Neural Network Pagel of 32

© Copyright StatSoft, Inc., 1984-2003

Neural Networks

Preface
Applications for Neural Networks
The Biological Inspiration
The Basic Artificial Model
Using a Neural Network
Gathering Data for Neural Networks

o Summar
Pre and Posprocessing
o Multilayer Perceptrons

o Training Multilayer Perceptrons

The Back Propagation Algorithm
Overlearning and Generalization
Data Selection
Insights into MLP Training

o Other MLP Training Algorithms
Radial Basis Function Networks
Probabilistic Neural Networks
Generalized Regression Neural Networks
Linear Networks
SOFM Networks
Classification in Neural Networks

o Classification Statistics
Regression Problems in Neural Networks
Time Series Prediction in Neural Networks
Variable Selection and Dimensionality Reduction
Ensembles and Resampling
Recommended Textbooks

O
e}
e}
O

Many concepts related to the neural networks methodology are best explained if thetaaécil
with applications of a specific neural network program. Therefore, this chapteinsantny
references t&TATISTICA Neural Networks (in short,ST Neural Networks, a neural networks
application available from StatSoft), a particularly comprehensive neural kettvobr

Preface

Neural network have seen an explosion of interest over the last few years, and are being
successfully applied across an extraordinary range of problem domains, in areas assdivers
finance, medicine, engineering, geology and physics. Indeed, anywhere that there are problems of
prediction,classificationor control, neural networks are being introduced. This sweeping success
can be attributed to a few key factors:

o Power. Neural networksre very sophisticated modeling techniques capable of modeling
extremely complex functions. In particular, neural networksxanénear (a term which is
discussed in more detail later in this section). For many Vieaes modelinghas been the
commonly used technique in most modeling domains since linear models have well-known
optimization strategies. Where the linear approximation was not valid (whichegasfitly
the case) the models suffered accordingly. Neural networks also keep in chagisdlog
dimensionality problem that bedevils attempts to model nonlinear functions with large
numbers of variables.

o Ease of use. Neural networkdearn by example. The neural network user gath
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representative data, and then involkeming algorithms to automatically learn the structure

of the data. Although the user does need to have some heuristic knowledge of how to select
and prepare data, how to select an appropriate neural network, and how to interpret th

the level of user knowledge needed to successfully apply neural networks is much lower than
would be the case using (for example) some more traditional nonlinear statisticatis

Neural networks are also intuitively appealing, based as they are on a cr-level model of
biological neural systems. In the future, the development of this neurobiological modelingaahay |
to genuinely intelligent computers.

To index

Applications for Neural Networks

Neural networks are applicable in virtually every situation in which a relationshig&ethe
predictor variables (independents, inputs) and predicted variables (dependents, exitdgigven
when that relationship is very complex and not easy to articulate in the usual termsedatioos"
or "differences between groups." A few representative examples of problems to whigh ne
network analysis has been applied successfully are:

o Detection of medical phenomena. A variety of health-related indices (e.g., a combination of
heart rate, levels of various substances in the blood, respiration rate) can be ohoHitere
onset of a particular medical condition could be associated with a very complex (e.g.,
nonlinear and interactive) combination of changes on a subset of the variables being
monitored. Neural networks have been used to recognize this predictive pattern so that the
appropriate treatment can be prescribed.

o Stock market prediction. Fluctuations of stock prices and stock indices are another example
of a complex, multidimensional, but in some circumstances at least partialiyrioheséic
phenomenon. Neural networks are being used by many technical analysts to make predictions
about stock prices based upon a large number of factors such as past performance of other
stocks and various economic indicators.

o Credit assignment. A variety of pieces of information are usually known about an applicant
for a loan. For instance, the applicant's age, education, occupation, and many other facts may
be available. After training a neural network on historical data, neural network arcaysi
identify the most relevant characteristics and use those to classify apgpésagaod or bad
credit risks.

e Monitoring the condition of machinery. Neural networks can be instrumental in cutting
costs by bringing additional expertise to scheduling the preventive maintenance of machines.
A neural network can be trained to distinguish between the sounds a machine makes \
running normally ("false alarms") versus when it is on the verge of a problem. hfter t
training period, the expertise of the network can be used to warn a technician of an upcoming
breakdown, before it occurs and causes costly unforeseen "downtime."

¢ Engine management. Neural networks have been used to analyze the input of sensors -
engine. The neural network controls the various parameters within which the engine fu
in order to achieve a particular goal, such as minimizing fuel consumption.

To index

The Biological Inspiration

Neural networks grew out of research in Atrtificial Intelligence; spedlicattempts to mimic th
fault-tolerance and capacity to learn of biological neural systems by modeling the/&structure

of the brain (see Patterson, 1996). The main branch of Artificial Intelligencealeseahe 1960s -

1980s produced Expert Systems. These are based upon a high-level model of reasoning processes
(specifically, the concept that our reasoning processes are built upon manipulation of syt

Document Produced by deskPDF Unregistered :: hitp://www.docudesk.com
http://www.statsoftinc.com/textbook/stneunet.t 17/08/200.



Neural Network Page3 of 32

became rapidly apparent that these systems, although very useful in some domains, &pkewleto ¢
certain key aspects of human intelligence. According to one line of speculation, this vasheile
failure to mimic the underlying structure of the brain. In order to reproduce inteligeneould be
necessary to build systems with a similar architecture.

The brain is principally composed of a very large number (circa 10,000,000,0¢9) afs,

massively interconnected (with an average of several thousand interconneetsrpgralthough

this varies enormously). Each neuron is a specialized cell which can propagaterachelattal

signal. The neuron has a branching input structure (the dendrites), a cell body, and a branching
output structure (the axon). The axons of one cell connect to the dendrites of another via a synapse.
When a neuron is activatedfites an electrochemical signal along the axon. This signal crosses the
synapses to other neurons, which may in turn fireeéronfires only if the total signal received at

the cell body from the dendrites exceeds a certain level (the firing threshold).

The strength of the signal received by a neuron (and therefore its chances of filicey)yctiépend

on the efficacy of the synapses. Each synapse actually contains a gap, with neurotransmitte
chemicals poised to transmit a signal across the gap. One of the most influesdiadhers into
neurological systems (Donald Hebb) postulated that learning consisted principakyimgahe
"strength" of synaptic connections. For example, in the classic Pavlovian conditioningnexperi
where a bell is rung just before dinner is delivered to a dog, the dog rapidly learns tdassecia
ringing of a bell with the eating of food. The synaptic connections between the appropriate part o
the auditory cortex and the salivation glands are strengthened, so that when the auditory cortex i
stimulated by the sound of the bell the dog starts to salivate. Recent researchtivecegence, in
particular in the area of nonconscious information processing, have further demdrik&rate
enormous capacity of the human mind to infer ("learn”) simple input-output covariatoms fr
extremely complex stimuli (e.g., see Lewicki, Hill, and Czyzewska, 1992).

Thus, from a very large number of extremely simple processing units (each performimgpiedvei
sum of its inputs, and then firing a binary signal if the total input exceeds a certajrtievaiain
manages to perform extremely complex tasks. Of course, there is a great deal ofibpmpitee
brain which has not been discussed here, but it is interesting that amiéicral networkgan
achieve some remarkable results using a model not much more complex than this.

To index

The Basic Artificial Model
To capture the essence of biological neural systems, an artifoian is defined as follows:

o It receives a number of inputs (either from original data, or from the output of other nev
theneural network Each input comes via a connection that has a strengtei(it); these
weights correspond to synaptic efficacy in a biological neuron. Each neuron also has a single
threshold value. The weighted sum of the inputs is formed, and the threshold subtracted, to
compose thactivation of the neuron (also known as thestsynaptic potentialor PSP, of th
neuron).

e The activation signal is passed throughaativation function(also known as a transfer
function) to produce the output of the neuron.

If the stepactivation functioris used (i.e., the neuron's output is O if the input is less than zero
if the input is greater than or equal to 0) thenrtberonacts just like the biological neuron descri
earlier (subtracting the threshold from the weighted sum and comparing with zero iseequo/a
comparing the weighted sum to the threshold). Actually, the step function is rarely usédatial art
neural networks, as will be discussed. Note also that weights can be negativenwliehthat the
synapse has an inhibitory rather than excitatory effect on the neuron: inhibitory neurasdra f
the brain.
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This describes an individual neuron. The next question is: how should neurons be connected
together? If a network is to be of any use, there must be inputs (which carry the valuedblasvaria

of interest in the outside world) and outputs (which form predictions, or control signpld#s and

outputs correspond to sensory and motor nerves such as those coming from the eyes and leading to
the hands. However, there also can be hidden neurons that play an internal role in the network. The
input, hidden and output neurons need to be connected together.

The key issue here fsedback (Haykin, 1994). A simple network hagesdforward structure:

signals flow from inputs, forwards through any hidden units, eventually reaching the output units.
Such a structure has stable behavior. However, if the netwiaguig ent (contains connections

back from later to earlier neurons) it can be unstable, and has very complex dynamigenRecur
networks are very interesting to researcherseimral networksbut so far it is the feedforward
structures that have proved most useful in solving real problems.

A typical feedforward networkas neurons arranged in a distinct layered topology. The input |

not really neural at all: these units simply serve to introduce the values of the inpbltegaiThe

hidden and output layer neurons are each connected to all of the units in the preceding layer. Again,
it is possible to define networks that are partially-connected to only some units iedbdipg

layer; however, for most applications fully-connected networks are better.

When the network is executed (used), the input variable values are placed in the input uriés)

the hidden and output layer units are progressively executed. Each of them calculetieatitzna

value by taking the weighted sum of the outputs of the units in the preceding layer, and subtracting
the threshold. The activation value is passed througadineation functiorto produce the output of
theneuron When the entire network has been executed, the outputs of the output layer act as the
output of the entire network.

To index

Using a Neural Network

The previous section describes in simplified terms howwaal networkurns inputs into outputs.
The next important question is: how do you apply a neural network to solve a problem?

The type of problem amenable to solution by a neural network is defined by the wayptkeynd

the way they ar&rained. Neural networks work by feeding in some input variables, and producing
some output variables. They can therefore be used where you have some known information, and
would like to infer some unknown information (see Patterson, 1996; Fausett, 1994). Some examples
are:

Stock market prediction. You know last week's stock prices and today's DOW, NASDAQ, or
FTSE index; you want to know tomorrow's stock prices.

Credit assignment. You want to know whether an applicant for a loan is a good or bad cred
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You usually know applicants' income, previous credit history, etc. (because you ask them these
things).

Control. You want to know whether a robot should turn left, turn right, or move forwards in ol
reach a target; you know the scene that the robot's camera is currently observing.

Needless to say, not every problem can be solvecneural networkYou may wish to know next

week's lottery result, and know your shoe size, but there is no relationship between theg@dy. Ind

if the lottery is being run correctly, there is no fact you could possibly know that would allow you to
infer next week's result. Many financial institutions use, or have experimented withl, metworks

for stock market prediction, so it is likely that any trends predictable by neural techaiguareac
discounted by the market, and (unfortunately), unless you have a sophisticated understanding of that
problem domain, you are unlikely to have any success there either!

