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Preface

This is anon-line course about Data Mining byr#ficial Neural Networks (NNandbased on
the BrainMakesoftware develogd and distributed b@aliforniaScientific SoftwareCSS also
provided their software at special student conditidhgcourse wanitially given as a facéo-
face course at the University Bérgen and later at the Universityldawaii in 2000 Later i
was revised andeveloped as an online course faggeuniversitiesand otheinstitutions

The present edition is an extract of the text and illustrations from the course fosttbeseats
who wanted a reference to the course content. It is hopedl#o other readers may find the
presentation interesting and useful.

Bergen, July 2@

Svein Nordbotten



Session 1: Introduction

Introduction

This course has previously been given as-fadace lectures and as AsisedALN sessions
(Figure 1). The illustrations are therefore being modified, dated and numbered according to the

Data mining using neural networks

Teacher: Professor Svein Nordbotten

This course and the course material has developed
over some time. Versions of this course has been
given as traditional face-to-face lectures, as an
Internet course with periodic meetings with the
students and as e-fearning course with all contact
between students and teacher by the net. Students
taking the course have come from a number of
countries

Swein Mordbotten 1

Figure 1: About the course development

time and they were prepared for the coundee text contains a number of hyperlinks to related
topics. The links are never pointing forward, only to topics in the current and previous sessions.
If you wish, you are free to print out text as well as figures by clicking~tiet'icon in your
Windows' tool bar. You can always get back to the text by clicking3te'icon in your

browser window after watching a figure or a linked text.

Data mining

Back in thestone ag®f the 1960's, people had visions about saving all recorded d#déain
archivesto be ready for future structuring, extraction, analysis andNeelpotten 196]¢ Even
though the amount of data recorded was indiggnit compared with what is recorded today, the
technology was not yet developed for this task. Only in the last decade, the IT technology
permitted that the visions could start to be realized in the form of data warehouses. Still, the
warehouses are maynimplemented in large corporations and organizations wanting to preserve
their data for possible future use.

When stored, data in a warehouse were usually structured to suit the application generating the
data. Other applications may requirestaucturirg of the data. To accomplish a rational re
structuring, it is useful to know about the relations embedded in the data. The purpose of data
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mining is to explore, frequently hidden and unknown, relationships to restructure data for
analysis and new uses.

Conmmon for all data mining tasks is the existence of a collection of data records. Each record
represents characteristics of some object, and contains measurements, observations and/or
registrations of the values of these characteristics or variables.

Data mining tasks can be grouped according to the assumptions of the degree of specification of
the problems made prior to the work. We can for instance distinguish between tasks which are:

1. Well specified This is the case when a theory or model exists anddégjisired empirically to
test and measure the relationships. The models of the enwetricians, biometricians, etc. are
well known of this type of tasks.

2. Semispecified Explanations of a subset of dependent variables are wanted, but no explicit
theory exsts. The task is to investigate if the remaining variables can explain the variations in
the first subset of variables. Social research frequently approach problems in this way.

3. Unspecified A collection of records with a number of variables is availa#iethere any
relations among the variables which can contribute to an understanding of their variation?

In the present course, we shall concentrate on thesmauified type of tasks

Parallel with the techniques for efficient storage of data in waiss®) identification and
development of methods for data mining has taken place. In contrast to warehousing, data
exploration has long traditions within several disciplines as for instance statistics. In this course,
we shall not discuss the complete béxlata mining tools, but focus on one set of tools, the
feedforwardNeural Networkswhich has become a central and useful component.

What is a neural network?

Neural networks is one name for a set of methods whichveaying names in different
researclgroups.Figure 2shows some of the most frequently used names. We note the
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Figure 2: Terms used for referring to thpic

different names used, but do notsgeime discussing which is the best or most correct. In this
course, we simply refer to this type of methodslasral Networksor NN for short.

Figure 3shows varing definitions of NeuraNetworks.The different definitions reflect the

Definitions of neural networks

A neural network is a parallel distributed processor that has a
propensity for storing experiential knowledge and making it
available for users (Rumelhart a.o).

Neural computing is the study of networks of adaptable nodes which,

through a process of learning from task examples, store experiential
knowledge and make it available for use {Alexander).

A neural network is a finite-state machine made up of elementary
units called neurons (Minsky).

101259 Svein Nordbatten 3

Figure 3: NN definitions

professional interest of the group to which the author belongs. The first definition of the figure
indicates thaRumelhartand his colleagues are particularly interested in the functioning of
neural networks and pointed out that NN can be considered as a large collection of simple,
distributedprocessing units working in parallel to represent and making knowledge available to
users. The second authétexander emphasizes the leargiprocess as represented by nodes

8
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adapting to task examplddinsky'sdefinition states that formally a neural network can be
considered as a fitg-state machine. The definitions are supplementing each other in
characterizing a neural network system.

The formal definition of is probably best formulatedHbgchtNielsen

"A neural networkis a parallel, distributed information processing structure consisting of
processing elemen(which can possess a local memory and can carry out localized information
processing operations) intercoacted via unidirectional signal channels caltethnections

Each processing element has a single output connection that branches ("fans out") into as many
collateral connections as desired; each carries the same sighaprocessing element output

signal. The processing element output signal can be of any mathematical type desired. The
information processing that goes on within each processing element can be defined arbitrarily
with the restriction that it must be completely local; that is, it muséd@@nly on the current

values of the input signals arriving at the processing element via impinging connections and on
the values stored in the processing element's local meémory.

Neural networks models were initially created as description and explaoéatize biological
neural network of theuman brainBecause of the size and the efficiency of the biological
neural network, an artificial computbased NN can reflect only a small fraction of the
complexity and efficiency of a human neural netwitiqure 4)

Characteristics of the human neural network

The brain is estimated to have more than /07 newrons in the cortex,
and /'Y synapses connecting the neurons to each other.

Energetic efficiency of the brain is /(% Joules per operation/sec.,
energetic efficiency of the computer is /7% Joules per operation/sec
(Joude: worked done by | newton through a distance of 1 m).

101299 Svein Nordbatten 4

Figure 4: Characteristics of the human brain

What can NN be used for? It can be used to model special human brain functions, to investigate
if a modelechypothesis of a certain brain function behaves in correspondence with what can be
observed of the real braihdwrencé. NN can also be consided as a logical machine and as a
universal functiorapproximation NN are frequently used for classifying midimensional data

or patterns into categories, or to make conditional predictions very similar to what multivariate

9
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statistical data analysis ¢iBishop]. The domains of applications are many and we shall discuss
some examples during the course.

Neural networks and Artificial intelligence

Artificial intelligenceis branch of information and computer science working with computers to
simulate human thinking. The topic can be divided into

e thelogical/symboli@pproach to which for instance the expert systems belong. The term
'logical’ reflests that according to this approach, the purpose is to explain by logical rules how a
human arrives to the solution of a problem.

e the subsymboli@pproach on the other side, tries to explain a solution to a problem by the
processes below the logical ruléEhe neural networks are typical representatives for the
subsymbolic approacltspwd.

Since the 1950's, competition haexisted between the meens of the two approaches. More
recently, similarities and relations have been identiftgallpnt, Nordbotten 199p and the
possibilities of taking advantage of both by constructivigrid solutions.

A brief historic review

In Figure 5, a few of the main events in the history of NN are listed. The history of Neural
Networks started as a paperMgCulloch and Pittsn 1943 presenting a formal mathematical
model describing the working of a human brain.

Neural network history

1943: McCullock and Pitts: A LOCHIAL CALCULUS .

1948: Wiener: CYBERNETICS

1949: Hebb: THE ORGANIZATION OF BEHAVTOUR

1952: Ashby: DESIGN FOR A BRAIN

1958: Rosenblatt: PERCEPTRON

1960 Widrow and Hoff: ADATINE

1965 Nilson: LEARNING MACHINES

1969: Minsky and Papert: PERCEPTRON

1974: Werbos: Generalized nudtiple regression

1986: Rumelhart and McClelland: PARALLEL DISTRIBUTED FROC

101299 Svein Nordbotten 3

Figure 5: Milestones in the history of NN

Just after the end of the World War\W,enerintroduced the concefptyberneticsthe study of
the processing of information by machines. He did not know that Ampére had been thinking
along the same lines and coined the word 100 ezat®er Dyson 1997. Ashby 1971

contiibuted much to the cybernetic by modeling dynamic systems by means of the abstract

10
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machines. In psychologidebbwrote a paper in 1949 about leampiprinciples which became
one of the cornerstones for the development of training algorithms for NN.

Rosenblativas one of the earlyioneersn applying the theory of NN in the 1950's. He designed
the NN model known as theerceptropand proved that it could learn from exampl&sdrow

and Hoffworked at the same time as Rosenblatt and developeédtaeINE model with the

delta algorithnfor adaptive learning. In the 1960's, strong optimism characterized the NN camp
which had great expectations for their approach. In 198&ky and Papequblished a book in
which they proved that the power of tsiaglelayer Neural Networks was limited, and that
multi-layer networks were reiyed for solving more complex problems. However, without
learning algorithms for muHiayer networks, little progress could be made.

A learning algorithm for multlayer networks was in fact invented by Werbos and used in his
Ph.d. dissertation already 1973. His work remained unknown for most researchers until the
algorithm was reénvented independently dye Cun 1985ndParker 1985and known as the
Backpropagatioalgorithm in the early 1980'Rumelhart, McCelland and othersade the
backpropagation algorithmorldwide known in a series of publications in the middle 1980's.

During the last two decades, a number of new methods have been developed and NN has been
accepted aa well based methodology. Of particular interest is the interpretation of NN based on
statistical theory. Omof the main contributors Bishop

Systems and models

A systemis a collection of interrelated objects or events which we want to study. A formal,
theoretical basis for system thinking was establisheBldnialanffy A system can for instance

be cells of a human being, components of a learning process, transactions of an enterprise, parts
of a car, inhabitants of a city, etc. It is convenient to assume the existence of aygidmr s
surrounding the considered system. For practical reasons, we hame the surroundintpsystem
environment systenin many situations, research is focused on how the two systems interact.

The interaction between the systems is symbolized by two amdwgure 6

11
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Interaction between system and environment

— + Environment

P System —

10,1253 Svein Nordbotten &

Figure 6: System feedback loop

Assume that the system considered is a human brain, and that we want to study how it is
organized. In the lower paof Figure 7, we recognize the interaction with the environment from
the previous picture, but in addition, the brain has been detailed with components assigned to
different tasks. One component of receptor cells is receinmg stimulifrom sensors outside

the brain, and another component is sendimgut signal$¢o the muscles in the environment
system.

Organization of the brain

Sensory Goal Motion
analysis selection generation
Receptors Internal Muscles
states

Environment

1012.9% Swein Nordbotten 7

Figure 7: Simplified model of the brairenvironment ineraction

Nobody would believe that this is a precise description of the htonaam it is only a simple
description. It is essential to distinguish between the system to be described, and the description
of this systenfFigure 8) When this distinction is used, we refer to the description of the system

12
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as amodelof the system. We consider NN as a model of the human brain, or perhaps more
correctly, as a model ofsaamall part of the brain. A model is always a simplified or idealized
version of a system in one or more ways. The purpose of a model is to provide a description of
the system whicfocuseson the main aspect of interest and is convenient as a tool fariexp!
analyzing and simulating the system. If it was an exact replica, we would have two identical
systems. A model will usually focus on system aspects considered important for the model
maker's purpose ignoring aspects not significant for this purplate that a model is also a

system itself.

System and model

The human system :

Sensory Brain Motoric
cells cells cells
...and the model:
Input Neural Output
units network units

10,1289 Swvein Nordbotten 2

Figure 8: NN as a model of the brain

Figure 8showed a graphical model. There are many types of modélgure 9 an algebraic
model is displayed. It is a finitstatemachineas used bilinsky and models a dynamic stimuli
response system. It assumes that time is indexed by points to which the system state
characteristics can be associated. Jtla¢cof the system at time t is representedgt) and the
stimuli received fom the environment at the same timeSgt) Thebehaviorof the system is
represented in the model by twquationsthe first explains how the state of the system changes
from timet to timet+1. The second equation explains the response from the sistbm
environment at timet+1.

State transition tables

In Figure 9 the basic functions of a finH&tate machine were presented. The fistite machine
can altenatively be modeled astansition tabldrequently used in cybernetics, or astate
diagramsIn Figure 10, the NN with2 neurons just discussed can be represskby?2 transition
tables describing how the state and the response of the NN change frdrtotimeet+1. In the
upper table of Figure 10 representing the control newspo, andc.; represent the Biput
alternative values to the neuron whgieandq;, indicate the alternativetatesof the neuron at
timet-1. The cells of the table represent the new output from the neuron 4t Tinesecond

13


http://nordbotten.net/phproot/courses/nn/sessions/session1/images/image8.gif
http://nordbotten.net/phproot/courses/nn/sessions/session1/images/image9.gif
http://nordbotten.net/phproot/courses/nn/information/literature/literature.htm#Minsky 1972
http://nordbotten.net/phproot/courses/nn/sessions/session1/images/image9.gif
http://nordbotten.net/phproot/courses/nn/sessions/session1/images/image10.gif

table represents the controlled neuron. Hgr@ndag; are the two alternative inputs at time t from
thecontrol neuron,gands; are the 2 alternative input values to the primary neuron att tame
the cells are the alternative values of the output atttithef the primary neuron. Note that the

value of the control input values at tima& influences he output value of the primary neuron at
timet+1.

State diagrams

A system is also often described bytate diagranas indicated at the right sideefyure 10
The hexagons represent states of system components, while the arrows represent alternative

Model of finite-state machines

State equation:

Q1) = GQM®). S(1))

Resgponse equation:

R(t+1) = F(Q(D), S(t)

10,1299 Svein Hordbotten 9

Figure 9: Finite state machines

transitions from one state to another. Note that some of the hexagons represent outputs

(responses) and not states in the meaniikigure9. The symbols at the tail of an arrow are the
alternative inputs.

Transition tables and diagrams

Transition tables: State diagram:

Cpy 0 1

Cy 1 1
C1 0 0

Sp 0 0

S1 0 1

101299 Srrein M ordhotten 18
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Figure 10: Transition tables

Consider the hexagam. It represents the, the closedtate of the control neuron, and has 3
arrows out. The one directed up represent the transition of the primary neurons. This neuron will
either get @, or al as input values, but will always be in stegevhen the control neuron is in

closed state. Thetateqo will be unchanged if the input values are eitfieor O, but if the input

value isl, the control neuron will change stategto It will stay in this state if the control input
values are eithddyor 1, but return to state if the input valueo the control neuron id. If the

control neuron is in state,gand the primary input value @ the state of the primary neuron will
bero, while an input valué will give the primary neuron the statg

A more complex finitestate machine can atéthary numbers. This transition diagranmFigure
11 represent a machine which can &dalits numbers in which the least significant bit is the left

State diagram for a serial binary adder

1 -0 -
10 10
no, '
| No ||]
01 \ carry , 00 Carry |
— o1
00 J 11
0 14

1012582 Svein Hordbotten 12

Figure 11: Serial adder represented by a state diagram

The red numbers in the middle of an arrow represents the output of the transition. For example,
the decimal numbed is 11 a binarynumberand the decimal numbéris represented d<. The

sum of these to addds is4 or 001as a binary number. Starting with the left bits, the first pair

will be 1+1. The initial state is 'No carry' and the infdtis at the tail of an arrow to the 'Carry’
state withO as output. The next pair of bits is 01 and the arrow fraamryCwith this input gives

again an outpud. The last pair of input values@ which is represented with an arrow back to

'‘No carry' and an outpudt The final output will therefore b@01, which is the correct result.

Neurons - the basic building bric ks

Transition tables and state diagrams are useful when we understand the behavior of a system
completely as observed from outside. If not, we need to study the internal parts and their
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interactions which we will do by means of neurons and their inteexbioms. An interesting fact
is that finitestate machines and NN are two different aspects of the same type of systems.

Let us return to theuman brain system. We have assumed that the brain is composed of a large
number of brain cells called neusoiigure 12illustrates how the biologicaleuronis

Human neuron

Axons from
other neurons

2

Synepse
.—'—'—'—'_H_F

Dendrites

101259 Svein Nordbotten 10

Figure 12: The basic parts of a human neuron

often depicted in introductory texts. This graphical mod¢hefneurons indicates that it has

several different components. For our purpose, we identify 4 coanponents: theell's
synapsesvhich are receiving stimuli from otheeuronsthe cell bodyprocessing the stimuli,
thedendriteawvhich are extensions difie cell body, and thexonsending the neuron response to
other neurons. Note that there is only one axon from each cell, which, however, may branch out
to many other cells.

Working with artificial neuronstigure 13indicates how we can simplify the model eveare.

Model of a neuron

101299 Svein Hordbotten 11
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Figure 13: The NN model of a neuron

We denote the axons from other neurons by connegtioablesx, the synapses by thesights

w, and the axonybtheoutputvariabley. The cell body itself is considered to have two functions.

The first function is integration of all weighted stimuli symbolized by the summation sign. The
second function is thectivationwhich transforms the sum of weighted stiimalan output

value which is sent out through connectyoiin the neural network models considered in this

course, the time spent on transforming the incoming stimuli to a response value is assumed to be
one time unit while the propagation of the stinftdm one neuron to the next is momentary. In

the feedforward NN, the time dimension is not important.

Figure 14shows several activation functions frequently usetiodeling neural networks.

Types of activation functions F

Y

R Y | ‘-1

+1

threshold linear sigmoid

101299 Svein Hordhotten 12

Figure 14: Three activation functions

Usually the neurons transform the sum of weighted values received as an argument to an output
value in the range€l to +1, or, alternativelyQ to +1. Thestepfunction is the simplesfn

argument, the sum of the weighted input variables, is represented alorgxibeThe function

will either result in an output valud if the argument is less than zero (or some other
predeterminedalue) or a valuetl if the argument is O or pdsie (on or to the predetermined
value). Theinearactivation function value i8 if the argument is less than a lower boundary,
increasing linearly fron® to +1 for arguments equal or larger than the lower boundary and less
than an upper boundary, andl for all arguments equal or greater than a given upper boundary.
An important activation function is treegmoidwhich is illustrated to the right iRigure 14 The
sigmoid function is no#linear, butcontinuous, antias a function value range betwéesnd+1.

As we shall see later, it has the properties which make it very convenient to work with.

17
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Perceptron

Neurons are used as building bricks for modeling a nufodifferent neural networks. The NN
can be classified in two main groups according to the way they(leaure 15) One group
contains the networks which carata bysupervisioni.e. they can be trained on a set of example

Neural network by learning type

T

Supervised Unsupervized
Single-layer  Multi-layer Self-organizing
perceptron perceptrons feature maps

101259 Svein Nordbotten 13

Figure 15: Learning types used in NN

problems with associated target solutions. During the training, the examples are repetitively
exposed for the NN which are adjusting to the examplssait of the training, the NN can be
continuously tested for their ability to reproduce the correct solutions to the examples. The
second main group is consists of the networks which leasopervisedThese networks learn
by identifying special featuras the problems they are exposed to. They are also cadléed
organizingnetworks or mapg<ohonenis one of the pioneers in this field of netks.

In this course, we concentrate our attention on the networks which can be trained by supervised
learning. The first type of networks we introducétigure 16is thesinglelayer network It is

18
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Single-layer network
< Wiy
1 s ¥i
Wiz
Wil
— W
2 Wi ~
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Figure 16: Singlelayer NN

called a singldayer network because it has only on layer of neurons between the input sources
and the output. The perceptron introducedibgenblatand much discussed in the 1960's, was a
singlelayer network. Note that some authors also count the input sources as a layer and denoted
the perceptron as a twayer network.

A simple perceptron consists of one neuron ®ithput variablesy; andx,. It has a step

activation function which produces a binary output value. Assume that the step function responds
with -1 if the sums of the input values amegative and witki1 if the sum is zero or positive. If

we investigate this NN further, it is able to classify all possible pairs of input val@es in

categories. Thes&categories can be separated by a line as illustratéigume 17 The line

Class regions of a single-layer perceptron

X

Class A:

y=0 /
/ i X
Class B:

y=<0

Classes must be linearly separable

101259 Swein Nordhotten 15

Figure 17: Class regions of a singleyyer perceptron

19


http://nordbotten.net/phproot/courses/nn/information/literature/literature.htm#Rosenblatt 1958
http://nordbotten.net/phproot/courses/nn/sessions/session1/images/image17.gif

dividing thexy, X, space is determined by the weightsandw,. Only problems corresponding to
classifying inputs into linear separable gatees can be solved by the sinddger networks.

This was one of the limitations pointed outMinsky and Papein their discussion of NN irhe
late 1960s.

A network with more than a one output neuron, as showinime 16 can classify the input
values in more than two categories. The condition focessgful classification is still that the
input points are linearly separable.

In some systems, it is necessargtotrolthe functioning of a neuron subject to some other
input. Consider a neuron with single primary binary input connection, a stepyafttiwition

with threshold valu@ generating outpu if the input sum is less th&hand1if it is 2 or greater
(Figure 18) Let the neuron have a secondary, martput with value® or 1. The neuron will
reproduce all values from the primary input source as long as the secondary controllinput is
When the control input value is changedtthe reproduction of values from the primary input
connection will bestopped. In this way, the processing of the stream of input through the
primary input connection can be controlled from the secondary input source.

Control of flow through a neuron

8(01) ———— ¢

/

Control {0,1)

2 R (0.1}

101253 Svein Hordbotten 1

Figure 18: Controlling a neuron

It may, however, be inconvenient to generate a continuous sequencerof toalues to keep
copying of the primary input stream open. If we extend the network with a secoridh|

neuron, we can create an/off switch. Let the control neuron hagenput connections, a step
activity function with threshold value 1 anchhry output as illustrated Figure 19 The first of
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Controlled net with memory

Input¢0,1) — . =

C Y

1

2 —  QOutput{0,1)

Control
{-1,0,1)

— = =

101299 Svein Hordhotten 17

Figure 19: A simple net with memory

the inputs is the on/off signals which in this case have the vahse€s no change=tandoff=-1.
The second input isfaedback loogrom the control neuron's output value. Inspection of the
system shows that the sequence of primary inputs to the first neuron will pass through this
neuron, if a control value 1 has switchid tontrol neuron on. Reproduction of the primary
input stream will be broken, if a control inptitis received by the control neuron.

Neural network properties
Some of the characteristic properties of a neural network are summarizéwime 20 Because of the

Neural Network Properties

= Nonlinearity

« Input-output mapping

« Adaptivity

 Evidential response

+ Contectual information
» Fault tolerance

* VLSI implementability
* Neurological analogy

10,1259 Svein Hordbotten 20

Figure 20: NN properties

nortlinear activation functions used to model the neurons, networks can contain a complex non
linearity which contribute to thgenerality of NN. A neural network can be considered as a
generaimappingfrom a point in its input space to a point in its output space, i.e. as a very

21
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generaimultidimensionafunction. So far , we have only mentioned #ugptabilityneural

networks. Ths property allows us to considearningas a particular property of the network.

Since the network represent a complex, but well defined mapping from input to output the
response is determined completely by the network structure and the input. Experikcetes

that the network is robust against noise in the input, i.e. even if there are errors in some of the
input elements, the network may produce the correct response. Because of the parallel,
distributedarchitecture, large network models can belengented in large computer

environments including parallel computers. Even though the human neuron cells are much more
complex than the simple models used for constructing artificial neural networks, the study of the
behavior of computerized neural netwedan extend our understanding about the functioning of
human neural networks.

Exercises

a. In the section about singleyer networks and linear separability, a network was described
with 2 real value variables, a threshold function which gave an owajug O if the sum of the
input functions was negative and 1 if the sum wasmegative. Draw an input variable diagram
similar toFigure 15with a boundary lineigiding the input variable space in 2 areas
corresponding to the two classes.

b. Construct a neural network corresponding to the binary adding mactrirgeiie 19

c. Black boxis an object the behavior of which can only be observed and analyzed by means of
its input and output values. Neural networks are frequently characterized as black boxes although
they are constructed from very simple neurons. Discuss thigcptsbn of this characteristic of

NN.

d. Read Chapter 1: Computer Intelligence, in Lawrence.

e. Read Chapter 6: Neural Network Theory, in Lawrence.

e. Read Chapter 9: Brains, Learning and Thought, in Lawrence.
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Session 2: Feedforward networks

Two typ es of network

We start this session by introducing two fundamentally different kinds of neflwipgman
1987)

e Feedforward networks
e Recurrennetworks

In feedforward networks(_Figure 1 ) the stimuli move only in one direction, from the input

Feed forward network

A neuron is assumed to
require 1 unit of time for
processging a received
_ stimulus . The transfer
FELTF (1), %,(0) of signals through the
connections (axons) is
assumed to be instantanous.

1141288 Svein Nordbotten 1

Figure 1: Time sequence in feebrward NN

sources througthe network to the output neurons. No neuron is affected directly or indirectly by
its own output. This is the type of network we shall study in this course. If all input sources are
connected to all output neurons, the network is calledlyaconnectel (Reed and Marks)A
feedforward network becomes inactive when the effects of the inputs have been processed by
the output neurons.

In recursivenetwork ( Figure 2 ), neurons may feed their output back to themselves directly or
through other neurons. We have already seerepaepleof this type of network in the previous
session. Recursive networks can be very usefully in special applications. Because of the feed
back structure in recursive networks, the networklzaactive after the first effects of the inputs
have been processed by the output neurons.
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Figure 2: Recursive NN

Learning

In the previous session, we learned that networks may classify input patterns correctly if their
weights are adequately specifiétbw can we determine the values of the weights? One of the
most important properties associated with neural networks is their abiktgrtdrom or adept

to examples. The concept of learning is closely related to the conceptafry(state of the

sysem). Without memory, we have no place to preserve what we have learned, and without the
ability to learn, we have little use of memory.

We start by a few considerations about memory and leariiiggire 3 ) In feedforward neural

Memory and learning

Little known about how information is represented in human

memory. Short-term memory is assumed to be dynamic, correspond
to the feed-back chaing in neural networks. Long-term memory is
assumed to be static and corresponds to the weights of the connections
between neurons.

Even less i3 known about how these representations are created;

i.e. the biophysics of learning. Experts seem to agree that the brain
can not reverse the direction of the pulses through the netvork. As we
shall soon see, this is an important difference between the natural and
some of the artificial networks.

1171282 Syein Hordbotten 3

Figure 3: An important difference between the human brain ahiN

24


http://nordbotten.net/phproot/courses/nn/sessions/session2/images/image3.gif

networks, the weights represent the memory. NN learn by adjusting the weights of the
connections between their neurohke learning can either be supervised or unsupervised
(Figure 4 ) We shall mainly concentrate on supervised learning. For supervised learning,

Types of learning

Supervised learning is the most simple model of the learning
process. In supervised learning, the network is required to
compute aresponse (“guess™) to each input, and compare it
with the target answer. If the computed answer differs
significantly from the target, the weights of the network are
adapted according to a learning rule.

Unsupervised and enforced learning are other types of learning
used by neural networks.

At this stage we shall concentrate on the supervised learning
and return to other types of learning later in the course.

1171229 Svein Nordbotten 4

Figure 4: Typesof learning algorithms

exampleof problems and their associated solutions are used. The weights of the network are
initially assigned small, random values. When the problem of the first training example is used

as an input, the network will use the randamights to produce predictedsolution. This

predicted solution is compared with tiaegetsolution of the example and the difference is used

to make adjustments of the weights according to a training/learning rule. This process is repeated
for all avalable examples in the training set. Then all examples of the training set are repeatedly
fed to the network and the adjustment repeated. If the learning process is successful, the network
predicts solutions to the example problems within a preset acaotacance for solutions.

Learning rule and algorithm
A learning rule prescibes how the weights of a neural
network are adapted by stimulations from the network
environment:

wylt L) = with + A w(t)

where ¢ indicate the indicates the current weights, and
t+1 the adapted weights.

The way the change 4 w2} is computed is described
by the learning algorithm.

NB: [ this course the first subscipt denctes the source
and the second the destination.

