucial to allow the robot to learn incre-
mentally gestures, as this would allow the teacher to re�ne
his/her teaching depending on the robot's current perfor-
mance at reproducing the skill.

To transfer a skill between two human partners, di�er-
ent ways of performing demonstrations can be used, de-
pending on the motor skill that must be transferred. For
example, several methods have been investigated for skill

This is theauthor's versionof thework. It is postedhereby permissionof
ACM for yourpersonaluse.Not for redistribution.
HRI'07, March10–12,2007,Arlington, Virginia,USA.
Copyright 2007ACM 978-1-59593-617-2/07/0003.

Figure 1: Illustration of the di�eren t teac hing
mo dalities used in our system. Left: The user
performs a demonstration of a gesture while wear-
ing motion sensors recording his upp er-b ody mo ve-
men ts (arms and head). Right: The user helps the
rob ot repro duce the gesture by kinesthetic teac hing,
i.e. correcting the mo vemen t by mo ving ph ysically
the rob ot's lim bs to their correct postures.

acquisition in sport, with the aim of providing advices to
sport coaches, i.e. to understand how to transfer a motor
skill in the most e�cien t way depending on the individual
capacities of the athletes. In [12], speci�c metrics are sug-
gestedto evaluate the performance of a reproduced skill. In
outcome-de�ned tasks, the performance criteria are based
on outcomes without regard on the way of achieving them.
In contrast, process-de�ned tasks have no outcome outside
the technique, and can be practiced without the presence
of target or object. While outcome-de�ned tasks can be
easily transmitted using a symbolic representation such as
keywords, rules or verbal instructions, process-de�ned tasks
are more di�cult to describe using such high-level features.

To transfer new motor skills to a humanoid robot, the
user facesa similar situation to the sport coach training an
athlete. In RbD, the "h uman coach" must take into account
the individual speci�cities of the robot. He/she must com-
bine di�eren t modalities and provide appropriate sca�olds
to transfer relevant information about the task constraints
[16]. An e�cien t human-robot teaching processshould en-
couragevariabilit y in the di�eren t demonstrations provided
to the robot, i.e. varied practiced conditions, varied demon-
strators or varied exposures. When a symbolic description
of the skill is available, i.e. when the behavior can be trans-
lated into symbolic codes, it is sometimeseasier to describe
what is the purp ose of the task verbally (e.g. pressing a



speci�c button). However, for generic gestures that do not
necessaryinvolve object manipulation, verbalization of the
task constraints is more di�cult. Indeed, language is more
limiting when describing complex movements. For these
situations, observation of an expert model showing how to
perform the gesture and re�nement of the acquired gesture
through moulding behaviours are lik ely to facilitate the ac-
quisition of the skill.

In this work, we take the perspective that the demonstra-
tions can be provided in various modalities. We focus on
the scenario where: 1) The robot observes a human user
demonstrating the gesture while wearing motion sensors,2)
The robot tries to reproduce the skill while the coach detects
the motion parts that need further re�nements and 3) The
coach helps the robot move correctly its limbs by kinesthetic
teaching. The use of motion sensorsallows the user to pro-
vide a complete model of the skill with complex upper-body
motion. Then, similarly to moulding behaviours, moving
kinesthetically the robot in its own environment provides a
social way of feeling the robot's capacities and limitations
of its body when interacting with the environment.

Extracting the constraints of a movement is important to
determine which parts of the motion are important, which
onesallow variabilit y, and what kind of correlations among
the di�eren t variables are required, allowing to �nd out
which motion doesand doesnot ful�ll the skill requirements.
When designing such a learning framework, extracting not
only a generalized movement from the demonstrations, but
also the variabilit y and correlation information, may permit
to the robot to useits experiencein changing environmental
conditions [7]. For scaling-up issue, this should be set-up
in an adaptiv e way, without increasing drastically the com-
plexit y of the system when new experiences are provided.
Thus, the model should not use historical data to update
the model of the gestures. It means that the system should
be 
exible enough to adapt itself when new demonstrations
are provided.

