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Abstract

“Artificial neuralnetworks” is a frequentlyusedexpressionin everydaylanguage,
particularly amongcomputerscientists. When you ask somepeoplewho are
working in this areawhat they arereally doing,you sometimesget theshortan-
swer:“We aresimulatingthebrain”.

The first time I got this response,I found it ratheroffending. What arethey
doing?Simulatingthebrain!? Do they knowwhat thebraindoes?Who do they
think they are?God?!?

After having learnedmoreaboutthefield, afterhaving gotmorefamiliarwith
thetopicandafterhaving startedgettingamoredetailedview of thewholething,
I realizedthatnot only werethesethe wrong questionsto ask,but alsothat this
simpleanswerto thequestionwhatthey aredoingwasmuchtoo imprecise.

In thispaper, I intendto demonstratethatthereis a lot moreto artificial neural
netsthanthesimpleresponsestatedabove. I want to show whatneuralnetsare,
whatcanbedonewith them,how this is done,andwhat they aregoodfor. I talk
aboutthedevelopmentof artificial neuralnetworksover thepast50yearsandsay
somewordson practicalapplicability. I will also try to summarizethe current
statusof the researchin the field andgive someexamplesof objectivesfor the
future.
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1 Intr oduction

Thehumanbrainis organisedasahugenetwork of numerousverysimplecompu-
tationalunits,calledneurons. During thepasthalf century, thestudyof artificial
neural networks, modeledafter those“naturalprototypes”hasbecomemoreand
morepopular. Particularlyafter theadventof VLSI technology, ascomputersbe-
camemorepowerful andrunningsimulationsof largeartificial networkstherefore
becameeasierandfaster, the field of connectionism(which is anothernamefor
theareaof artificial neuralnetworks)beganto gain importance.Thepastdecade
hasbeenthe probablymostsignificantonein the developmentof connectionist
models.

In thispaper, I wantto talk aboutthisdevelopment.I chosethis topicbecause
of mainly two reasons. First of all, it is at the heartof present-dayresearch,
it representsa relatively youngandprogressive field, which makesit extremely
interesting.Second,theconnectionistapproachis directlyapplicableto problems
of the real world, a very impressive propertyfor sucha recentdevelopmentin
computerscience.

Although therearea few expertsin neuralnetworkswho aretrying to “play
God”, themaingoalof theresearchon artificial neuralnetworks is not to recon-
struct the humanbrain in order to “create” a new, perfect,intelligent, artificial
being.This is a very commonmisunderstandingamongthosewho arenot famil-
iar with thesubject.Many of themthink Artificial Intelligence(AI) is nothingelse
but the attemptto constructartifactsthat aremoreintelligent thanhumans.But
thetrueobjectivesfor theresearchin thefield of Artificial Intelligencein general
andonartificial neuralnetworksin particulararecompletelydifferent.

On theonehand,onetriesto gainnew insightsandto getnew ideasconcern-
ing problemsrelatedto psychology, linguistics,and(last but not least)biology
by modelling the humanbrain to someextent. Knowledge(or theories)about
whatmethodsthebrainusesto implementcertaintasksmight helphumans(not
artifacts)to improvetheir wayof thinking.

On theotherhand,artificial neuralnetworksprovide for a new level of com-
putation,entirelydistinct to theconventionalvon Neumannapproach.With this
new paradigm,onetries to apply the(sofar very limited) knowledgeaboutwhat
is goingon in thebrainto take advantageof thebrain’s enormouscomputational
power.

Artificial neuralnetworksmightmakeit possibleto solveinterestingproblems
thatcouldnot besolvedwithout them(at leastnot with anacceptableoverhead).
This refersto problemsthat areextremelyhard to solve in the usualway with
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conventionalcomputerprograms,but very easyfor thehumanbrain,for instance
tasksrelatedto patternor speechrecognition.Furthermore,artificial neuralnet-
worksallow thedevelopmentof a totally new kind of algorithms,algorithmswith
ahighly parallelstructure.

I starttheactualpaperwith adescriptionof thehistoricalandtheoreticalfoun-
dationsin the following section,including a discussionof training an artificial
neuralnetwork andanexplanationof thebasicconceptsof thebiologicalequiv-
alent. Besides,I try to give a fair summaryof the currentstatusof the research
on artificial neuralnetworks, which is not very easy, sincethereare efforts of
numerousgroupsof scientiststo make progressin the field, andso the current
statusis subjectto ongoingrapidchanges.I thenwant to relatethedevelopment
of artificial neuralnetworks to differentareasof computerscience,suchasAr-
tificial Intelligenceand ComputerArchitecture. By this, I want to provide for
some“broaderunderstanding”of thetopic,andit shouldbecomeclearthatartifi-
cial neuralnetworksrepresentmore thanaconceptthatonly peoplein AI needto
know about.

Section3 mentionssomeof the applicationsof artificial neuralnetworks to
real world problems. At first sight, onemight get the impressionthat artificial
neuralnetworksarenothingelsebut another“academicinvention” that is merely
of theoreticalinterest. In this third section,I intend to demonstratethat this is
definitely not the caseby presentinga bunch of interesting,practicalproblems
thatcanbesolvedwith thehelpof theconnectionistapproach.

In section4, I point to somedesirablefuturedirections. I want to talk about
breakthroughsthat researcherswish for, which would leadto large stepstoward
theultimategoalsmentionedabove.

Section5 containsalist of all booksandpapersI usedwhenwriting thispaper.
The list shall provide the readerwith informationaboutwhereto find additional
treatmentof the topic. I cannottreata subjectlike artificial neuralnetworks in
completedetail in sucha paper, soI just haveto refer theinterestedreaderto the
literature.

2 Artificial Neural Networks
This sectionis entitled “Artificial NeuralNetworks”. However, I begin with a
descriptionof the“biological prototype”in thefirst subsection,thegiganticneural
netin thehumanbrain.
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2.1 Origins and Moti vation
Computershavebeendevelopedchiefly to facilitatethelivesof theirusers.Those
artificial systemsperformtasksthathumansthereforedo not have to do by them-
selvesany more,e.g.complicatedmathematicalcalculations.Theproblemis that
sometaskswhichareextremelyeasyfor ahuman,e.g.patternrecognition,areex-
tremelydifficult if notalmostimpossibleto programonaconventionalcomputer.

