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Abstract. Thispapepresentanew approactiotheevolutionof neurahetworks.
A linearchromosomeombinedwith a grid-basedepresentatioof the network
and a new crosseer operatorallow the evolution of the architectureand the
weights simultaneouslyThereis no needfor a separateneight optimization
procedureand networks with morethanonetype of activation function canbe
evolved. This paperdescribesthe representationthe crosseer operator and
reportson resultsof the applicationof the methodto evolve a neuralcontroller
for the pole-balancingroblem.

1 Intr oduction

Thereliable,generapurpcse,auomaticdesignof neual networks (NNs)is still alargely
unsohed problem.Recently newv promisingapproachedasedon evolutionary algo-
rithms, suchasevolutionaryprogramming EP) [1] andgeneticalgorithms(GAs) [2],
have beenappliedto the developmentof artificial neuralnetworks. Approachedased
on EPrely exclusively on mutationandoperateon the neuralnetwork directly [3, 4, 5].
Althoughit hasbeenadwcatedhatEPis a moresuitableapproacho thedevelopment
of neuralnetworks [3], we think that crosseer is an inportantmechanisnprovided
by GAs for the exploitation of informationon differentregions of the searchspace.
Methodsbasedon geneticalgorithmsusually representhe structureand the weights
of NNs as a string of bits or asa combinationof bits and real numberg6, 7], and
performthe crossweer operationasif the network were a linear structure.However,
neuralnetworks cannotnaturally be represente@s binary vectors.They are oriented
graphswhosenodesareneuronsandwhosearcsare synapticconnectionsTherefore,
it is arguablethatary efficient approacho evolve NNs shoulduseoperatorsasedon
this structure.

Somerecentwork basedngenetiqprogrammingGP) [8] is afirst stepin thisdirec-
tion. For example,in [8, 9] neuralnetworkshave beenrepresentedsparsetreeswhich
arerecombinedisinga cross@er operatorwhich swapssubtreesepresentingubnet-
works. However, the graph-like structureof neuralnetworksis notideally represented
directly with parsetreeseither Indeed analternatve approactbasedon GR, known as
cellularencoding[10], hasrecognizedhis andusedanindirectnetwork representation
in which parsetreesrepresentuleswhich grov a completenetwork from atiny neural
embryo.Althoughvery compactthisrepresentatioenforcesa considerabldiasonthe
network architectureshatcanbe achieved.

Recently a new form of GP, PDGP[11], in which programsare representeds
graphdgnsteadof parsetrees hasbeenappliedto the evolution of neuralnetworks[12].



Themethodallows the useof morethanoneactivationfunctionin the neuralnetwork
but it doesnot includeary operatorsspecializedn handlingthe connectionweights.
Nonethelestheresultswereencouragin@gndled usto believe thata properrepresenta-
tion, with specializedperatoractingon meaningfulbuilding blocks,couldbeusedto
efficiently evolve neuralnetworks.Indeed,n [13] we improvedandspecialized®DGP
by introducinga dualrepresentationyherealineardescriptiorof the network wasdy-
namicallyassociatedio a two-dimensionafrid. Several specializedyeneticoperators,
someusingthe linear description,othersusingthe grid, allowed the evolution of the
topologyandtheweightsof moderately}complex neuralnetworksvery efficiently.

In this paper we proposea nev combinedcrosseer operatorwhich allows the
determinatiorof the architecturethe activation function, andthe weightsof a neural
network concurrentlyandvery efficiently. In thefollowing sectionspur representation
and operatorare describedandthe resultsof the applicationof this paradigmto the
developmenbf aneuralcontrollerfor the pole-balancingroblemarepresented.

2 Representation

In PDGRinsteadf theusualparsdreerepresentationsedn GR agraphrepresentation
is used,wherethe functionsandterminalsareallocatedin a two-dimensionabrid of
fixedsizeandshapeThegrid is particularlyusefulto solve problemswhosesolutions
aregraphswith a naturallayeredstructurejik e neuralnetworks.

However, thisrepresentationanmake inefficientuseof the availablememoryif the
grid hasthe sameshapefor all individualsin the population.In fact,in this casethere
is no needto representhe grid explicitly in eachindividual. Also, in somecasesit is
importantto be ableto abstracfrom the physicalarrangementf neuronsinto layers
andto only considerthe topologicalpropertiesof the net. To do this, it is morenatural
to usealineargenotype.

