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Abstract

“Artificial neuralnetworks” is afrequentlyusedexpressionn everydaylanguage,
particularly amongcomputerscientists. When you ask somepeoplewho are

working in this areawhatthey arereally doing, you sometimegetthe shortan-

swer:“We aresimulatingthe brain”.

Thefirst time | got this responsel found it ratheroffending. What arethey
doing? Simulatingthe brain!? Do they knowwhatthe brain does?Who do they
think they are?God?!?

After having learnedmoreaboutthefield, afterhaving got morefamiliar with
thetopic andafterhaving startedgettinga moredetailedview of thewholething,
| realizedthatnot only werethesethe wrong questiongo ask, but alsothatthis
simpleanswerto the questionwhatthey aredoingwasmuchtoo imprecise.

In this paper| intendto demonstrat¢hatthereis alot moreto artificial neural
netsthanthe simpleresponsestatedabove. | wantto shov whatneuralnetsare,
whatcanbe donewith them,howthis is done,andwhatthey aregoodfor. | talk
aboutthe developmenbf artificial neuralnetworksover the past50 yearsandsay
somewords on practicalapplicability. | will alsotry to summarizethe current
statusof the researchn the field and give someexamplesof objectvesfor the
future.
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1 Intr oduction

Thehumanbrainis organisedasa hugenetwork of numerousery simplecompu-
tationalunits, calledneuons During the pasthalf century the studyof artificial
neural networks modeledafterthose*natural prototypes”hasbecomemoreand
morepopular Particularly after theadventof VLSI technologyascomputerse-
camemorepowerful andrunningsimulationsof largeartificial networkstherefore
becameeasierandfaster the field of connectionisn{which is anothemamefor
the areaof artificial neuralnetworks) beganto gainimportance.The pastdecade
hasbeenthe probablymostsignificantonein the developmentof connectionist
models.

In this paper | wantto talk aboutthis development. chosethistopic because
of mainly two reasons. First of all, it is at the heartof present-dayesearch,
it represents relatively youngand progressre field, which makesit extremely
interesting.Secondthe connectionisapproachs directly applicableto problems
of the real world, a very impressve propertyfor sucha recentdevelopmentin
computerscience.

Althoughtherearea few expertsin neuralnetworks who aretrying to “play
God”, themaingoal of the researclon artificial neuralnetworksis notto recon-
structthe humanbrain in orderto “create” a new, perfect,intelligent, artificial
being. Thisis avery commonmisunderstandingmongthosewho arenot famil-
iar with thesubject.Many of themthink Artificial Intelligence(Al) is nothingelse
but the attemptto constructartifactsthat are moreintelligentthanhumans.But
thetrue objectivesfor theresearchn thefield of Artificial Intelligencein general
andon artificial neuralnetworksin particulararecompletelydifferent.

Ontheonehand,onetriesto gainnew insightsandto getnew ideasconcern-
ing problemsrelatedto psychology linguistics, and (last but not least) biology
by modellingthe humanbrain to someextent. Knowledge (or theories)about
what methodsthe brain usesto implementcertaintasksmight help humang(not
artifacts)to improve their way of thinking.

On the otherhand,artificial neuralnetworks provide for a new level of com-
putation,entirely distinct to the corventionalvon Neumannapproach.With this
new paradigmonetriesto applythe (sofar very limited) knowledgeaboutwhat
is goingonin the brainto take advantageof the brain’s enormousomputational
power.

Artificial neuralnetworksmightmaleit possibleto solveinterestingoroblems
thatcould not be solved without them (at leastnot with an acceptable@verhead).
This refersto problemsthat are extremely hardto solve in the usualway with
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cornventionalcomputerprogramsput very easyfor the humanbrain, for instance
tasksrelatedto patternor speechrecognition. Furthermoreartificial neuralnet-
worksallow the developmenbf atotally new kind of algorithms algorithmswith

ahighly parallelstructure.

| starttheactualpaperwith adescriptiorof thehistoricalandtheoreticafoun-
dationsin the following section,including a discussionof training an artificial
neuralnetwork andan explanationof the basicconceptsof the biological equiv-
alent. Besides| try to give a fair summaryof the currentstatusof the research
on artificial neuralnetworks, which is not very easy sincethereare efforts of
numerousgroupsof scientiststo make progressn the field, and so the current
statusis subjectto ongoingrapid changesl thenwantto relatethe development
of artificial neuralnetworks to differentareasof computerscience suchasAr-
tificial Intelligenceand ComputerArchitecture. By this, | wantto provide for
some“broaderunderstandingdf thetopic, andit shouldbecomeclearthatartifi-
cial neuralnetworksrepresentnore thana concepthatonly peoplein Al needto
know about.

Section3 mentionssomeof the applicationsof artificial neuralnetworks to
real world problems. At first sight, one might get the impressionthat artificial
neuralnetworks arenothingelsebut another‘academidnvention” thatis merely
of theoreticalinterest. In this third section,| intendto demonstratéhat this is
definitely not the caseby presentinga bunch of interesting,practicalproblems
thatcanbe solvedwith the help of theconnectionisapproach.

In section4, | pointto somedesirablefuture directions.| wantto talk about
breakthroughshat researchersvish for, which would leadto large stepstoward
theultimategoalsmentionedabove.

Section5 containsalist of all booksandpaperd usedwhenwriting this paper
Thelist shall provide the reademwith informationaboutwhereto find additional
treatmentof the topic. | cannottreata subjectlik e artificial neuralnetworks in
completedetailin sucha paper sol justhaveto refertheinterestedeaderto the
literature.