1141293 Syein Hordbotten 5

Figure 5: Learning model
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Adjusting the weights is done according tearning rule( Figure 5 ) The learningule

specifieshow the weighg of the network should be adjusted based on the deviations between
predicted and target solutions for the training examples. The formula shows how the weight from
uniti to unitj is updated as a function of deltaDeltaw is computed according to thearning
algorithmused. The first learning algorithm we shall study is the Perceptron learning algorithm
Rosenblatused( Figure 6 ) His learning algorithm learns from training examples with

Perceptron learning rule

1. Let x, and x, be 2 input values { contimious or binary) and
w, and w, the corresponding weights. Qutput y* is computed
with the weighted sum as argument in threshold function:
0 if weighted sum is <0
-

1 if weighted sum is >=0.
2. Perceptron learning rule:

w, (D= w; (O + niyO-y*10) x; (G=1,2)

1112199 J Svein Nordhotten 6

Figure 6: Perceptron learning rué

continuous or binary input variables and a binary output variable. Ifudg gte formula

carefully, wese e a c onst anleaningrateTheHearoiry rate sleternfines how big
changes should be done in adjusting the weights. Experience has indicated that a leariing rate
is usually a good choice.

The learning algorithm of Rosenblatt assumés@sholdactivation function. The first task is to
classify a set of inputs into 2 categories. The border between the 2 categories Imastlige
separablgewhich means that it is possible to draw a linear line or plane separatidg the

categories of ingt points.If we, asRosenblatt( Figure §, for example have input sources or
variables, the categories of input points can be separated by a straight line. It is possible to
prove that by adjusting the weights by repeated readings of the training examples, the border line
can be positioned correctfyFigure 7 )
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Converging Perceptron learning

Rosenblatt proved:

If the points in the input space are linerly separable in
2 classes, the Perceptron learning rule converges the
position of the decision hyperplane between the points
of the 2 classes.

11129 Swvein Mordhotten 7

Figure 7: Converging condition for Pereptron

At the time Rosenblatt designed his Perceptvdidrow and Hoffcreated another learning
algorithm. They called it thBelta Algorithmfor the Adaptive Linear ElememyDALINE
(Figure 8) In contrast to Perceptron, ADALINE usedlreearor sigmoidactivation function,
and the output was a continuous variable. It can be proved that the ADELINE algorithm
minimizes the mean square difference between prediotbtheget outputs. The ADELINE
training is closely related to estimating the coefficients of a linear regression equation.

Delta algorithm

Widrow-Hoff created the Adaptive Linear Element {ADALINE)
which has a neuron with a linear or sigmoid transfer function.

Delta rule, also called the Widrow-Hoft or the Least Mean
Squared (LMS) rule, is similar to the Perception rule but assume
continuos valued output variables and linear or sigmoid transfer
functions.

The Delta rule minimizes the mean square error (MSE) between
the computed and the target output values.

111299 Svein Nordbotten 8

Figure 8: The Delta algoritm

27


http://nordbotten.net/phproot/courses/nn/information/literature/literature.htm#Widrow 1960
http://nordbotten.net/phproot/courses/nn/sessions/session2/images/image8.gif

Non-linearly separable classes and multi -layer networks

We learned above that singkeyer network can classify correctly linearly separated categories

of input patterns. However, the category boundaries are frequently much more complex. Let us
consider the same input variablgsandx, , assume that the input space is divided into two
categories by nonlinear curve as illustrated Figure 9 It is not possible to construct a single

Non-linearly separable regions

1 Frequently, applications

\ requires decision regions
which are not linearly
separable. The may be
separated by a convex
curve or more complex

\ X, constructions.

|
T

B Such applications can not
be solved by a single
perceptron or a layer of
perceptrons.

111299 Svein Hordbotten 9

Figure 9: Non-linear regions

layer network which classify all possiblepint points correctly into categofyor B. A well

known problem which cannot be solved by siFglger networks is the Exclusive GOR
problem. It has only 2 input variableg,andx,, both binary. The complete input space consists
of 4 input points, 0,0), (0,1, (1,0 and (,1). Define category as composed of the inputs with
an uneven number dfs, i.e.(0,1) and (1,0), and categ&pf the inputs with an even number of
1's,i.e. (0,0) and (1,X)Figure 10 )In the XOR problem, one of the categories consists of two

The XOR problem
XOR has a Truth table:
i x: 0011
%0101
" 11 e
0.1 ; yv: BAAB
The XOR is the classical
example of a problem with
decision regions which
. can not be separated by
* * a line.
0,0 1.0 X,
L1/12r2% Svein Hordbotten 1
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Figure 10: The XOR problem

separated areas around hembers of the set of input points, while the other category consists
of the remainingnput space. Problems which cannot be considered as linearly separable
classification problems were discussed extensivelMingky and Papeiih their famous book in
1969

Multi -layer networks

XOR and similar problems can be solved by meamsudfi-layer networkswith 2 layers of
neurong_Figure 11 ) If the network is considered from outside, only the input points sent to the

Multi-layer networks

A network which has

W, Wy
11
X :
¥1 comnections between
. all neurons in each
Wig W
layer and all neurons
Wy Wiy of the previous layer
and no other, is called
X .
: Wy Wy

* ¥2 a completely
connected, feed-
forward network.

Layer 0 Layer 1 Layer 2
{input} {hidden) {output)
1171299 Svein Hordbotten 11

Figure 11: Multi-layer ngworks

network and the output values received from the output neurons can be observed. The layers of
neurons between inputs and outputs is therefore dakgddden layer®f neurong Figure 12 )

Hidden layers

The hidden layers are called “hidden’ because they are
composed by neurons which cannot be observed outside
the net. The outputs of the hidden neurons are always
input to other neurons.

There is one or more hidden layers in a multi-layer
feed-forward network.

The hidden neurons make a network able to classify data
in non-linearly separable regions.

1171289 Svein Nordbotten 12
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Figure 12: Hidden layersn multi-layer networks

Multi-layer networksMLN, also often referred to as the Mulyer PerceptronsylLP, havel

or more hidden layers. Each layer can have a different number of neurons:fArfesa MLN,

in which each neuron in a previous layer is connected to all neurons in the next layer, is a fully
connected network. Network will hadiferent properties depending on the number of layers
and their number of neurons.

Backpropagation learning

It is possible by trial and error to construct a miayier network which can solve the for
example the XOR problem. To be a useful tool, howewenultilayer network must have an
associated training algorithm which can train the network to solve problems which are not
linearly separable. Such an algorithm was outlined in the #87d@s in a Ph.D. thesis by
Werbos The implications of his ideas were not recognized before the algorithm svaented
about 10 years later and named lthekpropagatioalgorithm. It was made famous froneth
books byRumelhart, McClelland and the PDP Research GroEmure 13 )

Backpropagation adjustment

The most used training algorithm for multi-layer, feed-forward
Networks is the backpropagation algorithm. It is named
backpropagation becausge the differences between computed
output values and the target values are propagated from output
neurons backwards to neurons in previous layers to improve the
comnection weights during learning from training data.

The algorithm was first proposed by Werbos in 1974 . Later

it was reinvented, and made known by the Rumelhart a.o.
in the Parallel Digtributed Processing group in the 1980°s.

1112599 Svein Hordbotten 13

Figure 13: Werbos andhis proposal

The backpropagation algorithm can be regarded as a generalizatiorbedthh&ulefor single

layer néworks. It can be summarized 3steps as indicated Figure 14 The algorithm should

be carefully studied with particular focus on the subscripts! If you doaoage to get the full

and complete understanding, don't get to frustrated: the training programs will do the job. The
original algorithm has been modified and elaborated in a number of versions, but the basic
principle behind the algorithms is the same.
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Backpropagation algorithm

The BP algorithm consists of a 1) forward computation of

the output of all neurons and the output differences of target

< and computed output y followed by a 2) backwards computation
of the derivatives:

a. if ] is an output neuron:
5]':}’]'(1' Yj)$(dj-Yj)

b. orifj is a hidden neuron:
5=x(1- X°)*Z, 8wy (n)

and finally, 3) computation of the weight adjustment:
wilntl) = wy(n) + p*éx,

1141259 Swvein Hordbotten 14

Figure 14: The backpropagation algorithm

It is important to note that the neural network type we discussisorward networkswhile a
backwards propagaticor errors is used for training the network.

Measuring learning

Given a taining set of exaples withtasks and correspondingget solutions, we need to know

how well a network can learn to reproduce the training set. There are many wayessto¢he
success of learning. We adopt the principle to indicate learning success as a funaiemeflh

the network after training is able to reproduce the target solutions of the training examples given
the tasks as inputs. We use the méttean square errpMSE, or theRoot mean square eryor

RMSE, to express how well the trained network canodyce the target solutions. Because the
differences between target values and output values are squared, positive and negative errors
cannot eliminate each other.Higure 15, the MSE is defined for a single output variable. MSE

for several output variables can be computed as the average of the MSE's for the individual
output variables.
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Mean square error

How well a network is trained to recognize patterns can
be expressed by the mean square error:

MSE-Z! (v, -d /N

where v denotes the computed value and & the target value
for each of the /V output neurons.

111289 Svein Hordbhotten 15

Figure 15: The MSE metric

Training a network is aiterativeprocess. The #éiining set of examples is run through the
network repetitively and for each run a new MSE measurement is made. We can compute an
MSE error curve as a function of the number of training runs, and we want this curve to be
falling as fast as possible to a mmmum. We obviously want a training algorithm which adapts
the weights in such a way that the value of the MSE is decreasing to a mifiiangume 16 )

Error surface

If we have only 1 output neuron and 1 inputs, we can imagine
the mean square error surface as a function of the weight:

MSE

Global minimum

Local minimum

11z2m% Svein Hordbotten 18

Figure 16: The error surface and error minima

Unfortunately as indicated in the figure, when moving around in the space of weights, there may
be a number of local minima for the error function. Training methods, which follow the steepest
decent on the error surfadewn to the minimum, are calletieepest gradient decanethods.
Backpropagation is a steepest gradient decent méthiodire 17 ) When the adjustment has
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Steepest gradient decent

If a downhill skier iz surprised by fog and frost, he may want to get
Down to the bottom of the valley as fast as possible, and try to go
where the hill seem to be steepest.

The method of the steepest gradient decent uses the partial
derivatives of the MSE function to approach its minimum in
the shortest way. To be able to use the derivatives, the transfer
functions must have derivatives.

The steepest gradient decent principle is not the most efficient

in every case, but is used in many learning algorithms because
its simplicity. It iz used in the standard backpropagation algorithm.

1112799 Svein Nordbotten 17

Figure 17: The principle of the steepest gradient decent

lead to a point in the weight space which is a local minimum, other methods must be applied to
see if this is a local minimum or a global minimum.

Generalization

General experience indicates that avagk, which has learned the training examples effectively
(found a minimum on the error surface), is not always a network which is able to solve other
problems from the same population or domain as well. They may not be capabietalize

from the traning examples to problems they have not been trained on. There can be several
reasons for inability to generalize. For example, the tasks in the domain can be very
heterogeneous and too few examples are available for training, the examples used asdtaining
are unrepresentative, etc. The situation may be improved by drawing asme@sentativand
biggersample of examples. Since both the tasks and the target solutions are required, this can be
expensive.

Another reason can lwer fitting Over fitting occurs when a network is trained too much and
haslearnedo reproduce the solutions of the examples perfectly, but are unable to generalize, i.e.
the training examples have been memorized too well. Intensive training can reduce MSE to a
minimum at the samtime as the network's ability to generalize decreases. Methods to stop
training at an optimal point are required.

One simple approach is to divide the set of available examples with problems and target
solutions randomly int@ sets, one training set @onetestset. Theexamples of the training set
areused only for training. The test set can be used for continuous testing of the network during
training. Another MSE curve is computed based on the application of the network on the test
examples. When e¢hMSE curve for the test set is at its minimum, the best point to stop training
is identified even if the MSE curve for the training set continues to fall. If the training and test
sets are representative samples of problems from the application uriverpepcedure gives

the approximately best point to stop training network even though the MSE for the training
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examples is still decreasing. More sophisticated approaches based-knifackethods, can be
used when the number of available examples &llsm

Classification revisited

We have seen that the XOR problem cannot be solved by a-EggtenetworkFigure 18

indicates that a twdayer network can solvdassification problems for which the category
boundaries in the input variable spacediseonnectedlhreelayernetworks can classify input
patterns in arbitrary specified regions in the input variable space. These networks can also be
trained by the bakpropagation algorithm.

The XOR problem can be illustrated in relation to networks with different number of (ayers
Figure 19 ) The figure demonstrates thatedst a tweayer network { hidden layer) is needed
for solving the XOR problem. We shall design and train such a network later in the course.

Most of the problems we encounter can be solved by sjrigle- or threelayer networks. In
very special casabey may be handled better with networks with more hidden layers.

Types of decision regions

Networks with no hidden layer can form linear decision
regions in the space spanned by the input variables.

Networks with one hidden layer can form convex decision
regions in the space spanned by the input variables.

Networks with two hidden layers can form arbitrary decision
regions in the space spanned by the input variables.

Networks with three or more layers are not firequently applied.

1141299 Svein Hordbotten 12

Figure 18: Decision rgions
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XOR problem revisited
A |
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Figure 19: The XORregionsin single-, two- and threelayer networks

Exercises

a. Consider a set of married couples. Their marriage histories have baeedeeach

individual has either been previously been married or not. A social researcher want to investigate
if 'equal’ background is an advantage and wants to classify the couples into two groups: 1) the
couples who have an equal experience, i.e. botk previously unmarried or both had a

previous marriage experience, 2) the couples with unequal experience. Is it possible to train a
single layer neural netwolkvithout hidden layers) to classify couples into these groups?

b. The Mean Square Error (MSiS)used as a metric to express the performance of a network.
Alternatively, the sum of the absolute errors can also be used. What do you feel is the
advantage/disadvantage of MSE?

c. Read Chapter 2: Computing Methods for Simulating Intelligence, in Laairen

d. Read Chapter 8: Popular Feed Forward Models, in Lawrence.
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Session 3: BrainMaker software

Software

In the last decade many implementations of the backpropagation algorithms have been

introduced. There exist staiadone programs asel as programs included as a part of larger
program packages (SPSS, SAS, etc). There are commercial programs which can be purchased
and freeware programs which candmevnloadedrom program providers on the net.

In thiscourse, we use software frabalifornia Scientific SoftwareCSS(Figure 1) Information

Brammalker software

The two main components in the Brainmaker software from
California Scientific Software are:

» NetMaker, which is a pre-processing tool, and

* Brainhaker, which is the tool for training, testing and executing
neural networks. This program also performs certain post-
processing tasks.

Both programs are easily installed and have a number of useful
features. As a start only a limited number of functions need to be
used. We ghall uge the simple XOR problem we have discussed
previously as an introductory example.

Dec. 28 1959 Svein Hordbotten 1

Figure 1: Software

about the CSS imcluded in the sectioBoftware The software package consists of several
independent programs. We uef the programs,

o NetMaker
e BrainMaker

Note that theStudentverdon of BrainMaker has limitations as to the size of the network which
can be handled, and functional capabilities compared with the Standard and Professional
versions. If larger networks should be processedsthedardr theProfessionaversion of
BrainMaker is recommended.

The software for Windows 95, Windows 98, Windows NT 4.0 and Windows 2000, is compact
and distributed on a single floppy diskette. A sedgblicationexamples are also included on the
distribution diskette. A user should have fefagny, problems installing and using the software.
A manualfor the programs comes with the software. In the maBualthe applications on the
distribution diskette are discussed in detail. These applications can serve as models for
specification of natork training. Finally, the software package includasntroductory text

book, which givesa wider perspective on neural networks.
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NetMakeris a preprocessing program which processes ASCII data files to the form required by
BrainMaker.BrainMakeris a 1exible neural network program which trains, tests and runs data
files and also includes some useful analytical features.

You can install the software where you prefer. To make things as simple as possible, we assume
that the files are installed as reconmded in a folder named\BrainMaker. During the course,

and particularly when you study this session, you should have the BrainMaker software open
running in the background. You can then switch from the session to the programs to look into the
different features and back again to this text.

NetMaker

You will find details aboutNetMakerin the manual, ChapteBand9. Note that NetMaker is not

a tool for preparing data files, but for adjusting already prepared data files. Preparation of data

files can bedone by a number of text programs, as for example NotePad, or by some simple
spreadsheet programs such as EXCEL 3.0. Note that the more advanced spreadsheet programs as
EXCEL 2000 etc. producing application books éoldersare not suited for the prepéom of

data files for NetMaker. EXCEL 2000 can, howe&aye Asn EXCEL 3.0 page with the
extensionxIswhich is acceptable for NetMaker.

Double clicking the NetMaker program icon or name will display the main menu with:

Read in Data File
ManipulateData
Create BrainMaker File
Go to BrainMaker
Save NetMaker File
Exit NetMaker

SelectingRead in Data Filas the obvious start. NetMaker can read data files wdhand.txt,
extensionBinary, BrainMakerandStatisticsfiles. As already mentionetie¢ options also include
EXCEL files with certain limitation.

Note that some of the files you will want to work with awtfiles, but has other extensions.
Example are thetatistics filedrom training and testing which have the extensistsand.sta.
NetMaker is sometimes unable to recognize these as text files, and you must specify the option
Textin the menulype of filebefore you open these files.

The data file read is displayed with one column for each variable and one row for each example.
Themain toolbar contains:

e File
e Column
¢ Row
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e Label

e Number
e Symbol
e Operate

e [ndicators

The nex® rows in the table heading refer to tigpe of variableand to itsnamein the respective
columns. Note that by first clicking on the column name in thenskomw, we can go to the
Labelin the main toolbar and mark the variable type, for exanmplet, Patternor Not Used
and to rename the variable if you so wish.

Save NetMaker Fileonverts a usuatxtfile to a NetMakerdatfile. We shall return lateotthe
other alternatives.

The XOR problem will be used as an example of how to use the programs. We start preparing
the problem examples. Type th@ossible XOR training input points by means of Notepad,
EXCEL or any ASCII text processing program as iatkd inFigure 2 The result should be like

XOR-problem
NetMaker is not a data input program. NetMaker ig useful for
certain pre-processing tasks including the preparation of files
for the neural computing process.

Create the truth table, fex. by means
X;: Xz  Target: of Notepad,store it as a .txt file.

You can alzo uge EXEL . Nethaker
may have problems reading exel-files
from some versions. If so, copy the
table to the ¢lipboard and paste it into
Nethlaker.

[ = R ]
— = O
[ B e e |

Dec. 28 1259 Swvein Nordbotten 2

Figure 2:Netmaker

shown inFigure 3 When you have typed in this, save it as a text file and call theyiOR.txt
to distinguish it from the illustratioRORfiles in the sectioatafiles
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Notepad file — XOR.txt

& xo1.DAT - Notepad

File Edi Seach Help

Input Input Pattern

¥ y target
1] ] 5}
] 1 1
1 a 1
1 1 a

Use TAB to separate items on the same line when preparing the
Notepad text file. Read the file by Nethaker.

Dec. 25 1999 Svein Hordbotten

Figure 4: XOR as a Notepad file
This text file can be read by NetMaker from #ik2 menu and will be displayed as kigure 4

NetMakerfile — XOR.dat

Fite Columnn How Label Mumber Sumbol Dperate |ndicators

Input Input Pattern

x | Y Itargetl
;D 0 0
2 10 1 1
ERE 0 1
RN I —

The XOR file read by NethMaker will be displayed as above. Note that
type and name for each column is copied from Notepad. All date can
be manipulated in Nethaker. Select File/Store ag BrainMaker files
and exit. Go to File/Preferences, select Numeric display.

Dec. 28 1323 Svein Hordbotten

Figure 4: Netmakerodés presentation of the XOR

Now we can manipulate the data by the options offered by the NetMalggam. If you have

not done so, the most important specification is to assign the variabipsitor pattern

(remember thagpatternmeans output in BrainMaker terminology). There are many options in the
toolbar menus as we seeHimure 5andFigure 6 You will also find the files by clicking

Datafilesin the window to thedft. The list contains all the files we discuss.
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Advanced NetMaker Features

Read the BrainMakermanual, Chapter 3 and 9, about the more
Advanced features of NetMaker. Experiment with transferring

data from the XOR.txt or use one of the data files in the Brainhaker
folder.

Most important is NethMaker®s ability to create correct BrainMaker
files including the network definition file and a random subsamples
for independent testing of the trained network.

Another feature useful in case of a time series application is the

possibility to move a column one or more periods (rows) up or
down creating lag” or lead” variables.

Dec. 28 1999 Svein Hordbotten 5

Figure 5: More NetMaker features

Exploring correlations

NetMaker permits exploration of correlation between pairs
of variables. By copying the target column of the XOR.dat, we
get the following graph indicating perfect correlation.

Braimbakor/ N otMak et Bragh [-[0f=]

Strength
10000

08375 |

0.6750

05125

0.3500

01875 |

0.8250

01375

-0.3000 | |
Lag 10000 07500 05000 82606 0.000  0.2500  §5000  0.7R00 10000
Lag: -1.8369 Strength: -0.1711
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Figure 6: NetMakero6s feature

You can download the files to you computer by

e Open &aFile/New Filen Notepad

o Edit/Copythe wanted file inDatafiles to your Clipboard

o Edit/Pastethe file into the opened file
e Save the file with a name Iiile/Save As
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The trained networks may be slightly different from those displayed in the figures because they
are based on another initial set of weightd with a few variations to demonstrate the some
additional possibilities.

Usually it will be required to divide the data file irttainingand testing fils. NetMaker has the
optionFile/Preference®y which you can specify how you want the data filedcanly divided

between the two files. In the case of the XOR problem, training and test files are identical and no
division is needed. The mark kile/Preferences/Create Test Fitleust therefore be deleted.

In File/Preferenceshere are several other opt® The last row ibletwork Displaywith 2
options,Numbersor ThermometersDuring training, the first gives a continuatisplayof the
calculated variable values dhgital form while the second in@aphicafform. With less
powerful computers, it wasateresting to follow the development. However, with high speed
computers, the figures change fastto give any information. Default iEhermometerd
suggest that you try to udlumberswvhich is a less disturbing alternative. It is also possible to
turn thedisplay offin BrainMaker.

When data and specifications are ready, the material mastibertedo the format required by
the BrainMaker program. The conversion option is found in NetMak#ekCreate BrainMaker
Files. Since we usually specifip¢ variable types fdfile/Read Datawe can usually select
optionsWrite Files Now Your XOR problem is converted to a definition fieyXOR.defind a
training file,myXOR.fc{Figure 7) In most application, there will also be a test file. The test file
has the extensiomst All files can have different namebhedefault is to give the BrainMaker
files the same name as the NetMakkatfile. Use this conventiom this course.

BramMaker XOR.def file

i — This is not the complete
output muer 11 .def produced by Net-
: Maker. It has been edited
to contain the minimum

Fllename trainFacts DI\IGS\xer. Fot
Filename testéacts D:AICS\xor.tst

learnrate  1.08E0 constant

smathing 8.9000 definitions needed for

tostiel 04000 BM to train for solving
e the XOR problem and to

Function mutpet step 0-0008 1-004d B-eoub 1 0asd test the trained network.

display progress

displayol

U.:II; ‘:Pu:m ininan

Eé!?:"n..!r;.‘!?"i’m.m.. The definition file may be edited either by means

seate swput maxtan—— of Notepad or the menus of BrainMaker.

Diec. 28 15599 Svein Hordbotten 7

Figure 7: Brai Makerodos definition file for t

In the main toolbar, there are many possibilities for manipulating the dat&RidesShuffle
Rowsis important. In many NetMaker data files there may be embedeteds smallunits may
be in the beginning of the filigrgeat the end, and so on. To obtain good training conditions, the
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data should be well shuffled. Just before creation of BrainMaker files, it can be a good idea to
shuffle the data rowseveratimes. Note thatn a few applications, it is important to maintain the
initial order.

Another important preparation is the opt®ymbol/Split Column into Symbolhe term

Symbols is equivalent to Binary variable names. If you hasagegorica(coded) variable, say a
disease diagnosis with 10 alternative codes, the codes in the column must be converted to 10
separatenamed binary variableMark the column and click on this option. The option requires
that you specify how many categories exist and their names (NetMadkgive them default

names in case you do not specify your own). The expansion to binary variable is handled by
NetMaker when the training and testing files are created for BrainMaker.

The last NetMaker option we consideperate/Graph Columrirhisoptionoffers a

convenient way to visualize the content of a column. BrainMaker will produce statistics for
instance after each training iteration. It is frequently required to study the progress of the results
to identify the best point to stop the leagi Inspection of a graph can indicate the point we are
looking for.

BrainMaker

You will find the details of the BrainMaker program in Chapters 3, 10, 11 and 12 of the manual.
When opened, BrainMaker displays a rather empty interface with only one dpl&rn the

toolbar. In this, we findrile/Read Network FileThis option presents théefand.netfiles of the
folder c:\BrainMaket. You will look for a file of the first kind when you start a training task.
Training generates one or severadtfiles which you can use to continue training, to test or run

a trained network. BrainMaker accepts only th2gges of files as specification for training,
testing and operation.

The definition file is a text file which can be opened by any text progravotefad etc. It starts

by specifying the layout of the problem example. A definition file for the XOR problem is
displayed inFigure 7 The first line specifies th&br each problem in the training file, input is on

1 line and consists & elements while target output is on a separate line and consists of 1 single
element. The last line in the layout specifiehidden layer by the number of neurotisnore
hiddenlayers, each is specified by the number of neurons it contains. In our case, there is
hidden layer witl2 neurons.

The definition file for the XOR problem as produced by NetMaker is more extensive than the
one inFigure 7 The definition file illustrated in the figure has been edited to show a simpler
version. The definition file can be read and edited by Notepad according to your needs and the
rules given in thenanual. Take a look at theOR.dein Datafileswhich contains a third version

of the definition file for the XORproblem.

FromFigure 7you can see that there &itial specificationgequired:
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e input
e oOutput
e hidden

inputmust be followed by thg/peof input used, i.e. if the input @Ecture numberor symbol In

the XOR application, we usaumber Then the number ¢fhesandelementgper line follow. For
each example, we have 1 line wRlelementgthe x andy variables). The specification olitput
is similar. In our XOR illustration]. line with 1 numberoutput is specified.

Eachhiddenlayer is specified by the number of neurons contained in the layet. specified, a
defaultspecification is used.

Thefiles used for training and eventually testing must be specifietametrainfactsand
filename testfactare the keywords required. Then the definitions of several parameters follow,
the most impdant are:

learnrate
traintol
testtol

The parameters are setdefault valuesf not specified.

Thescale minimunandscale maximurfor input and output are identified by NetMaker. They
inform BrainMaker about theninimumandmaximumvalues for the idividual variables. They
are used fonormalizingall facts to internal values to between 0 and 1 for computations in
BrainMaker. This eliminates dominance of variables with large variation ranges.

The specifications can also be changed and modified yrtheMaker menusbut these
changes may not be saved. BrainMaker has a main toolbar with the options:

File

Edit
Operate
Parameters
Connections
Display
Analyze

These give a high degree of flexibility for use of the program. The most importamoat®
discussed below, but you are encouraged to experiment and get your own experience.

TheFile in thetoolbarincludes:
e Read Network
e Save network

e Select Fact Files
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e Training Statistics
e Testing Statistics
e Write Facts to File

The 2 first are obviosiand need no commenisle/Select Fact Filepermits file specifications
and can override the specifications written by NetMaker in the definitiofFigre 8)

BrainMaker ’select fact file’

In the FILE menu, select
Fact Files %] the option SELECT_FACT
FILE permitting you to speci-

% Read Traning Facts From: s ict Browse. oL
—— iy training, test and/or run

 Read Testing Facts From [wer tst Browse.. files for your application

" Read Aunnirg Facts From: Browsze. | ’

Bl AT Default will be the files
o Concel produced by NetMaker.

Dec. 28 1959 Svein Hordhatten 8

Figure 8: Select files

During training after each run (iteration), BrainMaker can generate statistics such as number of
good predictions, average error, root mean square error, correlation between predicted and target
values etc. IFile/Training Statsticsis selected, the statistics are computed and saved in a file

with a.stsextension. When a test run is specified, similar statistics can be produced and saved in
another file with extensiorsta The default names for the statistics files are theesasrihe fact

file name, and they are distinguished by the extension.

