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Abstract
We present a novel adaptive oscillator, called Adaptive Natural Oscillator (ANO), to exploit the natural dynamics
of a given robotic system. This tool is built upon the Adaptive Frequency Oscillator (AFO), and it can be used
as a pattern generator in robotic applications such as locomotion systems. In contrast to AFO, that adapts to the
frequency of an external signal, ANO adapts the frequency of reference trajectory to the natural dynamics of the
given system. In this work, we prove that, in linear systems, ANO converges to the system’s natural frequency.
Furthermore, we show that this tool exploits the natural dynamics for energy efficiency through minimization of
actuator effort. This property makes ANO an appealing tool for energy consumption reduction in cyclic tasks;
especially in legged systems. We also extend the proposed adaptation mechanism to high dimensional and general
cases; such as n-DOF manipulators. In addition, by investigating a hopper leg in simulation, we show the efficacy of
ANO in face of dynamical discontinuities; such as those inherent in legged locomotion. Furthermore, we apply ANO
to a simulated compliant robotic manipulator performing a periodic task where the energy consumption is drastically
reduced. Finally, the experimental results on a 1-DOF compliant joint show that our adaptive oscillator, despite all
practical uncertainties and deviations from theoretical models, exploits the natural dynamics and reduces the energy
consumption.
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1. INTRODUCTION
Energy efficiency along with stability and adaptability are the ultimate goals in most robotic applications, especially in cyclic tasks such as pick-and-place [1] and locomotion [2]. In a classical view towards motion generation
and control, energy consumption is considered as a cost which can be optimized using numerous model-based methods
such as optimal control [3]. However, such model-based approaches cannot be simply applied to nowadays robotic
systems with compliant elements, nonlinearities, and hybrid dynamics. On the other hand, model-free optimization
techniques, such as reinforcement learning [4] and adaptive control [5], can be easily applied for energy efficiency.
Nevertheless, these methods suffer from slow and unwarranted convergence behavior. However, for energy-efficiency,
focusing on natural dynamics can simplify and facilitate such methods. As presented in this work, we do not consider
the energy efficiency as a blind optimization problem, but rather as the result of an adaptation between motiongeneration and natural dynamics.
Broadly speaking, energy efficiency can be achieved using two different approaches: Natural Dynamics Modification (NDM see [6–9]) and Natural Dynamics Exploitation (NDE see [10–13]). While NDM methods aim the structure
design of the robot, NDE approaches try to modify the motions in order to improve the energy efficiency. In other
words, NDE methods include all types of motions generators which target energy consumption reduction —as an
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objective— in their tuning/adapting parameters. Inspiration from biology has been a prosperous approach in designing energy efficient gait patterns; see [10] where quadrupedal gait patterns extracted from similar biological structures
lead to a lower cost. Imitation learning is also a useful approach toward stability and energy efficiency where, for
instance, robots can learn to locomote by imitating the motion patterns of a walking human; see [16]. Furthermore,
inspiration from simple passive mechanical systems, and understanding their underlying principles is also beneficial
in generating such energy-efficient motion patterns; see [11] where bipedal gait patterns are generated from passive
walkers. In [12], it is shown that using natural dynamics of a simple passive walker as the initial dynamics facilitates
the learning process; see also [13] for the quadrupedal locomotion.
In design of gaits and rhythmic patterns, the frequency of oscillations is the key design parameter for motiongeneration. According to biology, the frequency of locomotion has a significant influence on the stride-length, locomotion speed, and energy consumption [14, 15]. In this study, we present a novel adaptive oscillator for generating
energy-efficient rhythmic patterns. Here, we assume that the periodic shape of the oscillations is given and only
the frequency and the phase lag are left to optimization. We show that by exploiting the natural dynamics of the
system, this adaptive oscillator converges to the natural frequency of the system which results in minimum energyconsumption.
The rest of this article is organized as follows. We quickly review the related works in the next section and we
present the ANO in Section 3. To keep the analytical arguments as simple as possible, we focus on single-coordinated
systems, and we study the stability, convergence, and optimality in Section 4.1 and Section 4.2. In Section 4.3, we
generalize the ANO for systems with higher degrees of freedom; i.e., n-DOF serial manipulators. Simulations and
experimental results are presented in Section 5 and Section 6. Discussions and conclusion are placed in the last
sections.
2. Related Works
Based on our knowledge from biology, periodicity and smoothness are among the main properties of joint trajectories in locomotion. A sinusoidal joint trajectory is the simplest form that meets these properties and is the core
of Phase Oscillators. Due to their simplicity, Phase Oscillators are extensively used in robotic applications [17–20].
Moreover, implementing Phase Oscillators using dynamical systems, such as Hopf and Van Der Pol oscillators [21],
offers us stable limit cycles with advantageous properties such as smooth convergence behavior; see [22] for application in swimming robots.
The coupling capacity increases the applicability of a network of Phase Oscillators it terms of complex rhythmic
pattern generations. This capacity is exploited in Central Pattern Generator (CPG) Networks where frequency, amplitudes, and coupling-strengths of a group of oscillators parameterize the motion-generation; see [23] for a survey on
CPG-networks and their applications. The provided parameter space is often explored to satisfy objective functions
such as stability, locomotion speed, and cost of transportation; for example, in [24] ZMP constraints are satisfied by
proper selection of CPG parameters. This exploration –i.e. parameter search– has been carried out using different
techniques such as optimal control [25], reinforcement learning [26], and genetic algorithms [27]. The simplicity of
CPG-networks allows for interesting extensions and applications in legged locomotion; see [28] as an example where
obstacle avoidance over rough terrains is achieved by including virtual model and reflex control to the CPG-network.
Recurrent Neural Networks (RNN) offer a similar approach to CPG-networks where instead of coupled oscillators, coupled neurons (e.g., Leaky integrator neurons) generate rhythmic patterns [29, 30]. However, the unnecessary complexity of the neuron-model makes this tool less applicable for motion generation in robotic applications
where tractability of the learning is of particular interest. Dynamic Movement Primitive (DMP) method provides such
tractability by learning a transformation from a stable motion, generated by a simple dynamics, to a desirable complex
pattern [31].
Coupling to an external signal is another capability of Phase Oscillators that enables them to provide adaptive
behavior. Due to the fundamental role of frequency in energy consumption, locomotion speed, and stability, the
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frequency-adaptation is extensively studied and applied in robotic systems [32, 33]; especially in gait assistance and
rehabilitation devices [34–36]. As another example, [37] shows that a simple frequency adaptation, through phaseresetting, can improve the gait-stability. Furthermore, Adaptive Frequency Oscillator (AFO) model [38] is proposed
to enable the oscillator to adapt its frequency and phase to an external trajectory. We complement this body of works
by introducing ANO which adapts its frequency to the natural frequency of a given system; in other words, an ANO
exploits the system’s natural dynamics which leads to energy-efficient motion-generation.