In [6], we presented an approach basedon Princip al Com-
ponent Analysis (PCA) and Gaussian Mixtur e Model (GMM)
to build a probabilistic representation of the movement. This
compact representation hasclassi�cation and regressionprop-
erties used by the robot to discriminate gesturesand repro-
duce a smooth generalized version of the movement. The
model also encapsulates the properties of the gesture, i.e.
it extracts what are the relevant features to reproduce and
what are the correlations across the di�eren t variables. A
disadvantage of this approach is that training wasperformed
in a batch mode. Thus, re�nement of the model waspossible
only by keeping all the previous movements in a database,
which is not e�cien t.

To get rid of this drawback, we present in this paper two
incremental training approaches used to update the mod-
els parameters when new demonstrations are available. A
probabilistic model basedon PCA and GMM is �rst learned
using joint angles tra jectories collected by the motion sen-
sors, and is progressively re�ned using data collected by the
kinesthetic teaching process.

2. SYSTEM ARCHITECTURE
Fig. 1 and 2 present the principles of the system. The

projection of the data in the latent space of motion, the
classi�cation of existing motion models, the encoding of the
gesturesin mixture modelsand the retrieval processare fully
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described in [6]. We only brie
y summarize the principles
here.

2.1 Data acquisition
The joint angle tra jectories collected are de�ned by

f � j gN
j =1 = f � t;j ; � s;j gN

j =1 , which consists of N datapoints
of dimensionalit y d. Each datapoint consists of a tempo-
ral value � t;j 2 R (time elapsed from the beginning of the
demonstration) and a posture vector � s;j 2 R( d� 1) .

2.2 Projection in a latent space
We are looking for a latent spaceof motion onto which we

project the original centered postures f � s;j gN
j =1 to �nd an

optimal representation for the given gesture. We are using
PCA that �nds analytically a mixing matrix A projecting
f � s;j gN

j =1 onto uncorrelated components f � s;j gN
j =1 , with the

criterion of preserving as much variance as possible. � s;j 2
R( D � 1) , where (D � 1) is the minimal number of eigenvectors
and associated eigenvalues� neededto obtain a "satisfying"
representation of the original dataset, i.e. such that the
projection of the data onto the reduced set of eigenvectors
covers at least 98% of the data's spread:

P ( D � 1)
i =1 � i > 0:98.

The projection in the latent spaceis then de�ned by � s;j =
A� s;j , with projection matrix A 2 R( ( D � 1) � ( d� 1)) .

2.3 GaussianMixtur eModel (GMM)
The motion dataset in the latent space is then de�ned

by f � j gN
j =1 = f � t;j ; � s;j gN

j =1 , with � t;j = � t;j . The dataset
consists of N datapoints of dimensionalit y D . The dataset
is modelled by a mixture of K components, de�ned by a
probabilit y density function:

p (� j ) =
KX

k =1

p(k) p (� j jk) (1)

where p(k) is the prior and p(� j jk) the conditional probabil-
it y density function. For a mixture of K Gaussian distribu-
tions of dimensionalit y D , the parameters in (1) are de�ned



as:

p(k) = � k

p(� j jk) = N (� j ; � k ; � k ) (2)

=
1

p
(2� )D j� k j

e� 1
2 ( ( � j � � k ) T � � 1

k ( � j � � k ))

The parameters of a Gaussian Mixtur e Model � are then
described by f � k ; � k ; � k ; Ek gK

k =1 , de�ning respectively the
prior probabilit y, mean vector, covariance matrix and cu-
mulated posterior probabilit y1 Ek =

P N
j =1 p(kj� j ), com-

puted using Bayes theorem p(kj� j ) =
p( k ) p( � j j k )

P K
i =1 p( i ) p( � j j i ) . The

optimal number of components K is determined by Bayesian
Information Criterion (BIC). Classi�cation is performed us-
ing the average log-likelihood of a model � when testing a
set of N datapoints f � j gN

j =1 :

L � =
1
N

NX

j =1

log (p(� j )) (3)

where p(� j ) is the probabilit y that � j is generated by the
model, computed using (2) and p(� j ) =

P K
k =1 p(k)p (� j jk).