The optionFile/Write Facts to Fileoffers a possibility for each example record to write the input
variable values, the target variable value(s) and the predicted output variable)ualaefjle
with extensionout This file is required when network generalization should be evaluated.

We can postpone the main toolbar optitdit to some later time and continue with the
ParametersThe following options are used frequently:

e Learning 8tup
e Training Control Flow
¢ New Neuron Functions

The possibilities ilParameters/Learning setwgye manyFigure 9) From the previous session
we remember that thm of learning is to identify the weight point associated with the
minimums of the error curve or surface. If changes in weight®atdarge, there is a risk that
the
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BrainMaker ’learning setup’

¢

Liatring Sl
Loorming Flakn Tuning

In the Learning setup menu, you

- Laar Ak Sawolfing . . .
e e can set a static or a dynamic learning]
K |msm’i ] rate,and a smoothing factor. By
Expooscial  Swt |1 0D . . . R

i | & gpecifying relative comrections for
I ptomatctmaiicLaanise | B | — each layer {different learning rates),
Bk Srcotieg Facks; W Dl {1000 1.000 l . .
™ T Era Oy a large number of posgible designs
I Hemy Wights o Cancel

can be created and iried out.

You will also have the possibility to request training at the end
of the training set instead afier each individual fact, and special
treatment of heavy (large) weights.

Dec. 25 1992 Swvein Hordbotten E

File 9: Learning setup

minimum may be passed undetected. It is a general experthat a learning rate which changes
according to the learning progress is a better choice than a constant learningeatdearning

rate tunings often very effective. This tuning is based on an initial learning rate, for example
0.5, usedn thefirst stage of learning. As the network becomes more trained, the learning rate is
proportionally reduced to a specified minimum r&tetomatic Heuristic Learning Rats

another interesting and useful algorithm according to which BrainMaker will autadhat

reduce the learning rate if the learning progress becanmstable. Uséhe defaultconstant

learning rateset to 1 in the XOR application.

The next selection is tHearameters/Training Control FloiFigure 10) This menu gives

BrainMaker “training control flow’

Tassumg Contal Fows [x]

e This is another important menu.

e e TR IE It provides options for specifying

e | e 51 when a computed value should

e e be considered correct (tolerances).

Tnting while Tidirieg: - W

™ TesAde Es 0 Al . .

2 Tmm:fx :M n:: 'ETem\-ﬂ-lu Trairint .

- — & 7 | An option to to test the network

PrEm— — [ ~ | onindependent test facts during
]| e = training,

Finally, but not least important: In this menu you gpecify when the
traning should be stopped.

Dec. 28 1939 Svein Hordbotten 0

Figure 10: Controlling the training process
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another set of specification possibilities. The specificatiohotérancegives the option to

decide howaccuratdhe network computatits must be to be considered 'correct’. A tolerance set
to 0.1 means that the absolute difference between the computer output and the target value for
any variable must be equal or less than 10% of the target value to be considered correct. Since
we are cosidering output values eith@ror 1 in the XOR case, the training tolerance can be
increased t®.4. In applications with continuous output variables, it may often be necessary to
reduce default test tolerance frén4to 0.1

TheParameters/Training Coml Flow also offers the user control to stop the training process
subject to different conditions. Default is that training should continue until the network is able
to reproduce all outputs within the tolerances specified. Makecquainted witlthe other
stopping options. For the XOR application accept the default conditibfiraining Facts are

Good

The last training control flow option in this menuliesting While TrainingThis is avery
powerfulstrategy which we have already discussethe previous session. It permits us to

localize thebest point to stothe training to avoiaver fitting By turning this and the

File/Testing Statisticeptions on, the network applied on the test file casawedafter each

iteration. If the optiorBave after everyun has also been turned on, we can return to the network
version just before the best stop point, and train this network the necessary number of iterations
to the best stop point. After a sufficient number of training runs, the traingtggped and the

test RMSE inspected. Usually the number of training iterations needed to obtain the best network
can be identified. For the XOR problem, we do not need the testing since the training and testing
sets are the same, and we leave the markjagrss blank.

In Figure 11 Parameters/New Neuron Functiottsdetermine thectivationfunctions to be used

is shown. The sigmoid function is default, but it isyetb change to another activation function.

For the XOR task, we choose thigmoidactivation function for the neurons in the hidden layer.
This activation function could also have been used for the output neuron, the computed value of
which then could &ve been interpreted as an estimate of the conditional probability for an input
to belong to the category witimnequainput values. A low probability therefore would indicate
equal(0, Oor 1, 1) input variable values. To demonstrate the possibility ofgusiixed activity
functions, we choosesepfunction for the output neuron. This function will output eitber 1
representing th categories of inputs.
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BramMaker’'new neuron function’

BrainMaker opens for the possibility of
using different transfer functions within

Loy Tipe Low  High Coenter  Gan

- = the same network.
1 [sigrd_a]faow 1o [Joow 1
In the XOR-problem we can specify that
a sigmoid transter function for the two

neurons of the hidden layer while a step

ok | e transfer function in the output neuron.

“m e won

The specifications indicate that the the sigmoid function has

Low and High values approximating 0 and 1. The step function has
Low=0, and High=1. The Centered is default initial and is adjusted
during traning. The Gain specifies the steepness of the function,
and is only valid for the sigmoid function in thiz example. Defanlt
value (1) is usually acceptable.

Dec. 28 1999 Swein Hordbotten 11

Figure 11: Changing numbeiof layers

The next toolbar option ionnections/Change Network Sigkich permits us to change the
number oflayersandneurondn each laye(Figure 12) Check that the menu displaynputs,1

hidden layer witt2 neurons and output neuron. The menu also summarizes the number of
connection (weights) in the network. You may notice that there in addition 4opibesible
connections between tl2dnput sources and thiehidden neurons azmore. These are

connections to each die2 hidden neurons from a threshold input source which always emits
1's. For the same reason there are 3 connections to the output neuron, 2 from the respective
neurons in the hidden layer and 1 from a threshold input source. More about the threshold inpu
sources important for effective learning will be discussed in the next sessions.

BrainMaker ’change network size’

R =  The topology of the network can either be
gED & = specified in the .def file, or by means of
Mt ol iddomiwers -] 1+ the Network/Change network menu.

Laper Mo Connections Hm‘:‘

(17 S T —— |

TE_[ s In the XOR-problem the menu shown

2 E E indicaj:es. that there are 2 inputg, that the
m:;,.. PR nfetwork is not II“ecurrent, there is one

= e hidden layer with two neurons connected to

the inputs by 6 connections, and 1 output

connected by 3 connections to the hidden neurons. The menu
also shows that the number of hidden layers can be changed by
means of this menu,

Dec. 28 19599 Swein Hordbotten 12

Figure 12: Changing the size of the network
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The optionDisplayin the toolbar permits us to follow the training as it progresses. In the menu
we check thaEnable DisplayNetwork Progress Displaypisplay ParameterandDisplay
Statisticsare all markedNetwork Progress Displawill give as continuous picture of the

training progress expressed iRBISE graph, while th& other displays give numeric

information about theetwork parameters and continuously updated statistics for the training
process.

The last item in the toolbar Analyzewhich gives options for analyzing a trained network.

Training and testing

You are now prepared to start tiheiningof a network basedn yourmyXORfiles. Go to

toolbar optionOperateand selectraining. The training stastwith aninitial setof small random
weights. Because they are random, the training can develop different each time the program is
started. This is important to notéou will not always get as good results as your fellow students
(but sometimes better!).

The training progress can be observed on the computer disjdaye 13) BrainMaker was set

Training the network for XOR
¥ Brownblakor Prsinsronal MY Actelecabod [or def ]
Uniting 6:60:00 Pacts: xor.fct - Learn: 1680 Tolerance: B.106 BrainMaker let ¥ou
Fact: 4 Total: 284 Bad: @ Last: 1 Good: 4 Last: 3 Run: 21 . L.
monitor the training
progress by speci-

HIEE—— Aying display of
Network progress in
the Display menu.

0k
0.000 [ 1.000

1000 I — Two graphs are
&Y HPH continuously updated

The relative number
Foans 1 1o 200 shown of training targets

0,000 ;

correctly computed and RMS. The RMS is the root of the previously
discussed MSE. It is normalized to vary between 0 and 1.

Dec. 28 19599 Svein Nordhotten 13

Figure 13: Training for the XOR

to stop training when it had learned to predict the output values. The training was in the run
illustrated stopped after 72 iterations when all predictions were within the set learning tolerance.
NetMaker can display the graph in a nicer form as can be séegure 14 Remember to save

the trained network. It will receive the network name with the extensieh I did a second
modification from the BrainMaker menus, and trained the network. You can see the
specifications by reading XOR.net in Datafiles by NotePad. Reading this file into BrainMaker
will show that the training required 88 runs this time.
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The RMS can also be computed and plotted out after the training
has been completed by either using NetMaker or Brainhaker

to plot results from the training statistics file. Read XOR.sta, use
Option Operate/Graph.

Diec. 28 1999 Svein Hordbotten 14

Figure 14: RMS graphs

You should now have a network trained to solve the XOR problem. Since the training set covers
all possible XOR problems, it is unnecessary to test the trained network. Formally, we can,
however, test the trained network by copying théing file and give the copy the extension

st Click onFile/Select Filesand markRead Testing File Frorand type in the name of the test

file, i.e. myXOR.ts{Figure 15) Specify alsd~ile/Write Facts to Fileand you will get the input

Testing the trained network
EE—] Tf you have an independent test file,
(@ R e [ Swe | the generalisation ability of the trained
= i From: |n:-| oW
- MM@F'::FWI 2 :.m.. network cand be tested. In the 2{OR
* Foad Rureing Facts Fom Cikosd case all possible input combinations

o] o] have been used. We therefore use a
copy XOR.tst of the training file as
_ test file.
sy [orow oo
D,::,':::::," sustone| snin | v | | 10 be able to view each individual
e © oo output we specify the option to
(O s e Write facts to the output file named
[Farber | e Fach TaPi 1
o o e XOR. out. No changes in default
o settings are needed.
Diec. 25 1399 Svein Hordbotten 15

Figure 15: Testing the trained network

and the predicted output for each of the records in the test file. Testing is done by selecting
Operate/Test
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Evaluation

Results fronthe XOR exercise can be studied by means of NetM&kgure 16) From the
figure we can see that the network solvedipgssible input problems perfectly.

Test result file — xor.out

The test can be run by BrainMaker
F';-Cts--” Sexrch Help reading the trained net stored in the
R 1 XOR.net file, specifying as the pre-
H o vious page indicated, and selecting
b ;2 Operate/Test network.

;

3 o The test takes a second and the
P results will be stored in XXOR.out.

0 This file can be examined by using

NethMaker, or any other program
for reading and displaying ASCII symbols. In the attached illustration,
Notepad was used. The first row of each fact shows its number, the
next row shows the two input values and the last row display the
computed results. The results can easily be verified as correct.

Dec. 28 19599 Swein Hordbotten 18

Figure 16: The output file

BrainMaker permits us also to study the weight matrices as shawgure 17When a network

Weight matrix — xor.net

weights 3 1 2 2 1 The first line of the matrix has
0.8284 -0.0394 -0_4266 the parameters: layers, threshold
-2.2252 2.6948 -2.5212 neurons, neurons for each layer.

The inputs are considered as a
7.146h  B.2142 -2.8616  geparate layer in this context.

The 2 first weights in each row of the matrix are related to the
connections from input sources/neurons of the input/previous layer,
the third weight is a trained threshold value The 2 first rows of the
matrix are connected to the two hidden neurons, while the last row
is connected from the hidden layer to the output neuron.

Dec. 28 19599 Swein Hordbotten 17

Figure 17: The weight matrix

diagram is prepad with weights assigned to the connections, it is possible to visually study how
the network handles the XOR proble(Rggure 18) The?2 threshold neurons can k#entified.
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XOR-diagram with weights
The threshold

will always ™
emit 1.

K4 Output will

g be 1 if sum
The mputs 0.0284 — ofinputs O
will either be or positive.

lor0 \

Dec. 28 1559 Swein Mordbotten 18

Figure 18: The XOR solution

One is at the top of the figure emittihgdtesthe2 hidden neurons. The second is at the bottom
of the network and emitbs to the output neuron. The trained weights associated with these
neurons correspond tbe thresholds of the receiving neurons. It can also be shown that these
thresholds play the same role as the constant term in a regression function.

There are many more features of BrainMaker not included in our discussion of the XOR
example. BrainMakeunses for example extreme values to transform the actual values with wide
ranges to internal values betweé&randl during processing. After training, testing or

operational runs are finished, the resulting output values are transformed back to thieir actua

Scaling in BrainMaker

Nethlaker identifies the minimum and maximum of each
input and output, and specifies these in the definition file.
The minimum and maximum series can also be derived by
BrainMaker if the fact and definition files are constructed
manually.

The min-max specifications are used to scale the facts in

such a way that the variables are all varying within the same
range. By scaling the facts, the range of the weights will also be
normalized.

If target variables are scaled, the output variables must be
re-scaled before use. This is done automatically by BrainMaker.

Dec. 28 19599 Svein Hordbotten 1%

Figure 19: Scaling
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variable rangé¢Figure 19)

A summary of additional features of BrainMaker are liste@Figure 20) Some of these features
will be discussed and used during the course.

Advanced BrainMaker feature

Here are a few important features not used in the XOR-example:

Adjusting learning rate.

Adjusting smoothing factors.

Reduced adjustment of heavy weights.

Modify size of network while training,

Prune a neuron from a hidden layer and continue training,
Testing when training,

Setting of stop rule.

Prune zmall connections.

Analyze network.

R AR

Dec. 28 1999 Swein Hordbotten 20

Figure 20: More BrainMaker features

Exercises

a. Before you start on the next sessiontall the software and make yourself aagued with at
least the2 programs we use in this course. Since you will be using them frequently, it may be a
good idea to createhortcutdor the programs handy on the desktop. Do not be afraid of
experimenting with the programs and the data files. d@ualways return to the original files by
downloading the files from the distribution diskette. You can also click on Datafiles in the
window to the left, select and click the files you want to see from the list.

b. Start upNetMaker and click oifrile/Read in Data File You will get the content of the
BrainMaker folder in response. Select the dataviildgets.datYou will get a NetMaker table
with 30 data rows and2 columns in return. The data have been prepared for conversion to
Brainmaker format. Thiast column is obviously the target/output/pattern variable. Inspect the
different optiondn the toolbar, but do not make any changes. Finally, you canFil@iCreate
Brainmaker Fileand answeWrite File Now You will get a warning that the files &xi You

may cancel the process, but damagés done if you respon@verwrite

c. NetMaker produces 3 filegyidget.defWidget.fctandWidget.tst which are thelefinition file,
thetraining fileand theestfile, respectively. StaflotePador anothe ASCII reader, andpen
c:\BrainMakeik Widget.deflt shows the form of the network definitions. Make a copy and save
it underanothemame, for examplgV.def Try to make differenthangesn Widget.defn

Notepad. You may delete all dictionaries, namtes until you are left with input output, hidden
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layer, filenames, and minimum and maximum specifications. Save the file after your
modifications

d. Start Brainmaker and clidkle/Read Networko loadyour modifiedWidget.defile (or

W.def). ClickOperae/Train NetworkDid it train? How manyraining runswere required to
learn the examples of the training file? | @2 Comparewith your colleagues'’ results. If you
load the definition file once more without saving the trained network, and theagaimyou
may get another number. | gbt7. As already explained, the weight matrices are initiated with
small random number which give the network a new starting point each time it starts.

e. StudyChapter 1, 2 and ia the BrainMaker User's Guide anéfRrence Manual.

f. Read Chapter 10: Neural Network Design Process, in Lawrence.

g. Read Chapter 11: Data Preparation, in Lawrence.
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Session 4: Survey of applications

Classification and regression problems

The application domain for neural meirks is extensive. Grouping similar applications in types
helps to profit from previous experience when you are required to design new applications. It is
usual to distinguish betwe@main types:

e classification problems
e regression problems

Figure 1lists examples from the two application types.

A data classification task is characterized by a set of records which should be assigned to one of
a set of predefinedategoriedbased on the content of the records. The content is a set of variable
values. In some applications, there are only few categories, mingntanwhich a large number

of inputs should be assigned. We have already met and solved one classifisktioine XOR
problem. From the list ifrigure 1 we recognize other similar classification problems. Examples

Applications
Classification problems: Regression problems:
* Logical classification » Data mining
» Pattern recognition » Data imputation
* Voice recognition * Seasonal decomposition
* Music recognition * Prediction of contests
* Medical diagnosis » Autocorrelated series
* Generic diagnostics * Simultaneous predictions
* Data editing + Financial predictions
* Quality control * Value assessment
» Weather forcasting
2710100 Svein Hordbotten 1

Figure 1: Examples of NN applications

frequently wed are classification of a set of medical records syithptomsof illness in
categories as records for serious and less serious cases, classification of a set ofudigitized
representations into a category for male and an another for female \wiesergations.

A typical application isjuality controlin mass industrial production. The input is a set of

recorded characteristics reflecting product quality for each produced item. Each item record must
be assigned either to a bin of acceptable itenme a bin of rejected items because of bad

quality. In real applications, the classifier, in our case the neural network, can be build into a real
time system o8 parts which the items moves through in sequéasbby 1971] The first part is
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the sensory component observing the items when they pass, the second part is the control
component deciding which @fbins each item should be directedand the last part is the
physical opening of the door to the decided bin when the item arrives to this component.

In other applications, the number of categories may be large. The extreme case is one class for
each input, i.e. we require unique identifioatof each input. The identification of individuals

by theirfingerprintsserves as an example for this kind of problem. Different kinds of problems
are discussed in the statistical theory of classificdbarda and Hart 1973]

Formally, the classification problem can in our context be stated as indic&tieghia 2 In

Classification problems

Let:

* x be avector of 72 variables which may be integer or
continuous valued, and

* v a vector of # variables with values & or / constrained by
condition = y, = /.

* w is a set of weights (parameters).

Classification is application of a function (a set of rules):
¥y =F(x; w)

The curse of dimensionality: Possible points in the n
dimensional space of x increase exponentially with number of
variables. To design complete mapping rules or specify F will
be prohibitive even for a moderate number of variables.

270100 Swein Hordbotten 2

Figure 2: Classification

theory, the set of categories is represented by a binary, category vector with one element for each
feasible category. The sum of the vector elements should therefbr&aeh permissible vector

has one and only erelement with value 1 indicating the class to which the input should be
assigned. All other elements have valO0eEach item to be classified haopertiesepresented

by another vector (corresponding to the inputs) which can comprise discrete as well a

continuous variable. The rules of classification can be imagined as a mapping from each possible
vector point to one and only one class vector.

Another formulation, which is more effective when using NN is that we search for an output
vector with contimous variables values in the rarg® 1. The variables are defined as the
conditional probabilitieshat the associated categori@se the correct assignments given the

input vector pointBishop 199%

In the previous session, the XOR problem was solved by traininglanygti neural networks.
The XOR problem is a special case of a general problem, referred topasithproblem(
Figure 3) Increase the number of elements in the binary input vector from 2 to an arbitrary
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number. The problem is to assign all input vectors containing an even nuniltsetooflass A,
and all vectors containing an odd numbet'sfto class B. It can be proved that a ralalyier
networks can be trained to solve any parity problem.

Logical classification
Minsky and Papert proved that the parity problem:
/it number of /s is odd
bth+..= {
O if number of /°s is even

Where b’s are a binary varibles, known as XOR problem in the
b+h problem, camnot be solved by a Perceptron.

Even though it is easy to design a simple counting algorithm

which solves the problem, it requires a complex network with
a layer of hidden neurons to train and solve the problem.

270100 Svein Hordbhotten 3

Figure: Regression

There are other more effective ways to solve the parity problenpdiheis here to prove that
multi-layer networks can be trained to solve complex classification problems.

Pattern recognition

The most known application domain for neural networks is probably pattesgnition(Figure

4). The pattern recognition applications vary from training a neural network to uniquely identify
each individual in a set of photographic images, to training a net to classify individuals in a
popuktion by gender based on pictures. Humans have a fantastic ability to perform pattern
recognition without being able to give a comprehensive explanation for the 'rules’ they use. We
have usually no problem to distinguish between pictures of a 'cat amd Buddry to set down

the rules you use for a rulmsed computer system.
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Pattern recognition

Pattern classification is a *classical’ NN application. The inputs are
images and the purpose of the recognition is to identify patterns of
important characteristics in the images. The first step will be to lay a
grid over each image assuming that the content of each rectangle is
homogenous as to color. A high resolution (number of rows.columns
of the grid) will give a vizsually more aftractive image to the human
eye than a low resolution.

However, a lower resolufion maintaining the characteristic pattern
of the image may be more efficient for recognition purposes than a
higher resolution which disturbs the process by unimportant details.
The optimal resolution will depend both on the images as well as on
the purpose of the recognition.

2701 Swein Mordhotten 4

Figure 4: Pattern recognition

Another frequently investigated applicatiorcisaracterecognition. Also in this field, the tasks
vary from the very simple to the complexsAngde application is the recognition of decimal
digitsin a standard form, while the mastallengings the recognition of letters imndwritten
messages. The approach to solving these tasks is to create an image for each character, divide
each image intoamponents by grid. Each grid cell corresponds to a pixel of the image and is
represented by an input variable. In the case of a black and white image, each pixel can be
represented by a binary variable with oBlyalues, ‘white’ or 'black’. If the imagas colors, a
categorical variable will be required for each pixel with as many codes as there are different
colors.The whole area represented by the pixel is considered to have the same color. The
resolution the amount of detail or number of the pixeted in the application to represent the
input character, is an important factor. High resolution means that details are preserved in the
image, but it also means that the number of input variables is large and resource consuming,
while a low resolution des not preserve as much information but is cheaper to process. It is
important to find a good balance between the requirements of details and resources.

Much development is being donedommunicatevocally with computebased systems. To be
able to do spa component, which can convert analogues v@mpealsto a digital representation
is needed Figure 5) Simplified, each word has its own sound pattern. Newtabarks have
been trained to recognize a limited number of different words and used in different voice
applications.
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Voice recognition

A sound can be described by its frequency, amplitude and duration.
A human sound in speech (phoneme) can be described by a pattern
of sound frequencies, amplitudes and lengths. Each word has itz
general pattern even though it may vary according to how it is

pronounced and by whom. .
. In a NN for recognizing phonemes,

each phoneme pattern may be rep-
MM /\ /\ /\ /\ resented by a multiplum of the 3
Sound variables and unique pattern

U “‘H‘V\'v \/ \/ \/ \ identifier on the output side.

An analog pattern of speach ag
Tlustrated, can easily be digitalized.

o p— -
High  High Low frequency,
amplit.  frequency  Long duration

270100 Swein Hordhotten 5

Figure 5: Voice recognition

Related to the voice recognitionrigisicrecognition. Digitized music has become usual and
conversion fromanalogue to digital form is unnecessary. Neural networks can be trained to
recognize different features in music by certain composers, from different time periods and
regions, and from different categories of mysigure 6) These networks can for example be
used to help identifying unknown pieces of music.

Music recognition

In its simplest form, a melody can also be represented by a sequence
of notes, each represented by a few variables as its pitch, duration, etc.
A sample of melodies can be represented as input vectors with the
specific variable values for each melody. A NN can be trained to
recognize the features of each melody or melodies of different
composers. Each composer can be assigned separate target variable.

The NN may be trained to classify each melody by composer, and if
it has been successfully trained, it may be used to assign unidentified
melodies to a composer assuming he/she was represented in the

training sample.

We have disregarded problems as varying length of melodies, etc

270100 Svein Hordbotten ]

Figure 6: Music recognition
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Diagnostic tasks

Producing aliagnosisbased on a set of symptoms is simitaatclassification problem. Many
medicalapplications of NN are associated with diagnostic applicafieigsire 7) A generic

Medical diagnosis

The objective of the medical application in the tutorial of
BrainMaker is to predict the length of stay.

Another application iz diagnoses of diseazes based on symptoms.
The problem is also a popular application of expert systems. A list
of symptoms, fever, coughing, headache, stomach pain and so on, is
represented by variables in the input vector. These variables may
include continuous variables as degrees of fever, and categorical
variables with categories *no cough®, *moderate coughing’, *heavy
coughing’. A list of diseases is represented by an output vector of
binary variables with *0° meaning that the dizease variable iz not
diagnosed and *1° that dissease is diagnosed.

270100 Swein Hordbotten 7

Figure 7: Diagnostics

diagnostiomodel can, however, be relevant in a number of applications such as finding the
causes of a car which has stopped, a computer which is malfunctioning, etc. in . Using a trained
neural networknodel,the output variable values can be interpreted as probabildr the

different tiseasegyiven an input pattern afymptoms/observed abnormalitieBigure 8)
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Generic diagnostics

The medical diagnoses NN can be considered as one application
of a generic diagnosis network. The generic diagnosis network

is characterized by an input vector of continous and/or discrete
variables, neurons organized in several layers, and an output layer
with variables representing each of the feasible diagnoses. The
output variables in the generic network can be continuous variables
bounded by 0 and 1.

It can be proven that if sigmoid transfer functions are used, and the
backpropagation algorithm {(minimizing a sum-of-squares error
function) i applied for training, a network trained with correct
output values, i.e. 0 and 1, will produce estimates of posterior
probabilities in the Baysian sense.

270100 Swein Hordbotten z

Figure 8: Generic diagnostic networks
Quiality control

We have already mentioned above thatlity controlis another facet of classification. A non
industrial quality control application is screening and detecting errors imegtaals.To

maintain a high level of information quality, data collecting/recordirggnizations spend huge
amounts of resources t@tectandcorrecterrors in recorded datgure 9 Neural networks can
be trained to screen the data, classiffn@acord as acceptable or suspicious, and correct
rejected values with more probable.

Data editing

A very important application of NN classification is *editing’of large
masses of observations which may include errors. The purpose is to
classify each observation as either *acceptable’ or *suspicious’.

The approach is to subject a small random sample to an ideal method
of observation which gives accurate observations, but is expensive,
as well as to the ordinary method which may give erroneous
obszervations. A network is trained on the sample observations to
classify observations as *acceptable’ if both methods gave the same
results and as *suspicious’ if results were different.

The trained network is then used to classify the remaining observations,
The class *suspicious® can later be subjected re-observation.

27m100 Svein Hordbotten 9

Figure 9: Data editing
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An even more intriguing task is to detect grammatical errors in texts. It is usually implemented
by means of rukbased systems, but humansitdasually on an intuitive basis. Can NN learn to
do it in the same way?

In quality control applications, there areksfor making?2 types of errors

e Type 1 errorprocessing gooditem as being bad,
e Type 2 erroraccepting daditem as being good,

as indicated irFigure 10

Quality control

The data editing can be considered as an application of a generic
quality control network testing the hypothesis that both methods
give the same results. We get the 4 situations:

Test situation
Test conclusion Hy: True Hy False
) Correct obhservation Type 2
Hy: Not refected correctly classified classification error
_ Typel Incorrect ohservation
Hg-’ RQJQCde classification error correctly classified

Type 1 error: Correct obgervation incorrectly classified
Type 2 error: Incorrect observation incorrectly classified

270100 Svein Hordhotten 1

Figure 10: Quality control

Within a constrained budget, we can reduce the risk for Type 1 errors only by increasing the risk
for Type 2errors, and vice versa. It is important to consider which is the more important and
adjust the classification to the specific application.

Regression problems

Theregressiorapplications are different from the classification tasks. In regression ajgpig;at
the objective is to find the most likely value within a continuous range of values given a set of
input values. In most applications, only one output variable is relevant. A typical application is
assessment of the saledueof a property given thproperty size, location, etc. as input
variables.

In other applications, the output set can consist of several variables. In addition to expected sales
value, the number of interested buyers, the expected time before a contract is signed, etc. are
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other elevant output variables to predict. Imagine an application in which the height and weight
of a missing person is requested by the police, but for whom only a photographic image is
available. Is it be possible to train a neural network to estimate theatwes from the image?