Thelogical questionthatarosefrom this factwas: “What doesthebraindo?”
As far ascurrentknowledgegoes,thebrainconsistsof about5 to 10 billion very
specialcells, calledneurons, that are interconnectedin a giganticnet. Neurons
receive electrochemicalsignalsfrom otherneurons,someof which exciting the
overall activationof thecell, othersinhibiting it. Thecell “sumsup” all thosein-
comingsignalsanddetermineswhetheror not this sumexceedsa certainthresh-
old. If yes,the neuron“fires”, which meansit transmitsthe samekind of elec-
trochemicalsignal to otherneurons. In otherwords, the neuronsareextremely
simplecomputationalunits.

Theoverwhelmingpower of thehumanbrainoriginatesin thehugeintercon-
nectionnetwork. The excitatory or inhibitory characterof a connection(in the
context of biologicalneuralnetworks,andsometimesevenfor artificial ones,the
connectionsarecalledsynapses) canchangeover time, thenetwork learns. The
brain actslike a very complicatedassociative memory, wherethe activation of
certainneuronsresultsin thefiring andactivationof certainotherneurons.This
workssowell thatsomevery impressive tasks,suchas,for example,recognizing
a familiar face,canbeperformedin asurprisinglyshortamountof time.

The next naturalquestionwhich aroseafter that was: “If the brain works
so beautifully well, why can’t we constructcomputersthat do the same?” One
wantedto mimic thebrain’s behaviour in orderto build computersthatarecapa-
ble of performingtasksthatwerenot “covered”by conventionalcomputers.This
wasonemajormotivationfor thedevelopmentof artificial neuralnetworks.

2.2 BasicStructure

Like in the naturalmodel,artificial neuralnetworks alsoconsistof a numberof
simplecomputationalunits (alsocalledneuronsor sometimesalsonodes), con-
nectedwith eachother. Associatedwith eachconnectionis a so-calledweight
which correspondsto a synapsein thebiologicalmodel.Thoseweightsmight be
positive(excitatory)or negative(inhibitory).

Exceptfor the so-calledinput units (whosevaluesaresetto the input to the
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network), eachof theseartificial neuronshasseveralconnectionsfeedinginto it.
Theseconnectionscarry outputvaluesof “earlier” neurons.The unit multiplies
eachof its input valueswith the correspondingweight and sumsthe resulting
products. This sumis thenmapped(by a function

�
) to an outputvaluewhich

serves as input to “later” neurons(except for the so-calledoutput units whose
outputvaluesrepresenttheoutputof theentirenetwork).

Theoreticallyspoken, if ���������	�	
	
	
������ are the inputs of unit 
 , and �������������	��������	
	
�
�������� arethe weightsassociatedwith theseinputs, thenthe output ��� of
this unit is determinedby

����� ��� ����� � ��� ��� � ��� �
where

�
is theso-calledactivationfunction.

Theoutputsof artificial neuronsareusuallyrestrictedto therangebetween0
and1, andthe activation function hasto assurethis property, so in this case,

�
canbethesigmoidal“squashing”function(depictedin figure1) or a thresholded
piecewiselinearfunction. In someapplications,

�
is just theidentity function,in

which casethe units arecalled linear andits outputis just the weightedsumof
its inputs.Binary unitshaveonly two discretepossibleoutputvalues,0 or 1. The
activationfunctionis in this caseastepfunction,like thesignumfunction.

�! 
0

"#1

Figure1: Thesigmoidal“squashing”function

Thenodesin an artificial neuralnetwork areusuallygroupedin layers, each
consistingof oneormoreartificialneurons.Thereexist severaltypesof topologies
thatdeterminehow theinterconnectionnetworkslook like. Commonto all those
network topologiesis thatthereis oneinput layerandoneoutputlayer. Theunits
of theinput layerdo not performany computation,thevaluesat their outputsare
just setequalto their input values.

Thesimplesttypeof artificial neuralnetwork is a so-calledperceptron which
consistsmerelyof an input layer, an output layer, andweightedconnectionsin
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between1 (seefor instance[25]). Theperceptronis alsotheoldesttypeof artificial
neuralnetwork. It cansolve a bunchof interestingproblems,but unfortunately,
it is not applicableto many otherproblems.For many tasks,it is necessarythat
thereareseveral(at leastone)layers,calledhiddenlayers, betweentheinputsand
theoutputs.

Theprobablymostpopularandmostfrequentlyusedtypeof topologyis rep-
resentedby so-calledfeed-forward networks, wherethe units of eachlayer are
connectedonly to units of “later” layers. In recurrent networks, therearealso
feedback connectionsto units in “earlier” layersor evenwithin onelayer. Figure
2 depictsa typical representative for eachof thenetwork typesmentionedabove.

" $ % "&' " $&

() $&* +
*&)( +$

() $&* +
*&)( +$ OutputLayer

HiddenLayer

InputLayer

recurrentnetworkfeed-forwardnetperceptron

Figure2: Dif ferentnetwork topologies(all connectionsareweighted)

Therearesomeartificial modelsthatdiffer from thenetwork typespresented
in this subsection,suchastheHopfieldnets2 or Boltzmannmachines3. For con-
sistency reasons,in orderto avoid confusion,I decidednot to talk aboutthemin
detail.For furtherinformation,pleasesee,for example,[11], [12], or [20].

In the remainderof this paper, biological neuralnetworks are of minor in-
terest. Therefore,I canget rid of the adjective “artificial”. Whenever I usethe
notion “neuralnetwork” from this point on, I meanartificial ones.WhenI want
to specificallymentionthenaturalmodel,I will explicitely sayso.