Theselimitations led us to proposea dual representatiofiL3], in which a linear
chromosomeis corverted, when needed,into the grid-basedPDGP representation.
The dual representatioincludesevery detail necessaryo build andusethe network:
connectvity, weightsandthe activation function of eachneuron.A chromosomes an
orderedist of nodeqseeFigurela).An index indicateghepositionof thenodesn the
chromosomeAll chromosomekave the samenumberof nodes.

Like in standardyeneticprogrammingthe nodesare of two kinds: functionsand
terminals.Thefunctionsrepresenthe neuronf the neuralnetwork, andtheterminals
arethevariablescontainingtheinputto the network (seeFigure 1b).

Whenthe nodeis a neuron,it includesthe activationfunctionandthe bias,aswell
astheindexesof othernodessendingsignalsto the neuronandthe weightsnecessary
for thecomputatiorof its output.Multiple connectiongrom thesamenodeareallowed.
Nodesareevaluatedaccordingo their orderin thechromosome.

When necessaryseesection3), the linear representatiofjust describeds trans-
formed into the two-dimensionalrepresentatiousedin PDGP A descriptiontable
defineghe numberof layersandthe numberof nodesperlayerof thetwo-dimensional
representatio(seeFigureslcandld). Thenodesof thelinearchromosomaremapped
onto this representatioraccordingto the descriptiontable. The connectionsof the
network areindicatedby links betweemodesin the two-dimensionatrepresentation.
The descriptiontableis a characteristiof the populationandit is not includedin the
genotypeThetwo-dimensionatepresentatiomayhave any numberof layers,eachof
differentsize.This featuremay be usedto constrainthe geometryof the network (e.g.
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Fig.1. (a) Chromosomeand node description.(b) Exampleof a chromosome(c) The table
describinghenumberof nodegerlayerof the network. (d) Thetwo-dimensionatepresentation
resultingfrom the mappingof the nodesof the chromosomén (b), accordingto the description
tablein (c) (notetheintronin theinternallayer).(e) Resultingneuralnetwork aftereliminationof
intronsandtransferof connectiorfrom terminalsin theinternallayerto correspondingerminals
in thefirst layer(node5 is the sameterminalasnode?).

to obtain encoder/decodarets)and can also be usedto guide specializedcrosseer
operatorg13].

Thenodesn thefirstlayerareterminalswhereashenodesn thelastlayerrepresent
the outputneuronsof the network. The numberof input andoutputnodesdepend®n
the problemto be solved. The remainingnodes,calledinternal nodes constitutethe
internallayer(s),andthey maybeeitherneuronor terminals.

Althoughthe size of the chromosomeés fixed for the entire population,the neural
networksrepresentethayhave differentsizes.This happendecausd¢erminalsmaybe
presentasinternalnodesfrom the beginning, or may be introducedby crosseer and
mutation(thisis discussedh section3). They areremovedfrom thenetwork duringthe
decodingphasewhich is performedbeforeeachindividual is evaluated.Connections
fromtheremovedterminalsarereplacedvith connectiongrom correspondingerminals
in theinputlayer(seeFiguresldandle).lt mustbealsopointedoutthatmostmethods
work with a single pool of hiddenneuronswithout structuringtheminto morethan
onelayer. For mostapplicationsthis is sufiicient. However, if necessaryour method
providesa naturalway of structuringthe hiddenneurongnto morethanonelayer.

Our modelallows the useof morethanoneactiation function, so that a suitable
combinationof activationfunctionscanbe evolvedto solve a particularproblem(this
is discussedh the next section).



3 Crosswer

Thecross@er operatoproposedn this papemworksby randomlyselectinga nodea in
thefirst parentandanodeb in the secondharent(seeFigure 2a),andby replacingnode
ain acopy of thefirst parent(the offspring).Dependingnthetypesof nodea andnode
b, thereplacementf nodea is carriedout asfollows:

Both nodesareterminals Thisisthesimplestcasenodeb replacesiodea, andthere
is no changeeitherin thetopologyor in theweightsof the network.

Nodeb is aterminal and nodeais a function In this casenodeb alsoreplaceshode
a, but thecompleity of the network is reducedpecaus@ neuronis removedfrom
thenetwork.

Nodeb is a function and nodeais aterminal In this situation,the crosseer opera-
tion increaseshe compleity of the network. A temporarynode,c, is createdasa
copy of nodeb. Beforenodec replacesiodea in the offspring,eachof its connec-
tionsis analyzedandpossiblymodified,dependingnwhethetthey areconnections
from terminalsor functions:

— If the connectionis from a function, the index of the connectechodeis not
modified.

