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Refarances

Textbook (suggested )

A Neural Networks for Identification, Prediction, and Control, by Duc
Truong Pham and Xing Liu. Springer Verlag; (December 1995). ISBN:
3540199594

A Nonlinear Identification and Control: A Neural Network Approach, by G.
P. Liu. Springer Verlag; (October 2001). ISBN: 1852333421.

A Fuzzy Modeling for Contro/ by Robert Babuska. Springer; 1st edition
(May 1, 1998) ISBN-10: 0792381548, ISBN-13: 978-0792381549.

A Multi-Objective Optimization using Evolutionary Algorithms, by Deb
Kalyanmoy. John Wiley & Sons, Ltd, Chichester, England, 2001.
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Couns=2@Oarvew

1. Introduction

I.  Course introduction
li. Introduction to neural network
lil. Issues in neural network

2. Simple neural network
. Perceptron
i. Adaline

. Multilayer Perceptron
. Basics

3
4. Genetic Algorithms: overview
5
6

Radial basis networks overview
Fuzzy Systems: overview

7. Application examples
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Madihiree_kbearning
A Improve automatically with experience

A Imitating human learning
A Human learning

Fast recognition and classification of complex classes
of objects and concepts and fast adaptation

A Example: neural networks (and fuzzy systems)
A Some techniques assume statistical source
Select a statistical model to model the source

A Other techniques are based on reasoning or
Inductive inference (e.g. Decision tree)
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ﬁMardhhwd_Eeaﬁandﬂeﬁnition

A computer program is said to learn from
experience E with respect to some class of
tasks T and performance measureP, If Its
performance at tasks in T, as measured by P,

Improves with experience E.

25/10/2021 5/149
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ﬁ Exampéesodf taarming dreblems

Example 1. handwriting recognition:

A T:recognizing and classifying handwritten words
within images.

A P: percentage of words correctly classified.

A E: a database of handwritten words with given
classification.

Example 2. learn to play checkers.
A T: play checkers.
A P: percentage of games won in a tournament.
A E: opportunity to play against itself ( )\
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ﬁ Esswsesnin Maaohiree bearning

A What algorithms can approximate functions
well and when?

A How does the number of training examples
Influence accuracy?

A How does the complexity of hypothesis
representation impact it?

A How does noisy data influence accuracy?

A How do you reduce a learning problem to a set
of function approximation °?
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ﬁ Sumnsayy

A Machine learningis useful for data mining, poorly
understood domain (face recognition) and programs
that must dynamically adapit.

A Draws from many diverse disciplines.

A Learning problem needs well-specified task,
performance metric and training experience.

A Involve searching space of possible hypotheses.
Different learning methods search different

nypothesis space, such as numerical functions, neural
networks, decision trees, symbolic rules (fuzzy).
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trooaction to Neroral Viehyeizs
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ﬁ Brain

A 101 neurons (processors)
A On average 1000-10000 connections

._,\7_ dendritesl |nput

. Zone
L0 — cell body
o
Q axon
; I sl e 4__,...-.%? .
axon endings <

Output Zone
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Artificial Neuron "
las
net= X; wy; + b/

W |

w.-:z /

J B ~-

i

y,=finet,)
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ﬁ Artificial Nauron

A Input/Output Signal may be:
A Real value.
A Unipolar {0, 1}.
A Bipolar {-1, +1}.
A Weight : wj /' strength of connection.

Note that wj refers to the weight from
unit s to unit 7 (not the other way round).
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Artificial Neuron

A The bias b Is a constant that can be written as
Wy, with y,= band w,= 1 such that

net =& w, v,
A The function f 1 s Jt_oh eactiviahon fturtctson.
In the simplest case, 7 Is the identity function,
and the unitodos output |

IS called a /inear unit.