The regression problem is expressed formallyigure 11 The notatiorEy is borrowed from

estimation theory. It symbolizes the average @alfy given the set of input values if we could

make a large number of replicated observationsanid its associated input valueur

regression problem consists in training a neural network in such a way that the network generates
the best predictiass ofEy givenx. The similarity to the statistical regression is obvious.

Regression problems

The second type of NN applications is characterized by:
* x a vector of continous/discrete input variables,
* v a vector of continuous target variables,
» w a matrix of weights.
Regression is application of a function:
Ey =F(x;w)
The purpose of the regression function is to give the expected values
for v given the values of x. The challenge is to find the w which gives
a satisfactory approximation to the expected values of v.

270100 Swein Nordbotten 11

Figure 11: Regression application

Data mining

Data mining has been used ag a term describing explorative
analysis of large data sets (frequently stored in data warehouses)
with the objective to identify hidden relationships among the
variables in the set.

NN is one of many tools for data mining, Imagine a set of data
records each with values for variables in a vector z. Initially select
the first variable as atarget variable and train NN with the
remaining as input variables. Rotate the variables as target variable
and train. Study the results to see if there is any indication of
relationships.

270100 Swein Hordbotten 12

Figure 12: Data mining
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Regression equations are one type of relationships data mining tries to identify, and one of the
most important tool fiothe search of such relationships in data sets is neural netigickse

12)

Data controlled was discussed above as a procedure to classify data recoraepieriand
suspicious data records. What can be done with the suspicious data records@dtbothdas

well astargetvalues exist for a sample of observed objects, we can try to train a neural network

to predictless suspicious values from the accdptata record§ Figure 13) Success depends on

the existence of a relationship between good target values and the associated input values. If the
relationships cabe identified and estimated, computation of improved output values may be
possible.

Data imputation

What further processing can be done with the suspicious
observations rejected in a data editing application? If we are in

a position to identify a subset, x, of the variables z in the data
edited, and the values of the x-variables can always be considered
correct, then there is a possibility for imputing new data values
for the other variables denoted y-variables.

One approach is to use the set of accepted observations to train a
NN to predict the values for y-variables using the x-variables as
input variables. The trained NN can be used to compute imputed
values for all y-variables in the set of observation rejected by the
data editing application. The observed values of the y-variables
are finally substituted by the imputed values if the differences
exceed preset thresholds.

270100 Swein Hordbotten 15

Figure 13: Data imputation

Neural networks applied on time series

Time series is another interesting application field for neural networks. One reason is that very
often there are strong but hidden relations among different time series which can be used, for
example for prediction of future development of a series. Analysisiimieaseriesfor instance a
monthly series of consumer prices, frequently assumes thadriee s composed by several
componentg Figure 14) A neural network can be trained on historic time series with

decomposed components and later used for preditte decomposition of future time series

values. This is important when it is necessary to decide if a change in the time series is caused by
the season, or byraalchange in the development. In this kind of application, the time series and

its componats are target variables while year, quarter, month and day are input variables.
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Seasonal decomposition

In timeseries, there are frequently a seasonal component, i.e.in
measurements of temperature and prices of vegetables. Special
algorithms have been designed for decomposing the series into
a seagonal component, a trend component and an erratic component:

y(t) = a’.x+z(t)+ e(t)

where ais a vector of 12 unknown constants, x is avector of 12
binary variables (Zx=1), t is a a time variable and

e is an erratic variable with a 0 expectation. A NN network may be
trained to predict the value of ¥(t) with x and t as input.

The trained network can be applied to compute the twelve seasonal
constants clamping in turn one of the elements of x to 1, the

remaining equal and t equal to 0.
2710100 Svein Hordbotten 14

Figure 14: Seasonal decomposition

An alternative approach is to traametwork to recognizautccorrelationin a time series. Auto
correlation implies that each termthe series is related to previous terms, i.e. that the series is

generating itselfKigure 195

Autocorrelated series

In some time series, the next time value can be assumed to be a
function of current and/or previous time values:

y(t+1) = F(y(t), y(t-1)..) (a finite-state machine)
NethMakers data correlation identifies the correlations between
v(t+1) and y(t-7) as a first step. When the important lags are

determined, a NN can be trained to approximate complex
autocorrelation functions.

270100 Svein Hordbhotten 15

Figure 15: Autocorrelated series

The most promising approachtisie series which are assumed to be partly determined by auto
correlation and partly by the development of other time series. In complex systems there can be
several target variables which are determined by a set of input variables. The network can then
bespecified as aimultaneouprediction modelKigure 16.
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Simultaneous predictions

In many research areas, the hypothesis to be investigated must be
represented by several simultaneous relations becanse of mutual
interactions among the variables:

£(v, ¥, %,.%X,;a)=0 (i=1,...,n.}
If these can be expressed in a form with all endogenous variables at
the left side as functions of the exogenous variables:

vi=g (%, . ..X, W) {(i=1,..,n}
it iz obvious that this iz a candidate for application of NN. There are
2 problems. First, as usual it may be impossible to train the net to a
satisfactory degree. Second, if estimates of the structural parameter
vector a is required, the transformation of the weights w to a may
be impossible or difficult.

270100 Svein Hordbhotten 18

Figure 16: Simultaneous predictions

Other applications

Financialapplications are popular, if not alwsaguccessful taskgigure17). Applications range

from predicting the success of companies based on their past history to predicting the
development in the finarad stock marketAlso government authorities have considered neural
networks as an interesting approach to solve some of their tasks. Assessing property values for
taxationpurposes is one such applicatigigure18). Training neural networks to evaluate how
much the individual tax declaration values can change from one year to the next without being
suspicious is another application.

Financial predictions

There is a history of more or less successful successful NN
applications on financial data. One study was aimed at predicting
bankruptcies of companies for which annual accounts were available
for a series of years. The researcher experimented with different NN
models as well as statistical multivariate models.

An important lesson from this study was that the model can easily be
too complex and disturbing the effect of the features which
contribute to the wanted explanation. This is not the overfitting
problem, but the problem of avoiding disturbing noise variables.

A second lesson was that explaining the chain of effects through the
model is much easier based on a linear multivariate model, than based

on a non-linear NN model.

270100 Svein Hordbhotten 17

Figure 17: Financial predidions
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The meteorologists have shown interest in neural networks. Their task is typically a simultaneous
prediction of severaleathewariables based on historic time series for the same and possible
additional variablegFigure 19) One student made an interesting study based on historic
meteorological measurements for the Pacific.

Value assessment

Tax authorities have studied the possibilities to apply
NN networks to assess the value of properties.

The problem is very similar to the sample case in Ch.6 of
the Brainmaker manual, except for the fact that the tax
authorities do not need to worry about making incorrect
assessment. They can simply say that the computed values
is the values to be used for taxation purposes.

270100 Svein Nordbotten 1z

Figure 18: Value assessment

Another student was interested in robotics. He imagihata robot car driver, and assumed that
the robot must be able to recognize traffic signs. He trained a network to recognize such signs
based on pictures of the signs.

Weather forcasting

NN may be an interesting tool for an ameatur meteorologist.

Let ¥, (t+1) and ¥, (t+1) be the temperatur and precipitation
tomorrow while v, (t) and y, (t) are the values today, and x(t)

are avector of today’s values of other relevant factors such as wind,
clouds, etc. The model is:

vy (D) =1 (v, (1), ¥, (D), x(1))
¥ (tF1) =1, (v, (1), ¥; (1), x(1))

Meteorological data are easily available, and alternative neural
networks for predicting v, (t+1) and y, (t+1) may be trained and tested.

270100 Swein Nordbotten 1%

Figure 19: Weather forecasting
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Steps in developing a neural network application

In Figure 2Q the main steps required for solving a problem by means of neural networks are
listed. As we shall learn in the next sessions, each of these stepsstdgrdivided into a number
of details which have to be considered.

summary
All the previous examples of NN applications require these steps:

1. Specify the purpose of the application precisely.

2. Identify the target variables and check that data for the variables
are available.

3. Identify the input variables and check that available data are
compatible with the target data.

4. Select the number of layers, the numbers of neurons, the transfer
functions and the rate of learning for each layer, tolerances, stop
criteria for the training, and other training parameters.

5. Divide randomly available data in training and test sets.

6. Train and test the network(s).

270100 Swein Hordhotten 20

Figure 20: Summary

Exercises

a. Go to the&section on literaturand see if any of the applitan oriented titles are available in
your library. Select one you find interesting, and try to make a design for an experiment
including collection of data, recording data in a form which can be read by NetMaker,
specification of the network you think Wie suitable including the setting of a definition file. If
no literature is available, you have the introductioNéorral Networkdy J.Lawrece which

was part of the software package

b. Read Chapter 7 in the BrainMaker User's Guide and Reference Manual. Selecilie Tic
Toe example and study it carefully. Note that the the network is not trained to play, but to
evaluate moves. To which extatfid it follow the pre described rules for specificatiorrigure
20?
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c. Activate your NotePad and read WieTac.defile from the BrainMaker folder or click otie
Datafiles in the window at your left hand. Check all the specifications. Note thatthare
included in thedefinition file and not a separate file as in the XOR example you studied in the
last session. When the fact filesisiall, it can be be#r to have everything in one file.

d. Load BrainMaker and read the&Tac.defile. Train the specified network and study the
results. It is not the game itself which is interesting, but how the network is trained to learn the
examples in the implicit fadile.

e. Study theéptical Character Recognitioexample in Chapter @f the BrainMaker manual.
Consider thelifferencedn the specification of the XOR problem and the OCR problem.

f. Read Chapter 11: Data Preparation, in Lawrence.

g. Read Chapter 12:dvanced Design Topics, in Lawrence.
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Session 5: Formal description

Top-down description

In this section, we summarize the fdedward neural network in a formal description. We use a
top-down approach, which means that we take the naetalork discussions from the previous
sessions as a starting point and proceed to the détamjis€ 1. As in objectbased system

theory, the description can bertk by classes of objects. For a C++ ob@anted discussion,

seeRogers

Top-down description

Neural networks

N

Structures Procedures

Svein MNordbotten 1

Figure 1: Top down approach

We start by describing data structuoé®bjects. There ar@network types of objects which we
will distinguish in our descriptiorHgure 9.

Types of objects

Connections

Svein Nordbotten 2

Figure 2: Object types
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Sets of data

It is convenient talistinguish between the 5 sets of data as indicatedyure 3even though

Sets of data

Input data records
Target data records
Output data records
Example data records

Evaluation data records

Svein Nordbotten 3

Figure 3: Data sets

they are overlapping. Theput datacan be considered in a widernse as the problem we aim to
solve. The 'problem’ may be a picture we want to identify or classify, or a set of numerical
variables, for instance the measurements of a property, which has a mapping to a value set from
which we seek the correct value. Tihput set is subdivided into records. Each record is

associated with some problem object. Usually an input record comprises several variables (

Figure 4.

Input data records

Records with scaled

« categorical variable values and/or
* continuocus variable values

Sven Nordbotten 4

Figure 4: Input data
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The input set is denoted by
X =({%)
where thd refer to the input variable arkdo the record number.

Thetarget dataecord is the solution, identification, classification category or property value we
search. If we want a mappingdacontinuous variable as a property value, the target record can
consist of only one single variable. If we want to classify, a neural network works with

categorical target variables. Each category has a unique name, and each name is transformed to a
binaty variable with O or 1 as the only 2 permitted values. A categorical variable therefore are
transformed to as many binary target variables as there are existing categories.

In some applications, we may have several continuous and/or category targe¢vafiablnet
is then performing simultaneous mappkigure 5 The target set of data is referred to by:

Y=}

wherej is an index for the output variable. Iftte is only a single output variable, the subscript
is dropped.

Target data records

Records with wanted scaled

+ Categorical target variable values and/or
+ Continuous target variable values

Swein Nordbotten 5

Figure 5: Target data

The third data set consists of computedbut dataecords Eigure §. Theseare in format like

the target data records, but contain the result of the mapping done by the network. Ideally, we
would like to have networks which produce output records identical to the target data records. As
we shall see in later sessions, we haveetgatisfied with output data records which deviate from
the target data records within gget tolerance limits. The output set of variable values is denoted

Y'={yi“}.
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Output data records

Records with computed scaled

* Categorical target variable values and/or
* Continuous target variable values

Sven Nerdbotten 6

Figure 6: Output data

Training and testing are important processes in the dewelaipof networks. These functions are
carried out orexample dataecords Eigure 7). An example data record is a pair of input data

Example data records

Pairs of input and target data records for
* Training networks and/or

* Testing trained networks

Svein Nordbotten 7

Figure 7: Example data

and taget data records associated to the same real life object. A collection of example data
records, frequently compiled for a random sample of real life units, is used as a training data set,
while another, usually independent, collection is compiled asat s&iting data record. We

denote an example data set as:

F={X,Y}
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Evaluation dat@ecords are a last type of data s€igire §. An evaluation data record is aipa

of target data and output data records, which permits to compute the deviations of the values
between target and output variables to evaluate the performance of a neural network. The
evaluation set is denoted:

E={YY}}

Evaluation data records

Records with scaled

 target variable values and
+ computed variable values

for evaluation of output from trained networks

Svein Nordbotten 8

Figure 8: Evaluation data

Network topology

Thetopologydescribes how the network is designEdy(re 9. The design comprises how

Topology

* Layers in feed-forward networks

« Connections in feed-forward networks

Svein Nordbotten 8

Figure 9: Network topology
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manylayersof neurons the netwk has and their size in number of neurons. The inputs are by
some authors counted as a separate layer while others do not consider the inputs as a layer. In
this course, the input data are introduced througinthe sourceand the layer of input sowes

is not counted as a layer because it does not contain any netigure (L0). There ar kinds

of input sources, therdinarysources through which the inpadta are introduced and the
thresholdsources which generate monotonously inputs with vhfoee each record processed.

Layers
sInput source (layer)

*Hidden layer(s)
*Output layer

Svein Nordbotten 10

Figure 10: NN layers

Theminimumnumber of layers of neurons in a network is therefothe output layer of
neurons. A network wht only an output layer is calledsangle layemetwork. Layers between
the input sources and the output layer are namutkenlayers. Networks witll or more hidden
layers are callechulti-layernetworks. Multilayer networks can adjust to more complex
mapping relationships than single layer networks.

A network with hidden layers larger than the input source layer and the output layer of neurons is
said to have aonvextopology, while a network with hidden layers smaller than both the input

and the outplayers has aoncavetopology. Networks being neither convex nor concave are

said to possess amdinarytopology. We shall limit our discussions to ordinary topologies even
though experimentation witkxtra ordinarytopologies is encouraged.

Thetype ofneuronds also characterizing the network topology. The characteristics of a neuron
were discussed in the previous sessidnseuron receives input values from sources or other
neurons and transforntise input to an output value. Many possible transégioms exist. We

limit our concentration to normalization of inputs by summation of all input values and
transformation by one of the three most frequently used activation fundtigse 1.
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Neurons

* Sum of input values

* Transformation of sum
— Step function
— Linear function

— Sigmoid function

* Output

Svein Nordbotten 11

Figure 11: Neuron properties

The step function is defined Bygure 12

y'=0if Sx<A
or
y'=1if Sx=>A

wherex representite inputs to ang' is a computed value by the neuréns the step point
frequently set equal t@. The function can respond to any input with one of two values. Note that
in many implementations, the lower value of the function may be definddrastead of0.

Step function

Svein Nordbotten 12

Figure 12: Step function
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The linear function is slightly more complexigure 13:
y'=0if Sx<A

or

y' = SX/(B-A)if S x = > AAND S x< B

or

y'=1if Sx=>B

whereA andB are to preset points such tigat A. As you can see, the function is not strictly
linear but composed B/linear fragments.

Linear function

Svein Nordbotten 13

Figure 13: Linear function

Sigmoid function

1

Svein Nordbotten 14

Figure 14: Sigmoid function
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The sigmoid functionKigure 14is probably the most frequently used activation function in
connection with feedorward networks based on the backpropagation learning algorithm:

y' = 1/(1+ €

The explanton for its popularity is that it is differentiable, which is a requirement by the
backpropagation training algorithm.

Theconnectiondetween neurons are the second part of describing the top&iogyg 15. A

Connections

*Non-recursive networks
*Fully connected networks
*Relations characterized by weights

Swein Mordbotten 12

Figure 15: Connections

Weights

» Continuous weight values
* Determined by iterative training

* Represent the permanent network memory

Svein Nerdbotten 13

Figure 16: Weights
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number of different topologies can be designed by variation of the connections. The feed
forward networks are characterizeddyectedconnections startingdm neurons in one layer

(or the input sources) and ending in neurons of the next layer. The networks we work with are
mainly fully connected, i.e. each neuron in one lageonnected to all neuronstie next layer.
Each connectiors characterized with single number, the weigh&igure 1§. The set of

weights in a feedorward network is symbolized by

W(m,n): {Wijl (m,n)}
wherei andj indicate transmittingind receiving neuron respectively, and | is the layer of the
receiving neuron, while m refers to the weight set after tAeerord has been processed in the

n™ repetitive through training examples.

Relations

Assuming a feedorward topology and sigmoiactivity functions, we can now write out and
inspect the complete relation between an output variable and the input variables. For a single
layer network it is

y' = 1/(1 + exp-[wo.xo + S® wi.x])

where % is an threshold variable always transmittinguedlandB is the number of regular input
variables. By specifyin®=1 is easy by means of a calculator to compute a set of output values
and verify the sigmoid form of the output curve.

The formula becomes more complicated when there are several warjpliies and hidden

layers. For j=1..A output variables, C variables in a hidden layerB input variables the
formula looks like this:

yi=1/(1 + exp-[wo;. 20+ S° W . (1 + exp-[WokXo + S® wiex])])

It takes some time to inspect this formula.

Procedures

Three procedures are needed for the description of the neural netiigik® (1J. The core of
thelearningprocedure is th8ackpropagation (BRalgorithm (Eigure 18. The algorithm was
described irBession 2

Each time a newecordmin the i run is processed by BP, an updating of the weight set

\N(m,n)=> W(m,n+1)

can be done. This is calledcord (pattern) mode of learning and is the usual Backpropagation
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Procedures

* [eaming
» Testing

* Running

Swein Mordbotten 14

Figure 17: Procedures

Learning algorithm

« Iterative use of the Backpropagation algorithm
* Subject to training parameters and stop criteria
* Training by record

* Epoch training

Svein Nordbotten 15

Figure 18: Learning algorithm

mode. An dernative is to save the computed changes for each weight, and update the weight set
by the average change at the end of each iterative run

WO => WO+

This mode is calleépochtraining. Epoch training is sometimes faster than the record training.
Usudly satisfactory results are obtained t@gordtraining.

The algorithm for the updating/training can be explained in met&ilfor a two layer network
with 2 input sources, 2 hidden neurons and 1 output neuron ( in addition there are 2 threshold
inputsources), and sigmoid activation functiorisgpmann 198Y.
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The updating, or the training, is aimed at adjusting the weights to decreaseitimd between

target and computed output values for the current example. The process starts with adjusting the
weights of the connections to the output neuron, and continues with adjusting the weights of the
connections to the hidden neurons.

The adjusiment of the weights of the connections todhgut neurorcan be expressed by:

Wi (N+1) = wia(n) +a . %1 . y(%1) -(-y(X1) ) -(ty)

wherea is thelearning ratex; is thevalue of the inpufrom the hidden neurgn andy(x.) .(1-

y(%1) ) is thederivativeof the sigmoid functioly in the pointx; . Theproductof these factors
multiplied by the deviation gives the wanted adjustment in weighhdexj= 0, 1, 2refers to

the threshold input source, and theutputs from the hidden neurons.

The updating of the weights for the hidden neurons are owonglicatecbecause no explicit
deviations from targets exist for the output of these neurons. Instegulited deviationare

used. The expressioixa ) .(1-y(%1 ) ) . (ty) use above multied by the weightw;:(n) for the
connection to the output neuron, is used as a computed deviation. The second step of adjusting
the connection weights to the hidden neurons from the input varialokas then be written:

wij (n+1) =w; () +a.z.y(z)2-y (z) . [w(n) .yCs)(1-y()) .(ty) ]

z; denotes the input variables and the expression enclosed in square brackets, [congttied
deviationgfor the outputs from the hidden neurons' computed 'targets'.

The formulas becomaorecomplex when there agor more output neuron.
Testingis a very important procedure for development and implementation of neural networks
(Figure 19. Since traimg is repeated until the training requirements are satisfied, a user can

easily believe that the results must be satisfactory. To check that the network really is able to
generalize, it should always be run on an independent set of test example aftay. trai
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Testing strategy

*Testing while training
*Testing after training

Svemn MNordbotten 16

Figure 19: Testing strategy

Experience shows that the network canrbaed too muchand become useless when
confronted with a test sets. To avoid this situatioawarfitting, a good strategy is to test the
network regularly on independentttesamples during the trainingesting while trainingan
becarried outafter each iterative traininteration or alternatively, after a specified number of
iterations

A trained and satisfactory tested NN can be used for operative tasks in Zgays 20. The
simplest is to run the work within the network program. BrainMaker has a mode dedicated for
operative running of input data sets with the results dezbin an output set. An alternative
approach is to use the weight set W obtained after training in an application program which are
tailor-made for the considered application. To embed W in an application program is a minor
task.

Parameters

A NN developmat can be controlled byarameterand requirectonditions(Figure 2. In
many implemented systems for development of NN, only a few may be options for thbeuser, t
remaining are set in the programs.

Themodeg the choice between learning, testing and operative running, is always determined by
the userlnitial weightson the other hand are not always subject to the control of the user. They
may be randomly set biné NN system according to a specified probability distribution, or the
selection of the initial weight set can be left to the user. Taken into account the importance the
initial starting point for the path to the wanted final weight set, a developer nmtyowsontrol

the selection process.

Learning rateandmomentundetermine the relative adjustment of the weight set after processing
a record. Usually most NN systems permit the user to set at least the learning rate. However,
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Running

A trained network can be used for operative tasks

* Running input records by the network program
* Embedding weight matrix in an application system

Swein MNordbotten 20

Figure 20: Running the néwork

Parameters
» Mode *Tolerance
 Initial weights *Testing frequency
* [earning rate *Saving frequency
* Momentum *Stop criteria

* Epoch training [nput/output format

Svemn Nordbotten 21

Figure 21: Parameters

more advanced forms of learning rates, for instance dynamic learning ratesidnicjzafter
each run by the percentage of 'good' outputs, are not always available.

The choice betweerecordandepochtraining may not be ingrtant since in most cases the

former will be superior. However, in a few situations with very large networks, record training
may be too time consuming and the possibility to select epoch training will be wanted.
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To set the trainingplerancewill always be an option for the user. The possibility to specify
different tolerances for learning and testing is not usually offered the user, but may be important
for the researcher. Spegiifig tolerances as functions of training/testing status are not usual.

If testingwhile trainingis available, the question how frequent the testing shoutetiiermed

and how frequent should the developing networkde=dmust be decidedf the network is not

to large and the platform fast, testing can be performed afteiteeation of training, while the
network can be saved for instance after eadlit@@tion. It must be possible to stop the network
when the testing indicates that the training has passed the 'optimal’ point, open the last saved
version of the network liere this point and run the network for the few iterations needed for
getting to the optimal network ( in average 10 iterations if the network was saved for every
20"iteration.

There must be at least one possibility to set one condition to stop thegiaiter a specified
number of runs. Stop criteria depending on the training development are desired.

Last, but not least, a network should offemat flexibility for reading input and example sets
and writing output sets.

Exercises
a. Read Appendix B:inear Algebra, in Lawrence.
b. Read Appendix C: Back Propagation Mathematics, in Lawrence.

b. Read Appendix E: Neuron Transfer Functions, in Lawrence.
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Session 6: Classification

An image recognition problem

Imagerecognitionis an old challenge to the computer scientist. It became also early one of the
popular application problems in the Neural Network area. The application we discuss in this
session is outlined iRigure 1 It is based on a papgdordbotten 97n research in the potential
of knowledge based and neural netkvmmodels combined in faybrid system. You can find a full
text copy of the paper ipdfformat inhybrid.pdfin the course sectiofrticlesin the left

window.

Image recognition

This 15 a simplified version of an application used in a research
paper, & HYERID 3YV3TEM FOR AUTOMATIC CODIMNG OF
HAMDFRIMNTED RESPOMNSES IM STATISTICAL SURVEYS .
Interested can find a link to this paper at the web course pages
(Literature page).

The limited problem we are discussing m this lecture 13 how to train
a network to distinguish each of 12 capital letters (4-1) from each
other. For training , we use a standard image for each letter and 2
distorted versions of each letter.

To test the networks capabilities, we have constructed 2 other
distorted sets of the 12 letters, but have made different wariations
in their forms.

20200 Srein Hordbotban 1

Figure 1: I(mage reognition

Imagine an organization collecting data by means of a form on which you are requested to print
the name of your place of birth. This form must be automatically processed, and you are asked to
paint the name in capital letters in preprinted bogas,box for each letter. The task of the

hybrid system is to recognize these letters and compile them into a sequence which represents
the name of your birth place. Is it possible to find the relations between the form of the letters
and the letters? Reag) this piece of text you do perform this process without much effort, but

can we get a computer to do the same?

To focus on the character recognition and simplify the discussion, we consider ol first
capitalletters and disregard any spelling cohtWe approach the representation of letter images
by drawing agrid over the letter imagdgigure 2). Each grid cell is assigned to one of 2

possible categoriesegending on whether the cell encloses part of the letter or not. Each grid cell
is assigned the valueif part of the letter is within the cell (we call itidackcell), else the value

0 (called awhite cell). By increasing the number of lines in thedgmwe can increase the
resolutionof the details of the image representation. In general, we expect that increased
resolution implies increased recognition. However, the number of cells will increase fast and so
will the processing cost. This increase ssially referred to as thmirse of the dimensionality
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Image representation

An image 15 a grid with rows and
columns defining cells called pixels
the walue of which determines a pattern.

1 2 i 4

AN

LN
ol \

In a network context, binary and continuous pixels are input wariables
numbered consecutively from pixzel 1,1 row by row to MM, ie in
this image from 1 to 16, Inthe case of coded pixels, each code will
generate a binary input variable, in total (possible codesiz N? variables.

The pixel in an image may be:

1) binary valued (blackézwhite image),

2} Continuous valued{zray-scaled image),
3 Coded {color image)

220200 Srei Hadota 2

Image representation

because when we increase the number of lines in the grid, the number of cells (input variables)
increases exponentially.

The12letters we use in thisessiorare the capital ledrsAto L. Each letter picture is
represented in a grid with 8 rows&€ells each. The size of the letters is normalized in such a
way that the respondents are requested to fill' the boxes with the letters printed. The letters
shown inFigure 3are called thetandardetters. We must expect, however, that the letters
printed by the individual survey respondents will vary significantly from the standard forms.

Standard patterns

Eox
*
x
=
x
x
X

XK M

HARA
*® ®

x
*
ERES

*®
EE s

EEE RS

®

w

x
AAXXXEN

*
*

=
»
x
EE g

®
®

THNNEEENAD
x

EXUREKH K

EETEE T

HAHNRHN

FPANENNAENRXAXARRNANL

The standard patterns are the templates used in the application.

220200 Srei Hadota 3

Figure 3: Image representation

The original application referred to was more complicéfeglure 4) The letters used were the

26 capital letters of the English alpbet. The task was to recognB@8 Americancity names

spelled out in hangrinted letters. In addition to the respondents’ painted letters which usually
deviated from the standard letters, misspellings of the names also appeared. The system used to
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Hybrid problem

"The classification list used was the names of cities of about
50000 or more residents inthe USA A total of 368 different
city names with names up to /7 characters were recorded. Each
city name was considered a keywond or name for a category ina
geographical classification by which each respondent should be
classified.”