2 Artificlal Neural Networks

This sectionis entitled “ Artificial Neural Networks”. However, | begin with a
descriptiorof the“biological prototype”in thefirst subsectionthegiganticneural
netin the humanbrain.
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2.1 Origins and Moti vation

Computerdave beendevelopedchiefly to facilitatethelivesof theirusers.Those
artificial systemgerformtasksthathumanghereforedo not have to do by them-
selvesarny more,e.g.complicatednathematicatalculations.The problemis that
sometaskswhich areextremelyeasyfor ahuman g.g. patternrecognition areex-
tremelydifficult if notalmostimpossibleto programon a corventionalcomputer

Thelogical questionthatarosefrom this factwas: “What doesthe braindo?”
As far ascurrentknowledgegoes the brain consistsof about5 to 10 billion very
specialcells, called neuions thatareinterconnectedn a giganticnet. Neurons
receve electrochemicasignalsfrom otherneurons someof which exciting the
overall activationof the cell, othersinhibiting it. Thecell “sumsup” all thosein-
comingsignalsanddeterminesvhetheror not this sumexceedsa certainthresh-
old. If yes,the neuron“fires”, which meansit transmitsthe samekind of elec-
trochemicalsignalto otherneurons.In otherwords, the neuronsare extremely
simplecomputationalnits.

The overwhelmingpower of the humanbrainoriginatesin the hugeintercon-
nectionnetwork. The excitatory or inhibitory characterof a connection(in the
context of biological neuralnetworks,andsometimesvenfor artificial ones the
connectionsare calledsynapsescanchangeover time, the network learns The
brain actslike a very complicatedassociatte memory wherethe activation of
certainneurongresultsin thefiring andactivation of certainotherneurons.This
workssowell thatsomevery impressve tasks,suchas,for example,recognizing
afamiliarface,canbe performedn a surprisinglyshortamountof time.

The next naturalquestionwhich aroseafter that was: “If the brain works
so beautifully well, why cant we constructcomputershat do the same?” One
wantedto mimic the brain’s behaiour in orderto build computerghatarecapa-
ble of performingtasksthatwerenot “covered”by cornventionalcomputersThis
wasonemajor motivationfor the developmentf artificial neuralnetworks.

2.2 BasicStructure

Like in the naturalmodel, artificial neuralnetworks also consistof a numberof
simple computationalnits (also called neuronsor sometimesalsonodes, con-
nectedwith eachother Associatedwith eachconnectionis a so-calledweight
which correspondso a synapsen the biologicalmodel. Thoseweightsmight be
positive (excitatory) or negative (inhibitory).

Exceptfor the so-calledinput units (whosevaluesare setto the input to the
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network), eachof theseartificial neuronshassereral connectiongeedinginto it.
Theseconnectiongarry outputvaluesof “earlier” neurons.The unit multiplies
eachof its input valueswith the correspondingveight and sumsthe resulting
products. This sumis thenmapped(by a function f) to an outputvaluewhich
senesas input to “later” neurons(exceptfor the so-calledoutput units whose
outputvaluesrepresenthe outputof the entirenetwork).

Theoreticallyspolen, if 4,19, ..., 1, arethe inputsof unit j, andw;, w;s,
wjs, - - ., Wj, arethe weightsassociatedvith theseinputs, thenthe outputo; of
this unit is determinedy

o;=f (i%‘k'%) ;
k=1

wheref is the so-calledactivationfunction

The outputsof artificial neuronsareusuallyrestrictedto the rangebetweerD
and 1, andthe activation function hasto assurethis property soin this case, f
canbethe sigmoidal“squashing”function (depictedn figure 1) or a thresholded
piecavise linearfunction. In someapplications,f is just theidentity function,in
which casethe units are calledlinear andits outputis just the weightedsum of
its inputs. Binary units have only two discretepossibleoutputvalues,0 or 1. The
activationfunctionis in this casea stepfunction, lik e the signumfunction.

—
.,

0
Figurel: Thesigmoidal‘squashingfunction

The nodesin an artificial neuralnetwork are usuallygroupedin layers, each
consistingof oneor moreatrtificial neurons.Thereexist severaltypesof topologies
thatdeterminehow theinterconnectiometworkslook like. Commonto all those
network topologieds thatthereis oneinputlayer andoneoutputlayer. Theunits
of theinput layerdo not performany computationthe valuesat their outputsare
justsetequalto theirinput values.

The simplesttype of artificial neuralnetwork is a so-calledperception which
consistsmerely of aninput layer, an outputlayer, and weightedconnectionsn
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between (seefor instancg25]). Theperceptrors alsotheoldesttypeof artificial
neuralnetwork. It cansolve a bunchof interestingproblems but unfortunately
it is not applicableto mary otherproblems.For mary tasks,it is necessaryhat
thereareseveral(atleastone)layers,calledhiddenlayers, betweertheinputsand
theoutputs.

The probablymostpopularandmostfrequentlyusedtype of topologyis rep-
resentedby so-calledfeed-forwad networks wherethe units of eachlayer are
connectednly to units of “later” layers. In recurrent networks thereare also
feedbak connectiongo unitsin “earlier” layersor evenwithin onelayer. Figure
2 depictsatypical representatie for eachof the network typesmentionedabove.

perceptron feed-fornardnet recurrennetwork
Figure2: Differentnetwork topologiegqall connectionsareweighted)

Therearesomeatrtificial modelsthat differ from the network typespresented
in this subsectionsuchasthe Hopfield net$ or Boltzmannmachined For con-
sisteng reasonsin orderto avoid confusion,| decidednot to talk aboutthemin
detail. For furtherinformation,pleasesee for example,[11], [12], or [20].

In the remainderof this paper biological neural networks are of minor in-
terest. Therefore,| cangetrid of the adjectve “artificial”. Whenever | usethe
notion “neural network” from this point on, I meanatrtificial ones.Whenl want
to specificallymentionthe naturalmodel,l will explicitely sayso.

1Sometimessucha network is called single-layernetwork. The input layer (which doesnot
consistof “complete” neurons becausenput units do not have an activation function) is in this
casenot counted.

2graph-like networks of binaryneuronswith symmetricconnections

3networkswhereeachartificial neuronupdatests stateaccordingto a stochasticdecisionrule
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2.3 Learning and Training

Oneway to look at a neuralnetis to seeit asa specialkind of computermemory
Unlike the structureof corventionalmemory thereareno suchthingsasmemaory
cellsthat containa bunchof binary bits andthat canbe accessedia somefixed
address!Neuralmemories’(i.e. memoriegealizedoy meansf aneuralnet)are
differentin thatthey associatenput patternswith certainoutputpatterns.Thus,
neuralnetsareoftenreferredto asassociativenemoriesin this sensetheinputs
standfor an “address”andthe correspondingutputsstandfor the information
storedatthis address.