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

2graph-likenetworksof binaryneuronswith symmetricconnections
3networkswhereeachartificial neuronupdatesits stateaccordingto astochasticdecisionrule
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2.3 Learning and Training

Oneway to look at aneuralnetis to seeit asa specialkind of computermemory.
Unlike thestructureof conventionalmemory, therearenosuchthingsasmemory
cells thatcontaina bunchof binarybits andthatcanbeaccessedvia somefixed
address.“Neuralmemories”(i.e. memoriesrealizedby meansof aneuralnet)are
differentin that they associateinput patternswith certainoutputpatterns.Thus,
neuralnetsareoftenreferredto asassociativememories. In this sense,theinputs
standfor an “address”andthe correspondingoutputsstandfor the information
storedat this address.

To “store” information, onehasto adjustthe weightsin a neuralnet. The
weightsdetermine,from layer to layer, which units of a “later” layer are to be
activateddependingon theactivationof units in “earlier” layers.So in total, the
weightsareresponsiblefor themappingfrom input to outputpatterns.Therefore,
adjustingthe weights,adaptingthemto reactto certaininput patternsappropri-
ately, needsto be donebeforeone can try to usethe net to perform anything
useful.

Therefore,the usageof a neuralnet is in mostcasesdivided into two parts.
First, a so-calledtraining or learning phase, andsecond,the actualapplication
phase. The training phaseserves as an initialization step. The information to
bestoredgetscodedinto theweights. The adaptationof theweightsis doneby
confrontingthe net over and over againwith the patternsto be stored. In this
sense,thenetwork learnsin a trial-and-errorfashionby adjustingits weights.

Many neuralnetworkscontinueadaptingtheir weightsduringtheapplication
phasebasedonrecently“learned”conceptsin orderto improvetheirperformance.
But in general,duringtheapplicationphase,neuralnetsmakeuseof theinforma-
tion storedin theweightsin somewayor another.

I now want to talk aboutthe two basicmethodsusedin the training phase:
supervisedandunsupervisedlearning.

2.3.1 Supervised

Therearetwo kinds of supervisedlearning. The mostpopularandmostwidely
usedtechniquefor traininganeuralnetis calledlearningbyerror correction. The
otherbranchof supervisedlearningis entitledreinforcementlearning.

Learning by Err or Corr ection If a network is trainedusing the methodof
error correction, the net is consideredto learna certainmappingfrom inputsto
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outputs. The net is presentedwith a setof input patterns,which areenteredat
the input layerand“shuffled” throughthenetall theway up to theoutputlayer.
A teacher(e.g. a humanoperator)comparesthe resultingoutputpatternwith a
desiredor targetoutputpattern.Accordingto thecurrenterror (the deviation of
thetwo patternsor vectors from eachother),theweightsin theneuralnetwork are
adaptedusingoneof several learningalgorithmsin orderto reduce(or correct)
theerror.

Oneof thefirst learningalgorithmsis givenby thedeltarule4 (see[18]):, ��� � � -/.102�435����6�� � �� �	7�8� � � �:9<;>=� �@? , ��� � 

Here, ��� � is thesynapticweightfrom input neuronA to outputneuron
 , 02� is the
target outputof neuron
 , ��� its actualoutput, � � the valueof input A , and - a
positivefactorof proportionalitycalledlearningrate. Therule tellsusthatweget
thenew valueof aweightby addingacertain,weight-specific“delta”5.

In otherwords,thechangeof aweightfeedinginto anoutputunit is thebigger
the morethe actualoutputdeviatesfrom the target output. Besidesit is propor-
tionateto the valuecoming from input unit A . This both makes sense. If the
differencebetweenactualandtargetoutputis zero,no changesneedto bemade
to this weight. Secondly, the bigger the “flow” throughthis connectionis (the
bigger � � ), the bigger is the contribution of this weight to the error in ��� . That
meansfor example,if � � is zero,thereis no justificationfor changingtheweight��� � , becausethisweightcannotberesponsiblefor theerrorin ��� .

This rule workswell for single-layernetworks (i.e. perceptrons),but cannot
beappliedto generalfeed-forwardnets,sincethereis no informationconcerning
“targets” for hiddenunits, so the delta rule doesnot tell us how to changethe
weightsfeedinginto theseunits. On theotherhand,we cannotlimit ourselvesto
networkswithouthiddenunits,sinceit hasbeenprovedthatthey arenecessaryfor
sometasks(see[4, 18,23]).

To build generalnetworks thatareableto implementarbitrarytypesof map-
pingsfrom input patternsto outputpatterns,thereis no way to getaroundhidden
units. However, thehumanoperatordoesnot know in advancehow thenet will
implementthetaskat hand.Weightsfeedinginto hiddenlayerscorrespondto in-
ternalrepresentationswhichareimportantfor thenet,but not for theenvironment.

4sometimesalsocalledWidrow-Hoff rule
5This,by theway, providedthenamefor this adaptationrule.
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Rumelhartandhis researchgroupintroducedin 1986a generalizationof the
deltarule that works alsofor hiddenunits [18]. Their algorithmis calledback-
propagation, and it representsthe state-of-the-artlearningalgorithm for multi-
layer feed-forward nets. As far as I know, thereis almostno recentpaperon
artificial neuralnetworksthatdoesnot mentionbackpropagationin someway or
another. Thatis why I decidedto dedicatethefollowing subsectionentirelyto this
algorithm.

Backpropagationdoesnot only work for feed-forwardnets,it canalsobeap-
plied to recurrentnetworks,asRumelhartshows in hisoriginal paper[18].

GeneticAlgorithms In additionto themethodof adaptingtheweightsaccord-
ing to a certainlearningrule,a moreevolutionaryapproachcanbeused.Genetic
Algorithmsinvolve creatinga “generation”of “individuals” (e.g. a setof neural
networkswith differenttopologiesand/ordifferentweights)and“producing”new
generationswhich arehopefully “better” or “fitter”. This is doneby having the
individualsmutatetheir features(e.g.changesomeof theweightsin thenetwork)
or reproducethemselvesandby allowing crossoversbetweentwo individuals,all
this accordingto stochasticrules.

It is thendeterminedwhich indivualsof thenew generationmaysurvive and
which of themhave to die by meansof evaluatinga fitnessfunction, which mea-
suresthe quality of an individual (e.g. the conformity of the actualoutputof a
neuralnet to thedesiredoutput)6. Thewholeprocessis thenrepeatedgeneration
by generation(andalwaysthe“fittest” aremostlikely to survive) until finally an
“optimal” individual is found7. This “trial-and-error”approachimitatesthe“nat-
ural” evolutionprocessto someextent.