3. Adaptive Natural Oscillator
In robotic applications, such as legged locomotion, the energy efficiency is achieved by reshaping the desired
trajectory according to system’s dynamics; i.e., natural dynamics exploitation. In this work, we only focus on adapting
the phase and the frequency of the desired trajectory and propose the following adaptive oscillator.



ω̇ = εωF(t) cos(θ)




(1)
θ̇ = ω





 xd = A cos(θ)
Similar to AFO [39], in this adaptive oscillator θ and ω are the phase and the frequency respectively and the adaptation speed is controlled by ε. The force applied by the controller/actuator (F) is used as the sensory feedback for this
oscillator while the oscillator’s output (xd ) is the desired trajectory. Fig. 1 shows how ANO works in this closed-loop
fashion.
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Fig. 1: Using an adaptive natural oscillator to exploit the natural dynamics. The oscillator is employed as a pattern generator, and the applied force
is used as feedback.

By comparing ANO (Eq. 1) with AFO ([39]), it can be inferred that unlike AFO that exploits natural frequency
of the target trajectory (Γ), ANO exploits the natural frequency of the applied force (F) which, consequently, leads
to natural dynamics exploitation. While frequency convergence of ANO is similar to AFO, phase locking is slightly
different. Using cos(θ) (instead of sin(θ) in AFO), ANO tries to create a 90◦ phase lag between force (F) and position
(xd ). This property of ANO is be explained further in Section 7.1.

