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Abstract. Recurrenneuralnetworksareparticularlyusefulfor processindime
sequencesnd simulating dynamicalsystems However, methodsfor building
recurrentarchitectureshave beenhinderedby the fact that available training
algorithmsareconsiderablymorecomplex thanthosefor feedforward networks.
In this paper we presentnew methodto build recurrentneuralnetworks based
on evolutionarycomputationwhich combinesa linearchromosomavith a two-
dimensionatepresentatiomspiredby ParallelDistributedGenetidProgramming
(aformof genetigrogrammingdor theevolutionof gragh-likeprograns)toevolve
the architectureandthe weightssimultaneouslyOur methodcanevolve general
asymmetriaecurreniarchitecturesswell asspecializedecurrentarchitectures.
This paperdescribeshe methodandreportson resultsof its application.

1 Intr oduction

The ability to storetemporalinformation makes recurrentneural networks (RNNSs)
idealfor time sequenc@rocessinganddynamicalsytemssimulation.However, build-
ing RNNsis far moredifficult thanbuilding feedforwardneuralnetworks.Constructve
anddestructve algorithmswhich combinetrainingwith structuralmodificationswvhich
changethe compleity of the network, have beenproposedor the designof recurrent
networks[1, 2], but their applicationhasbeenhinderedby the factthattraining algo-
rithmsfor recurrenrchitecturesreconsiderablynorecomplec thantheirfeedforward
counterpart$3, 4,5, 6, 7].

Recently new promising approachedasedon evolutionary algorithms,such as
evolutionaryprogrammind EP) [8] andgeneticalgorithmqGAs) [9], havebeerapplied
to the developmentof artificial neural networks (ANNSs). Approacheshasedon EP
operateontheneuralnetwork directly, andrely exclusively onmutation[10, 11, 12, 13]
or combinemutationwith training [14]. Methodsbasedon geneticalgorithmsusually
representhe structureandthe weightsof ANNs asa string of bits or asa combination
of bits, integersandreal numbergq15, 16, 17, 18, 19, 20], and performthe crosseer
operationasif the network were a linear structure However, neuralnetworks cannot
naturallyberepresentedsvectors.They areorientedgraphswhosenodesareneurons
andwhosearcsare synapticconnectionsTherefore,it is arguablethat ary efficient
approacho evolve ANNs shoulduseoperatordasedn this structure.



Somerecentwork basedon geneticprogrammingGP) [21], originally developed
to evolve computerprogramsjs a first stepin this direction.For example,in [21, 22]
neural networks have beenrepresenteds parsetreeswhich are recombinedusing
a crossw@er operatorwhich swaps subtreesrepresentingsubnetvorks. However, the
graph-likestructureof neurainetworksis notideallyrepresentedirectlywith parsdrees
either Indeed,analternatve approachtbasedon GR, known ascellularencoding[23],
hasrecognizedhis and usedan indirect network representation which parsetrees
representuleswhichgrow acompletenetwork fromatiny neuralemtryo. Althoughvery
compactthis representatioenforcesa considerabldiason the network architectures
thatcanbeachiered.

Recentlyanew form of GR, ParallelDistributedGenetidProgrammingPDGP)[24],
in which programsare represente@s graphsinsteadof parsetrees,hasbeenapplied
to the evolution of neuralnetworks[25]. The methodallows the useof morethanone
activationfunctionin theneurahetwork butit doesnotincludeary operatorspecialized
in handlingthe connectionweights.Nonethelesgheresultswereencouragingndled
usto believe thata PDGP-inspiredepresentationyith specializedperatoractingon
meaningfubuilding blocks,couldbeusedo efficiently evolve neuralnetworks.Indeed,
in [26] weimprovedandspeializedPDGPhy introducing adualrepresentatia, wherea
lineardescriptiorof thenetwork wasdynamicallyassociatetb atwo-dimensionayrid.
Several specializedyeneticoperatorssomeusing the linear description,othersusing
thegrid, allowedthe evolution of thetopologyandtheweightsof moderatelycomple
neuralnetworksveryefficiently. In [27, 28], we proposedcombineccross@eroperator
which allowedthe evolution of the architecturetheweightsandtheactivationfunction
of feedforwardneuralnetworksconcurrently

In this paperwe extendthe combinedcrosseer operatorto the designof recurrent
networks.In thefollowing sectionspur representatioandoperatoraredescribedand
we reporton resultsof theapplicationof theparadigmto therelatively complex taskof
trackingandclearingatrail.