Evaluatingthefitnessfunctionis somewhatsimilar to calculatingthedeviation
betweenactualanddesiredoutputs,soGeneticAlgorithmsarerelatedto learning
byerror correctionin somesense.GeneticAlgorithmsrepresentaveryinteresting
subject,but unfortunately, it wouldexceedtherangeof thispaper, if I discussedit
in full detail.Hence,I have to referthereaderto theliterature(e.g.[12, 20]).

ReinforcementLearning In reinforcementlearning, thereis no teachertelling
thenethow goodits outputis andhow it hasto becorrected.Theonly exterior
feedbackto thenetis asignalgivenby acritic, telling if thecurrentoutputis good

6again,togetherwith a stochasticrule
7which is, of course,not alwayspossible
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or bad,right or wrong,desiredor not. Thatmeansthenetis only providedwith a
scalarinformation,asinglebit sayingyesor no.

If the signalfrom the critic indicatesthat the currentoutput is incorrect,the
netdoesthereforenotknow whatis wrongor howfar its answerdeviatesfrom the
desiredone. The solutionto this probleminvolvesgeneratinga teacher’s signal
from thecritic’sresponseandthenusingmethodssimilar to thosedescribedabove
whentalking aboutlearningby errorcorrection[25].

Themajordrawbackof thereinforcementlearningparadigmis 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 learn to ride a
bike, for example,doesdefinitely not belongto error correctionlearning,since
thechild is not told in detailwhich musclesto useor which movementsto make.
Rather, it is partof reinforcementlearning,sincethechild noticeswhathappens
if certainmovementsaremadein a certainorder. This exterior informationcan
beinterpretedasthesignalof acritic, andit is notatall scalar. Thechild notonly
learnswhetheror not it doestheright things,it alsolearnshowwell it does.

2.3.2 Unsupervised

Whenthereis no signalwhatsoever providing thenetwith informationaboutthe
quality of the currentoutput,neithera teacherindicatinga desiredoutputnor a
critic decidingwhetheror not the net works correctly, the learningis saidto be
unsupervised.

In this case,learningno longer meansmemorizingor storing input/output
mappings,but discoveringregularitiesin theinputdata.Thus,unsupervisedlearn-
ing cannottake placewithout thoseregularities. Here,thenetcanbereally said
to “programitself”, it “acts” completelyindependently.

Someresearchersthink that unsupervisedlearning is the only biologically
soundlearningparadigm(see[23]), but on theotherhand,supervisedtechniques
arein widespreaduseandyield excellentresultsconcerningtechnologicalprob-
lems.

Finally, I want to add that oneapproachto apply unsupervisedlearningin-
volves,like in reinforcementlearning,generatinga targetoutputin a certainway
and thus providing the net with a teachersignal [25]. Then the adaptationof
weightscanagainbedoneusing“supervised”procedureslikebackpropagation.
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2.4 Backpropagation

ThemostimportantandmostpopularlearningalgorithmwasintroducedbyRumel-
hartandhis colleaguesin 1986[18, 19]. Thealgorithmworkswith a generaliza-
tion of thedeltaruleto multi-layerfeed-forwardnetworks,thatmeansin particular
to networkswith hiddenunits. Thealgorithmis calledbackpropagation, andit is
basedon the mathematicalmethodof gradient descent. Rumelhartbegins his
originalpaperby presentingaderivationof thedeltarule thatshowsthatthedelta
rule alsoimplementsgradientdescent.

Theideais to defineanerrorfunctionB �DCE � � .F02�435����6 � �
where
 variesoverall outputunitsandall input/outputpatterns.This functionis
assumedto bea functionof theweights,andtheultimategoalis to minimizethis
function (i.e. minimize theerror)by adjustingtheweights. Thereis no formula
for theerror function,theonly known piecesof informationarethecurrentpoint
in weight spaceandthe currentoutput,or its deviation from the desiredoutput,
respectively.

Thegreatbreakthroughnow wasto show that it is somehow possibleto cal-
culatethe gradientof the error function, i.e. the partial derivativesof the error
functionwith respectto eachof theweights.Thederivationof this resultinvolves
theone-dimensionalandhigher-dimensionalchainrules,andI do not want to go
into details(see[18]). What I only want to sayis that in a backpropagationnet,
onefirst performsa forward pass,shuffling the input datathroughthe network,
andthena backwardpass,computing,with thehelpof a recursive formula8, cer-
tain error signals, which are thenusedto calculatethe partial derivatives. The
backwardpasswith theerrorpropagationprovidedthenameof thealgorithm.

To implementgadientdescent,onehasto movetheweightvectorin thedirec-
tion of the steepestdescentwhich is thedirectionof the negative gradient.And
this is exactly theadaptationrule for backpropagation.Thesizeof thestepin this
directionis determinedby thelearningratewhichserves(like in thedeltarule)as
a factorof proportionality.

Moving theweightvectorin thedirectionof thenegativegradientmeansmov-
ing it towardsa(local)minimumof theerrorfunction.However, to bemathemati-
cally precise,thestepsizeshouldbeinfinitely small,but thiswould take infinitely

8beginningat theoutputunitsandthenlayerby layerdown to thefirst hiddenlayerabove the
inputunits
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long. So,backpropagationusesa biggerstepsize,thusonly approximatinggra-
dientdescentandrisking to “jump over” theminimum in onestep. To illustrate
this, let meassumetheone-dimensionalcase,where

B
is a functionof only one

independentvariable � . Suppose,for simplicity, that
B

is theparaboladepicted
in figure3. "B

Minimum
��

Figure3: A one-dimensionalerrorfunction

This specialerror function hasa single local and global minimum9. If the
currentvaluefor � is too far left, the derivative =�G= 8 is negative, andmoving in
the directionof the negative derivative meansreally marchingright, i.e. adding
a positive value,which takes � closerto the minimum (if the stepsizeis small
enough,sothat � doesnot jumpovertheminimum).If � is toobig, it is thesame:
moving towardsthenegativederivativemeansmarchingtowardstheminimum.