A Other activation functions are :

25/10/2021 13/149
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et KeTiEation Functions

wix) = tempe—1 if x>0
. wx = | tempe—1 of x>0
yix) = tep—0 othermise temp—-1 othenwise
wx ok | ge% 0.5 - o ol ]
] I n—z 1] ] 1
|dentity function Binary Step function . .
y y >tep Bipolar Step function
j.?(}{, l.’,f:l = 1 - 1( s ] (x- ”)2
+ el - ik, 0) = 2 -1 y(Xx) = e 2°
, , L+ exp(-03) Jop's
¥, 3] |
w15 0 n (%3]
wxan O |
0 |
-1 0 2 ) |
Sigmoid function Bipolar Sigmoid function ~Gaussian function
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Shouwitd ANM Saolution Be Consiizred ?

U The solution to the problem cannot be explicitly described

by an algorithm, a set of equations, or a set of rules.

U There is some evidence that an input-output mapping exists

between a set of input and output variables.

U There should be a large amount of data available to train

the network.

25/10/2021 15/149
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lﬁﬁh&ms That Czan Lead to Poor Parformans

A

The network has to distinguish between very similar cases
with a very high degree of accuracy.

The train data does not represent the ranges of cases that
the network will encounter in practice.

The network has a several hundred inputs.

The main discriminating factors are not present in the
available data, e.g. trying to assess the loan application
without having knowledge of the applicant's salaries.

The network is required to implement a very complex
function.

25/10/2021 16/149
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|Apmiliﬂitim15 of Artifizial Neurai Networks

A

A

Manufacturing : fault diagnosis, fraud detection.
Retalling : fraud detection, forecasting, data
mining.

Finance : fraud detection, forecasting, data mining.
Engineering : fault diagnosis, signal/image
processing.

Production : fault diagnosis, forecasting.

Sales & marketing : forecasting, data mining.

25/10/2021 17/149
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ﬁ Data Fre-orocessing

Neural networks very rarely operate on the raw
data. An initial pre -processing stage is essential.

Some examples are as follows:

A Feature extraction of images: for example, the analysis of x-rays
requires pre-processing to extract features which may be of interest

within a specified region.

A Representing input variables with numbers. For example "+1" is the
person is married, "0" if divorced, and " -1" if single. Another example
IS representing the pixels of an image: 255 = bright white, O = black.
To ensure the generalization capability of a neural network, the data

should be encoded in form which allows for interpolation.

25/10/2021 18/149
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‘ Data Fre-orocessing

A CONTINUOUS VARIABLES

» A continuous variable can be directly applied to
a neural network. However, if the dynamic range
of input variables are not approximately the
same, it Is better to normalise all input variables

of the neural network.

25/10/2021 19/149
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»

SicapleNeumabMetwork

Siap lerédaraeptronn
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ﬁ Outlines

u The Perceptron

ALinearly separable problem
ANetwork structure
APerceptron learning rule

A Convergence of Perceptron

25/10/2021 21/149
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ﬁ THE PERCEEFROGION

U The perceptron was a simple model of ANN introduced
by Rosenblatt of MIT I n the
learning.

U Perceptron is designed to accomplish asimple pattern
recognition task: after learning with real value training data

[x@, d(i), } i whekdids106l, p

U For a new signal (pattern) x(i+1), the perceptron is
capable of telling you to which class the new signal
belongs

X(I+]) e | perceptron

25/10/2021 22/149
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Percaptron

A Linear Threshold Unit (LTU)

1 if S,:O” w; X; >0
-1 otherwise

----------------------
Ny
uy
v
~
'
-
4

‘Q
.
+*
e®
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ﬁMattlmmna'tittbllvetli’erBepwptn is

y=f(@wx +b)=f(@a wx)
1=1 i=0

We can always treat the bias b as another weight with
Inputs equal 1

where f is the hard limiter function l.e.

