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/ Prototype Vectors \

Measurement
Vector
Prototype Banana Prototype Apple

shape

P = |texture
weight -l :
8 P = |1 P> = |1
-1 -1

Shape: {1 : round ; -1 : eliptical}
Texture: {1 : smooth ; -1 : rough}
Weight: {1:>11b.;-1:<11b.}
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Perceptron

Inputs  Sym. Hard Limit Layer

r N0 A\
P a
RxA1 w \ n Sx1|

SXR :F
j Sx1
19 b
R Sx1 S
'/ \ J

a = hardlims(Wp +b)
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Inputs  Sym. Hard Limit Layer
r N
shape p
p =| texture Rx1 W \ n '
. SXR
weight Sx 1 :I:
19 b -}'
\__/ \L

a = hardlims(Wp +b)

1o+l Slls o9
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/ Two-Input Case

Inputs  Two-Input Neuron P2
N N A

—/ A N
a = hardlims (Wp+b)

a = hardlims(n) = hardlims( [1 2:|p+(—2))

Decision Boundary

Wp+b =20 [1 2]P+(f2) =0
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a = hardlims (Wp+Db) we =1 1w ,=2
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Apple/Banana Example

Py
a — hardlims [Wl.l Wi 5 wl.3:| 12 +b

23

Ps

p - '

1

25!

p- (apple) p, (banana)

The decision boundary should
separate the prototype vectors.

P, =0

The weight vector should be
orthogonal to the decision
boundary, and should point in the
direction of the vector which
should produce an output of 1.
The bias determines the position
of the boundary

Py
[1odfpt0o-0
P3
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Testing the Network \

Banana:

a = hardlims[[l 0 0] [1] + O] = 1(banana)
—1

Apple:

1
|}1 0 0]! 1]+0] = —1 (apple)
—1

“Rough” Banana:

[_1 0 0] [1] + O] = 1(banana)

a = hardlims

a = hardlims
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Banana:
-1
hardlims [_1 0 0] 1| 0 [= 1(banana)
—1
Apple:
1
hardlims I:fl 0 (ﬂ 1l +0[= -1 (apple)
—1

“Rough” Banana:

-1
hardlims [_1 0 0] —1] + 0 [ = 1(banana)

—1



d nnd3pec - it

Eile  Edit View Insert Tools Desktop  Window Help k]
Neural Network DESIGN Perceptron Classification
wem1o MATLAB
Input Space

Click [Go] tosend a
fruit down the belt

to be classified by a
perceptron network.

b=0

The calculations for
the perceptron will
appear to the left.

Go
Clear
SHAPE: ? TEXTURE: ? WEIGHT: ? Contents
Oranges
Orange: —
Chapter 3
I

>> nnd3pc
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Hamming Network \

Feedforward Layer Recurrent Layer
4 N A\
v L (1+1) (r+1) '
Rx1 \ il o n(/+ az(t+ a(f)
SXR .
" Sx1 74 Sx 1 W< _Z Sx1 D Sx1
% 1
Sx S S
. J X F
a' = purelin(Wip +b) a2(0)=a' ax(r+1)= poslin(W2az(7))
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/ Feedforward Layer \

Feedforward Layer For Banana/Apple Recognition
s N\
Rx1 n al
o j@ Sx1 ’74 S§x1 >
1 b wi _ [PI[ |1 1
R fid S p7 1 1-1
\ J

a! = purelin(W'p +b!) b1 [R] [3]
R 3
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Recurrent Layer

/ Recurrent Layer

' A\
a L w(eel) | | ‘ a’(1
Sx1 W Sx1 ’—Z Sx1 D Sx1
SxS§
S T
, "
a2(0)=a' aiz+1)=poslin(W2a(¢))

»_ |1 —€ 1
W [e 1] CS5d

—€ 1

2 2
a’(t+1) = poslin[li1 e]az(t)J = poslin a1k ~eBalt)

a3 (t) —ea’ (1)

\
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/ Hamming Operation \

First Layer

Input (Rough Banana)
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Hamming Operation

Second Layer

a2(1) = poslin(W2a2(0)) = 1

a2(2) = poslin(W?2a2(1)) = 1

poslin([
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4. nnd3hamc

File Edit View Insert Tools

Desktop Window  Help

Neural Network DESIGN

Hamming Classification

Input Space

SHAPE: ?

TEXTURE: ?

W1=[1-1-1;11-1]

b1 =[3;3]

W2 = [1-0.5; -0.5 1]

WEIGHT: ?

Oranges
|

Click [Go] tosend a
fruit down the belt
to be classified by a
Hamming network.

The calculations for
the Hamming network
will appear to the left.