Thisadaptationmethodis appliediteratively, againandagainfor theinput/out-
put patternsto be learned10, until thedeviation of theactualoutputfrom thede-
siredoutputis satisfyinglysmall, or until theweight vectorconvergesto a local
minimum.Althoughit maytakevery longuntil theprocessconvergesor until the
“optimal” learningrateis found,anddespitetheproblemwith the local minima,
thebackpropagationalgorithmoftenyieldsverygoodresults,particularlysinceit
canbeappliedveryeasily(andfor all weightsof onelayerin parallel).

Therearenumerouslearningalgorithmsthat arebasedon backpropagation.
Many of themjust try to eliminatedisadvantages,like for exampleadaptiveback-
propagation [21], whereeachweight hasits own individual learningrate, and
theselearningratesareadaptedduring learning11. Othersseemto point in a to-

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

10startingwith a randomlygeneratedinitial weightvector
11This shalleliminatethesometimesfrustratingsearchfor theright learningrate.
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tally differentdirection,likethescaledconjugategradientalgorithm12 [13] or the
cascade-correlationalgorithm13 [3, 27]. But I claim thatalsothesenew develop-
mentswould not have beenpossiblewithout the inventionof andinspirationby
thebackpropagationalgorithm.

2.5 Historical Overview

Oneof thefirst pointsin historyassociatedwith thedevelopmentof artificial neu-
ral networks is the year1943,whereMcCulloch andPitts introducedtheir M-P
neuron (see[23]). Theseneuronsreceive a numberof inputsandproduceone
singlebinaryoutputdependingonwhetheror notacertainthresholdis reachedor
exceededby theweightedsumof theinputs.Theweightscanonly takeononeof
two values:+1 or –1.

An interestingapplicationof this modelis to useonesingleneuronasa per-
ceptronto implementlogic gates.For example,if thereare H inputs,all of the
weightsare+1, andthe thresholdis setto H , thentheoutputturnsout to be the
AND of the inputs. If the thresholdis set to 1 with the samesettingas far as
weightsareconcerned,theoutputreturnsthelogical OR of theinputs.Finally, if
thereis only one(binary)input whoseweightis setto –1,andthethresholdis set
to 0, thentheoutputrepresentstheNOT of theinput.

Hebb postulatedin 1949 that an importantpropertyof the strengthsof the
connectionsin thebiologicalneuralnetwork of thehumanbrainarechangingin
time astheorganismlearns.Hebb’s proposaltriggereda lot of researcheffort in
thefield of adaptiveneuralnetworks,andapreliminaryclimaxwasreachedwhen,
in 1958,Rosenblattshowedhow to trainanetwork consistingof M-P neurons.In
1960, Widrow and Hoff proposeda variant of the perceptron:the adaline (an
acronym for ADAptive LINear Element).They alsointroducedthenow famous
deltarule,which I alreadymentionedin thesectionaboutsupervisedlearning.

Let me returnto the ideaof implementinglogical functionswith neuralnet-
works. Minsky andPapertproved in 1969that it is not possiblefor elementary
perceptronsto learntheXOR (exclusiveor) function.They showedthatonesingle
M-P neuronis notenoughandthathiddenunitsarenecessaryto implementreally
all kinds of mappings.So the focusin the neuralnetwork communitychanged
from elementaryperceptronsto multi-layerfeed-forwardnets.

12which is basedon a differentmathematicaloptimizationtechnique,involving secondorder
information,i.e. thesecondderivativeof theerrorfunctionwith respectto theweights

13which triesto find anoptimalnetwork by alsoadaptingthe topologyof thenet
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The problemwith multi-layer networks is that thereare no “target values”
for hiddenunits. Therefore,the delta rule, which adjuststhe weights feeding
into a neuronproportionatelyto thedeviationof its outputfrom thetargetoutput,
is not applicable. Thus, it wasextremelydifficult to train thesenetworks for a
relatively long periodof time, becauseonesimply wasnot surehow. In 1986,as
alreadymentionedseveraltimes,agrouparoundRumelhartintroduceda learning
algorithmthat generalizesthe deltarule to generalfeed-forward networks [18].
Thisalgorithm,which is calledbackpropagation(for adescriptionseethesection
on this learningmethod),hasbeensincethenthestandardtechniquefor training
neuralnets.

2.6 Curr ent Status

It is kind of difficult to summarizethecurrentstatusof theresearchin theareaof
artificial neuralnetworks,becausethis topic is sonew andsopopularthatevery
monthhundredsof papersarepublished,eachof which is dealing,so it seems,
with yet anothersmall subtopic.For this reason,sucha summaryalwayshasto
be incomplete,at leastin a paperlike this. However, I will try to point out some
majorfeaturesthatcharacterizethecurrentstatusin thefield.

Oneimportantaspectin this context is thattheartificial modelis not too near
to the biological one. For example, it is true that backpropagationyields nice
results,but thereis no indication at all that somethinglike the propagationof
errorsis goingon in thebrain,andI claimthatit is evidentthatthelearningin the
braindoesnotwork with applyingthehigher-dimensionalchainrule– thatis just
toocomplicated.

Moreover, thestructureof artificial neuralnetworksis only marginally similar
to that of the cerebralnet. The sizeandthe complexity of the connections,for
instance,doesnot even reachthe giganticdimensionsof thebrain. It is further-
morecommonbelief that the neuronsandthe synapsesin the brain are located
in 3-dimensionalspacewhereastheunitsandtheweightsin anartificial netboth
haveno spatiallocation.Finally, all thesignalsin anartificial netareof thesame
uniquetype,whereasthebrainis believedto useseveraldifferentsignaltypes(see
[22]).

Thisgapbetweenthetwo modelsmainly comesfrom thefactthattheempha-
sisconcerningartificial modelswasthusfar on computationalpower andnot on
biologicalfidelity [8]. With all this in mind, it is not really astonishingthateven
expertsin the field arenot 100%convincedthat theconnectionistapproachwill
everbeadequatefor modelingneuralcomputations(in thebiologicalsense)[22].
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Nevertheless,connectionistmodelsarebecomingmoreandmoreimportant,
moreandmorepopular. Thereis so muchresearchgoing on in the field that it
seemsratherunlikely thatthetopic will not grow in thefuture,thattherewill not
bea lot of progress,andthattheconnectionistapproachwill notprovidevaluable
informationconcerningthestudyof thehumanmind.

