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Abstract. Many CPG-based locomotion models have a problem known
as the tracking error problem, where the mismatch between the CPG
driving signal and the state of the robot can cause undesirable behaviours
for legged robots. Towards alleviating this problem, we introduce a mechanism that modulates the CPG signal using the robot’s interoceptive information. The key concept is to generate a driving signal that is easier
for the robot to follow, yet can drive the locomotion of the robot. This
can be done by nudging the CPG signal in the direction of lower tracking
error, which can be analytically calculated. Unlike other reactive CPG,
the proposed method does not rely on any parametric learning ability to
adjust the shape of the signal, making it a unique option for a biological
adaptive motor control. Our experiment results show that the proposed
method successfully reduces the tracking error. We also show that the
CPG signal, regulated by the proposed method, is robust to perturbation
and can smoothly return back to the default pattern.
Keywords: Central pattern generators, Locomotion Control, PID controller.

1

Introduction

Central Pattern Generators (CPG) has been extensively used for robot locomotion control thanks to their ability to generate coordinated high-dimensional
rhythmic patterns [1, 9, 11, 21, 7]. The pattern generated from a CPG is generally
used as a high-level command signal for a low-level controller (e.g. a reference
signal for a PID controller). However, it is the low-level controller that drives
the robot’s actuators into the correct configuration (See Fig. 1).
?
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Fig. 1: The standard setup of the CPG controller consists of four main components. Firstly, the CPG neural oscillator generates a rhythmic signal. Then, the
signal is transformed with the post-processing function F (·) to create the desired
locomotion pattern. The transformed signal is then used as the setpoint for the
PID controller. Finally, the PID controller drives the robot movement into the
desired position or the setpoint. The robot actual movement is fed back into the
PID to correct the tracking error.

One of the weaknesses of this setup is that it assumes a perfect low-level
controller. However, in the real use cases, there are tracking errors between
the actual system motion and the CPG driving patterns. A lack of power or an
increased joint load can result in the PID being unable to adjust the robot to the
target configuration. This lead to undesired behaviours such as energy-inefficient
locomotion, unwanted movement and motor collapse [21]. Current solutions to
this problem are to improve the responses of the low-level controller [22, 2] or
allowing the robot to perceive the environments and adjust the CPG driving
signals accordingly [9, 21, 3].
In this work, we propose a novel mechanism for adjusting the high-level
CPG signals with interoceptive perception. The main idea is to directly adjust
the dynamics of the CPG to remove the tracking error by resetting the state
of the CPG dynamics to a new position. Regardless of the dynamical state, the
CPG dynamics falls back to its natural patterns due to the limit cycle behaviour.
These fall-back dynamics creates a command signal that closely guides the PID
controller to the desired locomotion pattern. We show in our experiment that the
method can successfully provide the desired locomotion pattern while reduces
the tracking error that would be large otherwise. This results in efficient and
adaptive locomotion pattern.
1.1

Related Works and Contributions

According to Buchli et al. [6], there are two main characteristics of CPG: (i)
Reactive CPG and (ii) Adaptive CPG. A reactive CPG [8, 18] changes the dynamics of the signal only temporally while an adaptive CPG [13, 5] creates lasting
changes to the dynamics. This work can be categorised as a reactive CPG.
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Reactive CPGs are designed such that some properties of the oscillators are
temporally adjusted. Many works consider adjusting the phase of the oscillators
[8, 18]. Others consider adjusting the amplitude of the oscillations [15]. The most
related works are the ones that consider adjusting the shape of the signal [14,
17, 19, 12].
The main contribution of this work is in the formulation of the dynamical
state forcing CPG (DSF-CPG). The proposed DSF-CPG acts as a reactive CPG
that can temporally adapts the geometry/shape of the CPG signal without using
any learning parameters [14, 17]. Instead it exploits the entrainment-like dynamics for the CPG shape adaptation. This happens via the direct perturbation of
the neural activities rather than some synaptic weights. Other CPG systems
that can adapt the shape of their signals typically rely on additional CPG shaping networks with learning [14, 17] or multiple CPG circuits [19, 12]. Our system
is simple and reactive. It does not rely on any learning ability neither require
high-level computational effort, which makes it a unique possible option for a
biological locomotion adaptive motor control.

