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Abstract

In this paper we show that coupled 1-D and 2-D lo-
gistic map lattices can be controlled to different types
of behaviour through a recently introduced control
algorithm (S. Gadaleta and G. Dangelmayr, Chaos
9, 775-788 (1999)) which is based on reinforcement
learning. The control policy is established through
information from the local neighborhood of a sub-
sytem and does not require any explicit knowledge
on system dynamics or location of desired patterns.
The algorithm is applicable in noisy and nonstation-
ary environments. We demonstrate that the control
policies established from interaction with small sys-
tems can be applied to larger systems and combined
to trigger the formation of new states.

1 Introduction

Starting with the pioneering work of Ott et al. [1],
much research has been devoted during the last
decade to the control of chaotic dynamical systems
(see [2] for a review). The control of low-dimensional
chaotic systems is now well understood and finds
more and more applications. In contrast, the con-
trol of the large variety of complex patterns observed
in spatiotemporal systems is far less understood and
provides a major challenge for researchers working
in the field of nonlinear dynamics. A popular model
for spatiotemporal behaviour is the logistic coupled
map lattice (LCML). Feedback methods [3, 4] as well
as self-adaptive parameter control methods [5] are
the most popular control methods for such systems.
These methods are in general easy to implement but
very sensitive to the correct choice of the feedback
(or stiffness) parameter. It is often unclear how the
correct choice for this parameter is established. Fur-
thermore these methods require exact knowledge of
the target state. If no explicit knowledge on system
dynamics is available, this state must be extracted
from observation.

Algorithms which do not require analytical
knowledge on system dynamics or the target state
must learn the correct behaviour from interaction
with the controlled system. Neural networks have
been suggested for the control of low-dimensional
chaotic systems [6] but since they apply supervised
learning, they also require analytical knowledge on
system dynamics. Learning algorithms which do not
require any analytical knowledge can be based on re-
inforcement learning. The use of reinforcement learn-
ing to control chaotic systems was first suggested by
Der and Herrmann [7] who applied it to the logisitic
map. In [8] we generalized the method and applied it
to the control of several discrete and continous low-
dimensional chaotic and hyperchaotic systems. Lin
and Jou [9] proposed a reinforcement learning neu-
ral network for the control of chaos and applied it
to the logistic and the Hénon map. Especially in the
context of smart matter applications [10] reinforce-
ment learning might proove very useful. In smart
matter applications microscopic sensor and control
units are distributed over a physical system in order
to allow the system to respond to the environment
in a controlled way. A key difficulty in the potential
of these applications is developing the appropriate
control programs [10]. We propose to base these pro-
grams on reinforcement learning algorithms.

To our knowledge, the control of spatiotemporal
chaotic systems through artificial intelligence learn-
ing, in particular reinforcement learning, has not
been demonstrated. In this work we present a con-
trol method for spatiotemporal systems which relies
on the recently introduced chaos control method [8]
and uses reinforcement learning to establish control
of a coupled map system in an optimal manner with
respect to a certain optimality criterion. The control
policy is established through interaction with a local
neighborhood of a controlling unit and is able to find
a global control as will be demonstrated through sta-
bilization of different unstable patterns in a 1-D and
2-D LCML.



2 The control algorithm

The symmetric diffuse 2-D LCML can be written in
the form
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where the integers i, j mark discrete spatial locations
and f(x) = ax(1−x). We assume periodic boundary
conditions with basic domain 1 ≤ i ≤ id, 1 ≤ j ≤
jd. In the one-dimensional (1-D) case (jd = 1) the
last term in (1) has to be omitted. For notational
convenience we describe our control algorithm only
for the 1-D lattice, the extension to the 2-D case is
obvious.