To “store” information, one hasto adjustthe weightsin a neuralnet. The
weightsdetermine from layerto layer, which units of a “later” layer areto be
activateddependingon the activation of unitsin “earlier” layers. Soin total, the
weightsareresponsibldor the mappingfrom inputto outputpatterns.Therefore,
adjustingthe weights,adaptingthemto reactto certaininput patternsappropri-
ately needsto be donebeforeone cantry to usethe netto perform anything
useful.

Therefore the usageof a neuralnetis in mostcasedivided into two parts.
First, a so-calledtraining or learning phase and second the actualapplication
phase. The training phasesenes as an initialization step. The information to
be storedgetscodedinto the weights. The adaptatiorof the weightsis doneby
confrontingthe net over and over againwith the patternsto be stored. In this
sensethenetwork learnsin atrial-and-errorfashionby adjustingits weights.

Many neuralnetworks continueadaptingtheir weightsduringthe application
phaseébasednrecently‘learned”conceptsn orderto improvetheirperformance.
But in generalduringtheapplicationphaseneuralnetsmake useof theinforma-
tion storedin theweightsin someway or another

| now wantto talk aboutthe two basicmethodsusedin the training phase:
supervisedndunsupervisettarning

2.3.1 Supevwised

Therearetwo kinds of supervisedearning. The mostpopularand mostwidely
usedtechniquéor traininganeuralnetis calledlearningby error correction The
otherbranchof supervisedearningis entitledreinforcementearning

Learning by Error Correction If a network is trained using the methodof
error correction the netis consideredo learna certainmappingfrom inputsto
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outputs. The netis presentedvith a setof input patternswhich are enteredat
theinput layer and“shuffled” throughthe netall the way up to the outputlayer.
A teacher(e.g. a humanoperator)compareghe resultingoutput patternwith a
desiredor target outputpattern. Accordingto the currenterror (the deviation of
thetwo patternor vectos from eachother),theweightsin the neuralnetwork are
adaptedusingone of several learningalgorithmsin orderto reduce(or correci
theerror.
Oneof thefirst learningalgorithmsis givenby thedeltarule* (see[18]):

Awje = n(t; — 05)ix,
new  __ old .

Here,w; is the synapticweightfrom input neuronk to outputneurony, ¢; is the
target outputof neurony, o; its actualoutput, i, the valueof input k, andn a
positivefactorof proportionalitycalledlearningrate. Theruletells usthatwe get
thenew valueof aweightby addinga certain,weight-specifi¢‘delta™.

In otherwords,thechangeof aweightfeedinginto anoutputunitis thebigger
the morethe actualoutputdeviatesfrom the target output. Besidest is propor
tionateto the value coming from input unit £. This both makes sense. If the
differencebetweeractualandtamet outputis zero,no changeseedto be made
to this weight. Secondly the biggerthe “flow” throughthis connectionis (the
biggeri), the biggeris the contribution of this weightto the errorin o;. That
meandor example,if i is zero,thereis no justificationfor changingthe weight
wjx, becausehis weightcannotberesponsibldor theerrorin o,.

This rule works well for single-layemetworks (i.e. perceptrons)but cannot
be appliedto generalfeed-forward nets,sincethereis no informationconcerning
“targets” for hiddenunits, so the deltarule doesnot tell us how to changethe
weightsfeedinginto theseunits. On the otherhand,we cannotlimit oursehesto
networkswithouthiddenunits,sinceit hasbeenprovedthatthey arenecessarjor
sometasks(seeg[4, 18, 23]).

To build generalnetworks thatareableto implementarbitrarytypesof map-
pingsfrom input patterngo outputpatternsthereis noway to getaroundhidden
units. However, the humanoperatordoesnot know in advancehow the netwill
implementthe taskat hand.Weightsfeedinginto hiddenlayerscorrespondo in-
ternalrepresentationshich areimportantfor thenet,but notfor theernvironment.

4sometimeslsocalledWdrow-Hof rule
5This, by theway, providedthe namefor this adaptationule.
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Rumelhartandhis researctgroupintroducedin 1986a generalizatiorof the
deltarule thatworks alsofor hiddenunits [18]. Their algorithmis called back-
propagation, andit representdhe state-of-the-artearningalgorithm for multi-
layer feed-forward nets. As far as| know, thereis almostno recentpaperon
artificial neuralnetworksthatdoesnot mentionbackpropagatiom someway or
another Thatis why | decidedo dedicatehefollowing subsectiorentirelyto this
algorithm.

Backpropagatiomloesnot only work for feed-forward nets,it canalsobe ap-
pliedto recurreninetworks,asRumelhartshavsin his original paper18].

GeneticAlgorithms  In additionto the methodof adaptingthe weightsaccord-
ing to a certainlearningrule, a moreevolutionaryapproacttanbe used.Genetic
Algorithmsinvolve creatinga “generation”of “individuals” (e.g. a setof neural
networkswith differenttopologiesand/ordifferentweights)and“producing” new

generationsvhich arehopefully “better” or “fitter”. This is doneby having the
individualsmutatetheir featureqe.g. changesomeof theweightsin the network)

or reproducethemselesandby allowing crosswers betweerntwo individuals,all

this accordingto stochastiqules.

It is thendeterminedwvhich indivualsof the new generatiommay survive and
which of themhave to die by meansof evaluatinga fithessfunction which mea-
suresthe quality of anindividual (e.g. the conformity of the actualoutputof a
neuralnetto the desiredoutputf. Thewhole processs thenrepeatedjeneration
by generatior(andalwaysthe “fittest” aremostlik ely to survive) until finally an
“optimal” individual is found'. This “trial-and-error” approactimitatesthe “nat-
ural” evolution proces4o someextent.

