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Abstract: - The mostcommon(or even only) choiceof activation functionsfor multi–layerperceptrons(MLPs)
widely usedin research,engineeringandbusinessis thelogistic function.Amongthereasonsfor thispopularityare
its boundednessin theunit interval, thefunction’sandits derivative’s fastcomputability, anda numberof amenable
mathematicalpropertiesin the realmof approximationtheory. However, consideringthehugevariety of problem
domainsMLPs areappliedin, it is intriguing to suspectthat specificproblemscall for singleor a setof specific
activationfunctions.Also, biologicalneuralnetworks(BNNs) with their enormousvarietyof neuronsmasteringa
setof complex tasksmaybeconsideredto motivatethis hypothesis.We presenta numberof experimentsevolving
structureandactivation function types(AFTs) of generalizedmulti–layerperceptrons(GMLPs) usingthe parallel
netGENsystemto train the evolved architectures.The numberof network parameterssubjectedto evolution is
increasedin variousstepsfrom learningparametersonly for aGMLP of fixedarchitectureto simultaneousevolution
of structureandactivation function types. For experimentalcomparisonswe utilize a syntheticanda real–world
classificationproblem,andachaotictimeseriespredictiontask.
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1 Intr oduction

While many researchershave investigateda variety of
methodsto improve Artificial Neural Network (ANN)
performanceby optimizing training methods,learnpa-
rameters,or network structure,comparablyfew work
hasbeendonetowardsusingactivation functionsother
than the logistic function. It has beenshown that a
two–hidden–layerMLP with sigmoidalactivationfunc-
tion can implementarbitrary convex decisionbound-
aries (Lippmann, 1987). Moreover, such an MLP is
capableof forming an arbitrarily closeapproximation
to any continousnonlinearmapping(Cybenko, 1987).
However, commonto thesetheoremsis that the num-
berof neuronsin the layersis at bestbounded,but can
be extremely large for practicalpurposes. E.g., for a
one–hidden–layerMLP Barron(1993)derivedapropor-
tionality of the sumsquareerror ( ����� ) to the number
of neuronsaccordingto �����	� 
� � with  beingthe
numberof neurons(for targetfunctionshaving aFourier
representation)(Barron,1993).

If we considerthe simpleexampleof a rectangular
function, it becomesobvious that a rectangularactiva-
tion functioncanapproximatethis targetfunctionmuch

easierthana sigmoidalfunction. But beforewe setup
the experimentslet us briefly review relatedwork and
the basic computationalpropertiesof biological neu-
rons.

1.1 Relatedwork

DasGuptaandSchnitger(1993)compareddifferentac-
tivationfunctionsin termsof approximationpower. The
standardsigmoidreachesanapproximationpowercom-
parableto or better than classesof more established
functionsinvestigatedin theapproximationtheory(i.e.,
splines and polynomials) (DasGuptaand Schnitger,
1993).

Jordan(1995)statesthatthelogisticfunctionis anat-
ural representationof the posteriorprobability in a bi-
nary classificationproblem. However, for layerednet-
works,within theframework of functionapproximation
theory, thereis no compellingreasonto usethe logis-
tic function ascomparedto any othersmoothbounded
monotonicnonlinearity(Jordan,1995).

Liu andYao(1996)evolvedthestructureof General-
izedNeural Networks(GNN) with two differentactiva-
tion function types,namely, sigmoidandGaussianba-



sis function. Experimentswith the Heart Diseasedata
set from the UCI machinelearningbenchmarkrepos-
itory revealedsmall differencesin classificationerror
slightly favoring GNNs over ANNs solely using sig-
moid or Gaussianbasis activation function (Liu and
Yao,1996).

Sopenaet al. (1999)presenteda numberof exper-
iments(with widely–usedbenchmarkproblems)show-
ing that multilayer feed–forward networks with a sine
activationfunctionlearntwo ordersof magnitudefaster
while generalizationcapacity increases(comparedto
ANNs with logistic activation function) (Sopenaet al.,
1999).

