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Module Aims and Learning Outcomes
Biological and Artificial Neural Networks
Training Methods for Multi Layer Perceptrons
Bias + Variance and Improving Generalization
Applications of Multi-Layer Perceptrons
Radial Basis Function Networks

Committee Machines

Self Organizing Maps and Learning Vector Quantization



L1: Module Aimsand L earning Outcomes

Aims

1.
2.

Introduce some of the fundamental techniques and principles of neural network systems

Investigate some common models and their applications.

L ear ning Outcomes

1.
2.

Understand the relation between real brains and simple artificial neural network models.
Describe and explain the most common architectures and learning algoritivhdtfor

Layer Perceptrons, Radial-Basis Function Networks, Committee Machines, and
Kohonen Self-Organising Maps.

Explain the learning and generalisation aspects of neural network systems.
Demonstrate an understanding of the implementational issues for common neural
network systems.

Demonstrate an understanding of the practical considerations in applying neural

networks to real classification, recognition and approximation problems
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L2 : Biological Neural Networks

\ dendrites
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The majority ofneurons encode the
outputs or activations as a serie
brief electical pulses (i.e. spikes
action potentials).

Dendrites are the receptive zones t
receive activation from other neuror

The cell body (soma) of the neuron’
processes the incoming activations
converts them into output activation

. Axons are transmission lines that s

activation to other neurons.

Synapses allow weighted transmissi
of signals (usingneurotransmitters)
between axons and dendrites to b
up large neural networks.



L 3: Networ ks of McCulloch-Pitts Neurons

Artificial neurons have the same basic components as biological neurons. The simplest
ANNSs consist of a set dflcCulloch-Pitts neurons labelled by indiceg, i, j and activation

flows between them via synapses with strengihwy;:

|n1| P S T S —
1Ny, \ Z — out, . in;
6
neuronn T . neuron;
synapsej
n -
N = out, Wi out; =sgn(y ing —6) in; = out;w;
k=1
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| mplementation of Simple Logic Gates

We have inputsn, and outpubut = sgnfv, in, +w, in, — 8) and need to solve fov,and 6:

in1 inz out Wlo +W20 -6<0
AND

O O O w, 0 +w,1 —0<0

0o 1 0 w;1l +w,0 —6<0 1 1

1 O O Wll +W21_6>O

1 1 1 >0 ,w,,Ww, <0, w+w,>80
YR in, in, out w,0 +w,0 -0 <0

O O O Wlo +W21—6>O

0 1 1 Wll +W20—6>O

1 0 1 w,1 +w,1 —0<0

1 1 0 6>0 ,w,,W,>6,w+w,<6

Solutions only exist folinearly separable problems, but since the simple gates (AND, OR,
NOT) can be linked together to solve arbitrarily complex mappings, they are very powerful.
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Building an Artificial Neural Network

Using artificial neural networks to solve real problemsnsudti-stage process:

1. Understand and specify the problem in terms of inputs and required outputs.

2. Take the simplest form of network that might be able to solve the problem.

W

Try to find appropriate connection weights and neuron thresholds so that the network
produces appropriate outputs for each input in its training data.

Test the network on its training data, and also on new (validation/testing) data.

If the network doesn’t perform well enough, go back to stage 3 and work harder.

If the network still doesn’t perform well enough, go back to stage 2 and work harder.

If the network still doesn’t perform well enough, go back to stage 1 and work harder.
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Problem solved — move on to next problem.

After training, the network is usually expectedyameralize well, i.e. produce appropriate
outputs fortest patterns it has never seen before.
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L4 : The Perceptron and the Perceptron Learning Rule

An arrangement of one input layer of activations feeding forward to one output layer of
McCulloch-Pitts neurons is known as a simipéeceptron:

Network Activations:

Perceptron Learning Rule:

W (T +1) = wy; (t) + Awy; (t)

Aw; =n.(targ; —out;).in

The Perceptron Learning Rule iteratively shifts around the weightg; and hence the
decision boundaries to give the target outputs for each input. If the probleneasly
separable, the required weights will be found in a finite number of iterations.
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L5 : Learning by Gradient Descent Error Minimisation

The Perceptron learning rule is an algorithm that adjusts the network wejgiatsninimise
the difference between the actual outputs and the target outputarg®. We can quantify
this difference by defining thBum Squared Error function summed over all output unifs
and all training patterns

Win) =33 > (targjIO - out; (ini'o))2
P ]

It is the general aim of netwofkarning to minimise this error by adjusting the weights,.
Typically we make a series of small adjustments to the weiwghts- w,,, + Aw,,, until the
errorE(w,,) is ‘small enough’. We can determine which direction to change the weights in
by looking at the gradients (i.e. partial derivatives)olvith respect to each weight,,,.