Evaluatingthefitnessfunctionis someavhatsimilarto calculatingthedeviation
betweeractualanddesiredoutputs,so GeneticAlgorithmsarerelatedto learning
by error correctionin somesenseGeneticAlgorithmsrepresenaveryinteresting
subject but unfortunatelyit would exceedtherangeof this paperif | discussedt
in full detail. Hence| haveto referthereaderto theliterature(e.g.[12, 20]).

ReinforcementLearning In reinforcementearning, thereis no teachettelling
the nethow goodits outputis andhow it hasto be corrected.The only exterior
feedbacko thenetis asignalgivenby acritic, telling if thecurrentoutputis good

Sagain,togethemwith a stochasticule
"whichis, of course notalwayspossible
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or bad,right or wrong, desiredor not. Thatmeanghenetis only providedwith a
scalarinformation,a singlebit sayingyesor no.

If the signalfrom the critic indicatesthat the currentoutputis incorrect,the
netdoesthereforenotknow whatis wrongor howfar its answerdeviatesfrom the
desiredone. The solutionto this probleminvolvesgeneratinga teachers signal
from thecritic’sresponsandthenusingmethodssimilarto thosedescribedibove
whentalking aboutlearningby errorcorrection[25].

Themajordravbackof thereinforcementearningparadigmis thatit is some-
what unrealisticin the sensethat critics often provide more than just a scalar
yes/noinformation (see[25]). The situationof a child trying to learnto ride a
bike, for example,doesdefinitely not belongto error correctionlearning,since
thechild is nottold in detailwhich musclego useor which movementgo make.
Rather it is partof reinforcementearning,sincethe child noticeswhat happens
if certainmovementsaremadein a certainorder This exterior informationcan
beinterpretedasthe signalof acritic, andit is notatall scalar Thechild notonly
learnswhetheror notit doestheright things,it alsolearnshowwell it does.

2.3.2 Unsupelnised

Whenthereis no signalwhatso&er providing the netwith informationaboutthe
guality of the currentoutput, neithera teacherindicatinga desiredoutputnor a
critic decidingwhetheror not the networks correctly the learningis saidto be
unsupervised

In this case,learningno longer meansmemorizingor storing input/output
mappingshut discoveringregularitiesin theinputdata. Thus,unsupervisetearn-
ing cannottake placewithout thoseregularities. Here,the netcanbe really said
to “programitself”, it “acts” completelyindependently

Someresearchershink that unsupervisedearningis the only biologically
soundlearningparadigm(see[23]), but onthe otherhand,supervisedechniques
arein widespreadiseandyield excellentresultsconcerningtechnologicalprob-
lems.

Finally, | wantto addthat one approachto apply unsupervisedearningin-
volves,lik e in reinforcementearning,generatinga targetoutputin a certainway
and thus providing the net with a teachersignal [25]. Then the adaptationof
weightscanagainbe doneusing“supervised’proceduresik e backpropagation.
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2.4 Backpropagation

Themostimportantandmostpopulardearningalgorithmwasintroducedoy Rumel-
hartandhis colleaguesn 1986[18, 19]. The algorithmworkswith a generaliza-
tion of thedeltarule to multi-layerfeed-forvardnetworks,thatmeansn particular
to networkswith hiddenunits. The algorithmis calledbadkpropagation andit is
basedon the mathematicaimethodof gradientdescent Rumelhartbegins his
original paperby presentinga derivationof the deltarule thatshavsthatthedelta
rule alsoimplementgyradientdescent.
Theideais to defineanerrorfunction

1
E =35> (t—0)"
J
wherej variesover all outputunitsandall input/outputpatterns.This functionis
assumedo bea functionof theweights,andthe ultimategoalis to minimizethis
function (i.e. minimize the error) by adjustingthe weights. Thereis no formula
for the errorfunction,the only known piecesof informationarethe currentpoint
in weight spaceandthe currentoutput, or its deviation from the desiredoutput,
respectely.

The greatbreakthrougmow wasto shaw thatit is somehav possibleto cal-
culatethe gradientof the error function, i.e. the partial derivativesof the error
functionwith respecto eachof theweights.Thederwationof thisresultinvolves
the one-dimensionaandhigherdimensionakthainrules,andl do notwantto go
into details(see[18]). Whatl only wantto sayis thatin a backpropagatiomet,
onefirst performsa forward pass,shufling the input datathroughthe network,
andthenabackward pass.computing,with the help of arecursve formule, cer
tain error signals which arethenusedto calculatethe partial derivatives. The
backward passwith the errorpropagatiorprovidedthe nameof the algorithm.

To implementgadientdescentpnehasto move theweightvectorin thedirec-
tion of the steepestiescentwhich is the directionof the negative gradient. And
thisis exactly theadaptatiorrule for backpropagationThe sizeof the stepin this
directionis determinedy thelearningratewhich senes(likein thedeltarule) as
afactorof proportionality

Moving theweightvectorin thedirectionof thenegative gradientmeansmov-
ing it towardsa (local) minimumof the errorfunction. However, to be mathemati-
cally precisethestepsizeshouldbeinfinitely small,but thiswould take infinitely

8beginningat the outputunitsandthenlayer by layer down to thefirst hiddenlayerabove the
inputunits
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long. So, backpropagationisesa biggerstepsize,thusonly approximatinggra-
dientdescentandrisking to “jJump over” the minimum in onestep. To illustrate
this, let me assumehe one-dimensionatase where E is a functionof only one
independenvariablew. Supposefor simplicity, that E' is the paraboladepicted
in figure 3.

E

§ I
\ /
\ /

_/

Minimum
Figure3: A one-dimensionatrrorfunction

> W

This specialerror function hasa single local and global minimun®. If the
currentvaluefor w is too far left, the derivative % is negative, and moving in
the direction of the negative derivative meansreally marchingright, i.e. adding
a positive value,which takesw closerto the minimum (if the stepsizeis small
enoughsothatw doesnotjumpovertheminimum). If w istoobig, it isthesame:
moving towardsthe negative derivative meansmarchingtowardsthe minimum.