Therefore, another important requirement for the use of a neural network therdfateysu know

(or at least strongly suspect) that there is a relationship between the proposed knaemichput
unknown outputs. This relationship may be noisy (you certainly would not expect that the factors
given in the stock market prediction example above could give an exact prediction, as prices are
clearly influenced by other factors not represented in the input set, and there may beeahaflem
pure randomness) but it must exist.

In general, if you use @eural networkyou won't know the exact nature of the relationship between
inputs and outputs - if you knew the relationship, you would model it directly. The other key feature
of neural networks is that they learn the input/output relationship through training. Thave are t
types of training used in neural networks, with different types of networks using difigrestdf

training. These are supervised and unsupervised training, of which supervised is the mast comm
and will be discussed in this sectiamg$upervised learning described in a later section).

In supervised learninghe network user assembles a satafing data. The training data contains
examples of inputs together with the corresponding outputs, and the network learns to infer the
relationship between the two. Training data is usually taken from historical recoths.dbove
examples, this might include previous stock prices and DOW, NASDAQ, or FTSE indiagdsrec
of previous successful loan applicants, including questionnaires and a record of whether they
defaulted or not, or sample robot positions and the correct reaction.

Theneural networks then trained using one of thepervised learninglgorithms (of which the be
known example i®ack propagation, devised by Rumelhart et. al., 1986), which uses the data to
adjust the network’'s weights and thresholds so as to minimize the error in its pnediatihe
training set. If the network is properly trained, it has then learned to model the (unknowionfunct
that relates the input variables to the output variables, and can subsequently be used to make
predictions where the outputnst known.

To index

Gathering Data for Neural Networks

Once you have decided on a problem to solve ustngal networksyou will need to gather data
training purposes. The training data set includes a numizases each containing values for a
range of input and outpugriables. The first decisions you will need to make are: which variabl
use, and how many (and which) cases to gather.

The choice of variables (at least initially) is guided by intuition. Your own expertibe problem

domain will give you some idea of which input variables are likely to be influential. Ast gdiss,

you should include any variables that you think could have an influence - part of the design process
will be to whittle this set dowr
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Neural networks process numeric data in a fairly limited range. This presentdenpif data is ir
an unusual range, if thererigssing dataor if data is nomumeric. Fortunately, there are methoc
deal with each of these problems. Numeric data is scaled into an appropriate rangeéwork,
and missing values can be substituted for using the mean value (or other statisticjarfabkbe
across the other available training cases (see Bishop, 1995).

Handling non-numeric data is more difficult. The most common form of non-numeric datagonsist
of nominal-value variables such @snder={ Male, Female}. Nominal-valued variables can be
represented numerically. Howevegural networkslo not tend to perform well with nominal
variables that have a large number of possible values.

For example, consider a neural network being trained to estimate the value of houseseTdfe pr
houses depends critically on the area of a city in which they are located. A partiyulaigtit be
subdivided into dozens of named locations, and so it might seem natural to use a nominal-valued
variable representing these locations. Unfortunately, it would be very difficult noatreeural

network under these circumstances, and a more credible approach would be to asggy(bested

on expert knowledge) to each area; for example, you might assign ratings for the quality of loca
schools, convenient access to leisure facilities, etc.

Other kinds of non-numeric data must either be converted to numeric form, or discardedridate
times, if important, can be converted to an offset value from a starting date/timencyuralues

can easily be converted. Unconstrained text fields (such as names) cannot be handleddihd shoul
discarded.

The number of cases required for neural network training frequently presents di§icliliere are

some heuristic guidelines, which relate the number of cases needed to the sizetafdte(the
simplest of these says that there should be ten times as many cases as corm#utioreswork).
Actually, the number needed is also related to the (unknown) complexity of the underlying function
which the network is trying to model, and to the variance of the additive noise. As the number of
variables increases, the number of cases required increases nonlinearly, s thagmwa fairly

small number of variables (perhaps fifty or less) a huge number of cases ararddqug@roblem

is known as "the curse of dimensionality," and is discussed further later in this chapter

For most practical problem domains, the number of cases required will be hundreds or thousands.
For very complex problems more may be required, but it would be a rare (even trivial) problem
which required less than a hundred cases. If your data is sparser than this, you really don't have
enough information to train a network, and the best you can do is probably iodaramodel If

you have a larger, but still restricted, data set, you can compensate to some extent byaforming
ensemble of networks, each trained using a different resampling of the availabled#ena

average across the predictions of the networks in the ensemble.

Many practical problems suffer from data that is unreliable: some variabjesa@rrupted by
noise, or values may be missing altogethieural networksre also noise tolerant. However, there
is a limit to this tolerance; if there are occasional outliers far outisedleange of normal values for a
variable, they may bias the training. The best approach to such outliers is to identify anel rem
them (either discarding the case, or converting the outlier into a missing vatud)ieifs are

difficult to detect, acity block error functior(see Bishop, 1995) may be used, but this outlier-
tolerant training is generally less effective than the standard approach.

Summary
Choose variables that you believe may be influential

Numeric and nominal variables can be handled. Convert other variables to one of these -

Document Produced by deskPDF Unregistered :: hitp://www.docudesk.com
http://www.statsoftinc.com/textbook/stneunet.t 17/08/200.



Neural Network Page7 of 32

discard.
Hundreds or thousands of cases are required; the more variables, the more cases.

Cases withmissing valuegan be used, if necessary, but outliers may cause problems - check your
data. Remove outliers if possible. If you have sufficient data, discard casesisgiigwalues.

If the volume of the data available is small, consider using ensembles and resampling.

To index

Pre- and Post-processing

All neural networksake numeric input and produce numeric output. The transfer function of a unit

is typically chosen so that it can accequt in any range, and producesitput in a strictly limited

range (it has a squashing effect). Although the input can be in any range, there is a saffiefction e

so that the unit is only sensitive to inputs within a fairly limited range. The iltisstrbelow shows

one of the most common transfer functions,ltiggstic function(also sometimes referred to as the
sigmoid function although strictly speaking it is only one example of a sigmoid - S-shaped -
function). In this case, the output is in the range (0,1), and the input is sensitive in a range not much
larger than (-1,+1). The function is also smooth and easily differentiable, factseticatiaal in

allowing the network training algorithms to operate (this is the reason why the stéprfus not

used in practice).

3 legisb: huncliond cig: 20 Graph
LOGHSTIC FUNCTION

0e
0.6
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The limited numeric response range, together with the fact that information has to bercnum
form, implies that neural solutions require preprocessing and post-processingctagasdd in
real applications (see Bishop, 1995). Two issues need to be addressed:

Scaling. Numeric values have to be scaled into a range that is appropriate for the network.yf;
raw variable values are scaled linearly. In some circumstances, non-liakay stay be

appropriate (for example, if you know that a variablexigonentially distributedyou might take the
logarithm). Non-linear scaling is not supportedsinNeural Networks. Instead, you should scale the
variable usingSTATISTICA's data transformation facilities before transferring the da& tdeural
Networks.

Nominal variables. Nominal variables may b®vo-state(e.g.,Gender={ Male,Female}) or many-

state (i.e., more than two states). A two-state nominal variable is easédgenfed by

transformation into a numeric value (eldale=0, Female=1). Many-state nominal variables are

more difficult to handle. They can be represented using an ordinal encoding (e.qg.,
Dog=0,Budgie=1,Cat=2) but this implies a (probably) false ordering on the nominal values - in this
case, thaBudgies are in some sense midway betw@&ags andCats. A better approach, known as
one-of-N encoding, is to use a number of numeric variables to represent the single nominal variable.
The number of numeric variables equals the number of possible values; ondl ofttebles is set,

and the others cleared (e.Dog={1,0,0}, Budgie={0,1,0}, Cat={0,0,1}). ST Neural Networks has
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facilities to convert bothwo-stateand many-state nominal variables for use imtieral network
Unfortunately, a nominal variable with a large number of states would require a prohibitiNesr
of numeric variables foone-of-N encoding, driving up the network size and making training
difficult. In such a case it is possible (although unsatisfactory) to model the novairzddle using a
single numeric ordinal; a better approach is to look for a different way to reptiesémformation.

Prediction problems may be divided into two main categories:

Classification. In classification the objective is to determine to which of a number of discrete
classes a given input case belongs. Examples include credit assignment (is this geosbordad
credit risk), cancer detection (tumor, clear), signature recognition (forgery,ltra)these cases,
the output required is clearly a single nominal variable. The most common classifiaaks are (:
above)two-state although many-state tasks are also not unknown.

Regression. In regressionthe objective is to predict the value of a (usually) continuous variable:
tomorrow's stock price, the fuel consumption of a car, next year's profits. In this caméptite
required is a single numeric variable.

Neural network can actually perform a number of regression andéssificationtasks at once,

although commonly each network performs only one. In the vast majority of cases, therefore, the
network will have a single output variable, although in the case of many-state @d#issific

problems, this may correspond to a number of output units (the post-processing stage takes care of
the mapping from output units to output variables). If you do define a single network with multiple
output variables, it may suffer from cross-talk (the hidden neurons experience tglifdewhing, as

they are attempting to model at least two functions at once). The best solution is oswailhy t

separate networks for each output, then to combine them into an ensemble so that they can be run as
a unit.

To index

Multilayer Perceptrons

This is perhaps the most popular network architecture in use today, due originally to Ruamelhar
McClelland (1986) and discussed at length in most neural network textbooks (e.g., Bishop, 1995).
This is the type of network discussed briefly in previous sections: the units each Epeld@sed
weighted sum of their inputs and pass this activation level through a transfer function to produce
their output, and the units are arranged in a layedforwardtopology. The network thus has a
simple interpretation as a form of input-output model, with the weights and threshol@s)lines

free parameters of the model. Such networks can model functions of almost arbitnpigaty,

with the number of layers, and the number of units in each layer, determining the function
complexity. Important issues Multilayer Perceptrons (MLPJesign include specification of the
number of hidden layers and the number of units in these layers (see Haykin, 1994; Bishop, 1995).

The number of input and output units is defined by the problem (there may be some uncertainty
about precisely which inputs to use, a point to which we will return later. However, for thentnom
we will assume that the input variables are intuitively selected and areatimgful). The number

of hidden units to use is far from clear. As good a starting point as any is to use one hidden layer,
with the number of units equal to half the sum of the number of input and output units. Again, we
will discuss how to choose a sensible number later.

Training Multilayer Perceptrons
Once the number of layers, and number of units in each layer, has been selected, the network's

weights and thresholds must be set so as to minimize the prediction error made by tHe matsor
is the role of thdraining algorithms. The historical cases that you have gathered are u:
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automatically adjust the weights and thresholds in order to minimize this err®prokess is

equivalent to fitting the model represented by the network to the training data avaitebkror of

a particular configuration of the network can be determined by running all the traingsgticasigh

the network, comparing the actual output generated with the desired or target outputs. The
differences are combined together byearor function to give the network error. The most common

error functionsare thesum squared error (used for regression problems), where the individual €

of output units on each case are squared and summed together, and the cross entropy functions (usec
for maximum likelihood classification).

