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BIOLOGICAL NEURAL NETWORK
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ARCHITECTURE OF A TYPICAL ARTIFICIAL NEURAL NETWORK

Input Signals
Output Signals

Middle Layer

Input Layer Output Layer
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ACTIVATION FUNCTION
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PERCEPTRON: CLASSIFICATION TASK
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LINEAR SEPARABILITY IN THE PERCEPTRONS

N x2

X1

x1w1 +X2W2—9:O xlwl +JC2W2+)C3W3 —6=O

X3

(a) Two-input perceptron. (b) Three-input perceptron.
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THE PERCEPTRON LEARNING RULE

wi(p+1)=wi(p)+a-x;(p)-e(p)
p=12,3,...
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PERCEPTRON’S TRAINING ALGORITHM
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Inputs | Desired Initial Actual | Error Final
Epoch output weights output weights
g X1 | X Y, wi wy Y w1 w2
1 010 0 03 [-0.1 0 03 |-0.1
0|1 0 03 [-0.1 0 03 |-0.1
1 0 0 03 [-0.1 1 - 0.2 |-0.1
1 1 1 02 |-0.1 0 0.3 0.0
2 010 0 03| 0.0 0 0 0.3 0.0
011 0 03| 0.0 0 0 0.3 0.0
1 0 0 03| 0.0 1 -1 021 0.0
1 1 1 0.2 ] 0.0 1 0 02| 0.0
3 0foO0 0 0.2 | 0.0 0 0 02 00
0 | 0 0.2 | 0.0 0 0 02 00
1 0 0 02| 0.0 1 -1 0.1 0.0
1 1 1 0.1 0.0 0 1 021 0.1
4 010 0 02| 0.1 0 0 0.2 ] 0.1
0 1 0 02| 0.1 0 0 02 | 0.1
1 0 0 0.2 | 0.1 1 -1 0.1 0.1
1 1 1 0.1 0.1 1 0 0.1 0.1
5 010 0 0.1 0.1 0 0 0.1 0.1
0|1 0 0.1 0.1 0 0 0.1 0.1
1 0 0 0.1 0.1 0 0 0.1 0.1
1 1 1 0.1 0.1 1 0 0.1 0.1

Threshold: 6 = 0.2; learning rate: o= 0.1
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MULTILAYER NEURAL NETWORKS
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Multilayer Perceptron
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THREE-LAYER BACK-PROPAGATION NEURAL NETWORK
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BACK-PROPAGATION LEARNING

GYST i Y Glie f o g A s
Wik < Wijr+axy; X

O = er X g'(ink), yr = g(ing)

.(back-propagate) s si o yitie coiy 4 a s a 0¥ 3 i Gles sy

I
8; =g'(ing) Y Wjxdk, ;= g(in;)
k=1

Ol Y Ju Lag )9 Gl g s Hlwpalsands sousls

Wrg.,j<_ W.,;,j+ax:v.,-x5j
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BACK-PROPAGATION LEARNING
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g(u) = sigmoid(u) = =
¢ () = ~g(u)
d d 1 e 1 1
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BACK-PROPAGATION LEARNING

GYST i Y Glie f o g A s
Wik < Wir+axy; X
0 = e X yk(l — yk)
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BACK-PROPAGATION LEARNING
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BACK-PROPAGATION LEARNING
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THE BACK-PROPAGATION TRAINING ALGORITHM
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S e wlae WY GOV, T 2 s A 5 paiS o Jlad al=D a0 Jleel LT, S

n
Sbe ¥ ,ajoss ¥ (p) = sigmoid {Z xi(p)-wy(p)- 9,}
i=1

m
oY sukosys v (p) = sigmoid {Z Xk (p)-wi(p)- ek]
j=1

L339 U 8ot (¥)

S oo a1 G gt s sLag
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s29oa 0¥ slag s olwalSiads tlad LAt puy () sel als 5 S

(529 saa¥) Lap)s iy sl ()
S e A 1 G sl

wi(p+D)=w; (p)+Aw; (p)
A(slosnad) s oSEhae pull ) 3 gd oo alasl (delta rule) Lids gouslB L Lagy )y mosas

Aw i (p)=a-y;(p)-6x(p)

Se(P)=yi(p)- 1= vi(p))- e (p)

ex(P)=Yar(P)=yi(p)
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wii(p+ 1D =w;(p)+Aw;(p)

(LS‘bJ:\.A:\:) Ls‘):siélflm U‘“L“" ‘):\) JJ...:LU_A ‘QL.A:\‘ (delta rllle) Ly 60.}5‘5 l:\ LAQ‘}J C:\A—IA:\

Aw;i(p)=a-x;(p)-0;(p)

)
§;(p)=y;(p)-[1-y;(0] 20k (P)w i (p)
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(XOR) s bansl sbs Jae alasl gl Y 4w g4t Sy 1 Jle
THREE-LAYER NETWORK FOR SOLVING THE EXCLUSIVE-OR OPERATION

