CHAPTER 1

INTRODUCTION

Nenwead nelworks were originally methvaled By oan interest in modeliing the organic
Dram OJeCllock and Fibds, 1043; Tlebl 1949)  They consist of independans peo-
sors Chah returmn s very simple function of cheir total input. In corn, thewr outputs
form the inputs o olber processing unils. “Connei funi:
voading name for this work as the capoabilities of the brain were felt 1o e in the
connectiony of peurons rather than in the capahbilities of the individual neurons,
Nespite many debales over dhe vears about Lhe biolagical plausibibivy of various
rnideds, this 1z still the prevailing paradign in peura-scionoe.
~ hnportant sources for the history ol “eannectionism” are MeCalloch mnd Pittz
[1947) Hebb 119497, Rosenbiatt (1962, Minsky and Papert {13645, and Rumelhart
ot al (1986} Apderson and Rosenfeld (19581 roproduce inany of the historic papers
i one volume snd Widrow and Lehe (1950 give a history of the de

Howeser, the modern area of nenral notworks has Fragmented somewhat and
s no aticrapt ab biological plauszibility in the ariificial newsi networks that
arn nsed for such tasks as grading olive oil {(Goodacre et al | 1992) nierpreting
wls {Gorman and Sefnowsta, 1988) or inferring surface tempearatires and
water vapor comtent trom remotely sensed data {Ajres et al., 2001

Thiz book. and artificial nenval networks i general, sit somewhere ina shared
space between the disciplioes of Statistics and Machine Learving (M1, which =
in urn A cogtale disciphing of Artificial [niellizence. Table 1 sunoiarizes some
M the correspondences between the discipline concerng of Machine Tesrning, and
Stniisiics,
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Table .1 Some eortespondences boiwesn Lhoe dizcipline covcerns of Maclise
Learning

erime e e e et et o s . ,
machine learning siatistics
supervised learning “learning wivh a teacher” Glawsification

nsupervieed fearping ¢« “learving without o teachm™ | clustering

Tricdman {3991h) carries the tescher analogy further and suggesis thatl @ aseful
chigtinetion between ML and stalistics s that statisbics Lakes o aceout the fact
Lhiat Lhe Vicacher hakes mistakes ™ This s a vory acenvade and nsefol commam . A
wajor atrand of thia work 2 understonding what happens when “the teacher makes
awistake” and allowing for it (Lhis comes vnder the beadme of Srobustness”
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Clearly one of the ditferences between ML and statistics &s the te
of vourse b

oinology, which
a Mclion of the history of the disciplines. This s exacerbated by the
fact thal in gonne cases statistics has its ownoweminelngy that Jiffers from the one
standard in malhematics, Anotber easily spotted dilference is thal ML has beiver
narnes oy its ackivitiest,

More substantial differences are that:

o nachine learrung iends to have a emphasis on simple, {ast heuristies. 0 has

the

s aspeet in common with data mining and artiticial intelligence.

o tollowing on (rem the Brst point, whereas stakistics tends Lo start with a
mode! for the data, often there s no real dars muoded tos only & trivial one)
i machine learning

Bremman in his acticle *Statistical wadelling: The two eulonres™ {20017 talls
avoat the divergence in practice between Statistios and Machine Learning and
their guite dilferent philosophies. Statistics s a “data modeling enlture,” whore a
function f - -= y is modeled w3 the presence of noise. Both tinear and generadisod
Imear micdels fail within this calture, However, Maclune Learming is termed by
Resiman an “aleorithmic modeling cuitare.” Within this ealtore, the Tunction § i
considored bolh nnknown and unknowalble, The aim iz simpdy to predict a 4 velae
frowe o ghven o ovalne.

