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Perceptron Learning Rule
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/ Learning Rules \

- Supervised Learning

Network is provided with a set of examples
of proper network behavior (inputs/targets)

Pty 1Ppty, .., {antQ}

- Reinforcement Learning

Network is only provided with a grade, or score,
which indicates network performance

 Unsupervised Learning

Only network inputs are available to the learning
algorithm. Network learns to categorize (cluster)
the inputs.
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Perceptron Architecture

a = hardlim (Wp+b)

Wit W2 o
Input Hard Limit Layer W = |21 W22
r N/ A\ oo
p a [ Ws, 1 Ws,2
W —p
Rx1 Sx1
e LN _
Sx1 W
.1
ey "
w = "2
R Sx1 S 1 .
\__/ \ J
Wi, R

a; = hardlim(n;) = hardlim(iWTp+bi)

“Wo R

Wi R

wS,]g-
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Hard Limit ¢ ! | hardlim
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Inputs

Single-Neuron Perceptron

Two-Input Neuron

N\

\_/

4 A\

1 J

a = hardlim(Wp+b)

a = hardlim(lep +b) = hardlim(w, p+wy ,p, +b)

wip = 1

w2 = 1

§ %)

b = -1
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Wp+b =0

vector, and they must
weight vector

/ Decision Boundary \

 All points on the decision boundary have the same inner
product with the weight vector.
» Therefore they have the same projection onto the weight

lep = -b

lie on a line orthogonal to the
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/ OR Solution \

Weight vector should be orthogonal to the decision boundary.
_ |05
v [0.5]

Pick a point on the decision boundary to find the bias.

W ptb= [0 0_5][0]+b =025 +b=0 = b=-025
0.5

N A
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/ Multiple-Neuron Perceptron \

Each neuron will have its own decision boundary.

l'WTp+bl- =0

A single neuron can classify input vectors
into two categories.

A multi-neuron perceptron can classify
input vectors into 2° categories.
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/ Learning Rule Test Problem \

{pp tl} ’ {pz,tz} PR {st tQ}

O B O ] S B U W )

\ Inputs  No-Bias Neuron
© | ® r N A\
P Wi
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P Wi,
7 \J \ y

a = hardlim(Wp)

N .
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f Starting Point

Random initial weight:

=[]
—0.8

Present p, to the network:
a = hardlim(lepl) = hardlim([l_() —0.8] I:ID
2

a = hardlim(-0.6) = 0

\ Incorrect Classification.
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a = hardlim(IWTpl) = hardlim([m —0.8] |:1D
2

a = hardlim(-0.6) = 0
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/ Tentative Learning Rule \

* Set ,wto p, .
~Notstable X

* Add p, to \w J/

Tentative Rule: Ifr = 1anda = 0, then ;W' " = 1W01d+ P

1‘Wnew _ lvvold_l_p1 _ [10] + I:I] _ [20]
—0.8 2 1.2
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..\J-‘?“u'“ 1W(—p‘xb¢;.4.u)..su(5._u_3(5ug}d&_¥dg _NOt Stable -

Sk ol pae = lag )y (2l Ses pue <=
W4 WP aas sl 3(Y ¢ Add P, to W \/

= Proes o) WSS a0 oy
S LG g3 G b Pr o W ilase oS a

Tentative Rule: 1f7 = 1anda = 0, then ;W' = 1w0!d+ p

lwnew _ Iwofd+p1 _ |:l.0:|+ l:]:l . [20]
—0.8 2 1.2
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Second Input Vector

a = hardlim(lepz) = hardlim{[z,() 1_2] [;]J

a = hardlim(0.4) = 1 (Incorrect Classification)

old

Modification to Rule:  1f+ = 0anda = 1, then W = = ,w  —p

-\

Y
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SECOND INPUT VECTOR

a = hardlim(lepz) = hardlim([zo() 1_2] [1]]
2

a = hardlim(0.4) = 1 (Incorrect Classification)
eyl guiddib

. . Id
Modification to Rule:  1f7s = 0anda = 1,then ;W' = ,w " —p

s target L la S gl
(9508 OuS L8 sl»)

W W [2.0]_[—1] _ [3.0] N
12 |2 0.8
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\
Third Input Vector

a = hardlim(leP3) = hardlim{[&o —0.8] |:01:|J

a = hardlim(0.8) = 1 (Incorrect Classification)

old 3.0 0 3.0
w — _— — fry
1 Ps [_0'8] I:_I:I [0'2] W

3

Patterns are now correctly classified.

ld
If t = a, then IWMw = IWO .
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THIRD INPUT VECTOR

a = hardlim(leP3) = hardlim{[&o —0.8] |:01:|J

a = hardlim(0.8) = 1 (Incorrect Classification) c.,st sk

o’ °'

new old 3.0 0 3.0
w = Wi p, = — -
1 1 Ps [_0'8] I:_I:I [0'2] W

3

Patterns are now correctly classified.
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/ Unified Learning Rule \

id
Iff=1anda =0, then W =W +p
Ift=0anda =1, then ,w"*" = w”?—p
old

If t = a, then lwnew =W

e =1t—a
new old
Ife=1,then,w = w +p
new old
Ife=-1,then;w =;w —p

If e = 0, then lwnew = IWOM

IWOId tep = IWOId +(t— a)p A .blaS 1S a
weight with
b = b+ e an input of 1.