220200 Srei Hodotte, 4

Figure 4: Hybrid problem

solve the problem waslg/brid combination of a neural net trained to recognize each image
separately, and a knowledge based system for checking correctness of the sequence of
recognized letters. If some of the letter in a city namaee incorrectly recognized, the

knowledge base system, which comprised a list of all possible city names, would use a set of
rules to transform the incorrectly spelled names to the most likely correct names. The use of
hybrid systems permits more realissiolutions to many problems.

Setting up training and test files

To train a neural network to solve the problem outlined, BrainMaker requires a training file with
examples of lettepicturesand the corresponding letteymbolsstarting with the wordf act s 6 .
Note that BrainMaker uses the terminology picture for an image input and symbol for a
categorical output.

Each pair of picturesymbol must be represented as follows in the file:

1. The picture is represented in 8 rows with 8 positions each correspomaliaig 8x8 grid of cells.

2. Our simple application works with binary cell values either X' or 'blank’.

3. A cell with value 'X' represents a part of the letter form, while value 'blank'means that the grid
cell is untouched by the letter.

4. After the 8th row fdlows a row with the target output symbol.

In Figure 3 we saw how the pictures for the 12 standard letters looked. To train the network to
recognize different v@ants of the standard letters, we need examples of different printed
versions for each letter. In a real investigation, we would collect and use painted examples for
each letter from a random sample of respondents. Another approach can be to ggmieedie
examples of the letters by producing artificial distortions of the standard lettefFanise 5)
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Training file

The training file iz a file with “picture’ input and “symbol” output. The
picture 15 represented position by position, not field by field. Note that
the file must be headed by the word "facts’, then comes 8 rows with

& positions (in our application either blank or X) followed by | row
with an output symbol

The training file used consists of 3 different sets of 12 letters. One setis
the standard set, the second and third sets are distorted wersions of each
standard 1mage. Distortion 15 obtained by Dimowving, 2) adding, and

31 deleting pizels from the standard image In this way a more robust
network is being trained. Example:

KR
LI 1 x =

x b
XN N
X X w A x .
H H L] * *

Standard Distorted Distorted

2240200 Srein Hordotten 5

Figure 5: Training file

The distortions can be creatied adding and deleting X's in the letter grid cells. This can be done
randomlyby a computer program. In the application of this session, we use the standard letter
pictures an@ distorted picture versions of each letter, in total 36 examples. In theabrig
application referred to above, the training was done on more complex sets of Fegiers 6)

Hybrid training data

" The netwark weights, were computed by a Backpropagzation
traimng algorthm. The traming was carned out based on 520
patterns representing the 20 slightly distorted versions of the
standard character alphabet. These versions were generated
from the standard alphabet fonts, by a distortion similar, but
independent of the distortion used for the descriptor files. The
distortion used for the 20 versions of the alphabet were based on
risk probabilities 0.05 for both white and black noises. Cn the
basis of previous experience, this specification gave a variation
of character fonts suttable for traming the ANN to recognize
distorted character patterns ™

220200 Srein Hordbottan ]

Figure 6: Hybrid training data

A test set can be constructedhe same set. We used two distorted picture versions of each
letter as a test s@tigure 7) These sets were of course different from those used for training.
Including the standard set, would be meaningless since it was used for ti@onmgared with
the full-blown experimen{Figure 8) the test set we use is rather gien
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Test file

The test images are distorted standard images not used in the traming
The more the test images are distorted, the harder the test will be.

The test file consists of 2 distorted versions of the 12 letters, in total
24 images.

It 15 possihle to introduce a gray scale by using pixels with values
between 0 and 1. Thes might he distorted m scale by adding or
subtracting randomly determined walues to the scale value.

Colors might be represented by codes. In the current example, each
image would then hawve been composed by 64 symbols, each with as
many alternative codes as there were colors. Fex with 16 colors, there
would be 1024 hinary input variables. These can be distorted by
changes the code of pixels.

23000 Srein Hordbotten 7

Figure 7: Test file

Hybrid test data

“The distortion in the last step was performed sequentially for
each character pattern of the descriptor string as a random
process by which each black pixel of the standard character font
pattern was exposed to a pre-set risk for being erased by a white
pizcel, while each white pizel in the standard pattern was
expozed to be transformed to a black pizel”

“The probabilities for white and black noizes used were
specified to 0,125 and 0.0735, respectively. ©

2200200 Srei Hordbottan 2

Figure 8: Hybrid test data

Definition file
Az the fact files, the defiqition
R —— file has also been made without
Hnput  picture 8 & use of Metliaker.
hidden 15 It speciffies the type of input,

Filenane trainfacts G:vbrealpMakervalfa.Fot plCtU\I’E : and the SIZE, 33
pixels, followed by number of
hidden neurons, 15, in 1 layer.
output  synbal 1 12 o
aictionary nutput A 0o EFGu g gky 10 names of the training and
testing files must be specified.

filemane testfacts CiiBrainHakerialfa.tst

In the BrainMaker manual, there i an example of how training

facts can be included in the definition file. In our application, they

atre kept as separate files which gives a higher freedom to make

changes Finally, the output type, symbaol, s specified, and the names

of the 12 output variables are listed as dictionary output.

The network will have 975 and 192 weights in its two matrices,
220200 Sen Habotm ]

Figure 9: Definition file
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Tuning the Learning Rate
.
Remtrn e In our discussion so far, we have only

L=aing FRate Tuning
E i 1,000

= Lz 100% Bed [1.000
100% Gead: |0.100
T Exzponearis Skt [1.000

i |0.100

T Auitomatic Heuwistic Lean

Hase Smocthing Factor 0,900
[~ Train Ak End OF Run Oniy
[~ Heaw Waights

mentioned that fast learning may result
in passing the mintmum point in the
RIS —weight space. We can reduce
the learning rate proportionally as we
approach the situation when the tramning
set 15 learned by selecting the option
Linear Learning Rate.

In the current application, we start with
A learning rate equal 1.00 and reduce 1t
linearly to 0.1 as we approaches 100% good recognition of the
training set. We could alternatively trusted Brainhlaker and used
Automatic Heuristic Learn Rate.

220200 Srei Hardbottan 10

Figure 10: Tuning the learning rate

Tuning the Training Tolerance
The training tolerance defines how close the network output must
be to the target value before 1t 13 considered good It 18 good strategy
to start with a wide tolerance and make it more narrow when the
training output becomes better. BramnMaker has a menu which easily
permits automatic tuning, We start with Both training and testing
tolerances 0.1.Turn on tuning and set Minitnum Tolerance = 0.05.

¥ rasmary C onbsed Fllus =
rﬁl"\ﬂ:m‘ .r--T 'E[BF TRARING WHEN
Tamtiry Vodmmarear [0 700 R [
7 Tokence Tunng ™ .ol tiood Tramnng Facts [T00
St Ty Tk [0 100 I Traking Avgleon o [005 en we have a test
Liowro foiarnoe. g b [ 500 ™ Wrning Frsquased r=_, Jo 56 it 4
P i e | sample, it is alwa;lrslgn od
Tasing Whia Treiing y—c-cmece-—-y || I Tmanse Timngs = to Test While Training
' Tosddo Everr |1 Aura: I~
I Tttt vy [T Fae | || o veston ot e e and save network after
I el [ Zof T | || — o Goed Tesirg Fasa [100
P | || %t ~ —— tevery 10 Runs.
 smmanecEvey [0 Fus -a- (T O ]
[ F Bagiasad Eniet <» |0
0t g < 1
220200 Svein Hardbotim 11

Figure 11: Tuning the training tolerance
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Hybrid specifications

“The traming also required specification of some parameters
for the training g algorithm. In our study, we chose an
adiustment rate determined by a linear function varying from
1.0, when all patterns were unrecognized, to 0/ when all were
correctly recognized. & smoothing factor was setto 09 The
talararnce threshald was specified to 0 7, which means that the
computed output values will be considered as correct only if
they do not deviate more than +/- 0 I from the target values.
Specifications of these parameters were done based on
previous experimentation and experience.”

220200 Swei Hadbatta 12

Figure 12: Hybrid specification

Training the network for letter recognition

Thetrainingandtestfiles used are nameaifa.fctandalfa.tst The definition file used ialfa.def

As Figure 9shows, the network selected i& kyer network { hidden ad 1 output layer). The
number of hidden neurons is setlfoafter a few experiments. Note that the output is declared as
symbol and that there are in tol&l output variables, one for each symbol. The term symbol is
another name for categorical or nontimariables. We aim at training the network to predict the
conditional probabilities that the different symbols correspond to the picture input. This
specification result iI975and192weights in the weight matrices, respectively.

Another specificationve canset by means of the BrainMaker toollsto require a linearly
decreasingearningrate(Figure 10) There is no reliable rule for specifying the learn,rate
experience indicate that starting with a rate alldytwhich is decreased as the learning
improves, is a good strategy. Another important parameter in the training modebisthece
setting. This is set by selectif@rameters/Training Contrdflow and markTolerance Tuning
From the original experiment, we obtained a some experience we sh@laige 11)As we
already has recommended, testing whidéning is a useful feature. In this application, we
decide to test the network after each run and to save aftei@#iun. Also other options can

be consideredFigure 12)

During the training, we turn on a new displ®ysplay/Show Histogranto monitorthe training

(Figure 13) Interpretation of th@ histogramsone forthe weight distribution in the matrix

before the hidden layer of neurons, and a second histogram for the matrix before the output layer
of neurons, is discussed in the BrainMaker manual, Chapter 8. The two histograms indicate a

healthy networkFigure 14)

)
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Training and testing

After checking the file selection and activating Test Statistics, the
tratning can start. We also turned on Display/ Show Histograms which
will give information as to the distributions of weights. If the netwaork
starts following a bad path, it may end up bram-dead.

The netwaork trained for 349 runs before it computed all 36 training
images correctly subject to the Mmnimum Learning Tolerance 0,05,

At this point the Learning Rate was tuned down from 1.00to 0,15 .

22000 Srein Hodaten 13

Figure 13: Training and testing

Distributions of weights

Histogvams x| The lustograms show the
distribution of weights in

200 Inpm-Hill\lﬂelll&lmnm:liulls the two matrices. M ote the

= difference in the y-axis which
reflects the difference i

the size of the matrices.

0 n.o an
0 Hidden - Output Connections Distributions which are skew

at one side of the diagram
indicate a netwark which is
useless and cannot be tramed.

2.0 0.0 a0 .
The distributions in the

present network seem healthy.
2200 Swedn Hadbott 14

Figure 14: Distribution of weights

From previous applications, we have learned how to inspect the test results as exprissed b
RMS. of the test exampleBromFigure 15 we conclude that the best point for stopping the
training is after rub71 The difference between the RMS for &irDand571is insignificant,

and we decide to consider the saved trained netwaskoveafter run 570 as the befhe
RUNOO0570.nehetwork is read back into BrainMaker and save it as thedif@ahetversion.

We made a separate run through the tegbsabtain individual predictiongigure 16) It is
important to understand that the output value associated wsytimiaolis an estimate of the
conditional prohbility for therespective symbol given theput picture. For this reason, the sum
of two probabilities can quite well be greater than 1.0. The most likely symbol to predict is the
one with the highest probability. Using this rule when inspectingitbdicted outputs3 of the

24 predictions were incorrect.
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Inspection of the test results

HMSE mror
n.3000

n.2re7

D.Z575

D.2362

0
02150 |-
|
|

01937

01728 —

|
DIGIZ |t

0.1300 [~ — —

Fun .annon 107.00 213,00 310,00 425,00 BALAD  Bar.
Hup: 570,93 AMSError: 0.1 307

The test statistics show that the minimum RMEErmror= 0. 1307 was
attained at Run 571 and the corresponding network was renamed
alfa net for further work.

2210200 Srek Haddta 15

Figure 15: Inspection of the test results

Individual recognitions

A5 we have done in previous applications, a separate test run was
setup. In File/Write Facts To File we specify Symbol for both
Cutput and Pattern. It should be remembered that in contrast to
previous applications, we have 12 simultanous outputs.

Smce we are working with sigmoid transfer functions, each output
will be a walue between 0 and 1. The value can be interpreted as

the probablity for the respective output to be true. We use the output
variahle with the highest probability for each image as prediction of
its pattern. 21 of the 24 images in the test sample were correctly
recognised.

Because the probabilities are not representing a probability
distribution, their sum needs not be equalto 1.
220200 Swein Hadhotta 16

Figure 16: Individual recognitions

Figure 17shows the firsof the three incorrect predictions. The picture of an 'I' is predicted to be
an'L', even though with a low probability (0.16). The standard picture(sédFigure 3)is a

column of 'X's only. The picture to be interpreted was seriously distorted which contributed to
uncertainty (low probability) in prediction.

The second and third failures were two picture of 'J' as sdegure 18 The first was predicted
to be 'D' and the second to be 'C'. A careful inspection of the pictures, may explain why.

Failing to recognize more thd®% of the test set cannot be consideratisgactory. We ask

what can be done to improve the recognition rate. Several possible ways are indiEajackin
19, and more can be added. Since the numbexarhples on which we have trained the network

92


http://nordbotten.net/phproot/courses/nn/sessions/session6/images/image17.gif
http://nordbotten.net/phproot/courses/nn/sessions/session6/images/image3.gif
http://nordbotten.net/phproot/courses/nn/sessions/session6/images/image18.gif
http://nordbotten.net/phproot/courses/nn/sessions/session6/images/image19.gif
http://nordbotten.net/phproot/courses/nn/sessions/session6/images/image19.gif

Dizplay of problem with I

The first image of the test sample incorrectly recognized was # 9, [
which was recognized as L, but with a low probability:

083 A L1194 B .
L8604 1

L8536 E

L0014 F 0086 G . 0420

b
The distorted pattern of this image was a lower XXX
case 1 with small horisontal top and bottom lines. X
Particularly the horisontal bottom line seems to &
be a typical feature of L m our tratning sample. xix

220200 Swei Hodote 17

Figure 17: Display of problem with |

Display of problems with J

The second image of the test sampleto not correctly %
recognised was # 10, I. The network identified the ¥
pattern as D Some similartties can be identified. X

SBES2 N LOB1R B (BRGhN C  .3@F0 D _B3A2 E (@242 F .B302 G 6024
Wy . .M7% T 0335 J _BD08 K 0822 L
o

E

Image #22 was the third not correctly recognized. Again
it was letter J causing problems. This time the network
recognised similarities with C. H

bt
o

R

L8206 B .O9n6 C (0086 D .BBNB E .0BBR F 0050 G . B0e2
21118 0 LSRR K o@aF2 L

Srein Hardbottan 1z

Figure 18: Display of problems with J

is small, the most obvious would probably be to generkteyartraining sample with more
variations.

In order to learn about éhfeatures of BrainMaker, we investigated another possibility, namely
pruningthe network. Pruning means to delete small weights based on the assumption that they
are uncertain estimates and may disturb the predidignre 20shows how pruning can be

done and what the result was in our application. We can look away from pruning as a means to
improve the prediction rate at this stage of our application.

A second pssibility is to specify a more complex network structure as indicatEdyure 21
Two hidden layers were specified, as well as an automatic increase in numéerafs when
no improvement in learning was detected. The results were disappdkitinge 22) The
network increased tb47 neurons in each of the hidden layarsl learned th&6 training
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Ways for improvement

The letter recocnition application failed in recoginising correctly
3 out of 24 images, 1e. The success rate 15 '8 which is not good.
Possthle improvements:

- The tramning sample is too small and should have had more than
3 wersions of each letter. Moice to strong?

- & networle with 2 hidden lavers may be more adequate for this
type of problem?

- The distortions in the training sample are not representative for the
the test sample?

- The resolution {3x8) of the patterns is to low?
22100 Sweh Hadotta 19

Figure 19: Ways of improvement

Pruning the network

To avoid small noisy weights, we prune the network, eliminating
all weights with absolute value less than 0.1 m both matrices are

eliminated: e =]

This exercise was not successful.

R Prune Yw'hen Less Than:
Th; re;?lts this tm[lie WErE alf:ut T et
as for the unprune d networrl: A e
9. [->L(0.1742) :
4 l_ s Mietvork
10,7 -= D (0. 6026) —
. 5
11,1 -» C(0.3636) : et |

Less and harder pruning was tried | Qutaa ]!
without any better results.

220200 Srein Hodbottan 20

Figure 20: Pruning the network

examples perfectly. However, the abilitygeneralizeand solve the examples in the test set was

bad.

A third option is to open theeightfile and se if we manually can correct the weights for the
implied letters in such a way better results are obtgiRegire 23) This kind ofmicro-
manipulationgnay be successful, btequire a very detailed understanding of the weight

matrices and their relative effects.

What have we learned in our efforts to improve the letter recogniima®e 24indicates a few
possible answers. The approach most likely to give success is to increase the training file
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Advanced networks
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To investigate the possibilities of
using 2 or more hidden layers
with neurons, a very advanced
model was specified. It was set up
with 2 hidden layers, each with 8
neurons each. If the RMS error did
not decrease with 0.05 or more
every 20 run, a BrainMaker
algorithm added a new neuron
where its effect was strongest.
Linear Tunming of Training Rate
and Tumng of Training Tolerance
were also specified.

Svein Mordhotten 21

Figure 21: Advanced networks

Waicing WAL Pacen) adfa Fet
Fact: §4 | Tatal Badii 1

Disappointing results

T Saen Lazes 4

The network learned the traming file images about perfect, but at
the cost of a large number of hidden neurons. The result, as should
be expected was a network with poor generalization which could
not compare with the simpler network already described.

Loarni 8.0 lalorssca) 40
35 mes Lnen

Gesdr ¥5  Larts

T | 389 I 1500 ahowe

220200

Srein Hadbottan 22

Figure 22: Disappointing results
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Microscopic investigations

One way of improving the network 15 to manually edit connections
[ share with L, and J with C and D by inspecting the weights from
the to thye firing output neurons. Uze EditConnection Matrices or

an ASCIT text editor,

1 2 3 4 5 6 7 & 210 11 12 13 14 1518
D657 3450 4 TR 03040 008 DR 9604 TR BN LTS @R TR 01350 4 EAD (SR 302
#3358 045 5004 530 D3804 12655 795 1 S10 200524556 0BE 4404 T 1 4508 2430 72
14570 1 5636 )5120-27250 26004 2000 5500 #8888 1 4065 30770436 0360007084 0 BSR 2T 05
2142 472 1 5286 472 01250 D 00 14844 06020 72 14854 20050 4 AT SU9662- 31636 3513 A B
DEBA0-Z547 (50 04740 (46§ £80 0506 24060 & 46700484 -DEGA2-26360 4 004 5206 13070 5502
4065 05050 4 4564 D500 1 087 056 1 53704 G208 0080025460 4 4006 1 0754 10486 23362 3 0808 156570
THTIATEN | 45644041 4506 M0 60 1 B T2 IS B 1 90 TR 7R 904810456
151541 £06-1555 (1465 0485414808 1 571230500 5000 1 9770 1 208 1265 D4 174 26400 05802
2087 1 D050 14874 R O4TT-3TTE 3050005124 0676 D434 1 2504 1746 D1250.1 056 1 355 - 4
T4 5 (B4 RS 2650 D60 26354 20970 3260 2076 318201 3190 1 604D 1 4 1072 04T
D150 -1 6 1 5D 33445 0600 13500 15 1 3270 207 (6504 244D 12060 1 2085 7000 33144 2080
TS #2858 B4 U A6 15544 370 20750 L2650 050 - BROA- 1980 4455 TR D012 506

o

[l e i e B e N N
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Figure 23: Microscopic investigation

How can we lear from the application

We have demonstrated different approaches for improving the
recognition of the 12 letters in cur application, and they were
not successtul for all letters.

Taking into account that our training set consisted of
3 variation x 12 letters, we should not expect better results.

The main condition for good recognition is a training on a set
which has a satisfactory size and variation.

Study the application “Hybrid..” referred to in the Literature
pages.

22/0200 Swein Mordbotten 2

Figure 24: How can we learn fronthe application
Exercises

a. Youwill find copies of thealfa.def alfa.fctandalfa.tstfiles theDatafilessection to the left.
Copy this files into your &BrainMaker folder. The steps are:

Open theDatafilesfolder

Mark andEdit/select althe file you want to copy.
LoadNotePadandEdit/paste

Save the file in th&rainMakerfolder by means ofFile/Save as

PoODdPE

Read thalfa.deffile into Brainmaker. Click oi€onnectiongand change the structure of the NN
to a singlelayer network, Try to train theetwork by means of the fact fibdfa.fctand test the
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trained NN on thalfa.tst Make areportof the number of runs required and the test results
obtained. Make a comparison of the results you got with those reported above.

b. Repeathe training 6 your singlelayer NN once moreComparehe number of runs required
in the first and the second training you did. Discuss the differences. As pointed out, the
differences are caused by the random initial weights.

c. Why not try somelternativespecificdions? If you are a patient researcher, you may be able
to improve the character recognition.
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Session 7: Regression

Continuous output variables

The second main type of NN applications is prediction of continuous output variables.KThe tas

is to predict the most probable value of a continuous output variable given a set of input values |
Bishop199]. In the NN literature, this fye of applications is considered more difficult than the
classification type. We shall use 2 examples from the BrainMaker package.

LOS

We start by studying an application from the BrainMaker manual abouttigghof Stay, the

LOS application(Figure 1) This application is discussed in ChapteMe&dical tutorialin the
BrainMaker manual. The scenario for this application is the need of a hospital administrator to
predict the length of stay for admitted patients expressed by the continuous variabks of

days The assumption is that the medical observations of the patient when admitted can be used

LOS application

The Length Of Stay, LOS, application is used as a tutorial in the
BrainMaker manual, Chapter 5.

The purpose is to predict the length of stay for hospital patients.
The data available are records for ¢4 patients. Each record contains
values for 11variables and the length of stay measured in days.

The 1] variables include:

2 continuous valued variable (Diagnosed conditions and Age).

4 categorical variables with togather 25 categories.

(Admittance category, Gender, Inheritance, Primary diagnoses).

4 binary variables (Rehabilitation/Disability, Hypertension,
Smoker, Family support).

I identification variable (not used in network)

Februax 8, 2000 Svein Nordbotten 1

Figurel: LOS application

as a basis for predicting the lengiihthe stay. From the description in the figugé patient

records are available for the analysis. Among the8eandomly selected will be used for

training and the remainingfor testing the trained models. Each record contains values for the
LOS target variable and 11 input variables. The inputs are partly variables with continuous
values, and partly categorical and binary variables. The data are recorded in LOS files which are
accessible at the distribution diskette from CS8ure 2gives a list of the files we use in this
application.
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Files used by the application
The following files are used by this application:

LOS8.dut: Original data file.

LO82.det: Data file adjusted for BrainMaker use.
LO82.fer: Training file with 38 records.

LOS82.1s1: Test file with 6 records.

LOS2.net: Network trained until all records learned.
LO82.sts: Traming statistics file.

LOS82.s1: Testing statistics file.

RUNOO3 5.1et: Network trained 35 runs

LOS82b.ser: Network trained for min. testing RMS error.
LOS84.dar: Data file with 5 records

LO84.in: Run file with 5 records (Adjusied data file).
LO82b. out: Output file for the run file.

Febymar £, 2000 Svein Hordbotten 2

Figure 2: Files used by the application

NetMaker preprocessing

The original file is the data file,0S.dat which you will ind at the distribution diskette, in the
c:\BrainMaket folder if you have copied it to your own computer or in the se@atafilesto

your left.. This file can be read by NetMaK€rgure 3) The original file contains different types

of variables represented in a way which cannot be used by BrainMaker without modifications.
Codes ofcategoricavariables must beansformeduch that each category is represented a
separate binary variable. The first categorical variable is the primary diaghwsiBjag which

has a numeric code for each diagnosis. The diagnosis with the highest code value, 35, is of
course not 35 times as serious as the one with the lowestvabee 1. The following procedure

will initiate NetMaker to convert the coded, categorical variable into as many binary variables as
there are different codes for the categorical variable:

NetMaker LOS.dat

MotUeed Natlleed Natlleed MotUced Motllzed Nolllced Notlged Nolleed NotUsed Notsed Netleed a
Patiot | Frimbia| Diags | admite | | { Smoker |[FancSpt]  Age  |Heredity| Gender | 5
1 144 11 2 1 ] [ 1 ] W low male
I 195 az 5 4 o 1 [ ] 1 8 high male
L wi 2% 2 3 o o 1 [ 3 st female
4 |ws 12 p 4 ] 1 ] ] 3 high  fomsle
8 e w1 2 ] i " ] W lew male
T8 |as 1 1 5 0 ] [ 0 2 high  male
e ] ] I ] [ ] ]
I TR 5 ] 1 ] [ ] 1
L 13, 2 2 2 1 o 1] [ "
l 1758 2 2 1 1 o [ ] 1 4 unknown females
ness a2 2 ] ] 0 [ ] 2 dow  female
12 |1 2 1 3 [ [ ] ] W wnknown female
T 095 n 1 5 1 o 1] n 20 anknown male
11 )

This is the original data file recorded with one row per patient.

Febrmar 8, 2000 Swein Hordbotten 3

Figure 3: NetMaker LOS.dat
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The steps are:

ReadLOS.dainto NetMaker.
ClickManipulatedata in the menu appearing.
Mark column PrimDia.

Select Symbah the toolbar.

Select Splitolumn into symbols.

aprwNPE

NetMaker will name the new variables according to a convention suggestediplithmenu

and give each new binawmariable a symbolic name, for examplemD22 Note that because of

the restricted width of the NetMaker columns, you will not in this case see the last character of
the names. To avoid this, you must choose a shorter name when NetMaker provides its
suggestion.

NetMaker LOS2.dat

L6252 datis the new file when the operations performed on £ Q5. d2¢ were saved, The 2
new columns, Primary and Admit, each represent as many hinary variahles as there are
different symbols in the 2 colmnns, respectively Z5and 5. Screen the mumeric variable
Age for extreme values by marking the column and choose Operaie/Dispiay Colignmn
Histogram.

[ _HeMoker Pastosrionl Voo HHEg

Inpit Input  Input Inpat Input Input Input Input Patlern fnpat Input =
iags [AehabiDithyperied Smoker |FamGpt| A | | Gender | 108 | Primary|admii |

z o ) 1 o an low male 142 PrimD 1 Ademit]

1 1 18 high male 182 PrimD32 Admitd

low female B PrimDes Admitd

o

ale B0 PrimD12 Admita

ale 50 Primil - Admits
als 7 PrimDi  Admitd
e 7 PrimD15 Admita

0
ale 14 Primi}32 Admit]
als 48 PrimDi2 Admitd
ale 12 PrimD21 Admitd
n male 14 rimD31 Admith

sSsscessse ===

O

Figure 4: NetMaker LOS2.dat

The codes oPRIMDiagwill be substituted by5 new variables with symbolic names. The
original PrimDiavariable can be deleted. There amaore variable of the same type, namely
Admit# which is a code for how theapent was admitted artderedity From the original table,
we see thafdmit#can haveb codes which are given different symbolic narffégure 4) Note
that if thecategorical variable uses names instead of values. Finally, the vaderelditywith

three named categories must be processed likewise. NetMaker is able to take care of all the
necessary transformations.

The next preparation is to assign the columnsiast, Output(pattern) andi\nnotationgNot

used Note that in BrainMaker, output is callpdttern Pattern is, however, by others authors

also used about the input, the input pattern, and to avoid confusion we refer to the output pattern
as output varialels. Assignment is done by marking a column (click on its name) to be assigned
and selecting.abelin the NetMaker toolbaFigure 4demonstrates how each column is

specified as an input column, an output (pattern) column or an annotate column. The resulting
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table should now be namé®S2.datand saved. You can check your results with the file
Los2.datin Datafiles

The last2 task in NetMaker pr@rocessing is to praae the default definitions of the neural
network and3 files for BrainMaker. The first task is done by readingltxs2.daby clicking
File/PreferencegFigure 5) This opens for certain options. At this stage, we select the default
specificationslivided randomlythe file of the64 available cases infiles, one for training

with 90%of the cases, and one for testing wil?#b6of the cases. For the second andlftask

we selecFile/Create BrainMaker Filesiccept default names for the definition, the training and
for the test files.