4. Mathematical Analysis
We start this section by studying the frequency convergence along with phase locking behavior in ANO. Then,
we show how ANO works towards energy efficiency, and finally, we extend the ANO idea to a general manipulator
system.
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4.1. Stability and Frequency Convergence Behavior
Consider a simple mass-spring system. Having dynamics of the system, applied force for a certain trajectory is
F = m ẍr + kxr

(2)

where xr is the position of mass (m). k is the spring constant and F is the force applied by the controller. To fully
specify the dynamical system, as illustrated in Fig. 1, we should also consider the ANO equations (Eq. 1). For the
sake of simplicity, we set the oscillations amplitude to one (A = 1). Using ANO output (xd ) as the desired trajectory
for the mass-spring system, and with perfect tracking assumption (xr ≡ xd ), we can calculate the applied force (F) as
follows:
F = (k − mω2 ) cos(θ) − mω̇ sin(θ)
(3)
√
By defining ωn = k/m, and substituting the applied force from Eq. 3 into frequency adaptation rule (Eq. 1), we have
the following dynamical system.
pω̇ = −εω(ω − ωn )(ω + ωn ) cos2 (θ)
p = 1 + εmω sin(θ) cos(θ)

(4)

With the assumption of slow adaptation (ε < 2/|mω|), we can guarantee that p > 0, where the stability of
the system (Eq. 4) can be studied using Lyapunov Theorem and Barballat Lemma. Using the following Lyapunov
candidate (Eq. 5), one can simply show that ωn (−ωn ) is stable for positive (negative) frequencies. This leaves the
origin as an unstable equilibrium point.
1
(ω ∓ ωn )2
(5)
2
To demonstrate ANO convergence behavior in simulation, a simple PID controller (k p = 100, ki = 1, and kd = 10)
is used to control the position of mass on the desired trajectory (xd ) provided by ANO with parameters specified in
Table. 1.
V=

Table 1: Adaptive natural oscillator parameters.

Parameter
Initial frequency
Amplitude
Adaptation rate

ω0
A
ε

Value
0.5rad/s
1m
0.05

Adaptation results are depicted
√ in Fig. 2a. First subplot shows that frequency of the oscillator converges to the natural frequency of the system ( k/m). Consequently, the applied force, illustrated in the second subplot, diminishes to
zero. This behavior in the control effort ensures that natural dynamics are exploited. Last subplot shows that tracking
performance, provided by the PID controller, is satisfactory.
To study the convergence behavior further, and to check the basins of attraction of the system, the previous
simulation is repeated with different initial conditions (ω0 = {−5, −1, 1, 5}). Solutions of the system for these initial
conditions are plotted in the phase plane; see Fig. 2b. It can be seen that solutions starting in positive (negative)
frequencies converge to ωn (−ωn ). It is also interesting to note that solutions are modulated with cos2 (θ) as in Eq. 4.
Upper and lower profiles can be extracted by setting cos2 (θ) to zero or one in Eq. 4.



cos2 (θ) = 0 ⇒ ω̇ = 0
(6)


cos2 (θ) = 1 ⇒ ω̇ = −εω(ω − ωn )(ω + ωn )
For the second profile, we have p = 1 since sin(θ) = 0. These profiles, along with the solutions, are plotted in Fig. 2b.
Due to small error in tracking, solutions are not exactly placed between these profiles.
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Fig. 2: (a) Adaptation result for the mass-spring system (m = 1kg and k = 9N/m). (b) Convergence behavior of ANO for mass-spring system.
Solutions are plotted for four different initial conditions (ω0 = {−5, −1, 1, 5}) with ε = 0.01.

4.2. Adaptation as the solution to a Minimization Problem
It can also be shown that the proposed adaptive oscillator minimizes the following cost function.
J(t) =

1 2
F (t)
2

1

(7)

Using gradient decent method on the mentioned cost function yields:
ω̇ = −λ∇ω J(t) = −λF(t)(

∂F
)
∂ω

(8)

By taking the partial derivative from Eq. 3, we have
ω̇ = 2mλωF(t) cos(θ)

(9)

By defining ε = 2mλ, we reach the adaptation method in Eq. 1. Given a predefined trajectory, F 2 and |F ẋr | minimization are equivalent. Thus, under perfect-tracking assumption, ANO minimizes the instantaneous power consumption.
4.3. Extended adaptive natural oscillator
In this subsection, we extend the presented adaptation rule from a simple mass-spring system to a system with
higher degrees of freedom and nonlinear dynamical equations. Consider a fully-actuated n-DOF serial manipulator
with dynamics specified as follows:
M(q)q̈ + C(q, q̇) + G(q) = F
(10)
In this equation of motion, q and τ ∈ Rn represent joints position and applied torque respectively. M(q) ∈ Rn×n represents the mass matrix, C(q, q̇) ∈ Rn denotes centrifugal and Coriolis forces, and G(q) ∈ Rn indicates the gravitational
and passive forces. For a general periodic task, we consider the following parametrized reference trajectory for the
end-effector.