2

Central Pattern Generator

Central Pattern Generator (CPG) is a mathematical model of coupled neural
oscillators, which is govern by coupled differential equations (continuous time)
or difference equations (discrete time). There are several properties that make
CPG useful for locomotion (as describes by Ijspeert (2008) [10]):
1. It exhibits limit cycle behaviour.
2. It is suitable for distributed implementation, which can be used for modular
robots.
3. It allows a small number of control parameters, which can reduce a highdimensional locomotion control problem to a low-dimensional control problem.
4. It is suited for sensory feedback integration, allowing coupling between the
CPG and the robot mechanical system.
While there are many models of CPG, in this work, we use the SO(2)-network
[16]. SO(2)-network can be described as a coupling of two neurons (as illustrated
in Fig. 2). The activities of the neurons a1 and a2 follow the following discretetime dynamics:
a1 (t + 1) = w11 tanh(a1 (t)) + w12 tanh(a2 (t)),

(1)

a2 (t + 1) = w21 tanh(a1 (t)) + w22 tanh(a2 (t)).

(2)

The weight matrix for an SO(2)-network is in the following form:


cos(φ) sin(φ)
w =α·
− sin(φ) cos(φ),

(3)

where α and φ are the parameters of the system dictating the oscillating frequency, amplitude and shape of the oscillation.
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We utilise the signal generated from the SO(2)-network by transforming the
output signal x = tanh(a) into desired motor pattern using a post-processing
function. This can be done using any function F (·), which can be used to shape
the signal pattern in the form that is suited for locomotion. In this work, we
only consider an invertible function F (·), which is an only restriction we need
for the dynamical state forcing mechanism.

(a) SO(2)-Network

(b) Phase diagram of the
SO(2)-Network

Fig. 2: SO(2)-Network is a system of coupled neurons (a). Under a certain condition of parameters W , the dynamics of the neural activities follow the limit
cycle behaviour. This behaviour produces rhythmic pattern suited for driving
locomotion control. The limit cycle dynamics exhibits the fallback pattern, i.e.
the state fallback to the natural dynamics when it is reset to any point in the
state-space (b).
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The tracking error happens when the robot actuator has not yet reached the
target signal. This could be due to the lack of power, or an obstacle is pushing
back the robot.
In the open-loop CPG control, the pattern keeps going, while the actual
system struggles to keep up. This lead to inefficient use of energy because the
proportional controller increases the gain as the tracking error increases.
Dynamical state forcing mechanism reset the current position of the CPG,
i.e. the neural states of a1 and a2 . The main idea is to reset the neural state
such that it removes the tracking error. To this end, we need to find the neural
state a1 and a2 that matches the current robot position. Let’s denote r1 and r2
as the target robot position:
r1 = F (tanh(a1 ))

(4)

r2 = F (tanh(a2 ))

(5)
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Let’s denote the current robot actual position as r10 and r20 . The neural activity that matches the current position can be written as:
a01 = tanh−1 (F −1 (r10 ))

(6)

−1

(7)

a02

= tanh

(F

−1

(r20 ))

The activities a01 and a02 map to the current robot configuration. Therefore,
if the dynamical states is reset to these values, the tracking error will be zero.
However, the complete removal of tracking error could result in the actuator
being in the halt state. To avoid this problem, we choose to only slightly perturb
the activities of the neurons in the direction of error reduction (instead of the
complete removal of error). Therefore, instead of resetting the activities, we could
update the activities with the following update rule:
a1 (t + 1) = (1 − γ)[w11 tanh(a1 (t)) + w12 tanh(a2 (t))] + γa01 (t)

(8)

γa02 (t)

