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of the wrist. The position of the object to lift is extracted in the frame of reference of the
waist. The posture of the head has been pre-defined to track one object on a table, where
the position and orientation of the object are extracted through two colored patches that
have been calibrated offline. To track the 3D orientation of the object, it is assumed that
the object initially lies in a horizontal plane.

Figure 5 presents the 5 demonstrations that have been collected in Cartesian space by
starting from different initial positions and orientations of the beam.

2.4.1 Description of the process

In Section 2.2, we have described the probabilistic approach and its extension to a dynam-
ical system in the frame of reference attached to the robot’s torso. For this experiment,
we also need to consider the position and orientation of the end-effector with respect to
the object. To do so, we first consider that the state of the end-effector x = [Xq] is
represented in the most general case in terms of position X and orientation q.

We first recall some quaternion computations that will be useful to further describe
the process. The quaternion representation of a rotation is written as a normalized four
dimensional vector Q = [Q1, Q2, Q3, Q4]. For a rotation of angle θ around Euler axis
e = [e1, e2, e3], we define Q1 = e1 sin

(
θ
2

)
, Q2 = e2 sin

(
θ
2

)
, Q3 = e3 sin

(
θ
2

)
and Q4 =

cos
(

θ
2

)
. By noting the unit quaternion as Q = [q, w], where q = [Q1, Q2, Q3] and

w = Q4, the multiplication operator to combine the rotation of two unit quaternions is
defined by

Q(1) ∗Q(2) =
[
w(1)q(2) + w(2)q(1) + q(1) × q(2), w(1)w(2) − q(1)q(2)

]
,

where ∗ and× respectively represent the quaternion multiplication and the cross product.
By using this representation, the rotation of one point X in Cartesian space by a

unit quaternion Q is defined by V ′ = Q ∗ V ∗ Q̃, where V = [X, 0] is the augmented
vector describing the original position X , V ′ = [X ′, 0] is the resulting augmented vector
containing the resulting position X ′ in Cartesian space, and Q̃ is the conjugate of Q
defined by Q̃ = [−q, w].

Similarly, the multiplication operator can be expressed in a matrix form by defining
the matrix

AQ(1)

=




−Q
(1)
4 Q

(1)
3 −Q

(1)
2 Q

(1)
1

−Q
(1)
3 −Q

(1)
4 Q

(1)
1 Q

(1)
2

Q
(1)
2 −Q

(1)
1 −Q

(1)
4 Q

(1)
3

−Q
(1)
1 −Q

(1)
2 −Q

(1)
3 Q

(1)
4


 ,

where the matrix transformation AQ(1)
Q(2) provides the same result as the quaternion

product Q(1) ∗ Q(2). We will see that this representation will be useful to apply linear
transformations to Gaussian distributions representing quaternion trajectories.

For the learning and generalization process, we only keep the last three parameters q
of the quaternion Q, as the fourth parameter is dependent of the other three parameters in
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In our work we attempt to shed some light on what are the main aspects of bimanual
coordination to guarantee satisfactory robot’s performance in simple manipulation tasks
and how these aspects can be learned [15]. We investigated two types of coordination
constraints: spatial constraints (e.g. two arms must adopt a specific spatial relation to
one another) and temporal constraints (two arms must synchronize and should reach a
target position at the same time). Satisfactory performance was deemed to be achieved
when the robot managed to go through the set of required postures, adhering to a proper
timing. The robot was, however, free to depart significantly from the arm trajectories
shown during the demonstration in between each of these postures.

Figure 9: System overview: the arrows show the input-output flow across the system. The original
signal is preprocessed to reduce the dimensionality and align temporally the signal. The resulting
signal is then segmented into a set of stable postures, which are further encoded in HMMs, to
be reduced to a generalized set of spatio-temporal constraints. The robot’s motion between each
generalized posture is generated by a dynamical system, taking into account the robot’s geometry.
Control applies to both the position of arms and to the joint angle configuration at each time step.

Our model is inspired by the research in bimanual coordination in human movement
science. We hypothesize, analogously to the rhythmic case [16], that for discrete goal-
directed movements the relative position between two arms is an appropriate candidate
for the collective variable. The collective variable contains information about coordina-
tion patterns – spatio-temporal constraints typical for a certain movement and thus gov-
erns cooperative behavior of two arms. Stable positions (attractors) in this variable’s state
space represent stable coordinated postures (coordination patterns) that must be reached
in sequence to perform a task.