In traditional modeling approaches (elmear modelinyit is possible to algorithmically determine
the model configuration that absolutely minimizes this error. The price paid for therdrem-
linear) modeling power afeural networkss that although we can adjust a network to lower its
error, we can never be sure that the error could not be lower still.

A helpful concept here is the error surface. Each oNtheights and thresholds of the network (
the free parameters of the model) is taken to be a dimension in spadé&: Tthelimension is the
network error. For any possible configuration of weights the error can be plotted\in itre
dimension, forming aerror surface. The objective of network training is to find the lowest point in
this many-dimensional surface.

In a linear model witlsum squared error function, this error surface is a parabola (a quadratic),
which means that it is a smooth bowl-shape with a single minimum. It is thereémg' 'to locate
the minimum.

Neural network error surfaces are much more complex, and are characterized by raof
unhelpful features, such &gal minima(which are lower than the surrounding terrain, but abov
global minimum), flat-spots and plateaus, saddle-points, and long narrow ravines.

It is not possible to analytically determine where the global minimum of the erracsusf and so
neural network training is essentially an exploration of the error surface. Fromiatyirahdom
configuration of weights and thresholds (i.e., a random point on the error surface), the training
algorithms incrementally seek for the global minimum. Typically, the gradient (slof®) efror
surface is calculated at the current point, and used to make a downhill move. Eventually, the
algorithm stops in a low point, which may be a local minimum (but hopefully is the global
minimum).

The Back Propagation Algorithm

The best-known example oingural networkraining algorithm isack propagation (see Patterson,
1996; Haykin, 1994; Fausett, 1994). Modern second-order algorithms scatjwagte gradient
descent andLevenberg-Marquardt (see Bishop, 1995; Shepherd, 1997) (both includ&T iNeural
Networks) are substantially faster (e.g., an order of magnitude faster) for many probleivessikout
propagation still has advantages in some circumstances, and is the easiest algorithm t@amehderst
We will introduce this now, and discuss the more advanced algorithms later. Thdse &euaistic
modifications ofback propagation which work well for some problem domains, suclyaisk
propagation (Fahlman, 1988) andelta-Bar-Delta (Jacobs, 1988) and are also include8Iin

Neural Networks.

In back propagation, the gradient vector of the error surface is calculated. This vector points along
the line of steepest descent from the current point, so we know that if we move along it'a "shor
distance, we will decrease the error. A sequence of such moves (slowing as we betom) will
eventually find a minimum of some sort. The difficult part is to decide how large theshtayd be

Large steps may converge more quickly, but may also overstep the solution or (if the eawaris
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very eccentric) go off in the wrong direction. A classic example of tmeumal networkraining is
where the algorithm progresses very slowly along a steep, narrow, valley, bouncing from one side
across to the other. In contrast, very small steps may go in the correct direction, bisthegare

a large number of iterations. In practice, the step size is proportional to the sltipet the

algorithms settles down in a minimum) and to a special constaré&atimeng rate. The correct

setting for the learning rate is application-dependent, and is typically chosen by expetimant

also be time-varying, getting smaller as the algorithm progresses.

The algorithm is also usually modified by inclusion of a momentum term: this encouragesent
in a fixed direction, so that if several steps are taken in the same direction, titeralgpicks up
speed"”, which gives it the ability to (sometimes) escape local minimum, and atevée rapidly
over flat spots and plateaus.

The algorithm therefore progresses iteratively, through a numlepodis. On each epoch, the
training cases are each submitted in turn to the network, and target and actual outputsdcangpa
the error calculated. This error, together with the error surface gradient, i® @skdst the weight:
and then the process repeats. The initial network configuration is random, and traininghstos w
given number of epochs elapses, or when the error reaches an acceptable level, or wloen the err
stops improving (you can select which of thes®ping condition$o use).

Over-learning and Generalization

One major problem with the approach outlined above is that it doesn't actually minimezeothe
that we are really interested in - which is the expected error the networkak#l whemew cases

are submitted to it. In other words, the most desirable property of a network is tistabili
generalize to new cases. In reality, the network is trained to minimize the error on the training se
and short of having a perfect and infinitely large training set, this is not the same tmirgraing
the error on the real error surface - the error surface of the underlying and unknown neodel (se
Bishop, 1995).

The most important manifestation of this distinction is the probleoveflearning or overfitting.
It is easiest to demonstrate this concept using polynomial curve fitting ratheretivah networks
but the concept is precisely the same.

A polynomial is an equation with terms containing only constants and powers of the variables. F
example:

y=2x+3
y=3x%+4x+1

Different polynomials have different shapes, with larger powers (and therefpee tambers of

terms) having steadily more eccentric shapes. Given a set of data, we may wanptdyfitomial

curve (i.e., a model) to explain the data. The data is probably noisy, so we don't necessarily expect
the best model to pass exactly through all the points. Aolaler polynomial may not be sufficien
flexible to fit close to the points, whereas a high-order polynomial is actually too éefitbhg the

data exactly by adopting a highly eccentric shape that is actually unrelated to the ngderlyi

function. See illustration below.
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Neural networks have precisely the same problem. A network with more weights modeé=
complex function, and is therefore prone to over-fitting. A network with less weights may not be
sufficiently powerful to model the underlying function. For example, a network with no hidden
layers actually models a simple linear function.

How then can we select the right complexity of network? A larger network will aimasiably
achieve a lower error eventually, but this may indicate over-fitting rather than goodngodel

The answer is to check progress against an independent data set, the selection séth8arases

are reserved, and not actually used for training irb#ok propagation algorithm. Instead, they are
used to keep an independent check on the progress of the algorithm. It is invariably the case that the
initial performance of the network on training and selection sets is the satrie (ibi at least
approximately the same, the division of cases between the two sets is probably bmsai)iny
progresses, the training error naturally drops, and providing training is minimizing tleertue
function the selection error drops too. However, if the selection error stops dropping, or indeed
starts to rise, this indicates that the network is starting to overfit the dataaiamtshould cease.
Whenoverfitting occurs during the training process like this, it is called over-learning. In this case,
it is usually advisable to decrease the number of hidden units and/or hidden layers, as thasetwor
over-powerful for the problem at hand. In contrast, if the network is not sufficiently poweerful
model the underlying function, over-learning is not likely to occur, and neither training ncicsele
errors will drop to a satisfactory level.

The problems associated with local minima, and decisions over the size of network aplys#hai
using a neurahetworktypically involves experimenting with a large number of different networks,
probably training each one a number of times (to avoid being fooled by local minima), and ol
individual performances. The key guide to performance here is the selection error. Howeve
following the standard scientific precept that, all else being equal, a simple imabieays

preferable to a complex model, you can also select a smaller network in preferanaeger one

with a negligible improvement in selection error.

A problem with this approach of repeated experimentation is that the selectpbaysed key role in
selecting the model, which means that it is actually part of the training processahgity as an
independent guide to performance of the model is therefore compromised - witlestffici
experiments, you may just hit upon a lucky network that happens to perform well on the selection
set. To add confidence in the performance of the final model, it is therefore normiakepiaicieast
where the volume of training data allows it) to reserve a third set of casegsttket. The final

model is tested with the test set data, to ensure that the results on the saelddtiamiag set are

real, and not artifacts of the training process. Of course, to fulfill this role pydpertest set shou

be used only once - if it is in turn used to adjust and reiterate the training procdsstivety

becomes selection data!

This division into multiple subsets is very unfortunate, given that we usually have ledsadatzet
would ideally desire even for a single subset. We can get around this problem by resampling.
Experiments can be conducted using different divisions of the available data into traieictgyrse
and test sets. There are a number of approaches to this subset, including random (rapnte-carl
resampling, cross-validation, and bootstrap. If we make design decisions, such as the best
configuration of neural network to use, based upon a number of experiments with different subset
examples, the results will be much more reliable. We can then either use thosaexisesolely to
guide the decision as to which network types to use, and train such networks from sc¢habawwi
samples (this removes any sampling bias); or, we can retain the best networks found during the
sampling process, but average their results in an ensemble, which at leastsritigatanpling

bias.

To summarize, network design (once the input variables have been selected) follows raofi
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stages:

o Select an initial configuration (typically, one hidden layer with the number of hidden units se
to half the sum of the number of input and output units).

o lteratively conduct a number of experiments with each configuration, retaining the best
network (in terms of selection error) found. A number of experiments are requirechalith e
configuration to avoid being fooled if training locates a local minimum, and it is alstobes
resample.

¢ On each experiment, if under-learning occurs (the network doesn't achieve an acceptable
performance level) try adding more neurons to the hidden layer(s). If this doesn't help, try
adding an extra hidden layer.

o If overlearningoccurs (selection error starts to rise) try removing hidden units (and possibly
layers).

¢ Once you have experimentally determined an effective configuration for your networks,
resample and generate new networks with that configuration.

Data Selection

All the above stages rely on a key assumption. Specifically, the training, verificatioesaddta

must be representative of the underlying model (and, further, the three sets must belartgpe
representative). The old computer science adage "garbage in, garbage out" could not apply more
strongly than in neural modeling. If training data is not representative, then the modél's\aort

best compromised. At worst, it may be useless. It is worth spelling out the kind of problaerhs whi
can corrupt a training set:

Thefutureisnot the past. Training data is typically historical. If circumstances have changed,
relationships which held in the past may no longer hold.

All eventualities must be covered. A neural networlcan only learn from cases that are present. If
people with incomes over $100,000 per year are a bad credit risk, and your training data includes
nobody over $40,000 per year, you cannot expect it to make a correct decision when it encounters
one of the previously-unseen cases. Extrapolation is dangerous with any model, but some types of
neural network may make particularly poor predictions in such circumstances.

A network learnsthe easiest featuresit can. A classic (possibly apocryphal) illustration of this |
vision project designed to automatically recognize tanks. A network is trained on a huntinex pic
including tanks, and a hundred not. It achieves a perfect 100% score. When tested on new data, it
proves hopeless. The reason? The pictures of tanks are taken on dark, rainy days; the pictures
without on sunny days. The network learns to distinguish the (trivial matter of) diffeiarmesrall

light intensity. To work, the network would need training cases including all weather anaglighti
conditions under which it is expected to operate - not to mention all types of terrain,cdrsfies
distances...

Unbalanced data sets. Since a network minimizes an overall error, the proportion of types of ¢

the set is critical. A network trained on a data set with 900 good cases and 100 bad wsll bias i
decision towards good cases, as this allows the algorithm to lower the overall a@robriéamuch
more heavily influenced by the good cases). If the representation of good and bad casesnt differ
in the real population, the network's decisions may be wrong. A good example would be disease
diagnosis. Perhaps 90% of patients routinely tested are clear of a disease. K isetv@ored on an
available data set with a 90/10 split. It is then used in diagnosis on patients complaipegfaf s
problems, where the likelihood of disease is 50/50. The network will reactawgously and fail t
recognize disease in some unhealthy patients. In contrast, if trained on the "camgdlaata, and
then tested on "routine” data, the network may raise a high number of false positives. In such
circumstances, the data set may need to be crafted to take account of the distributaecd «
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you could replicate the less numerous cases, or remove some of the numerous cases), or the
network's decisions modified by the inclusion dbss matrix (Bishop, 1995). Often, the best
approach is to ensure even representation of different cases, then to interpretdiésnaé¢cisions
accordingly.