— If the connectioris from a terminal,the index is modifiedto point to another
node asif theconnectiorhadbeerrigidly translatedrom nodeb to nodea. For
example,the connectiorbetweemodel0 andnodeb in Figures2aand?2bis
transformednto aconnectiorbetweemode8 andnodec in Figures2cand 2d.
In somecasestranslatinghe connectiorrigidly mightleadto pointto annon-
existentnodeoutsidethelimits of thelayer. In thiscasetheindex of connected
nodeis modifiedasif the connectiorhadbeenwrappedaroundthe layer. For
instance the connectiorbetweennode7 andnodeb in Figures2aand?2b is
transformednto aconnectiorbetweemodel andnodec in Figures2cand2d.
If therigid translationof the connectiorrequireshe presenc®f anodebelow
theinputlayer, the connectioris deleted.

Sometimesaconnectiorin nodec, modifiedor not,generateteedbackoopsin the

offspring.In thiscaseaswe areinterestedn feedforwardnetworks,theconnection
is deleted For example,the connectiorbetweemodel3 andnodeb in Figure2b

wasdeletedvhennodec wascreated.

This procedurdor connectioninheritanceaimsat preservingasmuchaspossible
theinformationpresenin the connectionandweights.

Both nodesarefunctions Thisis themostimportantcase By combiningthedescrip-
tion of two functions thetopologyandtheweightsof the network canbechanged.
After creatingnodec asdescribedbove, its descriptiorandthedescriptiorof node
aarecombinedy selectingwo randomcrosseer points,onein eachnode,andby
replacingthe connectiongo theright of the cross@erpointin nodea with thoseto
theright of the cross@er pointin nodec. This createsa new nodeto replacenode
ain theoffspring.SeeFigure 3.

This procesaneasily createmultiple connectiondbetweenthe sametwo nodes.
Thesearevery importantbecauseheir neteffectis a fine tuning of the connection
strengthbetweentwo nodes.However, as this may reducethe efficiency of the
search,we only allow a prefixed maximumnumberof multiple connectionsIf
morethantheallowed maximumnumberof multiple connectionsrecreatedsome
of themaredeletedbeforethereplacemensf nodea in the offspring.



Modificationof theactivationfunctionandbiasof anodeis not performedwith our
cross@eroperatorHowever, thiscanbeindirectlyaccomplishethy replacingafunction
with aterminal,which canlaterbereplacedvith afunctionwith differentfeatures.
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Fig. 2. (a) Two-dimensionatepresentatioof the parentsFor clarity, only connectionselevant
to the operationare shawvn. (b) Nodesa andb. (c) Nodec is a copy of nodeb with modified
connectionsThe connectionsf nodeb whoseindexes indicatedconnectiondrom terminals
receved new indexes. The connectionfrom node 13 was deleted.(d) Offspring generatedy
replacingnodea with nodec.
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Fig. 3. Combinationof two functions.(a) Nodea. (b) Nodec . (c) New nodecreatedo replace
nodea in theoffspring.Notethe multiple connectiorcreated.



4 Experimental results

To assestheperformancef the methodproposedit wasappliedto the pole-balancing
problem.This problemis awell-studiedbenchmarkor controlmethodg7, 14, 15]. The
taskconsistof balancinga pole hingedin the centerof a moving cart, by applyinga
forceto the cartexclusively. The poleis only allowedto move in a vertical planeand
thecartmovesin aone-dimensionatack.

The only forcesacting on the systemare a control force appliedto the cartand
gravity. The controllermustprovide a sequencef left andright pushedo the cart,in
orderto keepthe systemwithin specifiedimits. Differentstratgiesmustbe compared
exclusively ontheirnetresult:failureor successrThereis noway of knowingin advance
whichindividual actionwill contributeto a successfubr unsuccessfutontrol strateyy
in theend.

Thestateof thecart-polesystenis definedoy four variablesepresentingheposition
andvelocity of thecart,andtheangleof the poleto theverticalandits angularvelocity.
Theequation®f motionwerenumericallyintegratedo give thenew stateof thesystem
at eachtime step(we usedEuler’s methodwith atime stepof 0.02s). A failure signal
wastriggeredwhenthe angleof the pole or the positionof the cartexceededspecified
limits. Thelimit for thecartpositionwas+2.4m, andthelimit for theangleof thepole
variedaccordingo the experiment(detailsaregivenfurtheron).