(9)

a2 (t + 1) = (1 − γ)[w21 tanh(a1 (t)) + w22 tanh(a2 (t))] +

where γ ∈ [0, 1]. The mixing rate γ dictates how much the update mechanism
removes the tracking error. It completely removes the tracking error when γ = 1
and becomes the vanilla CPG at γ = 0.
However, this update rule leads to the continuous decreases of oscillator amplitude. The dynamics slowly converges to zero. This behaviour occurs because
the mechanism would changes the system dynamics in the direction that the
robot can easily reach, and that is the halt state (a fixed point). In order to
overcome this problem, we introduce an outward force term that prevents the
dynamics from falling to zeros.
a1 (t + 1) =(1 − γ)[w11 tanh(a1 (t)) + w12 tanh(a2 (t))]
+

γa01 (t)

+ βa1 (t)

a2 (t + 1) =(1 − γ)[w21 tanh(a1 (t)) + w22 tanh(a2 (t))]
+

γa02 (t)

(10)
(11)

+ βa2 (t)

The additional terms βa1 (t) and βa2 (t) increase the value of a1 and a2 in each
update step, where β is another hyper-parameter adjust the strength of the
outward force.
Fig. 3 illustrates this process as a feedback from robot back to the CPG
pattern generator. We show later in the experiment that this mechanism can be
used to adapt the dynamics of CPG to the environment.

4
4.1

Experiment
Investigation of dynamical state forcing CPG on a single motor

We investigate the behaviour of our method on a single motor. The setup includes
a 3D-printed platform (as shown in Fig. 4a), which is mounted with the motor
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Fig. 3: The dynamical state forcing helps PID controller by propagating the
error signal back to the DSF-CPG pattern generator. This mechanism creates
a feedback loop, which enables the coupling between the DSF-CPG and the
environment.
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Fig. 4: Experimental Setup. A motor is mounted on a 3D-printed platform and
attached to rotating rot (a). A bolt can be attached to the platform to force
stop the motion of the rot. The oscillating motion can be controlled by either
the SO(2)-network setup (b) or the dynamical state forcing CPG (c). For ease of
comparison, we adjust the parameters such that they exhibit similar amplitude
and frequency. For SO(2)-network, we set φ = 0.28 and α = 1.011. For DSFCPG, we set φ = 0.45, α = 1.00, γ = 0.3 and β = 0.2. The signal is transformed
with F (x) = 2200x + 2000. The parameters are selected such that the signal
from CPG behaves similarly to the signal from DFS-CPG, while the oscillating
pattern is slow enough for an easy intervention.

and a rot. We implement a vanilla CPG setup and the dynamical state forcing
CPG (DSF-CPG) to drive the rot in an oscillating motion.
The oscillating pattern and the actual dynamics of the motor is visualised
in Fig. 4b,c. We can see that both vanilla CPG and the DSF-CPG can produce
similar oscillating motions. Next, we force-stop the moving rod by attaching a
bolt on the platform. We can see in Fig. 5 that the actual motion of the system
as read by the motor became stationary. However, for the vanilla CPG, the
driving signal continues to oscillate. In contrary, the driving signal of the DSFCPG slowly decreases as the actual system stop. After the bolt is removed, the
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dynamics of the driving CPG signals go back to their normal pattern. We can
see that this behaviour reduces the tracking error when the actual system is
forced to be in the state that is difficult for the motor.
Any motor that is controlled using current proportional to the error would,
theoretically, benefit from the behaviour of the DSF-CPG because the lower error
equates to lower current in these controllers. As the tracking error is reduced,
the current usage would also be smaller, which potentially lead to a more energyefficient locomotion control.
Next, we examine the behaviour of the system when the rot is forced to move
to a new position. This represents a scenario when an external force is hitting
a robot. The result is shown in Fig. 5. We can see that the DSF-CPG adjust
itself to the perturbation. We can also see that the tracking error of DSF-CPG
is significantly smaller than the error of the vanilla CPG.
4.2