’r a
y:,\l\ |1m
lf_ 1if  w,x +bac O
1 =1

25/10/2021 24/149
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| capable off ssdvitizolinearly separable probleinm ?

a wx +b=0
1=1

é:ilvvm+b<0 A Wx +b>0
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Leaminguale

An algorithm to update the weights w so that finally
the input patterns lie on both sides of the line decided
by the perceptron

Let 7 be the time, at =0, we have

25/10/2021 26/149
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algorithm to update the weights w so that finally
Input patterns lie on both sides of the line decided by the
perceptron

Let £ be the time, at =1

25/10/2021 27/149
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Leaminguale

eights w so that finally

the input patterns lie on both sides of the line decided by the
perceptron

Let £ be the time, at =2

25/10/2021 28/149
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eamingweale

eights w so that finally
e input patterns lie on both sides of the line decided by the
perceptron

Let £ be the time, at =3

25/10/2021 29/149
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i In math:
d(t) = e+ 1f X(t)inclasst+

- 1if x(t)inclass

Perceptron learning rule
w(t +1) = w(t) +/2()[d (1) -

sign(w(t) 9 x(t))]x(t)
Where h(t) is the learning rate >0,
- +1 if x>0
sign(x) = 1 hard limiter function
LT 1 if x<=0,

NB : d(t) is the same as d(i) and x(t) as x(i)

25/10/2021 30/149
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ﬁ Invwwaorss:

Alf the classification is right, do not update the
weights

Alf the classification is not correct, update the

weight towards the opposite direction so that the
output move close to the right directions.

25/10/2021 31/149
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»

Perceptvon Comnvepgence Theorem
(Roseridxatt,°5262)

Let the subsets of training vectors be linearly separable. Then
after finite steps of learning we have

lim w(t) = w which correctly separate the samples.

The idea of proof is that to consider || w(t+1) -w| -|| w(t)-w|
which is a decrease function of t

25/10/2021 32/149



LeatirseNdoseswndiesiakNeswo ks FncF8azynSy stems Silvio SGimani

ﬁSummary of/Perceptrédhdeaming.i. r o

Variables and parameters
X(t) = (m+1) dim. inputvectors at time [

=(bx ;0 x,00), ..., X ,,(¥))

w(t) = (m+1) dim. weight vectors

=(1, W@ e W (D))

b = bias
V(1) = actual response
h ) = learning rate parameter, a +ve constant < 1

d(t) = desired response

25/10/2021 33/149
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a{(x( i), d(i)), [ =1

V Present the data to the network once a point

vV could be cyclic :

XD, ald)), (x 2) ., dx@)ap)e. (
x(p+1), d(p+1)), e

\ or randomly

(Hence we mix time t with I here)

25/10/2021 34/149
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Sumnzayy 0P Pergeplrézniearnimgdéaigorithm)

1. Initialisation Set w(0)=0. Then perform the following
computation for time step t=1,2,...
2. Activation At time step t, activate the perceptron by applying

Input vector X(¢) and desired response a(?)
3. Computation of actual response Compute the actual response
of the perceptron

YO)=ssign(( w(t) - X(1)))

where s/ign is the sign function
4. Adaptation of weight vector  Update the weight vector of the
perceptron

W)= W)+ h@© [d@) - V©)]] X1

5. Continuation

25/10/2021 35/149
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ﬁ Questions semain
Winerseco riwdreno toostop?

By minimizing the generalization error

Fortrainingdata {(x( / ), d (7 ) ), [ =

How to define training error after [ steps of learning?

E(t)= ari, [d(i)-sign(w(t) . x(1)]

25/10/2021 36/149
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»

We next turn tAADAILINE [Rarning,
from which we can understand

the learning rule, and more general the
Back-Propagaiva(BP) leatiiigg

25/10/2021 37/149
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»

Siplp e NENdRbIN etwork

ADANNEARZMING

25/10/2021 38/149
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ﬁ Outlines

A ADALINE

A Gradient descending learning

A Modes of training

25/10/2021 39/149
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Iﬂlﬁmpy OvermRereeptron Training

A When a perceptron gives the right answer, no

learning takes place

A Anything below the threshold is interpreted
as nol, @ven it issjustebelowithe threshold. u s t

A It might be better to train the neuron based
on how far below tine tthreshold iiti$s.

25/10/2021 40/149
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ADALINE

DALINEIs an acronym for ADAptive LINear Element

(or ADAptive Linear NEuron) developed by Bernard
Widrow and Marcian Hoff (1960).

AThere are several variations of Adaline. One has
threshold same as perceptron and another just a bare
linear function.