Then thegradient descent update equation (with positive learning ratg) is

OE (Wi )

Awy =-n———"- EW
X

which can be applieideratively to minimise the error.
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L6 : Practical Considerationsfor Gradient Descent L earning

There a number of important practical/implementational considerations that must be taken
into account when training neural networks:

1. Do we need to pre-process the training data? If so, how?

How may hidden units do we need?

Are same activation functions better than others?

How do we choose the initial weights from which we start the training?
Should we have different learning rates for the different layers?

How do we choose the learning rates?

Do we change the weights after each training pattern, or after the whole set?

How do we avoid flat spots in the error function?
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How do we avoid local minima in the error function?

10. When do we stop training?
In general, the answers to these questions are highly problem dependent.
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L7 : Multi-Layer Perceptrons (MLPS)

To deal with non-linearly separable problems (such as XOR) we can use non-monotonic
activation functions. More conveniently, we can instead extend the simple Perceptron to a
Multi-Layer Perceptron, which includes a least one hidden layer of neurons nathlinear
activations function§(x) (such as sigmoids):

noutputs outy? = f(y outPwi
]
2
nhidden out( = f(5 outOw?)
i
1
ninputs out” =in

Note that if the activation on the hidden layer were linear, the network would be equivalent to
a single layer network, and wouldn’t be able to cope with non-linearly separable problems.
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The Back-Propagation Learning Algorithm

By computing the necessary partial derivatives usinglhiaen rule, we obtain the gradient
descent weight update equation foNalayer MLP:

Awy = -ndE(WR))/aw =n'y delta™. outi"™
p

in which the error signadieltaf('\')at the output layeN is simply the difference between the
target and actual outputs times the derivative of the output activation function:

deltal™ = (targk — out(N) ! Ez out(l)w(N) = targk — outiﬁ'\')).outlﬁ'\').(l— outlﬁ'\‘))
and these error signgsopagate back to give thedeltas at earlier layers:
[] []
delta(” = %Z delta{™D i @ f1Ey outf™wf) = @Z delta(™D w(r goutp (1-out{™)
R i R

This is the famouBack-Propagation learning algorithm for MLPs.
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Training a Two-Layer ML P Network

The procedure for training a two layer MLP is now quite straight-forward:

1.

Take the set of training (input — output) patterns the network is required to learn
{inf,out?:1=1...ninputs,j =1 ...noutputs, p =1 ... npatterns} .
Set up a network withinputs input units fully connected tohidden hidden units via

connections with weighta/?, which in turn are fully connected twutputs output

ij
units via connections with weightg .

Generate random initial connection weights, e.g. from the ramsgevi-+smwi]

4. Select an appropriate error functiégw(;’) and learning rate.

6.

Apply the gradient descent weight update equafieff’ = -ndE(wiy) /awi) to each
Weightwfﬂ) for each training patteqm One set of updates of all the weights for all the
training patterns is called ompoch of training.

Repeat step 5 until the network error function is ‘small enough’.

The extension to networks with more hidden layers is straightforward.
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L8 : Improvements Over Back-Propagation

We can smooth out back-propagation updates by addimgrentum term a.Awﬁ,ln) (t-1) so

A (t) =1’y delta™ (t).out{"V (t) + a.AwP (t-1) .
p

Another way to speed up learning is to compute good step sizes at each step of gradien
descent by doing lane search along the gradient direction to give the best stegft), so

AW (1) = size(t).dir{™(t)

There are efficient parabolic interpolation methods for doing the line searches.

