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Learning Control for Soft Robots: Efficient Model-based
Learning Approaches

HAMAYA Masashi

We develop an automatic assembly system using a soft robot. Thanks to the physical softness, the robot can inter-
act with the environment safely, resulting in a significantly easier setup for the robotic system. Meanwhile, as the
dynamics model becomes complex due to the softness, we need to use learning-based approaches. However, a
large amount of taring data might not be preferable for real robot applications. To deal with this problem, we
developed model-based learning approaches, which are efficient and suitable for real robot applications. This arti-
cle introduces our recent studies using model-based learning approaches: 1) lower-dimensional dynamics models

by leveraging subtask segmentation and physical softness and 2) model-based Sim-to-Real transfer learning for

multiple environments.
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(a) Lower dimensional dynamics using environment and softness
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(b) Model-based multiple environment sim-to-real transfer
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