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Abstract

The activity dynamics of recurrent neural networks can exhibit deter-

ministic chaos due to the nonlinear transfer functions. Chaotic attractors

are winded around infinitely many unstable periodic orbits. Each can be

stabilized by a feedback control. In the present article we explore the flex-

ibility of the chaotic dynamics of a recurrent neuromodule and construct

a neural controller which is able to switch between several periodic pat-

terns in two different ways: either deterministically by external inputs or

spontaneously by dynamic noise. The chaotic attractor acts as an interme-

diate state between successively stabilized dynamic patterns. It has all the

possible motions present, like an attentive state between different stimuli.

∗in: Proceedings of World Congress on Neural Networks, San Diego, California, Sept. 15 -

18, 1996, INNS Press and Lawrence Erlbaum, New Jersey, 1966, pp. 680 - 684.
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1 Introduction

The important role of deterministically chaotic dynamics for all fields of the neu-
rosciences has become clear in recent years. Not only observations of bifurcation
sequences and chaotic attractors in biological systems but also the functional
aspects for computational purposes are discussed extensively in the literature.
Only a few highlights selected on personal taste can be mentioned here.

Besides the classsical paper by Skarda & Freeman (1987), summarizing the
discussion up to the mid of the past decenium, there are signs of chaos reported
on the different levels in the neurobiological sciences (see e.g. Freeman, 1992, and
recently Hayashi & Ishizuka, 1995). Functional aspects for describing principles
of biological systems as well as artificial intelligent agents are discussed by many
authors, impressively e.g. in Babloyantz & Lourenço (1994). In that paper
especially controlling chaos is used for feature detection where the controlled
spatio-temporal orbits act as an analyzer.

Infinitely many periodic orbits build a sceleton in the nonperiodic chaotic
attractor determining its basic topological structure (Procaccia, 1987). The ba-
sic idea of controlling chaos is to stabilize one of the infinitely many periodic
orbits by a feedback control (Ott, Grebogi, Yorke, 1990). This mechanism only
needs small control signals since the neighborhood of any present period is visited
automatically after a transient time due to the chaotic dynamics.
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Figure 1: In a) periodic points of period 1, 2, 4 and of two periods 5 are shown
in their position along the attractor. No period 3 exists in the system under
study. In b) the time series of spontaneous switching by internal dynamic noise
between three controlled periods 5.1, 4 and finally 2 is shown. In between randomly
occuring escapes to transients along the chaotic attractor are visible. The chaotic
attractor acts as a search state between the unstable periodic orbits.

One of the first articles proposing chaos control for information processing
dates back to 1991 (Ding & Kelso). However, in all preceeding applications either
the controller or the chaotic system itself (e.g. Alsing et al., 1994) is purely algo-
rithmic. We propose a self-controlled chaotic neuromodule in which the chaotic
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submodule (a time discrete activity dynamics of two neurons with sigmoidal
transfer function, Pasemann 1995) as well as the chaos controller is constructed
by the same type of neurons in a consistent neural structure (Stollenwerk & Pase-
mann, 1996(b)). Therefor a simple feedback controller is implemented using least
squares control (Stollenwerk & Pasemann, 1996(a)) which is based on the princi-
ples of chaos control described in Ott et al., 1990, and Romeiras et al., 1992, with
modifications similar to Reyl et al., 1993) and which copes with the additional
difficulty of a delay in the feedback (Stollenwerk, 1995).

Then a very effective single point control (Stollenwerk & Pasemann, 1996(a))
can be implemented to demonstrate the phenomenon of switching between differ-
ent periodic orbits for the first time in a consistent self-controlled neuromodule
(Stollenwerk & Pasemann, 1996(b)). Two different mechanisms of switching can
be distinguished at present: deterministic switching by external inputs and spon-
taneous switching by dynamic noise. In both switching mechanisms the chaotic
attractor links the different periods. After switching off, respectively escaping
from one controlled period the system passes along the chaotic attractor in a
transient before getting captured in another controlled period. The spontaneous
control may serve as an attention mechanism: Tuning internal parameters, i.e.
the sizes of the controlling regions, the relative frequency for visiting the different
periods can be changed. This leads to a temporary selection of specific periods
which can be used for a further analysis as in the Babloyantz\Lourenço machine.