Applicationof theapproachis widespread,andtherearealreadya greatdeal
of tasksthat seeminglycould not be solved, if it were not for artificial neural
networks. The perspective that, one day, generalpurposecomputerscould be
built, implementinga hugeneuralnet that would programitself, and help the
humanoperatorof the computerwith a lot of tasks,e.g. readingaloud from a
bookor receiving (andunderstanding!)spokencommands,makesthis field to a
majorresearchsubjectof immenseinterest.

2.7 Relationsto differ ent areasof Computer Science

One very nice propertyof connectionismis that it hasrelationsto many very
differentareasof computerscience.In thefollowing subsections,I want to shed
a little bit of light on theserelationships.

2.7.1 Artificial Intelligence

AI is the“home” of connectionism.Theareaof artificial neuralnetworksdevel-
opedasabranchin Artificial Intelligence[26].

Meanwhile,it hasgainedsomuchinterest,importance,andmaturity thatAI
can even be divided into connectionistand non-connectionistArtificial Intelli-
gence.

2.7.2 Theory of Algorithms

Therearetwo very differentaspects,actuallytwo different levelscharacterizing
therelationshipbetweenneuralnetsandthetheoryof algorithms.

On the onehand(the higher level), neuralnetsrely on efficient training al-
gorithms, andsincetheintroductionof backpropagation,dozensof learningtech-
niqueshave beenproposed[1, 2, 3, 10, 13, 15, 16, 17, 21]. The algorithms
developedthusfarhavemostlybeenorientedmathematically, sodesigningabio-
logically soundandat thesametime computationallypowerful methodseemsto
beamajorobjective for thefuture.
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Ontheotherhand(thelower level),weightadjustmentsdoneby thenetduring
learningsortof imply algorithmsfor thetaskthatwaslearned14. For example,the
internalrepresentations(in theweights)for thesymmetryproblem,the problem
of classifyinginput vectorsasto whetheror not they aresymmetricabouttheir
center, turn out to be very easily interpretablein termsof an algorithmic,non-
connectionistapproach(againsee[18]).

In spiteof this phenomenon,connectionismdiffersvery muchfrom thealgo-
rithmic way15 of solving problemsin that onedoesnot have to tell the net how
to implementthe solutionof a problem,the net is only told what it is supposed
to learn,a certainsetof input/outputpatterns.Theway this informationgetsen-
codedinto theweightsis entirelyup to thenet itself andis of almostno interest
for thehumanoperator(which is veryconvenient).

It is thusevenpossibleto solveproblemsfor which algorithmsdo not exist at
all. For example,onedoesnotknow how to solve theproblemof speechrecogni-
tion algorithmically[9]. With thehelpof aconnectionistmodel,onesimplyneeds
to specifyamappingfrom inputsto outputsby giving severaltrainingexamples–
therestis doneby theneuralnet.

2.7.3 Programming Languages

Like for the theoryof algorithms,the tiesbetweenneuralnetsandprogramming
languagesaretwofold.

Firstly, neuralnetsrepresentameansto implementaproblemcompletelydif-
ferently from theconventionalway which involvesformulatingthealgorithmfor
solving theproblemin termsof a certainprogramminglanguage.To “program”
(i.e. train) a neuralnet, onesimply hasto provide training examples,the actual
implementationis doneby thenetitself.

Secondly, thereare someprogramminglanguages(actually, they are called
neurosoftwarelanguages;they admittedlyconsitutespecification,ratherthanpro-
gramminglanguages)developedfor neuralnets. Theselanguages(amongthem
areP3,Panspec,AnSpec,andAxon) allow describingneuralnetworksin a high-
level machine-independentway [9].

14In short,a low-level algorithmin theabovesensemight tell youhow to swimandahigh-level
(or meta–) algorithmhow to learnto swim.

15with respectto thelower level
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2.7.4 Numerical Computation

Theinputsfeedinginto a neuralnetwork alwaysarenumericalrepresentationsof
the true input (e.g. a two-dimensionalimage,a handwrittennumeral,or a piece
of music),andtheoutputsarealsonumerical(before“decoding”). Internally, the
computationalunitsof thenetonly work with thenumberswithout relatingthem
to any “concreteobject”, and the basicbuilding blocks, the artificial neurons,
arenothingbut a combinationof adders,multipliers,anda non-linearactivation
function.

Therefore,it is obviousthatneuralnetsarewell suitedto solve certaintypes
of numericalproblems.For example,asI intendto show in the next sectionon
applicability, neuralnetworkscanbe usedto implementa parallelversionof an
algorithmthat computesthesolutionof a systemof linearequations[4]. But of
course,thingslike roundingerroranalysisbecomeextremelycomplicatedin this
context.

2.7.5 Computer Ar chitecture

Whenartificial neuralnetswereintroducedabout50yearsago,thenaturalimple-
mentationchoicewasto simulatethemonaconventionalvonNeumanncomputer.
Now, astechnologyadvances,asit is possible16 to build largerandfastercircuits
usinglessroom,onebeginsto successfullyreplacethis ratherinefficient strategy
by implementingneuralnetsdirectly in hardware,ascoprocessorssupplementing
aconventionalmachine[9].

Examplesincludethe MARK I I I (1985)andMARK IV (1986),the PARAL-
LON 2 (1987)andtheANZA PLUS (1988). Thelastone,for instance,contains1
million processingelements(i.e. artificial neurons),interconnectedin a network
comprising1.5 million connections.That soundspretty large, but it still is by
severalordersof magnitudesmallerthanthehugenetwork in thehumanbrain.

Sinceall the computationsof the units within onelayer go on in parallel(at
least in non-recurrent,feed-forward networks) theseneurocomputers represent
onekind of parallel architecture. But nobodyhasso far proposeda stand-alone
neurocomputer(whichis notconfiguredasacoprocessorto astandardserialcom-
puter),sincecommonneuralnetworksdo nothandleI/O, sothis taskis left to the
hostmachine[9].

