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Abstract

Neural networks with step activation function
canbevery efficientwaysof performingnonlin-
ear mappings. However, no standardlearning
algorithmexists for training this kind of neural
networks. In this work we useGeneticProgram-
ming (GP)to discover supervisedearningalgo-
rithmswhich cantrain neuralnetworkswith step
activationfunction. Thanksto GR, anew learning
algorithm has beendiscosered which hasbeen
shawvn to provide goodperformance.

1 INTRODUCTION

Supervisedearning algorithmsare by far the most fre-

guently used methodsto train artificial neural networks
[4]. The StandardBackPropagatioSBP)algorithmrep-
resentsa computationallyeffective methodfor thetraining
of multilayer networks which hasbeenappliedto a num-
ber of learningtasksin science engineeringfinanceand
otherdisciplines. The SBP learningalgorithmhasindeed
emegedasthestandaralgorithmfor thetrainingof multi-

layernetworks,againstvhichotherlearningalgorithmsare
oftenbenchmarkd[10, 24]. In thepastfew yearsanumber
of improvementgo SBPhave beenproposedn the litera-

ture (see[21] for a surwy). We will review the SBPrule

andmentionsomeof theseimprovementsn Section2.

A majordrawvbackof SBPis thatit cannot train networks
using step activation functions. This kind of networks
are very importantfor several reasons. Firstly, they can
beimplementedrery efficiently in softwareandhardware.

Secondlythey canperformcomplex non-lineamappings.

Lastly, but perhapsnoreimportantly historicallythey have
beenthefirst non-lineameuralnetworksto be studied.Af-
ter their introductionthanksto McCulloch and Pitts [11],
they were studiedfor a numberof years. However, the
studyof suchnetworks (andof all neuralnetworksin gen-
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eral)wasnearlyabandonedh the Seventiesdueto Minsky
andPaperts bookon perceptron$l2], which clearlyindi-
catedthe limitations of single-layerneuralnetworks with
stepactivationfunction. Theselimitationsweredueto the
fact at the time learning algorithmswere available only
for single-layemetworks. For exampleRosenblats algo-
rithm [19] could train singlelayer networks with stepac-
tivationfunction. Thefield of neuralnetworksreexpanded
in the EightiesandNinetiesthanksto thework of Hopfield
[6] andto the discovery of the Backpropagatiomlgorithm
[20]. However, no-onehasbeenableto overcomeheorigi-
nallimitation of networkswith stepactivationfunction: the
lack of alearningalgorithmfor multi-layernets.

Finding new learningrulesis avery difficult task. Indeed,
a critical analysisof the hugeliteratureon this topic shavs
thatonly afew really novel algorithmswhich demonstrated
muchbetterperformanceéhan SBP have beenproducedn
thelast 10 years[1, 7]. This slow progresshasled some
researcher$o useoptimisationalgorithmsto explore the
spaceof the possiblelearningrules. Given the limited
knowledgeof sucha spacethetools of choicehave been
evolutionaryalgorithms[23] which, althoughnotoptimum
for somedomains,offer the broadestpossibleapplicabil-
ity. Very oftenthestratgy adoptechasbeento useGenetic
Algorithms (GAs) [5] to find the optimumparametersor
prefixedclasse®f learningrules. Thefew resultsobtained
to datearepromising.We recallthemin Section3.

GAs requirefixing the classof rulesthatcanbe explored.
This biaseghe searchandpreventsthe algorithmfrom ex-

ploring themuchlargerspaceof possiblerules. So, in line

with somework by Benjio [1], alsosummarisedn Sec-
tion 3, we decidedto useGP [9] asthis allows the direct
evolution of symboliclearningruleswith their coeficients
(if ary) ratherthanthe simplerevolution of parametergor

afixedlearningrule. This paperdescribeghe application
of GPto thediscovery of learningrulesfor boththe output
andthe hiddenlayersof neuralnetworkswith stepactva-
tion function.