1.2 Biological neurons

Thecomputationalpropertiesof a singleneuronarede-
terminedby its morphology, compositionof cell mem-
braneandthenumberandpositionof Synapses(inputs)
alongtheDendritesandits singleAxon(output).As dif-
ferencein Form meansalsodifferencein function,neu-
ronscanbe classifiedinto several typesbasedon their
architecture,e.g. PyramidalCellsexhibiting excitatory
functionalityor inhibitory Basketcells. But evenwithin
amaincell typehighly variablestructureshavebeenob-
served(Miell, 1989).Ontheotherhand,neuronsof dif-
ferentmorphologycanprobablyperformthe same(or
similiar) computationaloperations,if the numberand
distributionof synapseslevelsoff thedifferencein struc-
ture.However, consideringtheenormouscomplexity of
evena singleneuron,it is likely thatno two neuronsin
abiologicalindividualareidenticalw.r.t. computational
function. An even higher level of complexity is intro-
ducedby thefactthatbiologicalneuronsare,of course,
living structureschangingtheir long– and short–term
behavior underthe influenceof variousNeurotransmit-
ters (synapticplasticity) (Shepherd1994). All these
propertiescontributeto theastonishingplasticityof bio-
logical neuralnetworksandcouldgive someimportant
cluesfor furtherimprovementof ANNs.

2 Evolution of Structure and Activation Func-
tion Types

The technicalplatform for the evolution of GMLPs is
thenetGENsystem(Huberetal., 1995)whichhasbeen
designedfor anarbitrarynumberof workstationsin or-
derto train individualANNs in parallel.

TheANN’s geneticblueprintis basedon a directen-
codingsuggestedby Miller et al. (Miller et al., 1989).

With this approacheachconnectionis representedin a
binaryadjacency matrixcalledMiller–Matrix (MM) de-
scribingtheANN architecture.Contraryto theoriginal
crossoveroperatorexchangingrowsandcolumnsof the
MM, we usestandard2–point crossover operatingon
a linearizedMM wherethe trianglematrix of fixed 0s
(feed–forwardarchitecture)is not included.

The main enhancementin our Modified–Miller–
Matrix (MMM) direct encodingscheme(Huber et al.,
1995)aretheNeuron Markers – singlebaseswhich are
encodedin a separatesectionon theANN chromosome
(thetwo othersectionscontainlearningparametersand
all possibleconnections,respectively). From a biolog-
ical viewpoint, the neuronmarkers are a simple ana-
logueto activators/repressorsregulatingthe expression
of genes.For theevolutionof AFTseachneuronmarker
is followedby a sequenceof basescodingfor an index
to anAFT. If a neuronmarker indicatestheabsence(or
pruning)of a particularneuron� , theAFT andall con-
nectionsassociatedwith aspecificneuronbecomeobso-
lete. As a consequence,mostANN chromosomescon-
tainnoncodingregions(Mayer, 1998).

The maximum numberof hidden neurons(neuron
markers) has to be set in advance with this encod-
ing scheme,hence,it could be labeledasEvolutionary
Pruning, sincethe systemimposesan upperboundon
thecomplexity of thenetwork. Oneof themeasuresto
avoid overfitting is theencodingof thenumberof train-
ing epochswith the additionalbenefitof anotherANN
parameterbeingsetautomatically. Two learningparam-
etersfor theselectedtrainingalgorithmResilientBack–
propagation (RProp)(RiedmillerandBraun,1993)are
alsoencodedin thegenotype.

2.1 ANN fitnessfunction

TheANN fitnessfunctioncomprisesacomplexity regu-
larizationterm ������� ����������� � , with ����������� beingthesetof
all network connections.TheCompositeFitnessFunc-
tion ! is givenby aweightedsumof ModelFitnessand
Complexity Fitness

!"�$# 

%

%�& �('
& #*)

%
%�& �+� (1)

with # 
 & # ) � %-,/.
, and � ' beingthemodelerror.

Earlierwork (Huberet al., 1996)showedthat # ) in the
rangeof

.�,0.1.2%435.�,0.6%
is sufficient to guidetheevolution

towardsANNs of low complexity. Hence,we set # ) �.�,0.2%
.
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Figure1: ANN encodingscheme.

