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Human level dexterity is still a challenge

Many possibilities for dexterity and
manipulation.

High numbers of control variables
— difficult to control. (OpenAl et al., 2019)




Inspiration from human dexterity

At Human level

Broad range of motions . .
& = Robotic manipulators
Lot of actuators

Muscles co-activation (synergies)

(Feix et al., 2016)
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Can we learn a low dimensional representation for
robotic manipulators ?



Describing the robotic manipulator

2 q1,q2 : Jointangles
&% g
az x : End-effector position
l
x =f(q)

Jacobian J(q) = V,f




The manipulator’s representation can be simplified
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The manipulator’s representation can be simplified
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Autoencoders used as a non-linear mapping

Classic Autoencoder




Classic autoencoder has no guarantees on the projection
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Constrained autoencoder ensures projection property

» Decoder is left inverse of Encoder

» Autoencoder’s structure is
constrained S
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(Friedl et al., 2025; Otto et al., 2023)



Classic autoencoder loss ignores manipulator structure
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Classic AE treats the error on g; and go
similarly.
1
Errors on g1 and g» are not equivalent w.r.t |
2

the end-effector position x.




Classic autoencoder loss ignores manipulator structure
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The jacobian can be used as an optimization weight

Our Autoencoder
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We can apply this to a 2 DoF manipulator

g2

I = Nominal trajectory
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We can apply this to a 2 DoF manipulator
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Our learned representation is close to nominal joint trajectory
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Our learned representation is close to nominal joint trajectory
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Our learned representation is close to nominal joint trajectory
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Our learned representation is close to nominal joint trajectory
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Our learned representation is close to the nominal

end-effector position
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Further perspectives

Increase the number of DoF

Analysis of dynamic behaviour

Control the manipulator using the reduced coordinates
Experiment on a real robot
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