θ̇ = ω
(11)


Xd = R(θ)
It can be seen that the phase (θ) of a unit harmonic oscillator, with frequency ω, is mapped through an arbitrary
but isomorphic transformation (R) into a periodic desired trajectory (Xd ) for the manipulator end-effector. Here, we
5

assume that the manipulator is non-redundant for this task. Interestingly, the desired torque for the desired trajectory
(Xd ) can be expressed by the parameters of the unit harmonic oscillator (θ and ω):
τ = Ψ(θ) ω̇ + Υ(θ) ω2 + G(θ)

(12)

where Ψ and Υ can be obtained using geometry of the desired trajectory (R), the dynamics (M and C), and the forward
kinematics of the manipulator; see Appendix. In accordance with the previous section, adaptation rule can be derived
through the minimization of instantaneous torques. Henceforth, we consider the following quadratic cost function
similar to Eq. 7.
1
(13)
J = kτk22
2
Using Eq. 12 and gradient descent method (ω̇ = −λ∂J/∂ω) yields the generalized rule for frequency adaptation:
ω̇ = − ω τT Υ(θ)

(14)

The extracted adaptation rule, is a function of dynamical equations of the manipulator (Υ). However. having Υ(θ)
precomputed, the general adaptation rule is still simple compared to the previous case (Eq. 1). Interestingly, Eq. 14
can be used to extract an adaptation rule for a linear 1-dof system with an arbitrary reference path (i.e., R(θ)) as
follows.



xd = R(θ)




(15)
θ̇
=ω





ω̇ = −εωF(t) ∂2 R(θ)/∂θ2
Further assumption of sinusoidal trajectories (i.e., R(θ) = cos(θ)) yields again the original ANO in Eq. 1. Moreover,
adaptation rules for a non-linear 1-dof system with an arbitrary reference path can be extracted from Eq. 14. In [40],
we presented preliminary results for exploitation of such nonlinear dynamics, especially nonlinear compliances.
5. Simulations
In this section, to show the applicability of our approach, we consider more complex scenarios with dynamical discontinuity, nonlinearity, and higher dimensionality; i.e., a hopper leg and a 2-DOF compliant manipulator. Numerical
simulations for these system are carried out with MATLAB/Simulink/Simmech [41] using ode45 solver.
5.1. Hopper leg
Hopper systems, as a tool in robotics to understand the principals of running, can be traced back to 80’s; see
[42]. Therefore, providing adaptive mechanisms that exploits its natural dynamics can be beneficial to design energy
efficient running systems. Consider a simple vertical hopper leg illustrated in Fig. 3a. This hopper leg consists of a
prismatic joint (actuator), a mass-less leg, and a parallel spring. Despite its simplicity compared to a full-body legged
system, the natural dynamics of this system , due to its hybrid dynamics, is not as straightforward as linear systems.
During the stance phase, mass-spring dynamics and during the flight phase, ballistic dynamics govern the system. The
transition between these two dynamics is determined when the spring is at its rest-length. Note that the actuator can
only exert force during ground contact. The task for this hopper is to move on a sinusoidal trajectory with amplitude
of 0.1m and an offset equal to spring rest length (l0 = 1m). However, frequency of this oscillation is left for ANO to
be adapted.
Fig. 3b shows the adaptation behavior for the
√ hopper leg. First subplot shows that frequency, on average, converges
to 12.4rad/s which substantially differs from k/m in this system. Importantly, small ripples insinuate that sinusoidal
trajectory is not perfectly consistent with the natural dynamics of this system. Second subplot shows the control effort.
It can be seen that the magnitude of applied force is reduced significantly. It is also interesting to see that the system
quickly learns not to exert negative force; it is intuitive to only use positive forces for hopping in a compliant system.
The last subplot shows the tracking performance. Tracking performance improves along with adaptation. This is
again intuitive that tracking along natural dynamics is more precise for imperfect controllers such as PID controller.
Negligible error around apex is inevitable since there is no actuation during the flight phase. Interestingly, according
to unreported results, the converged frequency is less sensitive to the spring constant compared to the amplitude of
oscillators (A).
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Fig. 3: (a) A hopper robot with a parallel compliant in the leg. Mass of the hopper (m) is 0.5kg, and for spring, damper, and gravity, we have
k = 1N/m, b = 0.1N s/m, and g = 9.81. (b) Adaptation result for hopper leg. PID gains are k p = 500, ki = 100, and kd = 50, and for adaptation
 = 0.01.

