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Abstract— We present a whole-body optimization methodol-
ogy for non-periodic tasks on quadrupedal systems (rearing and
pose recovery). This approach delivers solutions involving mul-
tiple contacts without the need for predefined feet placements.
The results obtained show the potential of such methods for
motion synthesis in the context of complex tasks. The work
described has been presented in detail in [1].

I. INTRODUCTION

A fully autonomous locomotion system would have to
complete a heterogeneous range of tasks, some of which
would require non-periodic solutions which could be de-
scribed as single-shot movements. Examples in quadrupedal
locomotion include rearing, overcoming an obstacle or gap,
squat-jumping in place, posture and fall recovery.

Currently, the majority of robotic systems operating in an
unsafe, disorganized and cluttered environment (e.g., search
and rescue missions, disaster response, nuclear decommis-
sioning) have to rely heavily on teleoperation in order to
achieve their objectives. Optimization and learning method-
ologies could deliver solutions for such scenarios by using
high-level task specifications, in the form of an evaluation
criterion of the overall performance of the emerging behavior.

II. STATE OF THE ART

The relationship between learning and optimization has
been under analysis for a long time [2], [3]. However, it
is only in the recent past that their use has been extended
to high dimensional problems, common to modern multi-
degree-of-freedom (DoF) robotics applications. Various opti-
mization techniques were proposed for dealing with multiple
contact events. One popular approach is based on online
Model Predictive Control (MPC) [4], [5]. Methods such as
Policy Improvement with Path Integrals (PI2) [6], based on
stochastic optimal control principles, were also successful
in generating optimal solutions for robotic systems [7], [8].
The Covariance Matrix Adaptation (CMA) algorithm [9] has
been similarly used to generate whole body movements [10].

Another major challenge is solving such high-level tasks
without the use of pre-defined heuristics such as hard-coded
sequences or feet placements [11]. In spite of the significant
efforts in the area of fall avoidance, comparatively little
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research has focused on developing generalized self-righting
techniques [12], [13].

III. OUR METHODOLOGY

We address this issue by providing a generalized approach
for delivering whole body movement solutions. We use a
CMA evolution strategy based procedure to address dy-
namic non-periodic tasks for a quadrupedal robotic system:
rearing and posture recovery. A direct optimization tech-
nique on the time-parametrized joint or torque trajectories
would involve an inconveniently large search space. Hence,
we use a parametrized policy to encode these profiles,
represented as a weighted average of Gaussian kernels:
f(t) =

∑M
i=1 wiφi(t)/

∑M
i=1 φi(t), where wi are the weights

associated with each kernel φi, i ∈ [1,M ], defined by:
φi(t) = exp(− 1

2σ2 (t− µi)).
The CMA algorithm is then used to optimize the weights

of all policies according to a task specific cost function,
applied to the whole body trajectory generated through the
parametrized policy. In our experiments we use 12 such
representations, one for each DoF of the quadrupedal system.

IV. SIMULATION RESULTS

Using a realistic simulation of the hydraulically actuated
HyQ2Max quadruped [14], we investigate two distinctive
tasks: rearing and posture recovery. We employ a generalized
form for the cost function, while adjusting the relative gains
of each term according to the current task. Although tuning
the relative weights of such cost functions is a manual
process, a heuristic encoding of the same behavior would
require a significantly higher effort.

By exploiting the whole body model in order to obtain the
solution, the optimization does not have to depend upon a
pre-specified solution guess and can overcome errors caused
by the use of simplified models. The resultant trajectories
and the accuracy with which the user defined goals are
achieved are reflecting the relative ratios of the weights on
the individual cost function terms.

V. CONCLUSION AND FUTURE DIRECTIONS

The approach is able to provide trajectory solutions which
involve multiple contacts, without any predefined feet place-
ment heuristics (e.g., contact points, timing or order of
succession). We aim to extend the methodology to deliver
an optimal duration for the given task, while the final pose
is fully determined, based on subsequent requirements. In the
long term we aspire to develop a general tool for generating
optimal dynamic whole-body motions that are not necessarily
periodic in nature.
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