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Abstract— The realization and utilization of multimodal lo-
comotion to enable robots to accomplish useful tasks is a
significantly challenging problem in robotics. Related to the
challenge, it is crucial to notice that the locomotion dynamics
of the robots is a result of interactions between a particular
control structure and its body-environment dynamics. From
this perspective, this paper presents a simple control struc-
ture known as Attractor Selection Mechanism that enables
a robot to self organize its multiple locomotion modes for
accomplishing a goal-directed locomotion task. Despite the
simplicity, the approach enables the robot to automatically
explore different body-environment dynamics and stabilize onto
particular attractors which corresponds to locomotion modes
relevant to accomplish the task. The robot used throughout
the paper is a curved-beam hopping robot, which despite its
simple actuation method, possesses rich and complex body-
environment dynamics.

I. INTRODUCTION

In the biologically inspired robotics field, multimodal
locomotion ability, i.e. the ability to perform multiple dis-
tinguishable modes of locomotion by a single robot, has
gained significant attractions due to its potential to enable
robots accomplishing a variety of useful tasks. For example,
a number of researches focused on the realization of different
locomotion modes depending on the ecosystems, inspired
by animals like salamanders and frogs [1,2]. On the other
hand, many others also focused on multimodal locomotion
in terrestrial environments such as walking and running by
a single robot with a compliant legged system similarly
possessed by humans [3].

However, in order to take advantage of multiple loco-
motion modes, it is important to notice that the dynamics
of robots as embodied systems must be seen as a coupled
dynamics among their particular control architectures, bodies
and environments [4-6]. Therefore, it is crucial to use a
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control architecture that can realize and utilize multiple
locomotion modes in a self organizing fashion. This essential
means that the control structure enables the robots to explore
different body-environment dynamics and stabilize them-
selves onto particular attractors corresponding to locomotion
modes relevant to the robots’ task.

Inspired by neural mechanisms in animals, some studies
have proposed the use of an adaptive chaotic search in
robots as a control architecture to explore a variety of body-
environment dynamics, i.e. the resulting dynamics due to the
interactions between the robot’s body and the environment
[7]. However, other works focus on simpler animals and sug-
gest that their dynamics is driven by inherent stochasticity.
For instance, in terms of goal-directed locomotion, it is sug-
gested that chemotaxis in bacteria such as Escherichia coli
and nematodes Caenorhabditis elegans is achieved through
a random walk biased by sensory stimulation [8,9].

The main goal of this paper is to propose an approach
that enables a robot to self organize its multiple locomotion
modes for accomplishing a goal-directed locomotion task.
The approach taken is to focus on simple animals as a
source of inspiration and to use a stochastic based control
architecture known as Attractor Selection Mechanism [10-
16]. Despite the simplicity, it will be shown that the ap-
proach enables a robot to automatically explore different
body-environment dynamics and stabilize onto particular
attractors which correspond to locomotion modes relevant
to the robot’s goal. The robot used in this paper is a curved-
beam hopping robot, which despite its simple actuation
method, possesses rich and complex dynamics depending on
its mechanical configuration and environment [17-19].

The rest of the paper will be organized as follows. In the
next section we will explain the basic principle of Attractor
Selection Mechanism. Afterward, the Curved Beam Hopping
Robot along with its simulation model will be described.
In the experiment section, we will firstly explain the setup
before showing the results. Finally, we will conclude the
paper and suggest several possible future works.

II. ATTRACTOR SELECTION MECHANISM

The ability to produce non-deterministic spontaneous dy-
namics with emerging features has been suggested as one
of the key characteristics of adaptive systems [17]. In this
paper, we focus on a mathematical framework that models
how stochastic perturbation, i.e. noise, can be balanced with
deterministic dynamics. This framework, known as Attractor
Selection Mechanism (ASM), has been used in the modeling
of muscle contraction at molecular levels [10], alteration



of gene expression depending on the environment [11],
adaptive search in animals foraging [12], as well as in the
development of bacteria inspired mobile robots [13-16]. To
be more specific, the mathematical framework can explained
by a dynamical system, represented by the Langevin equation
shown in (1):

ṡ(t) = f(s(t)) · g1(t) + ε(t) · g2(t) (1)

where s(t) and f(s(t)) represent the states and dynamics
of the ASM at time t. Here, ε(t) is a noise term, while
either g1(t) or g2(t) can be used to represent sensory input
that indicates the suitability of the state to a given criteria
and controls the behavior of ASM. As can be seen from
(1), for a constant g2(t), the term f(s(t)).g1(t) becomes
dominant/less-dominant in the equation when g1(t) has a
high/low value such that the state transition exhibites more
deterministic/stochastic dynamics respectively. Oppositely,
assuming that g1(t) is constant, the term ε(t).g2(t) becomes
dominant/less-dominant in the equation when g2(t) has a
high/low value such that the state transition behaves more
stochastically/deterministically. Therefore, g1(t) should be
designed such that it has a high/low value when the current
state of the system is desirable/undesirable, while g2(t)
should be designed oppositely.