N ,




Prepared by Kazim Fouladi | Fall2017 |2nd Edition

P

0.9 b 5 830 (Soucld
s Ss (55800 (soaels

UNIFIED LEARNING RULE

Iff=1anda=0,then ;W =W +p

Ift=0anda =1, then , W' = w’—p

ld
If t = a, then lw"ew = ]WO

e =t—a
new old
Ife=1,then W =.,w +p
new old
Ife=-1,then ; w =W —p

If e = 0, then lwnew = IWOM

Id

old
tep = W +(t—a)p

(0]
W =W

bnew _ bold+e C—*—‘-‘-";;—'J{wl:'l-'uﬁ
:C_u.u‘l&lc;dJJJG




/ Multiple-Neuron Perceptrons \

To update the ith row of the weight matrix:

new old+
AL e;p

new _ , old
bl. = bl. +e;
Matrix form:

Wnew _ Wold+epT




¥y LG gl SLOAS

O g2 (§ p3Subs (souslS

I i Gyt
MULTIPLE-NEURON PERCEPTRONS

Input 1 Perceptron Layer 1008 o ile all i (55lualCiads ) 5
r N A\
Iwhl n al new _  _ old
: ) | S TP W = w T +ep
P, b
1 new _ 5 old
b; = b, te
P, n a
2 2
_’ I I
% P, b
g . 2
§ pR nt alsl :U—“‘:’Jsu Vﬁ)é
: w2 [
% lblsl Wnew _ Wold+epT
1
%‘ \ J \ J bnew _ bOId-I- e
§ a1 = hardlim (AWuip1 + b1)

J—



/ Apple/Banana Example \

Training Set

S

Initial Weights
W = [0.5 -1 f0.5:| b =105

First Iteration

—1
a = hardlim(-0.5) = 0 e=t—a=1-0=1

W = W ep” = o5 -1 —0s]+ (W[ 1 1] = [oso0-19]

old

a = hardlim(Wp, +b) = hardlim[[()_s 1 _0'5] |: 1] +0.5]

p"" = p? 4+ e =05+(1) = 1.5
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APPLE/BANANA EXAMPLE
Training Set 205l e sane
-1 1
P, = laflz[l] P, = 15‘2=[0:|
—1 —1
Initial Weights — :ceoleTslagss
W = [0.5 -1 70,5] b =105
First Iteration  :Js! IS
-1
a = hardlim(Wp, +b) = hardlim [0_5 ~1 _0.5] 1l +0.5
—1

a = hardlim(-0.5) = 0 e=t—a=1-0=1

W = W ep” = Jos -1 —0.5] * ([ 1 1] = [oso-14

P = pl e = 05+ (1) = 15
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Second Iteration

-\

Wnew _ Wold

a = hardlim (Wp, +b) = hardlim ([_0_5 0 1.5][

1
1| +(1.5))

—1

a = hardlim (2.5) = 1

+epT = [_0.5 0 _1_5] Jr(_1)[1 1 —1] - [—1.5 -1 —0.5]

B = Mt e = 154(=1) = 05
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APPLE/BANANA EXAMPLE: SECOND ITERATION

1
a = hardlim (Wp, +b) = hardlim ([_()_5 0 _1.5] 1| +(1.5))

—1

a = hardlim (2.5) = 1

e=tz—a=0—1=—1

W' = W epT = [oso0 15| +Dl1 1) =L1s5-1 05

B = Mt e = 154(=1) = 05
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/ Check \

—1
a = hardlim (Wp; +b) = hardlim ([_1.5 1 _0_5] |: 1] +0.5)
—1

a = hardlim (1.5) = 1 = 1,

1
a = hardlim (Wp,+b) = hardlim ([_1_5 -1 _0_5] |: 1] +0.5)
—1

a = hardlim (-1.5) = 0 = ¢,
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APPLE/BANANA EXAMPLE: CHECK

—1
a = hardlim (Wp, +b) = hardlim ([_1.5 1 _0_5] 1
—1

a = hardlim (1.5) = 1 = ¢, ¥ e

1
a = hardlim (Wp,+b) = hardlim ([_1_5 1 _0_5] 1

—1

a = hardlim (-1.5) = 0 = ¢, Vv e

<
’”’;ﬁb/

+0.5)

+0.5)
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q 1
Perceptron Rule Capability

The perceptron rule will always
converge to weights which accomplish
the desired classification, assuming that

such weights exist.
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/ Perceptron Limitations \

Linear Decision Boundary

Wp+b=0

Linearly Inseparable Problems

A A
O —— O — @
o.o
O Og O o
O O
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Ohbjectives

O of the questions we rnised in Chapter 3 was: “How do we determine the
dﬂ matris and bias for peroeptron networks with many inguts, where
it sualize the decision In this chapter we
mﬂrdbkrlbc an algorithm Bwinnim’nl p'mm‘mim mrwnm 20 that they
ean learn b vl
a learning rule ks and will m-n develap the ;-mpw- ruls. We
wil ancloda ude by and :ump.
l.nmpﬂmwmnlnnrk"‘- di ban will bead s into fu 5

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

2nd Edition, Martin Hagan, 2014.

Chapter 4

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