2 Representation

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

However, thisrepresentationanmalke inefficientuseof theavailablememoryif the
grid hasthe sameshapéfor 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 propos€26] a dual representationin which a linear
chromosomeds corverted, when needed,into the grid-basedPDGP representation.
The dual representatioincludesevery detail necessaryo build andusethe network:
connectvity, weightsandthe activation function of eachneuron.A chromosomeés an



orderedist of nodes(seeFigurel). An index indicatesthe positionof the nodesin the
chromosomeAll chromosomebave the samenumberof nodes.

Like in standardyeneticprogrammingthe nodesare of two kinds: functionsand
terminals.Thefunctionsrepresenthe neuronf the neuralnetwork, andtheterminals
arethevariablescontainingtheinputto the network (seeFigure2a).

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

When necessaryseeSection3), the linear representatiofjust describeds trans-
formed into the two-dimensionalrepresentatiorusedin PDGP A descriptiontable
defineghe numberof layersandthe numberof nodesperlayerof thetwo-dimensional
representatiofseeFigure2b andc). The nodesof the linearchromosomeremapped
onto this representatioraccordingto the descriptiontable. The connectionsof the
network areindicatedby links betweennodesin the two-dimensionatepresentation.
The descriptiontableis a characteristiof the populationandit is notincludedin the
genotypeThetwo-dimensionatepresentatiomayhave any numberof layers,eachof
differentsize.This featuremay be usedto constrainthe geometryof the network (e.g.
to obtain encoder/decodarets)and can also be usedto guide specializedcrosseer
operatorg26, 27).

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 populationthe 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(seeFigures2c andd).

Our modelallows the useof morethanone activation function, so that a suitable
combinationof activation functionscanbe evolvedto solve a particularproblem(this
is discussedh the next section).
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Fig. 1. Chromosomandnodedescription.
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Fig. 2. (a) Exampleof achromosome(b) Thetabledescribingghe numberof nodesperlayer of
thenetwork. (c) Thetwo-dimensionatepresentationesultingfrom the mappingof the nodesof
the chromosomén (@), accordingto the descriptiontablein (b) (notethe intron in theinternal
layer).(d) Resultingneuralnetwork after eliminationof intronsandtransferof connectiorfrom
terminalsin theinternallayerto correspondingerminalsin thefirst layer (Notethatnode5 is the
sameterminalasnodel).

3 Crosswer

By experimentingwith differentcombinationf cross@er and mutationoperatorsn
our previouswork [26], we have dravn the conclusiorthat, for the evolution of neural
networks, it is importantto useoperatorswvhich inducea fitnesslandscapes smooth
aspossible andthatit is alsoimportantto treatconnectiongrom terminalsdifferently
from connectiondgrom functions(neurons).

Thecrossweroperatomproposedn this paperworks by randomlyselectinga node
ain thefirst parentanda nodeb in the secondparent(seeFigure 3a),andby replacing
nodea in a copy of thefirst parent(the offspring). Dependingon the typesof nodea
andnodeb, thereplacementf nodea is carriedout asfollows:

Both nodesareterminals Thisis thesimplestcasenodeb 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.



Nodebis afunction and nodeais aterminal In this situation,the cross-@er 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,dependinggnwhethetthey areconnections
from terminalsor functions.

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

— If the connectionis from a terminal,the index is modifiedto pointto another
node,asif the connectiorhadbeenrigidly translatedrom nodeb to nodea.
For example,the connectiorbetweemode10 andnodeb in Figures3aandb
is transformednto a connectiorbetweemode7 andnodec in Figures3cand
d. In somecasestranslatingthe connectiorrigidly might leadto pointto an
non-«istentnodeoutsidethe limits of thelayer In this case theindex of the
connectedodeis modifiedasif the connectiorhadbeenwrappedaroundthe
layer. For instancethe connectionbetweemode8 andnodeb in Figures3a
andb is transformednto aconnectiorbetweemodel andnodecin Figures3c
andd. If therigid translationof the connectiorrequiresthe presencef anode
below theinputlayeror above the outputlayer, it is wrappedaroundfrom top
to bottom(or vice-versa) asif the columnswerecircular.

This procedurdor connectioninheritanceaimsat preservingasmuchaspossible
theinformationpresentn the connectionandweights.

Both nodesare functions Thisis the mostimportantcase By combiningthe descrip-
tion of two functions thetopologyandtheweightsof the network canbe changed.
After creatingnodec asdescribedbove, its descriptiorandthedescriptiorof node
aarecombinedy selectingwo randomcrosseer points,onein eachnode andby
replacingthe connectiongo theright of the crosseer pointin nodea with thoseto
theright of the crosseer pointin nodec, thuscreatinga new nodeto replacenode
a in the offspring.SeeFigure4.