Thisadaptatiormethods appliediteratively, againandagainfor theinput/out-
put patternsto be learned®, until the deviation of the actualoutputfrom the de-
siredoutputis satisfyingly small, or until the weight vectorconvergesto a local
minimum. Althoughit maytake verylonguntil the processorvergesor until the
“optimal” learningrateis found, anddespitethe problemwith the local minima,
thebackpropagatioalgorithmoftenyieldsvery goodresults particularlysinceit
canbeappliedvery easily(andfor all weightsof onelayerin parallel).

Thereare numeroudearningalgorithmsthat are basedon backpropagation.
Many of themjusttry to eliminatedisadwantageslik e for exampleadaptivebadk-
propagation [21], where eachweight hasits own individual learningrate, and
theselearningratesareadaptedduring learning!. Othersseemto pointin a to-

9Thatthisis not alwaysso, thaterror functionsin factoftendo have multiple local minima, is
actuallya big problemfor backpropagation.

Wstartingwith arandomlygeneratedhitial weightvector

1This shalleliminatethe sometimesrustratingsearctfor theright learningrate.
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tally differentdirection,lik ethescaledconjugategradientalgorithm'? [13] or the
cascade-coelationalgorithmt3[3, 27]. But | claimthatalsothesenew develop-
mentswould not have beenpossiblewithout the inventionof andinspirationby
thebackpropagatioalgorithm.

2.5 Historical Overview

Oneof thefirst pointsin historyassociateavith the developmenbf artificial neu-
ral networksis the year 1943, whereMcCulloch and Pitts introducedtheir M-P
neuion (see[23]). Theseneuronsreceve a numberof inputs and produceone
singlebinaryoutputdependingpn whetheror notacertainthresholds reachedr
exceededy theweightedsumof theinputs. Theweightscanonly take on oneof
two values:+1 or—1.

An interestingapplicationof this modelis to useonesingle neuronasa per
ceptronto implementlogic gates. For example,if therearem inputs,all of the
weightsare+1, andthe thresholdis setto m, thenthe outputturnsout to be the
AND of theinputs. If the thresholdis setto 1 with the samesettingasfar as
weightsareconcernedthe outputreturnsthe logical OR of theinputs. Finally, if
thereis only one(binary) input whoseweightis setto —1, andthethresholds set
to 0, thenthe outputrepresentshe NOT of theinput.

Hebb postulatedin 1949 that an importantproperty of the strengthsof the
connectionsn the biological neuralnetwork of the humanbrain arechangingin
time asthe organismlearns.Hebb’s proposalriggereda lot of researcheffort in
thefield of adaptve neuralnetworks,anda preliminaryclimaxwasreachedvhen,
in 1958,Rosenblatshovedhow to train a network consistingof M-P neuronsin
1960, Widrow and Hoff proposeda variant of the perceptron:the adaline (an
acrorym for ADAptive LINear Element). They alsointroducedthe now famous
deltarule, which | alreadymentionedn the sectionaboutsupervisedearning.

Let mereturnto the ideaof implementinglogical functionswith neuralnet-
works. Minsky and Papertprovedin 1969thatit is not possiblefor elementary
perceptrongo learnthe XOR (exclusive or) function. They shavedthatonesingle
M-P neuronis notenoughandthathiddenunitsarenecessaryo implementreally
all kinds of mappings. So the focusin the neuralnetwork communitychanged
from elementaryperceptrongo multi-layerfeed-forward nets.

2which is basedon a differentmathematicabptimizationtechnique jnvolving secondorder
information,i.e. thesecondlerivative of the errorfunctionwith respecto theweights
Bwhichtriesto find anoptimal network by alsoadaptinghe topology of the net
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The problemwith multi-layer networks is that there are no “target values”
for hiddenunits. Therefore,the deltarule, which adjuststhe weightsfeeding
into a neuronproportionatelyto the deviation of its outputfrom thetargetoutput,
is not applicable. Thus, it was extremely difficult to train thesenetworks for a
relatively long periodof time, becaus®nesimply wasnot surehow. In 1986,as
alreadymentionedseveraltimes,a grouparoundRumelharintroducedalearning
algorithmthat generalizeghe deltarule to generalfeed-forward networks [18].
This algorithm,whichis calledbadkpropagation(for a descriptiorseethe section
on this learningmethod),hasbeensincethenthe standardechniquefor training
neuralnets.

2.6 Curr ent Status

It is kind of difficult to summarizehe currentstatusof theresearchn the areaof
artificial neuralnetworks, becausehis topic is so new andso popularthatevery
month hundredsof papersare published,eachof which is dealing,soit seems,
with yet anothersmall subtopic. For this reasonsucha summaryalwayshasto
beincomplete atleastin a paperlik e this. However, | will try to pointoutsome
majorfeatureshatcharacterizéhe currentstatusin thefield.

Oneimportantaspecin this context is thatthe artificial modelis nottoo near
to the biological one. For example, it is true that backpropagatiotyields nice
results,but thereis no indication at all that somethinglike the propagationof
errorsis goingonin thebrain,andl claimthatit is evidentthatthelearningin the
braindoesnotwork with applyingthe higherdimensionathainrule — thatis just
too complicated.

Moreover, the structureof artificial neuralnetworksis only maginally similar
to that of the cerebralnet. The size andthe compleity of the connectionsfor
instance doesnot even reachthe giganticdimensionsof the brain. It is further
more commonbelief that the neuronsandthe synapsesn the brain arelocated
in 3-dimensionakpacewhereaghe unitsandthe weightsin anartificial netboth
have no spatiallocation. Finally, all thesignalsin anartificial netareof thesame
uniquetype,whereaghebrainis believedto useseveraldifferentsignaltypes(see
[22]).

