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1. ¥ANITNIBIHIUUDY (band-pass filter bank) s dyadouniiuig
NIBIIULOUYANINT  NRUF NN NVDRIUUANAIAY 2993NFBFIUUDUIAAZ T 1A

o (4 4'

v o @ o ' { 1 H 3 9y
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2.4.1.1 YUABUMISAN (training) TITBATIAAITN

Multi-layer perceptron neural network 1¥msin (training) WU error

backpropagation 1350 generalized delta rule A9LE m"lug 1 2.3

iP oP 0
NETWORK » X =
V\

A

AW eP

=S

519 2.3 Tassadraveansiln

<

]
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[ o w < a
o’ UNUAINABS output pattern MAVT p 7 v INKTiAGTA
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P 1 o o w A d'sl
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E  unum learning rate
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o U o p o 9 s 1 L4 a
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bl 11 2.4 Tasearaves multi-layer perceptron neural network
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2nep s odard P —({P _ P\ f! P
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11945 . A P b4 4 P )
dmiuTnualy internal layer 6} = fi(net! )25,. w, We o, fhsh
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