At eachgenerationindividualsin the populationwereevaluatedby the numberof
time stepsin which they wereableto keepthe pole balancedandthe cartin thetrack.
At eachtime step,the neuralnetwork receved asinput the four statevariablesof the
cart-polesystemandreturnedasoutputtheforceto be appliedto the cart. Beforebeing
introducedasinputto the network, the statevariableswerenormalizedusingthe same
normalizatiorfactorsreportedn [14].

In all experimentsa populationof 100individualswasevolvedfor a maximumof
100 generationaisingtwo differenttopologies:4-10-1and4-5-5-1. The weightsand
biaseavererandomlyinitializedwithin therange[-1.0,+1.0]andthehyperbolictangent
wasusedasactivationfunction.

In afirst setof experimentsye usedhecontrolapproachieportedn [14, 15], where
cellularencodinghasbeenappliedto thepole-balancingroblem.Two differentcontrol
actionswereinvestigateda bang-bang@nda continuousontrolforce.In thefirst case,
theforce f canonly take two discretevalues:+10o0r -10. In theseconctasejt cantake
ary valuein therange[-10.0,+10.0].

Thefitnessof anindividualis givenby thenumberof time stepsn whichthesystem
is controlledoverdifferentinitial statesWe usedthesamanitial stateseportedn [14].
A solutionis a network which can control the systemover all initial statesfor 1,000
time steps.Thelimit for theangleof the polewassetat 36 degrees.

Table1 shavstheresultsof 50 independentuns.Column1 indicatesthe shapeof
the two-dimensionalepresentatiomsed.Column 2 representshe averagenumberof
generation$o obtainasolution.Column3 and4 shaov thenumberof hiddenneurongall
internallayersincluded)andthe numberof connection®f the neuralnetwork, respec-
tively. Column5 shavs the computationakffort, i.e. the numberof fithessevaluations
necessaryo obtaina solutionwith 99% probability [8].

Therewasno noticeablaifferencebetweerthe 4-10-1andthe 4-5-5-1topologies,
althoughthe effort to obtaina solutionwasslightly smallerwith thefirst one.A typical
solutionfoundwith the bang-bangontrolactionis shavn in Figure4.

In orderto compareour resultswith thosereportedn [14, 15|, ageneralizationest
was performedfor all solutionsfound, by countingthe numberof successfutontrol



runsof the cart-polesystenfor 1,000time steps Eachsolutionwasrequiredto control
the systemfrom 625 differentinitial statesdefinedby eachnormalizedstatevariable
assuminghevalues:+0.9,+0.5and0.

Theresultsaresummarizedn Tableslaandb. The secondcolumnrepresentshe
numberof fitnessavaluationgo achiezeasolution.Columns3, 4 and5 shav thenumber
of successfutontrolrunsof thebestsolution(B), of all solutions(M), andof theworst
solution (W), respectiely. Column 6 representghe standarddeviation (SD) of the
generalizationest.

In both caseur methodconsiderablyutperformedtellularencodingin termsof
numberof fitnessevaluationgo achiezeasolution. Theresultsareevenmoreimpressie
if oneconsiderghe sizeof the populationsusedin the cellularencodingexperiments:
2048in [14] and4096in [15]. In [14], the numberof individualsin the populationis
almostof the samesize asthe numberof fithessevaluationsto achiese a solutionfor
thebang-bangase which meanghata goodapproximatiorwasalreadypresentn the
initial population.In [15], the size of the populationis considerablygreaterthanthe
numberof evaluationsto achieve a solutionin the bang-bangase which meansthat
thesolutionwasalreadypresentn theinitial populationlt maybealsopointedoutthat
with both control actions,the numberof fithessevaluationsto achiese a solutionwith
our approactareof the sameorderof magnitudeThis suggestshatour methodscales
up betterthancellularencodingwith the difficulty of the problem.

Thegeneralizatiorpower of the solutionswe obtaineds superiorto thosereported
in [15], but inferior to thosereportedin [14]. However, we believe that by increasing
the size of the population,andby allowing the populationto evolve to the maximum
numberof generationgin the currentexperimentsthe evolution hasbeeninterrupted
assoonasa solutionhasbeenfound),bettergeneralizatiortould be achieved.

