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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)	




 

  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�

Atkeson CG, Hale J, Pollick F, Riley M, Kotosaka S, Schaal S, Shibata T, Tevatia G, Vijayakumar S, Ude A, 
Kawato M: Using humanoid robots to study human behavior. IEEE Intelligent Systems, 15, 46-56 (2000).
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(Machine Intelligence)

Michael Jordan, Zoubin Ghahramani, 
Sethu Vijayakumar 
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Toda A, Imamizu H, Kawato M, Sato M: Reconstruction of two-dimensional movement trajectories from 
selected magnetoencephalography cortical currents by combined sparse Bayesian methods, NeuroImage, 54, 
892-905 (2011) 

Yamashita O, Sato M, Yoshioka  T, Tong F, Kamitani Y: Sparse estimation automatically selects voxels 
relevant for the decoding of fMRI activity patterns, NeuroImage, 42, 1414-1429 (2008) 
 



（２ ３秒おきに１ボリューム撮像）
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Laird AR et al.
(2011) J. Cog. 
Neurosci. 4022 
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Science
Frontiers in Human Neuroscience



MRI 

GE, Philips 50 70 120 

Siemens 0 0 0 

Philips 89 93 182 

Siemens 46 32 78 

Siemens 67 109 176 

GE, Siemens 180 287 467 

CiNET Siemens 17 17 34 

ATR Siemens - 0 102 102 

449 710 1159 



ATR内にさかい京阪奈クリニックを誘致(2016年2月1日開業)�
  ATRの先進的な脳計測及び解析技術を、精神疾患患者を対象として、

即座に安全に検証できる臨床応用拠点�
  臨床・脳科学の双方に精通した専任医師2名が勤務�

ATR内クリニック(さかい京阪奈クリニック)�

精神疾患診断・治療の�
臨床応用拠点構築�

吹き抜けに面した�
2階廊下を通りクリニックへ�

明るい中庭に面し、落ち着いて�
診察を受けられるクリニック�

酒井雄希�院長� 山田貴志�医師�
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Dr. Tom Insel 
Former NIMH director 
Moved to Google in 2015
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Diagnosi 0.69

Site A 0.84

Site B 0.65

Site C 0.77

Age 0.65

Sex 0.71

Eyes(open/closed 0.80

Antipsychotic 0.55

Antidepressant 0.70

Anxiolytic 0.88

 
   
   
   
   

	  

(ASD )

Sparse	  Logis�c	  Regression(SLR)

Sparse	  Canonical	  Correla�on	  Analysis	  (SCCA)
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判別結果 ＡＳＤ定型発達

結合強度の重み付け和
(ASD度)

人
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日 本
ＡＳＤ
定型発達

Yahata N, Morimoto J, Hashimoto R, Lisi G, Shibata K, Kawakubo Y, Kuwabara H, Kuroda M, Yamada T, Megumi F, 
Imamizu H, Nanez JE,  Takahashi H, Okamoto Y, Kasai K, Kato N, Sasaki Y, Watanabe T, Kawato M : A small number of 
abnormal brain connections predicts adult autism spectrum disorder, Nature Communications, 7:11254, (2016)
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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. 

 

Dataset 
Accuracy (%) 

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 

	  
  ATR ATR 	  
  ATR BMI



   
   
   

–  (
 

 
 

 

 



  IT 	  
 

	  
  NIPS

	  
  	  
  	  
 
TDNN ATR

BMI
	  