AThe Adaline learning rule is also known as the least-
mean-squares (LMS) rule, the delta rule, or the Widrow -
Hoff rule.

Alt is a training rule that minimises the output error

using (approximate) gradient descent method.
25/10/2021 41/149
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AReplace the step function in the perceptron with a

cpntinuous (differentiable) function 7, e.g. the simplest is

AWith or without the threshold, the Adaline is trained based
on the output of the function 7 rather than the final output.

Teacher Ot Ot

¥ 1 i

_ Teacher ‘
i l F Y

— =l
Error
é} "S| F(x)
Error
Percepton Learning Delta Rule

(Adaline)

42/149
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»

After each training pattern x(i) is presented, the correction to
apply to tthe wesghts s propoittiorss |ttot tlkeceroor.

E@GY= 2 [di) i iw® -x1)] < I=1..p
N.B. If fis a linear function fiw®) - x(@) = w®) - x(i)
Summing together, our purpose is to find W/ which minimizes

E®)= X; EGit

25/10/2021 43/149
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ﬁ General Approach gradient desweittn

7o find g
wt+1) = w)+g9( E( w(t)))

so that w automatically tends to the

global minimum of E(w).

wt+1) = w(@®)- E @) h
(see figure In the following... )

25/10/2021 44/149
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radient dlrectlon IS the direction of uphill
Figure, at position 0.4, the
( F Is E, consider one dim case )

radient is uphill

Fw), .
= Gradient/direction
FD.4)

1 1
-1 -0.8 -0E 0.4 02 o 0.z 0.4 0.6 0.5 1

W
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In gradient descent algorithm, we have

wit+l)= W@ ' F o ( wil (t1)))

therefore the ball goes downhill since T F 0 ( w ( t

IS downhill direction

F(w) -
0.9
0.8
07k |
0| Gradientdirection
05| |
0.4 /
03
0.2
0.1

1 1
-1 -0.8 0.6 -0.4 -0.2 o 0.2 0.4 0.6 0.5 1

W
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Xn gradlenfaéfescent algorithm, we have

WMD) =wp) 1 Fo( wi(tt)))

therefore the ball goes downhill since i F 0 ( w (

IS downhill direction

F(w) °
Gradient direction
) @)~

W
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Gradually the ball will stop at a local minima where
lent IS zero

F(w)

0.9 —

a8k _
06l Gradient direction
o5 |

o4 F _

0.3+ —

o2 —
I —
1 1 1 1 1 — 1 1 1 1

a
-1 -0.5 -0.65 -0.4 -0.2 (] a2 0.4 0.6 0.5 1
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In Wwoids:

dient method could be ttinigditiod§ a3 dakdrolinmgoddennn
fiwim a hilll: the: balll wiillredl Ddvvimeantd  fiwallyssegpaitttice wallky

Thus, the weights are adjusted by

wit+1) =w () +h S [di) - {w®) - Xx(1D)] x50 O

This corresponds to gradient descent on the quadratic error
surface E

When 0 =1, we have the perce
gener al f6>0 1 n neur al net wor
direction.
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ﬁ Twottypes disiebtwark training:

Sequential mode  (on-line, stochastic, or
per-pattern) :

Weights updated after each pattern is
presented (Perceptron Is in this class)

Batdhmadde (off-line or per-epoch) : Weights
upaated after all patterns are presented

25/10/2021 50/149
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omparison Pexgeptrenand
ﬁ GradentPesoent Redes

C Perceptron learning rule guaranteed to succeed if

A Training examples are linearly separable

A Sufficiently small learning rate h

C Linear unit training rule uses gradient descent
guaranteed to converge to hypothesis with
minimum squared error given sufficiently small
learning rate h
A Even when training data contains noise

A Even when training data not separable by hyperplanes

25/10/2021 51/149
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ﬁ Sumnsayy

Percaptvon

W(t+1)= W(t)+ h(t) [d(t) - sign (w(t) . X)] X

Adalime (Gradient descemtt metho

W(t+1)= W(D)+ h(t) [ d() -f(‘v:/l(lt.)..;()} x.?-o

25/10/2021 52/149
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ﬁ Multi-Laye2rfRececeptrof/(MLP)

/dea . Ciedit assignment problem 0

AProbl em of assigning O6¢cr
Individual elements involving in forming overall
response of a learning system (hidden units)

Aln neural networks, problem relates to dividing

which weights should be altered, by how much
and In which direction.

