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2.1 Anti-Hebbian rule

Hebbian ¢ ¢xgsL diEZZoz gz 2oe
A% #g 23El¥ (unsupervised learning
algorithm) 224, B8& ¢F A9 fololA da] 2
qg9. dEAY d=2% Oja’s rule [6)o] ed,
Qja® normalized Hebbian rule® A% JAlstst
9, 98 diojele] FEA Y2 7} & eigenvalue
o #123lE eigenvector® oy ¥meHE AA
vt Oja®l single neuron network® 21 o|% o
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component® F£3te AQA Yol AAHA g} (R
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Foldiak® <8 principal component &% ¢l
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213 1 Foldiak's Model

3% 1€  Foldiakel AANEE networke®
self-feedback 92 & nalEx guddct. & Foldiak
o »ddid ¢&8 FAE thE Bo] Foixich
yi=x;+ g{w Ve (D
Zolxl 918 dlolele] sphering® 3] Foldivlel
MA R Y anti-Hebbian rule® thg3 o},
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2.2 Modified Anti-Hebbian rule

Anti-Hebbian rule$ stationary pointt
E{yy}=0% (714 E{:}= statistical
expectation operator® YEhgd) UEZHoZ Y 4
gold 28 {y}e Nz ABIA dLE 44 ¢
% 9Jtd, 28} Anti-Hebbian rule® €% X221
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oA L AT # gl A &8 o #4E 12
7] Y3tAME  self-feedback ¥E w,E E=4.
anti-Hebbian ruledl o4& ¥ 718 4 .

aw = p{l—y}) (3

2.3 Natural Gradient-based decorrelation
algorithm

%582 dependency® o171 A3 YA w4
#eez gnygsSes oA R, HAA Gaussian
modelSl 2% ©ol8l sphering )W decorrelation®l
A8 g4z 29 F AT RejAth
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3% 2 Fully-connected Network
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A3 A 2" A A FAE7 48 Hgso do
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0.5025 0.4982 (.4987

Rx=10.4982 0.5018 0.4979

0.4987 0.4979 0.4974
e A A9 2xYdEFL HEP ¥ 3=
Anti-Hebbian rule(AH) 2] weight matrix &} A%z,
Y 4L Modified Anti-Hebbian rule(MMAH) ¢ weight
matrix2] #HEol, Y 55 o] =EAAM AL Q2=
¥ 2P ENA)Y HAEol} E
A2 g 2N98, 29 29 IFA networke 2 A g3
Atk A5 dFES dEde] e H4¥S EH HEgE
o= 7},4}1:0.004, 77MAH=O.001, 7NA=O~007§ A
A3 A
Performance Index & »3& y,9 && windowing 3}
AAM cross-correlation &g FAIT el ¥ 69 Y
e Qlth

0.2437  0.0014 —0.0014

Rysy=] 0.0014  0.2604 —-0.0002}
—0.0014 —0.0002 0.1008

1.0053 0.0061 —0.0025

Rymyz{ 0.0061 1.0079 0.00531
—0.0025 0.0053 1.0021

1.0160  0.0085 —0.0087

Ry,v,q={ 0.0085  1.0219 —0.0015}
—0.0087 —0.0015 1.0153

el PP A Ao 23 Fo] FHEI o]F9 FEA
g vehdz gtk o] HFM & £ UK
Anti-Hebbian ruleg] T84 382 iz #ol &A 4
% ¢ F Utk

4.4 &

£ =FdMe AR 8 73t dolE sphering
< A% risk ¥FE AAEYR, A2 Amari (5]
o)z} AAE natural gradient® £, AL Holg
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X = Anti-Hebbian
< = Modified Anti-Hebbian
O = Natural Gradient
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1% 4 Modified Anti-Hebbian rule
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