Training of the GMM parameters is traditionally per-
formed in a batch mode (i.e. using the whole training set)
using the iterativ eExpectation-Maximization (EM) algorithm
[9]. This simple local search technique guaranteesmonotone
increaseof the lik elihood of the training set during optimiza-
tion. Starting from a rough estimation of the parameters by
k-means segmentation, parameters f � k ; � k ; � k ; Ek g are es-
timated iterativ ely until convergence:

E-step:

p( t +1)
k ;j =

� ( t )
k N ( � j ;� ( t )

k ; � ( t )
k )

P K
i =1 � ( t )

i N ( � j ;� ( t )
i ; � ( t )

i )

E ( t +1)
k =

P N
j =1 p( t +1)

k ;j

M-step:

� ( t +1)
k =

E ( t +1)
k
N

� ( t +1)
k =

P N
j =1 p ( t +1)

k ;j � j

E ( t +1)
k

� ( t +1)
k =

P N
j =1 p ( t +1)

k ;j ( � j � � ( t +1)
k )( � j � � ( t +1)

k ) T

E ( t +1)
k

The iteration stopswhen L ( t +1)

L ( t ) < C1 , with the log-likelihood
L de�ned in (3). The threshold C1 = 0:01 is used in our ex-
periments.

2.4 GaussianMixtur eRegression(GMR)
Gaussian Mixtur e Regression (GMR) is used to recon-

struct a general form for the signals [8]. In a generic re-
gression problem, one is given a set of predictor variables
X 2 Rp and response variables Y 2 Rq . The aim of the
regression is to estimate the conditional expectation of Y
given X on the basis of a set of observations f X ; Y g. In our
case,we useregressionto retrieve smooth tra jectories which
are generalizedover a set of observed tra jectories. Thus, on
the basis of a set of observations � = f � t ; � sg, where � s rep-
resents a spatial vector at time step � t , regression aims at

1Note that Ek is mandatory to describe the model but it
simpli�es the notation for the training algorithms.

estimating the conditional expectation of � s given � t . Then,
by computing the conditional expectation of � s at each time
step, the whole expected tra jectory is extracted.

GMR is based on the theorem of Gaussian conditioning
and on the linear combination properties of Gaussian dis-
tributions. From a set of tra jectories � = f � t ; � sg, the joint
probabilit y distribution p(� t ; � s ) is �rst modeled by a GMM.
A generalized version of the tra jectories is then computed
by estimating E [p(� s j� t )]. The constraints of the gesture are
extracted by estimating 2 E [cov(p(� s j� t ))].

For a GMM model � encoding the set of tra jectories � =
f � t ; � sg, the temporal and spatial values of the Gaussian
component k are separated, i.e. we de�ne:

� k = f � t;k ; � s;k g ; � k =
�

� tt;k � ts;k

� st;k � ss;k

�

For each component k, the expected distribution of � s;k

given � t is de�ned by:

p(� s;k j� t ; k) = N (� s;k ; �̂ s;k ; �̂ ss;k ) (4)

�̂ s;k = � s;k + � st;k (� tt;k ) � 1(� t � � t;k )

�̂ ss;k = � ss;k � � st;k (� tt;k ) � 1 � ts;k

�̂ s;k and �̂ ss;k are mixed according to the probabilit y that
the component k has of being responsible for � t :

p(� s j� t ) =
KX

k =1

� k N (� s ; �̂ s;k ; �̂ ss;k ) (5)

� k =
p(k)p(� t jk)

P K
i =1 p(i )p(� t ji )

=
� k N (� t ; � t;k ; � tt;k )

P K
i =1 � i N (� t ; � t;i ; � tt;i )

Finally , for a mixture of K components, an estimation of
the conditional expectation of � s given � t is computed using
(4), (5) and:

�̂ s =
KX

k =1

� k �̂ s;k ; �̂ ss =
KX

k =1

� 2
k �̂ ss;k

Thus, by evaluating f �̂ s ; �̂ ss g at di�eren t time steps � t , a
generalized form of the motions �̂ = f � t ; �̂ sg and associated
covariance matrix are used to reproduce the movement.