Insightsinto MLP Training

More key insights intdILP behavior and training can be gained by considering the type of fur
they model. Recall that the activation level of a unit is the weighted sum of the inputs, plus a
threshold value. This implies that the activation level is actually a simple funeztion of the

inputs. The activation is then passed through a sigmoid (S-shaped) curve. The combination of the
multi-dimensional linear function and the one-dimensiaigthoid functiongives the characteristic
sigmoid cliff response of a first hidden laydt.P unit (the figure below illustrates the shape plotted
across two inputs. An MLP unit with more inputs has a higlmensional version of this functior
shape). Altering the weights and thresholds alters this response surface. Ingpabathlthe
orientation of the surface, and the steepness of the sloped section, can be alteegdslaste
corresponds to large weight values: doubling all weight values gives the same orientation but a
different slope.

i Howal 74 5TG: Mewrsl Netwmk Respones Seisce [ 5] =]

A multi-layered network combines a number of these response surfaces together, thratgt repe
linear combination and non-lineactivation functionsThe next figure illustrates a typical response
surface for a network with only one hidden layer, of two units, and a single output unit, on thi
XOR problem. Two separate sigmoid surfaces have been combined into a single U-shaped surf

During network training, the weights and thresholds are first initialized to snralbmavalues. Th
implies that the units' response surfaces are each aligned randomly with lowrslget
effectively uncommitted. As training progresses, the units' response surfacesi@e and shifted
into appropriate positions, and the magnitudes of the weights grow as they commit to modeling
particular parts of the target response surface.

In aclassificationproblem, an output unit's task is to output a strong signal if a case belongs to its
class, and a weak signal if it doesn't. In other words, it is attempting to model a fundtiwastha
magnitude one for parts of the pattern-space that contain its cases, and magrotiateoteer

parts.
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This is known as discriminant function in pattern recognition problems. An ideal discriminant
function could be said to have a plateau structure, where all points on the function ai g
zero or height one.

If there are no hidden units, then the output can only model a single sigmoid-cliff withcaoeas t
side at low height and areas to the other high. There will always be a region in the middle (on the
cliff) where the height is in-between, but as weight magnitudes are increasede#hshrinks.

A sigmoid-cliff like this is effectively a linear discriminant. Points to oide f the cliff are
classified as belonging to the class, points to the other as not belonging to it. This tinaplees
network with no hidden layers can only classify linearly-separable problems (these avline - or,
more generally in higher dimensions, a hyperplane - can be drawn which separates tle points
pattern space).

A network with a single hidden layer has a number of sigmoid-cliffs (one per hidden unit)
represented in that hidden layer, and these are in turn combined into a plateau in the output laye
The plateau has a convex hull (i.e., there are no dents in it, and no holes inside it). Although the
plateau is convex, it may extend to infinity in some directions (like an extended penirSutdra
network is in practice capable of modeling adequately most real-aladdificationproblems.

Fi el 75 5T6; Hesarsl Notwmk Rnsponen Seisce [ 5] =]

The figure above shows the plateau response surface developetbi? &m solve the XOR
problem: as can be seen, this neatly sections the space along a diagonal.

A network with two hidden layers has a number of plateaus combined together - the number of
plateaus corresponds to the number of units in the second layer, and the number of sides on each
plateau corresponds to the number of units in the first hidden layer. A little thought shows that you
can represent any shape (including concavities and holes) using a sufficiently large nusubker of
plateaus
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A consequence of these observations is thadla® with two hidden layers is theoretically suffici
to model any problem (there is a more formal proof, the Kolmogorov Theorem). This does not
necessarily imply that a network with more layers might not more conveniently or eaddy an
particular problem. In practice, however, most problems seem to yield to a single hiddewitaye
two an occasional resort and three practically unknown.

A key question irclassificationis how to interpret points on or near the cliff. The standard practice
is to adopt someonfidence level§the accept and reject thresholds) that must be exceeded before
the unit is deemed to have made a decision. For example, if accept/reject thresb@BLOA5 are
used, an output unit with an output level in excess of 0.95 is deemed to be on, below 0.05 it is
deemed to be off, and in between it is deemed to be undecided.

A more subtle (and perhaps more useful) interpretation is to treat the network astputs
probabilities. In this case, the network gives more information than simply a decisais: uts how
sure (in a formal sense) it is of that decision. There are modifications to MatPaslow theneural
networkoutputs to be interpreted as probabilities, which means that the network effecave$/tte
model the probability density function of the class. However, the probabilistic intgrpnet only
valid under certain assumptions about the distribution of the data (specifically,ishdrawn from
thefamily of exponential distributionsee Bishop, 1995). Ultimately caassificationdecision must
still be made, but a probabilistic interpretation allows a more formal conceiofiuim cost
decision making to be evolved.

Other MLP Training Algorithms

Earlier in this section, we discussed howlhek propagation algorithm performgradient descent

on the error surface. Speaking loosely, it calculates the direction of steepest dedbe surface,

and jumps down the surface a distance proportional tiedineing rateand the slope, picking up
momentum as it maintains a consistent direction. As an analogy, it behaves like acbkadfgaro
hopping in the most obvious direction. Actually, the descent is calculated independently on the error
surface for each training case, and in random order, but this is actually a good approxamation t
descent on the composite error surface. QWigp training algorithms work differently, but all us
strategy designed to travel towards a minimum as quickly as possible.

More sophisticated techniques for non-linear function optimization have been in use édirasem
These methods includm®njugate gradient descent, quasi-Newton, antevenberg-Marquardt (see
Bishop, 1995; Shepherd, 1997), which are very successful forms of two types of algorithm: line
search and model-trust region approaches. They are collectively known as second omalgr traini
algorithms.

A line search algorithm works as follows: pick a sensible direction to move in thedim#insional
landscape. Then project a line in that direction, locate the minimum along that isne@tively
trivial to locate a minimum along a line, by using some form of bisection algorithm), arad.repe
What is a sensible direction in this context? An obvious choice is the direction of steuent

(the same direction that would be choserbdigk propagation). Actually, this intuitively obvious
choice proves to be rather poor. Having minimized along one direction, the next line oftsteepes
descent may spoil the minimization along the initial direction (even on a simpleeslikiaa
parabola a large number of line searches may be necessary). A better approacédsdorgetjate
or non-interfering directions - hencenjugate gradient descent (Bishop, 1995).

The idea here is that, once the algorithm has minimized along a particulaodirdwi second
derivative along that direction should be kept at zero. Conjugate directions aredsilenaintain
this zero second derivative on the assumption that the surface is parabolic (speakiyg aqugél
smooth surface). If this condition hold$éepochsare sufficient to reach a minimum. In reality, on a
complex error surface the conjugacy deteriorates, but the algorithm still typegliyes far les
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epochs thaiack propagation, and also converges to a better minimum (to settle down thoroughly,
back propagation must be run with an extremely Idearning ratg

Quasi-Newton training is based on the observation that the direction pointing directlgsdlaear
minimum on a quadratic surface is the so-called Newton direction. This is very ierpgens
calculate analytically, but quasi-Newton iteratively builds up a good approximation teagi-Q
Newton is usually a little faster than conjugate gradient descent, but has substarged memory
requirements and is occasionally numerically unstable.

A model4rust region approach works as follows: instead of following a search direction, absi

the surface is a simple shape such that the minimum can be located (and jumped|Ito) diteet
assumption is true. Try the model out and see how good the suggested point is. The model typically
assumes that the surface is a nice well-behaved shape (e.g., a parabola), whidnueilif be

sufficiently close to a minima. Elsewhere, the assumption may be grossly viotfateteanodel

could choose wildly inappropriate points to move to. The model can only be trusted within a region
of the current point, and the size of this region isn't known. Therefore, choose new points ta test as
compromise between that suggested by the model and that suggested by a standard gradient-descent
jump. If the new point is good, move to it, and strengthen the role of the model in selectin

point; if it is bad, don't move, and strengthen the role ofjthdient descerdtep in selecting a new

point (and make the step smalldr@venberg-Marquardt uses a model that assumes that the

underlying function is locally linear (and therefore has a parabolic error surface).

Levenberg-Marquardt (Levenberg, 1944; Marquardt, 1963; Bishop, 1995) is typically the fastest of
the training algorithms, although unfortunately it has some important limitations,icplécift can

only be used on single output networks, can only be used withrthgguared error function, and

has memory requirements proportionalp (whereW is the number of weights in the network; 1

makes it impractical for reasonably big network&)njugate gradient descent is nearly as good, ai
doesn't suffer from these restrictions.

Back propagation can still be useful, not least in providing a quick (if not overwhelmingly accurate)
solution. It is also a good choice if the data set is very large, and contains a great dkeddzne
data.Back propagation’'s case-by-case error adjustment means that data redundancy does it no harm
(for example, if you double the data set size by replicating every casespeadiwill take twice as

long, but have the same effect as two of the old epochs, so there is no loss). In tewrds,g-
Marquardt, quasi-Newton, and conjugate gradient descent all perform calculations using the entire
data set, so increasing the number of cases can significantly slow each epoch, but does not
necessarily improve performance on that epoch (not if data is redundant; if dataes thyer

adding data will make each epoch bettBgck propagation can also be equally good if the data set

is very small, for there is then insufficient information to make a highly fine-tunedosolut
appropriate (a more advanced algorithm may achieve a lower training error, blét¢kierserror is
unlikely to improve in the same way). Finally, the second order training algorithmsséemedry

prone to stick in local minima in the early phases - for this reason, we recommendtice pfa

starting with a short burst of back propagation, before switching to a second order algorithm.

There are variations dvack propagation (quick propagation, Fahlman, 1988, arnidelta-bar-Delta,
Jacobs, 1988) that are designed to deal with some of the limitations on this technique. bsest ¢
they are not significantly better thhack propagation, and sometimes they are worse (relative
performance is application-dependent). They also require more control paraiveieany of the
other algorithms, which makes them more difficult to use, so they are not described indeitdiie

in this section.

To index

Radial Basis Function Networ
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We have seen in the last section howtP models the response function using the compositit
sigmoid-cliff functions - for alassificationproblem, this corresponds to dividing the pattern space

up using hyperplanes. The use of hyperplanes to divide up space is a natural approach - intuitively
appealing, and based on the fundamental simplicity of lines.