Specifying BrainMaker files

et akes Piofeszional - Losz dat ‘When satisfied with the
T T T T A R NetMaker file, select
Select IEM Input Input Input Input Inpast Input FHe/meemrwes. The

Diags |Reh ""I i :Smnlm|Fsm-sp|| Age |Hered menupermiis the user to
M | 1 s ! a -  reservea certain % of the
Max | 7 rows for testing. %o {6 rows

1 |2 Create Test File With [10 Percent af the Facts is selected. The way the
T2 |50 Recurent Patierns: Use Last [ Pattens network learning is displayed
"3 |2 Recurment Inputs: Use Lastl; lnpus can ako be either as Nernbers
T4 |3 T MinfMax Bange Set To ¢ 667 Standard Deviations or graphical as Thesmameiers.
T |17 Memge Duplicate Symbals ‘We have chosen Numbers.

B |1 Metwork Displayls: © Numbers O Thermomelers Ch‘;ﬂk GKWEir‘fr;aketh_ar .
= references ctive. To avoi
+ : i‘ ﬂl : l:yshemanc ohservation effects,
— select Rows'Suffle Rows.

All preparations we want to do are now finkhed. Select FilzNdake BrainMaker Files.

Febraar 2, 2000 Svein Hordbotten 5

Figure 5: Specifying BrainMaker files

BrainMaker specifications

A BrainMaker definition file is produced as the last preprocessiep by NetMaker. It can be

read by NotePad, aradripped orexpandedWe start discussing a stripped versiohOS.defas

shown in(Figure 6). The first row imlicates that the input is represented Wittxample per line

and with31 input variables. If we compare with th©S2.dafile in Figure 4 this file had only
10input columns. The explanation is that the categorical variables are all expanded to have one
binary variable for each category, itéeredityis expanded t8, Genderto 2, Primaryto 15and

Admit to 5 which make25 plus6 input variables satisfactory reggented. Note that NetMaker

takes care of the expansion to the correct number of binary variables. The second line indicates
that there is onlyt output variable.

The next line in the definition file specifies that we want a maiter network witl31 hidden
neurons between tf& input sources and tHeoutput neuron. The following rows give the
names of the training and the test files which we specified in NetMaker. Fihphys of rows
with scaling parameters terminate the specification. Thesgtswith pair of values specifies the
minimumand themaximumvalues in the training set for each input variable. The first variable,
Diags which is a numeric variable for the number of diagnoses, has for example a minimum
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BrainMaker LOS .def file

The LOS.def file can he
nput susher 1 71 .|  readby Notepad. Theone
.n.r..ul nunber 1 1 ‘Which is produced by
nidden 31 NethIaker contains input
and output dictionnaires,
specification of fancy

filename trainfacts C:\BrainMaker\Les2.fct
contitmous display of the
learning process, and of
Other parameiers which are
oo set io differently from

a a 1
fRBRRRRRERNODBRRRBERORDDRER defauli.
scale input maximum

111

T 1 1 1 1 i

1111111111111 111111111 0 =
scale sutput minimum The one illusirated contains
7 the main information i of
::;JE putput maxinun cource that the application
has 37 input and J owput

filename testfacts Cz\BrainMakerilLosZ.tst

scale input minimm
1 ] B

variahles and that the mumber of hidden variables in one layer is 7. These values can
As we shallsee, be changes and supplemented before we start training.

Fehmar 8, 2000 Svein Nordbotten ]

Figure 6: BrainMaker LOS.deffile

valuel and a maximum valué Age of the patients varies from minimunto maximumé4

years. All binary variables typically ha@eas minimum and as maximum value. The second

set with pair of values specifies the minimum and maximum values foutpat variable.OS

which in our application varies froito 182 These minimum and maximum values are used to
scaleeach variable to values betwd@andl internally during processing. This reduces the

problem of varying variable ranges during the pssing. The output is4&aled again before
displayed. Of course, in a real application, we should at least allow a shorter stay in hospital and
correct the minimum from 7 to, say, 1 day.

You can study the complete definition file as generated by NetMgkerading_OS2.ddby

means of either Notepad or directly fr@atafiles Note that if some parameters are missing, for
example thé.earn rate it means that BrainMaker will use default values if the parameters are
not included later.

Let us look what hgpens when the NetMaker prepared definition file is reaBriaynMaker

Figure 7shows the first part of the BrainMaker displayL@¥S2.defThe first row contains th
name of therainingfile, LOS2.fct and two important parameters. One isltbarning rate

which determines the size of adjustments used by the training algorithm. The default value is
1.00 The learning rate can be changed by cliclagameters/Learmg Setupn the

BrainMaker toolbar. The optioGonstant Learn Ratis marked and specified with valedQ

At this point we only note there is a possibility of making a change.

A high Learning ratewill usually result in gastertraining, but there is ask that the weights

may be adjusted too much and the best combination of weight values is passed. With a small
Learning rate the weights will slowly be adjusted to the training examples, and the possibility to
find agoodset of weight values is impred.

The last parameter on the first row we observeltlaming tolerancewith default valued.1
This means that if the predicted output value deviates with a fraction with less-tlahfrgm
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[nitial BrainMaker state

Fle Edt Opersie Faameters Connechors  Diepley  Analyze
Waiting B8:83:54 Facts: LOSZ.fct Learn: 1.A00
Fact: @ Total: 8 Badz 8 Last: @ Go 0]

Tolerance: A.168
od: Lazt: @ Fun: @

Diags Rehab/Di  Hyperten Smoler LOS

Fam—Spt
high
PrimDil
PrinD35
PrimD33
PrimDi4
Admit4

Nge
male
Prinb22
PrinD21
PrinD31
PrinD26
Admith

Februar, 2000

Out:
low

unknown Ptn:
PrimDd12

Female
PrimD32
PrimDi
PrimD23

PrinD25
Prindi5
PrinD2?
fdnie2 Adnitl

Admnit3

BrainMaker is loaded with File/Read Network and select LS. def. The labels of the 37
input and f output is listed, the training Fact file is L0252,/ the learning rate and
training tolerance are setby defaunlt to £ 4 and #.1, respectively. The learning program
is now ready for being tuned.

Svein Hordbotten

Figure 7: Initial BrainMaker state

the corresponding tget output value, the predicted output value is considered corodetance

can be reset by selecting the toolBarameters/Training control flomObviously, a wide

tolerance will terminate training faster than a narrow tolerance, but the trainedinetasonot

be as useful as if the training tolerance was set at a more narrow tolerance. In classification
problems, particularly those with only 2 output categories, the tolerance can be set wider than in
regression problems in which the aim is to predicalue as near the target as possible.

The remaining of the BrainMaker display is a list of tlaeneof all input variables and the
output variable. As for the output variable we have to distinguish between the predicted output

Outand the target outp@tn

1 With only 58 patients and 57
! input variahles, 37 hidden neurons

Lot S certainly result in overfitting.

The manual indicates how a guess
for a more reasonable namber can
be made:

D2 + (58*0.0)}2=11 neurons
By selecting Connections Change
Netwark Size, the menu shown &
made available for changing the
number of hidden neurons to 17,

Click O£

Set hidden neurons
P BrainMaker Professional MM Accelerated [Los2 def]
Fle Edt Opersts Parameterz Lownechons Diplay drathoe
Waiting ®B:18:56 Factsz: LOSZ.fct
Fact: B Total:z Bad: @ Laszt: @
Diags ! Inpuds  Mewors  Conneclions |, .
Fam-Spt | Fact Fle TS - n:
I Recunent 0 s -
high 1
PrinDil | Mumber of hidden layers: J 1 _rJ
. Fecurent
PeinD35 1|\ e Mewons Comnechons  Copies
PrinD33 1 Input A eemmm— E ]
Prinbid 1| ! I” a2 [ ]
2
fdmicd 0o T
« [ —
s [ i_
I —
Ouput 1 1z T
oK | Cannell
Febmar 8, 2000 Svein Nordboten

Figure 8: Set hidden neurons
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If we click the toolbar aConnections/Change Network Siaespecification form for the NN

topology appearé-igure 8) The formallows changing the number of hiddeersand the

number ofneurondn each layer. In the LOS applicatidhhidden layer witt81 neurons is

specified. If required, we could change both in this form. Looking carefully at the form, we can
also see thaht numbers of connections are listed. The connection from input to the hidden layer
is 992 (31*31+31) andthe number of connections from tB&hidden neurons to the single

output neuron is 323(L+1). The31 andl additionalconnections originate from thiereshold
neuronsemitting alwaysl's to each of th81 hidden neurons and to theoutput neuron.

We want tatestthe network during the training to avoid that wverfit' the network to the

training set. Several decisions must be made. First, when testing while training, it is reasonable
to use the same tolerance for testing as for training and to change testing tolerance from default
0.4to0 0.1 (Figure 9) In Parameters/Training Control Floythe part on testing, we mark that we
want to test the network on the test file aftachtrainingiteration. Thaimeans that afteragh

iteration, the RMS etc. can be computed both for the training set and for the independent testing
set. Since there is no known way to 'sense' a global minimum in the performance as exhibited by
the RMS curve for the test set, it is a good strateggite the trained network periodically. It

would require a lot of capacity to save after each run. We decide that saving aftéstieveny

can be satisfactory. It means that we may have to make up to 4 additional training interactions
from the saved netwkiup to the one which according to the recorded test RMS seems to be the
best. The right hand side of tRarameters/Training Contrdflow form concerns the criteria to
stopthe training. Default is when all training records in pass the tolerance reguirédree

decide to use that.As seen, other options are available.

Set training control

‘We want to narrow the tolerance

furmmmﬂ_l)ﬂesmasmr

Waitin Bana? |.7;:n': I;DSZ.!'(':I:. Learn: 1.8 training.
Fact: B Total: B Badi 8  Lasc: 8 Good: B .
- T c"“ - - - = We want to identify the network
i m,m’,: e Tk e e Wl’l.l:l:l’l generalizes best using the
Fa Training Tolesance: [ 11100 = i) : patient records of the test file. To
hdl - '{anle(m:lf‘ﬂJ Il: [T, 7 T — ||[tlj ubtainthisweunnuntestjng
Tokmance Tuning % of Good Training Facts [100 hile ss
el Gt Traring ok [T700  TniahvaEror e[ | e e B g
Pre || | ower telesanes, rulliply by [0.500 ™ Trawing R-aqusred 3= [058
Pr Lowwes whean % good facts: | 100 ™ Traiing Souared Emor ¢afi e . .
Pe. Tosing Whie Trking [ H Torance Tuios = To obtain this we: o
nd||F st e Evey 1 A ';Tamwmhm Select Pammtem“i:"mmg Canirol
I TestidlerEvey (1000 Facke | || AlTesting Facs Are Good Flow. Change Festing Tolerance to
e '::z;::?w I ¥.of Good Testig Facts [100 6.1, and Testing Afier Every I Runs.
I TesbnghwgEnor¢=  [B15 Unmark Delay. Finally, check
W SwvadtuEvry [F Rune || TengRegueds= . [05 Save After every 5 Runs,
[™ Toting Sopered Ener 4= 01
oK i Ca'e-sll
Februar 2, 2000 Svein Hordbotten 9

Figure 9: Set training control

Before we can start the training, we must specify how and where the training progress
information should be saved. In toolbar opttale/Select fact filescheck that the form contains
LOS2.fctandLOS2.tswwhich were the names given to théles in NetMaker, and that the
training box is marked. Undé&ile/Training statisticile/Test statisticswe mark each of them
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in turn and accept the proposed names thighextensionsistand.stg respectively. In thes2
files, we get datébggedwhich can later be analyzed in order to find the best final network.

Training the network

We are now ready to start training. CliOperate/Train Networkn the toolbar of BainMaker.
The network will start training and you will see tiieplayas inFigure 10 There will be2
windows open, thenainwindow informing about the currenim and ayraphicdisplay of the
training progress. The last overlap the first and can be moved freely around.

Ready for training

Finally, we select Fife”
neo: o100 J 7irting Statistics and

™% Testing Stadistics, and
confirm the file names.
(Overarite indicates that
The files of the example
is going to he overwritten).
‘We save the specifications

T by selecting FileSave

D 500 voo  Netwark,
‘We observe that there are
2 so diagrams which will
Show the progress of the
Fians 1 10 200 shown Training.

‘We are now ready to start
Training, and select
Operate/Train Network
and click.

Fehmar &, 2000 Swein Nordhottan 10

Figure 10: Ready for training

The2 first rows of the first window give continuous information during training about the last of
the58facts red from in the training file, the total of facts read, the numbéndfacts read so

far in this run and the number of bad facts in the last run, the numbeodfacts read so far of

the current run, the number of good facts in the previous run amdithber of iterations or runs
through the training set.

The second window contai@gyraphs presenting thieogresof the network training. The upper
histogramindicates the absolute value of the deviation between predicted and target (ptn) output
valuedivided by target value. The staples represent the number of cases in the training deviate
there are at the different relative deviations. During a successful training, the cases will be
moved to the leftwith a Trainingtoleranced.1the training would beonsidered completed

when all cases are at the left side of the ver@ichline.

The lower graph measure tR&/S for the deviations of all cases of the training set in the last
completed run. In a successful training the curve will be falling down tbtharright, and

approach zero as the predictions become identical with the target values. The displayed window
in Figure 1lindicates that the required trainindeixance was obtained aft@8 runs. The RMS

was abou0.4 at the start of the training and less tlahwhen training stopped.
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Training progress

1080 Tolerance: 8.

Maiting MzBAEM Facts: Los2.fet Learn:
Good: B Last: @ Hunz 93

Fact: #  Tatal: 5394  Bad: B Laxt: @

10|

0000 0.500

1.000

1.a000

o000

Runs 110 200 shown

eachwithin the training tolerance of # 1. The upper diagram

training. Ii started at ahout 7.4 and ended with less than & 1.
Fehmar 2, 2000 Svein Hordhatten

The training required 23 rms through the 5§ records before it was able to reproduce

in thee final run. The lower diagram shows de progress in the RMS error during the

indicates the errors by size

11

Figure 11: Training progress

Analysis of training

After saving the trained network(¥S2.netwe quit BrainMaker and return detMaker. Read

the training statistics fild,0S2.staclick Operate/Select Columns to Grapfou get a form up

in which you clickChoose »axisand then mark the colunRunin the table Column land the
nameRunappeain the form. Then mark columRMSerror and this will appear asrack 1on

the form. If you have trouble, cancel the form and start up the selection again. When satisfied,
click Make graphand you will get a second form in which you may make further specifications.
At this point only clickMake plotand you will get the display dFigure 12) This plot is the

same as the progress graph in BrainMaker, but gives a more detailed vieirbf$laeirve.

Detailed training view

raindd sk es stk i Granh 00 ]

AMSEn
03000 -

92TE

0.2425

0.z137

01650

D862

[INEZLY

00987

00700 [
fun 10000 12500 24000 35500 7000 SB.500 70.000 G1500 S3.00¢
Run: 23770 RMSErrar 0.1206

Febmar &, 2000 Swein Nordbotben

Save and close BrainMaker.
Open NetMaker and Read
File the training statistics
file L6352 535, Select
Operate/ Graph Cofignns.
Mark Runs as x-axis and
then mark R445. Click on
Make Graplh.

The graph shows that the
Training is progressing
smoothly dowm the hill of the
RMS valley to about ¢ # 74,

The weigh matrix foun d mayg
not be representative for the
whole population hecause
the algorithm may adjust
to much to the training
sample.

12

Figure 12: Detailed training view
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We have pointed out that training until all examples are perfectly solved within the training
tolerance specified, frequently leadaadpredictions because the network has learned the details
of the training set withdwbeing able to generalize. For this reason, we run the network on the
testset after eachun while training. The test statistics were saved in the.@82.tst By

repeating the plotting procedure described above, but now after readli@$Restile, we

obtain the graph displayed kigure 13 We recall that the examples in the test set have not been
used for training and that tlBexamples are new to the wetrk. The displayed plot can

therefore be considered as a measure of how well the nghnaaiictsLOS for future patients.

The most interesting information from the plot is that the network which was train@@ for
iterations was far from the best. Inspex of the plot indicates the network gave et
generalization, i.e. minimum RMS for the test set, after 36 runs of training.

Continuous testing

“| When we graph the testing
i statistics in the LOG2 s file,
L we see that the RMS curve
obtains its minirum £ 2434
0.2426 after about 35-36 runs.

02850

The options we chose to test
0.2175 17 — during learning included

] e storing the state of the
network after evere 50 run.

0.z7o0

I
02625 H

‘We should expect the hest
Y B gereral resulis from using
0.2475 [ S ihe network as stored afier
A the 35t Tun.

1
02550

0.2400 ]
Fun 10000 12500 24000 35500 47.000 50.500 70.000 81.500 53001
Run: 35,464 RMSErrer: .2434

Febuar 2, 2000 Swvein Hordbotten 13

Figure 13: Continuous testing

We might now have decided to start the training again and let it r@® fogrations. Howesr,
whentraining isinitiated, it starts with a new random set of weights. Empirical experience shows
that the learning progress depends on the initial set of random weights. In a second training, the
best results might have been obtained aftéffarert run than the6th. For this reason we have
specified BrainMaker to save the network after exatinyrun during the training process. The

trained network after th&5th run is thus saved and availableRagn00035.netWe load this

network andun anothertraining iteration to obtain theptimally trained network. This network

we namd.OS2b.netwhich is used for the remaining part of our discussion.

The final procedure is:

1. read fileRunxxxxwhere xxx is the last run below the test RMS curve minimum,

2. s Parameters/Flowcontrdiorm to stop after Rury, where y is the run at which the test RMS
curve has its minimum, and

3. start training byOperate/Traimetwork.
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From the histogram iRigure 14 we can see that the selected netwd@dS2b.netvas able to
predict4 of the examples in the test set within the test toler@ric@ our example. All except
one of the cases in otestfile within a tolerance 0.2 The test set contains, however, ordy
examples and the present exposition must therefore be considerediesration

36 run network
Read the nemwork saved
T ——" Ay as RUAHISS net, and let
it T e BUVAMLAYTUeLR BraMaker trainone
run mote. This can be

done by selecting
A P ter/Flow Control
and setstop to run 36,

The result is shown in
the picture. We see that
0.060 * 0500 1000 there are /§ of the

1.0000 facts in the training file
which are not within
the training tolerance.

~
k B
0.000

=

1 These are represenied in
Fung 1 1 200 shown the hiswgram b}' the
columns at and to the
This network ks saved as LOS52h.net right of the vertical
line ndicating & 1.
Febuar 8, 2000 Svein Hordbotten 14

Figure 14: 36" run network

By selectingedit in the BrainMaker toolbar and clicking @onnection matricegheindividual
weights ca be studied. The window is, however, small and a better solution is to open
LOS2b.netn NotePad/WordPafFigure 15) The2 weightmatricesin our application are
displayed with a header row. In this you will find the numbdagérs(including the input
sources!), number afiresholdneurons per layer, numberioput sourcen layerl, number of
neurondn thel hidden layer, and the numberrafurondan the ouput layer. The header layer is
followed with the weight matrices. The next row (can be wrapped by NotePad into several lines)
is the weights from each of tl3d+1 input sourcestfie last is the weight from ttiereshold
neuron) to the first hidden neurdFhere arel1l such rows, one associated with each hidden
neuron. This first matrix is followed by the secamminposed by the weights from the hidden
neurons,11+1, to the output neuron. The weight from theeshold neurors always the last of
the row.
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Weight matrix

Los? nel - Hotepsd =10] x|

E|
weights 3 1 31 11 1
15208 02155 -0.BFI0 B R1EA -6, 2024 -0 WETE 11178 8,208 17204 .
67906 -0, 0120 -0.4122  8.4004 18768 -0.4888 1.2550 o.06k4 -6.9156 | Inthe LOS2hnei the weight
CHLOAEN B AAEh -05A3N BUS152 -85 17536 01626 -8 1806 1. 9080

BONGY DATZG 1203 002 BT Matrix and the Min-hMax
R.29E0 13617 -1.9776 1.1786 2120 15050 15010 00500 B.6722 i

D164 25154 08770 D600 02206 -0.1802 -1.9002 -0.upee -1.aps ||| VECI01S are siored Ineasy
S1.BBOR 02316 -1.2666 1.2942 -2.8108 -0.5300 -0.3572 -a.06% -1.5806 | accessible formwhich can he
2010 - ESRD —0.8R4E 15506 ©.231h y
52634 2,108 03190 21974 2,572 -2.1785 15000 -a.rees 1,952 | COPied and exported as
116 10T 03632 -8.5k2h B.ReTH -D.985 0,380 8469 8,59 | gperational networks to other
1.A73E 1.BEID 0.6A16 00680 ~1.1826  0.5110 ~0.8899 12220 —B.H358 P
S1.5726 15214 03960 8.5018 16180 applications
QSRS 0LITSZ -0TE% D7D L5912 1.922% -0.M0NE -0.7020 -B.6320
BLOSIN 07774 -0.T66  1.8050 -R.2902 1.1725 -D.MGSH  Q.0I86 1.0%4
AL0EGH 1 ATT0 0.FEZ6 -B.5STA -B.E7IE 1.06RE 0.0GED L1958 -B.BMDG
81336 -0.56 0,822 0.5132 00472 |
BA6E2 -1.210% 03080 A.300% -B.6RA2  0.R600 -0.5010 -8.6612 -B.A0GL
@076 10286 05188 A.2620 B.79R6 0.NZ92 00010 82100 61564
1.0082 1.8650 -2 3830 10638 19350 12730 0.3006  9.9246 8. 1584
26l 02954 0196 1.0610 -0.87k2

P16 ISSTZ 10508 1.W5T6 T.AZTN D273 0.3086  0.0680 -1.9784
102372 1327 0A5TE -RLHNIA BGETH B.1RE B.317R 11356 BUIS18
122W CLTEEE OIN BETEN 10208 1865 77N 1928 RT3
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Figure 15: Weight matrix

Running the network in production

After the network is trained and testing indicates that it predicts independent records satisfactory,
it is ready for use iproductionruns. We reservefirecords of patients in fileOS4dat These

have neither been used during training nor in testing the network. These wpreqagsed in

the same way as the training and testing data with the exception that we did not include the
length of stay variable as output target (pattern) scthis is the variable we want to predict
(Figure 16) When the preprocessing is finished, we produce a BrainMaker run file from

Run data file

Hethaker Professional - Losd. dat

F‘Inileed‘}:ﬁn]l.l;e:i;loll.l“s‘e‘d N;IL;;;dN;H;);ed“ Used NotUsed Notlsed Nollsed Notlsed Notlsed
Pniem|Pdm[)ia| dizgs |Mmlli‘mhahfdi|hypemenjsmnloe||hmsup.| ane |Iem1|ly] sex |

1 [ 5450 35 2 3 o L 1 1 20 unknown female
Z |3666 22 4 2 ] ] 1 1] g low male
3 |9s68 12 3 5 n L o n 4an unknown male
4 [2750 1 1 1 n 1 1} il 41 high female
5 | 8040 n 2 1 1 “ o 0 12 lowr female

These rows represent 5 new patients for which we want to predict ithe LOS.
Each column is treated as the 208 dai file, and the FileCreate Rurmning Fact Filz
is selecied when all preparations are finished.

Febuar 2, 2000 Svein Nordbotten 18

Figure 16: Run data file

NetMaker by selectindrile/Create a Running Fact fil& he BrainMaker run file is named

LOSA4.in(Figure 17.
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NetMaker LOS4.1n

Fie Coumn Bow Label Mumber Swmbol Dperate [redicators
Input  Input  Input  Input  Input  Input  In|
diags IrehabN| hyperte' smolmr|fam supi ange |

L facts run 0 0 0 a
_2 | 545”\"\”\%\ The first row of ihe
32 0 0 1 1 0 1084infile has only 2
_ A4 |3668 0 0 1] ] 0, words, facts and .
5 |2 [ ] 1 ] 1] 0 \

6 |as6s ] 0 0 0 o ™ "The present fact file has
73 ] ] 0 0 an 0 2 rows per patient.
Ta 2o 0 0 0 0 0
| . : 2 o a " It has no Pasizrz colum.
10 |s0an ] 0 0 0 0
I 1 0 0 0 12 0

Februar 8, 2000 Svein Hordbotten 17

Figure 17: NetMaker LOS4.in

To prepare BrainMaker for thgroduction run(Figure 18)

Preparing BrainMaker for a mn

HrainM sker Professional MMX Accele ated |Lm211 lm]

I.Iutmu BR800 Facts:
agt: 5 Total: 2888

Los4. i
Had: ‘1 B Last:

Learn: 1.8
F 1z L] Good: 48
D3 T ]

L

The Brainhlaker nust first read in the
a :  Bead Traring Facss From lm,a— ioms._| trained network £ 0525zt
Pe: € Head Testing Fas From [Leezin |
b Rt Rurving oot P W Biowea.. I \Sebct File/Fact Files and in the memn
e_: ¢ Foad Purring Facts From Civboard select Read Rimning Facts From LOS4in
T Click QK
Frir I Caresl
“‘*"“' fdnith Adit] Select File/Write Facis To File, Name the
e e — | output file L2524 ozt and check the
Dt Pl P . : . .
it P | s P |, Wt Ve | option Aunning Click OX.
" oo ]| B
liddera [t -] E e I Bt Facts
Dtpus [Muprkas =} “whits Facx To Fils Dung
Pt [Home ]| (T Tig T Testng 5 Aunng
N Open e | Cloes File |
Februar 2, 2000 Svein Nordbotten 18

Figure 18: Preparing BrainMaker for a run

1. Load network-OS4b.net

2. SpecifyRunnindfile asLOS4.iron the form obtained fronfile/Selet fact files

3. ClickSelect File/Write Facts To fdad name the output filkOS2b.out The production run is
now specified.

4. SelectOperate/Run Trained Netwark

The run will be finished very rapidly.

You canstudy theoutputpredictionsby staring NotePad and read the fil&DS2b.out{Figure
19). Five blocks of data is displayed. In the header of each block Fatletnumber. In the
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following lines are theniput values displayed. The predicted output value is printed on a separate
row.

LOS predictions

I ]
0 S450 =

2010 D.0AND  B.OARD  1.0E08  1.0808 ZE.091 1.0000 @.A000 0.AB00 B ARAR  1.a080
@.0800 a.0800 B.0800 A.0BRE B.0008 1 ARG P AB0R B_AROA . ARAR G_0RAR  6.A086
@ 0000 O.0000 B 9000 B.0000 P.OBDE O.0008 B.0008 0.0008 1.0000

11878
B 3668
20810

LBB0S @.0800 41,0000 0.0000 #0858 @.AE08 1.0000 ©O.0000 1.0088 0,000
[T 0A0D  1.0800 0.0E00 P.OBOD A.0000 B.A008 D.O0DE D AGOR  0.A000 . 0000
[T a.0800 A 0808 1.00080 0.0008 @.8608 @.A000 00000

F.n000 | V.0800 0.9800 B.08000 LE.G11 1.0000 G.0008 0.0008 1.0008 @.0000

10080 9.0A00  A.0A00  A.0U00  D.0B0A  B.AE00 B AU0R B ODOD  D.GRAA  0.a00e
d.eana | L0808 0. 0000 B.0000 O.0000 G.0008 1.0000 6.0000
LRt

1.0aus B0D 1300 A 0e0e  B.0800 41.817  B.0008 B Ab0a  1.a008 O aeea 1. asan
@.eana  a.dapa -0 a.0000 B.0008 O.0RN6 O.0000 10000 0.0000 O.0008 0.0000
S.BADD .08 LESTS B.0800  B.0808 B.0BDA  1.000R  B.O008 B, ae0

1376
L)
Z_mE1d 1 GBOs 8 RAD -0008 @ _ORGA 12 003 D_BOO0 1 _G0OA B_AEOR ©O_0DAD 1 _A0AR
g.eand 1. 080 B.AERD S PL0008  B.OADE O.0008 A.0008 0.0008  D.ARO8  B.0PBR @, aDen
a.wagd  0.0a0n aap 6.0808 1.AR0A 0.A000 0_0DOD @008 |
26.754

|

The LS. ot contaivs the reszidis of the prediction run. The results can not be
verified before the patienis are released.

