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K. Levenberg, "A method for the solution of certain problems in least squares.” Quarterly of Applied Machematics, 5, pp. 164-168, 1944,
D. Marquardt, "An algorithm for least-squares estimation of nonlinear parameters," SIAM J. Appl. Math., vol. 11, no. 2, pp. 431-441, Jun. 1963
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Feedforward ANNs: RIEHENAT R

RBAH
= [Bh/E1Dfeedforward ANN
. {EE D Boolean function NEIRTESH(“TES” Z&IFEB. AND-OR RykT—U%EL)
. EBEO B R:EHBH bounded continuous function (fEE ¥ E T3 {8l) [Funahashi, 1989;
Cybenko, 1989; Hornik et a/, 1989]

= VU EARBB(TEED KLY BERASK basis functions; (1FIF) BATASEFITRIMGEEL
= ANNs ASE{EIE 57 RI%k: Network Efficiently Representable Functions (NERFS) - 4583 (+1& T
ZFTLVELY [Russell and Norvig, 1995]
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ANNs DEZFE

BEEDEZLNDMDORR
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« DHTEDRL, +RITFEBETELL (“underfitting”)
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- ERE B AER T XINETIL) OB (B BE) KYER(EOBE) OBE#HN S
- BTELLEBEE
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. ER2REEXESLVBROSEXTAMT S

« T BHEESEAER attribute subset selection (pre-filter #7#=(% wrapper)
- O
. cross-validation (CV)
. Weight decay: TRyY IR BE—EETHERER) RIDSED
= FB/[E148: random restarts: FHTEZE T H LITH AT, FEFF O addition and deletion
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S. Amari, N. Murata, K.-R. Muller, M Finke and H. H. Yang, Asymptotic Statistical Theory of Overtraining and Cross-Validation, IEEE
Transactions on Neural Networks, Vol. 8, No. 5, pp. 985-996, 1997.
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= KEELOFzZ1—OY
= Neuroids [Valiant, 1994]
- TNTROBFRFHREEED
« TAThOBEHFRAFERLE->THED (F(F REBICHORES1EH)
= EGEERYET—IETIL
- IVELTSIOMHE
- EARFF2EBEO—HELTERIRZND
= SVRT=F4VT
»  R/3A%+-=2—0O spiking neurons [Maass and Schmitt, 1997]
- EBESAHAORETIIEN
= RAOIBMOEOThABKRELD
= HULE3—F 124 temporal coding Tl rate coding AL, ZHIEEHETE
BATRE
= FLLVEHRA
« JEMEMIEL [Stein and Meredith, 1993; Seguin, 1998]

= R/3A%+-=2—AY-ET)L spiking neuron model
102

ESN: ALZEHo7=NN

ESN: Echo State Network
Jaeger H. and Haas, H. Harnessing nonlinearity: Predicting chaotic systems and
saving energy in wireless communication. Science, 304:78-80, 2004.
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i The Mackey Glass system

= Chaotic attractor® & - - -dynamical system
DEED=ODTAMKRE 2S5—F=HELLY
y(O)=ay(t—7) 1+ y(t=7)") = (1)
INTA—BFLUTDOLSIZETE
a=02,4=10,y=0.1
Mildz®E 7=17  -widzgz 7 =30

—REHE 02y(n—17/5)

y(n+1)= y(ﬂ)+5(l+y(n_r/5),0 =0.1y(n))
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