2.2 GA and ANN parameters

Thefollowing GA andANN parametershavebeenused
with all theexperimentsin thispaper:
GA Parameters: PopulationSize= 50, Generations=
50,CrossoverProbability7 � =

.�,08
, MutationProbability

7 ' = 
 � ( 9 ,:,;, chromsomelength),Crossover = 2–Point,
SelectionMethod= Binary Tournament.
ANN Parameters: Network Topology = Generalized
Multi–Layer Perceptron,Activation Function (hidden
neurons)= AFT (Table 1) / (output neurons)= AFT,
Output Function (all neurons)= Identity, Training =
RProp,LearningParameters<>= (max

%-,/.(?
, < ' ��@ (maxA-.B,/.(?

, Numberof Training Epochs(max
%:.1.C.

) = Evo-
lutionary.

3 Experimental Setup

The variousAFTs usedin this paperare listed in Ta-
ble 1 as implementedin the StuttgartNeural Network
Simulator (SNNS) (Zell et al., 1994) we are employ-
ing for ANN training. Note that this is only the sub-
set of differentiableAFTs required for any type of
back–propagation training. We have also testedSimu-
lated Annealingas training regime which allows non–
differentiableAFTs as well. However, the computa-
tional cost was unrelatedto ANN performancewhich
usuallywasslightly worsecomparedto RProptraining.

In an effort to separatethe influenceof ANN struc-
tureandAFTs,we devisedthefollowing experiments:

D fixedNet – For the test problemsa standard
network given in the literature is adopted,the

Name Function
Identity EGFH�JI4K;LMF

IdentityPlusBias EGFH�JI4K;LMF &ON F
BSB EGFH�JI4K;LMFQP N F

Elliot E-FR� S-T ��U �WV U

 �*X SCT ��U �WV U X

TanH E F �ZY\[G]6^`_aIbK;L F &cN F ?
TanH Xdiv2 EGFH�ZY\[G]6^b_�SCT ��U) &ON F ?
Logistic E F � 

 � Ted

fhgjilk Unm(o-Uep
Table1: Typesof activationfunctionsusedfor evolution
( IbK;LqF / neuroninput,

N F / bias,and EGF / activation).

AFT for the hiddenneuronsis set to the default
type Logistic, and only the RProplearn pa-
rameters<r= and < ' ��@ andthenumberof epochs
areevolved.

D fixedTop – Thenetwork topologygivenby the
standardnet remainsunaltered,while AFTs and
learnparametersaresubjectedto evolution.

D fixedAct – ANN structureand learnparame-
tersevolve with thedefault AFT Logistic uti-
lized for all hiddenneurons.

D fixedNon – All the ANN parameters– struc-
ture,AFTs,andlearnparametersevolve.

For a roughdescriptionof theANN structurewe use
the numberof hiddenneuronsandthe total numberof
connections.The prefix st is usedfor a standardnet,
andev identifiesanevolvednet.Hence,ev5-80would
representanevolvedGMLP with 5 hiddenneuronsand
80 connections.Themaximumnumberof hiddenneu-
ronsfor theevolution of ANN structureis alwaysiden-
tical to the numberof hiddenneuronsin the standard
net.

3.1 Testproblems

For eachof the threetestproblems,we usea training
set(ANN teaching),a validationset(ANN fitness),and
a test set (ANN performance)with all datasetsbeing
pairwisedisjoint.

TheTwoSpiralsproblemis asynthetic,but neverthe-
lesshardproblem. The taskis to discriminatebetween
two setsof points which lie on two distinct spirals in
theplane.Thesespiralscoil threetimesaroundtheori-
gin and aroundone another(CMU-Repository, 1993).
Training,validation,andtestsetcomprise194patterns



each.Thestandardnetis anMLP with onehiddenlayer
with two input neurons,and two output neurons(one
for eachspiral,winnertakesall) and16 hiddenneurons
(st16-64).

The Glass problem is taken from the PROBEN1
benchmarksuite of real–world problems (Prechelt,
1994).Thenineinput valuesrepresentthepercentcon-
tentof eightdifferentchemicalelementsof glasssplin-
ters and their refractive index. The six classesrepre-
sentedby theoutputneuronsarefloatprocessedbuilding
windows,nonfloatprocessedbuilding windows,vehicle
windows, containers,tableware,andheadlamps. The
training, validation,and testsetscontain107, 53, and
54patterns,respectively. Thestandardnetis a s 3utv3u8
MLP (st8-120).

