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1 Introduction

Motor learning can be seen as the combination of two processes, namely motor
adaptation and new skill acquisition [Shadmehr & Wise, 2005]. A widely ac-
cepted view of motor learning is based on the idea that human motor control
is model-based, combines feedforward and feedback control and calls upon opti-
mization processes [Wolpert & Ghahramani, 2000,Wolpert & Kawato, 1998]. Fur-
thermore, Shadmehr promotes the idea that a movement to reach a target is
specified in a task space related to the visual point of fixation before being pre-
computed as a trajectory in that space and finally realized at the dynamical
level in the articular or muscular space. We present elements of a model taking
all these features into account and discuss both their biological relevance and
their computational efficiency.

2 Optimization process: the actor-critic architecture

One of the most convincing computational models of motor control is the Stochas-
tic Optimal Feedback Control (SOFC) framework [Todorov, 2004]. Indeed, this
model advocates that muscles inputs are corrupted with noise proportional to
their magnitude and, a constraint on reaching movements being to minimize
the end-point variance, one must minimize the motor input, giving rise to the
minimum intervention principle [Todorov & Jordan, 2003]. However the compu-
tational cost of this model makes it unsuitable to solve problems larger than
simple planar arm movements such as the synthesis of whole body motion for
humanoid robots. Recently, [Todorov & Li, 2005] presented iLQG as a compu-
tationally more efficient approach to SOFC, but this approach is still based on
optimization and cannot address the control of a system with more than about
ten degrees of freedom.

Instead of solving an optimization problem, one can use a reinforcement
learning approach that should converge towards an optimal feedback controller



from experience. One difficulty with this perspective is that motor control has
to deal with continuous actions. Most reinforcement learning strategies require
to find a maximum over the action space, which is an optimization problem. To
avoid this problem, alternative learning approaches to control are policy gradient
methods which may converge to local maxima. The natural actor-critic algorithm
is among the most prominent of such approaches in the context of robotics con-
trol problems [Peters et al., 2003] and is a policy gradient method related to the
actor-critic architecture. As a matter of fact, from a biological perspective, there
is an important body of works suggesting that the action selection process in
the brain is based on an actor-critic architecture [Joel et al., 2002]. But standard
actor-critic approaches are model free, thus they cannot give account of model
adaptation phenomena.

3 Model-based control: learning the dynamics

Adaptive control [Slotine & Li, 1987] is a control scheme combining an optimal
control process and a learned model of the dynamics of the system. In rein-
forcement learning research, model-based reinforcement learning [Sutton, 1990]
is a very similar framework which combines learning a model of the transitions
of the interaction process simultaneously with the incremental optimization of
the control policy by applying dynamic programming back-up operations on the
model. In this context, motor adaptation consists of the modification of our
model of our interactions with the world when the dynamical circumstances of
these interactions change.

A standard approach to learning the dynamics of the system consists in
using LWPR [Vijayakumar & Schaal, 2000] with instances (xk,uk,xk+1) giving
the next as a function of the current state and the current control. For instance,
the authors of [Mitrovic et al., 2008] learn such a model and reproduce motor
adaptation experiments described in [Shadmehr & Mussa-Ivaldi, 1994] by using
the motor control approach of [Todorov & Li, 2005]. An open question is whether
using LWPR instead of a neural population code as [Donchin et al., 2003] does
can reproduce the motor generalization abilities of human subjects studied in
[Shadmehr & Moussavi, 2000].

4 Operational space control: learning the jacobian

Operational Space Control (OSC) [Khatib, 1987] is a framework to perform con-
trol computation in a space relative to the task, which is usually smaller than
the articular space. It can thus be applied to large robotic systems and gives rise
to a mathematically straightforward way of decoupling a set of tasks ranked by
priority [Sentis & Khatib, 2005]. From the dynamical model, one can compute
the control input of the system as a function of the joint space error with respect
to a target. However, the target is specified in operational space as a desired ve-
locity. Thus it is necessary to transform the desired velocity ξ̇ into a desired
joints velocity q̇ through the jacobian matrix J(q) associated to the considered



task. J(q) characterizes the kinematics of the system and depends on the state
in a non–linear way. In its matrix form, this relation can be written q̇ = J(q)]ξ̇,
where J(q)] is a weighted pseudo-inverse of J(q), which is learnt with LWPR
too.

5 Conclusion

In the talk, we will describe a computational model which integrates all the
properties listed above. A first draft of this model has already been presented in
[Salaün et al., 2008].
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