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THE SOFT MULTI-LEGGED ROBOT TAOYAKA-S Il
-ABSTRACTION OF THE STATE-ACTION SPACE OF REINFORCEMENT LEARNING USING THE
PHYSICAL PROPERTIES OF A SOFT ROBOT-
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This paper considers the abstraction of the state-action space of reinforcement learning using the

physical properties of a soft body. In general, soft robots can adapt to complex environments owing to
their flexibility. This adaptability is utilized for abstracting the state-action space. The policy acquired

using the abstraction was found to have generality, and to greatly reduce the size of the state-action space.
The proposed framework was applied to the soft multi-legged robot TAOY AKA-S Il, and demonstrated

that the robot could easily acquire an effective policy moving within a given environment. Experiments

were conducted to demonstrate climbing motion over a pipe and walking motion over a flat surface. The

proposed framework made the policy applicable to other columnar objects without requiring additional

learning.
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Fig.1 Proposed framework
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Fig.3 TAOYAKA-SII’s flexible leg
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Fig.5 Movement of the trunk
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Table 1 State

State of the robot _ «: state of the upper leg
S /# S L Z

/”k state [ closed | neutral | opened
i: State of the upper leg j: State of the trunk
No. 0 1 2 No. 0 1
— S—
state closed | neutral | opened state
Upperleg Trunk
S closed neutral | opened | shrinked |stretched
No. 0 1 2 0 1
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.
Lower leg
S closed neutral | opened
No. 0 1 2
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Table 2 Action
action
pull the string of the upper leg to the limit

=
=

pull the string of the upper leg to the neutral position
loosen the string of the upper leg

pull the string of the trunk

loosen the string of the trunk

pull the string of the lower leg to the limit

pull the string of the lower leg to the neutral position
loosen the string of the lower leg
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Fig.7 The experiment environment
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Fig.8 Learning curve with the pipe



(c) 10th trial result (d) 20th trial result

Fig.9 Moving distance at each trial (climbing)
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Fig.10 The obtained climbing pattern
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Fig.11 The state transition diagram (climbing)
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Fig.20 The state transition diagram (walking)
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Fig.21 realized walking behavior
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