For theseclassificationproblemsthe modelerror in
thefitnessfunctionis simply givenby � ' � TxwSCw , where
K:y is thenumberof misclassificationson thevalidation
set,and I y its respective size. In addition to the clas-
sification accuracy we usethe statisticalmeasureCo-
efficient of Agreementz which gives the improvement
over randomassignmentof patternsto classes.z5� .B,0.
would reveal a classifierperformanceequalto random
assignment,while z{� %-,/.

indicatesperfectclassifica-
tion.

TheMackey–Glasstime seriesis generatedby a dif-
ferential delay equation. The four input neuronsrep-
resentthe points in time _a|*_aL 3}%:t(?�~ |�_qL 3}%;�1?�~ |�_qL 3
81?\~ |*_aL ?e? , and the network is trainedto predict the fu-
ture value |�_qL &�t-�+?

. (CMU-Repository, 1993). The
benchmarkdata is partitionedin a training set (3000
patterns,L>� �-.1.>3Z�(�-.1.

) anda testset(500 patterns
L�� AC.1.C.>3JA1A-.1.

). We usedthe first 1000patternsof
the training setandthe next 2000patternsfor the val-
idation set (testsetunchanged).The standardnet is a��3�%:.�3�%;.�3�%

MLP (st20-150).For all experimentsthe
AFT Identity hasbeenassignedto thesingleoutput
neuron.

We definethemodelerrorfor predictiontasksasthe
normalizedrootmeansquare(NRMS)on thevalidation
set

� ' �
���� ������ 
 _q| � 3�� � ? )
� ���� 
 _q| � 3 | ? ) ~

(2)

where | � is the i-th valueof the time series,
� � the

predictionof the network, and | the meanof the time
seriessubsetdefinedby ��� %*,;,:,��

. For additionalas-
sessmentof theevolvednetworkstheabsolutemaximal

predictionerror � �n' ��@ � for asinglepointin timeis given.

4 Experimental Results

In Table2 the resultsfor the variousexperimentswith
theTwo Spiralsproblemarepresented.

Two Spirals
RProp ValidationSet TestSet

Acc Kappa Acc Kappa
fixedNet 0.7010 0.4021 0.7010 0.4021
fixedTop 0.6701 0.3402 0.6598 0.3196
fixedAct 0.8608 0.7216 0.8814 0.7629
fixedNon 0.8505 0.7010 0.8351 0.6701

Table2: TwoSpirals–Classificationaccuracy (Acc)and
coefficient of agreement(Kappa)for variousANN pa-
rameterssubjectedto evolution.

The most noteablefact is the large difference in
classificationaccuracy for experimentsusingst16-64
and evolved ANN architecturesThis behavior can be
explained by looking at the evolved nets ev14-122
(fixedAct) and ev16-154 (fixedNon). Due to
the GMLP structurecontainingshort–cutconnections
the numberof connectionsis roughly twice the num-
ber of the standardnet which is comparableto struc-
turesreportedat (CMU-Repository, 1993).As themax-
imal number of epochs(1000) is rather small com-
paredto an overview of resultspresentedin (Sopena
et al., 1999), we trained the final networks for up to
20,000 epochs,but performancesometimeseven de-
creased.ANN structuresandspecifictraining regimes
to reachperfectclassificationhave beenreported,but
our maingoalwasto investigatetheinfluenceof a vari-
ety of AFTs.

It canbe seen(Table2) that the usageof AFTs dif-
ferentfromLogistic in fixedTop andfixedNon
slightly decreaseperformance.Interestingly, out of all
hiddenandoutputneuronsof theevolvednetworksonly
two AFTs are not Logistic. Experimentfixed-
Top generatedthestandardnetwith oneTanH andone
TanH Xdiv2, whilefixedNon yieldedthenetev14-
122with oneTanH andoneIdentity. Theseresults
indicatethatof all AFTs usedin this work Logistic
is thebestchoicefor theTwo Spiralsproblem.

Table3 givesanoverview onevolutionresultsfor the
Glassproblem.