Fig. 1 shows the basic principle of the approach pro-
posed in this manuscript. It is shown that the interactions
between the motions currently executed by the robot and
the mechanical feedback from the environment, e.g. through
ground contacts, may give rise to different body-environment
dynamics. The question here is how to design a particular
control architecture such that the self organization of the
body-environment dynamics will result in the emergence of
suitable locomotion modes depending on the task, without
any previous knowledge about the robot’s body or the
environment. In our previous research, the ASM dynamics
were designed with preceding knowledge about the robot’s
dynamics [17-18]. Here, it will be shown that an automatic
exploration of different body-environment dynamics and the
ability to stabilize onto particular attractors, which corre-
sponds to distinguishable locomotion modes relevant to the
task, can be enabled through a suitable control structure
based on ASM. More specifically, the robot will continue
to deterministically perform the current locomotion mode if
it is suitable to accomplish its task, indicated by g1(t) or
g2(t). Otherwise, the robot dynamics would become more
random until it can find another suitable attractors.

III. CURVED BEAM HOPPING ROBOT

In this section, the paradigmatic robotic system, a Curved
Beam Hopping Robot (CBHR), and its simulation model will
be explained.

A. Mechanical Structure and Model of the Robot

Fig. 2 shows the real robot and its model in the simulation.
The robot consists of three parts: a base foot, aluminum beam
and a DC motor attached to a rotating mass. Therefore, the
dynamics of the robot is simply driven by a single actuation

Fig. 1. The basic principle of the approach.

Fig. 2. Curved Beam Hopping Robot, the real robot (left) and the model
in the simulation (right). Adjusted from [17]

frequency, i.e. the frequency of the rotating mass, and the
foot’s interaction with the ground.

The simulation model of the robot consists of eight joints
which connects a series of rigid segments with equal lengths
and motor with rotating mass as shown in Fig. 2 (right). The
validity of the model as compared to the real robot has also
been confirmed previously [14]. The values of the parameters
used in the model can be explained as follows. Joint Jpi (i =
1, 2, 3, 4) has initial angle αpi with stiffness coefficient kp,
while the stiffness coefficient of joint Jyj (j = 1, 2, 3, 4)
is ky . The rotational axes of Jpi and Jyi are shown at the
top of Fig. 2 (right). Also, lyi is the distance between joint
Jpi and Jpi+1 with an exception for ly4 which is defined as
the distance between Jpi and the point T . The values of the
parameters described are listed down in Table I. Please note
that M on the table means the total mass of the robot.

B. Ground Contact Model

The ground contact model used in the simulation as-
sumes that the ground is adequately soft, i.e. the contact
points can be placed slightly below the ground, and there



is no traction force, except the gravitational force, when
the contact points are above the ground. The model has
been shown to adequately describe the interaction with the
environment in the real robotic system [18]. It is assumed
that ground reaction force is exerted on the 4 points of the
foot: Gp (p = 1, 2, 3, 4). The reaction forces fxp, fyp, fzp is
applied to those points are defined as below in the absolute
Cartesian coordinate system shown in Fig. 1 (b):

fxp =

{
−kx(xp − xp0)− dxẋp (if zp ≤ 0)
0 (if zp > 0)

(2)

fyp =

{
−ky(yp − yp0)− dy ẏp (if zp ≤ 0)
0 (if zp > 0)

(3)

fzp =

{
fc − fg (if zp ≤ 0)
−fg (if zp > 0)

(4)

fc =

{
−kzzp − dz żp (if żp ≤ 0)
0 (if żp > 0)

(5)

where kx, ky, kz are the stiffnesses along with x, y, z-axis
and dx, dy, dz are the damping coefficients. (xp, yp, zp) is
the current position of the point Gp, while xp0, yp0 represent
the coordinates of the point in each axis at touchdown. fg
is gravitational force. Here, fc doesn’t exert on the points
when żp > 0 for the purpose of removing the pulling-down
effect of the force, as suggested in [20]. The values of the
parameters are defined in Table 1.

C. Dynamics of the Robot

As explained by the concept shown in Fig. 1, the dy-
namics of the robot depends on the interactions among
ASM, the robot’s mechanical body and the environment. To
demonstrate the concept, we change the parameters values
which corresponds to different mechanical configuration of
the the robot’s body. Throughout this paper, each set of
these parameter values will simply be referred to as one
mechanical configuration (mech. conf.). Here, we use three
different mechanical configurations by varying the angle
between the beam and the foot, and the stiffness of the beam.
The parameter values can therefore be described as follows:
kp2 ∼ kp4 = 13, θb = 0; kp2 ∼ kp4 = 13, θb = −π/6;
kp2 ∼ kp4 = 7, θb = 0.