The proposed model is composed of two principal systems (see fig. 9): a learning
and a motor system. A learning system accounts for building a model of an observable
skill. The model of a skill consists of a set of spatial constraints – stable relative postures
between the two end-effectors and temporal constraints - a mean postures’ duration and
a time of their emergence.

The model is built automatically from trajectories recorded during demonstrations of
a task. First, the data is processed by resampling and aligning through Dynamical Time
Warping [8,15]. Then the relative position between the two end-effectors is segmented to
extract the stable postures and associated with them temporal constraints [17]. In general,
the set of postures after segmentation contains spurious postures, thus we encode the sets
obtained after several demonstration with Hidden Markov Models to get the relevant
set of the postures. Each single hidden state represents a stable posture with its time
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properties.
Once built the model of a skill is fed into a motor system. The motor system gen-

erates movements’ trajectories with respect to the coordination constraints and ensures
synchronization between the two arms. In previous works of ours [18] a dynamical hy-
brid controller that generates uni-manual reaching movements in robots was proposed. It
is based on Grossberg’s computational model of human reaching movement [19]. Here
we extend this controller for both arms and add constraints that guarantee reproduction
of a learnt task.

The hybrid controller is described by the following set of differential equations (here
we present only the equations for the right arm, as the equations for the left arm are
identical):

θ̈
R,d

t = αR
θ (−θ̇

R

t + βR
θ (θ̃

R

i − θR
t )); (6)

ẍR,d
t = αR

x (−ẋR
t + βR

x (x̃R
i − xR

t )); (7)

where θR
t ∈ RD is a posture of the right arm in the joint space, D - a number of degrees of

freedom (DOFs); xR
t ∈ R3 is a end-effector position in the Cartesian space, upper index

”d” refer to ”a desired position” that is corrected each time step to satisfy constraints,
θ̃

R

i , x̃R
i are current target positions (mapping of spatial constraints into the attractors of

the dynamical systems (6)-(7)); αR
x ,αR

θ , βR
x ,βR

θ are empirically derived constants.
To endow the motor system with the desired behavior (spatio-temporal coordination)

and guarantee the consistency between robot’s end-effectors position and arms’ postures,
we apply the following constraints on the system (6)-(7):

1. The robot’s body constraints ensure consistency between generated postures and
end-effector positions:

xR
t = K(θR

t );

xL
t = K(θL

t ); (8)

where K(.) is the forward kinematic function of an arm.

2. Spatial constraints preserve coordination patterns learned from the demonstrations
at given stages of a movement:

ẋR
t − ẋL

t = 0 (9)

We then solve the constraint optimization problem to find the values {θR
t ,xR

t , θL
t ,xL

t }
in the neighborhood of the desired values {θR,d

t ,xR,d
t ,θL,d

t ,xL,d
t } that satisfy the
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above mentioned constraints:

H(θR
t ,θL

t , xR
t , xL

t ) = (θR
t − θR,d

t )′WR
θ (θR

t − θR,d
t )+

(xR
t − xR,d

t )′WR
x (xR

t − xR,d
t ) + (θL

t − θL,d
t )′WL

θ (θL
t − θL,d

t )+

(xL
t − xL,d

t )′WL
x (xL

t − xL,d
t ); (10)

(11)

min
θR

t ,θL
t ,xR

t ,xL
t

H(θR
t ,θL

t , xR
t , xL

t )

where WR
θ ,WL

θ ,WR
x ,WL

x are positive diagonal matrices, that control the influence
of each controller (”′” refers to the transpose operator).

3. Time constraints guarantee the synchronization of the arms (adaptation of one
arm’s velocity to another one) and the timing of the whole movement. These
constraints are expressed in the form of a specific procedure for computing the
parameters α,β of the controller:

αR
x = 2

log
aR

x

∆R
x

T
; βR

x =
4
π2

T 2
+ α2

4α
; (12)

where aR
x ,∆R

x are respectively the amplitude and the precision of a movement, T
is its mean duration.

The motor system provides a robot with a capability of online reaction on external
perturbations as well as the explicit control over motion timing that is necessary for the
coordination of several limbs. In comparison with the approach discussed in Prototype 1,
the reproduction based on the motor system is less computationally expensive, as in the
case of perturbations the robot should not reconstruct the new trajectory through GMR, it
is achieved at the cost of the flexibility, as in general the motor system does not assume the
reproduction of arbitrary state-space dependencies: the velocity profile is the bell-shaped,
similar to the one of humans.

