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Exercise 6 — Primitive Movement Controllers — May 04. 2016

Matlab:

• Matlab installation instructions using your ORU-account: https://www.oru.se/globalassets/
oru-sv/student/it/installation-av-matlab-r2015b-studenter.pdf

• Cheat-sheet: http://userpage.chemie.fu-berlin.de/~naundorf/PCF/MATLAB_Reference_
Sheet-1.pdf

Exercise report:

Start with a separate cover page including:

• Course name (e.g. Robot Control)

• Exercise number and title (e.g. Exercise 6 – Primitive Movement Controllers)

• Student name, personal number and email address

• Date when the exercise was performed and date when the report was submitted

The report itself can be very short, e. g. only a figure and/or some brief written explanation
per sub-task. Only include data which is necessary to show that the lab was successful and try
to answer the posed questions succinctly. Submit both, the report and your generated Matlab
files, via email until the deadline on May. 10. 2016 (before the next exercise session). Grading
will be based on the points indicated after each question. A total of 22 points (excluding bonus
points as indicated) can be achieved.

Main points covered:

• Learning Dynamical Movement Primitives (DMP)

• Online trajectory generation using DMP

Introduction

Implement separate executable script files for each of the sub-tasks below, so that the ex-
periments can be run independently without changing your code (such as commenting/un-
commenting pieces and bits).

1 DMP Learning

Download the recorded motion data in tripod.mat from the course website. It contains motion
capture data for a tripod grasp recorded with a sensorized glove for one joint, namely the
metacarpophalangeal joint [1] (yes, it’s called like this ,– essentially this is the joint connecting
the middle-finger to the hand). The respective joint positions, velocities, and accelerations are
stacked in matrix tripod.data, the movement time is already conveniently scaled to 1 and
given in the vector tripod.t. Normalizing demonstration duration results in the temporal
DMP parameter τ representing undisturbed movement execution time.
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1. The goal is to encode the demonstrated movement in a goal-directed DMP as discussed
in lecture 6. As a first step, define a struct param containing the necessary pre-defined
DMP parameters. Usually, the parameters describing the linear part of the system are
chosen to ensure critical damping (e. g., α = 252/4, β = 25/4 [2]). The decay factor γ
needs to be set such that the phase variable s vanishes after the learning period (e. g.,
γ = 25/3 [2]). It is common to distribute the n Gaussian basis function (GBF) centers
ci exponentially on s, which corresponds to a linear distribution in time and ensures that
the basis function activations are well spread out. Regarding the GBF widths, one option
is to distribute them according to 0.5(ci − ci−1). Plot the n GBF as a function of s, as
well as a function of t (you can use the Matlab function psi=gaussmf(x, [sig c]) to
evaluate the GBF). [2 pts]

2. Now we want to learn weight vector w from a single demonstration. Write a function
param=learnDMP(.), which takes as arguments a demonstration and the param struct
and augments the parameters with the learned weights. [3 pts]

3. Write functions ds=canonicalSystem(s, param), f=forcingFunction(s,param) and
dx=transformationSystem(s,x,param) implementing the DMP structure as presented
in lecture 6. [2 pts]

4. Evaluate your learned DMP by reproducing the learned motion, i. e., set y0 and g to the

same values as the demonstration and, in a loop, obtain
[
ẏk ÿk

]T
from the transforma-

tion system and integrate to get the state
[
yk+1 ẏk+1

]T
(this corresponds to open-loop

trajectory generation). Compute the least-squares position error over the resulting tra-
jectory and repeat the learning step in 1.2. with a varying number n of GBF until you
find a good trade-off between reproduction accuracy and the value of n. [2 pts]

5. Now investigate your DMP’s generalization capabilities. To this end, generate trajectories
by varying the target g. Plot the results for different values of g. [2 pts]

6. Now vary the parameter τ which governs the temporal evolution. Again, combine the
results in a plot. [2 pts]

2 DMP Control

Download the file letter.mat from the course website. It contains 2d motion data recorded
from a tablet while writing a letter [3].

1. Use your function w=learnDMP(.) to learn the weight vectors for two transformation
systems representing the motion in x1 and x2 direction respectively. Create a 2d tra-
jectory by driving the two transformation systems with a common phase variable and
integrating the corresponding DMP with the same start/goal states as the demonstra-
tion. In the integration loop, convert the resulting 2d points to joint values for the robot
in ./models/model_planar_system_n.m from the bMSd simulator (using IK in a similar
fashion to task 1.3 in exercise set 4). Augment the robot visualization with a plot of the
end-effector trace (i. e., visualize how the robot “writes” the letter). [3 pts]

2. Rerun the previous experiment with different goal states. What qualitative effect does
this have on the resulting motion? [2 pts]
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3. Generate a CTC-PD Cartesian tracking controller for ./models/model_planar_system_n.m
akin to task 2.1. of exercise set 5. Repeat the experiment from task 2.1., but perform a
dynamic simulation and close the feedback loop, i. e., feed the ee position and velocity at
each time step back to the DMP before integrating it to obtain the next target values for
the tracking controller. How is the performance of the system? [4 pts]
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