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Abstract. Recurrentneuralnetworksareparticularlyusefulfor processingtime
sequencesand simulatingdynamicalsystems.However, methodsfor building
recurrentarchitectureshave beenhinderedby the fact that available training
algorithmsareconsiderablymorecomplex thanthosefor feedforwardnetworks.
In this paper, we presenta new methodto build recurrentneuralnetworksbased
on evolutionarycomputation,which combinesa linearchromosomewith a two-
dimensionalrepresentationinspiredbyParallelDistributedGeneticProgramming
(aformof geneticprogrammingfor theevolutionof graph-likeprograms)toevolve
thearchitectureandtheweightssimultaneously. Our methodcanevolve general
asymmetricrecurrentarchitecturesaswell asspecializedrecurrentarchitectures.
Thispaperdescribesthemethodandreportsonresultsof its application.

1 Intr oduction

The ability to store temporalinformation makes recurrentneuralnetworks (RNNs)
ideal for time sequenceprocessinganddynamicalsytemssimulation.However, build-
ing RNNsis farmoredifficult thanbuilding feedforwardneuralnetworks.Constructive
anddestructivealgorithms,whichcombinetrainingwith structuralmodificationswhich
changethecomplexity of thenetwork, have beenproposedfor thedesignof recurrent
networks [1, 2], but their applicationhasbeenhinderedby the fact that trainingalgo-
rithmsfor recurrentarchitecturesareconsiderablymorecomplex thantheirfeedforward
counterparts[3, 4, 5, 6, 7].

Recently, new promisingapproachesbasedon evolutionary algorithms,suchas
evolutionaryprogramming(EP) [8] andgeneticalgorithms(GAs) [9], havebeenapplied
to the developmentof artificial neuralnetworks (ANNs). Approachesbasedon EP
operateontheneuralnetwork directly, andrely exclusivelyonmutation[10, 11, 12, 13]
or combinemutationwith training[14]. Methodsbasedon geneticalgorithmsusually
representthestructureandtheweightsof ANNs asa stringof bits or asa combination
of bits, integersandreal numbers[15, 16, 17, 18, 19, 20], andperformthe crossover
operationasif the network werea linear structure.However, neuralnetworks cannot
naturallyberepresentedasvectors.They areorientedgraphs,whosenodesareneurons
and whosearcsare synapticconnections.Therefore,it is arguablethat any efficient
approachto evolveANNs shoulduseoperatorsbasedon thisstructure.



Somerecentwork basedon geneticprogramming(GP) [21], originally developed
to evolve computerprograms,is a first stepin this direction.For example,in [21, 22]
neural networks have beenrepresentedas parsetreeswhich are recombinedusing
a crossover operatorwhich swapssubtreesrepresentingsubnetworks. However, the
graph-likestructureof neuralnetworksisnotideallyrepresenteddirectlywith parsetrees
either. Indeed,analternative approachbasedon GP, known ascellularencoding[23],
hasrecognizedthis andusedan indirect network representationin which parsetrees
representruleswhichgrow acompletenetworkfromatiny neuralembryo.Althoughvery
compact,this representationenforcesa considerablebiason thenetwork architectures
thatcanbeachieved.

Recently,anew formof GP,ParallelDistributedGeneticProgramming(PDGP)[24],
in which programsarerepresentedasgraphsinsteadof parsetrees,hasbeenapplied
to theevolution of neuralnetworks [25]. Themethodallows theuseof morethanone
activationfunctionin theneuralnetworkbut it doesnotincludeany operatorsspecialized
in handlingtheconnectionweights.Nonetheless,theresultswereencouragingandled
usto believe thata PDGP-inspiredrepresentation,with specializedoperatorsactingon
meaningfulbuildingblocks,couldbeusedtoefficientlyevolveneuralnetworks.Indeed,
in [26] weimprovedandspecializedPDGPbyintroducingadualrepresentation,wherea
lineardescriptionof thenetworkwasdynamicallyassociatedto atwo-dimensionalgrid.
Several specializedgeneticoperators,someusingthe linear description,othersusing
thegrid, allowedtheevolutionof thetopologyandtheweightsof moderatelycomplex
neuralnetworksveryefficiently. In [27, 28], weproposedacombinedcrossoveroperator
whichallowedtheevolutionof thearchitecture,theweightsandtheactivationfunction
of feedforwardneuralnetworksconcurrently.

In thispaper, weextendthecombinedcrossoveroperatorto thedesignof recurrent
networks.In thefollowing sections,our representationandoperatorsaredescribed,and
wereportonresultsof theapplicationof theparadigmto therelatively complex taskof
trackingandclearinga trail.

2 Representation

In PDGP, insteadof theusualparsetreerepresentationusedin GP, agraphrepresentation
is used,wherethe functionsandterminalsareallocatedin a two-dimensionalgrid of
fixedsizeandshape.Thegrid is particularlyusefulto solve problemswhosesolutions
aregraphswith a naturallayeredstructure,like neuralnetworks.

However, thisrepresentationcanmakeinefficientuseof theavailablememoryif the
grid hasthesameshapefor all individualsin thepopulation.In fact,in this casethere
is no needto representthegrid explicitly in eachindividual.Also, in somecases,it is
importantto beableto abstractfrom the physicalarrangementof neuronsinto layers
andto only considerthetopologicalpropertiesof thenet.To do this, it is morenatural
to usea lineargenotype.