Brciraan argues that m recent yesrs the mosi exciting developiments bave come
Frorm the M commanity rather than ihe stalisticsd eommanity - Among these de-
velopments one could include:

e clencizion deecs (Morgrao and Sonvquist, 10633,

* ponral networks, in partionlar perceptron and muli-layer percepiron (MLP)
tcdels;

o supporl vector machines (and statistical leavuing theoryt [Vapaik, 13
Farees, 19987,

e boosting {(Freand and Schapire. 10067

S0 heleve thet bl cotommenl wne e i che lecture for whicl Friedmean (129503 sre ihe nodes,
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HBraitnan i what, o the disoiassion”, appears to bave been received us quite a

provncative paper, cautions agamst enoring thiv work and e profdem avias Bhi
pave piEe 1o 1t

While agresing with Bretmau abont the significance of wotking wilh Lhe algorinh-
rmis mededing culture we wonb ake one point i favor of the wtua! discipling
While these methodaelngies have been developed within the machine Iearning com-
mnnity, the contrifaition of the statistieal commuuily to a ol anderstanding of
those methedelogios has hoen paramount. For exatple:

o Jevision troes ware pal oo a tivm fonodation by Brelman ot al {1934 They
vlarified the desitability of growing a large tres and then pouning it as well ae
A e of diher gquestions woneerning the splitting eriberia

Cheng and Titteringion (1%06

& nenral networks were lataely clarifio

Irzanewsk and Marvioly {1993, Rishop (19950 and Fupley (1996) amongst
others The expggoratird claims ruade tor M medels prior to the mioreon-

tion ol slatisticians no longer appear in the lierainre,

¢ bousting was demystified by briedman ec all (1998 and Fricdian {1999,
2000),

» supporl veetor machines hove vet o he widely investizated by statisticiaos,
although Bremuan (2000 and Hastie f al. (2001} have Jone a lor o explain
the worlings of the algorithun.

Brad Efrou, in discussiog Broiman's paper, sugrests that e appows 1o e an
argmnent for black boxes with lots of knobs to twiddie ™ This is o commen statis-
vical coicwism of ML I arises, not s much from the nornber of knobs on the black

eal model? but

bowe, which is often crmparable Lo the nursber of kieedss e g stald:
fronn the tack of o data model

When we have s dava wodel, 1 slves confideaee in the statisiical work The
data model arizes rom an understandivg of the process generating the data and
Intura sesures wi that we hasve dore the job when the model 8 Goed o the datn
sneeally some diagnostic pracedures that can be applied, sich as
siduaals, The expectazion i3 that, a2 the data model matches the
will b

There are then ¢
exataining the e
prosess generating the data the residuals feft over aflor itting the rood
carnclian with an approgeiste diswribution. Should these prove to have a pattern.
then the modelling exercise may be sabd to bave Gailed (or to be ns good az we con
ded I the slsener af & data mosded, Uhero seeros btble Lo prevent the proacess being
veduced 1o an ad-heck ernpiciclsin with oo tevminabion ctiteria.

However the ML connaunity is fregquently working In areas wlhere no plansible
datw model suggeste ilself, due 10 our lack of knowleddge of the generatiog roncha-
nistng

As Breiman (20010 was the lewding paper in
i eminenl o ladis s

Lhat issae of Stafistieal Setance, it was pubiishosd
& reroider fram Leo Breunan.

ey g ML algorithms then for comparabls

der to che Jiseusaion

with wominents froms sevs
Tn e insianees the uit
slatistickl medsis 3ee Breiman’s s
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1.1 THE PERCEPTRON

We will start with Rosenblatt’s percepiron learning algorithm as the fonndation of
Lhe arca ol nearal networks. Consider a set of daka as shown in Figure 1.1, This
15 a Tdimensional data set in that 2 varisbles, &y snd 2, have been measured for

s labedled “«” and "4 in the Houre.
o apply the perceptron algorithm we nesd to have a numeric code for each of
thie classes We wze
_H for viass x and
v l—'l for clas: .

The mnodel then consists of a function f. called an “activation function,” such
1hat:
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Figure 1.1 A dimensional data set consisuing of pornts i two classes, lalelled 07

arf

A poreeptron decision bovndary o 4w an 4ow®e i alee shown, One point s

sion boundary. The margin of s
misclagsification iz indicated by an arrow. Un the next iteration of the perceptron Htting
aleoridn {1.1) the declston boundary will maove t correct the clessiffation of thal pafnl,
Whetlior jt changes the classification in one iteration depends on che value of 0, the slep
SiHA RIFANIONOE.