An equally appealing and intuitive approach is to divide up space using circles or (moed\gener
hyperspheres. A hypersphere is characterized by its center and radius. Moreyggunsralf an

MLP unit responds (non-linearly) to the distance of points from the line of the sigma,drcf
radial basis functiometwork (Broomhead and Lowe, 1988; Moody and Darkin, 1989; Haykin,
units respond (non-linearly) to the distance of points from the center represented byathenia
The response surface of a single radial unit is therefG@uasiar(bell-shaped) function, peaked at
the center, and descending outwards. Just as the steepness of the MLP's sigmoidrcheves ca
altered, so can the slope of the radial unit's Gaussian. See the next illustration below

E Bexal 7 6 5STE: Mewal Hetwmk Bacponce Swutace HEE

MLP units are defined by their weights and threshold, which together give the equation of the
defining line, and the rate of fall-off of the function from that line. Before applicatitimec§igmoid
activation functionthe activation level of the unit is determined using a weighted sum, which
mathematically is the dot product of the input vector and the weight vector of the unit; the e
therefore referred to as dot product units. In contrastlial unit is defined by its center point an:
radius. A point irN dimensional space is defined usMgumbers, which exactly corresponds to
number of weights in a dot product unit, so the center of a radial unit is stored as weightdius
(or deviatior) value is stored as the threshold. It is worth emphasizing that the weights and
thresholds in a radial unit are actually entirely different to those in a dot product drtihean
terminology is dangerous if you don't remember this: Radial weights really form a point,zatial
threshold is really a deviation.

A radial basis function network (RBF), therefore, has a hidden layer of radial units, each actually
modeling aGaussiarresponse surface. Since these functions are nonlinear, it is not actually
necessary to have more than one hidden layer to model any shape of function: sufficiemnitadial

will always be enough to model any function. The remaining question is how to combine the hidden
radial unit outputs into the network outputs? It turns out to be quite sufficient to use a linear
combination of these outputs (i.e., a weighted sum of the Gaussians) to model any nonlinear
function. The standard RBF has an output layer containing dot product units with indetneyior
function (see Haykin, 1994; Bishop, 1995).

RBF networks have a number of advantages over MLPs. First, as previously stated, they tan mode
any nonlinear function using a single hidden layer, which removes some design-decisions about
numbers of layers. Second, the simple linear transformation in the output layer camigeedpti

fully using traditionalinear modelingechniques, which are fast and do not suffer from problems
such as local minima which plagid_P training techniques. RBF networks can therefore be trained
extremely quickly (i.e., orders of magnitude faster than ML
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On the other hand, before linear optimization can be applied to the output layer of an RBK,networ
the number of radial units must be decided, and then their centeds\daationsmust be set.

Although faster than MLP training, the algorithms to do this are equally prone to discover sub
optimal combinations. Other features that distinguish RBF performance from a&Risie to the
differing approaches to modeling space, with RBFs "clumpy" and MLPs "planey."

Other features which distinguish RBF performance from MLPs are due to thendifég@proaches
modeling space, with RBFs "clumpy" and MLPs "planey."

Experience indicates that the RBF's more eccentric response surfacesralpiineore units to
adequately model most functions. Of course, it is always possible to draw shapesrticst &asil
represented one way or the other, but the balance does not favor RBFs. Consequently, an RBF
solution will tend to be slower to execute and more space consuming than the corredgafding
(but it was much faster to train, which is sometimes more of a constraint).

The clumpy approach also implies that RBFs are not inclined to extrapolate beyond known data: the
response drops off rapidly towards zero if data points far from the training datsedreOften the

RBF output layer optimization will have set a bias level, hopefully more or less egoalrteean

output level, so in fact the extrapolated output is the observed mean - a reasonable working
assumption. In contrast, an MLP becomes more certain in its response when far-flusgiskada
Whether this is an advantage or disadvantage depends largely on the application, but on the whole
the MLP's uncriticagxtrapolationis regarded as a bad point: extrapolation far from training data is
usually dangerous and unjustified.

RBFs are also more sensitive to the curse of dimensionality, and have greatdtiégfitthe
number of input units is large: this problem is discussed further in a later section.

As mentioned earlier, training of RBFs takes place in distinct stages. Firsgritees andeviations
of the radial units must be set; then the linear output layer is optimized.

Centers should be assigned to reflect the natural clustering of the data. The twommsh
methods are:

Sub-sampling. Randomly-chosen training points are copied to the radial units. Since they are
randomly selected, they will represent the distribution of the training data imsticthtense.
However, if the number of radial units is not large, the radial units may actually be a poor
representation (Haykin, 1994).

K-Means algorithm. This algorithm (Bishop, 1995) tries to select an optimal set of points that are
placed at the centroids of clusters of training data. Giveadial units, it adjusts the positions of the
centers so that:

e Each training point belongs to a cluster center, and is nearer to this center than torany othe
center;
o Each cluster center is the centroid of the training points that belong to it.

Once centers are assigned, deviations are set. The size of the deviation (alscskaewioathing
factor) determines how spiky tli&aussiarfunctions are. If the Gaussians are too spiky, the network
will not interpolate between known points, and the network loses the ability to generahee. If
Gaussians are very broad, the network loses fine detail. This is actually anatifestaigon of the
over/under-fitting dilemmaDeviationsshould typically be chosen so that Gaussians overlap with a
few nearby centers. Methods available are:

Explicit. Choose the deviation yourse
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I sotropic. The deviation (same for all units) is selected heuristically to reflect thberush centers
and the volume of space they occupy (Haykin, 1994).

K-Nearest Neighbor. Each unit's deviation is individually set to the mean distance kontarest
neighbors (Bishop, 1995). Hence, deviations are smaller in tightly packed areas of spanengres
detail, and higher in sparse areas of space (interpolating where necessary).

Once centers and deviations have been set, the output layer can be optimized using the standard
linear optimization technique: the pseudo-invessegular value decompositipalgorithm (Haykin
1994; Golub and Kahan, 1965).

However, RBFs as described above suffer similar problems to MultilayempBerceif they are
used for classification - the output of the network is a measure of distance fromsi@andec
hyperplane, rather than a probabilistic confidence level. We may therefore choose yjotheoRIBF
by including an output layer with logistic or softmax (normalized exponential) outputs, which is
capable of probability estimation. We lose the advantage of fast linear optimia&the output
layer; however, the non-linear output layer still has a relatively well-behavedarface, and can
be optimized quite quickly using a fast iterative algorithm such as conjugate gradiemitdesc

Radial basis functionsan also be hybridized in a number of ways. The radial layer (the hidden
layer) can be trained using the Kohonen and Learned Vector Quantization training algevhioh
are alternative methods of assigning centers to reflect the spread of data, anpluthlayert
(whether linear or otherwise) can be trained using any of the iterative dot produd¢haigori

To index

Probabilistic Neural Networks

Elsewhere, we briefly mentioned that, in the contexdadsificationproblems, a useful

interpretation of network outputs was as estimates of probability of class maippersvhich case

the network was actually learning to estimate a probability density function (p.d.fohilArsiseful
interpretation can be madergegressiorproblems if the output of the network is regarded as the
expected value of the model at a given point in input-space. This expected value is related to the
joint probability density function of the output and inpt

Estimating probability density functions from data has a long statistical histangefl 1962), and

in this context fits into the area of Bayesian statistics. Conventionalisgatiah, given a known

model, inform us what the chances of certain outcomes are (e.g., we know that a unbiased die has a
1/6th chance of coming up with a six). Bayesian statistics turns this situation cadidie

estimating the validity of a model given certain data. More generally, Bayesiaticgaian estima

the probability density of model parameters given the available data. To mininugelegrmodel i

then selected whose parameters maximize this p.d.f.

In the context of alassificationproblem, if we can construct estimates of the p.d.f.s of the possible
classes, we can compare the probabilities of the various classes, and setest{itebable. This i
effectively what we ask a neumra¢tworkto do when it learns a classification problem - the network
attempts to learn (an approximation to) the p.d.f.

A more traditional approach is to construct an estimate of the p.d.f. from the data. The most
traditional technique is to assume a certain form for the p.d.f. (typically, thatnbisral
distribution), and then to estimate the model parameters. The normal distributiommsmymsed
as the model parameterag¢anandstandard deviatigrcan be estimated using analytical techniq
The problem is that the assumption of normality is often not justified.

An alternative approach to p.d.f. estimatiokesel-based approximation (see Parzen, 1962;
Speckt, 1990; Speckt, 1991; Bishop, 1995; Patterson, 1996). We can reason loosely that the
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of particular case indicates some probability density at that point: a clusteesf dose together
indicate an area of high probability density. Close to a case, we can have high confidenee in s
probability density, with a lesser and diminishing level as we move away. In kerndl-base
estimation, simple functions are located at each available case, and added togetfate the
overall p.d.f. Typically, the kernel functions are e&dussiangbell-shapes). If sufficient training
points are available, this will indeed yield an arbitrarily good approximation to the true p.d.f.

This kernel-based approach to p.d.f. approximation is very simitadtal basis functiometworks,

and motivates thprobabilistic neural network (PNNindgeneralized regression neural network
(GRNN), both devised by Speckt (1990 and 1991). PNNs are designdddsificationtasks, and
GRNN:Ss forregressionThese two types of network are really kernel-based approximation methods
cast in the form oheural networks

In the PNN, there are at least three layers: input, radial, and output layers. Thenigglere copie
directly from the training data, one per case. Each modsuasian functiogentered at the

training case. There is one output unit per class. Each is connected to all thenigsllzdlonging t

its class, with zero connections from all other radial units. Hence, the output umpitg add up the
responses of the units belonging to their own class. The outputs are each proportional tolthe kerne
based estimates of the p.d.f.s of the various classes, and by normalizing these to sumrtafe€

of class probability are produced.

The basid®NN can be modified in two ways.

First, the basic approach assumes that the proportional representation of cldssésining data
matches the actual representation in the population being modeled (the spraallpbbabilitie$.

For example, in a disease-diagnosis network, if 2% of the population has the disease, thde2% of t
training cases should be positives. If the prior probability is different from thieokerepresentatio

in the training cases, then the network’s estimate will be invalid. To compensats, fidhi
probabilitiescan be given (if known), and the class weightings are adjusted to compensate.

Second, any network making estimates based on a noisy function will inevitably produce some
misclassifications (there may be disease victims whose tests come out farexample).

However, some forms of misclassification may be regarded as more expensakesgiisan others

(for example, diagnosing somebody healthy as having a disease, which simply leads to exploratory
surgery may be inconvenient but not life-threatening; whereas failing to spot somebody who is
suffering from disease may lead to premature death). In such cases, the raw peshgdrierated

by the network can be weighted by loss factors, which reflect the costs of mig@#esif A fourth

layer can be specified PNNswhich includes dss matrix This is multiplied by the probability
estimates in the third layer, and the class with lowest estimated cekgated. (Loss matrices may

also be attached to other type<iafssificationnetwork).

The only control factor that needs to be selected for probabilistic neural netwoirkgtia the
smoothing factor (i.e., the radial deviation of haussiarfunctions). As with RBF networks, this
factor needs to be selected to cause a reasonable amount of overlap - too smahsleaiate a

very spiky approximation which cannot generalize, too large deviations smooth out detail. An
appropriate figure is easily chosen by experiment, by selecting a number which produces a low
selection error, and fortunatedBNNsare not too sensitive to the precise choice of smoothing factor.