Like thebiologicalprototype,artificial neuralnetshavetheveryniceproperty
thatthey arenotassensitiveto damageasconventionalparallelcomputers,which

16thanksto VLSI
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makesthemsuperiorto thosemachines.If a processingelementin a neuralnet
breaksdown (andhundredsof neuronsdieeverydayin thebrain),otherscantake
over its function.

3 Applicability to Practical Problems

An extremelyinterestingaspectof neuralnetworksis its widespreadapplicability
to all kindsof realworld problems.Sincethepopularityof thetopic is constantly
increasing,andsinceprogressis beingmadevery fast, the seeminglyunlimited
list of potentialandactualapplicationswill supposedlygrow evenfurther. In this
section,I talk aboutsomeof theproblemsneuralnetsarecurrentlyappliedto.

3.1 Pattern Recognition

Thebig keyword in thecontext of neuralnetworksis generalization. “Teaching”
a neuralnet involvesspecifyingtrainingexamples,i.e. input/outputpatternsthat
have to be memorized.But in almostany case(at leastin thosecasesthat are
of interestconcerningreal world problems),only the network’s performanceon
new dataandits ability to “forecast”thecorrectoutputansweringapreviouslyun-
known input is important,not how well thenetmemorizesthetrainingexamples.
In otherwords,althoughthenethasto “learn” thetrainingexamplesup to a rea-
sonabledegreeof perfection,whatmatterslaterin theapplicationphaseis thatthe
netis ableto guesstheright answer, evenif it hasnever “seen”thecorresponding
input before.

This ability is referredto by thenotionof generalization.A neuralnetmaps
similar input patternsto similar outputpatterns.It sort of detectsregularitiesin
thetrainingdataandencodestheminto its synapticalweights.Theconsequence
is thatif, for example,thenethasbeentrainedto distinguishbetweenhandwritten
Arabicnumeralsfrom 0 to 9 (in someappropriaterepresentation),adigit is mostly
still classifiedcorrectlyevenif it is written somehow differentfrom therepresen-
tation learnedin the training phase,e.g. with a differentslantor somethinglike
that,up to anoftensurprisinglylargedegreeof deformation[6].

Oftentimes,thesetof known patternsis dividedinto two parts.Thefirst part
is usedfor trainingthenetandthesecondpartfor evaluatingthenetwork’sability
to generalize.After thelearningphase,thenet is presentedwith patternsthatare
new for it, but well-known for thehumanoperator, andit is checked if thenet is
ableto “guess”thecorrectoutput. Thenetwork is not appliedto unknown data,
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beforeit performsreasonablywell on the untraineddata. The taskof dividing
the dataset is not at all trivial, becausethe training exampleshave to containa
somewhatrepresentativeselection17.

The phenomenonof generalizationmakesneuralnetsideal for all kinds of
classificationor patternrecognitiontasks[5, 6, 9]. Examplesinclude “read-
ing” written text, recognizingfamiliar faces,distinguishingbetweenseveral 3-
dimensionalobjects,or understandingspoken words. All of thesetasksrequire
a network structurethat is specificto the individual problem. For instance,for
classifyinghandwrittennumerals,a net with a 2-dimensionalinput layer could
beused,i.e. thenumeralto beclassifiedis approximatedwith a (2-dimensional)
grid of pixels(which areeitheron or off, blackor white, visible or not), andthis
patternis shuffled into theinputunitsof thenet.Theoutputscouldbetrimmedto
returnanoise-freerepresentationof thenumeral.

The connectionistapproachdoesnot only provide “ideal” or “natural” solu-
tionsfor classificationproblems.Sometimesit is reallynecessaryto solveaprob-
lem by just giving examplesof which inputsshall be mappedto which outputs,
sincefor thosetasks,e.g. speechrecognition,no algorithmicsolutionis known
[9]. Therefore,conventionalcomputerscouldnot beprogrammedto performthe
task,sowehave thechoiceto eitheruseneuralnetsor to do it on ourown.

3.2 “Pr edicting the Futur e”

Theproblemof continuinga time seriesis closelyrelatedto thenotionof pattern
recognition.A timeseriesisasequenceof measurementsthataretakenatdifferent
points in time. Assuminga non-random,non-accidentalbehaviour of the time
series,the valueat a point 0 (which shall be denoted JI ) canbe expressedasa
function of the valuesat times 0:3 C �K0L3 E �	
	
	
��K0L3NM , where M is a problem-
dependantparameter(see[24]): JI �POQ.  JISR �T�  JISR �U�	
	
�
��  JISR = 6�


Theproblemnow is to find thefunction O , andthis canbedonewith thehelp
of aneuralnet.Onepossiblearchitecture,for example(asortof “logical” choice),
involves M inputunits(for  JISR ���  JISR �U�	
	
	
��  JISR = ), oneoutputunit (for  JI ) andsome
numberof hiddenunits18. If the trainingsetis largeenough,thenetwill beable

17otherwise,generalizationcannotwork
18Determiningthisnumberis a rathercritical task,asexplainedbelow.
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to detectthegeneralstructureof themappingthat O represents19, so it is ableto
“predict” valuesfor timepointsin thefuture.

Thiscouldhelp,for example,to forecastearthquakesandtheirmagnitudes,at
leastseismicactivity duringanearthquake couldbepredicted.Anotherpossible
applicationis relatedto medicine(e.g. predictingthecontinuationof electrocar-
diograms).

As I saidabove,thevalues JI aremeasurements, so,likealwayswith measured
data,they donotseemto follow anexact,fixedfunction O . Thereis alwayssome
noiseand deterioration,it looks as if the function O variesover time20. This
bringsup anotherissue,an issuenot only relatedto time seriespredictionbut to
any applicationthat involvesany kind of noise: the problemof overfitting (see
[7]).

Overfittingrelatesto thefactthataneuralnetwill begin to learnalsothenoise
if its size is too big. The net will then encodetoo much information into the
weights,andgeneralizationwill thusnot yield any reliableresults.

