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1 Introduction

Research on perceptuomotor coordination has traditionally
been split into two distinct categories, rhythmic and discrete
movement. While investigations of rhythmic movement
have largely been influenced by neurophysiological research
on central pattern generators, discrete movement received its
strongest results in the framework of control theoretic tra-
jectory planning and feedback control, mapped onto the spi-
nal and supra-spinal levels of the nervous system. Although
a few projects tried to extend either principles from rhyth-
mic movement to account for discrete movement, or vice
versa, such investigations confined themselves mostly to
gualitative and feasibility statements in low degree-of-
freedom systems. In contrast, the presented work develops a
model of discrete and rhythmic movement generation that
can serve both for modeling biological motor control but
also for generating coordinated movement with a complex
seven-degree-of-freedom anthropomorphic robot arm.

Based on various neurophysiological and behavioral
data, our model starts with the premises that coordinated
movement generation i) requires some form of a desired
trajectory plan which implicitly arises from elementary
planning units (“movement primitives”), ii) should be modi-
fiable by perceptual and proprioceptive information in an
on-line (“reactive’) way, iii) needs to combine and exploit
the advantages of intrinsic and extrinsic coordinate frames,
and iv) should be grounded in the dynamics of neuronal in-
teractions. An approach that allows to incorporate al these
premises is to model movement generation as the attractor
dynamics of simple nonlinear leaky integrator units, a mod-
eling strategy shared with many other projects in computa-
tional neuroscience. Discrete, e.g., point-to-point reaching,
results from a point-attractive dynamical system that takes
as input the desired target and average movement speed and
generates a smooth tragjectory plan. This system reproduces
many features that have been observed in human and pri-
mate arm movements and is closely related to the VITE
model of Bullock and Grossherg (1988), although it avoids

artificial components of VITE that were due to the need to
reset some states of the system after every movement.
Rhythmic movement is generated by dynamical systems of
half-centered oscillators based on desired amplitude and fre-
quency parameters, inspired by a model of Matsuoka (1985).
Building on these two systems, each angular degree of free-
dom of, for instance, a human arm is thought to have two
movement components: a rest position that can be modified
by the discrete dynamics, and a superimposed rhythmic po-
sition provided by the state of the oscillatory dynamical
system, assumed to be relative to the rest position. By means
of inverse kinematics computations, the discrete dynamics
of the angular rest position can be oriented with respect to
Cartesian targets. The rhythmic movement component,
however, takes place in intrinsic, e.g., joint space, and is
thus able to exploit the biomechanical abilities of joint an-
gular movement. In superposition, the discrete system can
position a rhythmic joint angular movement in Cartesian
space, thus exploiting both extrinsic and intrinsic coordinate
frames. For the time being, inverse dynamics calculations
are used to convert the trgjectory plans from the dynamical
systems to appropriate joint torques, although other control
schemes, including muscle-based approaches, could also be
adopted.

2 Programmable Pattern Generators
for Arm Control

Programmable Pattern Generators (PPGs) are nonlinear dy-
namic pattern generators whose parameter setting can be
modified task specifically. We assume that the attractor
landscape of PPGs represent desired kinematic state of a
limb, e.g., positions, velocities, and accelerations. In our
current scheme, kinematic variables are converted to motor
commands through an inverse dynamics model and stabi-
lized by low gain feedback control. The motivation for this
approach is largely inspired by data from neurobiology that
demonstrated strong evidence for the representation of
kinematic trajectory plans in parietal cortex (Kalaska, 1991)
and inverse dynamics models in the cerebellum (Schweig-



de-
notes a threshold function that sets negative values to 0
while not affecting positive values. Equations (1) build a dif-
ference vector v, between the target position and the

current positionp, of each muscle and pass this difference

vector through a first order differential equation, thus simu-
lating an activation pattern in, that resembles signals ob-
served in the primate cortex (Bullock & Grossberg, 1988).
Equations (2)-(5) form a smooth dynamical system that a-
low the discrete PPG is to achieve a trajectory with a
roughly symmetric bell-shaped velocity profile, similar to
those observed in humans (e.g., Hogan, 1984). Due to space
limitations in this abstract, the equations cannot be ex-
plained in detail.
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Figure 2: Position (solid lines) and velocity (dashed lines)
traces for three different movement velocities, accomplished
by settingc, to 50, 100, and 150, respectively.