X1

X2

Input i 04 Output
layer layer

Hidden layer

S S5 551 Y o sl LAy (54 o JBin ) iy
2555 0L 15 (XOR) (s bansl 5L Joe 4o ol gl s3 oo

(908 9 15 e Ol el 33 ¥SS (g5 1 50010k ))
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THREE-LAYER NETWORK FOR SOLVING THE EXCLUSIVE-OR OPERATION

w3 = 0.5
wy, = 0.9
X W,y = 0.4
Wy = 1.0
Wis = —1.2
w,s = 1.1
& 0,=0.8
0,=-0.1
0;,=0.3

Hidden layer
loads LA lade u_hl.;a:s Oy 4 dulgl slagyg
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(S0t oo 53) Lo siludlad : (XOR) (s laas) b obilae alasl gl Y 4w 4ot S 1 e

x =1 S dle S
BT (48 gane
Sl cHpe 1)

Vas =0 oS B 5

1

x, =1

X2

Hidden layer ZJJ.&]G_A uL@-\g 643‘2(‘)J4\93 (SLAuJ‘)_\ U"‘;‘J u%J,)A
3 = sigmoid (xyw3 +xpwp3—03)=1/|1+ e_(1'0'5+1'0'4_1'0'8)] =0.5250
V4 = sigmoid (xywq +xowpq —04) =1/|1+ e_(1’0'9+1'1'0+1'0'1)] =0.8808

FagBee (290 sV 53D G Sl oA

V. = sigmoid (v, + yowy —0.) =1/ 1+ e—(—0.5250~1.2+0.8808-1.1—1-0.3)J: 0.5097
Pl s (2 9 5A 53 ) slba cpl b

e=y,5—y5=0-0.5097 =-0.5097
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oo ¥ 1055 33 5eT: (XOR) (55landl (sl wlolae alail sls Y o 56K ¢ Jlis

S b el S slag s wb Jls
o0 S 53 (59508 LY S 4 (2 oA Y 1€ llad (Sl slag by s HlwalKiad 6l s
:Jg.fbu_n AAROY
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85 = ys (1— y5) e=0.5097 -(1-0.5097) - (—0.5097) = —0.1274

tasd e dlae wab @ = 0.1 S0k 255 Sl 4l G258 L Lagy b aal Gl G
Awzs =@+ y3 -85 = 0.1-0.5250 - (—0.1274) = —0.0067
Awys = -y, 05 =0.1-0.8808-(—0.1274) = —0.0112
ABs =a-(=1)-55 =0.1-(=1)-(—0.1274) = -0.0127
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Ha ool Glety 0¥ 5u 4 53 slag 5 sl ea Lol S ups
S5 = y3(1= y3)-8s - wys = 0.5250 - (1-0.5250)- (= 0.1274)-(~1.2) = 0.0381
04 =y4(1—=y4)-55-wy5 =0.8808-(1-0.8808)-(—0.1274)-1.1=-0.0147

g e dmlae w b @ = 0.1 (S0 53 Sl 4l (258 L Lagy b panal Glone s

AW13 =0 X '53 =0.1-1-0.0381 =0.0038

Awsy =+ x5 -03 =0.1-1-0.0381 = 0.0038

AO; = - (=1)-8; = 0.1-(=1)-0.0381 = —0.0038
Awyy =@ x -8y = 0.1-1-(=0.0147) = —0.0015
AWy =@ x84 =0.1-1-(=0.0147) = —0.0015
A, =a-(=1)-84 = 0.1-(=1)-(=0.0147 ) = 0.0015
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olwalCiag i lag s (35507 (XOR) (s obanil 5L olilac aladl sl Y 4w 4ot S 1 Jlbe

P g o alKiads Lagy s sen taladl
wi3z = wiz + Awgz = 0.5+ 0.0038 = 0.5038
Wig = Wis + Awgg = 0.9 — 0.0015 = 0.8985
Wa3 = Wo3 + Awsz = 0.4 4+ 0.0038 = 0.4038
Wog = Woq + Awpy = 1.0 — 0.0015 = 0.9985
W35 = W35 + Awszs = —1.2 — 0.0067 = —1.2067
Was = Was + Awss = 1.1 —0.0112 = 1.0888
03 = 03 + Af; = 0.8 — 0.0038 = 0.7962
0y =04 + Ay = —0.1 4+ 0.0015 = —0.0985
05 = 05 + Als = 0.3 +0.0127 = 0.3127
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S0k iada 1 (XOR) (g olassl b cbilee alasl 510 €Y 4w (4ot o Yoo
LEARNING CURVE

1 Sum-Squared Network Error for 224 Epochs
10 T T T T

10°

10"

Sum-Squared Error

107

10'4 1 1 1 |
0 50 100 150 200

Epoch
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FINAL RESULTS OF LEARNING