Note that f �̂ s ; �̂ ss g are expressedin the latent space of
motion but can be projected back in the original data space
by using the linear transformation property of a Gaussian
distribution:

� j � N (� k ; � k )

) A� j � N (A� k ; A� k AT ) (6)

2.5 Incr ementaltraining procedure
The traditional GMM learning procedure starts from an

initial estimate of the parameters and usesExpectation- Max-
imization (EM) algorithm to converge to an optimal local
solution. In its basic version, this batch learning procedure
is not optimal for a Programming by Demonstration frame-
work where new incoming data should permit to the robot
to re�ne its model of the gesture, without keeping the whole
training data in memory.

The problem of incrementally updating a GMM by taking
into account only the new incoming data and the previous
2We use the standard notations E [�] and cov(�) to express
expectation and covariance.



estimation of the GMM parameters has been proposed for
on-line data stream clustering. Song and Wang in [19] sug-
gestedto create a new GMM (by evaluating multiple GMMs
and using a BIC criterion to select the optimal GMM) with
the new incoming data, and to create a compound model
by merging the similar components of the old GMM with
the new GMM. The suggested algorithm is computation-
ally expensive and tends to produce more components than
the standard EM algorithm. Arandjelo vi�c and Cipolla sug-
gested in [2] to use the temporal coherence properties of
data streams to update GMM models. They assumedthat
data were varying smoothly in time to adjust the GMM
parameters when new data were observed. They proposed
a method to update the GMM parameters for each newly
observed datapoint by allowing splitting and merging opera-
tions on the Gaussiancomponents when the current number
of Gaussian components did not represent well the new dat-
apoint.

In a RbD framework, the tackled issue is di�eren t in the
sensethat we do not need to model on-line streams. Nev-
ertheless, we need to adjust an already existing model of a
stream when a new stream is observed and recognizedby the
model. We suggest two approaches to update the model's
parameters: 1) The direct update method takes inspiration
from [2], and re-formulates the problem for a generic obser-
vation of multiple datapoints. 2) The generative method
uses Expectation-Maximization performed on data gener-
ated by Gaussian Mixtur e Regression. The two methods
are described next.

2.5.1 Directupdatemethod
The idea is to adapt the EM algorithm presented in Sec-

tion 2.3 by separating the parts dedicated to the data al-
ready used to train the model and the one dedicated to the
newly available data, with the assumption that the set of
posterior probabilities f p(kj� j )gN

j =1 remain the same when

the new data f ~� j g
~N

j =1 are used to update the model. This
is true only if the new data are close to the model, which
is often expected in our framework since the novel obser-
vation is �rst recognized by the model as being part of it,
i.e. the novel observation consists of a similar gesture than
the ones encoded in the model. Thus, the model is �rst
created with N datapoints � j and updated iterativ ely dur-
ing T EM-steps, until convergenceto the set of parameters
f � ( T )

k ; � ( T )
k ; � ( T )

k ; E ( T )
k gK

k =1 . When a new gesture is recog-
nized by the model (seeSection 2.3), ~T EM-steps are again
performed to adjust the model to the new ~N datapoints ~� j ,
starting from the initial set of parameters
f ~� (0)

k ; ~� (0)
k ; ~� (0)

k ; ~E (0)
k gK

k =1 = f � ( T )
k ; � ( T )

k ; � ( T )
k ; E ( T )

k gK
k =1 . We

assumethat the parameters f ~E (0)
k gK

k =1 remain constant dur-
ing the update procedure, i.e. we assumethat the cumulated
posterior probabilit y does not change much with the inclu-
sion of the novel data in the model. We then rewrite the

