2.1

(Neural Networks : NNs)

(Artificial Neural Networks . ANNSs)

( )

(Artificial
Neuron) (Neural Network) (Learning or
Training Algorithm)

(Artificial Intelligence : Al)



2.2.1 (Neuron) ( , 2537)
. (Soma Cell / Cell Body)
. (Nerve Fiber)
( 2.1 )

Nodes of Ranvier

Myelin sheath

Axon hillock

.......

Nucleus

Dendrites j \

Cell (Neuron) 1

| / Axon _'{Z
B

Synapse

Nucleus
Dendntes O

Cell (Neuron) 2

2.1

(Dendrite)
1




(Axon) '

, (Myelin Sheath) (
) (Phospholipid)

(Schwann Cell)

(Nodes of Ranvier)
(Nerve
Impulse)
(Hopping [ Saltatory

Conduction)

200-2000
100 1

2.2.2 (Synapse)

(Effector)

1mnon (Herz, Krogh, Palmer, 1991)
104
(Chemical
Synapse)
(Electrical Synapse)



2.3 (Artificial Neuron / Neuron / Unit/

Processing Element)

(Nodes)
(Inputs) (W eights)
2.1
2.1
(Soma Cell / Cell Body) / (Nodes)
(Dendrite) (Input)
(Axon) (Output)
(Synapse) (W eights)

i

w, — I NET = XW
LS
. o |

n NET = XW. + XW_ + ... + XW
957 25 2

sun 2.2 uaganwalssaiiey

2.2 X!, x2, .. 1Xn (Inputs)
Vector X 11 2,.1 (W eights)

Vector



(X) (Soma Cell)
NET (Outputs)
XjWi
NET = X1+ XW2 + ..+ XN 1= L Xjwj
1=1
2.4 (Transfer Function / Activation Function)
(Transfer Function)
(ouT)
( 2.3)
(ouT) 5 F (NET)
X
1T~ W
L a—

w, Kl T NET F

X e > T———_-»[}A» OUT = F(NET)
1 IcKnt

W SIHAULALON J
? / ARTIFICIAL NEURON
X, J

2.3
(Linear Function)

(Binary-Threshold Unit / step Function)

(Sigmoid Function)

(Hyperbolic Function)



(T Threshold)

241 (Step Function)
(NET) T

1 0
(OUT) 0
1

T Threshold
2.4
+
o '[! oy
hardlim(n) hardlil;n(n-b)

24

0.5 0.7
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2.4.2 (Sigmoid Function)

0 1
(Noise - Saturation  Dilemma) Grossherg  (1973)
(W asserman, 1989)

(ouT) = -NET

1+ ¢ I+e

2.5 oY)

.......................................................

L] et
............... 3 o > Il‘
logsig(n) logsig(n-b)
2.5
2.4.3 (Hyperbolic Tangent Function)

(Nerve - Cell Activation) (W asserman, 1989)

(0UT) tanh (x)
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2.6

...............................................................

tansig(n) tansig(n-b)

3Un 2.6 Worimulawasuedn

2.4.4 (Linear Function)

OUT) = X F(NET)

purelin(n) purelin(n-b)

2.7
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2.2

2.2
1 NET > T
FINET) =
0 NET < T
FINET)= X

F(NET) =tanh(x)

f(net) = X



1940 - 1960
1960 - 1980
1980 -

(.
(.
(.

14

3 (
2.3)
. 1940) Perceptron McCulloch & Pitts
. 1960) Adaline / Madaline Widrow - Hoff
. 1980) Backpropagation Rumelhart

23

McCulloch & Pitts
Farley & Clark / Hebb
Rosenblatt
steinbuch, Taylor
Widrow - Hoff
Albus

Anderson

Van Der Malshurg

Fukushima

Grossherg And Carpenter

Kohonen

Feldman & Ballard
Hopfield

Reily, et. al.

Hinton & Sejnow ski
Rumelhart et. al.