25/10/2021 53/149
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i ......... . Example: Three-layer networks

g Output

Signal routing
Input layer  Hidden layer Output layer

25/10/2021 54/149
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| Propzitiesiofranchitecture
ANo connections within a layer
ANo direct connections between input and output layers
AFully connected between layers
A Often more than 2 layers
ANumber of output units need not equal number of input units
ANumber of hidden units per layer can be more or less than
Input or output units

-
- - Each unit @ 0is a perceptron
1
v, = f (& w,x +b)
j=1
-

25/10/2021 55/149
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PP (Back Propagatlon)

gracdlﬂ@mt descent method

==

multilayer networks
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»

Mudithyayerctpesaeptron |

Bk Rrdphigyaiag Btifghd €arning
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ﬁ BP learming @lgorithm

Solutioricto Neredlitbassignarentguraiblemd im WLP

Rumelhart, Hinton and Willlams (1986)

BP has two phases

Forward pass phase : computes functional signalj fedd- s
forward propagation of input pattern signals through network

Backward pass phase : computestereor signal, s i g n
propagation of error (difference between actual and desired
output values) backwards through network starting at output
units

25/10/2021 58/149
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|BP LeaminddoBiSinysie'st MLP,
- I Ftomniminzize

E=(d - 0)2/2 W) /

=[d - W) 7 /2

=[d - (WORWD) ) 212 /ww

Error function at the output unit

Weight at time tis w(t) and W(t), exapfele
iIntend to find the weight w and W at time t+1

Where y = f(w(t)l), output of the input unit

25/10/2021 59/149
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ﬁ Forwardd pass phmase

uppose that we have w(t), W(t) of time t

For given input |, we can calculate

y = f(w(D)!)
and
o=T(W()y)
= F(W() f(w(t) 1))

Error function of output unit will be
E= (d-0)F/2

25/10/2021

Silviio SGiman/
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Badkwadd’Pas$ Pixzse
dE l
W(t+1) =W(t) - A W(t)
(t+D (t) AW
—w(t)- n9E_df LY
df dw(t) /
=W@)+A(d-0)f'W(H)Yy)y
I

E= (d-0)2/2

25/10/2021

o=T(W({)y)

Silviio SGiman/

w(t)
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dW(t)

W(t+1) =W(t) - /1

=W(t)- A=l
C ':

=W(t) +/1(d - O)f (W(t)Y)y
=W/ (t) + /1Dy

whereD=(do) f O

25/10/2021

Silviio SGiman/

| Badkwmdcbmp plsase

W(t)

y
w(t)
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Backward passpilmsee
‘ﬁ% O

WD =wO= 7 dCVlVI(Et) W(t)
_ ~ ,dE dy
=W 175 dwo y

w(t)

o=T1T(W(QOYy)
= TW() f(w® 1))
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S TS o)1) (oot un

W, (t+1) - W, (t) =/D, (1) y; (t) (output unit)

outputiunit
W, (t +1) - W, (t) 4D, (1) y; (1)

=/1(d, (1) - O, (t)) T (NeL (1) y; (t)

PR D - w, ® =7 g1, @

=4 *(net (DA D (W1, (1)

Once weight changes are computed for all units, weights are
updated at same time (bias included as weights here)

We now compute the derivative of the activation function 7().
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Activvatior Funictisns

0 compute 0',- and Dkwe need to find the derivative of
activation function 7
U to find derivative the activation function must be smooth

Sigmoidal (logistic) function-common in MLP

B 1
F(net(t) = 1+exp( knet(t))

where Kk is a positive constant. The sigmoidal function gives
value inrange of O to 1

Input-output function of a neuron (rate coding assumption)
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Shape of signtoidal funuttion