The greatest advantages of PNNs are the fact that the output is probabilisticrakies
interpretation of output easy), and the training speed. Training a PNN actually consitysahn
copying training cases into the network, and so is as close to instantaneous as can be expected.

The greatest disadvantage is network size: a PNN network actually containsrtheetrdf training
cases, and is therefore sg-consuming and slow to execu
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PNNs are particularly useful for prototyping experiments (for example, when decidicly mwput
parameters to use), as the short training time allows a great number of testsridumerl in a shc
period of time.

To index

Generalized Regression Neural Networks

Generalized regression neural networks (GRNMsK in a similar fashion to PNNs, but perform
regressiomather tharclassificationtasks (see Speckt, 1991; Patterson, 1996; Bishop, 1995). A
the PNN, Gaussian kernel functions are located at each training case. Ea@ndssesgarded, in
this case, as evidence that the response surface is a given height at that point indaputitbpa
progressively decaying evidence in the immediate vicinity. The GRNN copies the trasewicto
the network to be used to estimate the response on new points. The output is estimated using a
weighted average of the outputs of the training cases, where the weighting is relatetisiatice

of the point from the point being estimated (so that points nearby contribute most heavily to the
estimate).

The firsthidden layeiin theGRNN contains the radial units. A second hidden layer contains units

that help to estimate the weighted average. This is a specialized procedure. gachasua special

unit assigned in this layer that forms the weighted sum for the corresponding output. To get the
weighted average from the weighted sum, the weighted sum must be divided through by the sum of
the weighting factors. A single special unit in the second layer calculates ¢hevdditie. The output

layer then performs the actual divisions (using special division units). Hence, thd betaen

layer always has exactly one more unit than the output laysxgiassiorproblems, typically only

single output is estimated, and so the second hidden layer usually has two units.

The GRNN can be modified by assigning radial units that represent clusters ratheacha
individual training case: this reduces the size of the network and increasesoexsgeed. Centers
can be assigned using any appropriate algorithm (i.e., sub-saniglngans or Kohonen).

GRNNshave advantages and disadvantages broadly simikMNis- the difference being that
GRNNSs can only be used forgressiorproblems, whereas PNNs are usedcfassification
problems. A GRNN trains almost instantly, but tends to be large and slow (although, unligeif
is not necessary to have one radial unit for each training case, the number still neddgyt).be
Like an RBF network, a GRNN does not extrapolate.

To index

Linear Networks

A general scientific principal is that a simple model should always be chosen mepceféo a
complex model if the latter does not fit the data better. In terms of function apprioxinthe
simplest model is thinear model where the fitted function is a hyperplaneclassification the
hyperplane is positioned to divide the two classes (a linear discriminant functicggressionit is
positioned to pass through the data. A linear model is typically represented ubixig mratrix and
anNx1 bias vector.

A neural network with no hidden layers, and an output with dot product synaptic function and
identity activation function, actually implements a linear model. The weightssporrd to the
matrix, and the thresholds to the bias vector. When the network is executed, it effectiliplyes
the input by the weights matrix then adds the bias vector.

The linear network provides a good benchmark against which to compare the performance of your
neural networks. It is quite possible that a problem that is thought to be highly complex cy actua
be solved as well by linear techniques as by neural networks. If you have only a small number of
training cases, you are probably anyway not justified in using a more complex model.
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To index

SOFM Networks

Self Organizing Feature Map (SOFM, or Kohonen) networks are used quite differentlytbehe
networks. Whereas all the other networks are designeif@rvised learnintasks SOFM
networksare designed primarily famsupervised learning (see Kohonen, 1982; Haykin, 1994,
Patterson, 1996; Fausett, 1994).

Whereas in supervised learning the training data set contains cases featuringiablasviagether
with the associated outputs (and the network must infer a mapping from the inputs to the¢, autputs
unsupervised learniniipe training data set contains only input variables.

At first glance this may seem strange. Without outputs, what can the network Tésa answer is
that theSOFM networkattempts to learn the structure of the data.

One possible use is therefore in exploratory data analysis. The SOFM network cam leeogmiz:
clusters of data, and can also relate similar classes to each other. Tleuseldcup an
understanding of the data, which is used to refine the network. As classes of data areagcogni
they can be labeled, so that the network becomes capabéessificationtasks. SOFM networks ¢
also be used for classification when output classes are immediately avaitebbdvantage in this
case is their ability to highlight similarities between classes.

A second possible use is in novelty detection. SOFM networks can learn to recognizs iclubte
training data, and respond to it. If new data, unlike previous cases, is encountered, the nétwork fai
to recognize it and this indicates novelty.

A SOFM networkhas only two layers: the input layer, and an output layer of radial units (also
known as theopological map layer). The units in the topological map layer are laid out in space -
typically in two dimensions (althoudBl’ Neural Networks also supports one-dimensional Kohonen
networks).

SOFM networks are trained using an iterative algorithm. Starting with anlyaraadom set of

radial centers, the algorithm gradually adjusts them to reflect the clusterimgtodining data. At

one level, this compares with the sub-samplingkieans algorithms used to assign centers in

RBF andGRNN networks, and indeed the SOFM algorithm can be used to assign centers for these
types of networks. However, the algorithm also acts on a different level.

The iterative training procedure also arranges the network so that units repgesenters close
together in the input space are also situated close togethertopdhmyical mapYou can think of
the network's topological layer as a crude two-dimensional grid, which must be foldedtariddlis
into the N-dimensional input space, so as to preserve as far as possible the anginaesClearly
any attempt to represent an N-dimensional space in two dimensions will resgh of detail;
however, the technique can be worthwhile in allowing the user to visualize data whkgh mi
otherwise be impossible to understand.

The basic iterative Kohonen algorithm simply runs through a numiegroahs on each epoch
executing each training case and applying the following algorithm:

¢ Select the winningeuron(the one who's center is nearest to the input case);
o Adjust the winning neuron to be more like the input case (a weighted sum of the old neuron
center and the training case).

The algorithm uses a tir-decayinglearning rat, which is used to perform the weighted sum
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ensures that the alterations become more subtle as the epochs pass. This enthaestheats
settle down to a compromise representation of the cases which caussutibato win.

The topological ordering property is achieved by adding the conceptedflaborhoodo the

algorithm. The neighborhood is a set of neurons surrounding the winning neuron. The neigh

like the learning rate, decays over time, so that initially quite a large number of neelamg to th
neighborhood (perhaps almost the ertti@ological majs in the latter stages the neighborhood will
be zero (i.e., consists solely of the winning neuron itself). In the Kohonen algorithm, the adfustm
of neurons is actually applied not just to the winning neuron, but to all the members of the current
neighborhood.

The effect of thisieighborhoodipdate is that initially quite large areas of the network are "dragged
towards" training cases - and dragged quite substantially. The network develops a crudecgdpologi
ordering, with similar cases activating clumps of neurons itogh@ogical mapAs epochgass the
learning rateandneighborhoodoth decrease, so that finer distinctions within areas of the map can
be drawn, ultimately resulting in fine-tuning of individual neurons. Often, training is caidbher
conducted in two distinct phases: a relatively short phase with high learning rate syt meod,

and a long phase with low learning rate and zero or near-zero neighborhood.

Once the network has been trained to recognize structure in the data, it can be ussubdigation

tool to examine the data. Thén Fregquencies Datasheet (counts of the number of times each
neuronwins when training cases are executed) can be examined to see if distinct bhusters

formed on the map. Individual cases are executed aridgbegical mapbserved, to see if some
meaning can be assigned to the clusters (this usually involves referring back to thé origina
application area, so that the relationship between clustered cases can tshedjakdnce clusters

are identified, neurons in the topological map are labeled to indicate their meanivagifses

individual cases may be labeled, too). Once the topological map has been built up in this way, new
cases can be submitted to the network. If the winnengonhas been labeled with a class name, the
network can perfornglassification If not, the network is regarded as undecided.

SOFM networksalso make use of theecept thresholdvhen performing classification. Since the
activation level of a neuron in a SOFM network is the distance of the neuron from the inpthe
accept threshold acts as a maximum recognized distance. If the activation of timg weumion is
greater than this distance, the SOFM network is regarded as undecided. Thus, by labelingra
and setting the accept threshold appropriately, a SOFM network can act as a novetiy (@etect
reports undecided only if the input case is sufficiently dissimilar to all radia)unit

SOFM networks are inspired by some known properties of the brain. The cerebral carteallg a

a large flat sheet (about 0.5m squared; it is folded up into the familiar convoluted slyafoe onl
convenience in fitting into the skull!) with known topological properties (for example, the are
corresponding to the hand is next to the arm, and a distorted human frame can be topologically
mapped out in two dimensions on its surface).

To index

Classification in ST Neural Networks

In classificationproblems, the purpose of the network is to assign each case to one of a number of
classes (or, more generally, to estimate the probability of membership of the eash class).

Nominal output variables are used to indicate a classification problem. The nomires

correspond to the various classes.

Nominal variables are normally represented in networks using one of two techniquest thfi

which is only available fotwo-statevariables; these techniques aveo-state, one-of-N. In two-state
representation, a single node corresponds to the variable, and a value of 0.0 is interpreted as one
state, and a value of 1.0 as the otheone-of-N encoding, one unit is allocated for each state, w
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particular state represented by 1.0 on that particular unit, and 0.0 on the others.

Input nominal variables are easily converted using the above methods, both during training and
during execution. Target outputs for units corresponding to nominal variables are ajso easil
determined during training. However, more effort is required to determine the outpwsdagsed

by a network during execution.

The output units each have continuous activation values between 0.0 and 1.0. In order to definitely
assign a class from the outputs, the network must decide if the outputs are reasosalty @O
and 1.0. If they are not, the class is regarded as undecided.

Confidence level¢the accept and reject thresholds) decide how to interpret the network outputs.
These thresholds can be adjusted to make the network more or less fussy about when to assign a
classification. The interpretation differs slightly tem-state andone-of-N representation:

Two-state. If the unit output is above treeccept thresholdhe 1.0 class is deemed to be chosen. If
the output is below the reject threshold, the 0.0 class is chosen. If the output is between the tw
thresholds, the class is undecided.

One-of-N. A class is selected if the corresponding output unit is above the accept threshold and all
the other output units are below the reject threshold. If this condition is not met, this class
undecided.

For one-of-N encoding, the use of thresholds is optional. If not used, the "winner-takes-all"
algorithm is used (the highest activation unit gives the class, and the network is nevieteuildec
There is one peculiarity when dealing withe-of-N encoding. On first reading, you might expect a
network withacceptandreject thresholdset to 0.5 is equivalent to a "winner takes all' network.
Actually, this is not the case fone-of-N encoded networks (it the case fotwo-statg. You can
actually set thaccept thresholtbwer than the reject threshold, and only a network with accept 0.0
and reject 1.0 is equivalent to a winner-takes-all network. This is true sincgahiéhah for

assigning a class is actually:

¢ Select the unit with the highest output. If this unit has output greater than or equadogpe
threshold and all other units have output less than the reject threshold, assign the class
represented by that unit.