In [8] we showed how a single logistic map can be
controlled through a method based on reinforcement
learning. Here we extend this method to the control
of 1-D and 2-D LCML. Our approach to control the
system is based on small discrete state dependent
pertubations to either the coupling strength ε or the
system parameter a. In this work we apply control to
every site, such that the equation for the controlled
1-D lattice can be written as
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where now ε(x) = ε0 + εuuε(x) and f(x) = (a0 +
auua(x))x(1− x). Here, ua(x) or uε(x) represent the
discrete control perturbations. Distributed control
would be obtained by applying control signals only
to a subset of sites. We restrict the set of allowed
values for the control to uε ∈ Uε = {0, ∆ε,−∆ε}
and ua ∈ Ua = {0, ∆a,−∆a}, where ∆ε and ∆a
are the “amplitudes” of the control signal and εu

and au determine which parameter is controlled:
(εu, au) = (0, 1) or (1, 0) (we could also choose to
perturb both paramters). Although we consider only
two small, nonzero perturbations of one of the pa-
rameters, the algorithm leads to a successful control
performance. Which value for u (= uε or ua) is cho-
sen depends on the current state xi and is determined
from xi according to a certain control policy Π̂(xi),
which associates a control u to xi.

In principle each control unit could establish its
own “optimal” control policy independently. In this
work however we use the same policy for all cells.
The policy is established by monitoring the local
neighborhood of one “master” unit which “slaves”
other units in that it updates the globally used con-
trol policy. To establish this “master” policy, we first
discretize the state space X = [0, 1] of a single lo-
gistic map. In general, this discretization can be ac-
complished by means of a vectorquantization, but

in the case of the one-dimensional state space of
a logistic map a uniform distribution of X is suf-
ficient. We chose a set of 100 reference points w
distributed uniformly over [0, 1] which form the re-
duced state space W . To every xn ∈ X we define
wn := w(xn) ∈ W to be the reference point in
W which is closest to xn. The optimal control pol-
icy Π̂(x) is then constructed in the discretized state
space W as Π̂(x) = Π(w(x)). To compute Π(w), we
associate to each possible state-action pair (wµ, uν) a
state-action value Qµν = Q(wµ, uν). Given an opti-
mal state-action value function Q∗(w, u), an optimal
policy Π(w) is obtained by choosing controls corre-
sponding to maximum value. If no explicit knowledge
on system dynamics is available, temporal-difference
learning [11] can be used to approximate Q∗. In par-
ticular the update rule

∆Qn+1(wn, un) = βn

[
rn+1

+ γ max
u∈U

Qn(wn+1, u) − Qn(wn, un)
]
,

(3)

known as Q-learning [12], can be used to establish
Q∗ from immediate reinforcement signals rn+1 repre-
senting an immediate reward (or punishment) when
performing control un in state wn. In this work we
punish unsuccessful controls: rn+1 = −1 if at it-
eration n + 1 a control goal criterion is not met.
If the control goal is met at iteration n+1 we set
∆Qn+1(wn, un) = 0. (Alternatively we could use
rn+1 = 0 which, however, resulted in slower perfor-
mance.) This choice of reward measures the quality
of a policy by λ, the number of iterations it takes to
achieve the goal when starting from a random ini-
tial condition (an episode). For convergence to the
optimal policy, βn has to be frozen slowly to zero
[13]. Moreover, to ensure exploration of the whole
state-action space, controls have to be chosen from
Q through a stochastic policy which is slowly frozen
into a deterministic one [11] during learning in many
episodes (offline control [8]). In practice, the global
optimal policy can only rarely be found due to time
constraints and one usually sets βn = β [11]. For
chaotic systems, exploration of the whole state-space
is a property of the system itself, thus we can restrict
learning to a deterministic policy and few epsiodes
(online control [8]).

The presented algorithm is very versatile and
can be used under noisy and nonstationary condi-
tions as was demonstrated in [8] for simple systems.
No previous knowledge about system dynamics or of
location of the desired state is necessary. The con-
trol goal represents only the general characteristica
of the goal state. For example, if stabilization of a
period 1 state is desired the criterion wi

n = wi
n+1

can be used. A period 2 state is characterized by
wi

n = wi
n+2 and wi

n 6= wi
n+1. For the coupled system,



synchronous and asynchronous period 2 states can
appear. If the synchronous state is desired we have
to require wi

n = wi−1
n in addition.

3 Learning control of LCML

In all simulations described below, we set a0 = 3.8
and pick ε such that the pattern to be controlled is
unstable (we discuss only weak couplings here). Con-
cerning the parameters of the control algorithm, we
set β = 1 and γ = 0.5 (the particular values do not
have a strong influence on the results) and rn+1 and
W are as stated before. Initially the Q values are all
set to zero.