5.2. Manipulator with extended ANO
In this simulation, using the extended ANO, we exploit the natural dynamics of a non-redundant 2-DOF manipulator (Fig. 4). We use operational space control presented in [43] to move the the end-effector on a circular path. This
path/task is parameterized as follows:



 xd = r cos(θ) + x0
Γ(θ) = 
(16)

yd = r sin(θ) + y0
where θ is the phase of desired path and xd , yd are the outputs of extended ANO. The parameters of desired path are
r = 0.5m, x0 = 0m, and y0 = 1m. Adaptation rate () is set to 0.06, and frequency is initialized on ω0 = 0.05 rad/s.
The robot is set in the horizontal plane; i.e., there is no gravity acceleration. The initial position of the end effector
is considered on the reference path and the initial joint velocity is set to zero. The results of this simulation are
illustrated in Fig. 5. Frequency of the oscillations, on average, is adapted to 5rad/s; see Fig. 5a. The ripples suggest
that the desired path is not perfectly consistent with the natural dynamics of the system. Energy consumption for
each cycle is illustrated in Fig. 5b. Drastic improvement in the energy efficiency suggests that natural dynamics of
the system are exploited. During adaptation the cost function converges from 3729 N 2 m2 to 242 N 2 m2 (about 93%
improvement w.r.t initial condition). Interestingly, the adaptation exhibit an damped exponential behavior where the
energy consumption is drastically decreased after a few cycles; i.e., 80% after 5 cycles. The applied torque to each
joint is plotted in Fig. 5c. Being bounded, these torque profiles converge to a steady-state behavior. Finally, Fig. 5d
shows that tracking performance improves in the course of adaptation.
By repeating this simulation in the vertical plane (i.e., considering gravity acceleration), similar results were
achieved. The frequency, on average, converged to 4.5 rad/s. Also the initial and the final values of the cost function
were 3447 N 2 m2 and 255 N 2 m2 respectively (about 92% improvement w.r.t initial condition).

7

1

r
l2 , m2
y

θ2

l 1 , m1

θ1

x

Cost function X 0.001 [N 2m2]

Fig. 4: A 2-DOF planner system with l1 = l2 = 1m, and m1 = m2 = 1Kg. Inertias are calculated based on geometry of the links. The compliance
rest-length and stiffness for both of the joints are d1 = d2 = 0 rad and k1 = k2 = 20 Nm/rad respectively.

Frequency [rad/s]

6
5
4
3
2
1
0
0

20

40

60
Time [s]

80

100

4

3

2

1
X: 39
Y: 242.1

0
0

120

5

10

15

20
Cycle

30

35

40

(b)

60
45

Tracking error [m]

Controller applied torque [Nm]

(a)

25

30
15
0

First joint

Second joint

0.5
0
-0.5

X
Y

-1.5
-2.5
-3.5

-15
0

20

40

60
Time [s]

80

100

120

0

1

2

3

4

5

Time [s]

(c)

(d)
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6. Experimental Results
To check the validity of the presented adaptation method in practice, we designed a 1-DOF revolute joint with a
variable compliance; see Fig. 6a. In this setup, the revolute joint is actuated by a dc-motor (with 12V terminal voltage
and 0.5Nm maximum torque). The motor is non-back-drivable and its no-load current is about 100mA. The joint
is controlled using PWM method. The compliance has been approximated to be linear (see Eq. 3-5 in [44]) with
K = 0.42Nm/rad for the initial strain (S = S 0 ). The revolute joint’s compliance (K) is tunable using a stepper motor
through varying the strain (S ) of linear springs; see [45] and [9] for similar designs. In this experiment, aforementioned properties of the motors along with frictions and other uncertainties suggest a considerable deviation from the
ideal cases in the simulation section.
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Ball screw

ܵ

(b)

Fig. 6: (a) Experimental setup. The dc-motor is mounted on the other side of the table and cannot be seen in this view. The linear springs act as a
parallel rotational spring at the joint. (b) Schematic of the compliance mechanism. Fa (Fc ) is the force applied at the joint by the dc-motor (parallel
compliance mechanism). R is the link length, r is the distance between the revolute joint and the fixed side of linear spring, and K0 is stiffness of
the linear springs. S is the strain of the linear springs which is changed by the stepper motor.

