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Table 1 Physical parameters of the robot.
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Fig.5 The average of reward acquired during trials

in 5 out of 15 successful experiments: 1st, 4th,
8th, 11th, and 15th in the increasing order of
trials required for successful stand-up. A low-
pass filter with 100 trial time constant was
used for smoothing.
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Fig.6 Stand-up motion sequence: (a) 1st trial (b) 100th trial (c) 1000th trial (d)

2000th trial (t: simulation time [s])
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Fig.9 (a) Learned value functions. The position

shown by “o” denotes the posture of the
robot shown in (b). After 0.1 second, the
robot moved from the position “o0 ” to the po-
sition “‘0”. (Top figure): The value function
increases as the robot raises its upper body.
(Bottom figure): The value function increases
as the robot stretches its knee and hip.
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Fig.10 The average of reward acquired during tri-

als using GNGnet (A low-pass filter with 100
trial time constant was used for smoothing).
The average of reward acquired during trials
did not increase after 5000 trials.
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Fig.11 The average of reward acquired during trials

using RBF as a basis function (A low-pass fil-
ter with 100 trial time constant was used for
smoothing): 1st, 5th, 10th, 15th, and 20th in
the increasing order of basis functions gener-
ated in 4000 trials.
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Table A-1 Ground friction and servo gain.
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