Edelman, Reeke

Boolean Logic

Synaptic Learning Rule

Perceptron

Associative Memory

LMS Algorithm (Adaline / Madaline)
Cerebellum Model (CMAC)

Linear Associative Memaories
Competitive Learning

NGO - Cognitron

Adaptive Resonance Theory

(ART) and Boundary Contour
System (BCS)

Feature Maps

Connectionist Models

Associative Memory Theory
Reduced Coulomb Energy
Boltmann Machine
Backpropagation & PDP Books

Darwin Il (Neural) Darwinish
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(Generalization)

2.6.1 (Learning)

(General Set)

(Noise)

(Pattern Recognition)
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2.1.1 (Artificial Neurons)

(Processing Elements)

2.7.2 (Interconnection)

2.7.3 (Layers)

. (Hidden Layer)

(Turban, 1992)

(Nodes)

(Exponential)



Input

17

(Architecture of Network)

(Model / Paradigm)

Single Input Neuron

1 ( 2.8)
Neuron wathout bias Input Neuron with bias
A p A
F F
b
A=F(W*P) I I I
A=F( *p+b)
2.8 Single input Neuron

P [nput F = Transfer Function

= Weight A = Output b = Bias



18

* Multiple Input Neuron 1
PA) 0= ( 2.9)
[nput Neuron
PCD V(1)
A
PR wa S \
P(R) R) oy
I 1 _
nput Neuron Laver
F:z*l N 1*1 A1*1
1*R F
H NN %
—¥ 1*1
I R_ I 1
A=F( 7p*D)
2.9 Multiple Input Neuron
. 1 R
_Ian_J_g_1 I Neuron Layer |

NC1) | =y | AC1)

¥

P2 Bd1)
P2 N2 1 AC2)
! “‘I =l
73D B2
POR) NCS) ;% ACS)
TSR i B
[ L 2 !
A=F(W*A+B)
Input Neuron Layer
p A
REL X1 " d
*R F
By *
*
I R I | :
A=F( *P+B)
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nput | Neuron Layer 1 Neuron Layer 2 Neuron Layer 3

wi(L1) NI(1) AL W2(1,1)— N2(1) A1) W3(LD)— N3(1) A3
F(|) e} Fi | P el g Lot e F— s |22

[ - M

1
N1(2) AlQ2) N2(2)
PR € FI €

LIEII(Z)

1 1 1
NISI— Al(S1) B N2(S2) = A2(S2) *[NS(SS) 1 A3S3)
; i 1 F2 | 1€ | F3

WIGIR) — o wasash— L= wisasa—
TBI(SU Iaz(sz) B3(S3)

[ ! [ 1
AL=FI(W1*P+BI) A2Z=F2(W2*A1+B2 A3F3(W3*A2+B3)

A=FIWB*F2(WZF3(WIL*PHB 1)+B2)+B3)

PQ) ¢

Input Neuron Layer | Neuron Layer2 u Neuron Layer 3
~ - 1 |

Al
§3°1

AL=FL(WL' P+B1) A2=F2(N2*AL4B2) A3=F3(W3*A24B))
A3=FA(WBF2(W24F3(W1#P+B1)+B2)+B3)

211 R
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2.8.1 (Inputs)
2.8.2 (Outputs)

(Actual Outputs)
2.8.3 (Weights)

(Knowledge)

284 (Summation Functions)



(Action

2.8.5

Potential)

(Transfer Functions)

( 0 1) 1
2.12
Input Weight
)(1 /_\W1
x')
Summation Transfer Output [Y]

Xq Function

X

D)
Processing Element
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RVS)

ﬁﬁuammbgaaan
= 4\ PYayuraan
15t ) i e /\J‘IF
Y ATIANUNABINTT
atInIn 1

wia'la

2.13



(Delta : A)

23

()
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2.10
2.10.1 (Learning)
(Weights)
(Iteration)
2
. (Unsupervised Learning)
(/«« 214) ‘

(Self - Organizing Networks)

Training
parameters
Wt

IN ouT
Neural Network
Input data e —
Network output
NE S — R

2.14
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J (Supervised Learning)

(Pattern)
2 (Input Data)
(Target Output) (Training
Pair) (Batch)
2.15
: Training
parameters

\Neight
OouT
| =i ) Neural Network
Input data :> @
P \Netwozk output
N ke T o
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2.10.2

(Feed - Forward Networks)

' (Recurrent Networks)

Input, = Wk i
n YRR " — — / \ ?
} 1
Input, — Bkl
e 2s o o = s
2
Input, % s el ——
¥ — N (g g/ o i
)
M+



(McCullock & Pitts)
Rosenblatt)

21

(Perception)

. 1943
. 1957

(Associative  Memaory)
!