Figure 2 shows the output of the discrete PPG for three
different movement speeds. With increasing movement
speed, some transient overshoot of the target starts to ap-
pear. This effect is quite similar as in human reaching



movement and, for many movement tasks, does not cause external coupling K,

any problems. Extending the discrete PPG to multiple DOFs
is easily accomplished by allocating one antagonistic PPG
per degree-of-freedom. ¢, would be kept the same for all

DOFs, while the target positions, of course, would vary for
every DOF.

212  TheRhythmic PPG

Using the same modeling strategy as in the previous section,
adynamic policy primitive can be created that displays limit
cycle behavior. The following equations are based on a half-
centered oscillator model (i.e., two mutually inhibitory units,
Brown, 1914) suggested by Matsuoka (1985, 1987):
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Equations (6) are the equivalent of Equations(1): given an
amplitude signal A, the difference between the current posi-
tion and the desired amplitude is calculated and passed
through afirst order differential equation. Equations (7) are
the original Matsuoka equations, except that we formulated
them such that ; is interpreted as a velocity signal instead
of a position signal as in Matsuoka's original concept
(Matsuoka, 1987). Since the limit cycle oscillator codes ve-
locity, position traces become quite smooth and sinusoidal
due to the integration of the more uneven velocity signal.

2.1.3 A Multi-Joint Rhythmic PPG

In order to generate rhythmic movement with a multi-joint
arm, it is necessary to couple the individual rhythmic PPGs
such that they remain phase-locked. Moreover, parameters
have to be provided to adjust the phase-offset between indi-
vidual DOFs, as needed for certain rhythmic movements and
also observed in human behavior (Soechting & Terzuolo,
1987). These two requirement can be fulfilled by an appro-
priate coupling structure between the individual oscillators,
illustrated in Figure 3. In this oscillator network, we intro-
duced a “Reference Oscillator” to which every DOF refers
in order to adjust its phase offset, and only a unidirectional
influence from the reference oscillator to the DOFs exists.
By means of the four connection weights, a range of differ-
ent phase offsets can be achieved. The phase information
from the reference oscillator enters Equation (7) through the

;i» that are not explained in this abstract.
Example resultsare in Figure 5.
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Figure 4: Time course of the rhythmic PPG: @) position of
oscillator, b) velocity of oscillator. Parameter settings were
a;, =50, g, =1, =1, w=2, for aspeed parameter of

¢, =5and A=0.3.

3 Preliminary Experimental Results

We implemented the discrete and rhythmic multi-joint PPGs
on a7 DOF Sarcos Dexterous Arm. Position, velocity, and
acceleration information can be derived from the states of
the PPGs such that a feedforward (inverse dynamics) with
PD controller can be realized. We redlized arbitrary rhyth-
mic “3-D drawing” patterns, sequencing of point-to-point
movements and rhythmic patterns, ball bouncing patterns
with a racket, and also drumming patterns where an inverse
kinematics computation transformed the visually marked
drum position to appropriate joint angles, while in superpo-
sition the rhythmic drumming was realized during the dis-
crete rest position adjustments of the arm. In another set of
experiments we coupled visua information about a ball
rolling on a hand-held racket back into the rhythmic PPGs
such that the robot could realize a back-and-forth or even
circular rolling patterns of the ball on the racket. Space con-



straint do not allow to show additional data on these experi-
ments. However, it was surprisingly easy to achieve the
aforementioned behaviors with the PPG-based system, and
the PPGs performed robustly and reliably.
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Figure 5: Realization of 0 (top), /2 (middle) and Tt (bottom)
phase offsetsin a3 DOF rhythmic PPG.

4 Conclusion

The present study describes exploratory research towards
generating flexible movement primitives out of nonlinear
dynamic attractor systems. We focused on motivating ap-
propriate dynamic systems such that discrete and rhythmic
movements could be generated with high-dimensional arm-
like movement systems. We also briefly described some im-
plementations of our system of Programmable Pattern Gen-
erators on a complex anthropomorphic robot arm. Clearly,
the presented work leaves still open many questions that we
raised at the beginning of this paper, as for instance percep-
tion-action coupling and learning with such dynamic move-
ment primitives. However, we believe that our work pro-
vides a first step towards pursuing new methods of percep-
tuomotor control that will finally result in successful
autonomous and self-organizing machines and a better un-
derstanding of biology.
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