We describeour approachin Section4. Our earlierwork

ontheevolution of learningrulesfor neuralnetworkswith

continuousactivationfunctionsis summarisedn the same
section. Section5 reportsthe experimentalresults ob-
tainedon three classef standardbenchmarkproblems:
the parity, the encoderdecoder and the characterrecog-
nition problems. We discusstheseresultsanddrav some
conclusionsn Section6.

2 BACKPROPAGATION ALGORITHM
AND RECENT IMPROVEMENTS

A multilayer perceptroris a fully connectedeed-forward
neuralnetwork in which an arbitraryinput vectoris prop-
agatedorwardthroughthe network, causingan activation
vectorto be producedn the outputlayer[4]. The network
behaeslike a function which mapsthe input vectoronto
anoutputvector This functionis determinedy the con-
nectionweightsof the net. The objective of SBPis to tune
the weightsof the network so that the network performs
thedesirednput/outputmapping.In this sectionwe briefly
recall the basicconceptsof multilayer feed-forward neu-
ral networks, the SBPandsomeof its improvements.The
readershouldreferto [21, 18] for moredetails.

Let ul betheit® neuronin thelt® layer (theinputlayeris

the 0** layer andthe outputlayeris the kt" layer). Let n,

bethenumberof neuronsn thelt® layer. Theweightof the
connectiorbetweemeuronu), andneuronu.*! is denoted
bywﬁj. Let{z1, z2, ..., £, } Dethesetof inputpatternghat
the network is supposedo learnandlet {1, ta, ..., tm } be
the correspondingargetoutputpatterns.The pairs(zp,tp)

p = 1,..,m arecalledtraining patterns Eachz,, is ann,-

dimensionalvector with componentse;,. Eacht, is an
ng-dimensionalectorwith components;,.

Theoutputo of aneuronu! in theinputlayer, whenpat-
ternz, is presentedcomudesmth its netlnputnetw,
with z;,. For theotherlayers, thenetlnputnet“rl of neu-

ron ui“ (whentheinputpatternz, is presentedo thenet-
work) is usuallycomputedasfollows:

I+1 _ I+1
net;, = E w” Jp -0,
whereo,

! . is the outputof the neuronu!, (usuallyol,, =
f(neth ) with f anon-linearactvation-functionyandg‘*!

is the biasof neuronu’**. For the sale of ahomogeneous
representatiory; is interpretedasthe weightof a connec-
tion to a’bias unit’ with a constanbutputl.

Theerrore}, for neuronuf of theoutputlayerfor thetrain-
ing pair (z,,tp) is computecdhs

Efp =tip — ofp.
The SBPrule usestheseerrorsto adjustthe weights(usu-
ally initialisedrandomly)in suchaway thatthe errorgrad-

ually reduce.

The network performancecanbe assessedsingthe Total
Sumof SquaredTSS)errorsgivenby the following func-
tion:

m  Ng

I ILA

p_lz 1

Thetraining processstopswhenthe error E is reducedo
anacceptabldevel, or whennofurtherimprovements ob-
tained.

In the batchedvariantof the SBPthe updatingof w! ; inthe
st" learningstep (often called an "epoch”) is performed
accordinglyto thefollowing equations:

l ol !
/U)”(S + 1) = wij(s) + Awl] (8)

Awj;(s) = 01" ()05, (5)

Where(ﬁ;fl(s) refersto theerrorsignalatneuroni in layer
I + 1 for patternp at epochs, which is the productof the
first derivative of the activation function f' andthe error
s’ijl(s), andn is aparametecalledlearningrate.

Theoutputof neuronswith stepactivationfunctionis:

| 1 1 if nett >0.5
o;, = f(net; )= ip ’
ip = J(netjp) { 0 otherwise.

Sincethis is not differentiablein 0 andits derivative is 0
elsavhere,the SBP algorithmcannotbe usedto train net-
workswith stepactivationfunction.

Many methodof speedingipthe SBPalgorithmhavebeen
proposedl18, 21, 22, 14]. Rpropis oneof thefastestari-
ation of the SBPalgorithm[18, 21, 22]. Rpropstandgor

'Resilient backpropagation’.lt is a local adaptve learn-
ing schemeperformingsupervisedatchlearningin mul-
tilayer perceptronsFor a detaileddiscussiorsee[18]. Al-

thoughRpropis considerablyastethanSBRit still suffers
from mary problemq3] and,like SBR it cannottrain net-
workswith stepactivationfunction.