First we established a successful control policy by
controlling a small 1-D LCML with id = 3 and jd = 1
through an online approach. We established control
of three different patterns: a period 1 pattern, a syn-
chronous period 2 pattern and an asynchronous pe-
riod 2 pattern. The resulting action-value functions
are denoted Q1, Qs2 and Qa2 respectively. In Figure
1 a) we show the dynamics for the “master” map,
x2

n. The system was started in a random initial con-
dition. After approximately 4,500 iterations a suc-
cessful policy Q1 is established. For the 1-D pattern
we set ε = 0.1, au = 1, ∆a = 0.15 and εu = 0. Figure
1 b) shows x2

n for online control of an asynchronous
period 2 pattern. For the period 2 pattern we set
ε = 0.05 (for larger ε the period 2 patten becomes
attractive [14]). To stabilize the period 2 pattern we
chose au = 1, ∆a = 0.15 and εu = 0. The asyn-
chronous period 2 pattern could also be stabilized
by perturbing the coupling strengths between units
with εu = 1, ∆ε = 0.025 and au = 0.
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Figure 1: Online control of a) period 1 pattern, and
b) period 2 pattern with parameters as stated in the
text.

In a similar fashion, a larger 1-D LCML (id = 100)
could be controlled to the different patterns. The
map with i = 50 was chosen as the master system.
Figure 2 shows online control of the LCML with the
period one pattern as target. We see that the num-
ber of iterations until control is reached is about the

same as for control of the small LCML.
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Figure 2: Control of a 1-D LCML with N = 100
elements.

In the context of hierarchical coupled systems it is
interesting to see if a control policy established from
interaction with a small system can succesfully con-
trol a larger system. To see how the control policies
Q1, Qs2 and Qa2, established from the system with
id = 3, jd = 1, act on a larger LCML we used these
policies to control a 1-D lattice with id = 100 and a
2-D lattice with id = 20 and jd = 20. During con-
trol, the policies were not updated further. Control
onto a period 1 pattern is shown in Figure 3. Starting
from a random initial condition, the system is stabi-
lized into a global fixed pattern after approximately
200 iterations. It is apparent that once a successful
policy is established, control is achieved quickly. Si-
miliar results were obtained for the synchronous and
asynchronous period 2 patterns in both the 1-D and
2-D lattices.
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Figure 3: Control of a 1-D LCML with id = 100
elements using a policy established through control
of a LCML with id = 3 .



Various modifications of our control strategy are pos-
sible. For example, different subsystems may use dif-
ferent policies to establish control of a variety of pat-
terns. To illustrate this, we show in Figure 4 the con-
trol of a 2-D lattice into a combination of a period
1 and period 2 pattern for ε = 0.05. The subsystems
with i ≤ 10 were controlled according to policy Q1,
while the subsystems with i > 10 were controlled
according to policy Qs2. We see that after 1,400 it-
erations the system has reached a combination of a
period 1 and a period 2 pattern.

To check performance under noisy conditions we
added uniformly distributed noise δn ∈ {−∆, ∆} to
xi at each iteration step and found that control could
be established up to noise levels of ∆ ≈ 0.03 if a
was perturbed. With ε as control parameter we found
successful control up to ∆ ≈ 0.01.
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Figure 4: Control of a 2-D LCML with 20 × 20 ele-
ments into a combination of period 1 and period 2
patterns.

4 Conclusion

In this paper we demonstrated the control of 1-D and
2-D LCML using a method based on reinforcement
learning. We were able to successfully stabilize differ-
ent period 1 and period 2 patterns for small coupling
strengths for which the desired pattern is unstable.
The control was fed into the system by choosing an
optimal state dependent perturbation of a control
parameter in a discrete set of a priori fixed small
values. A successful control policy could be estab-
lished from information from a small neighborhood
of a chosen “master” unit which is responsible for
updating the globally used control policy. We have
shown that a policy established from interaction with
a small system can succesfully control a larger sys-
tem and that the combination of different policies in
different spatial regions can trigger the formation of

new patterns. These findings might lead to interest-
ing perspectives for information processing, in par-
ticular for biological systems, and open promising
directions for smart matter applications (see [10]).
To investigate this further, future research will focus
on the application of the proposed method to conti-
nous coupled systems such as coupled oscillators and
consider distributed control.
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