Fig. 6b illustrates the schematic of setup structure. The desired trajectory is generated using the presented adaptation rule in Eq. 1. Convergence rate () is hand-tuned to 10 for this experiment, and real joint position (q) is provided
by an encoder. The controller command (Fa ), instead of the actual applied force, is used for adaptation. We discuss
this alternative in Section 7.3. Similar to [46], for the velocity control of the dc-motor (using PWM), a PI controller
with K p = 1 and Ki = 0.2 is used. Also, similar to the simple mass-spring system presented in Section 4.1, the
reference sinusoidal trajectory (20 deg amplitude) is generated by adaptive natural oscillator.
The overall performance of our adaption method is presented in Fig. 6. Fig. 7a shows convergence of the frequency to the optimal value; i.e., approximately 6.3rad/s. To study the energy consumption of the system in the
course of adaptation, we use the average input power. Having a switching terminal voltage (between 0 and 12), this
measure is proportional to the input current. Interestingly, in a dc-motor, the applied torque is also proportional to the
input current. Therefore, the torque-minimization property of our method should lead to a minimization behavior in
the average input power. This fact can be seen in Fig. 7b where frequency adaption leads to a drastic decline in power
consumption (about 44% improvement). Due to damping, frictions, non-perfect actuator, and other uncertainties, zero
energy consumption cannot be obtained. The RMS tracking error, illustrated in Fig. 7c, implies that, tracking error is
reduced during the adaptation. Finally, we investigate our adaption method under different compliance coefficients.
Here, we repeat the previous experiment (Fig. 7a) with different joint stiffnesses. In each case, the frequency is adapted
to the corresponding optimal value; see Fig. 7d where higher stiffness leads to higher optimal frequency.
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Fig. 7: Overall performance of the frequency adaptation for 1-DOF revolute joint. (a) The frequency adaptation shows a convergent behavior. (b)
Average input power is reduced by adapting the compliance. (c) The tracking error RMS divided by averaging time. (d) Frequency convergence
for different compliance values. It is important to note that all figures are averaged using a moving window of 5000 samples (sampling rate is 162
sample/s).

7. Discussions
In the following, we discuss other properties of the presented tool such as phase-locking behavior. We also emphasize on the importance of compliant elements in periodic tasks in order to achieve energy efficient cyclic motion.
Moreover, using feedback of controller command instead of force signal as an alternative approach is discussed. In
addition, we present a possible modification to the current method. Finally, robustness analysis of the extended adaptation rule (EANO) in face of unmodeled dynamics and model uncertainties are presented.