The prrocplron learning algorithm vres Lo minimise (e distance of a mis
sified potat Lo the straight ne wg + wqay 4 wers. This Tine Torms the “decision
bondary™ in that paints are clagsifed as belonging to class *«

ar Y4 depending
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Figure 1.2 Uhe percoptron learnmg wodel can be eepresented as o processing node that
recelses A nituber of lputs. fovoes theeir welghtod sum, and gives an onrput that is a funetion
of this oy,

on which side of the Bee they are ane The i catiom rate s the propertion
of obeervalions that are misclasgifed, 5o in Freure L1 it s 1/9. t'wa classes that
cane be separated with 0 miselassificatyon ervor are termed “linearly separable.”

The algorithm uses a cvelic proveduore to adjust the estimates of the w parame-
ters. Each point 2 s vissbed m tuon and the ws are updated by

oy wp Fajly - flag +w )] (i

This means thai only ucarreclly classitied points move the decision boundary.
The n term has to be set i advance and Jdetermines the step size. This is penerally
seb to a amall vabie in ovder to try to prevent overshooting the mark.

Where the clagses ore Tinearly separahle il ran be shown that the algorithm
rolverges to a separatiug byperplane o o {intte nuniber of steps. Where the daes
are ot Hooearly separable, the algorithm will not converge and will cventually eyl
through the same walues. H the poriod of the oyele i large this muy be haod 1o
detect.,

Whers ther i the conpection with brains and vearons? 15 Bes im the fact Lhat e
algorithrn can be representad in the farm shown in Figues 1.2 where a progessing
ol (the toenma® ) recelves a nwmber of weighted inpues, forms et smmn. and
oives an oncput that iz a fanction of thds som.

Diberest in the perceplron as a cormputaitonal mode! Begged when Minslo and
Papert (1968 showed that towus not capable of learning some simple fancizons.
Consider two logical variatdes 4 and I thae take salaes in the sot JTRUR, FALSE}.
Mow conseder the irusih values of Lhe logical fonctions AND, OR, and XOR |
ax showe 11 Table

-

sive OR, which s true if and only i one of s argiments 15 trued
1.2

We can reeast the problem of learing a legical function as a geometric problon
v enceding THUE FALSE) as {10} Now tor the XOR funcion, o order o
get w4 classificadion ervor the petceptron woudd have to put fhe paints [1.1} and
{00} on one side of a line snd {1, 0} and {0,1} an the viber. Clearly this is nut
pussible {gee Fipnee 1.3).

We nisle here the very different flaver of this work to traditional statistica Linear
diseriminant analysiz (see Chapter 3. p. 19, and references therein} is the classical
atistical technique for clussiication. U can nnt achieve a zetu érror on the gro-

At
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Figure 1.3 The problein of learning & logical function can be rechst 88 a geometne

problem by encoding {TRUT, FALSE} as {10}, The Agare shaws decision boundaries that
fplement the tunction OR asd AN, The XOR [anction would bave to have poince A asd
Coen oneg side of the bne and Boand Don tle other, I s clear thiad oo single line can ackiove
thar, althaeh a sar of tines defining & region ot a non-linear bowmdary can achigyve it

medric XOR problom any more than the porcepiron can. However, as far as T hoow
oo statistician has cver shewna ot ol concern about this fact.

Table £,2  Consider two logical variables 1 and B that can take valuss in the set
FTRUE, FALSE L, The trath values of the logical fonctions AN, GIL and XOR are
=hewn.

bal sl AND [ OR | XOR
[‘ NENIE T | F
hetr ‘ F I

‘ T|F || F o

I FivlF ToT

Liging a laverad structure of perceptron as shown in Figure 2 1 (p. 10] overcame
Lhis problem and lead to a resuvgence in interest in this research aven. "These are the
“rnulti-layver percepirons” (MLPs) that are the topic of ihis work. They regquired
o different learning algoritlon to the single pereoptron and cequire tha f be o
differentiable Dinction. T was the development of such alzovithons that was the
first, stepy i theh use Phis has appeared seoveral fines o the lleratore, ecimon
early references being Werbos (1971) and Rumelhary o al. {1986,

Already a large number of gquestions are apparent: such as:

e whal if there are more han two classes;

o what if the clazses are not linearly separable - ut there is 4 non-linear dedision
Lonndary that could separate Lhern:
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e dir we want o clussifier thal performs well on this data set or un a new, na vet
angeen, dala set? Wall they be the seme thing?