This gapbetweerthetwo modelsmainly comesrom thefactthattheempha-
sis concerningartificial modelswasthusfar on computationapower andnot on
biologicalfidelity [8]. With all thisin mind, it is not really astonishinghateven
expertsin the field arenot 100% corvincedthat the connectionisapproachwill
ever beadequatéor modelingneuralcomputationgin the biologicalsense]22].
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Neverthelessconnectionismodelsare becomingmore and moreimportant,
more andmore popular Thereis so muchresearckhgoingon in the field thatit
seemgatherunlikely thatthetopic will notgrow in thefuture,thattherewill not
bealot of progressandthatthe connectionisapproactwill notprovide valuable
informationconcerninghe studyof the humanmind.

Application of the approachs widespreadandtherearealreadya greatdeal
of tasksthat seeminglycould not be solved, if it were not for artificial neural
networks. The perspecitie that, one day, generalpurposecomputerscould be
built, implementinga huge neuralnet that would programitself, and help the
humanoperatorof the computerwith a lot of tasks,e.g. readingaloudfrom a
book or receving (andunderstanding!spoken commandsmalkesthis field to a
majorresearclsubjectof immenseanterest.

2.7 Relationsto differ ent areasof Computer Science

One very nice property of connectionismis that it hasrelationsto mary very
differentareasof computerscience.In the following subsectionsl, wantto shed
alittle bit of light ontheserelationships.

2.7.1 Atrtificial Intelligence

Al is the“home” of connectionism.The areaof artificial neuralnetworks devel-
opedasabranchin Artificial Intelligence[26].

Meanwhile,it hasgainedso muchinterest,importance andmaturity that Al
can even be divided into connectionistand non-connectionisArtificial Intelli-
gence.

2.7.2 Theory of Algorithms

Therearetwo very differentaspectsactuallytwo differentlevelscharacterizing
therelationshipbetweemeuralnetsandthetheoryof algorithms.

On the one hand(the higher level), neuralnetsrely on efficient training al-
gorithms andsincetheintroductionof backpropagatiorjozensf learningtech-
niqueshave beenproposed(l, 2, 3, 10, 13, 15, 16, 17, 21]. The algorithms
developedthusfar have mostly beenorientedmathematicallysodesigninga bio-
logically soundandat the sametime computationallypowerful methodseemso
beamajorobjective for thefuture.
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Ontheotherhand(thelowerlevel), weightadjustmentsloneby thenetduring
learningsortof imply algorithmsfor thetaskthatwaslearned®. For example the
internalrepresentation@in the weights)for the symmetryproblem,the problem
of classifyinginput vectorsasto whetheror not they are symmetricabouttheir
center turn out to be very easily interpretablein termsof an algorithmic, non-
connectionisapproachagainseg[18]).

In spiteof this phenomenongonnectionisndiffers very muchfrom the algo-
rithmic way'® of solving problemsin that one doesnot have to tell the net how
to implementthe solution of a problem,the netis only told whatit is supposed
to learn,a certainsetof input/outputpatterns.The way this informationgetsen-
codedinto the weightsis entirely up to the netitself andis of almostno interest
for the humanoperator(whichis very corvenient).

It is thusevenpossibleto solve problemsfor which algorithmsdo not exist at
all. For example,onedoesnotknow how to solve the problemof speechrecogni-
tion algorithmically[9]. With thehelpof aconnectionistnodel,onesimply needs
to specifyamappingfrom inputsto outputsby giving severaltrainingexamples—
therestis doneby the neuralnet.

2.7.3 Programming Languages

Like for the theoryof algorithms,the ties betweemeuralnetsand programming
languagesretwofold.

Firstly, neuralnetsrepresena meango implementa problemcompletelydif-
ferently from the conventionalway which involvesformulatingthe algorithmfor
solving the problemin termsof a certainprogramminganguage.To “program”
(i.e. train) a neuralnet, one simply hasto provide training examples,the actual
implementations doneby the netitself.

Secondly thereare someprogramminglanguagegactually they are called
neurosoftvarelanguagesthey admittedlyconsitutespecificationratherthanpro-
gramminglanguagesylevelopedfor neuralnets. Theselanguagegamongthem
areP3,PanspecAnSpec,andAxon) allow describingneuralnetworksin a high-
level machine-independemiay [9].

In short,alow-level algorithmin theabove sensanighttell you how to swimanda high-level
(or meta) algorithmhow to learnto swim.
Bwith respecto thelower level
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2.7.4 Numerical Computation

Theinputsfeedinginto a neuralnetwork alwaysarenumericalrepresentationsf

thetrueinput (e.g. a two-dimensionalmage,a handwrittennumeral,or a piece
of music),andthe outputsarealsonumerical(before“decoding”). Internally, the
computationalnits of the netonly work with the numberswithout relatingthem
to ary “concreteobject”, and the basic building blocks, the artificial neurons,
arenothingbut a combinationof addersmultipliers, anda non-linearactivation

function.

Therefore,it is obviousthatneuralnetsarewell suitedto solve certaintypes
of numericalproblems. For example,as| intendto show in the next sectionon
applicability, neuralnetworks canbe usedto implementa parallelversionof an
algorithmthat computeghe solution of a systemof linear equationg4]. But of
coursethingslik e roundingerroranalysisbecomeextremelycomplicatedn this
context.

2.7.5 Computer Architecture

Whenartificial neuralnetswereintroducedabout50 yearsago,the naturalimple-
mentationchoicewasto simulatethemonacornventionalvon Neumanrcomputer
Now, astechnologyadvancesasit is possiblé® to build larger andfastercircuits
usinglessroom,onebeginsto successfullyeplacethis ratherinefficient stratey
by implementingneuralnetsdirectly in hardware,ascoprocessorsupplementing
acorventionalmaching9].

Examplesincludethe MARK 111 (1985)andMARK |V (1986),the PARAL-
LON 2 (1987)andthe ANzA PLUS (1988). Thelastone,for instancecontainsl
million processingelementdi.e. artificial neurons)jnterconnectedn a network
comprisingl1.5 million connections. That soundspretty large, but it still is by
severalordersof magnitudesmallerthanthe hugenetwork in the humanbrain.

