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2. Recurrent Neural Network 14
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3. Long Short-Term Memory Architecture 18
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© LR BHE (77 1 150) Sl BECE
method hidden units # weights | learning rate % of success success after
RTRL 3 ~ 170 0.05 “some fraction” 173,000
RTRL 12 ~ 494 0.1 “some fraction” 25,000
ELM 15 ~ 435 0 >200,000
RCC 7-9 ~ 119-198 50 182,000
LSTM | 4 blocks, size 1 264 0.1 100 39,740
LSTM | 3 blocks, size 2 276 0.1 100 21,730
LSTM | 3 blocks, size 2 276 0.2 97 14,060
LSTM | 4 blocks, size 1 264 0.5 97 9,500
LSTM | 3 blocks, size 2 276 0.5 100 8,440
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2. REAREIBAT — %, AN/ A XLL

b
Method | Delay p | Learning rate | # weights | % Successful trials | Success after
RTRL 1 1.0 36 78 1,043,000
RTRL 1 4.0 36 56 892,000
RTRL 1 10.0 36 22 254,000
RTRL 10 1.0-10.0 144 0 > 5,000,000
RTRL 100 1.0-10.0 10404 0 > 5,000,000
BPTT 100 1.0-10.0 10404 0 > 5,000,000

CH 100 1.0 10506 33 32,400

LSTM 100 1.0 10504 100 5,040
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3. REARIEAT—%, AAIC/ 41 XHY
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T N | stop: ST1 | stop: ST2 | # weights | ST2: fraction misclassified
100 | 3 27,380 39.850 102 0.000195
100 | 1 58,370 64,330 102 0.000117
1000 | 3 446,850 452,460 102 0.000078
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T minimal lag | # weights | # wrong predictions | Success after
100 50 93 1 out of 2560 74,000
500 250 93 0 out of 2560 209,000
1000 500 93 1 out of 2560 853,000
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B Conclusion
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Appendix 35
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