A problem with using line searches on true gradient descent directions is that the subsequen
steps are orthogonal, and this can cause unnecessary zig-zagging through weight space. Tr
Conjugate Gradients learning algorithm computes better directiod$,$|”)(t) than true
gradients and then steps along them by amounts determined by line searches. This is
probably the best general purpose approach to MLP training.
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L9 : Biasand Variance

If we define the expectation or average operdigmwhich takes thensemble average over
all possible training sef3, then some rather messy algebra allows us to show that:

Eo|(Ey1]-net(x W, D))’]

= (Z‘D[net(xi W,D)| - E[y|x ])2 +F, (net(xi W, D) - Ep[net(x, W, D)])Zl

= (bias)? + (variance)

This error function consists of two positive components:

(bias)® : the difference between the average network oufpijinet(x. ,W,D)] and the
regression functiomg(x; ) = Z[y| x;]. This can be viewed as thpproximation error.

(variance) : the variance of the approximating functiogt(x; ,W, D) over all the training
setsD. It represents thaensitivity of the results on the particular choice of data

In practice there will always be a trade-off to get the best generalization.
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L 10 : Improving Generalization

For networks to generalize well they need to avoid both under-fitting of the training data (high
statistical bias) and over-fitting of the training data (high statistical variance).

There are a number of approachesrproving generalization — we can:

1. Arrange to have the optimum number of free parameters (independent connection
weights) in the network (e.g. by fixing the number of hidden units, or weight sharing).

2. Stop the gradient descent training process just before over-fitting starts.

3. Add a regularization termiQ to the error function to smooth out the mappings that are
learnt (e.g. theegularizerQ =-1,2 (w;)* which corresponds to weight decay).

4. Add noise (or jitter) to the training patterns to smooth out the data points.

We can use a&alidation set or cross-validation as a way of estimating the generalization
using only the available training data. This provides a way of optimizing any of the above
procedures (e.g. the regularization paramgféo improve generalization.
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L11: Applications of Multi-Layer Perceptrons

Neural network applicatiorfall into two basic types:

Brain modelling The scientific goal of building models of how real brains work. This can
potentially help us understand the nature of human intelligence, formulate better
teaching strategies, or better remedial actions for brain damaged patients.

Artificial System Building The engineering goal of building efficient systems for real
world applications. This may make machines more powerful, relieve humans of
tedious tasks, and may even improve upon human performance.

We often use exactly the same networks and techniques for both. Frequently progress is
made when the two approaches are allowed to feed into each other. There are fundamente
differences though, e.g. the need for biological plausibility in brain modelling, and the need
for computational efficiency in artificial system building. Simple neural netwdk$6€) are
surprisingly effective for both. Brain models need to cover Development, Adult Performance,
and Brain Damage. Real world applications include: Data Compression, Time Series
Prediction, Speech Recognition, Pattern Recognition and Computer Vision.
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L12 : Radial Basis Function (RBF) Mappings

Consider a set oN data points in anulti-dimensional space witb dimensional inputs
xP ={xP:i=1..,D} and corresponding dimensional target outputd ={t:k=1,...,K}.
That output data will generally be generated by some underlying funcfi@asplus random
noise. The goal here is to approximate gpex) with functionsy, (x) of the form

M
Y (X) = ZOijCDj (x)
J:

There are good computational reasons toGeessian basis functions

@ (x) = expé-—uxz_ UMQZE
j

in which we have basis centrfs;} and widthg{g;}. If M =N we can use matrix inversion
techniques to performxact interpolation. But this would be computationally inefficient and
not give good generalization. It is better to take a different approacivivethN.
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L 13,14 : RBF Networksand Their Training

We can cast the RBF mapping into a form that looks like a neural network:

First the basis centrdg;} and widths{o;} can be obtained by unsupervised methods (e.g.

centres at random training points with widths to match). The output wéwlksan then be
found analytically by solving a set of linear equations. This makes the training very quick,

with no difficult to optimise learning parameters, which is a major advantagé/hrs.
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L15: Committee M achines

Committee machines are combinations of two or more neural networks that can be made to
perform better than individual networks. There are two major categories:
1. Static Structures

The outputs of several constituent networks (experts) are combined by a mechanism that
does not involve the input signal, hence the designatabic. Examples include

 Ensemble averaging, where the constituent outputs are linearly combined.

