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1 Introduction

Recently, many hand-like robotic manipulators with high
degrees of freedom have been developed. Specifically, an-
thropomorphic robotic hand models such as the Shadow
Hand by Shadow Robot are highly redundant and offer sig-
nificant potential for effective object manipulation. How-
ever, controlling such systems is difficult due to the high
dimensionality of the joint space [1]. Paradoxically, those
kinds of manipulations are deemed easy for humans who do
not control each joint of their hand individually but rather
use a low-dimensional representation of their hand to per-
form the manipulation often referred to as synergies [2].

In this work, we propose to learn the manifolds in the joint
space resulting from the synergies via a robotic manipulator
using an autoencoder. We will see how the learned mani-
folds can be analyzed and used to simplify the control of the
manipulator.

2 Generalized coordinates manifold mapping

First of all, we state the problem from a rigid body dynamics
point of view. For a particular robotic manipulator, we have
the following dynamics equations:

M(q)q̈+C(q, q̇)q̇+G(q) = τ, (1)

where q are the joint angles, q̇ the joint velocities, q̈ the
joint accelerations, τ the joint torques, M(q) the mass ma-
trix, C(q, q̇) the Coriolis matrix, and G(q) the gravity vector.
Usually, we define a mapping between the low-dimensional
space of the generalized coordinates S to the full dimen-
sional space of the joint angles Q:

h : S → Q. (2)

We can see S as the space of the manifold coordinates that
lies in the space Q. Our goal is to learn that manifold S
through h using collections of data obtained from manipula-
tors in execution.

3 Learning the manifold

To learn the manifold S , we propose to use an autoencoder,
a now common non-linear reduction technique. The autoen-
coder comprises two main parts: an encoder and a decoder.
The encoder maps the high-dimensional space Q to the low-
dimensional space S , while the decoder maps the other way

around. Denoting the encoder as Eθ and the decoder as Dφ ,
with θ and φ the parameters of the encoder and decoder re-
spectively, we have

Eθ : Q → S (3)
Dφ : S → Q (4)

In our case, Dφ will act as the mapping h defined in (2) and,
ideally, we want Dφ =E−1

θ
. During the optimization process

of θ and φ , we want to minimize the difference between
the input and the output of the autoencoder while remain-
ing consistent with the topology of the robotic manipulator.
Drawing inspiration from physics-informed machine learn-
ing [3], [4], the desired consistency is constrained using the
mass matrix M(q) and the Jacobian matrix of the robotic
manipulator linking the joint space and the cartesian space.

Once the optimization process is completed, we can analyze
the learned manifold S and the dynamics of the robotic ma-
nipulator on that manifold.

4 Application

Eventually, we want to apply this method to the anthropo-
morphic hand from Shadow Robot. The data from this par-
ticular manipulator are collected by the use of a teleopera-
tion system with a human operator.

We will illustrate our proposed method and look at the
emerging manifolds on simple tasks as a proof of concept
and then, on the robotic hand.

Finally, our approach is meant to be used to control a robotic
hand by using only a few degrees of freedom.
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