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Figure 1: Quadruped running with 12 DoF. Learning individual joint motions for each leg. A synchronized gait in the front-back leg pairs emerges naturally.

can be shown the signal generator yields a cosine using Taylor expansion (Figure 2 and 3). To impose the mean of the signal to be at
zero
C(β (λ )) = −0.5(eβ (λ ) + e−β (λ ) )
(3)
is included as the centering term, and
N(β (λ )) =

(1)

where a, ω and θ are the magnitude, angular frequency and phase
of the signal cycle, and
β (λ ) = tanh−1 (λ ), −1 < λ < 1

(2)

is the impulse shape control function. When |λ | = 1 the signal
transforms into a periodic unit impulse. In case of limλ →0 f (t) it
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(4)
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2 M ETHODOLOGY
2.1 Motion Generator
The motion of each degree of freedom (DoF) of the character is
set to follow a periodic signal with varying magnitude, frequency,
phase and impulse shape, covering the whole manifold of all cyclic
motion trajectories. It is a time-dependent function of the form


f (t) = aN(β (λ )) eβ (λ )cos(ωt+θ ) +C(β (λ ))

2
eβ (λ ) − e−β (λ )

normalizes the signal magnitude to always remain in [−1, +1]. The
proposed function is somewhat similar to a duty cycle function except that 1) it is Ck continuous, which makes it suitable for tracking
both joint position and velocity, and 2) it can shift its shape from a
sinusoid to an impulse using the special parameter λ . In our experiments we found λ to be a key state variable that is highly favoured
by the optimization to enable the creature successfully deal with
large perturbations when making contacts with the ground.
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1 I NTRODUCTION
We present an automatic system to generate locomotion gaits with
different speeds and styles for imaginary terrestrial creatures. Despite the great achievements in this domain, like the nominal evolutionary work by Karl Sims [4], optimal gait for animal locomotion [5], or the recent develeopments in the field of reinforcement
learning [3] [6], there are still only a few options in designing an
automatic tool to make a creature run given only information on
its shape. We propose a gradient free optimization approach that
requires no intuition on the locomotion task, which is particularly
useful when animating creatures which are extinct or fanciful. Inspired by the periodic nature of muscle dynamics in real animals, at
the core of our approach lies a periodic signal generator that spans
the space of continuous cyclic curves that are used as desired reference motion trajectories for joint PD controllers to move the character. We then use CMA-ES, a gradient free optimization technique, to search for those signal parameters that minimize a given
cost function of traveled distance and speed. We show that finding natural gaits is possible even without relying on a good initial
or pre-authored motion, and the resulting locomotions are both visually plausible and complex. To demonstrate the effectiveness of
our method, we synthesize dynamic locomotions of a quadruped, a
hexaped and an imaginary biped with a rolling ball attached to its
end. The current framework only constructs open-loop controllers.
Despite producing fairly stable motions we intend to improve the
stability of creature motions by also learning balance feedback policies in future work.
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Figure 2: Varying λ values. Note the sinusoid at λ = 0 and impulses
at the λ boundaries.

2.2

Tracking

We use a Proportional Derivative (PD) controller to track the reference time trajectories from Equation 1. Conventional PD controllers often suffer from stability issues, particularly for long multibody chains, partially due to the absence of the inertia term in their
formulation. While in a somewhat tedious process one can tune the
gains for individual joints to improve the stability of tracking, we
use an alternative method of tuning soft constraint parameters in our
physics engine (Bullet). In this approach both the proportional and

a rolling body part. While we found using hinge joints sufficient to
generate inetersting motions in a low dimensional space, there are
no restrictions to use other joint types like a spherical joint. Figure 4 shows the reference time trajectories of one leg of the biped
with 3 joints. The same signals are applied to the opposite leg with
π
2 phase shift to impose symmetry. We could have likewise optimized for both legs separately to give a different gait, like what we
did with the quadruped. Figure 5 demonstrates the convergence of
CMA for the same problem in about 7 wall clock minutes.
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Figure 3: Varying λ vs time. Red regions are positive and blue regions are negative magnitudes, demonstrating symmetry on the opposite sides of λ .
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2.3 Optimization
We use a popular derivative free optimization of Covariant Matrix
Adaptation Evolutionary Strategy (CMA-ES) [2]. The goal of the
optimization is to find the best set of control parameters in the signal
generator function that minimizes a cost function of the form
C = wd

1
+ w j j + wb b,
d

Figure 4: Optimized reference trajectories for each 1-DoF joint of the
biped. Green: hip, cyan: knee, orange: ankle.

Cost

derivative gains are mapped to the error reduction parameter (ERP)
and constraint force mixing (CFM) of a motorized joints. This will
result in higher stability of the controller with larger simulation time
steps as well as using the same stiffness and damping values for all
the joints. For further details on tracking with soft constraints the
reader is referred to [1].

(5)

where d is the distance traveled by the character in the duration of
the experiment, j and b are the penalty terms for preventing the
character from jumping too high or falling over, and wd , w j and
wb are the corresponding weighting terms. In a nutshell, this simple cost function encourages the simulated character to move as
fast and as farthest as it can. We are planning to add an energy
term to the cost function to achieve more energy efficient locomotion gaits. In a typical optimization scenario we experiment with
different sets of available parameters in Equation 1. For example,
we can manually set the frequency ω and the phase shift θ but let
the optimization find the impulse shape λ and the cycle magnitude
a. We can opt for different optimization state variables for each
joint DoF, or likewise learn the motion of one leg and mirror the
signal onto the rest of the legs with an additional phase shift variable found by the optimization. Note that the choice of β (λ ) as the
impulse shape regulator is important because it might pose sensitivity issues during CMA sampling. We already experimented with
a power function as well as sinh−1 instead of tanh−1 in Equation 2.
While a power function and sinh−1 make better uniform samplings
possible, tanh−1 makes the equation mathematically more consistent to produce perfect impulse on the boundaries of λ . Other λ
regulators that satisfy the signal cycle function will be explored in
the progress of this project.
3 P RELIMINARY R ESULTS
We run our experiments on a 12-core 2.7 GHz CPU. Typically we
learn a motion cycle over a few seconds and test it for about one
minute. As demonstrated in the supplementary video, we experimented with a hexaped, a quadruped and an imaginary biped with

Iteration
Figure 5: CMA convergence (red) and cost evaluations (blue).

4 C ONCLUSION
We show that with a straightforward setup we can achieve rich and
plausible locomotions for imaginary creatures. We continue to explore different signal generators, an energy term in the cost function
and the possibility to learn feedback policies to improve the stability of the synthesized motion.
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