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Representation, Recall, and Replay of Tool Operation with Target State Transition

«N. Shimada (Ritsumeikan University), T. Matsuo (Ritsumeikan University)

Abstract— When a human manipulates a tool, the person not just grasps it but also may manipulates it
with hands and fingers, so that it change its orientation and position, or deform the shape. Furthermore,
according to the state transition of such object, the next operation is performed as a larger scale process by
a series of such operations. We discuss what is necessary to and how to describe such manipulation process

and reproduce the behavior by a robot.

Index terms— Object handling, Mimicking human behaviors, Process modeling
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Fig. 1: picking out a teabag in a box
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Fig. 2: Overview of the method
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Fig. 3: 16 training objects
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Fig. 5: Recalled grasping images for 3-D shapes of
object parts
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Fig. 7: Examples of training scene images for learning
Sparse Auto-Encoder
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Fig. 8: Network structure of the Auto-Encoder
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Fig. 9: Examples of training actions for learning
LSTM model



Next skeleton & scene

Output
— ey e
layer [ee-eTee o]
“’) LST™M
) [0 0] v (600 dim.)
Hidden 1
layer ‘
i K ~ LsT™M
Use to next 00 - . >(600 dim.)
prediction A
Input :m[m m[m,’m """""""""
layer )
Current Current Goal Goal ! Time until the goal
skeleton scene skeleton scene :(skc'ulo'\, scene; 2dim.)
(75 dim.) (S0 dim.) (75 dim.) (50 dim.) ' .
Fully Connected NN
s - (50dim.)
1 1
Fully Connected NN
1
|._ (200 dim.)

im im.) 5 dim.) {50 dim.
e 3

the current scene
depth image

the goal scene
depth image

Fig. 10: Network structure of human action and scene
change estimator
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Fig. 11 shows the result of recalling by the model.
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Fig. 11: The result of the human actions and the scene
change recalling; Blue marks are the person’s skeleton
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