Sinceall the computationf the units within onelayer go onin parallel (at
leastin non-recurrentfeed-forvard networks) theseneulocomputes represent
onekind of parallel architecture. But nobodyhasso far proposeda stand-alone
neurocomputefwhichis notconfiguredasa coprocessaio astandarderialcom-
puter),sincecommonneuralnetworksdo nothandlel/O, sothistaskis left to the
hostmaching9].

Likethebiologicalprototype artificial neuralnetshave thevery nice property
thatthey arenotassensitve to damageascorventionalparallelcomputerswhich

18thanksto VLSI
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makesthemsuperiorto thosemachines.If a processingelementin a neuralnet
breaksdown (andhundredf neuronglie every dayin thebrain),otherscantake
overits function.

3 Applicability to Practical Problems

An extremelyinterestingaspecbf neuralnetworksis its widespreaapplicability
to all kindsof realworld problems.Sincethe popularityof thetopicis constantly
increasingandsinceprogresds beingmadevery fast, the seeminglyunlimited
list of potentialandactualapplicationswill supposedhgrow evenfurther. In this
section|| talk aboutsomeof the problemsneuralnetsarecurrentlyappliedto.

3.1 Pattern Recognition

Thebig keyword in the contect of neuralnetworksis genealization “Teaching”
a neuralnetinvolvesspecifyingtraining examplesj.e. input/outputpatternghat
have to be memorized. But in almostary case(at leastin thosecaseghat are
of interestconcerningreal world problems),only the network’s performanceon
new dataandits ability to “forecast”thecorrectoutputansweringa previously un-
known inputis important,not how well the netmemorizeghetrainingexamples.
In otherwords,althoughthe nethasto “learn” the training examplesup to area-
sonabledegreeof perfectionwhatmatterdaterin theapplicationphases thatthe
netis ableto guesgheright answerevenif it hasnever“seen”thecorresponding
input before.

This ability is referredto by the notion of generalization A neuralnetmaps
similar input patternsto similar outputpatterns.It sortof detectsregularitiesin
thetraining dataandencodegheminto its synapticalweights. The consequence
is thatif, for example thenethasbeentrainedto distinguishbetweerhandwritten
Arabicnumeraldrom 0to 9 (in someappropriateepresentationgdigit is mostly
still classifiedcorrectlyevenif it is written somehav differentfrom therepresen-
tation learnedin the training phase e.g. with a differentslantor somethindike
that,up to anoftensurprisinglylarge degreeof deformation6].

Oftentimes,the setof known patternds dividedinto two parts. Thefirst part
is usedfor trainingthe netandthe secondpartfor evaluatingthe network’s ability
to generalize After thelearningphasethe netis presenteavith patternghatare
new for it, but well-known for the humanoperatoy andit is checledif the netis
ableto “guess”the correctoutput. The network is not appliedto unknonvn data,
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beforeit performsreasonablywell on the untraineddata. The task of dividing
the datasetis not at all trivial, becausedhe training exampleshave to containa
somavhatrepresentatie selection’.

The phenomenorof generalizatiormakes neuralnetsideal for all kinds of
classificationor patternrecognitiontasks[5, 6, 9]. Examplesinclude “read-
ing” written text, recognizingfamiliar faces,distinguishingbetweenseveral 3-
dimensionalobjects,or understandingpolen words. All of thesetasksrequire
a network structurethatis specificto the individual problem. For instance for
classifyinghandwrittennumerals,a net with a 2-dimensionalinput layer could
beused,i.e. the numeralto be classifiedis approximatedvith a (2-dimensional)
grid of pixels (which areeitheron or off, black or white, visible or not), andthis
patternis shufled into theinputunitsof thenet. The outputscouldbetrimmedto
returnanoise-freeepresentatioof thenumeral.

The connectionisapproachdoesnot only provide “ideal” or “natural” solu-
tionsfor classificatiomproblems.Sometimedt is really necessaryo solve aprob-
lem by just giving examplesof which inputs shall be mappedio which outputs,
sincefor thosetasks,e.g. speechrecognition,no algorithmicsolutionis known
[9]. Thereforecorventionalcomputerscould not be programmedo performthe
task,sowe have the choiceto eitheruseneuralnetsor to doit on our own.

3.2 “Predicting the Future”

The problemof continuingatime seriess closelyrelatedto the notion of pattern
recognition.A timeserieds asequencef measurementhataretakenatdifferent
pointsin time. Assuminga non-randomnon-accidentabehaiour of the time
series,the value at a point ¢ (which shall be denotedz;) canbe expressedasa
function of the valuesat timest — 1,¢ — 2,...,t — d, whered is a problem-
dependanparamete(see[24]):

Ty = F (241, %4-9,...,%4—a).

Theproblemnow is to find thefunction F', andthis canbe donewith the help
of aneuralnet. Onepossiblearchitecturefor example(asortof “logical” choice),
involvesd inputunits(for x;_1, z;_o, . . ., ;_q), ONneoutputunit (for z;) andsome
numberof hiddenunits'®. If thetraining setis large enoughthe netwill be able

otherwise generalizatiortannotwork
18Determiningthis numberis arathercritical task,asexplainedbelow.
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to detectthe generaistructureof the mappingthat F' represent$, soit is ableto
“predict” valuesfor time pointsin thefuture.

This couldhelp,for example,to forecastearthquaksandtheir magnitudesat
leastseismicactivity duringanearthquak could be predicted.Anotherpossible
applicationis relatedto medicine(e.g. predictingthe continuationof electrocar
diograms).

As| saidabove,thevaluesr; aremeasuementsso,lik e alwayswith measured
data,they do notseemto follow anexact,fixedfunction F'. Thereis alwayssome
noise and deterioration,it looks asif the function F' variesover time?®. This
bringsup anotherissue,anissuenot only relatedto time seriespredictionbut to
ary applicationthat involvesary kind of noise: the problemof overfitting (see
[7]).

Overfitting relatego thefactthata neuralnetwill begin to learnalsothenoise
if its sizeis too big. The netwill thenencodetoo much informationinto the
weights,andgeneralizatiorwill thusnotyield ary reliableresults.

In summaryit canbesaidthata neuralnetcanbe usedto predictthefuturein
somesensebut only if its sizeis appropriatdor the problem.