EM procedure as:

E-step:

~p( t +1)
k ;j =

~� ( t )
k N ( ~� j ; ~� ( t )

k ; ~� ( t )
k )

P K
i =1 ~� ( t )

i N ( ~� j ; ~� ( t )
i ; ~� ( t )

i )

~E ( t +1)
k =

P ~N
j =1 ~p( t +1)

k ;j

M-step:

~� ( t +1)
k =

~E (0)
k + ~E ( t +1)

k
N + ~N

~� ( t +1)
k =

~E (0)
k ~� (0)

k +
P ~N

j =1 ~p ( t +1)
k ;j

~� j

~E (0)
k + ~E ( t +1)

k

~� ( t +1)
k =

~E (0)
k

�
~� (0)

k +( ~� (0)
k � ~� ( t +1)

k )( ~� (0)
k � ~� ( t +1)

k ) T
�

~E (0)
k + ~E ( t +1)

k

+
P ~N

j =1 ~p ( t +1)
k ;j ( ~� j � ~� ( t +1)

k )( ~� j � ~� ( t +1)
k ) T

~E (0)
k + ~E ( t +1)

k

The iteration stops when L ( t +1)

L ( t ) < C2 , where the threshold
C2 = 0:01 is set in our experiments.

2.5.2 Generativemethod
An initial GMM model f � k ; � k ; � k gK

k =1 is created using
the classic EM algorithm, seeSection 2.3. When new data
are available, regression is used to generate stochastically
new data by considering the current GMR model f �̂ j ; �̂ j gT

j =1 .
Using this generated dataset and the new observed data
f ~� j gT

j =1 , the GMM parameters are then re�ned by the clas-
sic EM algorithm. We de�ne � 2 [0; 1] as the learning rate,
n = n1 + n2 as the number of samplesused for the iterativ e
learning procedure, with n1 2 N and n2 2 N the number of
trials duplicated from the new observation and generatedby
the current model. The new training dataset is then de�ned
by:

� i;j = ~� j if 1 < i � n1

� i;j � N (�̂ j ; �̂ j ) if n1 < i � n
8j 2 f 1; : : : ; Tg

with:

n1 = [n � ]

where [�] is the notation for the nearest integer function. The
training set of n trials is then used to re�ne the model by
updating the current set of parameters f � k ; � k ; � k gK

k =1 using
EM algorithm. � 2 [0; 1] can be set to a �xed learning rate
or can depend on the current number of demonstrations used
to train the model. In this case,when a new demonstration
of ~N datapoints is available and when N datapoints from
previous demonstrations were used to train the model, � is
set to

~N
~N + N

. Identically , when all demonstrations have the

samenumber of datapoints, we can start with � (0) = 1 and
set � recursively for each newly available demonstration:

� ( t +1) =
� ( t )

� ( t ) + 1

This recursive learning rate is used in the experiments re-
ported here. The number of samplesn = 5 and the number
of time steps T = 100 are �xed experimentally .

3. EXPERIMENTS
The incremental teaching procedurespresented in the pre-

vious section are usedto teach basketball o�cials' signals to
a humanoid robot, using two di�eren t modalities.



3.1 Experimental set-up
The experiments are conducted with a Fujitsu HOAP-

3 humanoid robot with 28 degreesof freedom (DOFs), of
which only the 16 DOFs of the upper torso are required in
the experiments. The remaining DOFs of the legsare set to
a constant position, so as to support the robot in a standing
posture.