Clear

Contents

Close

Chapter 3

>> nnd3hamc

MATLAB
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Initial
Condition

p
Sx1

S
—/

Hopfield Network

Recurrent Layer

4 A\
L’ W ING D[ |a(+)
e _ﬁ%’ 7£ Sx1 D
19 b
Sx1 S
\ J
a(0)=p a(t+1)=satlins(Wa(7)+b)

a(7)

S%1

\
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Initial
Condition

p
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S
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Recurrent Layer

r

L

N

SxS§

1

%

Sx1

n(t+1)

a(r+1)

@SM’

7£

Sx1

D

|

\

J

a(0)=p

a(z+1)=satlins(Wa(f)+b)

63908 e Llag s sl sl caslade

a(r)
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= | ~1
a(0) =11 a(l) =107
1 -1

Apple/Banana Problem \

a(t+1) = satlins(1.2a,(1))

a,(t+1) = satlins(0.2a,(t) +0.9)

az(t+ 1) = satlins(0.2a5(¢) — 0.9)

Test: “Rough” Banana

-1 -1
a(2) - [ 1] a(3) = [ 1] \Banaua)
= | =

.
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HOPFIELD NETWORK
Ccls:lit[!i::m Recurrent Layer
F % i ™
i L.E\‘
12 0 0 0
I " _ _
W=10020[P=]09
L N J
ally=p a1} = satlins (Wa(ri+ by 0 O 0.2 _0.9
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a|(t+1) = satlins(1.2a,(1))

a,(t+1) = satlins(0.2a,(t) +0.9)

az(t+1) = satlins(0.2a3(¢) - 0.9)

Test: “Rough” Banana

-1 -1 1
a(l) = 0.7 ai2) = | 1 a(3) = | ;| (Banana)
-1 - 1



4. nnd3hapc - it

Eile  Edit View Insert Tools Desktop  Window Help k]

Neural Network DESIGN Hopfield Classification

MATLAB

W=[200;01.20;00.2]
Input Space
P pa Click [Go] tosend a
b1 =[0.9; 0;-0.9] fruit down the belt
to be classified by a
Hopfield network.

The calculations for
the Hopfield network
will appear to the left.

Clear
SHAPE: ? TEXTURE: ? WEIGHT: ? Contents
Oranges
Orange: —

. p— . Chapter 3

>> nnd3hopc
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Summary

* Perceptron
- Feedforward Network
- Linear Decision Boundary
— One Neuron for Each Decision

* Hamming Network
- Competitive Network
- First Layer — Pattern Matching (Inner Product)
- Second Layer — Competition (Winner-Take-All)
- # Neurons = # Prototype Patterns

* Hopfield Network

- Dynamic Associative Memory Network
- Network Output Converges to a Prototype Pattern
- # Neurons = # Elements in each Prototype Pattern

41
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all
. MATLAB
Name Input/Output Relation Icon Function
. =0 <0 .
Hard Limit ¢ " I hardlim
a=1 nz0
. . = -1 <0 .
Symmetrical Hard Limit ¢ " + hardlims
a=+1 nz0
Linear a=n H# purelin
a=0 n<0
Saturating Linear a=n 0<n<l _A satlin
a=1 n>lI
a=-1 n<-1
Symmetric Saturatin :
4 Linear 5 a=n -l<n<l1 7£ satlins
a=1 n>1
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. MATLAB
Name Input/Output Relation Icon F .
unction
. . 1 )
Log-Sigmoid a = oo _L logsig
+ e
Hyperbolic Tangent e —e" .
; . = tansi
Sigmoid . " 7C &
a =10 n<0
Positive Linear oslin
a=n 0<n 'Z p
. =1 ith
Competitive “ neuron with max n C compet
a = 0 all other neurons
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Think of this chapter as o preview of caming attractions. Wa will take o
aimple pattern recognition problem and show how it can be sobved using
three different neural nmh architectures. It will be a0 spportunity to
see bow the bad £ the a1 be used to
sulve a proctical falthough extremely oversimplifivd) problens, Do not ex-
pect to mmplulullr undml:ml thess thres networks after reading this
chapter. We preseat them simply to give you a taste of what can be dooe
-,u. aural pebwarks, and to deceastrate that there sre many differsat
types of notwarks that can be used to sobve o given problem.

The three cetiseks presoted lnlluldi:p\-r:r- repeessiativeofthe
types of

hm itive networks -m
sented bere by the Hunming metwork) and recurrent asseciative memory
networks (repressated here by the Hopfield network).

kS

Martin T. Hagan, Howard B. Demuth, Mark H. Beale, Orlando De Jesus,
Neural Network Design,

2nd Edition, Martin Hagan, 2014.

Chapter 3

Online version can be downloaded from: http://hagan.okstate.edu/nnd.html
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