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Modeling Tool-Body Assimilation using Second-Order Recurrent Neural Network
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Abstract— In this paper, the authors present a tool-body assimilation model using a second-order recurrent
neural network. The model is composed of a dynamics learning module, tool recognition module, and a fea-
ture extraction module, each using Multiple Time-scales Recurrent Neural Network (MTRNN), second-order
hierarchical neural network, and Self-Organizing Map (SOM), respectively. The second-order hierarchical
neural network inputs a parametric bias (PB), representing the tool the robot is holding. Experiments were
conducted with HRP-2 holding no tool, I-shaped, T-shaped, and L-shaped tools. The model was capable
of self-organizing the grasped tool in the PB using wave motion. Motion generation experiment has shown
that the robot learned the characteristic of the hooked shape to pull an object.
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Fig.5 Scene of Experiment

Number Motion Type

Initial — (1f, d00 ) —> (1If, d45)
Initial = (If, d00 ) = ('In, d00 )
Initial — (If, d00) — (In, d45)
Initial —> (I, d00 ) — (1f, d00 )
Tnitial — ( 1f, d00 ) —> (n, d00 )
Initial — (I, d45) — (If, d00)
Initial —> (1If, d45) — (In, d00 )
Initial = (', d00 ) — (If, d00 )
Initial — (n, d45 ) —> (1f, d00 )

d00 : wrist facing vertical
d45 : wrist facing diagonal (45 degrees)
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Fig.6 Training Motions
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Table 1 Construction of Model

No. of Motor Input Nodes 7
No. of Image Feature Input Nodes | 9
No. of Fast Context Nodes 45
No. of Slow Context Nodes 15
No. of Parametric Bias Nodes 2
No. of Input Nodes for SOM 576
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Table 2 Motion Set for PB Determination
Motion Set

Motion Patterns
2,3,6,8
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Fig.7 Self-Organized PB Space of Tools
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Fig.9 Generated Mo-
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Fig.10 Generated Mo-
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Fig.11 Generated Mo-
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