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Fig. 1: Compliant motions can be used to align workpieces.

I. CURRENT METHOD

We propose a method to learn compliant motion primitives
from demonstration in a workpiece alignment task. An
example of compliant motion in workpiece alignment is
depicted in Fig. 1. Learning from demonstration (LfD) is an
effective tool for transferring skills from a human expert to
a robotic system. However, to our knowledge, most current
methods using LfD for in-contact tasks use attractors such as
Dynamic Movement Primitives for the learning (for example
[1]). DMP’s consist of a set of attractors, which cause them
to always converge to the same trajectory. In contrast, to take
full advantage of the geometry such as in Fig. 1, multiple
approach trajectories are required. Ahmadzedah et al. [2]
have recently developed an LfD method capable of multiple
unseen trajectories, but unlike our method, theirs cannot be
applied to in-contact tasks.

The intuition of our method stems from geometry: to
slide the robot’s end-effector along a surface, there is always
a certain friction-dependent range of angles from which
the robot can apply a force to accomplish the sliding. We
call this range the set of desired directions. Besides the
desired direction, compliance with an impedance controller
is required to accomplish the task. The axes of compliance
must be perpendicular to the chosen desired direction due to
our definition of no stiffness along an axis of compliance—
the end-effector would not move in that direction even if
commanded. The key idea is that if there is movement along
other directions besides the desired direction, this movement
must be generated by interaction forces.

We use kinesthetic teaching to collect position and force
data from demonstrations. From one or more recordings we
learn the desired direction of the motion and the number of
required compliant axes along with their directions. These
parameters fully describe the motion and lead the end-
effector to the demonstrated end-position in free-space or
in contact.

The results of our work have been reported in [3], [4] and
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[5]. The key advantages of our method for in-contact tasks
over more complicated methods are that 1) a simple Coulomb
friction model is sufficient and 2) we only need the force
sensor during the demonstrations, while the reproduction
is open loop. Therefore we need the fragile force/torque
sensor only for demonstrations and we can use a simple
open loop controller for the reproduction. Moreover, our
method creates robustness against positional errors, which
can greatly be increased with correct workpiece design in
a workpiece alignment task. Therefore we don’t require
vision either. Furthermore, whereas many modern learning
techniques require massive amounts of data, our method only
requires at most two demonstrations when they are correctly
chosen and performed.

II. OPEN RESEARCH QUESTIONS
The key questions we are currently researching are:
• How complex tasks can we perform when we combine

our primitives with, for example, the work of Kroemer
et al. [6] to sequence the primitives? Which tasks really
require more complicated friction models, closed loop
force control, vision or large amounts of data?

• Can the method be generalized to rotational motions as
well? More specifically, can we deduce if a change in
either rotation or translation is the cause or the effect of
the motion (i.e. if either translations or rotations should
be totally compliant)? For example, can we measure if
mechanical work is performed by the human demonstra-
tor or the interaction forces. To our knowledge, using
LfD to learn rotational in-contact motions has not yet
been reported.
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