With an accept threshold of 0.0, the winning unit is bound to be accepted, andeytt éhreshold
of 1.0, none of the other units can possibly be rejected, so the algorithm reduces to a siatiple
of the winning unit. In contrast, if both accept and reject are set to 0.5, the networkumay ret
undecided (if the winner is below 0.5, or any of the losers are above 0.5).

Although this concept takes some getting used to, it does allow you to set some subtle conditions
For example, accept/reject 0.3/0.7 can be read as: "select the class using ting wvitipprovided |

has an output level at least 0.3, and none of the other units have activation above 0.7" - in other
words, the winner must show some significant level of activation, and the losers musén't, f
decision to be reached.

If the network's output unit activations are probabilities, the range of possible outpuigistief
course restricted, as they must sum to 1.0. In that case, winner-takes-all iseetjtivaétting

accept and reject both to 1/N, where N is the number of classes. The above discussiohecovers t
assignment of classifications in most types of network: MLPs, RBFs, linear andrCHewever,
SOFM networksvork quite differently.

In a SOFM network, the winning node in ttopological ma (output) layer is the one with tl
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lowest activation level (which measures the distance of the input case frpwirihstored by the
unit). Some or all of the units in the topological map may be labeled, indicating an outpuf class. |
the distance is small enough, then the case is assigned to the class (if one is givatedthe
thresholdindicates the largest distance which will result in a posti&ssification If an input case

is further than this distance away from the winning unit, or if the winning unit is unlabexldd (
label doesn't match one of the output variable's nominal values) then the case idiedclalsi

reject thresholds not used in SOFM networks.

The discussion on non-SOFM networks has assumed that a positive classificatiaratednioly a

figure close to 1.0, and a negative classification by a figure close to 0.0. This is truegfistie
outputactivation functioris used, and is convenient as probabilities range from 0.0 to 1.0. However,
in some circumstances a different range may be used. Also, sometimes orderinggeslyevieh

smaller outputs indicating higher confidence.

First, the range values used are actually the min/mean and max/SD values staekl variable.
With a logistic output activation function, the default values 0.0 and 1.0 are fine. Some authors
actually recommend using the hyperbolic tangent activation function, which has the range (-
1.0,+1.0) . Training performance may be enhanced because this function (unldgdtie

function) is symmetrical. Alternatively (and we recommend this practice) use hypmetéadent
activation function in hidden layers, but not in the output layer.

Ordering is typically reversed in two situations. We have just discussed one ofSHhédé:
networks where the output is a distance measure, with a small value indicating greatemoenfide
The same is true in the closely-related Cluster networks. The second caccenistthe use oflass
matrix (which may be added at creation timé?tdNs and also manually joined to other types of
network). When a loss matrix is used, the network outputs indicate the expected costldssaish ¢
selected, and the objective is to select the class with the lowest cost. bsthisve would normally
expect theaccept thresholtb be smaller than theject threshold

Classification Statistics

When selecting accept/reject thresholds, and assessiolgssédicationability of the network, the

most important indicator is thetassification summary spreadsheet. This shows how many cases

were correctly classified, incorrectly classified, or unclassified. You lsaruae the confusion

matrix spreadsheet to break down how many cases belonging to each class were assigned to anothe
class. All these figures can be independently reported for the training, selectiostaedste

To index

Regression Problems in ST Neural Networks

In regressiorproblems, the objective is to estimate the value of a continuous output variable, given
the known input variables. Regression problems can be solved using the following network types:
MLP, RBF, GRNN and Linear. Regression problems are represented by data sets with non-nominal
(standard numeric) output(s).

A particularly important issue iregressions output scaling, aneixtrapolatioreffects.

The most commoneural networlarchitectures have outputs in a limited range (e.g., (0,1) for the
logistic activation functioi This presents no difficulty farlassificationproblems, where the desi
output is in such a range. However, fegressiorproblems there clearly is an issue to be resolved,
and some of the consequences are quite subtle.

This subject is discussed belc
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As a first pass, we can apply a scaling algorithm to ensure that the network's outipeiinva

sensible range. The simplest scaling functiamiisimax this finds the minimum and maximum

values of a variable in the training data, and performs a linear transformation (shifigpad a

scale factor) to convert the values into the target range (typically [0.0,1.0]). If ttiedson a

continuous output variable, then we can guarantee that all training values will be convertieel int
range of possible outputs of the network, and so the network can be trained. We also know that the
network's output will be constrained to lie within this range. This may or may not be regaeded as
good thing, which brings us to the subjecerfrapolation

Fi Howal 7 7 5T6- Hew Giaph

.
Exrapalaia i
"

Consider the figure above. Here, we are trying to estimate the value of y from the valdecofve
has to be fitted that passes through the available data points. We can probably easilytagree on
illustrated curve, which is approximately the right shape, and this will allow usrwaésty given
inputs in the range represented by the solid line where we can interpolate.

However, what about a point well to the right of the data points? There are two possibletssproa
to estimating y for this point. First, we might decide to extrapolate: projecting titedf¢he fitted
curve onwards. Second, we might decide that we don't really have sufficient evidence tongssign a
value, and therefore assign the mean output value (which is probably the best estihwate we
lacking any other evidence).

Let us assume that we are usingWltP. Usingminimaxas suggested above is highly restrictive.
First, the curve is not extrapolated, however close to the training data we may beréfoméy a
little bit outside the training data, extrapolation may well be justified). Secothakg$t not estimate
the mean either - it actually saturates at either the minimum or maximum, dgpendvhether the
estimated curve was rising or falling as it approached this region.

There are a number of approaches to correct this deficiency in an MLP:

First, we can replace the logistic outpwativation functiorwith alinear activation functiopwhich
simply passes on the activation level unchanged (N.B. only the activation functions in the output
layer are changed,; tliedden layerstill use logistic or hyperbolic activation functions). The linear
activation function does not saturate, and so can extrapolate further (the netwoik salisate
eventually as the hidden units saturate). A linear activation functionMLBncan cause some
numerical difficulties for théack propagation algorithm, however, and if this is used a ll@a&rning
rate (below 0.1) must be used. This approach may be appropriate if you want to extrapolate.

Second, you can alter the target range fontlremax scaling function (for example, to [0.1,0.9]).
The training cases are then all mapped to levels that correspond to only the middleheaougsut
units' output range. Interestingly, if this range is small, with both figures close to @&egponds
to the middle part of the sigmoid curve that is nearly linear, and the approach is themulatdcsi
using a linear output layer. Such a network can then perform liesteapolation but eventually
saturates. This has quite a nice intuitive interpretation: extrapolation feepi$dir a certain distanc
and then should be curtaile
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If may have occurred to you that if the first approach is used, and linear units are placexditpul
layer, there is no need to use a scaling algorithm at all, since the units can achieve amgvelitput
without scaling. However, in reality the entire removal of scaling presentatifcto the training
algorithms. It implies that different weights in the network operate on very diffecalgs, which
makes both initialization of weights and (some) training more complex. It is theredor
recommended that you turn off scaling unless the output range is actually very small ara close t
zero. The same argument actually justifies the use of scaling during preprocessih@$ofwhere,

in principal, the first hidden layer weights could simply be adjusted to perform any scelirgde.

The above discussion focused on the performance of MLiegjiassionand particularly their
behavior with respect textrapolation Networks using radial units (RBFs aB&RNNS perform
quite differently, and need different treatment.

Radial networks are inherently incapable of extrapolation. As the input case getsffarthihe

points stored in the radial units, so the activation of the radial units decays andtéijtjrthe

output of the network decays. An input case located far from the radial centegeneithte a zero

output from all hidden units. The tendency not to extrapolate can be regarded as good (depending on
your problem-domain and viewpoint), but the tendency to decay to a zero output (at first sight) is

not. If we decide to eschew extrapolation, then what we would like to see reported at highly nove
input points is the mean. In fact, the RBF has a bias value on the output layer, and sets this to a
convenient value, which hopefully approximates the sample mean. Then, the RBF will alvpay

the mean if asked to extrapolate.

Using the mean/SD scaling function with radial networkearessiorproblems, the training data is
scaled so that its output mean corresponds to 0.0, with other values scaled according to the output
standard deviation, and the bias is expected to be approximately zero. As input points aré execute
outside the range represented in the radial units, the output of the network tends batsttoava

mean.

The performance of @egressiometwork can be examined in a number of ways.

1. The output of the network for each case (or any new case you choose to test) can be submitted
to the network. If part of the data set, the residual errors can also be generated.

2. Summary statistics can be generated. These include the mean and standard devialion of bot
the training data values and the prediction error. One would generally expect to see a
prediction error mean extremely close to zero (it is, after all, possible to get prediction
error mean simply by estimating the mean training data value, without any recourse to the
input variables or aeural networlat all). The most significant value is the prediction error
standard deviation. If this is no better than the training data standard deviation, then the
network has performed no better than a simple mean estimator. A ratio of the qmesfiair
SD to the training data SD significantly below 1.0 indicates gegressiorperformance, wit
a level below 0.1 often said (heuristically) to indicate good regression. Thissiegrestio
(or, more accurately, one minus this ratio) is sometimes referred to as thieedpariance
of the model.

The regression statistics also include the Pearson-R correlation ertffietween the

network's prediction and the observed values. In linear modeling, the Pearson-R correlation
between the predictor variable and the predicted is often used to express corélation

linear model is fitted, this is identical to the correlation between the modelistpme and the
observed values (or, to the negative of it). Thus, this gives you a convenient way to compare
the neural network's accuracy with that of your linear models.

3. Aview of the response surface can be generated. The network's actual responsessaf
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course, constructed M+ 1 dimensions, wherl is the number of input units, and the last
dimension plots the height. It is clearly impossible to directly visualize thiacguvihereN is
anything greater than two (which it invariably is).

To index

Time Series Prediction in ST Neural Networks

In time series problems, the objective is to predict ahead the value of a variabbeitsin time,
using previous values of that and/or other variables (see Bishop, 1995)

Typically the predicted variable is continuous, so that time series prediction iy @sspécialized
form of regressionHowever, without this restriction, time series can also do prediction of nominal
variables (i.e,classification.

It is also usual to predict the next value in a series from a fixed number of previoes (fabking
ahead a single time step). When the next value in a series is generated, furtheandbees c
estimated by feeding the newly-estimated value back into the network together withretheus
values: time series projection. Obviously, the reliability of projection drops the tepseahead or
tries to predict, and if a particular distance ahead is required, it is probabhtbétéen a network
specifically for that degree of lookahead.

Any type of network can be used for time series prediction (the network type must, however, be
appropriate foregressioror classification depending on the problem type). The network can also
have any number of input and output variables. However, most commonly there is a single variable
that is both the input and (with the lookahead taken into account) the output. Configuring a network
for time series usage alters the way that data is pre-processed (i.e. vitndrdra a number of
sequential cases, rather than a single case), but the network is executed andistaaised any

other problem.