Thess guestions will be consiider in the enswing chapters

David Mand has recondly written o interesting poper enciled “Classitior Techinot
ogy and the Ulnsion of Progress™ (Hand, 2006). 'The progress that he is guestioning
s the progress of sophisticated technigues like MLPs, support vector machines
{Vapnik, 1985, Burges, 19983 and others. He shows that for many examples, the
decrease in classification orror using sophisticeted technigues is only margingl. I
may be so stnall i fact, thal i may be wiped out by the vaganes and ditlioadiies
o atteadanve with real word dats sety.

[think that David Hand’s caution should be taken ta heart. Sophistics
aigues should be wsed with cantivn aud with an appreciation of Lheir limitations
anil idiosynerasies. I ihere s a good data wwde] available, for example, an ader-
standing than the datn are Gawssian, then there may be no justitication fur using
an MLP moddel.

ML medels have o adways been used with an approciadion of their charae-
teristios. The fact that MLPz can be used in a “black bax® fashion, and seem io
produce reasnnable results without a ot of effort beiug put into modeling the prob-
letn, has olten led io fhiern being used v this way, 1L appears that MLP: were being
used om haed problemns, such as speech recopnition and vision, fonp before any real
gromdwiork was done on understunding the behavior of the ML ag a classiier®

This hus led to debate m the litkeature on anch slimentary points 23 the onpi-
bilities of MLPs with one hidden laver®, and a lack of understanding of the possible
roles of Tadden layor wnils o {orming soparating boundaries betwesn chogses. How-
ever, such understanding can bie readily arcived ai by conside

ad toch-

ring the behavior of
thie MLP in simple soblings thai are amenable both to analyvtic aad sraphical pro-
codirres e

1in ook the gimplest case of two classes and two varaldes 18 often

wscd sy an example and some points thai have been debated in the Hteralore may
b areemesds bhe Grsy things thad an inve
graphical represendalion of the ontpol fenction of an MLEF in thiz simple setling

The sim of this ook s to reach o foller dodersianding of the MLEP oroddel and
extend it in a muonber of desirable ways, There are many mtroductons amd survovs
of multi-laver perceplrons in the liberature ises below for teferences): however,
none shonbd b necessary moorder to sinlersiand this book, which should contain
the necossary introduction. Other works that could usefully be conandted to sain
insight into the MLP model include Cheng and Titterington {1994, Krzanowski
and Marriott {19640, Bishop {1908a), Riptey (1996} and Havkin (1984).

We uee a number of examples [romn Lhe area of remote senstag o illuserate
vatins approaches. Richueds sndd Ma (2006Y 5 5 good mtrodnction 1o tos problerm
arei while Wilson {(P9927 and Kiiverd amd Caceetta {161 disenss some of the
statiztical pssues involved, Onoe again, this work shoald be ennirely sell contained
- wilth as much of the problein are = o
a ) apmeciation of the woample. Muolt-laver perceptrons have been used in the
anadyain of remotely senged data in Bischaf el al. (1992), Benedikisson et 21 {19035]

wtigator will notice when confromad with &

utroduced in sach exampbs as s nee

TRarly exceplions to Lhis trndinny 6o use MEPs withond ooavnstigating iheir Lehavior are Sibsan
and Cowan (1080, Lee and Lippmiann {30000 and Lae (158000 The sibualicn has heens changing
moarkndiy n recend years and many of bhe asurae in Lbs Hborature are now bewne filled.

Thal s, are chey capable of farming Jisj ang, s Lappmann (TU37)

fi

ind drcisiog s
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and Wilkinsen =F al, 11995, Paola and Schowergerdt {1993) glve o rovicw of the
apphicatioi of MLE models to remotely sensed data.





