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1 Introduction

The mathematical theory of nonlinear dynamical systems has proven to be an elegant and easy to use
framework to generate robot behavior (for an overview see e.g. [6]). The so-called dynamic approach
invented by SCHONER in 1995 [4] provides a set of design principles which facilitate the creation of
differential equations for so-called behavioral variables the solution of which generate the robot’s behavior
over time. This approach has been further developed and extended by concepts for the generation
of more complex behavior and behavioral sequences [5], behavioral organization and learning [7]. We
applied the dynamic approach to the demanding task of man-machine interaction [2]. For this purpose
three types of dynamics turned out to be particularly useful: 1) we use so-called attractor dynamics to
generate parameterizable elementary behaviors. The key concept is to express behavioral goals by stable
fixed points of the differential equation which describes the development of the behavioral variable over
time [8] 2) we use so-called activation dynamics for behavioral organization. Here, we assign to every
elementary behavior a dynamic state variable n; the dynamics of which has stable states at zero or one. By
multiplication with the corresponding attractors in the behavior generating dynamics this state variable
is used to switch on or off the elementary behaviors. Whether the activation dynamics is in the stable
state one or zero depends on the presence of the so-called sensor context of the corresponding behavior
and on the activity pattern of all elementary behaviors and their logical interrelations. 3) the third type
of dynamics that we use are so-called dynamic neural fields which have been invented by AMARI [1] as
a model for neural information processing. In the following we will describe briefly the nature of these
fields and how we applied them to the problem of behavior generation for our anthropomorphic service
robots ARNOLD and CORA.!

2 Short description of the robots ARNOLD and CORA

We built the robots CoRA (left) and ARNOLD (right)
to interact with humans in fetching and delivering tasks
(ArRNOLD) and in industrial assembly tasks (CORA).
Therefore, both robots have an anthropomorphic de-
sign with vision (stereo camera system), audition (micro-
phones) and touch (bumpers for ARNOLD and artificial
skin for CORA) being the only sensor modalities. They
are both equipped with a simple two-finger gripper and
a seven degree of freedom manipulator arm which has a
similar geometry as the human arm. CORA has an ad-
ditional degree of freedom in its trunk joint and will be
equipped with a force-torque sensor in its wrist. Both
robots are controlled by several on-board Pentium PC’s
running the real time operating system QNX.

An important requirement, for man-machine interaction is a smooth stable behavior. We have achieved
this goal by letting all of the robots’ behaviors be generated entirely by dynamical systems. Especially
for the navigation behavior of ARNOLD and for the manipulator control neural fields have turned out to
be the tool of choice.
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3 Dynamic Neural Fields

A simple neural field of the AMARI-type has the following form:
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Here, u(¢,t) is an activity distribution over the behavioral variable ¢ which is the parameterization of a
behavior such as the robot’s heading direction in navigation, for instance.

The input, s(¢p,t), defines the external conditions imposed on the
behavior. For navigation, this can be a sum s(¢,t) = so(¢,t)+sr(¢,t)
consisting of a negative contribution, sp, specified by the angular
positions of obstacles O; and a positive contribution, sy, given by
) directions towards targets T; (see figure on the left). Through the
o integration in (1) the interaction kernel w(¢ — ¢') collects activity
o ; from a neighborhood around the reference point ¢. By means of the
' : sigmoidal nonlinearity f(u) = e,c—furl only sufficiently high activity
u(¢’,t) contributes to this convolution. Given that all parameters are
set appropriately, the dynamics (1) converges on the time scale T to a
stable peak solution which makes a compromise between the obstacle-
and the target information (see the heavy line in the figure). The
position of this peak can then be used to control the forward movement of the robot in 2 navigation

task. Usually, the interaction kernel w(¢) has the form of a Mezican Hat ws(p) = ke 3% — Hy with
an excitative part of with ¢ and an infinitely wide inhibitory part with asymptotical negative threshold
—Hy. In addition to the influences of obstacles and targets, the position of the peak can be further
controlled externally by means of a mathematical concept described in [3]. The basic idea is to make
the interaction kernel in (1) asymmetric by building the sum of the symmetrical kernel and its spatial
derivative: w(¢) = ws(P) — my 8“)5(;(;1’) + ny awgq(f)

In the static case, the activation variables (see introduction) n;, n, vanish such that the kernel is sym-
metric. Activating the elementary behavior mowve left by driving the dynamics of behavioral organization
into the fixed point n; = 1 makes the peak (and hence the robot) move to the left until the kernel’s
asymmetry is in equilibrium with the obstacle information. Activating n, shifts the peak to the right
(see figure). This example shows how multiple behaviors (target acquisition, obstacle avoidance, external
guidance) can be integrated in a single dynamics resulting in particularly smooth movement. We apply
neural fields also to the problem of manipulator control [2] and scene interpretation [6].
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4 Conclusion

Designing robot control systems entirely as continuous nonlinear dynamical systems turns out to be a
remarkably powerful approach. It combines the property of nonlinear dynamical systems to provide a
rich set of possible stable states (which corresponds to multiple behavioral states) with the smoothness
and stability of continuous control. Neural fields, as specific nonlinear dynamics, adds the possibility to
combine multiple behavioral constraints and continuous input distributions in a single elegant equation.
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