« Boosting, where weak learners are combined to give a strong learner.

2. Dynamic structures

The input signal is directly involved in actuating the mechanism that integrates/combines
the constituent outputs, hence the designalymamic. The main example is

» Mixtures of experts, where the constituent outputs are non-linearly combined by some
form of gating system (which may itself be a neural network).
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L16,17 : The Kohonen Self Organizing Map (SOM)

The SOM Is anunsupervised training system based arompetitive learning. The aim is to
learn afeature map from a spatiallycontinuous input space, in which our input vectors live,
to a low dimensional spatiallgiscrete output space formed by arranging the computational
neurons into a grid that is fully connected to all the input layer neurons.

Computational laye

© 0 o o0 O Input layel

This provides an approximation of the input space with dimensional reduction, topological
ordering, density matching, and feature selection.
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Components of Self Organization

The selforganization process has four major components:
Initialization: All the connection weights anaitialized with small random values.

Competition: For each input pattern, each output nodes compute their respective values of
a discriminant function which provides the basis for competition. Simple Euclidean
distance between the input vector and the weight vector for each output node is suitable.
The particular neuron with the smallest distance is declaregitiner.

Cooperation: The winning neuron determines the spatial location obpological
neighbourhood of excited neurons, thereby providing the basiscfmyperation among
neighbouring neurons.

Adaptation: The excited neurons increase their individual values ofdiseriminant
function in relation to the input pattern through suitable adjustment to the associated
connection weights, such that the response of the winning neuron to the subsequent
application of a similar input pattern is enhanced.
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The SOM Algorithm

The self organising process is implemented in the SOM algorithm:

1.

2.

Initialization — Choose random values for the initial weight vectgrs
Sampling — Draw a sample training input vectofrom the input space.

Matching — Find the winning neurol(x) that has weight vector closest to the input

vector, I.e. the minimum value of thescriminant functiond; (x) = ZiDzl(xi —wji)z.

Updating — Apply the weight update equatiadkw; =n(t) T, (t) (X —w;;) where
Ti 100D = exp(—q,,(X)IZJZ(t)) Is the Gaussian topological neighbourhood around the
winning nodel (x) defined by the distanc8 ,,, between nodesandl(x) on the output
grid. o(t)is the Gaussian’s width anf{t) is the learning rate, both of which generally

decrease with time (e.g. exponentially).

Continuation — keep returning to step 2 until the feature map stops changing.
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L 18 : Learning Vector Quantization (LVQ)

The LVQ algorithm is a supervised process which starts from a trained SOM with input
vectors ¥} and weights (i.eVoronoi vectors) {w;}. The classification labels of the inputs
give the best classification for the nearest neighbour celMpr@noi cell) for eachw;,. Itis
unlikely that the cell boundaries (i¥oronoi Tesselation) will coincide with the classification
boundaries. The LVQ algorithm attempts to correct this by shifting the boundaries:

1. If the inputx and the associated Voronoi vectay, (i.e. the weight of the winning
output nodel(x)) have the same class label, then move them closer together by
AW | 4 (1) = B(E)(X =W, (1)) as in the SOM algorithm.

2. If the inputx and associatedoronoi vectorw,,, have the different class labels, then
move them apart bw, ., (t) = =B(t)(X =W, 4, (1)).

3. Voronoi vectorsw; corresponding to other input regions are left unchanged with
Aw; (t) = 0.

where[(t) is a learning rate that decreases with the number of iterations/epochs of training.
In this way we end up with better classification than by the SOM alone.
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Overview and Reading

The module appears to have achieved its aims and learning outcomes.

2. We began by seeing how we could take simplified versions of the neural
networks found in real brains to produce powerful computational devices.

3. We have seen how Multi-layer Perceptrons, Radial Basis Function
Networks, Committee Machines, and Kohonen Self Organizing Maps can
be set up and trained.

4. We have studied the issues underlying learning and generalization in neural
networks, and how we can improve them both.

5. Along the way we have considered the various implementational and
practical issues that might complicate our endeavours.

Reading

1. Your lecture notes!
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