User's movements are recorded by 8 X-Sens motion sen-
sors attached to the torso, upper-arms, lower-arms, on the
top of the hands (at the level of the �ngers) and on the back
of the head. Each sensorprovides the 3D absolute orienta-
tion of each segment, by integrating the 3D rate-of-turn, ac-
celeration and earth-magnetic �eld, at a rate of 100 Hz with
a precision of 1:5 degrees.For each joint, a rotation matrix is
de�ned as the orientation of a distal limb segment expressed
in the frame of referenceof its proximal limb segment. The
kinematics motion of each joint is then computed by de�n-
ing a Joint Coordinate System (JCS) and decomposing the
rotation matrix into joint angles, using a Cardanic conven-
tion (XYZ decomposition order). For each joint, the motion
sensorsreturn orientation matrices R0! 1 and R0! 2 , repre-
senting respectively the orientation of the proximal segment
and distal segment, both expressedin the static world refer-
ential. We de�ne the orientation of the distal segment with
respect to the proximal segment as R1! 2 using the relation
R1! 2 = (R0! 1) � 1R0! 2 . In the experiments reported here,
16 joint angles are recorded, i.e. � s;j 2 R16 , corresponding
to the degreesof freedom (DOFs) of our robot (1 DOF for
the torso, 3 DOFs for the head, 2 � 3 DOFs for the shoul-
ders, 2 � 1 DOF for the elbows, 2 � 1 DOF for the wrists
and 2 � 1 DOF for the hands).

When using a kinesthetic teaching method, the robot mo-
tors are set in a passive mode, whereby each limb can be
moved by the human demonstrator. The kinematics of each
joint motion are recorded at a rate of 1000 Hz during the
demonstrations and are then re-sampled to a �xed number
of points T = 100. The robot is provided with motor en-
coders for every DOF, except for the hands and the head
actuators.

3.2 Experimental data
A dataset of 10 movements is selected, inspired from the

signals used by basketball o�cials to communicate various
non-verbal information such asscoring, clock-related events,
administrativ e noti�cations, types of violations or types of
fouls (see3 Fig. 7). O�cials' signals in basketball provide
a rich gesture vocabulary, characterized by non-linearities
at the level of the joint angles, which make them attractiv e
for researchers to use as test data [11, 20]. The robot �rst
observes the user performing the gesture and reproduces a
�rst generalizedversion of the motion, seeFig. 1. This mo-
tion is then re�ned by moving the robot's limbs physically
while performing the gesture. The gesture can be re�ned
completely by grabbing the two arms of the robot, or par-
tially by conducting the desiredDOFs of the robot while the
robot controls the remaining DOFs4 . To do that, the user

3 Images reproduced from [10] with permission.
4Note that the number of variables that the user is able to
control with his/her two arms is still lower than when using
the motion sensors. With kinesthetic teaching, the demon-
strator can only demonstrate a subset of joint angles (the
arms), while the robot is controlling the remaining joints
(the head).

Table 1: Automatic estimation of the dimensionalit y
(D � 1) of the laten t space of motion and automatic
estimation of the num ber of comp onen ts K in the
GMM, for the 10 gestures used in the exp erimen t.

Gesture ID 1 2 3 4 5 6 7 8 9 10
(D � 1) 4 2 3 3 4 3 4 2 2 3
K 4 4 5 4 3 4 4 4 4 5
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Figure 3: Illustration of the direct up date incremen-
tal learning pro cesses, using the �rst comp onen t of
gesture 2. The graphs show the consecutiv e enco d-
ing of the data in GMM, after convergence of the
EM algorithm. The algorithms only use the lat-
est observ ed tra jectory represen ted (sho wn in blac k
poin ts) to up date the mo dels.

�rst selects the DOFs that he wants to control by moving
the corresponding joints. The robot detects the motion and
set the corresponding DOFs to a passive mode. Then, the
robot reproduces the movement while recording the move-
ment of the limbs controlled kinesthetically by the user. For
each gesture,3 demonstrations using motion sensorsare pro-
vided, and 3 demonstrations using kinesthetic teaching. The
model is updated after each demonstration.

3.3 Experimental results
The dimensionalit y of the latent space and the number

of Gaussian components used to encode the data, estimated
automatically by the system, are presented in Table 1. Only
the �rst demonstration observed is used to �nd the optimal
number of components. The original data spaceof 16 DOFs
is then reduced to a latent spaceof 2� 4 dimensions, which is
a suitable dimensionalit y to estimate the GMM parameters
using an EM algorithm. We seethat 3� 5 GMM components
are required to encode the di�eren t gestures.