. 1958
(Rosenblatt & Charles Wightman)
6 Mark | Perceptron
3

(ipnew = (jold + [T0)-AG)] X PG)

B(I)new Bijod + [T()-A()]

(Frank
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= (bias)
T =
P =
A =
(Step Function)
Binary - Threshold Unit 0
2.19) Pi
Input Neuron
P(1)

NLD Where

| | n g W a
2) ¢— € ! A, S R = # Inputs
v |l o |

r
P(R) ¥ W(I,R) \ L

a = hardlim(W*P+b)

2.18
1
0 L —
. b
hardlim(n) hardlim(n-b)

2.19

(218 1
R i)

b :
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2.12 Widrow-Hoff
.. 1962 Widrow Hoff
Adaptive Linear Element (ADALINE) Least Mean Square
(LMS) Widrow-Hoff
1

Steepest Descent

Widrow-Hoff
Input Neuron
P(1) w(l,1) ’ / Where..
ib
P(R) W(L,R)
el
[ |
a = hardlim(W*P+b)
2.20 Widrow-Hoff
+1
— |/
----------------- -l""""““ i
purelin(n) purelin(n-b)

2.21 Widrow-Hoff
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2.13 Backpropagation (Backpropagation Networks)

Backpropagation Back - Error Propagation)

.. 1974 (Paul Werhos)
1986 (David Rumelnart)
Backpropagation 3
r( 2.22 2.23)
(Feed Forward) (FHierachical)

(Fully - Connected)

Input Output

Input Output

> |
Ny
OO
N N

CARY A - A

In p ut 3 w&%‘%’iz’?;‘é A : “' Output
RN N

Input A’%«VA\;.A%M\; Output

Input

Output
v/ i K v,y Ly y’ mm \. d

Input layer ~ Hidden layer 1 Hidden layer 2 Hidden layer Output layer

2.22 Backpropagation

.............................................................

2.23 Backpropagation
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(Feed Backward)

(Backpropagation)
(Generalized Delta Rule)

Backpropagation

Backpropagation
(Non - Incremental Learning)



Hopfield)

(Optimization)

0(off) 1 (on)

32

(Hopfield Network)

. 1982

(Spin Glass)

(Association)

(Cross

W = W

(Association)

(John

Bar)
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(Optimization)

E= —0.5%  wij ( )
=ij=i(i*])

N(1) [?]A(l)

To >
S*1

N(2) I_Fl-l AQ2)

v

i
1

Neuron Layer

S*1

A=F(W*A+B)

4



2.15

34

(Developing

Artificial Neural Network Applications)

2.15.1

10

11

(Developing Procedures)
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. (Data Collection and Preparation)

(Training Data Set)

(Testing Data Set)

(Binary)

( Selecting Network Model & Defining Network Structures )
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(Classification)

1 )
1 1 1 0
Backpropagation
- (Association)
(Associative Memory)
(Optimization)
Boltzmann Machines
] (Preparating System Parameters)
(Alpha)

] (Training & Testing

Network)



2.15.2
Artificial Neural Networks)

Classification)

« J

30

37

(Application

(Pattern  Recognition

(Pattern

Recognition)

«

Areas

and

of
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(Optimization)

( )
(Tank and Hopfield, 1986)
(Control)
2.16 (Advantages & Disadvantages)

2.16.1



39

(Fault Tolerance)

(Generalization)

(Adaptability)

(Hybrid Intelligent System)
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2.16.2

(Serial)

AWIAINTAUNIINYIE Y
CHuLALoNGKORN UNIVERSITY
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2.17

(Expert System)
(Conventional Programming Technigue)  (Jain, 1995)

2.4

2.4
Process Learning Inference Algorithm
Input Data Pattern Knowledge Numerical
Algorithm Statistical Heuristic Programming
Computation Numerical Symbolic or Logic ~ Arithmetic or Logic
Data Processing Parallel Serial Serial
Output Results Inductive Deductive Computed
2.18 (Herz,, Krough,

Palmer, 1991)

2.18.1
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2.18.2

2.18.3

2184

2.19

(Xu & Bird, 1992)
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