Fehmar 2, 2000 Swein Nordbotten 12

Figure 19: LOS predictions

A trained network is frequently required as a component of an information system. The weight
matrices which we studied in the previagestioncaneasily be copied and embedded as a
module of a larger system. Prediction can easily be implemented with a few simple matrix
routines.

The BrainMaker manual contains many good advises for improving the networks, and it is well
worth to study the examples/gn in the manuglFigure 20)

Improvements

The manual proposes several ways to improve the application:
+ Design other networks and compare the performance.

+ Use alternative parameters and data flow controls.

+ Get more facts

For further details, read Chapter 5 and experiment with the

LOS data files available in the BrainMaker directory and at the
Floppy disk.

Februar 8, 2000 Svein Nordbotten 20

Figure 20: Imporovements
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Financial application

Our second regression application example is based on the tutorial in Chapttes 4 of

BrainMaker manual. We also use other data files which will be developed during our discussion.
You should find them all iDatafiles The purpose dhese exercisds to design and train a

neural network for predicting theice changesef a stock. Redictions like these are popular
applications, and many networks have been trained for this and similar purpose.

We start by discussing the data fiRrjcel.dat which you can find on your BrainMaker
distribution disks or ifDatafiles This file haslO cadumns. The first column contains a day index
indicatingtime. Time is an important element of this application. The second column contains
the values of thericevariable,BD10Q of the stockBD. It is the changes in this price we want

to predict. The remining8 columns represent input variables by means of which we will try to
predict the changes when the network has been trained.

By means of NetMaker, the filRRICE1.damust be preprocessed to a form which we can use.
The preprocessing operatioae:

o differences in the columBD100between day t and day1, have been computed and shifted
down4 rows from day to t+4. These are the values in the coluB+4to be predicted,

e variable names ending with a D indicates tHdterenceshave been computed between day
and dayt+1,

e variable names ending witld are variable columns of which have been shifted up 4 rows, i.e.
from dayt to t-4, compared with the original

e BDAvgds a variable computed as the Bieragebetween dayt and dayt-1

e the first columns labelednnotate the BD+4column is labeleghattern (target),and the
remaininginput

The result is the fil®rice4.dat(Figure 21) Detailed discusion of analysis and data

Financial application

The application reviewed 15 based on the tutorial example Financial
Forecasting in the BrainMaker manual. Our application has 21 input
variahles derived from the original file Price dat:

BDIOOD  pricelD priceZD index1D index2D

line streng utillr transp D BDaved
indl-1 indl-4 ind2-4 line-4 Stren-4

util-4 tran-4 BD-4 pricl-4 Pric2-4

Bdavg-4

and | output variahle: BD+4

In contrast to the medical application, the Financial application has only
continuous valied variahles. The number of observations 15 176 after
deriving the different variables. The file is called Priced. dat.

Febrwary 14,2000 Swei Hadbotta 1

Figure 21: Financial application
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preprocessing functions:

Operate/Make Graph

Prerequisites

It should be noted that the Price4. dat file was produced by
means of NetMaker from the original file Pricel dat using

Column/Shift Column Down

Operate/Difference Column  Operate/Repeat
Operate/Cyclic Analysis Row/Delete
Column/Zhift Column Up ColumnDelete
Operate/Moving & wverage Labelf .
Operate/Data Correleator

Febrway 14,2000 S Hodotn 2

Figure 22: Prerequisites

Preference options

g - Prigu32 DAT

- Nl akos Proofossionas
¥ Sk [T

b
Inrut

Annote  lnput

Input Tnpat Input  Input

day !Indaxlnllnﬂaxznl line In"nngl il i|raﬁs|

Febmaary 14, 2000 Sred Hadbattan

Ol [V Cromon Froteroneos——___EAJg

2

3 B Create Test File With [yo Forcent of the Facts

a I Recurrent Pattemns: Use Last ([ Frstte rns

5 I Hecurrent Inputs: Use Last o Inputs

6 I MinfMax Hange Sel To +[1 667 Standard Deviations
T ™ Merge Duplicate Symbols 1

& Metwork Display 1s: ™~ T Ther .

] Ok | Cancel I ]

|y BLLLE B L srT Gy ]

Select File/preferences. We accept the default to save 10%, 1e.
1% observations, for testing We still have 158 rows for traming.

3

Figure 23 Preference options

113




Specifying BrainMaker files

We name the training file Priced fot and the test file Priced tst.
Al unmarked fields (the last 10) 13 marked Input

The rows are Row/Zhuffle Rows, and File/Create BramMaker Files.

Febroary 14, 2000 Srein Hadbottan 4

Figure 24: Specifying BrainMaker files

- Cleaning up the Priced.def

nput munber 1 1 |

putput menter 1

I ot 24
Filename Crainfacts PRIGES.foE
Filename testfacts PRICES.tst
weale imput mindmen
2 .n o

S P T RETR B T ] dan a_rn aam
T S T T TN A e ~E3 Gk 201 -16F

1ma aE.27  h.oA 156 a7 6w
2r.nY AE7.04  AEm meonm aom Tun

a.ur aon 10
Seale output mininen
1

n5
ceale oatput st men
1%

=

The Priced def has by default a number of data which are only used to
display current processmg With a reasonably fast processor, following
the displays 15 impossible. For more efficient processing, the

definition file can be cleaned up as shown.
Fehmuary 14, 2000 Srein Hadbottan 5

Figure 25: Cleaning up the Price4.def

preprocessing can be found in the BrainMaker ma@bhapterd. ThePrice4.datfile is almost
ready for being transformed to BrainMaker fi{€sgure 22) The last operation is to partition the
initial data intotraining and test fils (Figure 23) This is specified by clickingile/Network
Creation Preferencesefore finishing by clickind-ile/Create BrainMaker FilesThe traiing

file is markedPrice4.fctand the test fil€rice4.tst(Figure 24) Make certain that the created
files are stored in BrainMaker or some other place you catrieve it from. Please also note
that we use different files than the BrainMaker tutorial.

The NetMaker generation of BrainMaker files result8 fit es,training, testingand definition

files. The definition file Price4.def starts by specifying theumber ofinput variables21, and
then lists alictionarywith name labels for all input variables. A name label is also given to the
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output variable. One hidden layer wi2th neurons is specified, followed by display
specifications, etc.

The definition fle can be simplified by removing unwanted specifications as showigime 25
You may want to change the defa2dtneurons in the hidden layer. We used 16 hidgeurons,
and selecte@€onnections/Change Network Simam the menyFigure 26)

The neuron topology

Chango Netwark 5 x .
LL ST [x] The number of hidden neurons

FectFla 21 e was set by default like the number
I Recuret 0 ——— of input wariahles.
Humbe: of hiddenlagees: = |1 s
Recurent | Using the | Rule for no. of hidden

neurons, we arrive to
(21+1)/2=11

Using the 2. Rule:

(158*0.13=16

We decide to use the 2. Rule.

Febmaary 14, 2000 Srei Hodott e L]

Figure 26: The neuron topology

Specifying the training

Trasining Contsal Flos £
Tokstanoes: STOP TRAMNGWHEN:
Traung Todarurscse 2700 i = i
TnuumeziJ'fl‘. 1000
I™ Talsranca Tusing I %of Ginad Tusning Fack h
Stat Trairieg Tooranca: 7 100 = TraningéogEnance it
Mlm.mmub.ﬂ. ™ TrarngR-squased »= |15
Lovwur when % prodiaet {100 I~ Training Scquweedd Enm cufa 15
If Telrarca Turing
Tt 1 Tidiireg -

r
R — P TesopeEuy 1 Fum 1F Tewling Whis Trerwg:.
[~ Tasl ARelEvii 100 Fackr T~ A Tiaaing Fasctis Ay Getod
r nwuulm_;‘;"mm %6 Tasling Fschs 0
[ TestegAvgEnoics,  [076
" Fendiobmy [§ M | [ fesegRegunds, 1%
™ Testing Bquered Encu o (008

| ool
We want to use narrow training and4€sting tolerances:
L We select to Test While Trainsriz, and Save After Every 5 Funs,
and set to stop criteria.
Febrary 14, 2000 Swein Hrdbottm 7

Figure 27: Specifying the training

A next steps to tune the training parameté¢Fsgure 27) Note that the training and test
tolerancewvere set to 0.05 and 0.08, respectively. In the example, a test dditiezltnetwork

was specified to be performed after each run, that étbmyetwork should be saved, and default
file names of the statistics files were accegtgdure 28) The training was set to be stopped
after run 1000 if the training was not completed at an earlier run.
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Fact files and statistics
|
1 Haad Timnwg Fact P [FRIGE 210 Bewe

 Boad Tetigs Fiacts Facm [PRICES 12 F=—The Fact files to be
 Flnad Purving Foets Froe: Jooms..| read must be named,

™ Fead Puwing Facts From Ciptoad

... and the Statistics files to
must be specified.

Figure 28: Fact fi8les and statistics

In our application, the training of the network went on until the run 1000 stop criterion was met.
Figure 29indicates that the training expressed by the RMS has flattened out and there seems to
be no reason for continuing. By means of NetMaker, the plBtioé4.4s can be studied in

detail andRMS can be seen to be ab@u045

Training the network
# BranMake Protecronel MM Sccebmsted [Praced def]

[Paitimg BR15:32 Faets: PRICEd. fee Learm: 1. Telewvanes: @
Face: 18  Tetal: 158008 Bad: 3% Last: 48 Goad: 8

0.nam 0500 1.8

0.000 ! —

Funs GG ta 9&@..”.

The training stopped at 1000 runs. This was one of the set stop criteria

Fehmoary 14, 2000 Srein Hadvotba, 9

Figure 29: Training the network

However, more interesting is the study of thetstatistics file Price4.sta which indicates the
performance of the trained network applied to thepedéeent test dat&igure 30shows the plot
of these statistics. The plot indicates that the best RMS is alii@@which appears about run
number488 After thisrun, the RMS for testing is increasing, a symptorowr fitting.

We saved eachth version of the trained network and were able to return to vedS§i6(Figure
31). This version of the network was read back into BrainMaker and train8dfore runs. The
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Testing RMS
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Run: 88091 RMSFrne 1897
The EMS error went down to 008973 in the 485% run.
Fehmaary 14, 2000 Srein Hadbotte 10

Figure 30: Testing RMS

Versions of trained networks

e borwok Pz WA
Lock jn [ €3 EraiMaker 2 1 e | =i | =l =

8| Fun[0440net @8] Runl0475.net 18] Rurdi0d 56 nat &) Rurdos30
@) 0445 net 0| Run00480net (D] Aur00S00ret ] Aun00S3S
S| Funl0dslnet &) RunlldiSnet (SRS ret  [E]Aundi5d0
) Aun(04S5.net 9| Run00488net [ Aur0S10ret (8] Aur0S4S
A Funl0460 et @] Runl0489. ret 18] RurdICS1 5. st |2 Rurd0S50
] Fun0465 net (] Run004%0net  [E]Aun00S2 et 8] Aun05SS
F|Rw004T0Ret @ Ru00493 et 8] Rw00SX et 8] Aur0OSED
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Films of e [Netoor Hes o ﬂl
I Open 2 iead-oiy '

AL

We use networl version Run004 85 net to compute Fun004 38 net
which we rename Priceda net.

February 14, 2000 Srein Hadotta 11

Figure 31: Versions of trained networks

trained version of the network after rdB8seemed to perform best according to the test fi
This version was finally saved Bsice4a.netand used in the following analysis.

The test file was also run separately with recording of each individual predi€iipme 32)
The options frontile/Write Facts to Fileof the BrainMaker toolbar are many, and some will be
investigated more in detalil.

Different versions of the BrainMaker software have different capabilities. The Professional
version offers an intesting possibility to study theensitivityor influence of the different input
variables on the target variablégure 33shows average negative/positsiéectsof input
variables on the output variable by bars to the left/right of the vertical line. The effects are
measured by automatic variation of each input variable withispeeified limits and observing
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Prepare individual predictions

We want to study the indiwidual predictions.
Read in Priceda net, and prepare for a separate test run with
recording of the predictions:

| Diaacs Foe Fomats
 Red Triring Facte Frae [PRCE 10 s | ks el Oupus | Bt Fcts | GaonhFie | Mowerk: isckers
(" Ao Tesing Ficks Froeg) [PRICE L1 Hroms=._ vl Lapees Ay =
T~ Fnad Purwing Fact: Froa Erowsze. BN Hurtet 3
I Flnadformng Facts Fron Oboad i [ ]
IEII = I LS e |
Pattow |Hore 4 ™ Tasiring | Tasting I Running
Enm [Nore 5] Uanial ol
Febmaary 14, 2000 Smei Hondbottan 12

Figure 32: Prepare individual predictions

indexiD
index2D
line
streng
utilD
transpl
BDiBaD
pricelld
price2Dd
BDAwvg2
indi—-1
indi-4
ind2-4
line—4
stren—4
util—<4
tran—4
BD-4

pricl-—4
Eric2—4
Davg—4

Fehmary 14, 2000

Sensitivity diagram

iFact: D Output: BD+4 O] x|

Srein Hardbotta,

BrainMaker Pro haz a
feature which permits

a systematic analysis of
the sensitivity of each of
the input variables.

Bars to the leftiright
indicate negativel/positive
sensitivity. The sensitivity
1 proportional to the
lensth of the har.

The bars can he
considered as graphic
‘regression’ coefficients.

13

Figure 33:Sensitivity diagram

the change in the target variable. The relasive of the effects isxpressed by the length of the
bar. In the prediction model we trained, the input variaBl@8vg2 and pricelD, had the
strongest positive effects, whikD100D andind1-1 had the strongest negative effects. More
precise charts can be obtained from BrainMaker (Professional) t@otbéysis/Sensitivity
Analysisshown inFigure 34 The sensitivity measurement is still primitive since no account is

made for simultaneous effects.

Based on the sensitivity analysis, we may ask if there are variables astii@oingeffects
included among th21 input variables, in other wosgcan we obtain better results if we
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eliminate any of the input variables? We selected the most influential input variablds duoen
35 for training asmallernetwork with only8 input variables. The network was defined by

Sengitivity figures

BrainMaker produces a special report on the sensitivity analysis:

[Dutpit 41 (ED+A): fAbsHin Abshax Mean  Gbsbiean Shew .
Tegut E18 (EBAg2) BV 03937 B2EMN 0248 03569 The sensitivity is
Tnput B [Bavg-4) BOBSE D71 9.5195 L0006
Imput EF {tran-%) B 0527 AR E!XprE!SSEd hy the
Isput B (indenil) [ R
Taput. B15 [stran-k) BN 0027 8.E169 mean effect on the
Tsgut B4 {5trengd BN 0.0 08168 output variable of
Iagut £22 {pric?-4) BANE D0GSE ©.6166 i
Input E16 {wtil-%) .00@ D028 G082 Changmg each
Imput W3 {imd2-%) B.AN09  D.0ARD BT . iabl
Tngut B8 (transpb) [RTITa NT input variable
Inguit £8 (priceid) BN 001 -2, 0B D011
fnput £10 {prict-k) BNGD 0.tAY -0 0028 0.0807 @608 Vah_m of each
Imput B2 (index?l) 000 D031 -E.A0WG B.BA1T RLEIET tesnng fact bs:r
Inpiit B5 (utilby E.anth  B.A3T7 L0076 B 029K B, 80FD o
Ingiit £14 {1ine-) BANM? 00398 -B.BZ6 D026 BLEWE +- 10%. & greater
Input E18 {B8-4) IR R R L ] el
Input €3 (Lise} G2 00520 -5.0288 0,020 mean indicates a
Tnput 12 {indi-4) BOISE D093 -6.004 0038 0, higher effect than a
Tngut B9 (price2n) BOTEN 00598 -5.H3N5 0,63
Input £19 [isd1-1) BT 007G -85 smaller. Chserve
Isgut &7 (001080 B2 0B -0 AT NATT RS
Rput 87 (D01080) * alzo 5t Dev.

Fehmaary 14, 2000 Srei Hordhottan 14

Figure 34: Sensitivity figures

Revized model

We return to file Priced dat in MNetMalker, eliminate all

columns except for the & wariables with the strongest influence on the
output variable:

EDAvg? #10), BD100D @7, ind1- L#1 1), price 2D, indl-4(#12),
line{#3), index1D(#1) and trans-4(#17) | store the file as Pricedr dat and
create Pricedr.def, Pricedr fot and Pricedr tat.

We specify the network as for Priced. def except change to 10 hidden
neurons, denote all files with an appended 't* before the extention,
train and test, and obtain the final Pricedr. net. Minimum EMS for the
test set was indentified after 321 runs. The RM3 for the predictions of
the test set was 0.0206, less than the 0.0893 for the full net.

We make a separate test run to obtain individual predictions for the test
sample which 1s saved in Pricedr out, and export the results to EXEL.
Febrway 14, 2000 Srei Hoboan 15

Figure 35: Revised model

Price4r.defand the trained neteresaved a$ricedr.net The number oiiddenneurons was
reduced td 0. This is a high number cqrared with the8 input variables, but a few experimental
runs indicated that it was a good specification.

A repeated sensitivity analysis is presenteBigure 36andFigure 37 In general, the effects of
the remaining input variables seemed to be strengthened, arférme@D, had changed sign.
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Sengitivity diagram
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Note that:

input variable 3 has a negative effect
input variahle 5 has a positive effect

Fehmaary 14, 2000 Srein Hodattay 16

Figure 36: Sensitivity digram 2

Sengitivity report
T

Output W8 (Bh+&): AbsHin AbsHax Hean AhsHean Shew

| Input B% {(BOAUQ2 )Y R.191E B.37E 82542 D.2562 D.oD3%4

. Inpuk N8 (Etran-h) B.BOEY  B.RA32E  B_BEEZ  B.8117 @993
Input #2 {line) W.EOBE  B.E2FS B.Pl2A B.B1OE D.dEZh
Input #1 (indexib) BoBalk  BoBATA B_ARZE 6.01%1 B 8i9i
Input #7 {ind1-h) B.BOET  B.BKST -0 022 B.8167 @08
Input &% {pricezb) (U 1L D] .85 D.pIES Db
Input @& (indi-1) B.BE19  BoASES -0.8E2Z2 @.63RA O.@083
Input &5 {(ED1GOD) E.EU5% BOIERY -DO1538 BU153E DLD262

The sensitivity test 15 made on a sample outside the observations
Used for training. [f we consider the value of Absmean/Sdev 1t
should be a measure which can be an indicator of significance..

Fehruary 14, 2000 Srein Hardbottan 17

Figure 37: Sensitivity report

We can easily compare the predictive power of the two prediction models for example by
computing the simple linear regression betweextictiveandtargetvalues for thel8 cases in

the test file Figure 38shows that the smaller model is theperiorfor predicting the changes in

the stock price. The explanation is most likely that some of the variables in the larger medel hav
an disturbing effect on the weights of the trained model resulting in inferior predictions.

What about increasing the number of hidden layers? We tried a networX hwittlen layers

with 6 and4 neurons 8 layers with 64 and1 neurons), respectively hE result was further
improvement as shown Figure 39 The structure may be improved by further experimentation
with the number of neurons in the hidden layelts, e
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The extreme point deserves attention.
February 14, 2000 Srein Hodbota, 13

Figure 38: Comparing performances
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We discussed the extreme result at the SouthEast quadrant during the
Lecture. Here 15 another network, 2 hidden layers with 6 and 4 neurons.
It solves the extreme problem, and gives a correleation R=0,949584

Febmoary 14, 2000 Srein Hodottan 19

Figure 39: Multi-layer network

A simple linear regression equation based on the data in thi&itt4r.fctwas computed.

Figure 40shows the results. The predictions using this regression equation on the test file data
compared with the muHlayer network discussed in the preceding paragraph is displayed in
Figure 41 As we see, the simple linear regression predicts better results than the complex non
linear neural network. Why?
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Linear regression

We can use the Pricedr fot file as basis for a multiple regression

estimation which gives the results:

Coefficients  Standard Error t Stat

Intercept 24 577008298 609433136 3, BE5S030265
X Wariable 1 1,320948512 034000575 3885076974
X Wariable 2 -0,400791748 0112327868 -3 568052021
X Wariable 3 -0960411624 0030552377 -31,434592322
X Wariable 4 -45 36368534 1588962506 -2 854924494
X Wariable 5 193064235 0041057459 46 34565795
X Wariable B -1 728567171 027665029 -5 248205007
X Wariable 7 -0,340133156  0,208388924 -1 B32203621
X Wariable 8 0763948694 1395503966 0561727189
Febmuary 14,2000 Swei Hadbotta 20

Figure 40: Linear regression

Regression/network

Predicted by sbserved
Regression

Fredictad by chssrsed
Jdayer nebwiork

E % _; 8 i LB 10 ol 9w
v ... - * “ -0
o "
Oimervad Olrserred
R=0,976329 R=0,849584

A5 shown, the multiple linear regression gives an even higher correlation
than the multi-layer non —linear network One possible explanation may
be that the artificial data were generated by means of a linear model.

Fehnaary 14, 2000 Srein Hordvottan 21

Figure 41: Regression network

Exercises

a. InFigure 8about the LOS network connectiodd,hidden neurons ith layer are used. Try to

specify 2 hidden layers with 10 neurons in each, train the network, test the trained network and
conmpared the results with those reported in this session. Discuss the factors which may cause the
differences.

b. It is frequently argued that NN detterclassification than regression. Look up the original
LOS.daffile and investigate the distribution dfe continuous target variableQS You will find

that the minimum value is 7 and the maximum 182. Try to divide the range into 10 categories.
Redefine LOS as @ategoricavariable with categories referred to by the symbols 0 to 9 (or the
letters A to J)Apply the knowledge you acquired from Session 5 to train and run a Neural
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Network which predicts the probabilities that each example belongs to the different categories.
Do you get any interesting results? What kind of precision do you obtain?

123



Session 8: Imputation

Small area statistics

Our societies are rapidly becoming more dependent on detailed information about the
socioeconomic state and developmentforll areagnd/or groups. On the other hand, demands
for more detailed statisgoccan often not be served by traditional data collection and processing
because of the associatedh costsMany requests for the 2000 Population Census preparations
indicate needs, which the national statistical offices will not be able to serve.

Censises are frequently supplemented veittmple surveygo obtain statistics too expensive to

be collected on a complete basis in the census itself. Unfortunately, traditional estimation
methods will not always provide reliable results for areas or grotips dreas aremalland/or
samples from these abelowa certain size. In this session, we illustrate how useful small
areas/groups statistics may be provided by methods studied in previous sessions. For a more
comprehensive discussion of the experimesgeNordbotten1996 Nordbdten 199%nd.pdf

file.

Data available

Twoexperiments were performed biorwegian population dafeom the1990Population
Census. Data for two municipalitiggdunicipality | with 17,326individuals distributed t®6
census tracts, aridunicipality Il with 10,102individuals distributed td4 census tracisvere
used in for the experiments. We shall focus our attention on imputation estimates f@0these
small areas

The 2 selected municipalitiegiffer in several respects. Municipality | is located in thieldle

part of the country near a city and with a mix of farming, manufacturing and transport as its main
industries. Municipality Il is located in therthernpart of the country. Fisheries and fish
processing are its main industries. The average census tract size of the Municipalil0was
inhabitants while the average size of the tracts in Municipality 1128&snhabitants ifl99Q

For most municipalitiegn Norway, survey observations were collected from samples of the
inhabitants in addition to census data available for each individual. The two municipalities used
in the study required, however, statistics basedoomplete countalso for the survey vables

and paid Statistics Norway for the additional observations themselves.

In the experiments, wa&mulatedthat a simple random sample surveR@i07individuals was
taken also in Municipality | and that no survey observations were made at all inipadity 1|
((Figure 1). Neural networks were trained on the data from the sample of Municipality | to
impute survey variable values for individuals in Municipalityt included in the sample, and
for all individuals in Municipality Il. Because complete survey datatedfor both populations,
anexcellentbasis existed for testing small area imputation estimates and their predicted
accuracy.
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Population

Municipality I Municipality .  Other
municipalities

Not in Not in Not in
survey survey survey
Population 15.319 10.102
persons persons
In survey
2.007 In survey
persons

Administrative areas

Figure 1: Populaton

Sizes of census tracts

Themajority of census tracts in Municipality | have fral®0to 300inhabitants with an average
of 310, a few tracts have more tha@00inhabitants. Because of teewdistribution,manyof
the tracts would be represented with20 individuals in a simple sample survey of 2000
individuals. For these tractsaditional estimatorsould not be expected to provide useful
statistics.

The tracts in Municipality Il have evemallerpopulations than tracts in the first municipality

The average tract h@80inhabitants. Out of thé4 tract,32 have less thaB0Oinhabitants and
13less tharl0Q. In our experiments, no sample survey was assumed at all for this municipality,
and traditional estimates could therefargbe computedtaall.

Variables, imputations and mse

The census provided individual values for a large number of variables and these were
supplemented by a rather extensive survey. In this session, we focus the atteftion on
categorical variablesom the surveyKigure 3. These were transformed18 binary (symbolic
in BrainMaker terminology) variables. From the cen87s/ariables were used.
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Categorical survey variables

Cohabitation: 9 categories

Means of transportation: 6 categories

5 March 2001 Svein Nordbotten 2

Figure 2: Category of survey vables

Two neural networks representia§ simultaneousmputation functions were used to impute
variable values for each inhabitaiidure 3. The first networkncluded a set 0 imputation

functions and provided individual probabilities for each binary variables representing the main
Cohabitationfor each individual (only the main cohabitation was used), while the second
network provided probabilities for atsaf 6 binary variables representing the mieans of
transportationcategories. The variables with the highest probabilities in each set were set equal
to 1, while the remaining binary variables were set equal to 0. Both networks used the individual
values of thed7 census variables asdependenvariables. In addition, both networks included

25 latentor hiddenvariables.

Network variables

9 binary 6 binary means of
cohabitation transportion
variables from variables from
survey survey

97 census variables

5 March 2001 Svein Nordbotten 3

Figure 3: Network variables

Twoexperiments were carried out. In the fistandomandmutually exclusivesamples were
drawn fran the population in Municipality I. We assumed that the survey was carried mathin
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samples. Samplecountedl845individuals. Data from this sample were usetidon the two
networks with5.240weights. Sampl@ comprised only65individuals and itslata were used to
estimatethe mseof the imputed variables. These samples had together approximately the same
relative sample size used in the 1990 Census for most other municipBiiies (9.

Sample sizes

Total population: N=17.326
Sample 1: n = 1845
Sample 2: n,= 162
Sample 3: n, = [5.319

5 March 2001 Svein Nordbotten 4

Figure 4: Sample sizes

Cohabitation variable rmse
Cohabitation Sample 2 Sample 3
Variable: rmse, rmse;
Nobody 0.249 0.251
Spouse 0.163 0.164
Cohabitant 0.199 0.200
Children 0.270 0.271
Parents 0.188 0.189
Siblings 0.222 0.223
In-laws 0.054 0.054
Gr.children/gr.parents |0.061 0.061
Other 0.174 0.175

Figure 5: Cohabitation variable mse

An imputation estimatef each total was computed as the sum obtheervedrariable values
for each of th&,007inhabitants in théwo samples and thenputedvariable values for the
remainingl5,319individuals in Municipality I.

Meansandrmsefor the15 survey variables were computed from San#l€hermsefrom
Sample3 were used for evaluation. The results of the comparisomasa#s for theCohabitaton
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variables are presentedhigure 5 The figure indicates that tmmsés from Sample 2 are good
estimates.

Imputation estimates for Municipality |

Both producersnd users of statistics wish to identify which estimates belong tadghe
accuracy estimate3he producers neede@ol for providing quality declarations while the users
needaccuracy declaratiorfer evaluating the usability of the estimates for tipairticular
applications.

Altogether840Y'-totals were estimated and corresponding tardetals computed for th&6
census tract areas in Municipality I. For each imputation estimatentheation erroRMSE
was predicted. The following accuracy igglwas assumed:

o estimates errorgY'-Y| larger than5 persons are regarded asacceptableand
e users are willing to take theskthat 1 out of 4 estimates were incorrectly rejected.