2 Consistent neural self-control

For illustration of the principles we use the simplest possible chaotic neuro-
module and the simplest control algorithm available: a time discrete two neu-
ron module xn := (xn, yn)tr with time step n and sigmoidal transfer function
σ(x) := 1/(1 + e−x), controlled by a linear least squares controller p

n
:= (pn, 0)tr.

With the convention that σ(x) denotes componentwise application of σ to x, ob-
taining a vector of the same dimension as x, we can write the dynamics of the
composed system

xn+1 = ϑ + W · σ(xn) + p
n

. (1)

Without control the system is chaotic in wide parameter regions, e.g. for

ϑ =

(

−2
3

)

, W =

(

−20 6
−6 0

)

the chaotic attractor is shown in Fig.1a. Depicted are also the first unstable
periodic orbits 1, 2, 4 and the two periods five: 5.1 and 5.2. All these orbits can
be stabilized in such a way that the control is an additional dynamical variable,
i.e. p

n+1
= pn(xn) taking into account the delay due to the feedback.

Now the control which algorithmically is given by linear least squares devia-
tions between actual dynamics xn and goal dynamics, i.e. the periodic orbits xP,i
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can be approximated by a hidden layer of four neurons z = (z1, ..., z4)
tr for each

control region. The control regions are defined by the constraint that the con-
trolling signal be small, hence zero outside a neighborhood of the periodic point.
It turned out that at least the first five periods can be stabilized by applying the
control signal only to one of the periodic points. Therefor we call it single point
control. For one period the complete self-controlling system reads

xn+1 = ϑ + W · σ(xn) + V · σ(zn)
zn+1 = θ + U · σ(xn) ,

(2)

with matrices V , θ and U fully determined by the control algorithm:

V =











v1 v2 v3 v4

0 0 0 0
0 0 0 0
0 0 0 0











, θ =









θ1

...
θ4









, U =











u11 0
u21 0
u31 0
u41 0











.

In order to stabilize N different unstable periodic orbits we have to introduce
correspondingly N different controlling regions.

Hence, with upper index ν = 1, ..., N , the system can be written as

xn+1 = ϑ + W · σ(xn) +
N
∑

ν=1

V ν · σ(zν
n)

zν
n+1 = θν + Uν · σ(xn) .

(3)

Here ν e.g. indicates the periods 2, 4 and 5.1, and zν
n denotes the activities of

the four neurons of one controller C(ν).

3 Switching between different orbits

The sequential activation of different controllers, called a switching program, is
determined by strong external inhibiting inputs Iν

n during a given number of time
steps. It is included in the consistent neural self-control as follows

xn+1 = ϑ + W · σ(xn) +
N
∑

ν=1

V ν · σ(zν
n)

zν
n+1 = θν + Uν · σ(xn) + Iν

n .

(4)

We start with a strong constant inhibition Iν
n for the neurons of all controllers,

hence letting freely develope the chaotic dynamics. To control a specific orbit ν
controller C(ν) is liberated by setting the corresponding inhibiting inputs to zero.
This method we call deterministic switching by external inputs.

In contrast now we describe another possibility of spontaneaous switching by
dynamic noise. When activating all three controllers at a time, i.e. all external
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control inputs Iν
n are set to zero, the system will, after a transient on the chaotic

attractor, enter one control area, being controlled there forever. But if an internal
or external dynamic noise term ξ

n
is introduced into the chaotic module the

system can escape from a once controlled orbit and move around the attractor
until being eventually captured in another control area. This new periodic orbit
will be destabilized again by the noise, and so on. The total system displaying
this spontaneous switching reads

xn+1 = ϑ + W · σ(xn) +
N
∑

ν=1

V ν · σ(zν
n) + ξ

n

zν
n+1 = θν + Uν · σ(xn) .

(5)

The simplest type of noise, i.e. Gaussian white noise with constant variance, is
sufficient to induce spontaneous switching between orbits of period two, four and
five. For example in the part of the time series depicted in Fig.1b all three orbits
2, 4 and 5.1 are visited. Although each period is controlled only by single point
control the period five orbit is stabilized most often, eventually destabilized by
the noise and revisited after a short transient. At around time n = 5600, however,
the period-4 orbit is met after a transition and can be stabilized for about 400
time steps before becomming unstable again. After these switches the system
even locks in to the period-2 orbit at around time step 6600. As outlined above
this spontaneous switching is an interesting variant for further investigations.
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