This procesaneasily createmultiple connectiondbetweenthe sametwo nodes.
Thesearevery importantbecauseheir neteffectis afine tuning of the connection
strengthbetweentwo nodes.However, as this may reducethe efficiengy of the
search,we only allow a prefixed maximumnumberof multiple connections|f
morethantheallowedmaximumnumberof multiple connectiongrecreatedsome
of themaredeletedbeforethereplacementf nodea in theoffspring.

Modificationof theactivationfunctionandbiasof anodeis not performedwith our
cross@eroperatorHowever, thiscanbeindirectlyaccomplishethy replacingafunction
with aterminal,which canlaterbereplacedvith afunctionwith differentfeatures.

This cross@er operatorcannot only evolve the topologyandstrengthof the con-
nectionsin a network, but alsothe numberof neuronsandthe neuronghemseles,by
replacingtheir activationfunctionsandbiasesSimilarly to GR, evenif bothparentsare
equaltheoffspringmaybedifferent.This helpsto keepdiversity.
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Fig. 3. (a) Two-dimensionatepresentationf the parentsFor clarity, only connectionselevant
to the operationare shavn. (b) Nodesa andb. (c) Nodec is a copy of nodeb with modified
connectionsThe connectionof nodeb whoseindexes indicatedconnectiondrom terminals
recevednew indexes.(d) Offspringgeneratedby replacingnodea with nodec.
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4 Mutation

Ourdualrepresentatioallowstheimplementatian of thewhde setof mutaion operatas
associateavith evolutionarymethodsappliedto neuralnetworks: additionanddeletion
of connectionsgrosseer of a chromosomaevith a randomlygenerateane,crosseer
of arandomlyselectedchodewith arandomlygenerate@ne,additionof Gaussiamoise
to theweightsandbiasesegtc..

The deletionor addition of nodesis not allowed in the representatiorasthe size
of the chromosomess constantHowever, a hiddenneuronmay be replacedwith a
terminalor vice-versaandthis maybeusedto reduceor increasehe compleity of the
network, within predefinedimits.

5 Application domain

Our methodcandealwith fully or partially connectedhetworks.Moreover, specialized
architecturesvith constrainegonnectvity canbealsoevolvedby initializing the popu-
lationwith individualsof properconnectity. Undesirableonnectionpossiblycreated
in the offspring areignoredwhenthe genotypeis decodednto the phenotypebefore
fithessevaluationis carriedout. Theseconnectionsarenot deletedfrom the genotype,
they areintronsnot expressedn the phenotypeandmaybecomeactive againlater.

For example,in EImannetworks[29] the contect unitscanberepresentetly feed-
back connectiongrom the hiddenneuronsto themseles. The remainingconnections
in the network arefeedforward connectionslf connectionsiot complyingwith these
constraintarecreatedthey canbeignoredduringnetwork evaluation. Thesameapplies
to cascadeorrelationrecurrentnetworks [1], whereonly feedbackconnectiongrom
a hiddenneuronto itself areallowed. In NARMA and NARX networks [30, 31, 32]
the feedbackirom the outputneuronto the hiddenneuronghroughthe delayedinput
unitscanbe automaticallyrepresented our methodby includingadditionalterminals
to inputthisinformationto the network.

This flexibility to evolve architecturef quite different connectities makes it
possiblefor our methodto cover awide rangeof tasks.

6 Tracker problem

To assesshe performanceof the methodproposedijt was appliedto the moderately
complex problemof finding a control systemfor an agentwhoseobjectve is to track
andclearatrail. Theparticulartrail we used the JohnMuir trail [33, 11], consistsof 89
tilesin a32x32grid (blacksquaresn Figureb). Thegrid is consideredo betoroidal.

Thetracker startsin theupperleft corner andfaceghefirst positionof thetrail (see
Figure5). The only informationavailableto the tracker is whetherthe positionahead
belonggo thetrail or not. Basedon this information,at eachtime step,thetracker can
take 4 possibleactions:wait (doing nothing),move forward (one position),turn right
90 (without moving) or turn left 90° (without moving). Whenthe tracker movesto a
positionof thetrail, that positionis immediatelycleared.This is a variantof the well
known "ant" problemoftenstudiedin the GPliterature[21].



Fig. 5. JohnMuir trail.