3 PREVIOUSWORK

A considerablamountof work hasbeendoneontheevolu-
tion of theweightsand/orthetopologyof neuralnetworks.



Seefor example[8, 15]. However only arelatively small
amounbfwork hasbeerreportecdbntheevolutionof learn-
ing rulesfor neuralnetworks. Given the topology of the
network, GAs have beenusedto find optimum learning
rules. For example,Montana[13] usedGAs for training
feedforward networks and createda new methodof train-
ing which is similarto SBR Chalmerg2] appliedGAs to

discover supervisedearningrulesfor single-layerneural
networks. He discussedhe role of differentkinds of con-
nectionistsystemsandverifiedthe optimality of the Delta
rule, a simpler variantof SBP applicableto single-layer
neuralnetworks[20]. The authornoticedthatdiscovering
morecomple learningruleslik e the SBPusingGAsis not
easybecauseitheroneusesahighly complex geneticcod-
ing, or one usesa simplercodingwhich allows SBPasa
possibility In thefirst casethe searchspacds huge,in the
seconccasewe biasthe searchusingour own prejudices.

All the methodsmentionedabove are limited as they
choosea fixed numberof parameteranda rigid form for
the learningrule. GP hasbeenappliedsuccessfullyto a
large numberof difficult problemslike automaticdesign,
patternrecognition, robotics control, synthesisof neural
networks, symbolicregressionmusicand picturegenera-
tion, etc. GPmaybeagoodway of gettingaroundthelim-
itationsinherentto fixed geneticcodingwhich GAs suffer
from. However, only oneattemptto useGPto inducenew
learningrulesfor neuralnetworkshasbeenreportecbefore
our own work.

Bengio[1] usedGP to find learningrulesfor neuralnet-
works with sigmoid activation function. Bengiousedthe
outputof theinput neuronoé-p, theerrorof the outputneu-
ron eﬁjl andthefirst derivative of theactivationfunctionof
the outputneuronasterminalsand algebraicoperatorsas
functionsfor GP. Bengiouseda very strongsearctbiasto-
wardsa certainclassof SBP-like learningrulesasonly the
ingredientgo rediscawerthe SBPalgorithmwereused.GP
found a betterlearningrule comparedo the rulesdiscor-
eredby simulatedannealingand GAs. However, the new
learningrule sufferedfrom the sameproblemsasSBR was
only testedbnavery specificproblemandcannottrain net-
works with stepactivation function. We will describeour
approacho discoveringlearningrulesbasedon GPin the
next section.

4 EVOLUTION OF NEURAL NETWORK
LEARNING RULESWITH GP

Ourwork is anextensionof Bengio's work with the objec-
tiveto explorealargerspaceof rulesusingdifferentparam-
etersanddifferentrulesfor the hiddenand outputlayers.
We alsowantto train networks usingstepactiationfunc-
tion. Our objectve is to obtain ruleswhich are general,

like SBP fast,stable andwhich canwork in differentcon-
ditions. We wantto discoverlearningrulesof thefollowing
form:

Aut, = F(ng, o%-p, té’:1oézlzl1 for theo_utputlayer,
F(w;;,05,,05 By ) for thehiddenlayers,
whereo’,, is the outputof neuronu’; whenpatternp is pre-
sentedto the network and B\ = 3=, w6712, So,in

our approachwe usedtwo differentlearningrulesonefor

the outputlayer and onefor the hiddenlayerslike in the
SBPlearningrule. In our previousresearct17, 16], GP
was successfuln discovering a numberof learningrules
for theoutputandhiddenlayersof feed-forwardneuralnet-
workswith sigmoidactivationfunctions. Amongthemwe

found onewhich wasbetterthanSBPin all problemscon-
sidered. This paperextendsthat work by applying GP to

evolve rulesfor both the outputand hiddenlayersof net-
workswith stepactivationfunction.