Fig. 3 illustrates the encoding results of GMM for ges-
ture 2, when updating incrementally the parameters using
the direct update method (only the �rst variable of the 2 di-
mensional latent spaceis represented). We seethat the �rst
group of three demonstrations using motion sensorsand the
last group of three demonstrations using kinesthetic teach-
ing present similarities within each group, but are quite dif-
ferent acrossthe groups. We seeafter the 6th demonstration
that the two incremental training processesstill adapt e�-
ciently the model to represent the whole training set, with-
out using historical data to update the model.
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Figure 4: Ev olution of the in verse log-lik eliho od �L
when trained with the di�eren t metho ds. The re-
sults are averaged over the 10 di�eren t gestures,
with the vertical bars represen ting the means and
the vertical lines represen ting the variances. After
each demonstration, the curren t mo del is compared
with the data already observ ed and with the remain-
ing data.
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Figure 5: In verse log-lik eliho od �L of the mo dels af-
ter observ ation of the 6th demonstration and when
faced with the 6 demonstrations used to train the
corresp onding mo dels. Results are presen ted for the
di�eren t gestures and for the di�eren t teac hing ap-
proac hes. B corresp onds to the batc h training pro-
cedure. IA and IB corresp ond to the incremen tal
training pro cedures using resp ectiv ely the dir ect up-
date metho d and the generative metho d.
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Figure 6: Repro duction using Gaussian Mixture Re-
gression (GMR) in a laten t space of motion, with
mo dels trained with the di�eren t batc h (B) and in-
cremen tal training metho ds IA and IB, represen t-
ing resp ectiv ely the direct up date and generativ e
metho d. Here, data for gestures 1, 4 and 10 are
represen ted, in laten t spaces of 4 or 3 dimensions.



Figure 7: Repro duction of the 10 gestures using
an incremen tal generativ e metho d, after having ob-
serv ed 6 demonstrations for each gesture. The re-
sulting tra jectories of the hands are represen ted
when the corresp onding join t angle tra jectories are
executed by the rob ot. All the gestures start with
the arms hanging along the body .

To compare the e�ciency of the di�eren t training pro-
cesses,namely Batch (B), Incr emental - direct update (IA)
and Incr emental - generative (IB), we keep in memory each
demonstration and each model updated after having ob-
served the corresponding demonstrations. For each gesture,
we then compute the log-likelihood of the model when faced
with the di�eren t demonstrations (movements already ob-
served and remaining movements). Fig. 4 presents the av-
erage results for the 10 gestures. We seethat after the 1st
demonstration, Model 1 describes very well Data 1 (�L is
low). This �rst model also describes partially Data 2-3,
but describes poorly Data 4-6. From the 4th demonstra-
tion, Model 4 begins to provide a good representation for
the whole training set, which is �nally optimized in Model
6. We seethat the di�eren t training methods do not show
signi�can t di�erences. Particularly , we see that after the
6th demonstration, the log-likelihoods of Model 6 trained
with an incremental method are almost constant for Data
1-6. Thus, each data are well represented by the model, i.e.
there is no particular tendency to explain better old or new
data.

For each gesture, a closer look at the log-likelihoods of the
�nal model (Model 6) is presented in Fig. 5. The last inset
shows the averagefor the 10 gestures. It shows that the in-
verselog-likelihoods for the incremental methods IA and IB

are only a little bit higher than for the batch method B5 , i.e.
the resulting GMM representations for IA and IB are quite
as good as for B. Thus, we seethat both direct update and
generative methods are really good at re�ning the GMM
representation of the data. The loss of performance for the
incremental training proceduresare negligible compared to
the bene�t induced by the methodology. Indeed, a learn-
ing system that can forget historical data is advantageous
in terms of memory capacity and scaling-up issue. With the
proposed experiment, the di�erences of time computation
between the batch and incremental proceduresare insignif-
icant (all the processesrun in less than 1 second using a
Matlab implementation running on a standard PC).