Investigation of dynamical state forcing on a simulated robot

In this experiment, we demonstrate that the DSF-CPG can be used to drive
robot locomotion and investigate its adaptive behaviour. We simulate the MORF
hexapod robot [21] using the CoppeliaSim [20]. The locomotion of the robot is
driven with a single CPG, where the output is transformed with hard-wired
functions as shown in Fig. 6b.
There are 18 motors in this robot corresponding to the 18 joints (see Fig. 6b).
The CPG signal is transformed with linear post-processing functions as detailed
in Fig. 6b:
F (x) = wi x + bi

(12)

where {w1 , w2 , w3 } = {10, 4, 10} for vanilla CPG, {w1 , w2 , w3 } = {2, 0.8, 2} for
DSF-CPG, and {b1 , b2 , b3 } = {1.92, −0.03, 0} for both of them. Since the DSFCPG has a higher oscillating amplitude than vanilla CPG, we scale up the signal
by using larger weights in the post-processing function. The parameters of CPG
are selected such that the robot can walk reliably and the parameters of DSFCPG are chosen such that the signal generated is resemble the signal from the
vanilla CPG.
As shown in Fig. 75 , DSF-CPG is able to drive the robot with similar pattern
to the normal CPG. After the heavy box is loaded onto the robot, the dynamics
of DSF-CPG stops because the load is too heavy for the CF0 joint to lift the
robot up. The dynamics springs back to the normal pattern after the heavy load
is removed. We compare the tracking error of the DSF-CPG and the vanilla
CPG in Fig. 7c.

5

Discussion

This paper introduces a novel CPG-based control method. The main benefit
of this method is the reduction of tracking error by adapting the target CPG
pattern to follow an unexpected condition of the system, e.g. loading condition.
5

see also https://youtu.be/uMxDPPg1Q9A
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Fig. 5: Dynamics of the vanilla CPG and the DSF-CPG under influences from
external forces. When the rot is fasten still, the dynamics of DSF-CPG slowly
reduces to the tracking error. The driving signal goes back to the normal pattern
when the rot is released. When the rot is moved from the normal position,
the DSF-CPG dynamics follows the position of the rot and smoothly bring the
system position back to the normal pattern. The shaded areas represent the time
when the interventions happen (i.e. fasten or move the rot).
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Fig. 6: Simulated MORF hexapod robot. We simulate a CPG-driven hexapod
robot on the CoppeliaSim. The robot walks in a straight line [21]. At the middle
of its path, we simulate a heavy box placed on top of the robot, which is lifted
up shortly after. The propose of this experiment is to visualise the ability of
DSF-CPG to generate a walking pattern and its adaptability. The feedback
to the DSF-CPG comes from the configuration of the CF0 joint. CF0 joint is
responsible of lifting the robot upwards and, therefore, sensitive to the carrying
load of the robot.
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Fig. 7: The dynamics of the hexapod robot. We drive the MORF hexapod robot
using the vanilla CPG and the DSF-CPG. The DSF-CPG manages to drive the
robot with a similar pattern to the vanilla CPG, while also able to adapt the
target pattern to external forces reduces the tracking error. See also Fig. 6b and
a video clip at https://youtu.be/uMxDPPg1Q9A.
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We see that the DSF-CPG can adapt to its proprioceptive feedback, while
also manage to smoothly fall-back to its original pattern. Importantly, this
method can shape the geometry of the signal without any learning parameter,
which makes it a unique possible option for biological adaptation mechanism.
In future work, we will explore DSF-CPG in the setup of multiple weakcoupling or decoupling CPGs. Several works propose to use multiple CPGs to
drive robots’ locomotions [4, 3]. This multiple CPG setup removes the strong
coupling restriction between each joint. This could benefit the DSF-CPG by allowing feedback to influence selectively on each joint, creating a richer repertoire
of adaptive behaviours.
DSF-CPG naturally promotes robot’s compliance, by changing the target
dynamics to follow external perturbations. Therefore, a careful design of the
feedback effect could potentially be used to design a novel compliant locomotion
pattern. Since an adaptive compliant control [22] has been shown to improve
energy efficiency in a robot, we hope to see whether the adaptive locomotion of
DSF-CPG can also be used to further improve in that direction.
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