15 T T T T ‘
1 saturated
0.5 o=
input signal
|:| —
saturated
_|:|5 1 1 1 | 1 1 1 1
=10 -d -A -4 -2 ] 2 4 B a 10

Note: whennet =0, f=0.5
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Shapeofssigmoidal farctibniderivative

025

02F

015+

0.1F

0.0a

Derivative of sigmoidal function has max at x= 0, Is symmetric
about this point falling to zero as sigmoidal approaches extreme
values
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Retprning to localservoggraglients in BP algorithm we have for

0 Wwmis
D@ =@ - O) T "(Net(t))
= (d; () - O X)HKQ®)@A- O (1))

For input units we have
o) = f "(net (1)) D, (D,
= ky (1)@A- Vv (t))a D, (DWW,

Since degree of weight change is proportional to derivative of
activation function, weight changes will be greatest when units
receives mid-range functional signal than at extremes
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X | Training set shown repeatedly until stopping criteria are met
acn ol presentation of al

X Randomise order of training patterns presented for each
epoch in order to avoid correlation between consecutive
training pairs being learnt (order effects)

Twottypes distebwarkitraining:
U0 Sequential mode (on-line, stochastic, or per-pattern)

Weights updated after each pattern is presented

U Batch mode (off-line or per -epoch)
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Advantggesiandigdisadvantagés o different
maoakess

Batch mode:
A Faster learning than sequential mode
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ireerryolftdietworkaTranimy =

l&ﬂmﬂtbbm: 109, wW(t), net(), y(t), W(t), Ne(t), o)

Badlkoward pissse:
Output wmit
Wt +D - W;(t) =/D, (1) y, (1)
=/(d, (D) - O () T "(Net (1)) y; (1)
Impuit unit
w; (t+D) - w; (1) =747 (D)1, (1)
= /1t l(netj M)a b, (t)ij (OI; ()
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Network &raining:

Training set shown repeatedly until stopping criteria are met.

Possilthl e comyergenteeariterisnane
U Euclidean norm of the gradient vector reaches a
sufficiently small denoted as g.
U When the absolute rate of change in the average squared

error per epoch is sufficiently small denoted as Q.

U Validation for generalization performance : stop when

generalization reaching the peak (illustrate in this lecture)
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#oallsdﬂ%ecﬁdﬂﬂwhﬂoﬂaﬁaming

To give the correct output for input
training vector (Learning)

To give good responses to new unseen
input patterns (Generalizatiion)
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Traming and Festing Eroblkems

AStul_ntkmemm\s:_ Degree of weight change is proportional
to derivative of activation function, weight changes will be
greatest when units receives mid-range functional signal than
at extremes neuron. To avoid stuck neurons weights
Initialization should give outputs of all neurons approximate 0.5

A IrssiifficientmbevbEneftrgipinig patterns: In this
case, the training patterns will be learnt instead of the
underlying relationship between inputs and output, i.e. network
just mémorizing the patterns.

A Too ffewhvidddenaneurons: network will not produce a
good model of the problem.

AOVGr-ﬂﬂ:l_gg: the training patterns will be learnt instead
of the underlying function between inputs and output because
of too many of hidden neurons. This means that the network
will have a poor generalization capability.
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Dwfamesan Bifckeaming
i::so minimise an error fuwndtimn oxer all tteaimir
by adapting weights iim WILP

Recalling the typical error function is the mean
sqguared error as follows

EO= ZA (d® - O 1)

The idea Is to reduce E(t) to global minimum point .
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Dymamies 08 BPelegaming

In single layer perceptron with linear activation
functions, the error function is simple, described
by a smooth parabolic surface with a single
minimum

W
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DymamicsodB BPekeaming

P witth non-linear activation funciions ihave complex error
ces (e.g. plateaus, long valleys etc. ) with no single
minimum

An Ugly Cost Surface

local
minimea

plateau

R .

minimum

l

For complex error surfaces the problem is learning rate must
keep small to prevent divergence. Adding momentum tenm is
a simple approach dealing with this prolblem.
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A Adding term to weight update equation can

effectively holds as exponentially weight history of
previous weights changed

Modified weight update equation Is
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