Fig 6 shows three examplesof reproduction of motion us-
ing Gaussian Mixture Regressionin the latent space,using
the di�eren t training methods. We seethat there is no sig-
ni�can t qualitativ e di�erence in the tra jectories generated
by the di�eren t models. The motion are then projected
back in a joint angle data spaceand run on the robot. Fig.
7 presents the corresponding hands paths in a Cartesian
space for the generative incremental training method. We
seethat the essential characteristics of the motion are well
retrieved by the models.

4. DISCUSSION
The teaching scenario takes inspiration from the social

process used by an adult to teach gestures to a child by
�rst showing the gesture to reproduce and then by help-
ing the child re�ne his/her performance by moving his/her
own arms. By moving only selectedlimbs, the adult focuses
the child's attention on speci�c parts of the motion while
the child still performs the skill by his/her own. A similar
strategy is achieved in our system by making use of di�er-
ent modalities to let the robot acquire the gestures. In [5],
we explored the use of motion sensorsattached to the body
of the demonstrator to convey information about human
body gesture. We demonstrated that they can present an
alternativ e to vision systems to record human motion data.
Although these motion sensorsare attached to the user's
body and are thus not directly related to a human-lik e sen-
sory system, they measure robust information about body
posture and can be used easily in di�eren t environment, in-
dependently of the sound, lighting and occlusion conditions.
They provide a robust orientation measureof the limbs and
allows to record a large number of degreesof freedom simul-
taneously. As the motion sensorsare interfaced with the
computer by Bluetooth wireless communication, the user
can perform freely a large range of motion. It allows the
recording of natural movements with smooth velocity pro-
�les characterizing human motion. Similar joint angle tra-
jectories recorded by kinesthetic teaching, using the motors
encoders of the robot, sometimespresent sharper turns and
an unnatural decorrelation of the di�eren t DOFs. Indeed,
when displacing physically the hands of the robot, the mo-
tors of the arms tend to move sequentially in a decoupled
way.

By combining information from both the motion sensors
and kinesthetic teaching, it is possible to generatenaturally
looking tra jectories and tackle at the same time the corre-
spondence problem [15]. Indeed, due to the di�eren t em-
bodiment between the user and the robot, it is not possible

5Note that this is not systematic (seeGesture 2).



to directly copy the joint angle tra jectories demonstrated by
the user. Transferring e�cien tly such gesture often requires
re�nement of the tra jectories with respect to the speci�c
robot capabilities in its speci�c environment. On the other
hand, demonstrating a gesture only by kinesthetic teach-
ing is limited by the naturalness of the motion and by the
number of limbs that the user can control simultaneously.
Combining both approaches provide a social way to teach
a humanoid robot new skills. The use of motion sensors
provide a model of the entire movement for the robot, while
kinesthetic teaching o�er a way of re�ning this demonstrated
motion. It adds a social component to the interaction as the
user helps the robot acquire the skill by physically manip-
ulating its arms. By doing so, he/she implicitly feels the
characteristics and limitations of the robot in its own envi-
ronment.

5. CONCLUSION
Wepresented two incremental teaching approachesto trans-

fer gesturesand associated constraints to a humanoid robot
without using historical data, and compared the results with
a batch training procedure. We showed that: 1) Both ap-
proaches performed well at encoding and reproducing hu-
man motion. 2) The loss of information due to the incre-
mental processeswasacceptableand permitted to reproduce
successfully the essential characteristics of the motion. We
tested our approach in a human-robot teaching scenario us-
ing motion sensorsand kinesthetic teaching to acquire ges-
tures. The presented experiments showed that the combi-
nation of these two means of recording movements can be
usedin an e�cien t manner to teach incrementally new move-
ments to a humanoid robot.
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