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Motion Generation based on Reliable Predictability of Object Dynamics

*Shun NISHIDE (Kyoto Univ.), Tetsuya OGATA (Kyoto Univ.), Jun TANI (RIKEN),
Kazunori KOMATANI (Kyoto Univ.) Hiroshi G. OKUNO (Kyoto Univ.)

Abstract— In this paper, the authors present a technique for generating autonomous object pushing motions
based on reliable predictability. The technique first creates an internal model of the robot and object through

active sensing experiences using Recurrent Neural Network with Parametric Bias.

Next, the technique

searches through the model for the most predictable object dynamics and corresponding robot motion based
on consistency of experiences. Finally, the static object image is linked to the acquired robot motion using a
hierarchical neural network. Experiments with cylindrical objects resulted in generation of consistent rolling
motions of the objects denoting the effectivity of the technique.
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Fig.1 Schematic Diagram of Proposed Technique
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