In theseexperimentsthe evolution of AFTs givesa
slight advantageover networks with the default AFT.



Glass
RProp ValidationSet TestSet

Acc Kappa Acc Kappa
fixedNet 0.7407 0.6365 0.6038 0.4151
fixedTop 0.7593 0.6640 0.6604 0.5005
fixedAct 0.7778 0.6891 0.6604 0.5023
fixedNon 0.7778 0.6910 0.6981 0.5717

Table3: Glass– Classificationaccuracy (Acc) andco-
efficientof agreement(Kappa)for variousANN param-
eterssubjectedto evolution.

Also, in comparisonto st8-120the evolved networks
of fixedAct (ev5-79)andfixedNon (ev6-105)are
smaller. Thearchitectureof thelatteris depictedin Fig-
ure2.
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Figure 2: Glass – Architecture of the best GMLP
evolvedin experimentfixedNon (unlabeledAFTsare
Logistic).

The results of GMLPs evolved to predict the
Mackey–Glasstime seriesarepresentedin Table4.

Generally, the prediction error for the various ex-
perimentsvaries only slightly, but again the best re-
sult wasfound in experimentfixedNon (ev19-207),
when structureand AFTs evolve simultaneously. As
with theTwo SpiralsproblemthedefaultAFT Logis-
tic seemsto betheright choicefor theMackey–Glass
prediction.ExperimentfixedTop yieldedanarchitec-
turewith eighthiddenneurons(out of 20) having AFTs
differentfrom thedefaultAFT (thismaybeareasonfor
theworsepredictioncomparedtofixedNet), whereas
fixedNon evolvedto anarchitecturewith two Iden-
tity AFTsandoneTanH Xdiv2 (all othersLogis-
tic). Theoccurrenceof anIdentity might indicate

Mackey–Glass
RProp ValidationSet TestSet

NRMS � �n' ��@ � NRMS � � ' ��@ �
fixedNet 0.2270 0.1621 0.2321 0.1511
fixedTop 0.2463 0.1874 0.2380 0.1400
fixedAct 0.2124 0.1778 0.2109 0.1793
fixedNon 0.2021 0.2412 0.2008 0.2313

Table4: Mackey–Glass– Normalizedroot meansquare
(NRMS)andabsolutemaximumpredictionerror � � ' ��@ �
for variousANN parameterssubjectedto evolution.

that the specificneuroncould be pruned,becauselin-
earbehavior canbe solely modeledby the productsof
neuronoutputandweightandthesumof neuroninputs.

5 Summary

Wehavereportedonexperimentsevolving structureand
activation function types(AFTs) of generalizedmulti–
layerperceptronsutilizing a syntheticanda real–world
classificationproblem,anda chaotictime seriespredic-
tion task.Tough,thesefirst resultsdemonstratethat the
useof differentAFTs in anANN couldimprove its per-
formance,it alsoshows thatthelogisticactivationfunc-
tion usedin the vast majority of MLP applicationsis
a good(if not thebest)choice.As a matterof fact, the
consensusin usageof thelogisticactivationfunctioncan
be alsoviewed asthe resultof an evolutionaryprocess
in thescientificcommunity.

In this work we useda setof conventionaldifferen-
tiable,monotonicactivation functionsfor theevolution
of GMLP architecture,however, recentinterestin non–
monoticactivation functionshasprovided first encour-
aging resultsin learningspeedandANN performance
(Sopenaet al., 1999).Theuseof non–monotonic(peri-
odic) activation functionscould again openpathsback
to biological neuralnetworks, wheresomehypotheses
predicttheexistenceof a “pulsegenerator”periodically
activating(andherebysynchronizing)brainareas.

A naturalcontinuationof thiswork will betheevolu-
tion of completeactivationfunctionsbasedonageneral
model,e.g.,splines,insteadof usingpredefinedAFTs.
A first stepin this directionwill betheevolution of pa-
rametersof thelogistic functionsoasto adaptthesteep-
nessof the function for eachsingleneuronin the net-
work. Moreover, asindicatedabove, theusageof non–
monotonic,periodic functionsfor evolutionary design
of ANN architectureswill beinvestigated.
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