With this risk, the policy impliesejectionof an imputation estimatif RMSE*1.15>5i.e if its
imputation erroRMSE >4.3 To test thevalidity of using theRMSEs for predicting the

accuracy of the imputation estimates, 5i9d cohabitation estimates were classified as rejectable
if RMSE>4.3if not they were classifieds acceptable. Because the real totals were available in
the experiment, the imputation estimates were cross tabulated byetiideviation from the
targets. The results are givenFigure 6

Predicted/observed accuracy. Cohabitation
Municipality 1
Observed
<=5 >5 Sum
<=5 363 o7 430
Predicted >3 51 23 74
Susmt 414 90 504
5 March 2001 Svein Nordbotten 6

Figure 6: Predicted/observed accuracy. Cohabitation. Municipality |

Two types of errorswell known from statistical theory of testing, can be used for the discussion
of accuracy prediction. From assumptions made, wedvexject that the number oype |
errors,rejecting incorrecthestimates that satisfy the requirement, would be lessli®@n

estimates 025% of the estimates. Figueindicates thabl, or only10%, were incorrectly
classified not to satisfy the cotidn. Type llerrors,accepting incorrectlgstimates that do not
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satisfy the condition, wer@7. Figure 6shows thatt30 Cohabitationimputation estimates for
smallareas were predicted acceptable. Out of tte&were correctly predicted while 57 were
incorrectly predicted as not acceptablelype llerrors are considered relativelgriousor
expensivea constant less tha@n3will reducethe number of thesarers, but at the same time
alsoincreasdhe number ofype lerrors.

For theMeans of transportotals,Figure 7shows tha83estimates were predicted to deeiat
from the targets with or less individuals. Th&ype llerrors committed wer&8 estimates
incorrectlypredicted to meet the condition. Thgpe lerrors made were onBor less thar3%

of the336estimates. These figures indicate that accuracy preascbased on imputation errors
can bereliablefor applications of the type considered.

Predicted/observed accuracy. Means of transportation
Municipality T
Observed
<=5 >5 Sum

<=5 235 48 283
Predicted >5 9 44 53

Sum 244 92 336
5 March 2001 Svein Nordbotten 7

Figure 7: Predicted/observed accuracy. Means of transportation. Municipality |

For release of survey statistics, Statistics Norway usedbication rulefor the1990 Census

results stating that only estimates wattefficients of variatiotess thard.3 should be published

in printed tables. In the experiments, a similar requirement was tested and gave results for the
imputation estimates similar to those reportedve and far better than those obtained in the
census publicatiorNordbotten 199p

Imputation estimates for Municipality 11

In the secondx@eriment, Municipality 1l was assumedtto be surveyed at all. The neural
networks trained in Municipality | were assumed to hagerzeral validityand used to impute
individual survey variable values fail inhabitants in Municipality Il. The indivigal
imputations were aggregated@60imputation estimates for population totals in #decensus
tracts of the municipality.

Figure 8shows thaB96 Cohabitationimputation estimates were computed. Out of the$s,

estimates were predicted to have an acceptable accuracy out of3@eheincorrectly
accepted81imputation estimates were predicted not to meet the requirement of an éar of
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less. The accucy prediction failed to acceg# estimates, which welecorrectly rejectedOf
the 396 imputation estimates, 83 % had the required accuracy.

Predicted/observed accuracy. Cohabitation
Municiupality 1T

Observed
<=5 >5 Sum
<= 285 30 315
Predicted >5 44 37 81
Sum 329 67 396

5 March 2001 Svein Nordbotten 8

Figure 8: Predicted/observed accuracy. Cohabitation. Municipality Il

The accuracy of the estimates kdeans otransportationtotals are reported irigure 9 88% of
estimates had errors 6for less individuals. The accuracy predictions classigtof

imputation estimatecorrectlyas acceptable or not. The figure indicates that 33 estimates were
incorrectlyclassified as acceptable whenytlsdould have been rejected or were rejected when
they should have been accepted.

Predicted/observed accuracy. Means of transportation
Municipality 11

Observed
<=5 >5 Sum
<= 220 21 241
Predicted >5 12 11 23
Sum 232 32 264

5 March 2001 Svein Nordbotten 9

Figure 9: Predicted/observed accuracy. Means i@risportation. Municipalityll
This experiment assumed that no survey data were collected in Municipality 1. No neural

network could therefore be trained in this municipality. It was assumed that the relationships
between survey and census data were diaréhe municipalities. Imputations networks derived
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from data for Municipality | were used to impute yaNariable values for each individual in
Municipality II. The imputation estimates computed for Municipality 1l included therefore
observed valuedaking into account that these estimates were completely based on individually
imputed values, both the real accuracy and the prediction accuraeyraméablelt is even

more remarkable taking into account that the neural networks anch$keesed wee borrowed

from a very different municipality.

Extreme individual errors

For Cohabitationtotals in Municipality I, theéargestdeviation between an estimate and the
corresponding target total was for the number of individuals living alone in a trach vatal
population ofl,046persons. The target total for peofleng alonewas248 which in the
imputation estimate was underestimated \@#hndividuals.

For Means of transportatiototals,largerdifferences were identified. Estimates for thentver

of people reported to usecycleas a means of transportation to work demonstrated great
deviations from their targets in some areas. In one tract, the target total of inhabitants who used
bicycles as their means of transportation to work 1% The imputation estimator
underestimatethis total with66 inhabitants. The explanation seemed to be thabth@ogy

permitted few other means of transportation than bicycle in this tract, which was not reflected
well in the imputation network trained adtd from another municipality.

Four statements needing further research

e Imputation networks can be trained impute individual survey valudeom census data.
Trained networks can subsequently be used for imputing individual survey variable values for
non-sampled individuals using census data as input to the neural networks. The available
observations and the imputed values can be added up to imputation estimates for population
totals.

e Imputation errorscan be computed aBMSHising thermsefor residualsbetween individual
imputed and target values from an independent sample.

¢ Reliablestatistics based on imputation estimates can be used for areas too small for traditional
estimation.

e Imputation networks developed for one municipality can in some apjidica be applied also in
other municipalities.

Exercises

a. In session 9, we used the fiteR.datas starting point for investigating accuracy and
generating BrainMaker files. We developed the netviocR.netfor imputing individual
variable values.n the fact files, a categorical variable narRetjionwas used to derive thke
symbolic variableseglto reg4. Assume that these adesmall areain an area represented by
the100records inncRB.tst They have an average size2&findividuals.Investigate theeal
number of inhabitants represented in each small area.

b. I have decomposddcRB.tstinto 4 subfilesnamedincRB1.datIncRB2.datIncRB3.datand
IncRB4.datwhich you will find inDatafiles Create BrainMaketestfiles (0% training files!)
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Use the networkncR.netto testeach of the four files. Use thsein IncCRA.staestimated from
the validation sample to make accuracgdictionsfor the imputation estimates of the income
totals for the four small areas.

¢. Runindividual imputatiors for each of the small areasim upimputed and target values
separately andomparethe predicted and real deviations. How successful were your predictions?

d How do traditional estimates for the four areas compare with your imputation estimates?
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Sesson 9: Optimization

Additional software from CSS

California Scientific Software offers an additional package calle@Gthestic Training Option

This additional software contains two programs which can be used in combination or
individually to find the besneural networks topology within a specified set or subject to

specified rules. The first program permits training of a number of networks with different
parameters within specified ranges. Each trained network is tested and ranked by performance.

The seond program represents a genetiolutionof networks. Starting with a pair of parents,
some of their weights are 'mutated’ and by 'con&s’ their weights are copied to a child which
is tested. The best trained networks are saved for further evolotimparison and use.

Since the Student version of BrainMaker does not include these features, we describe in this
session the general structures of the programs, demonstrate their use. Interested students are
recommended to contact CSS and try out thgnams themselves. In the present session, the
students are therefore only required to study the data files.

The Genetic Training Option

The GTO can be considered as a package wiaitththe BrainMaker program as a subroutine to
do the necessary training/hen opened, the program displays a toolbar fithas theonly
option. Clicking therile, we get a menu with the following items:

Select Network File
New Optimizer

Open Optimizer File
(Save Optimizer File)
New Genetic

Open Genetic File
(Save Genet File)
About GTO

Exit GTO

The?2 options in parentheses, appears only wheriearantfile has been created or opened.

Use of GTOrequiresan already trained NN saved asatfile, e.g.LOS2.netwhich has first to
be opened b¥file/Select Network Fe. The next step will be to specify a newtimizeror
geneticfile. After specification, th®©ptimizer/Genetitile can be saved and-opened later for
execution.

Optimization of networks

We will start to discuss th@eptimizerprogram. For illustrationwe use thestock price change
application discussed in Sessi@r{Figure 1) The task is to find theptimal network within the
set
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Searching for the optimal network

BrainMaker comes with an additional prograrm called Genetic
Training Cption. This program can be used to search for the
network design which gives the best results . There are 2 ways to
search for a good network design:

1. Search among specified networls.

2. Bearch among networks produced by genetic evolution

We shall use the stock change application from Lecture 5 as an
illustration of the first strageey. If vou look back to image

20, you will remember that we used a network with 3 input sources,
two layers with 6 and 4 hidden neurons, respectrvely, and the
output neuron It gave results insignificantly different from the
linear regression. In the search for an even better networls, we
shall inwvestigate the 20 networks obtained by combining 6 to 10
hidden neurons in the first layer and 3 to & in the second layer.

March 19, 2000 Srein Hadbotban, 1

Figure 1: Searching for thoptimal network

defined by hidden neurons in laykebetweer8 to 6, and in laye® from 6 and10 neurons. The
total number of networks in the set, which must be trained and evaluated, is thér&fiz6.

The packag&TO uses BrainMaker's features witb interference required from the user. After
starting GTO, we select the optieile/New Optimizer Fildrom GTO's toolbar. Next step is to
open a networkdefor .netfile. Under the optior©ptimize/File the network we want to work
with is thePricedrnet The training and test files alRgicedr.fctandPrice4r.tst From

experience in Sessidh we limit the number of runs through the training exampl&0@runs

for each alternative. We decide to test after each run. The program itself prégoSes

extension for the output filéEigure 2)

Introduction to GTO optimizing

o i Tasenng Optien

o7 Ganslie Tiaining Oplisn

Fiw

Selent Matseork Fike Moibwark fils: Pricedrr.net

- G omedic Trabres Fllonasme Boleoten |
P Distrnires =
e O ptinvdzens il Cle0 3 i el | | R
e Dipaiizs ; =0 TR

B
OpenGenetic File...  Cul+G

Aooumasisk Flasulte T |- \bren skerPuosdn AL | DERDRESL l
Abow GTO... Tem Eveny N Training Fure: [1
Egl BTD A Taing Tolirknis & (7§ aver ki Tiirig T ok
X N £ Gepain s Fed

The GTO is automatically Fad Tasieg Tebararcse [1 108
calling on Brainblaker. Startineg, I i Bt D ol s ]
we must select New Optimizer | 1
File Canca

We select the Pricedrr net network and the training and testing files
used in Lecture 5, set the stop rule 200 runs, fixed test tolerance and
specify the file in which all network statistics are saved.

Tifarch 19, 2000 Srein Hodota 2

Figure 2: Introduction to GTO optimization
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The next option iOptimize/Hidden Neuron#s shown irFigure 3 we decide to limit out
investigation to the range frofto 10 hidden neurons in thigst layer, and3 to 6 neurons in the
seconchidden layer. Note that we do not need teestigate all combinations within the
specified ranges. If we had selecgid the field forStepdor the first hidden layeg, 8 and10
neurons would have been chosen. That would have resulted in d 2aetstead the0we
specify.

Specitying alternatives

Mezxt, the alternative net Aisokdn inizie

. - K Mo From To Shep
topologies are specified by P e el (T
variation of the number of SRR I R e T
hidden nevrons in the 2 layers. Hideiges 1 2 F D Hidden Lager

. . v T Hidden Lopens
We require that if the RS a2 emrnlo
does not decrease by at least [ bbb Dok [ FachHidten Laser b Tsn

; T AEddmlmeedi Do [ AR Hiot Las
0.05 aver 20 runs, change in
. PR Erre Dions bt Decrease
the number of neurons will EpdeLosr NSk 90m 100 155 BB
take place. OmResk D 000 @ o |
r s Earcl|

When we instruct the 5TO to

start tratning, it will tram in
the background.
March 19, 2000 Srei Hodbottn 3

Figure 3: Spe3dying alternatives

Results of the GTO optimization

T does not save all the different networls, but the statistics from
the testing, below in sorted by R SE with the best first. Topology with
2 and 5 hidden neurons seems to be superior, all near the 200 runs
limit. Correlation approzimately B2 =0.9570 (R=03780).

- Dptmszafion Fesuls

Tcoration Hiddeni Hidden2 Fun G Rugirror BHEError hhimncze  BP:0D4 Had
EE} " 5 198 18 H_R43y H_Rs2y L]
33 B 5 197 18 B.Bei4 B.8531 L]
a1 H 5 194 17 H_Hadl H.RLIE i
33 B 195 18 B.Beis B.8532 8
a1 H 5 199 18 H.h4ia H.psEz a
a1 ] 5 15 18 BoAaie [N k) a
EE L] 5 208 18 H_R43? Hops33 n
a3 [ THA 18 B.8257 [ M) q
31 L 5 198 i? H.Ba4d M. H536 i
a3 [ b 192 18 B.Beis B.[aL36 [}
31 B 5 193 15 B, 0237 . 8537 a
a1 H i 187 18 B B3 [ ) L]
33 B 5 189 18 B. 8140 . 8538 a
a1 n i 191 18 A.Aeie [ a
31 [ 5 186 i? B 0. 8548 i
a1 [ 4 188 18 . ALl . 6548 L]
a1 i 5 183 17 B Bada B 541 i
1 a 5 184 15 H_Ba41 H._HE41 L]
a1 [ 5 185 17 B, B243 . B541 1
a1 H 5 179 18 H_R43% H_BL43 a
33 B 5 181 18 B.B23E 8. 8543 L]
a1 o 5 182 17 H_RBad? H.HE43 i
il i 5 188 1?7 BoAaay Bkl i
1 L] 5 177 17 H.haa? H.B546 i
Tifarch 19, 200 Srei Hondotta

Figure 4: Results of the GTO optimization
In the lower part of the form, we set the conditions for introducingvaneuron. These

conditions are always subjected to the previously specified condition that no mo2@@mans
shouldbe used.
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When we are satisfied with specifications, the training is started. Each alternative network is
trained, evaluated and statistics recorded and ranked according to the criterion géilgated

4). In the figure, the different networks are ranked according to increasitijand we see that
the networks witt8 hidden neurons in the first layer alith the second seem to be superior.

We can repeat the samegression analysis of the individual predicted compared with the target
values as we did in session 6. FrBrgure § we see that the optimum model performs better
than any of the other.

Comparison

Predicted by abserved
Slayer netwark

0

o] e The GTO network 15 only
h= M B slightly betifer measq.re_d by

. = the correlation coefficient than
[r— the 3 layer network with 6 and

4 hidden neurons reported 1n
image 20 in Lecture 5.

Pretictsd

GTD netwark Jayers
& and 3 hidden neurons

- Measured by the RMSE the
M difference 1z larger as may be

seen from the graphs.

FPraifictad
a
= '§ & R
[
8
=

Iarch 19, 2000 Srei Hordbottan 5

Figure 5: Comparison

Other optimization options

The GTO also have options for alternative traming rates, smoothing
coefficients, tuning strategies, etc. All can be done with testing while
training and evaluation of results bazed on an mdependent test

data set.

From an overall point of wiew, it seems efficient to start investigating

alternatives with GTO. When promising alternatives are identified
recording networks after every n-th runs is a good strategy.

Tifarck, 19, 2000 Zrei Hodvotan g

Figure 6: Other optimization options

Other options could be used un@ygstimize They were left as specified Rrice4r.net but there
are possibilities to investigate the effect of setting diffetgistancdimits, changindearning
rate, etc. before the file is opened in G{Fure 6)
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Genetic training

The second approach to find aptimal network uses ideas frogenetic evolution theory

(Figure 7) As for biological organisms, networks with good, but different characteristics are
used forbreedingnew networks. If a desndant network inherits superior properties from

parent networks, the new network will be used in future 'breeding’ of networks. The question is
of course how the breeding is carried out

Introduction to GTO evolution

The GTO extention provides three more options inspired from biology:

1. Mutation
2. Crossover
3. Combined mutation and crossover

Iutation iz evolution of a sequence of single networks with changing
neurons. In crossover a couple of parent networks produces a child
which inherits neurons fromm both parents and the best of the 3 becomes
anew couple of parent networks which produce a new child networl,
a.z.0. In combined mutation and crossover the child nertwork can i
addition get mutated neurons.

Iore complex set designss are possible by using BrainhMaker features.
Tfarch 19, 2000 Smein Hadoa 7

Figure 7: Introduction to GTO evolution

Again two concepts from blogical evolution theory is used. Firstutationin a sequence of
selfreproducing networks is considered. The weights for connections to a neuron can be
regarded as corresponding@blAs in a real life cel(Figure 8) Mutations in NN meathat

weights are changed, usually in a random selection. The BrainMaker GTO permits a detailed
specification of the mutation process.
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Mutation

O

Parent:

+— Evolution / Neuron mutated

Tifarch 19, 2000 Srein Hordbotten g

Figure 8: Mutation

The second concept iowed from biological evolution theory isossoverCrossover requires
that eachchild' network hag parent networkgFigure 9) The child network inherits sonoé its
neurons from one of the parents, the remaining from the other.

Crossover

1. Parent: 2. Parent:

Inheritance ,”
/ Crossover

March 19,2000 Swein Hodbottan 9

Figure 9: Crossover

It is also possible to create more complgeneticschemes bgombiningmutation and

crossover. As indicated ifigure10, we can use the GTO to investigate if we can breed better
character recognition networks than obtained in Se&si@fe loaded the GTO program and
selected-ile/Select Network Filand specified thalfa.netdeveloped in Sessidnfollowed by
New GeneticThis last specification opens the toolbar optBenetics In this we started by
specifying theGeneral SetupWe decided th&200runs should be performed for each network,
that20 generations shoullle reproduced and that théest should be savédigure 11) The
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Combined mutation and crossover

For our discussion, we chose the most advanced option, combining
mutation and crossover, to illustrate genetic evolution

We make use of the pattern recognition net, alfa net, developed

in Lecture 7 for recognizing the 12 first alphabetic characters, and
use the alfa fct and alfa tst files. In that application, we managed to
classify 21 out of 24 images correctly.

Itnage 23 of Lecture 7 suggested that we may solve the

problem of classifiying I and J correctly by changing the mdividual
weights, Genetic development changes the mdividual weights and
saves networks which are best through generations of networks.

Az in all experimentation, we must first specify the conditions
for the genetic evolution.

Iifarch 19, 2000 Srei Hadoda 10

Figure 10: Combined mutation and crossover

Genetic framework

e TR eeTE | The GTO is requested to train each

o networls up to 200 runs. In total 20

DoseFalTi — Genseices generation should be generated, and the
Harkain]5 Best Nets 3 best stored for testing and further
oK Cancel development and evaluation,

A mutation rate of 10 13 specified, which means that 10% of the 27
hidden and output neurons to be mutated. Crossover rate 30 requires

that the child inherits 70%%
of the neurons from the Mutzton Rt [T | Avmogorumbes of misted nesscns. 27
hest and 30 % from the Cossova b [T | Averaga number cf rceond nevssne .1

Shadic Flane: B3 Averagn number of shaiic newscrs. 17,01
I Ak oo rosurem bokh I crouserver and 1o rutsie

next best parent network,
The same neuron can he

both crossovered and mutated. o | L]

Ifarch 19, 2000 Srei Hadbotben 11

Figure 11: Genett framework

next option was spétation of mutation and crossovextes We specified these 49 and30,
respectively. In the application, we h&shidden neurons ant output neurons, which meant

that a mutation rate df0in average changeti7 neurons. The crossover rate of 3Camethat

the child inherited0 pct of the neurons from the parent ranked as the best aB0 got.

crossover from the second parent. We specified that the same neuron can both be a crossover and
a mutation

Specification of crossover and mutation psxms waslone in the next two forms figure 12
In the previous form, it was specified that ab®uaeurons should be crossed over from the
second parent. Of theS we determined th&0 percent, in average 4.5 neurons
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Crogeovat Paiametes s
30 of netyeo nevrones vl cross aver,
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with bl 175

Changed with more.

Ifurch 19, 2000

ax Cancel|
The neurons to be mutated will also  10% of network newions sl muizke conmeeiion:..
changed according to a Gaussian [0 %with Gavssion spread 025
distribution such that about 2/3 T Zwiblnsamezd  [05
of the weights will be changes bet- [0 %with 20 mutglion
ween +- 0,25 while 1/3 will be = I o

Mutation and crossover parameters

For crozsover neurons( %), 50%6 will get
all their weights from parent 2. The
remaining nevrons will get the weights
computed from differences of the parents’
weights with percentage of change
determine d randomly.

Srei Hardbottan 12

Figure 12: Mutation and crossover parameters

would get all their weights from the second parent. The remairhgelirons would get their

weights from the first parent.

The50%setting of the n@rons which receivedrossovewas more complicated since it was an
expectation of aandomvariable. The result of the settings was that in aveb@geof the

weight difference were passed from each of the parents. However, since the weight difference
wasa random variable, in some cases it was more30&6 in other cases less. Thandwidth

0.25 indicates however, that the variation range of the crossover variable wag-gmed 13)

The mutation model is about the same.

1 Gauge quality of child netvor

Uz Testing Fact File: Brawse. . i

e

™ Wumber of fzcis within tolerance of: IEl‘I uli]

0 Mawmum [ 1 - average enar |
& Mawmum [ 1 - squarsd aman |
™ Mawmum sum of R 2:

Measuring genetic training quality

Measure Benetic Traning Quality x|

Iarch 19, 2000

Finally, the GTO provides options to evaluate the produced networks.
MEE i selected i our exammple.

Srei Hordbottan 13

Figure 13: Measuring genetic training quality
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We ran the evolution specified fa0 generations. After the specifieggnerationsvere
generated, GTO produced the resultbioure 14 The5 best networks were saved and listed
with theirsquarectorrelation coefficients. The best, saved>3$0001.nethad a squared
correlation coefficient equal @.9840 corresponding t&®k=0.9920

5 best networks

The genetic evolution process was

& 1oc - Notepad started, and after 20 generations it
Fle Ect Saach Heb had produced the following results:
GTOUD NET 0.9840 The 5 best networks by B2 through
GTOO02 NET 09831 the 200 . lved. s th
GTOO03NET 0883 ¢ 20 generations evolved. As the
GTOO04 NET 03829 figure mdicates, the differences are

GTOOOSNET 09822 inzignificant. Unfortunately, the

system does not keep track of which
generation each net belongs to.

For each generation, one new network evolwes, 1e. 20 different
networks have been evaluated.

Tifarch 19, 2000 Srei Hadottan 14

Figure 14: 5 best networks

Resulis

In images 17 and 18 of Lecture 7, we presented the results from
applying alfa net on the test sample and showed that there
wete 3 trisclassifications.

The genetic network, GTO001 net applied on the test sample gave an
inproved result with the following 2 classification errors:

00042 01880 Q0003 00002 D0ET2 0.0003 00002 00076 0.0003F 00054 00506 0.0772
| —

00003 00230 05570 00003 0.0003 0.0003 00845 00005 01245 00476 0.0268 00218
J

Still, improvements can obviously be made for this networl as
outlined in Lecture 7. However, it i3 interesting to see that an
evolution process can make an improvement which was very
difficult to make manually as was shown in Lecture 7.

Ifarch 19, 2000 Ewein Hadottan 13

Figure 15: Results

It was interesting to makiedividual predictiongor the test sefigure 15showsthat the new
neural network genetically developed recognized corr@@hbf the character pictures. This is an
improvemencompared with the findings in Session 5.
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Exercises

a. GTO is not available in the Student version of BrainMaker. Do you see h@ptingzing
approach described in this session couldhipggementedvith repeated calls on BrainMaker? Try
to make armoutline of how such software could be implemented with algorithmic-lsyegtep
instructions to a human computer operator.

b. If you succeded in exercise a., try to make a similar design for Genetic network evolution.

c. If you have spare time, it is always interestingite@stigatethe results from the designs. You
should by now have required experience to train a network of the typawsddben studying.
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Session 10: Other neural networks

Different types of neural networks

This course has been focusing on one particular type of neural networkslytkennected
feedforward networkslin different context other types have been meetiosuch as recursive
networks. In this last session, other types and their properties will be briefly surieyed.
taxonomy of neural networks due tafpmani] is categorizing the nets by théwputand
learningapproach as ifrigure 1 In the figure we recognize some of the NN we have discussed

Neural Network by input
and learning categories

TN

Binary input Continuous-valued

/NN

Supervised Unsupervised Supervised Unsupervised

Hopfield  Grossberg  Feed-forwards SOM
networks  networks networks networks

Figure 1: Lippmands taxonomy

as aContinuousValued Inpuinets associated with&upervised Learninglgorithm, while the
pattern recognition tasks we have studied do not fit well into this scheme.

Neural networks by architecture and tasks
Feed-forward Recurrent Competitive
networks networks networks
Classification Associative Cluster
Regression memory identification
Figure 2: Gurneyobds taxonomy
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Gurneyclassifes neural nets by their mastructureand their mairiasks(Figure 3. His main
categories areeedforward, recurrentandcompetitivenetworks. The main tasks for the feed
forward category arelassificationandfunction interpolationgwhichwe have called

regressiof Therecurreninetworks are well suited farssociativanemorizing tasks. An

example of this type of tasks is training a network to recognize corrupted pictures/patterns. The
character recognition application discussed in Se$s#m which we used a feddrward net to
implement, is an example of the typetasks which could have been carried out by a recurrent
network. The third type Gurney lists, is thempetitivenets. Their applicatiotask istypically to
identify clusteringproperties, i.e. how input patterns create clusters in the output spacesbecaus
of similarities. These nets are typically traineithout supervision

Gurney also points out that the activation functions used by a neural network are important for
separating nets in different categories. In this course, we have only consigegbed sumof
input,

argument= B.xw

as activation functioargumentsMany other possibilities exists, for example the sum of
weighted products

Lawrencehas a third taxonomy in which she has categorized most of the network types we have
discussed in this course.

In the following sections, some types of neural networks not discussed in the previous sessions,
will be briefly surveyed.

Simple linear networks

We have mainly been discussing single and rtayter feedforward networks with step or
sigmoid activity functions. The simplest activity function is, however,

Vi=  BXw

It has the advantage of being extremely simple asdbéen used for certain tasks. An
interesting aspect of mulkayer networks with this type of activatidunctionis that they can
always be reduced to a single layer network. The disadyargahat theres strict assumptioto
the input patterns interrelationshimearly separable and orthogonal).

Let W; be the weight matrix between the input ant the first layer of neurons, Whikethe
weight matrix between the hidden layer anddbhgput layer Xy, Z,, andY, are the input, the
hidden layer output and the final output vectors with dimendignandn, respectively. The
two-layer network can be expressed by:

Zm =W *Xg
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and
Yo =W*Z,

It is easy to see that substituting the hiddeeddrom the second equation using the first, an
equivalent single layer network can be expressed as:

Yn=W1* W, *X,

Network with this kind of simple linear networks, can be used for example to associatet
input patternsvith correct output pattesn

Incompletely connected feed -forward nets

All nets we have worked with have been fully connected, i.e. there are connections between each
neuron in one layer (or input source) to all neurons in the next layer. The category of feed
forward networks alsoontainsincompletelyconnected net topologieSigure 3exemplifies an
incompletely connected network

Figure 3: Incompletely connected networks

Incompletely conacted feedorward networks can save training time and storage capacities, but
deep knowledge of the application task is required for a successful approach. In input pattern or
image recognition tasks in which we know that certain clusters of pixetsraeéatedto each

other, these input sources can effectively be connected to the some of the neurons in the next
layer, and not to others.

This type of networks has been applied for simulatisgaltasks for which it is realistic to
assume that thers focuson certain areas.
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