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Morimoto J. and Doya K.: Acquisition of stand-up behavior by a real robot using
hierarchical reinforcement learning. Robotics and Autonomous Systems, 36,37-51 (2001)
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Learn appropriate actions and sub-goals for
the observed situation.

— Database initialized with supervised data;
observes human player.

— Actions: Right bank shot, left bank shot,
etc.

Learn by adjusting the distance to the query
point within the database.

— Data is retrieved using locally weighted
learning (LWL) techniques.

— Weights are updated using Q learning
techniques.

« Agent receives feedback (reward
and penalty) while playing.
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Darrin C. Bentivegna (darrin@atr.jp)
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ASD Biomarker Generalization across
the Pacific Ocean

Training data

&

Learning of ASD/

NC classifier
by L1-regularized CCA

Q%’ and SLR 85%

114 Normal

2 74ASD Application
I v to the
Tokyo Univ Second
. Cohort
Test data Q@? v
34 Normal
o sites 75%
IN 2
v
USA i
34 ASD Yahata N., et al.

revised manuscript submitted
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Supplementary Table 4 | Classification performances for the Japanese discovery cohort and the USA independent validation

cohort when only a subset of the Japanese three sites was used for training the ASD classifier.

Accuracy (%)
Dataset
Site 1 Site 2 Site 1+Site 2 Site 1+Site 3 Site 2+Site 3 Mean + SD
JP LOOCV 75.3 48.0 83.8 68.9 67.6 68.7+13.2
US Generalization 53.4 52.3 65.7 63.6 73.9 61.8+9.0
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