Fig. 3 (a) and (b) shows the trajectory of the robot at two
fixed actuation frequencies, i.e. 25 and 35 rad/s, for different
mechanical configurations. Each trajectory represents the po-
sition of the center of the foot in a ten second simulation. In

Name Value Name Value Name Value
lo 0.160 m ly2 0.141 m αp4 1.803 rad
lr 0.030 m ly3 0.135 m kp1 15 N/rad
lb1 0.305 m ly4 0.145 m kp2 ∼ kp4 13 N/rad
lb2 0.275 m αp1 2.554 rad ky1 ∼ ky4 3.517 N/rad
lb3 0.082 m αp2 2.570 rad m 0.030 kg
ly1 0.151 m αp3 1.665 rad M 0.331 kg
kx 5 N/m ky 5 N/m kz 105N/m
dx 5 Ns/m dy 5 Ns/m dz 10 Ns/m

TABLE I
THE VALUES OF THE PHYSICAL PARAMETERS

a) ω = 25

b) ω = 35

Fig. 3. A variety of robot dynamics due to different mechanical configu-
rations despite having the same actuation frequency of ω = 25, 35.

this paper, it will be shown that without any knowledge about
its mechanical configurations, the robot will be able to self
organize its body-environment dynamics in order to perform
goal-directed locomotion by exploring and stabilizing onto
suitable attractors.

IV. IMPLEMENTATION OF THE ATTRACTOR
SELECTION MECHANISM

In order to enable the robot to perform goal-directed
locomotion, we implement the basic equation of Attractor
Selection Mechanism explained in (1). Here, we choose
g1(t)=1, and g2(t)=g(t), and use the following equations.

ω̇ = f(ω) + ε · g(t), (6)

f(ω) =

 {exp(−ω + ωb)− 1}p if ω ≤ ωb

0 if ωb < ω < ωt

−{exp(ω − ωt)− 1}p if ω ≥ ωt

(7)



a) Noise level = 50 b) Noise level = 150 c) Noise level = 250
Fig. 4. The time series of the motor frequency (top) and the robot trajectories from top-view (bottom) for different levels of noise, mech. conf. 1.

g(t) =


exp[{d(t)− d(t− 1)}q]
gb if g(t) < gb
gt if g(t) > gt
1 if |d(t)− d(t− 1)| > ∆dm

(8)

where ω represents the motor frequency, while ε represents
internally generated artificial noise with Gaussian distribu-
tion. As the robot barely moves for motor frequency below
20 rad/s, the frequency range is limited in a range of 20 ∼
50rad/s through f(ω), where ωb, ωt are the bottom and top
frequency respectively. In between the two frequencies, the
change of ω over time will be driven by ε to enable the
exploration of different body-environment dynamics. In order
to let the robot perform goal-directed locomotion, g(t) is
set to be a function of the difference between d(t) and
d(t − 1), where d(t) is distance at the time t. As can be
seen from (7), g(t) adjusts the size level of ε such that the
robot’s tendency to stochastically search for a more suitable
dynamics is decided by whether it is approaching the goal or
not. Also, in order to keep a moderate level of stochasticity,
g(t) is saturated with bottom value gb and top value gt. The
last condition, g(t) = 1 when |d(t) − d(t − 1)| > ∆dm, is
implemented to avoid small oscillations of the robot when
its foot are under the ground due the used ground contact
model. p, q are adjustable coefficients. All the used parameter
values are shown in table 2. It is assumed that based on the
aforementioned equations, through the dynamics of ω, the
robot will be able to explore and stabilize itself onto useful
distinguishable locomotion modes depending on whether it
is approaching its goal or not.

V. SIMULATION EXPERIMENT

Having described the implementation detail of the ASM,
the section will describe the performed simulation exper-
iment based on the model shown in Fig. 2 (right). The
goal of the experiment is to confirm whether the approach
will enable the robot to perform goal-directed locomotion
by exploring different body-environment dynamics and sta-
bilizing itself onto suitable attractors which correspond to
distinguishable locomotion modes relevant to the task.

