[Chapter 1: EEELFF last pages 14 & 15 ]

m Global sense

= Limitation of Boolean operation + ~....
= Neural model operation

m See figures in Cheaper 1

= Hyperspace R % B.18+B.26

= Solution space of Boolean neurons
and cellular automata Chap. 7+8, B.1
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[Chapter 2 EEHEE
m McCulloch-Pitts neurons 1943
= Perceptron 1957
= LMS learning, Widrow 1960
= Perceptrons,
= Minsky and Papert 1967
= Solution space 2005 2010

Training & learning behaviors
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[Solution space 2005 2010

Solve, by training & learning,

Boolean algebra

Linear algebra

Logic circuit

Graph theory

Geometrical representation
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[Two leaps

Widrow 1960, linear neuron, LMS

Sigmoid functions
replace hard limited function
differentiable fctn + well behave
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[Widrow’s LMS learning

Linear neuron

Makes the learning possible.
Introduces an error surface.
The surface slope shows the better one.

All design comes from his imagination.
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[ Remark on Perceptron ]

= Learning hard vs. learning easy

I 2 Inputs, there are 16 Boolean fctns
2 out 16 cannot be implemented XOR

Il: 2 Inputs 3 neurons (2-2-1)
14x14x14=2744 total combinations
16 among 14x14x14 for the XOR
144 among 2744 for the AND
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[Remark for 3 Inputs

for 3 inputs 256 fctns

152 out 256 cannot be implemented
3 Inputs 3-2-1 cannot solve

X1Px2Px3 and ~(X1 P x2Dx3).
3-3-1 can solve all 256 fctns.

see the 3-3-1 plot in Chapter 1
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[ Perceptroni R &t 77 a4

Complementary part of linear algebra
Missing part of linear algebra
Restrictions of linear algebra (ZFzX):
X all N planes pass the same point A2
X Det|.| square matrix &[5 fE a5,
Jacobian matrix and determinant (Z25¢)
# of egs.= # of variables

N Ry ZHCE (W5 HEL) A2 Sdss
SVM HYERE
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[Remarks on Widrow LMS 1960

Multiple neurons, perceptron 1957 #[15z1

Weights can do self-tuning in swiftly
changed environments

Least—-mean-square LMS (‘N EAETREX
Linear fctn (not hard-limiting fctn)

R B perceptron £ HT) HEAE

Incapable of Boolean algebra; set theory;
linear algebra; TM; Al; automaton(1959) etc..

ZHIFTA J7 A S H IR E
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Remark on perceptron

SRS TE S (TENER ?
solution space of F2
O-dimension point

a] DASE #A QR EoRHY

N-1 dimensional hyperplane

Collection of such points = soln. space
14 solution spaces for 14 boolean fctns

(Math. Homogeneity isomorphism Z (@it [5/8
k) T LUERERT perceptron [ HHERE H T Ay
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[Perceptron

In BP, certain neurons in slow learning
period ‘D’ have fixed fctns, the MSE Is
reduced by the rest neurons that
change fctns swiftly.

Least—-mean-square LMS (RZE 455t

mean fiEx [ RsHERERL A
Chapter 2)

CSIE 5052 922 U1180 neural networks by C.-Y. Liou ;



Remark on perceptron #:5l & 5747

m JHEE SR Boolean logic 3% 0]
m g mE kE CIaSS|f|cat|on Sl &7y o
= Perceptron = [& 3 4R #A14% & plaR 7 E4R
= HrEE{5EA Boolean {{# i /7

= Boolean 4737%H
 A+B=1OR
= AB=1 AND ¢
= T TR A+B 1"NAB=1 %% A=1 B=1

My Mm
/l[ffl /l[ffl

PaN
—
PaN
—
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[Remark on Perceptron ]

W JERH perceptron HY learning B4 14 Ay
black box A&+

Chap.2 $xtiEzl=miEy*i Al
Perceptron ;44 local minimum

FTPERY 14X13 {[E fctns H v E| global

minimum, convex

FEFEAE input space, X, = 3 weight space W
1 Equivalent Isomorphism

14 {&Boolean fctns F'& [F]fE FF(E45H
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