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1 Introduction

Adaptation to unexpected contingencies and opportuni-
ties in the real world is a hard and important problem for an
autonomous robot. In unknown environments, appropriate
motion patterns cannot be designed, and it takes a long time
to generate them with learning methods, such as reinforce-
ment learning and genetic algorithms. Emergent behavior,
in which locomotion patterns emerge immediately accord-
ing to body–environment interaction dynamics, or embodi-
ment, was proposed as a solution to this problem. Models
of emergent behavior are mainly based on information max-
imization or coupled map [1]. In this research, an emergent
behavior system with embodiment coupled chaotic maps
(ECCM) [2] based on [1] is used because its motion diver-
sity is larger than that of other methods.

However, the locomotion patterns that emerge through
ECCM can be unexpected and one with the desired char-
acteristics cannot always be extracted. A method to obtain
the desired motion by switching was proposed in an emer-
gent behavior model [3] that is similar to ECCM. Here, we
propose two methods to switch emergent locomotion pat-
terns using ECCM. One is a method based on [3], but the
other is a completely different method that is more effective
at switching. We also show that a robot can perform a task
without preparation using our motion-switching methods.

2 Methods

2.1 Embodiment Coupled Chaotic Maps
A coupled map [1] consists of a number of connected

chaotic oscillators. This model creates and moves among
multiple ordered states, which is known as a chaotic itiner-
ancy (CI). A coupled map can solve the travelling salesman
problem using the transition between local minima accord-
ing to the properties of the CI [4]. A system of emergent
behavior (Figure 1) also generates ordered motion patterns
that are presumed to be locally optimal and re-solves them
in response to dynamically changing environments.

In this study, a robot model is controlled by a ECCM,
and each oscillator drives a joint based on local sensory
feedback that includes body–environment information. The
chaotic oscillator is based on a logistic map, and it is updated
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Figure 1: System diagram

every 0.4 s, as follows:

xi
n+1 = 1−α

(
(1− γ)xi

n + γsi
n
)2
, (1)

where xi
n is the output of the ith oscillator at discrete time

n, si
n is the sensor value of the corresponding joint, α is the

parameter representing the nonlinearity of the oscillator, and
γ is the strength of the sensor input, that is, the strength of
the coupling. In this research, α is 1.8 and γ is 0.4.

2.2 Implementation of goal-directedness with motion
pattern switching

We use motion pattern switching to achieve a task. This
type of method sequentially judges whether an emergent
motion pattern is suitable for a task and switches to another
pattern when the first pattern is not appropriate. We propose
two switching methods: 1) a nonlinear method and 2) a de-
coupling method. Both approaches destabilize and vary the
internal state of the ECCM. They are applied while updat-
ing the oscillators several times, after which the system is
restored and stabilized again.

In the nonlinear method, the nonlinearity parameter α is
changed to 2.0 because the trajectory of the logistic map is
the most complicated at this value. This method is equiva-
lent to the method of [3] for a different emergent behavior
system that varies the chaoticity of the system.

In the decoupling method, the coupling parameter γ is
set to zero and the body–environment information is elim-
inated. If the chaotic elements are decoupled from the
body dynamics, the internal state of the ECCM dramatically
changes because of the chaotic orbital instability. This ex-
otic state transition should enable effective escape from local
minima and provide better optimization.



3 Experiments and Results

We use a 12-legged insect model (Figure 2) [2] on a dy-
namics simulator. Each leg can move in radial directions,
suspended by the springs. The angle of the leg is fed as
a sensor signal to the corresponding chaotic oscillator and
its output is linearly mapped to torque driving the leg. The
model moves on a planar terrain and mixed terrain that con-
sists of corrugated and planar surfaces. We use the mixed
terrain to show that this system can adapt to multiple envi-
ronments.

Figure 2: Insect model
on planar and mixed terrains
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Figure 3: Differences
among motion patterns
before and after switching

3.1 Pre-experiment: Comparison between the nonlinear
and decoupling methods

The two methods were compared by the distance be-
tween the motion patterns before and after switching (Figure
3). The distance is defined as the amount of difference in the
synchronization state of the robot legs. It is calculated by
the number of combinations of legs that are changed from
synchronous to asynchronous and vice versa. The period
over which the methods were applied was changed from
0.4 s to 4.0 s. Because the system is updated every 0.4 s,
this is equivalent to changing the updates in each applica-
tion period from 1 to 10. The planar terrain was used in this
preliminary experiment.

The results shown in Figure 3 indicate that the both
methods can switch the motion patterns. However, the dis-
tance yielded by the decoupling method is larger than that of
the nonlinear method for all periods except 1.2 s. This indi-
cates that the decoupling method changes the internal state
of the ECCM more strongly. In the following experiments,
the application period was 0.8 s, which is large and close
value for both methods in the distance of patterns.

3.2 Goal-approach task experiments
We evaluated a goal-approach task using both methods

on both terrain types. The moving direction of the robot
is controlled to approach the goal position. The robot de-
termines if it is approaching the goal every evaluation pe-
riod, and the methods are applied when it is not. The goals
were randomly set within a distance of [0,30]m and an angle
of [−π,π] rad from the initial position. One hundred trials
were performed under each condition, and each trial lasted
2,000 s. The distance to the goal position over time and the
final distances are shown in Figures 4 and 5, respectively.

Both methods allowed the robot to approach the goal.
In both terrain conditions, the final distance to the goal ob-
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Figure 4: Average distance to the goal on planar and mixed
terrains using the nonlinear and decoupling methods
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Figure 5: Final distance

tained by the decoupling method is smaller than that of the
nonlinear method for almost all evaluation periods. When
the evaluation period is 0.4 s, that is, when evaluation occurs
at every system update, the robot finds it hard to approach
the goal under any condition.

4 Discussion

We presented nonlinear and decoupling methods for
switching emergent movement patterns based on ECCM.
Our results suggest that the motion pattern changes more
substantially with the decoupling method than the nonlin-
ear method. In the goal-approach task, both methods enable
the robot to approach the goal while changing direction by
switching motion. Even when the application periods for the
motion pattern changes of the two methods were equal, the
robot with the decoupling method moved closer to the goal.
It is presumed that not only the amount of movement change
but other factors, such as movement stability, are related to
the task performance. In future work, we will conduct a
more detailed comparison of both methods and perform ex-
periments with other models and environments.
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