In summary, it canbesaidthataneuralnetcanbeusedto predictthefuturein
somesense,but only if its sizeis appropriatefor theproblem.

3.3 ComposingMusic

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

Thenetusedfor this taskcouldbea recurrentone,taking thefirst few notes
(in somerepresentationencodingpitch, length,etc.) as input, “processing”(or
storing)the input in an interconnectionnetwork of hiddenunits, andoutputting
a representationof the next note,which is fed backinto the net asa new input.
Thus,thenetcangoon,“producing”anentirepieceof music,notebynote,always
deriving thenext notefrom thebeginninginput andpreviouslycomputednotes.

Thiscanonly work if theweightsof thenetarealreadytrainedbeforestarting
to “compose”.Thenethasto “listen” to a collectionof musicalpiecesagainand
againtill it detectscertainregularitiesin thedata.Theexistenceof thoseregulari-
tiesis a necessaryconditionfor this to yield satisfyingresults.For example,such

19keepin mind that V is not known
20Of course,thegeneralstructurebehindthemappingof V shouldnot changeto give theneta

fair chance.
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aregularitycouldbeachievedby choosingmusicalpiecesof only onecomponist,
whohasaverytypicalstyle.This in turn impliesthatthenetis not reallycreative,
it is merelyimitating thestyleof this particularcomponist(for furtherdetailssee
[14]).

3.4 SolvingSystemsof Linear Equations

Numerouspracticalapplications,suchas,for example,ray tracingor aircraftcon-
trol systems,rely on solving systemsof linear equationsefficiently. Thereare
variousalgorithmsfor accomplishingthis task,includingGaussianeliminationor
iterative techniques,suchasGauss-Seidelor the Jacobimethod. It is not easy,
however, to parallelizethesealgorithms.

Thealgorithmof Huang(see[4] for details)representsa completelydifferent
approachfor directly solving determinedsystemsof linearequations.Its funda-
mentalstepsinvolvematrix-vectormultiplication,thedot productof two vectors,
andvector-vectormultiplication. The algorithmwill thusperformwell on any
hardware that supportsthis kind of calculationsas basicoperations. It can be
shown, andI wantto do thatfor matrix-vectormultiplication,thatneuralnetsare
amongthosehardwarearchitectures.

Supposenow, we have a perceptronwith W inputs �����K�X�U�	
	
�
����2� and W linear
outputs �Y�T���Z�U�	
�
	
����[� . The 2 layersare fully connected,and ��\]� standsfor the
weightfrom input unit 
 to outputunit � . Sincetheactivationfunction

�
is in this

case(for linear outputunits)theidentity function,thisyields:

�[\^� ��� � � ��\_�T�`�Z� ab�c� C �	
	
�
���Wc

If wewrite theweights��\]� asamatrix d , theinputsasavector ef andtheoutputs
asavector e� , thenweget: e�g�hdief 

This meansthat computingthe outputsof a perceptrongiven its inputs, which
definitely is a basicoperationin connectionisthardware,correspondsdirectly to
matrix-vectormultiplication.

Similarly, every computationin Huang’s algorithmcanbe relatedto a basic
neuralnetoperation,so it is easyto implementthis algorithmusingneuralhard-
ware[4]. Since,asalreadymentionedin thesectionon therelationshipbetween
neuralnetsandcomputerarchitecture,thecomputationswithin any of the layers
of a neuralnet can(anddo!) executeconcurrently, this implementationwill be
parallelper definition.
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4 DesirableFutur eDir ections

I wantto startthis final sectionon desirablefuturedirectionswith pointinginto a
directionthat is, to me,not at all desirable.I meanthe creationof an “artificial
being” capableof thinking,sensing,andreasoning,just ashumans,only thatthis
“being” would be perfectin thesensethat it would not make thesamemistakes
thatwe do. This soundsto memorelike a horrorscenario,andI hopethatscien-
tific researchwill neverdegradeto beanattemptto “improvecreation”.Besides,
I am convinced that no artificial neuralnetwork will ever be able to have feel-
ings,be intuitive, or reveal true creativity, becauseit takesmorethananever so
adequateandprecisemodelof thebrainto really live.

Rather, neuralnetscan be a blessing,if appliedproperly. Here, I think of
blind peoplebeingableto enjoy booksby listeningto anelectronicalvoicewhich
is readingthetext aloudandwhich is realizedwith thehelpof a neuralnet,or of
deafpeoplebeingableto communicatemoreeasilywith theassistanceof aneural
net,amachinewhichtranslatesspokenwordsinto writtenexpressionsdisplayable
onacomputerscreen.

Sofar, little is known abouthow thebrainreallyworks.Consideringtheenor-
mouspowerof thebrain,knowing a little bit morein this respectshouldberather
promising,especiallyasfar asconstructingpowerful connectionistcomputersis
concerned.And onceagain,theseneurocomputersshouldserveasartificial assis-
tants,not as“artificial cobeings”.If it werepossiblein the future to build better
models,trainedwith moreappropriatelearningalgorithms,showing morebiolog-
ical fidelity, thenartificial neuralnetsreally couldleadto new results,new ideas,
andnew insightsthatwouldclarify thebig mysteryof theneuralcomputationsour
brainperforms.It mightevenbepossiblethatneuralnetscouldhelpin findingthe
reasonsfor mentaldisordersandpotentiallyindicateaway to curethem.

Finally, many connectionistshave thedreamof a neuralnet that could “pro-
gramitself” completelyindependently, justby learningabunchof examples.This
would involvefinding theoptimalnetwork topology(not too largeto avoid “over-
fitting” andnottoosmallto allow enoughflexibility for thetaskto belearned),op-
timal learningparameters(like thelearningrate),and,of course,optimalweights
(whichcharacterizetheconnectionsbetweentheunitsin thenetwork). Up to now,
this dreamis far from beingrealizable,andthesearchfor network parametersis
theprobablymostdifficult andmostcritical partassociatedwith thetrainingof an
artificial neuralnet.

In summary, thereis enoughroomfor furtherprogressin thefield, anda large
amountof hardwork andscientificresearchneedsto bedonein thefuture.
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