Thetasksthatthe networksaresupposedo learnwith each
learningrulein thepopulationaredescribedn thenext sec-
tion togetherwith the functionsandthe terminalsusedby
GP

5 EXPERIMENTAL RESULTS

51 EXPERIMENTAL SETUP

We consideredfive problemsfrom the following three
classesvhichhavebeerwidely usedn theliterature:a)the
‘'exclusive or’ (XOR) problemandits more generalform,
theN-input parity problemwith 3 and4 inputs,b) thefam-
ily of the N-M-N encodemproblemswhich force the net-
work to generaliseandto mapinput patternsinto similar
outputactivations[16], c) the characterecognitionprob-
lemwith 7 inputsrepresentinghestateof a7-sggmentlight
emitting diode (LED) displayand4 outputswhich repre-
sentthedigits 1 to 9 binaryencoded1].

For the XOR problem,we useda three-layenetwork con-
sistingof 2 input, 2 hidden,and 1 outputneurons.For the
3-inputparity problem we usedathree-layemnetwork con-
sistingof 3 input, 3 hidden,and 1 outputneurons.For the
4-inputparity problem we usedathree-layenetwork con-
sisting of 4 input, 4 hidden,and 1 outputneurons. The
weightswererandomlyinitialised within the range[-1,1].

For the Encoderproblemswe useda three-layemetwork

consistingof 10 input, 5 hidden,and 10 output neurons.
For the characterecognitionproblemswe useda three-
layer network consistingof 7 input, 10 hidden,and4 out-

put neurons.Theweightswererandomlyinitialisedwithin

therange[0,1].

The fithessof eachlearningrule was computedafter ap-
plying therule to the XOR problemfor 1000iterations20



times. Eachtime the network wasinitialisedwith different
randomweights. If the rule wasableto train the network

(i.e.,the network wascapableof reproducingcorrectlyall

thepatterndn thetrainingset)in atleastl casethefitness
of the rule was the numberof times (out of 20) the rule

successfullytrainedthe network. If the rule wasunableto

train the network in all casesthenthe fitnessof the rule

wasf = A Emqr — E), whereE is theaverageTSSerror
overthe 20 caseqthevalueof E is measuredt the maxi-

mumnumberof learningepochs) E,, .. isS aconstansuch
that f > 0, and A is factorsuchthat f < 1. Whenarule

wassuccessfubnthe XOR problemin atleastl9caseswe

alsotestedtherule onthe 3-inputparity problem(initialis-

ing thenetwork 20timeswith differentrandomweightsand
applyingtherule for 5000epochs)o seeif therule would

generalise.The resultsof thesetestswerenot usedin the
fitnessfunction, but were usedto later selectgood rules
which deseredfurther off-line testingon all the problems
consideredfor the 4-input parity, the encodeyrand char

acterrecognitionproblemswe used10000,500, and 500
epochsrespectiely).

GP was run for 30-100 generationswith a population
size of 2000-5000and a crossw@er probability 0.9. Af-
ter applyingcrosseer, subtreemutationwasappliedwith
a probability of 0.01 to all the population. In these
experiments, GP was allowed to evolve learning rules
for both the output and the hidden layers as in the
SBP but for networks with stepactivation function. We
used the function set {+, —, x}, and the terminal set
{wl;, 0, tip, 044", 0.5,0.1} for the outputlayerwhile for

ip
thehiddenlayerswe used{w;, o\, i+, Ei**,0.5,0.1},

ij> %jp2 Oip >

We usedthe “full” initialisation methodwith a maximum
depthof 3 or 5, andtournamentselectionwith a tourna-
mentsizeof 4. Theexperimentsvereperformedusingour
own neuralnetwork andGP simulators . Thesimulatorsare
writtenin POP1landrun onaDigital Alphamachinewith

233MHz processoandontwo SunUltraSFARC 5 and10
runningat 270and300MHz, respectiely. In thesecondi-
tionsa GPruntakestendaysof CPUtime on average.

