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B Reservoir Computing (Maas 2002, Jaeger 2003)

traditional, e.g. BPTT: all connections ESN training: train only output
are trained. weights. L]
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(Jaeger, 2009)

B FORCE-learning: Sussillo and Abbott (2009)
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gradient learning
/recursive least square
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transitional con5|stency
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® HIFTI1)LA(particle filter, sampling importance resampling: SIR) :
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observation and particles simulation model for particles
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}5:1 : N particles at time t-1

new observation y,=> filtered distribution from the Bayes’ rule
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new particles at time t !
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(Nakano et al., 2007)
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