A. The Effect of The Noise Level

As the approach is supposed to enable the robot to
explore a variety of body-environment dynamics, the first
set of experiments aims to observe the effect of different
levels of noise to the robot’s behavior explained in (6). Fig.
4 shows the examples of trajectories and how the motor
frequency changes in 250 second simulation for different
level of the internally generated artificial noise ε(t) (rad/s2)
in (6), defined by the standard deviation. Fig. 4 (a), (b)
and (c) show examples for standard deviation 50, 150 and
250, respectively. Here, the used mechanical configuration
is the first one, i.e. mech. conf. 1 described in the previous
section. The robot starts from initial position (0,0), while

Name Value Name Value
ωb 20 rad/s p 104

ωt 50 rad/s q 106

gb 0.01 ∆dm 0.005 m
gt 2

TABLE II
THE VALUES OF THE ASM PARAMETERS



a) Mech. conf. 1 b) Mech. conf. 2 c) Mech. conf. 3
Fig. 6. The histogram of the visited frequencies for different mechanical configurations showing the emergence of different locomotion modes for different
mechanical configurations.

Fig. 5. The goal-directed locomotion performance, i.e. the average of the
minimum distance to the goal, for various mechanical configurations based
on the different levels of noise ε(t).

its goal is placed at (1,1). As can be seen, a suitable size
of noise level let the robot adequately explore different
body-environment dynamics which enables itself to perform
goal-directed locomotion (Fig.4 (b)). If the noise level is
too low, the robot will not be able to adequately explore
its body-environment dynamics (Fig. 4 (a)). On the other
hand, a too high noise level makes it difficult for the robot
to stabilize itself onto particularly useful attractors, which
results in a failure in accomplishing the task of reaching the
goal. Having confirmed the ability of the robot to explore
and stabilize itself onto different body-environment dynamics
for one mechanical configuration, we perform the same set
of experiments for mech.conf. 2 and mech. conf. 3 and
confirm similar behaviors. Fig. 5 also shows the minimum
distance of the robot from the target position, averaged from
ten trials along with its standard deviation. It is however
interesting to notice that the best level of noise can be
different according to mechanical configurations: 150 for

mech. conf. 1 and 2; 200 for mech. conf. 3. How different
mechanical configurations lead to different dynamics will be
explained further in the next section.

B. The Emerging Locomotion Modes

In order to understand the behavior of the robot for
different mechanical configuration, we plot the histogram of
the visited frequencies for each configuration shown in Fig.
6. The figure is obtained by observing the motor frequency
for each sampling period in the simulations, which were
selected from the ones with the best level of noise suggested
in Fig. 5. It must also be noticed that there are two phases in
the dynamics of the robot: the flight phase, where the robot
goes through a transition from moving along the ground to
hopping in the air, and the stance phase, which begins with
the strike of the robot’s foot on the ground. The frequencies
used in Fig. 6 were only collected during flight phases as
the robot only does minor oscillations moving during stance
phases. For different mech. conf., the total time periods spent
for flight and stance phase through the ten trials at each best
noise level can be seen in Table 3. From Fig. 6, it can also be
seen that the most frequently visited frequencies for mech.
conf. 1 are approximately 32 rad/s and 45 rad/s. For mech.
conf. 2, the most visited frequencies are approximately the 31
and 47 rad/s, while for mech. conf. 3, they are approximately
21 and 49 rad/s.

Fig. 7 shows ten second trajectories of the robot at the
aforementioned attractors, i.e. the most visited frequencies,
for each mechanical configurations. It is interesting to notice,
that while the trajectories are not exactly the same for each
configuration, they have opposite moving direction. It also in-
dicates why they are chosen as attractors which correspond to

Flight phase Stance phase Total period
Mech. conf. 1 633.2 s 1866.8 s 2500.0 s
Mech. conf. 2 388.4 s 2111.6 s 2500.0 s
Mech. conf. 3 130.3 s 2369.7 s 2500.0 s

TABLE III
LOCOMOTION PERIODS IN DIFFERENT PHASES FOR ALL THE TRIALS



a) Mech. conf. 1 b) Mech. conf. 2 c) Mech. conf. 3
Fig. 7. The trajectories of the center of the foot at attractors suggested by Fig. 6 which corresponds to locomotion modes favorable for each mechanical
configuration.

distinguishable and favorable locomotion modes discovered
by the robot in each mechanical configuration to accomplish
the goal-directed locomotion task.

VI. CONCLUSIONS

This paper demonstrates the realization and utilization of
multimodal locomotion that enable robots to accomplish a
goal-directed locomotion task. The approach taken is based
on the self organization of the robot’s body-environment
dynamics through a simple control structure known as At-
tractor Selection Mechanism (ASM). Despite its simplicity,
ASM enables the robot to explore its body-environment
dynamics by using internally generated noise and stabilize
itself onto particular attractors corresponding to locomotion
modes favorable for the task. The result has been con-
firmed for different mechanical configurations of a Curved
Beam Hopping Robot, which possesses rich and complex
body-environment dynamics in spite of its simple actuation
method.

For future works, it is interesting to further understand the
relationship between the parameter values in the ASM and
the mechanical configurations. We also plan to extend the
experiment with our real Curved Beam Hopping Robot.
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