52 RESULTS

In the experimentsGP discoveredseveral New Learning
Rules(NLRs). Thefollowing aresameof these(afterman-
ual simplification):
O [N}
NLRY = n[0.10},¢5+" — 0.0005],
NLR{f =n[0.110}]" — (0.1 — EJ}")(h, 04" — of,)],

Jp~ip Jp
. NLRS = n[O.loé-pe%'ll— ol.0011],1 l
NLR3" = n[0.11 — (0.01 — EJf) (o), 05+ — df)],

and
NLRS = n[0.1e}* (o}, — 0.5)(d}, — 0.1)],

ip

NLR§ =n[(d}, — 0.51)-
(0l Eiy) + (0, = 0.1)(EBL +0.1))],

ip ip
whereel " = (t;; — oit") andthe superscript©) and H
referto the outputandhiddenlayer, respectiely.

By testingthemon the five problemsmentionedabove we
obtainedheresultsin Tablel whichindicatethereliability
and efficiency of NLR;, NLR, and NLR;3 in different
conditions.

In thesetestseachalgorithmwasrun with the bestsetof
parametergvhichwe determined&mpirically. Thetablere-
ports,for eachalgorithm,thelearningraten, theminimum,
maximumandmeannumberof epochgthe periodduring
which every patternof the training setis presentednce)
which the algorithmneedsto corvergein 20 independent
attemptdo train the network, the numberof successeg.e.
timesin which the learningalgorithmsucceededh train-
ing the network), and the rangeof learningrateswithin
whichthealgorithmcornvergeswith a probabilityof atleast
50%. If the network had not corvergedwithin the maxi-
mum numberof epochsthe run wasdeclaredunsuccess-
ful. 1t shouldbe notedthat N LR, is the bestrule discov-
eredin our runssinceit works for the XOR, 3-parity, 4-
parity, EncodeyandCharacteRecognitionproblemscon-
verging in 100% of the cases.It shouldbe notedthat for
the XOR problemthe minimum andmaximumnumberof
epochsrequiredby NLR; to corverge is 3 and 42, re-
spectvely. This comparesvery favourably with the min-
imum andmaximumnumberof epochgequiredto trainan
equivalentnetwork with sigmoidactivationfunctionusing
SBP (101 and 870, respectrely) or SBP with Rprop (12
and 56, respectrely)[16. Indeedthe averagenumberof
epochsnecessaryor corvergencewith the NLR; is 15.8
which comparesvell with the resultsreportedin [16] for
this problemusingSBPwith Rpropwhich requiredon av-
erage25.9 epochsto corverge. Similar performancam-
provementswere obtainedfor the other problems. Also,
the rangeof learningrateswithin which N LR, corverges
is quite large for mostproblemsindicatingthattherule is
very stable.Thelearningruleis alsovery simple.

By looking at all the learningrules, we canseethat each
oneincludesthetermnol, e/* in theoutputlearningrule.
This termis the Delta learningrule. So, the experiments
with GP suggestedhata goodlearningrule for the output
layer of networks with stepactiation function shouldin-
cludethe Deltalearningrule. Table2 analyseghe stratgy
usedby N LR; totrainthehiddenlayers.

Thestratayy is simpleto understand@onsideringhatin our
teststhe variablewg.p representhe inputsto the network.
Let us considerwhat happengo the connectionbetween

neuronj in theinputlayerandneuror in thehiddenlayer.



Tablel: Performancef the new learningrulesdiscovered
by GP

XOR(2-Input parity)

LearningEpochs Successful
Algorithm| 7 | Min | Max | Mean|Rung Range
NLR, |235| 3 42 | 15.8 | 20 | [0.25-10]
NLR, |235| 5 35 | 15.3| 20 | [0.15-10]
NLR3; |2.35 4 76 | 28.5| 20 | [0.15-10]

3-Input parity

LearningEpochs Successful
Algorithm| » | Min | Max | Mean|Rung Range
NLR, |0.95| 25 | 364 |147.5| 20 |[0.15-2.25]
NLR, |0.95| 16 | 266 | 105.4| 20 |[0.25-2.25]
NLR3; |0.08| 26 | 401 |167.6| 20 |[0.25-1.55]