3.3 ComposingMusic

The ideaof predictioncan be usedto make a neuralnet appearto be creatve.
Interpretinga piece of music as a specialkind of time series(whereone note
dependson several previous ones)leadsto a way to apply neuralnetworks to
music“composition”.

The netusedfor this taskcould be a recurrentone, taking the first few notes
(in somerepresentatiomncodingpitch, length, etc.) asinput, “processing”(or
storing)the input in an interconnectiometwork of hiddenunits, and outputting
a representatiomnf the next note, which is fed backinto the netasa new input.
Thus,thenetcangoon,“producing”anentirepieceof music,noteby note,always
derving the next notefrom the beginninginput andpreviously computecdotes.

This canonly work if theweightsof the netarealreadytrainedbefole starting
to “compose”. The nethasto “listen” to a collectionof musicalpiecesagainand
againtill it detectscertainregularitiesin the data. Theexistenceof thoseregulari-
tiesis anecessargonditionfor this to yield satisfyingresults.For example,such

1%eepin mind that F' is notknown
200f course the generalstructurebehindthe mappingof F' shouldnot changeto give theneta
fair chance.
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aregularity couldbeachiaredby choosingmusicalpiecesof only onecomponist,
who hasaverytypical style. Thisin turnimpliesthatthenetis notreally creatve,
it is merelyimitating the style of this particularcomponist(for furtherdetailssee
[14]).

3.4 Solving Systemsof Linear Equations

Numerougracticalapplicationssuchas,for example,raytracingor aircraftcon-
trol systemsyely on solving systemsof linear equationsefficiently. Thereare
variousalgorithmsfor accomplishinghistask,including Gaussiareliminationor
iterative techniquessuchas Gauss-Seidebr the Jacobimethod. It is not easy
however, to parallelizethesealgorithms.

Thealgorithmof Huang(see[4] for details)represents completelydifferent
approachor directly solving determinedsystemsof linear equations.lts funda-
mentalstepsinvolve matrix-vectormultiplication, the dot productof two vectors,
and vectorvector multiplication. The algorithmwill thus performwell on ary
hardware that supportsthis kind of calculationsas basicoperations. It canbe
showvn, andl wantto do thatfor matrix-vectormultiplication, thatneuralnetsare
amongthosehardwarearchitectures.

Supposenow, we have a perceptrorwith n inputsiy, is, ..., 4, andn linear
outputsoy, 0y, ..., 0,. The 2 layersarefully connectedandw;; standsfor the
weightfrom inputunit j to outputunit:. Sincetheactvationfunction f is in this
caseg(for linear outputunits) theidentity function, this yields:

n
oi:Zwijij, Vz=1,,n
j=1

If we write theweightsw;; asamatrix W, theinputsasa vectory andthe outputs
asavectoro, thenwe get:

0= Wr
This meansthat computingthe outputsof a perceptrongiven its inputs, which
definitelyis a basicoperationin connectionishardware, correspondslirectly to
matrix-vectormultiplication.

Similarly, every computationin Huangs algorithm canbe relatedto a basic
neuralnetoperationsoit is easyto implementthis algorithmusingneuralhard-
ware[4]. Since,asalreadymentionedn the sectionon therelationshipbetween
neuralnetsand computerarchitecturethe computationswithin ary of the layers
of a neuralnetcan(anddo!) executeconcurrently this implementatiorwill be
parallelper definition
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4 DesirableFutur e Dir ections

| wantto startthis final sectionon desirabldfuture directionswith pointinginto a
directionthatis, to me, not at all desirable.l meanthe creationof an “artificial
being” capableof thinking, sensingandreasoningjustashumansponly thatthis
“being” would be perfectin the sensethatit would not make the samemistales
thatwe do. This soundg€o me morelike a horrorscenarioandl hopethatscien-
tific researctwill never degradeto be anattemptto “improve creation”. Besides,
| am corvincedthat no artificial neuralnetwork will ever be ableto have feel-
ings, beintuitive, or reveal true creatvity, becauset takesmorethananever so
adequat@ndprecisemodelof the brainto really live.

Rather neuralnetscan be a blessing,if appliedproperly Here, 1 think of
blind peoplebeingableto enjoy booksby listeningto anelectronicaloicewhich
is readingthe text aloudandwhich is realizedwith the help of a neuralnet,or of
deafpeoplebeingableto communicatenoreeasilywith theassistancef aneural
net,amachinewhichtranslatespolkenwordsinto written expressionslisplayable
onacomputerscreen.

Sofar, little is known abouthow thebrainreally works. Consideringheenor
mouspower of thebrain,knowing alittle bit morein this respecshouldberather
promising,especiallyasfar asconstructingpowerful connectionistcomputerss
concernedAnd onceagain,theseneurocomputershouldsere asartificial assis-
tants,not as“artificial cobeings”.If it werepossiblein the futureto build better
models trainedwith moreappropriatdearningalgorithms,shaving morebiolog-
ical fidelity, thenartificial neuralnetsreally couldleadto new results,new ideas,
andnew insightsthatwould clarify the big mysteryof the neuralcomputation®ur
brainperforms.It mightevenbepossiblethatneuralnetscouldhelpin finding the
reasongor mentaldisordersandpotentiallyindicatea way to curethem.

Finally, mary connectionisthave the dreamof a neuralnetthat could “pro-
gramitself” completelyindependentlyjustby learningabunchof examples.This
wouldinvolvefinding the optimalnetwork topology(nottoo largeto avoid “over
fitting” andnottoo smallto allow enoughflexibility for thetaskto belearned)op-
timal learningparameterglik e the learningrate),and,of course poptimalweights
(which characterizéheconnectiondetweertheunitsin thenetwork). Up to now,
this dreamis far from beingrealizable andthe searchfor network parameterss
the probablymostdifficult andmostcritical partassociateavith thetrainingof an
artificial neuralnet.

In summarythereis enoughroomfor furtherprogressn thefield, andalarge
amountof hardwork andscientificresearcmeedgo bedonein thefuture.
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