The time series training data set therefore typically has a single variabkbjshas type
input/output (i.e., it is used both for network input and network output).

The most difficult concept in time series handling is the interpretation of traimilegtisn, test and
ignored cases. For standard data sets, each case is independent, and these me#eangs are c
However, with a time series network each pattern of inputs and outputs is actually rdraven f
number of cases, determined by the netwdieiss andLookahead parameters. There are two
consequences of this:

The input pattern's type is taken from the type of the output case. For example, in a data set
containing some cases, the first two ignored and the third testQepd+2 andLookahead=1, the

first usable pattern has type Test, and draws its inputs from the first two cak#s,autput from

the third. Thus, the first two cases are used in the test set even though they are manked Ignor
Further, any given case may be used in three patterns, and these may be any of trainiog, select
and test patterns. In some sense, data actually leaks between training, selddiéshsets. To

isolate the three sets entirely, contiguous blocks of train, verify or test caselsngedIto be
constructed, separated by the appropriate number of ignore cases.

The first few cases can only be used as inputs for patterns. When selecting dasesseres use,
the case number selected is always the output case. The first few clearly caselettes (as this
would require further cases before the beginning of the data set), and are not available.

To index

Variable Selection and Dimensionality Reduc
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The most common approach to dimensionality reduction is principal components analysis (see
Bishop, 1995; Bouland and Kamp, 1988). This is a linear transformation that locates directions of
maximum variance in the original input data, and rotates the data along these axesyTihgcall

first principal components contain most information. Principal component analysis can be
represented in a linear network. PCA can often extract a very small number of cotagmra

quite high-dimensional original data and still retain the important structure.

The preceding sections on network design and training have all assumed that the input and output
layers are fixed; that is, that we know what variables will be input to the network, anduinatt is
expected. The latter is always (at least sigpervised learningroblems) known. However, the
selection of inputs is far more difficult (see Bishop, 1995). Often, we do not know which of a set of
candidate input variables are actually useful, and the selection of a good set of inpuiglisated

by a number of important considerations:

Curse of dimensionality. Each additional input unit in a network adds another dimension to the
space in which the data cases reside. We are attempting to fit a responseatinfackata. Thoug

of in this way, there must be sufficient data points to populal@mensional space sufficiently
densely to be able to see the structure. The number of points needed to do this properly grows very
rapidly with the dimensionality (roughly, in proportion to 2N for most modelling techniques). Most
forms ofneural networKin particular, MLPs) actually suffer less from the curse of dimensignalit
than some other methods, as they can concentrate on a lower-dimensional section of the high-
dimensional space (for example, by setting the outgoing weights from a particular ingnat, tarz

MLP can entirely ignore that input). Nevertheless, the curse of dimensionalityaspstblem, and

the performance of a network can certainly be improved by eliminating unnecessary irghlesari
Indeed, even input variables that carry a small amount of information may sometimdeibe bet
eliminated if this reduces the curse of dimensionality.

Inter-dependency of variables. It would be extremely useful if each candidate input variable could
be independently assessed for usefulness, so that the most useful ones could be extracted.
Unfortunately, it is seldom possible to do this, and two or more interdependent variables may
together carry significant information that a subset would not. A classic exammdetvgot-spirals
problem, where two classes of data are laid out in an interlocking spiral pattern imgresidins.
Either variable alone carries no useful information (the two classes appear wtasthixed), but

with the two variables together the two classes can be perfectly distinguished. Tialdgya

cannot, in general, be independently selected.

Redundancy of variables. Often a number of variables can carry to some extent or other the same
information. For example, the height and weight of people might in many circumstanges carr
similar information, as these two variables are correlated. It may beeniffic use as inputs some
subset of the correlated variables, and the choice of subset may be arbitrary. Thatgugeaior
subset of correlated variables over the full set is a consequence of the curse abdatigns

Selection of input variables is therefore a critical paneafral networldesign. You can use a
combination of your own expert knowledge of the problem domain, and standard statistical tests t
make some selection of variables before starting to use Neural Networks. Oncegipaushe

Neural Networks, various combinations of inputs can be tried. You can experimentally ¢

remove various combinations, building new networks for each. You can also conduct Sensitivity
Analysis, which rates the importance of variable with respect to a particulat. mode

When experimenting in this fashion, the probabilistic and generalized regression net&orks a
extremely useful. Although slow to execute, compared with the more compact MLPs andHeE
train almost instantaneously - and when iterating through a large number of input variable
combinations, you will need to repeatedly build networks. Moreover, PNNGRMiNsare both
(like RBFs) examples of radia-based networks (i.e., they have radial units in the first layet
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build functions from a combination of Gaussians). This is an advantage when selecting input
variables because radially-based networks actually sufiez from the curse of dimensionality th
linearly-based networks.

To explain this statement, consider the effect of adding an extra, perfectly spuriousanmgdle to
a network. A linearly-based network such advtP can learn to set the outgoing weights of the
spurious input unit to 0, thus ignoring the spurious input (in practice, the initially-smghts/evill
just stay small, while weights from relevant inputs diverge). A ra-based network such asPalN
or GRNN has no such luxury: clusters in the relevant lower-dimensional space getdsmga
through the irrelevant dimension, requiring larger numbers of units to encompass thenirreleva
variability. A network that suffers from poor inputs actually has an advantage when trying to
eliminate such inputs.

This form of experimentation is time-consuming, and several feature seldgboithans exist,

including thegenetic algorithn{Goldberg, 1989). Genetic Algorithms are very good at this kind of
problem, having a capability to search through large numbers of combinations where there may be
interdependencies between variables.

Another approach to dealing with dimensionality problems, which may be an alternative or a
complement to variable selectiongdisnensionality reduction. In dimensionality reduction, the
original set of variables is processed to produce a new and smaller set of véaratitestains (one
hopes) as much information as possible from the original set. As an example, considesed dat
where all the points lie on a plane in a three dimensional spacetilinac dimensionality of the

data is said to be two (as all the information actually resides in a two-donahsub-space). If this
plane can be discovered, theural networlcan be presented with a lower dimensionality input, and
stands a better chance of working correctly.

To index

Ensembles and Resampling

We have already discussed the problem of ¢e@ming, which can compromise the ability of ne
networks to generalize successfully to new data. An important approach to improve paéisna
to form ensembles of neural networks. The member networks' predictions are averagetb{oe(
by voting) to form the ensemble's prediction. Frequently, ensemble formation is combined with
resampling of the data set. This approach can significantly improve generalizateympace.
Resampling can also be useful for improved estimation of network generalizatiomaerte.

To explain why resampling and ensembles are so useful, it is helpful to formulate thee®uvek
training process in statistical terms (Bishop, 1995). We regard the problem as #tahafieg an
unknown nonlinear function, which has additive noise, on the basis of a limited data set of e

D. There are several sources of error in our neural network’s predictions. First, and tohgvoida

even a "perfect” network that exactly modeled the underlying function would make errors due to the
noise. However, there is also error due to the fact that we need to fit the neural netderkismg

the finite sample data set, D. This remaining error can be split into two componentsdtidias

and variance. The bias is the average error that a particular model training proatédoadée

across different particular data sets (drawn from the unknown function's distribUiti@wariance
reflects the sensitivity of the modeling procedure to a particular choice of data set

We can trade off bias versus variance. At one extreme, we can arbitrarilyastiection that

entirely ignores the data. This has zero variance, but presumably high bias, since we have not
actually taken into account the known aspects of the problem at all. At the opposite exeerae, w
choose a highly complex function that can fit every point in a particular data set, and thus has ze
bias, but high variance as this complex function changes shape radically to reflect tipoiexam

a given data set. The high bias, low variance solutions can have low complexity (e.g., lindsgy,
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whereas the low bias, high variance solutions have high complexity. In neural networks, the low
complexity models have smaller numbers of units.

How does this relate to ensembles and resampling? We necessarily divide tet otasubsets

for training, selection, and test. Intuitively, this is a shame, as not all the dateasgdtfor training.

If we resample, using a different split of data each time, we can build multipk networks, and

all the data gets used for training at least some of them. If we then form the nehtmes i
ensemble, and average the predictions, an extremely useful result occurs. Averags thac

models reduces the variance, without increasing the bias. Arguably, we can afford to build highe
bias models than we would otherwise tolerate (i.e., higher complexity models), on thbdiasis t
ensemble averaging can then mitigate the resulting variance.

The generalization performance of an ensemble can be better than that of therblest network,
although this does depend on how good the other networks in the ensemble are. Unfortunately, it is
not possible to show whether this is actually the case for a given ensemble. Howezargeliseme
reassuring pieces of theory to back up the use of ensembles.

First, it can be shown (Bishop, 1995) that, on the assumption that the ensemble membensve
zero mean and are uncorrelated, the ensemble reduces the error by a factor of N,isvtieze N
number of members. In practice, of course, these errors are not uncorrelated. Aantgoodilary
is that an ensemble is more effective when the members are less corrathied,raight intuitively
expect that to be the case if diverse network types and structures are used.

Second, and perhaps more significantly, it can be shown that the expected error of the ens¢mble
least as good as the average expected error of the members, and usually bettdy., Bgoeal

useful reduction in error does occur. There is of course a cost in processing speed, but for many
applications this is not particularly problematic.

There are a number of approaches to resampling available.

The simplest approach is random (monte carlo) resampling, where the trainingprseledttest se
are simply drawn at random from the data set, keeping the sizes of the subsets constant.
Alternatively, you CAN sometimes resample the training and selection set, but kéegt get the
same, to support a simple direct comparison of results. The second approach is the pogpular cros
validation algorithm. Here, the data set is divided into a number of equal sized divisimnsb&r
of neural networks are created. For each of these, one division is used for the testdh&apther
are used for training and selection. In the most extreme version of this algorithmphesoug-cros:
validation, N divisions are made, where N is the number of cases in the data set, and ornséan
the network is trained on all bar one of the cases, and tested on the single caseniti@disThis
allows the training algorithm to use virtually the entire data set for trainings bbtwiously very
intensive.

The third approach is bootstrap sampling. In the bootstrap, a new training set is formed mgsampl
with replacement from the available data set. In sampling with replacemesst,acasdrawn at

random from the data set, with equal probability, and any one case may be selected any number of
times. Typically the bootstrap set has the same number of cases as the datawsgh, #iis is not a
necessity. Due to the sampling process, it is likely that some of the original dhses be

selected, and these can be used to form a test set, whereas other cases edirhduplizated.

The bootstrap procedure replicates, insofar as is possible with limited dataatioé ddawing
multiple data sets from the original distribution. Once again, the effect can be tatgeneumber
of models with low bias, and to average out the variance. Ensembles can also be baneficia
averaging out bias. If we include different network types and configurations in an ensemblg, it
be that different networks make systematic errors in different parts ofghiespace. Averagir
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these differently configured networks may iron out some of this bias.

To index
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