Usually theinformationto thetrackeris givenasa pair of input data[33, 11]: the
pairis (1,0)if the positionaheadf thecurrenttracker positionbelonggo thetrail, and
(0,2)if it doesnot. The objective is to build a neuralnetwork that, at eachtime step,
recevesthis information,returnsthe actionto be carriedout, andclearsthe maximum
numberof positionsin a specifiednumberof time steps(200in our experiments) As
informationaboutwherethetrackeris onthetrail is notavailable,it is clearthatto solve
the problemthe neuralnetwork musthave somesortof memoryin orderto remember
its position.As aconsequenc@recurrennetworkis necessarylthoughit mightseem
to be unnecessaryhe wait actionallows the network to updateits internalstatewhile
stayingatthe sameposition(this canbeimaginedas"thinking" aboutwhatto do next).

This problemis very hardto solve in 200 time steps(in [21], JohnKozaallotted
400 time stepsto follow slightly differenttrails using GP). However, it is relatively
easyto find solutionsable to clear up to 90% of the trail (in [33] Jefersonet al.
presengastatisticalevaluationof this subjectusingfinite automatandneuralnetworks).
This meanghatthe searchspacehasmary local minimawhich misleadevolution, as
confirmedby Langdon& Poli[34], who studiedthefithesdandscapef theantproblem
for GR This makesthe problema goodbenchmarko testthe ability of our methodto
evolverecurrenneuralnetworks.

7 Experimental Results

We usedasymmetricrecurrentneuralnetworks to solve the problem.A neuroncan
receve connectiongrom ary otherneuron(includingoutputneurons)All neuronsare
evaluatedsynchronoushasafunctionof the outputof the neurondn the previoustime
step,andof the currentinputto the network. Initially, all neuronshave null output.

In all experimentsa populationof 100individualswasevolved.All individualswere
initializedwith 10internalnodesn a2-10-2grid. Theweightsandbiasesvererandomly



initialized within the range[-1.0, +1.0]. We usedcrosseer with a randomlycreated
individual as mutationoperatoranda thresholdactivation function. A maximumof 5
multiple connectionsvasallowed betweereachpair of nodesWe useda generational
geneticalgorithmwith tournamenselection(tournamensize= 4). The crosse@er and
mutationprobabilitieswere 70% and5%, respectiely. Thefithessof anindividualwas
measuredy thenumberof trail positionsclearedn 200time stepsThepopulationwas
allowedto evolve for amaximumof 500generations.

In 20 independentuns,the averagenumberof positionsclearedby the bestindi-
vidualswas81.5(standardleviation of 6.4).n spiteof this, we foundanetwork with 7
hiddenneuronswhich clearedthetrail in 199time steps(seeFigure6). Moreover, by
assigningadditionaltime stepgo thebestindividualsevolved,othernetworkswereable
to clearthetrail. As aresult,in 60% of the runs,the bestindividualsevolved cleared
the 89 positionsin lessthan286time steps,and50%in lessthan248time steps.An
unexpectedeatureof thesolutionwe foundis that,althoughavailable it doesnotmake
useof eithertheturn left or thewait optionsto move alongthetrail.

Theseare very promising results.For comparison Jefersonet al. [35] reporta
solutionwith 5 hiddenneuronswhich clearsthe trail in 200time steps.The solution
is a hand-craftedarchitecturerainedby a geneticalgorithmusinga hugepopulation
(65,536individuals).UsinganevolutionaryprogrammingapproachAngelineetal. [11]
reportanetwork with 9 hiddenneuronsevolvedin 2090generationgpopulationof 100
individuals).Thenetwork clears81 positionsin 200time stepsandtakesadditionall19
time stepsto clearthe entiretrail. They alsoreportanothemetwork evolvedin 1595
generationswhich scores32 positionsin 200time steps.

In orderto show the ability of our methodto evolve neuralnetworks with more
thanoneactivationfunction,20 additionalindependentunswerecarriedout with two
activation functions:the thresholdactivation function of the previous experimentand
the hyperbolictangentWe founda network with 6 hiddenneuronsand56 connections
ableto clearthetrail in 259steps.

8 Conclusion

In this paperanew approactto the automaticdesignof recurrenineuralnetworks has
beenpresentedihichmakesnaturaluseof theirgraphstructure Theapproachs based
onadualrepresentatioandanew crosseeroperatorThemethodvasappliedto evolve
asymmetriadecurrentneuralnetworkswith promisingresults.

In futureresearchye intendto extendthe power of themethod andto applyit to a
wider rangeof practicalproblems.
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