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Implementing torque controllers on legged robots exposes
the fact that current models often do not fully capture
the real dynamics. As a consequence, high feedback gains
are required, performance suffers, and in the worst case,
instabilities occur. Improving the accuracy of the equations
of motion would increase the effectiveness of model-based
controllers, state estimators, and dynamic motion planners.

Parameter identification methods have been extensively
explored in robotics research and applied to legged systems
[1]. However, due to the fixed basis functions, parametric
models struggle to capture general unmodelled phenomena.
In an effort to overcome this, it has been shown that gen-
eral supervised learning techniques can effectively capture
unmodelled dynamics for robotic manipulators [2][3]. Yet,
to the best of our knowledge, such methods have not been
applied to the case of legged robots. The presence of contact
forces, which are often difficult to estimate, as well as the
large state space provide new challenges on these type of
systems.

In this work we propose a new formulation for learning
a structured error in the dynamics of legged robots. Such
error term is learned from experimental data. We project the
equations of motion on the constraint-consistent subspace,
such that contact force measurements are no longer required.
Then, by explicitly aligning the learned model with the
constraint Jacobians, a model is obtained that generalizes
across all possible contact configurations.

General function fitting techniques are used to learn the
force error term as a function of the generalized coordinates,
velocities, and accelerations. To this end we explore the use
of Locally weighted projection regression (LWPR) [4] and
Gaussian Process Regression (GPR) [5].

We demonstrate our approach on the torque-controlled
quadruped robot shown in Fig 1. The learned model is used
in an existing inverse dynamics controller [6]. Experiments
show that the controller requires significantly less feedback
torque when using a learned model instead of the nominal
model. Improved tracking of the joint angles is also observed.
Fig. 2 shows the contribution of the feedback controller
during the leg swing phase. The nominal controller highly
relies on feedback, whereas the one based on learning
predominantly uses the feedforward signal. Moreover, the
inherent delay of relying on feedback becomes apparent.

Both learning methods show similar results in terms of
model predictions and resulting quality of the controller.
However, LWPR requests less computation for learning and
prediction, whereas GPR is able to obtain similar prediction
performance with much less data.

Fig. 1: Our Hydraulically-actuated quadruped (HyQ) robot perform-
ing a walking motion.
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Fig. 2: Feedforward and feedback torques in the left front knee joint
during a walking motion. A leg swing occurs for t ∈ [0.67, 0.93].
The performance of an inverse dynamics controller with the nominal
and the learned LWPR model is compared.
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