3.2 Human Motion Prediction in Collaborative Tasks

Collaborative tasks in which a human physically interacts with a robot, requires the robot
to be able to coordinate its motion with that of the human, and, for this, to predict the
intent behind the human’s motion. Teaching a robot such tasks is a twofold problem: 1)
the robot should learn the set of constraints associated with the task, 2) it should also
learn to recognize the particular signature of motion of the human collaborator to be able
to predict it.

In the previous sections we discussed the algorithms for addressing the first problem.
Here we expand the capabilities of the learning system to teach a robot a coordination
task with the user being ”in the loop”, playing an active role in helping the robot in a
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joint transportation task. Therefore the robot has to adapt preventively, in reaction to the
predicted human motion

To achieve such a functionality we use the Hidden Markov Models framework (see
section 3.3 for further details). The trajectory data collected through motion capture suit
are encoded with continuous Hidden Markov Models (HMMs) with emission probabil-
ities in the form of normal Gaussian distributions Starting from a one demonstration a
robot builds a model of a human motion using data collected during demonstrations but
also data registered during reproduction. The belief about next position/velocity of a
human arm is propagated through the model using Bayesian inference.

3.3 Hidden Markov Models for on-line Imitation Learning

Hidden Markov Models(HMMs) is a Machine Learning approach allowing to model se-
quential data. HMMs are characterized by a topology of their hidden elements and pa-
rameters of emission probabilities; those parameters are learned from training data. Most
(HMMs) estimation techniques (such as e.g. conventional Baum-Welch [20]) assume a
known topology of the model. However, during on-line training, when presented with
a first and single demonstration, a robot cannot choose a structure that describes all po-
tential observations. Therefore, the topology should be learned iteratively along with pa-
rameters. We follow an approach where the topological map of data is being iteratively
built from training sequences using Instantaneous Topological Maps [21].

Few existing approaches of iterative HMM training are based on the iterative version
of the Expectation Maximization (EM) [22, 23] method [24]. The iterative treatment is
particularly attractive, as it does not require observable data to be identically distributed
as does the batch Baum-Welch method. For our application this property allows us to use
a unique HMM for representing different motions; therefore, the model becomes more
compact as there is no need to duplicate states shared among several types of motion.
This also increases the generalization abilities of the model.

3.4 Dual screw encoding of motion in task space

To address problem of learning generic motion of a robot in the task space, we encode
a transformation between an end-effector of a limb and a fixed referential using notion
of dual screw. A general displacement that a robotic limb performs in 3D space can be
expressed as a screw displacement [25], that consists of a rotation about a line called a
screw axis and translation along this axis. A screw axis can be defined by its Plücker
vectors [s, c× s] [26]; s, c ∈ R3, s ⊥ c, and s is the directional unit vector of the line.

Making use of dual number notion [27,28] we can define a general displacement as a
set of the two parameters: a dual screw q̂ = s + εc× s and a dual angle ψ̂ = φ + εd.

Although the motor system that we used to generate learned movements (see section
3.1) proved to be effective for some types of motion, it generates almost linear trajectories
that are optimal if we want to reach an object without changing the orientation of a hand.
In real life we often need to change an orientation of a hand to reach and grasp an object
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in a particular manner. To address this problem we consider the VITE model in the space
of a dual screw and a dual angle.

3.5 Experimental set-up

The training data have been collected using the visual motion capture system from Mo-
tion Analysis with 10 cameras placed around a site where a human demonstrated tasks.
The system simultaneously tracks 33 markers of the human’s upper body and markers
placed on manipulated objects. The proposed set-up allows demonstrating more versatile
tasks than use of solely kinesthetic demonstrations used before. The experiments are per-
formed on a humanoid robot HRP-2, 30 Degrees of Freedom (DOFs). Initially the robot
is placed into a half-sitting posture, during manipulation the robot can move the whole
body to keep the balance. While the robot performs tasks, positions and orientations of
objects are tracked with stereovision system.

At preliminary stage two tasks have been recorded to teach a robot, both of them
encapsulate skills that are indispensable to the scenarios of a construction site: carrying
and stacking objects and a basic assembling task.

4 Future work

Further experiments will concentrate on applying the proposed continuous framework
to a similar human-robot collaborative task by computing the controller in an on-line
manner and by collecting real force signals as inputs. To do so, Sylvain Calinon will
visit again the CNRS/AIST partners at JRL in October 2008. A joint paper describing
the prototype experiment presented in this deliverable is also in preparation.