Table 1. Summaryof resultsobtainedin the first setof experimentsValuesrepresentverage
over 50 randomruns.

Topology Gen Neurons Connections Effort
min/avg/max min/avg/max

4-10-1(bang-bang) 4 0/1.0/5 4/8.0/26 1,100

4-5-5-1(bang-bang) 4 0/1.3/4 4/9.0/22 1,300

4-10-1(continuous) 7 0/1.0/3 3/7.7/16 2,600

4-5-5-1(continuous) 8 0/1.4/6 4/10.0/34 2,700

Table 2. Resultsobtainedwith our methodandwith cellularencoding.(a) Using a bang-bang
controlaction.(b) Usinga continuouscontrolaction.

Learningstage | Successfutuns Learningstage | Successfutuns
Method [Eval| B [M | W [SD Method | Eval | B [M | W [SD
Cellular[14]2,234N/A|430N/AN/A Cellular[14{19,011IN/A|38GN/A[N/A
Cellular[19|1,400N/A|250N/A [N/A Cellular[19|21,000N/A|2259N/A[N/A
4-10-1 367/ 377321 189 45 4-10-1 600 379325 229 36
4-5-5-1 392 381339 228 33 4-5-5-1 690 369328 212 30

(a) (b)
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Fig. 4. (a) Two-dimensionatepresentationf a typical solutionfound usinga 4-5-5-1grid. (b)
Correspondingeuralnetwork.

In a secondsetof experimentswe usedthe approactsuggestedy Whitley et al.
[7], wherethe cartis initially in the centerof the track with zerovelocity, the poleis
vertically alignedwith zeroangularvelocity, and an individual is consideredo be a
solutionto theproblemif it cankeepthesystenmwithin thepredefinedimits for 120,000
time steps.

A bang-bangontrolactionbasedon a probabilisticinterpretatiorof the outputof
the network wasused,in which anoutputof 0.75doesnot meannecessarilya pushto
theright, but ratherthatthis actionhasa probability of occurrencesf 75%.As pointed
outin [7] andaswe alsoobsenedin ourexperimentsthis procedureallowsthenetwork
to exploremoreof the statespace.

In orderto compareourresultswith thosereportedn [ 7], we carriedoutexperiments
with afailuresignalattwo differentlimits for theangleof the pole:12 and35 degrees.
Theresultsareshovn in Table3.

As in thefirst setof experimentsthe 4-10-1topologywasslightly betterthanthe
4-5-5-1onein termsof effort andnumberof generationgo find a solution. A typical
solutionfoundfor the 12 degreescaseis shavn in Figure5.

Table 3. Summaryof resultsobtainedin the secondsetof experimentsin thefirst column,the
specifiedmaximumangleof the poleis indicatedin braclets. Valuesrepresentwerageover 50
randomruns.

Topology Gen Neurons Connections Effort
min/avg/max min/avg/max

4-10-1(12) 5 0/1.0/3 4/7.9/16 2,000

4-5-5-1(12) 7 0/1.0/3 4/7.8/19 2,600

4-10-1(35) 4 0/0.8/4 4/7.0/14 1,100

4-5-5-1(35) 4 0/1.1/4 4/8.5/22 1,600




Table 4. Resultsobtainedwith our methodandthosereportedby Whitley etal. [8]. (a) 12° case.
(b) 35° case.

Learningstage | successfutuns Learningstage | successfutuns

Method [Eval| B [M [W [SD Method [Eval| B [M [W [SD

Whitley etal.[4,097446[297] 24| 89 Whitley etal.[]4,206430/304] 92 92

4-10-1 489524(372/156| 90 4-10-1 359539 426|235 80

4-5-5-1 5841508|345/141| 94 4-5-5-1 353529(432|204 77
(@) (b)

X1 position of the cart
X2 velocity of the cart
X3 angle of the pole

X4 angular velocity of
the pole
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@

Fig. 5. (a) Two-dimensionalepresentationf a typical solutionfound usinga 4-10-1topology
(b) Correspondingpeuralnetwork.

To verify the generalizationpower of the solutionsfound in the secondset of
experimentseachof themwasrequiredto balancehesystenstartingfrom a setof 625
randomstates(selectedwithin the normalizationfactorsrange)for 1,000time steps.
Theresultsof theseexperimentaresummarizedn Tables4aandb.

