21 (biological neurons and their
artificial models)
(human  neurons  system)

(neurons) 10" (axon)

( >Tiapses) 104

(electrical impulse)
(neuron switch time)

(milliseconds)

2.1

1) (cell body) 2) (dendrite)



(membrane) (propagate)

(synaptic junction) McCulloch Pitts

.. 1943
(threshold logic) 2.2
McCulloch-Pitts 0,1
(weight) (fixed)
(interaction)
! ifZ w Xk > T
+] = -
" 0ifz o <T 4



synapse o

nucleus

2.1 (neuron)

2.2 McCulloch-Pitts
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2.2

(processing element ,
node) (synaptic connection)
(weights)

(activation function)

0 =f(w k) =f(§InX) = % (2.2)
(sigmoid) 0-1
(bipolar) - 1 1 (quassian
function) 2.3
2.4
L
2.
3 2.3



N
A=1075 3215105

(a)
A f(nety
i

1

Gaussian

2.3 (transfer function)



L

2

12

v

~

"‘I\\ Pl ’_/u"
From others / N TOdT‘EHEUI’OFB n
neurons in m— NEURON w—“ = SUW‘“M
preceding layer I /I_\
- e "
Recieve SUM INPUT
nput
’ 1 Weights
Transform sum
24
strength
() (ym)
25 (neuron)

(layer) 3
(input layer) :

(hidden layer) : (transfrom)



(output layer) :

Input layer Hidden layer Qutput layer
vl,l ! W, 1
u
1> Wy 0
Y2
%
._9 0
Input signal _ 3 .
tonet - - Ok
Urq :
A = W 5
\4
bia s bias
i =4 Vi =l
—

> Out put signal

from net

2.5
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2.3 (Taxonomy of neural networks)
(energy function error function)
(characterized)
2.3.1 (Supervised model)
{
. (target)
(teacher)
{
(unsupervised) i {
(cluster) {
{

(stochastic gradient descent optimization)



h 4
=

Training Training
ij = n Wi [~

pattern ’ pattern

]

(a) supervised learning (b) unsupervised learning

2.6 (synaptic weights)

2.3.2 (basis functions)
(connection networks)

(mapping) C(X) \

(linear basis function, LBF)
(hyperplane) 1(
) net ' 2.3
(0 X)= Ywij] (2.3)
(radial basis function , RBF)
(hypersphere) 2

() ) net (reference pattern)
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«of( )= yZ(*i- ;)2 (2-4)
2 (elliptic  basis
function)
(a) (b)
2.1 (a) linear (hyperplane) (b) radial (hypersphere)
2.3.3 (activation function)
net ) ( !X)

(nonlinear activation function) ,
(ramp), (sigmoid), (Bipolar) ‘ (quassian

function)

14, -X 25>
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N

f(net) = ce~ne2/A2 (2.6)

e arane) 27

24 (Neural networks structures)

1

, (supemet, All-Class-in-

One-Network, ACON) (subnet, One-Class-in-One-Network, OCON)
(interlayer) (intralayer)
3 )
4 2.8
24.1 (feedforward connection)
2.4.2 (feedback connection)

2.4.3 (lateral connections)



2.4.4 (time-delayed connections)

temporal dynamic temporal pattern recognition
LATERAL
(n \

000
/ \ /’\

( / ' / \ FEEDFORWARD
/ 2
/ W-'J

FEEDBACK

INPUT PATTERN
2.8

(fully)

(locally) 2.9

25 U (mutual and
individual training strategies)
25.1 l (rrutual training)

(cross-reference)



19

NEURONS NEURONS

i
T
—ppes
1
Rilk
— O
]
:ho.
—)'_F

I+

(@) (b)
29 {
(a) (b)
( ) (mutual
agreement) e 2
( ACON) (OCON)
1 1
2.5.2 (individual training)
(discriminative training) 2.10

( )
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(Training strategies)

2.10

(supernet), ACON

(subnet), OCON



2
nm CowT o~

» m mrnrunnu

TEACHER TEACHER |
-

ﬂ/J

211

26 (Approximation Base Formulation)
/

[ .o = {[«101[ 2021, [ .00} (2.8)

(root mean sqaure, RMS)

E={,)= [Hu )2

y =HxM>) 1



(gradient-descent)

Aw @ ~ZE) o g,y )
ow ow
2.6.1 (linear perceptron networks)
(decision- based neural model) F. Rosenblatt .. 1958
2 (classes)
2.12 2.13
(2.10)
r=a-0
g =TLUBV, ) i
'=1,2,3
Aw. 12

22

(linear decision)

210

(212)



Thresholding Unit

u T LU
! Wit
w. net, I 0,
oy S et |
c I - & -
: / Aw 1
“,in

S—

212

213

23



26.2

learning signal =

(delta learning rule  ADALINE)

[ (net)\f (net)

f{net) J{net) net =
ADALINE (ADAaptive LINear Element)
McClelland ~ Rumelhart . 1986
(d,-01)
minimize E :b-'H{ym- tmy
| u
! continuous
\\ X r ')CLCp[[Ol'I .
" '—% + l f(nct)\ >'
E f(ncl) ‘
/ v
d,- o
.,n H@@ 4

2.14 (delta learning rule)

24

(2.13)



2.1 (nonlinear multilayer neural networks)

(weight layers) 2.15 3

3 (linear transformations)
(propagation)
(local minima)
2

3

(olyhedral) ( convex)

(linear transformations)

(nonlingar) 2

25
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2nd Hidden

Ist Hidden

2.15

(error back

2.1.1

propagation training algorithm, EBPT)

EBPT

(214)

- )0, ()

(

(8]

« = .

J \<i<Nl

1 /si.

(0 =/(«,()



EBPT Wi

=
JA
~
S
1
-~

2.7.2 (Back-propagation Rule)

EBPT

(chain rule)

21

(2.15)

(216)

(2.17)

(2.18)



1

(back propagation )

-1 (

(linear combination)

5 (J+1)

(221)

sya(/)

28

(219)

(2.20)

(221)

(2-22)



2.8

281

V(I*1)

)
(pattern)
] p
{ g 22 i
(™])
(hidden layer)
1
(Emin)
o,V
p=1

(examplar)

1

¢ *y

214

(learning rate, )

(weight)

£=0

29



(output layer)

3
E=05*{dk -okJ2 + E k 21,2, K
4 05y
= {dk-0kyy-ok)ok N=12,K
9
Sj=y"- y= 12,
, ?
2.1.2
5
? : 2.15
wkj = wkj + d<*y;
k =12, K P21 2
6 ,

vkj = vkj + 2L 0j= 1,25.,J 1=12,..

30



31

(pattern) , (p <P)

2
8
3 .
(E< Emim)  E> Emin E=0 [?=1
2
2.8.2
(converge)
5 6
(2.23)
Aw(t) =- TJVE(t) + aAwCt—I) (2.23)
a 01-08 2.16
1 A

y

dE/dty 8£8 2  A'A”



2.16

AT

—qVE(+1)+aln{r)

~nVE(+1)+alnr)
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