Inputs | Desired Actual Error Sum of
output output squared
X1 | X2 Yd V5 e eITors
1 1 0 0.0155 —-0.0155 0.0010
0 1 1 0.9849 0.0151
1 0 1 0.9849 0.0151
010 0 0.0175 —0.0175
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DECISION BOUNDARIES

0 1 0 \
(a) (D) (©)

(a) Decision boundary constructed by hidden neuron 3;
(b) Decision boundary constructed by hidden neuron 4;
(¢) Decision boundaries constructed by the complete three-layer network
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ACCELERATED LEARNING IN MULTILAYER NEURAL NETWORKS: USING HYPERBOLIC TANGENT
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ACCELERATED LEARNING IN MULTILAYER NEURAL NETWORKS: USING MOMENTUM TERM
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THE HOPFIELD NETWORK
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POSSIBLE STATES FOR THE THREE-NEURON HOPFIELD NETWORK
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BAM OPERATION
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X2(p+ 1 )
xi(p+1)
x,(p+1)
é Input Output Input Output
¢ layer layer layer layer
z (a) Forward direction. (b) Backward direction.
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INITIAL AND FINAL STATES OF THE NETWORK
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FEATURE-MAPPING KOHONEN MODEL
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Michael Negnevitsky,

Artificial Intelligence: A Guide to Intelligent Systems,

Pearson Education Canada, 2011.
Chapter 6

P

Artificial neural networks 6

In which we consider how our brains work and how to buiid and train
artificial neural networks.

6.1 Introduction, or how the brain works

‘The computer hasn’t proved anything vet,” angry Garry Kasparov, the world
chess champion, said after his defeat in New York in May 1997. ‘If we were
playing a real competitive match, I would tear down Deep Blue into pieces.”

But Kasparov's efforts to downplay the significance of his defeat in the six-
game match was futile. The fact that Kasparov - probably the greatest chess
player the world has seen - was beaten by a computer marked a turning point in
the quest for intelligent machines.

The IBM supercomputer called Deep Blue was capable of analysing 200
million positions a second, and it appeared to be displaying mu_lingenl thoughts.
At one stage Kasparov even accused the machine of che:

‘There were many, many discoveries in this match, and one of them was
that sometimes the computer plays very, very human moves.

It deeply understands positional factors. And that is an outstanding
scientific achievement.”

Traditionally, it has been assumed that to beat an expert in a chess game, a
computer would have to formulate a strategy that goes beyond simply doing
a great number of ‘look-ahead’ moves per second. Chess-playing programs must
be able to improve their performance with experience or, in other words, a
machine must be capable of learning.

What is machine learning?

In general, machine learning involves adaptive mechanisms that enable com-
puters to learn from experience, learn by example and learn by analogy.
Leaming capabilities can improve the performance of an intelligent system over
time. Machine learning mechanisms form the basis for adaptive systems. The
most popular approaches to machine learning are artificial neural networks
and genetic algorithms. This chapter is dedicated to neural networks.
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Chapter 4
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Neural Networks

4.1 Introduction

The study of the human brain is hundreds of years old. Advances in brain research promise
an initial understanding of the mechanism of cognitive process in the brain. This shows that
the brain stores information as patterns. Some of these palterns are very complicated, for
example the ability to recognize individual faces from different angles. This process of stor-
ing information as patterns, utilizing those patterns, and then solving problems
a new field in computing, which does not utilize traditional programming. This
the creation of massively parallel networks and the training of those networks to solve
specific tasks

The exact workings of the human brain are still a m
amazing processor are known. In particular, the most basic element of the human brai
a specific type of cell, which provides us with our abilities to remember, think and apply
previous experiences to our every action. These cells, all approximalely 100 billion of them,
are known as neurons. Each of these neurons can connect with up to 200,000 other neurons,
although 1,000 to 10,000 is typical. The individual neurons convey information via a host
of electrochemical pathways. Together, these neurons and their connections form a process
which is not hinary, not stable and not synchronous. This building block of the human brain has
a few general capabilities. Basically, a biological neuron receives inputs from other sources,
combines them in some way, performs a generally nonlinear operation on the result and then
outputs the final result. Figure 4.1 shows a biological neuron and Figure 4.2 shows the four main
functional parts and their relationships in a neuron. Recent experimental data has provided
further evidence that biological neurons are structurally more complex than the simplistic
explanation above.

The first model of artificial neural networks came in 1943 when Warren McCulloch, a
neurophysiologist and Walter Pitts, a young mathematician outlined the first formal model of
an elementary computing neuron (McCulloch and Pitts, 1943). McCulloch and Pius” artificial

stery. Yet, some aspects of

Computational Intelligence: Synergies of Fuzz
Nazmul Siddique and Hojjat Adeli.
© 2013 John Wiley & Sons, Lid Published 2013 by John Wiley & Sons, Lid.
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