4-input parity

LearningEpochs Successful
Algorithm| n | Min | Max | Mean|Rung Range
NLR, |0.42| 132 |3535|1285.1 20 | [0.3-0.5]
NLR, | 0.3 | 353 |100002234.84 5 -
NLR3 | - |1000Q100001000Q0 O | [0.005-1]

Encoder

LearningEpochs Successful
Algorithm| » | Min | Max | Mean|Runsg Range
NLR, |0.52| 42 | 305|171.8| 20 |[0.34-0.82]
NLR, |0.52| 17 | 391|179.9| 20 |[0.34-0.82]
NLR3 |0.505 40 | 288 |123.4| 20 |[0.45-0.68]

Character recognition

LearningEpochs Successful
Algorithm| n | Min | Max | Mean|Rung Range
NLR, | 0.2| 67 | 398 |194.5| 20 |[0.1-0.36]
NLR, | 0.2| 25 | 475|190.7| 20 | [0.1-0.3]
NLR; |0.28| 244 | 500 | 387.5| 16 | [0.28-0.6]

If neuroni is active, theweightwill beincreasedvhaterer
the stateof the input neuron.This meanghatthelearning
rule triesto increasehe probability of the hiddenneurons
to be active, becausenly if the hiddenneuronsareactive
theerroron neuronsn the outputlayercanbereducedby
appropriatelysettingthe weightsof the outputlayer). This
in turn causes reductionof the errorsin the hiddenlayer.
However, this stratey of actvatingthe neurondn the hid-
denlayer mustbe usedcarefully sincethe neuronsin the
hiddenlayer have to transmitinformationfrom the input
layer so that the output neuronscan make the right deci-
sions. So, they cannotalwaysbeon. This is achieved by
theremainingtwo casesi.e. whenneuroni is inactive.

If noinputis presen'(ogp = 0) andthe stateof the hidden
neuronis 0 (oj}' = 0) thereis no reasonto changethe
connection.In fact, evenif thereis an erroron neuroni,
this could be changedin future epochs)nly by changing
the stateof neuroni, which cannoﬂoedonesinceoé.p =0.

Table2: Analysisof NLR; .

oép oéjl NLRI
0 0 0
0 1 0.11y
1] 0 [nEF -01)
1| 1 0.11y

The mostimportantcasejs whenthe hiddenneuronis in-

active but the input neuronis active. In this casetherule

considersheerrorsignalonthehiddenneuronE.H . If the
erroris smallerthan0.1 (i.e. it is negative or only weakly
positive), thenthe strengthof the connectionwill be de-

creased.This is to reducethe probability that the hidden
neuronbecomeactive. This preventsthe hiddenneurons
from beingalwaysactive thusallowing the transmissiorof

informationthroughthe network. However, if the erroris

positive andlarge, thenit is betterto help this hiddenneu-
ronto becomeactive, sincethisis theonly wayin whichthe

erroron the outputlayercanbe reduced.The information

to the outputneuronswill have to be transmittedby some
otherhiddenneuron.

6 CONCLUSIONSAND FUTURE WORK

In this paperwe have appliedGPto find supervisedearn-
ing rulesfor the outputand hiddenlayersof multi-layer
neuralnetworks using stepactivation functions. No rules
exist in the literateto train this kind of neuralnetworks.
GP hasdiscovereda usefulway of usingthe Deltalearn-
ing rule (originally developedfor single-layemeuralnet-
works) for the outputlayer Also, GP hasdiscoseredan
effective learningrule for the hiddenlayers. Thesetwo
learningrulestogetherhave performedwell on a number
of problems Whethertheserulesaregenerakemaingo be
seen.

This study indicatesthat there are efficient supervised
learning algorithmsfor multilayer neural networks with
stepactivationfunctionandthat GP cando betterthanhu-
mansat discoveringthem.

If therule discoveredby GPto train multi-layerneuralnets
with stepactivationfunctionis generalthenGP will have
donewhatneuralnetwork researcherlave beenunableto
doin thelast40years:it will have continuedtheresearch
of thefathersof thefield of neuralnetworks,reestablishing
the usefulnesandreputationof neuralnetworkswith step
activationfunction.
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