Our resultsare substantiallybetterthan thosereportedin [7] in termsof number
of fitnessevaluationsto achieve a solution. The resultsare even more impressie if
oneconsiderghat Whitley and collaboratorgdid not evolve the architecturepnly the
weights.Thegeneralizatiompower of the solutionswe attaineds alsobetter

5 Summary

In this paper a new approachto the automaticdesignof neuralnetworks hasbeen
presentedwhichmakesnaturaluseof their graphstructure Theapproachs basedna
dualrepresentatioandanew crossweroperator Themethodwasappliedto thedesign
of feedforwardnetworksin acontroltaskshaving promisingresultsIn futureresearch,
we intendto extendthe power of the representatiorandto applyit to a wider rangeof
practicalproblems.



Acknowledgements

The authorswish to thank the membersof the EEBIC (Evolutionary and Emeigent
Behavior Intelligenceand Computation)group for useful discussionsand comments.
Thisresearclis partially supportedy agrantundertheBritish Council-MURST/CRJI
agreemenandby CNPq(Brazil).

References

1.

2.

3.

10.

11.

12.

13.

14.

15.

D. Fogel. Evolutionarycomputation:toward a nen philosophyof madine Intelligence

IEEE PressPiscatavay, NJ, USA, 1995.

D. Goldbeg. Geneticalgorithmin seach, optimizationand madine learning Addison-
Wesley, ReadingMassachuset4.989.

P. J.Angeline,G. M. SaundersandJ. B. Pollack. An evolutionaryalgorithmthatconstructs
recurrenneuralnetworks. IEEE Transaction®n Neusal Networks5(1),1994.

. D. Fogel. Using evolutionary programmingto createneuralnetworks that are capableof

playingTic TacToe. In IEEE InternationalConfeenceon Neurl Networks(ICNN), pages
875—880IEEE Press;1993.

. J. McDonnelland D. Waagen. Neuralnetwork structuredesignby evolutionary program-

ming. In D. FogelandW. Atmar, editors,Proceedingof the Sec.Annual Confeenceon
EvolutionaryProgramming pages7/9-89,La Jolla,CA, USA, Feh 1993.EvolutionaryPro-
grammingSociety

. V. Maniezzo.Geneticevolution of thetopologyandweightdistribution of neuralnetworks.

IEEE Transaction®n Neural Networks5(1):39-53,1994.

. D. Whitley, S. Dominic,R. Das,andC. Anderson.Geneticreinforcementearningfor neu-

rocontrolproblems.Machine Learning 13:259-2841993.

. J. R. Koza. GeneticProgramming on the Programmingof Computes by Meansof Natural

Selection The MIT PressCambridgeMassachuset4992.

. B. ZhangandH. Muehlenbein Genetigprogrammingf minimalneuralnetsusingOccams

razor In S.Forrest,editor, Proceedingsof the 5th international confeenceon genetic
algorithms(ICGA93), pages342—-349 MorganKaufmann,1993.

F. Gruau.Neual networksynthesisisingcellular encodingandthe geneticalgorithm PhD

thesis,Laboratoirede L'informatique du ParalkElisme,Ecole Normale Sugerierede Lyon,

Lyon,France1994.

R. Poli. Somestepstowardsa form of paralleldistributed geneticprogramming. In Pro-

ceedingof the Fir st On-lineWbrkshopon SoftComputing page290—-295 Aug. 1996.

R. Poli. Discorery of symbolic, neuron-symboliand neuralnetworks with parallel dis-

tributedgenetigorogramming.n 3rd InternationalConfeenceonAtrtificial Neural Networks
andGeneticAlgorithms(ICANNGA) 1997.

J.C. F. Pujol andR. Poli. Evolution of the topology andthe weightsof neuralnetworks

usinggeneticprogrammingwith a dual representationTechnicalreport CSRP-97-07The

University of Birmingham,Schoolof ComputerScience1997.

D. Whitley, F. Gruau,and L. Pyeatt. Cellular encodingappliedto neurocontrol. In Pro-

ceedingof 6th International Confeenceon GeneticAlgorithms pages460—-467 Morgan-
kaufmann]1995.

F. Gruau,D. Whitley, andL. Pyeatt. A comparisorbetweencellular encodingand direct
encodingfor geneticneuralnetworks. In J. Koza,D. Goldbeg, D. Fogel, and R. Riolo,

editors, GeneticProgramming1996: Proceedingf the First Annual Confeence pages
81-89,StanfordUniversity, CA, USA, Jul. 1996.MIT Press.