7.1. Force-velocity synchronization
Besides frequency convergence in ANO, it is also important to study the phase locking behavior of this oscillator
from the energy consumption point of view. Given the fact that most actuators cannot recycle the negative work (i.e.,
where the applied force and the joint velocity have opposite signs), energy consumption is often calculated as:
Z
W = |F(t)v(t)|dt
(17)
where F(t) and v(t) are the applied force and the joint velocity respectively. By synchronizing applied force and
joint velocity, negative work will be minimized which could potentially lead to energy consumption minimization.
Interestingly, this synchronization takes place in ANO. As we mentioned in Section 3, ANO tries to lock its output
(xd ) with 90◦ lag to the applied force (F). Adding the fact that in sinusoidal trajectories, there is also a 90◦ phase lag
between position and velocity, it could be concluded that ANO tries to lock the velocity ( ẋd ) with the applied force
(F). Therefore, as ANO exploits the natural frequency of applied force, it also synchronizes velocity with force which
eventually leads to natural dynamics exploitation; i.e., energy consumption reduction.
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7.2. Periodic motions need compliance
According to Eq. 4, the dynamical equation of ANO in the mass-spring
√ system has two stable equilibrium points
(±ωn ). These equilibrium points are functions of compliance as ωn = ± k/m. Therefore, k = 0 results in zero stable
equilibrium point (ωn = 0). Such dynamics imply that compliant elements are crucial to have adaptive behaviors
toward energy efficient cyclic motions. The same was observed for the manipulator simulation and the experimental
setup, where without compliant elements the frequency converged to zero. Accordingly, it is inferred that each
optimum cyclic motion have a compatible compliance element. Consequently, an inverse problem comes to mind
where in our previous works [47, 48], we provided methods to find the optimal compliance for a given periodic
motion.
7.3. Force sensor
In the closed-loop system in Fig. 1, it is possible to use the controller output (Fc ) instead of the actuator force (F).
In this case, ANO exploits the natural dynamics of the system along with the actuator (i.e., augmenting the actuator
to the plant). Since force sensors are expensive, imprecise, and noisy, using controller output is more practical.
Moreover, since we are concerned about the total power consumption (plant and actuator), using controller output is
more reasonable. In fact, we used the controller output for the adaptation in our experimental setup (Section 6) which
leads to a drastic energy consumption reduction.
7.4. Robustness against unmodeled dynamics
According to Section 4.3, extracting the exact adaptation rule for an n-DOF manipulator requires knowledge about
the dynamics of the system. This assumption can be seen as a disadvantage of the presented approach. Here, we study
the robustness of our method to deviation from the nominal cases presented in Section 5.2. Two different types of
uncertainties (i.e., mismatched dynamical parameters) are investigated: (1) a mismatch in the inertia matrix of the
robot, and (2) a mismatched in the damping constant. The results are presented in Table. 2 and Table. 3 respectively.
These results show minor deviations form the optimal point for the frequency and the energy consumption, and the
robustness of the method (i.e., the EANO) to significant deviation from the nominal model.
Table 2: Effect of inertia deviation from nominal model on converged frequency and minimum cost function.

Inertia deviation (%)
Frequency deviation (%)
Cost function deviation (%)

−20
−10.2
9

−15
−7.5
6.3

−10
−4.8
3.7

−5
−2.2
1.6

0
0
0

5
2.7
−2.2

10
5.2
−4.5

15
7.5
−5.3

20
9.8
−6.6

Table 3: Effect of unknown damper coefficient on converged frequency and minimum cost function.

Damper coefficient (Nms/rad)
Frequency deviation (%)
Cost function deviation (%)