Further work will tackle the problem of combining the use of discrete and continuous
constraints to encode a reproduce a collaborative skill. This would allow to segment
a continuous skill into several subparts that require specific constraints. For example,
if one wants to apply two specific controllers for different parts of the skill, it would
be important to learn how to decompose a complete task into subtasks that could be
reproduced by these different controllers.

Indeed, in the prototype of experiment presented here, an inverse kinematics con-
troller is used to reproduce at each time step a desired velocity command. This is suffi-
cient if the user who collaboratively handles the beam with the robot produces a similar
behavior during the demonstrations and during the reproduction. However, if an impor-
tant perturbation occurs (that was not observed during the demonstrations), using such a
simple controller will not allow to perform the task robustly. When both partners are han-
dling the beam, i.e. when the robot is in contact with the object, it indeed becomes very
relevant to use a controller specifically designed for this situation. In this situation, the
task would gain in robustness if we include the possibility for the robot to use a controller
in force instead of a controller in position. We plan to tackle this learning issue in further
work by providing the robot with the capability to automatically decompose a complete
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task into subtasks from the multiple signals and associated variabilities observed during
the demonstrations.

Another direction of future work involves integration of the full-body control with the
learning framework. Learning algorithms that are proposed in this deliverable are con-
centrated on manipulative activities where the arms performs the principal part of tasks;
however finally these algorithms should be integrated with a full-body controller. We
use a generic inverse kinematics controller developed by CNRS/AIST [29]. This con-
troller has a capability to generate dynamically stable whole-body motion still adhering
to specific task-space trajectories of particular limbs; therefore the learning algorithms
can be focused on generation of trajectories for specific parts of the body (e.g. hands)
reproducing important task constraints.

Annexes

We recall here some properties of multivariate normal distributions that are relevant for
the description of the regression process:
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CONDITIONAL GAUSSIAN DISTRIBUTION:
Let x ∼ N (µ, Σ) be defined by

x =

(
xI
xO

)
, µ =

(
µI
µO

)
, Σ =

(
ΣII ΣIO
ΣOI ΣOO

)
.

The conditional probability p(xO|xI) is then defined by

p(xO|xI) ∼ N (xO; µ̂, Σ̂), (13)
where µ̂ = µI + ΣIO(ΣOO)−1(xO − µO),

Σ̂ = ΣII − ΣIO(ΣOO)−1ΣOI .

LINEAR TRANSFORMATION OF GAUSSIAN DISTRIBUTION:
If x ∼ N (µ̃, Σ̃), the affine transformation Ax defined by matrix A follows the
distribution

Ax ∼ N (µ, Σ), (14)
where µ = Aµ̃ , Σ = AΣ̃A>.

PRODUCT OF GAUSSIAN DISTRIBUTIONS:
The product of two Gaussian distributions N (µ(1), Σ(1)) and N (µ(2), Σ(2)) is
defined by

C · N (µ, Σ) = N (µ(1), Σ(1)) · N (µ(2), Σ(2)), (15)
where C = N (µ(1); µ(2), Σ(1) + Σ(2)),

µ =
(
(Σ(1))−1 + (Σ(2))−1

)−1

· ((Σ(1))−1µ(1) + (Σ(2))−1µ(2)
)
,

Σ =
(
(Σ(1))−1 + (Σ(2))−1

)−1
.

Equation (13) defines the conditional expectation of a multivariate normal distribution
by estimating the conditional probability as a least squares estimate, i.e. the probability
function P (xO|xI) is represented by a single Gaussian distribution. In our case, xI will
represent a set of time steps and xO will represent a set of positions, velocities and forces,
i.e. [xI , xO] will be replaced by [t, x] where x = [X, Ẋ, F ]. As the dataset consists of
demonstrations of the same skill, we make the assumption that the probability function
P (xO|xI) can be considered as convex. The regression process then consists of comput-
ing a set of conditional expectations on a joint density estimation of the dataset.

One advantage of this approach is that the joint density estimation can be performed
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in an offline phase by training the Gaussian Mixture Model, while the regression pro-
cess can be performed in an online phase. Thus, the input and output components are
specified in the very last step of the reproduction process, which is usually an advantage
for applications that require a fast retrieval process with different missing data, i.e. by
considering any input/output mappings.

Note that to learn non-convex inverse mappings, i.e. when the probability function
P (xO|xI) has multiple peaks (or modes) that represent different solutions to the inverse
problem, computing the mean of these different modes may be a poor estimate. In this
case, different approaches have been proposed, e.g. by selecting a solution through a
stochastic process, by retaining only the most prominent mode [13], or by extracting
explicitly the different modes [14].
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