0
0
0

0.25
0.4
0.2

0.5
0.8
0.5

0.75
1
−0.3

1
1.2
0

1.25
1.2
0.1

1.5
1
0.2

1.75
0.8
0.3

2
0.6
1.7

7.5. Shaping the limit cycle
Inconsistency between the shape of the reference path and natural dynamics of the robot is an undesirable factor
which has a negative impact on the energy efficiency. For instance, in a mass-spring system with linear compliance,
frequency adaptation for any non-sinusoidal preference path cannot result in fully natural dynamics exploitation (i.e.,
zero applied force as shown in Fig. 2a). Such inconsistencies were observed in Fig. 3b and Fig. 5a where there are nonvanishing ripples in the frequency adaptation. Our extended adaptation rule allows for modifications in the reference
path. However, finding an optimal solution is an interesting problem which lies out of the scope of this work. For this
purpose, generic and parametrized oscillators can be used to adapt not only the frequency, but also the shape of the
limit cycle to the natural dynamics of the system [49]. For example, Dynamic Movement Primitives (DMP) [50] is a
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powerful tool which employs a generic oscillator at the core, and allows for many possible transformation to generate
task-relevant motions [51]. Using nonlinear transformation as presented in [52] and [53] to create more sophisticated
trajectories for ANO is also an interesting study. In [49], we present an adaptive nonlinear-oscillator that can produce
dynamics-consistent motions for a single-joint system.
8. Conclusions
In this paper, we presented Adaptive Natural Oscillator (ANO), a tool for natural dynamics exploitation. This
tool reduces the energy consumption by means of adapting the frequency and phase of the cyclic input trajectory
according to the natural dynamics of the system; see Fig.2a, 3b, 5d, and 7b. While the adaptation rules in ANO and
AFO are structurally similar, their feedback signal, and as a result, their adaptation goals are different. In ANO, we
used applied force as the feedback for the oscillator; see Fig.1. By exploiting the natural frequency of the applied
force, ANO is able to exploit the natural dynamics of the system. Using Lyapunov stability theorem, we proved the
stability for the mass-spring system, and we studied the convergence behavior of the system in theory (Section 4.1)
and in simulation (Section 5). Moreover, for the mass-spring case, we showed that this adaptive tool minimizes the
instantaneous applied force (Section 4.2) which could potentially lead to energy consumption reduction (Section 7.1).
Even though a compliant hopper leg, compared to most robotic models, is a simple model (Section 5.1), but hybrid dynamics make this system complex enough from natural dynamics point of view. For this system, ANO adapted
the frequency of a sinusoidal input trajectory in order to reduce the applied force. However, unlike mass-spring system, the applied force did not converge to zero. From this result, we can conclude that sinusoidal trajectories are not
consistent with the natural dynamics of this system. Unreported simulations suggest that the optimal frequency is
more sensitive to the task amplitude rather than the spring constant.
We showed that by extending the adaptation mechanism to higher dimensions (i.e., higher degrees of freedom),
natural dynamics of robotic manipulators can also be exploited systematically. We proved that by incorporating the
kinematics and dynamics of a generic manipulator, a simple adaption rule can still be derived; i.e., the Extended Adaptive Natural Oscillator (EANO) (Section 4.3). Simulation of this case illustrated the efficacy of our tool for complex
systems where the energy consumption of a robotic manipulator, for performing a cyclic task, was reduced drastically;
about 93% compared to initial frequency (Fig.7d). Moreover, in order to analyze behavior of the presented method
in real world, we adapted frequency of the reference sinusoidal trajectory for a 1-DOF revolute joint (Section 6).
The results of this experiment strongly support our mathematics and show applicability of the presented method in
practice in terms of frequency convergence (Fig.7d) and energy consumption reduction (Fig.7b).
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Appendix
In manipulator systems, the task (X ∈ Rm ) is a function of joint positions (q ∈ Rn ) and the jacobian matrix is
defined as J = ∂X/∂q. Here, we assume that the controller can satisfy the perfect tracking assumption (X ≡ Xd ≡
R(θ)). According to Eq. 11, the desired path (Xd = R(θ)) in the task space is a function of θ. Also if n ≥ m, there
exists at least a periodic solution for the inverse kinematic. Specially here, we assume that n = m. Utilizing such
inverse kinematics, we can conclude that q and consequently J are functions of θ. Therefore, we have the following
properties.
Ẋ = J q̇ → q̇ = J −1 Ẋ → q̇ = L(θ)θ̇
∂R(θ)
L (θ) = J −1 (θ)
∂θ

(18)



Ẍ = J˙q̇ + J q̈ → q̈ = J −1 Ẍ − J˙q̇ →
q̈ = T (θ) θ̇2 + L (θ) θ̈
T (θ) = J −1 (θ)

(19)

∂ R(θ) ∂J(θ)
−
L (θ)
∂θ
∂θ2
2

!

According to [54], the total kinetic energy of the manipulator could be obtained as K = 0.5q̇T M (q) q̇. Regardless of
damping effects in the system, the centrifugal and Coriolis forces (i.e., C (q, q̇)) could be calculated as
C (q, q̇) =

d ∂K (q, q̇)
dt
∂q̇

−
q̈=0

∂K (q, q̇)
K (q, q̇)
∂q

As we mentioned before, the angular position and velocity of each joint of the manipulator is a function of θ. Applying
some algebraic manipulations we have:
C (q, q̇) = H (θ)θ̇2
(20)
where hi (θ) (i.e., the ith element of H(θ)) could be obtained from the following equation.

!
n 
X
 ∂mi j T
 1
∂M (q)

hi = 2
L (θ) li (θ) − L(θ)T
L (θ)

∂q
2
∂qi
j=1
In the presented equation mi j represents an element of M(q). Finally, by substituting (θ̇, θ̈) with (ω, ω̇), replacing q̈
from Eq. 19, and replacing C(q, q̇) from Eq. 20 in Eq. 10 the manipulator’s applied forces could be represented as:
τ = M(θ)L(θ) ω̇ + (M(θ)T (θ) + H(θ)) ω2 + G(θ)
| {z }
|
{z
}
Ψ(θ)

(21)

Υ(θ)

Finally, τ can be represented in the following format.
τ = Ψ(θ) ω̇ + Υ(θ) ω2 + G(θ)
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