Theselimitations led us to propose[26] a dual representation,in which a linear
chromosomeis converted,when needed,into the grid-basedPDGP representation.
Thedual representationincludesevery detail necessaryto build andusethenetwork:
connectivity, weightsandtheactivationfunctionof eachneuron.A chromosomeis an



orderedlist of nodes(seeFigure1). An index indicatesthepositionof thenodesin the
chromosome.All chromosomeshave thesamenumberof nodes.

Like in standardgeneticprogramming,the nodesareof two kinds: functionsand
terminals.Thefunctionsrepresenttheneuronsof theneuralnetwork, andtheterminals
arethevariablescontainingtheinput to thenetwork (seeFigure2a).

Whenthenodeis a neuron,it includestheactivationfunctionandthebias,aswell
asthe indexesof othernodessendingsignalsto theneuronandtheweightsnecessary
for thecomputationof its output.Multiple connectionsfrom thesamenodeareallowed.

Whennecessary(seeSection3), the linear representationjust describedis trans-
formed into the two-dimensionalrepresentationusedin PDGP. A descriptiontable
definesthenumberof layersandthenumberof nodesperlayerof thetwo-dimensional
representation(seeFigure2b andc). Thenodesof thelinearchromosomearemapped
onto this representationaccordingto the descriptiontable. The connectionsof the
network areindicatedby links betweennodesin the two-dimensionalrepresentation.
Thedescriptiontableis a characteristicof thepopulationandit is not includedin the
genotype.Thetwo-dimensionalrepresentationmayhaveany numberof layers,eachof
differentsize.This featuremaybeusedto constrainthegeometryof thenetwork (e.g.
to obtain encoder/decodernets)andcan alsobe usedto guidespecializedcrossover
operators[26, 27].

Thenodesin thefirst layerareterminals,whereasthenodesin thelastlayerrepresent
theoutputneuronsof thenetwork. Thenumberof input andoutputnodesdependson
the problemto be solved.The remainingnodes,called internal nodes, constitutethe
internallayer(s),andthey maybeeitherneuronsor terminals.

Althoughthesizeof thechromosomeis fixedfor theentirepopulation,theneural
networksrepresentedmayhavedifferentsizes.Thishappensbecauseterminalsmaybe
presentasinternalnodesfrom the beginning,or maybe introducedby crossover and
mutation(this is discussedin Section3).They areremovedfrom thenetwork duringthe
decodingphase,which is performedbeforeeachindividual is evaluated.Connections
fromtheremovedterminalsarereplacedwith connectionsfromcorrespondingterminals
in theinput layer(seeFigures2c andd).

Our modelallows the useof morethanoneactivation function,so that a suitable
combinationof activationfunctionscanbeevolvedto solve a particularproblem(this
is discussedin thenext section).
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Fig.2. (a) Exampleof a chromosome.(b) Thetabledescribingthenumberof nodesperlayerof
thenetwork. (c) Thetwo-dimensionalrepresentationresultingfrom themappingof thenodesof
the chromosomein (a), accordingto the descriptiontablein (b) (notethe intron in the internal
layer).(d) Resultingneuralnetwork aftereliminationof intronsandtransferof connectionfrom
terminalsin theinternallayerto correspondingterminalsin thefirst layer(Notethatnode5 is the
sameterminalasnode1).

3 Crossover

By experimentingwith differentcombinationsof crossover andmutationoperatorsin
ourpreviouswork [26], we havedrawn theconclusionthat,for theevolutionof neural
networks, it is importantto useoperatorswhich inducea fitnesslandscapeassmooth
aspossible,andthatit is alsoimportantto treatconnectionsfrom terminalsdifferently
from connectionsfrom functions(neurons).

Thecrossoveroperatorproposedin this paperworksby randomlyselectinga node
a in thefirst parentanda nodeb in thesecondparent(seeFigure3a),andby replacing
nodea in a copy of thefirst parent(theoffspring).Dependingon the typesof nodea
andnodeb, thereplacementof nodea is carriedoutasfollows:

Both nodesareterminals This is thesimplestcase,nodeb replacesnodea, andthere
is nochangeeitherin thetopologyor in theweightsof thenetwork.

Nodeb is a terminal and nodea is a function In thiscase,nodeb alsoreplacesnode
a, but thecomplexity of thenetwork is reduced,becauseaneuronis removedfrom
thenetwork.



Nodeb is a function and nodea is a terminal In this situation,thecross-overopera-
tion increasesthecomplexity of thenetwork. A temporarynode,c, is createdasa
copy of nodeb. Beforenodec replacesnodea in theoffspring,eachof its connec-
tionsis analyzedandpossiblymodified,dependingonwhetherthey areconnections
from terminalsor functions.

– If the connectionis from a function, the index of the connectednodeis not
modified.

– If theconnectionis from a terminal,the index is modifiedto point to another
node,asif theconnectionhadbeenrigidly translatedfrom nodeb to nodea.
For example,theconnectionbetweennode10 andnodeb in Figures3aandb
is transformedinto a connectionbetweennode7 andnodec in Figures3cand
d. In somecases,translatingthe connectionrigidly might leadto point to an
non-existentnodeoutsidethe limits of the layer. In this case,the index of the
connectednodeis modifiedasif theconnectionhadbeenwrappedaroundthe
layer. For instance,the connectionbetweennode8 andnodeb in Figures3a
andb is transformedinto aconnectionbetweennode1 andnodec in Figures3c
andd. If therigid translationof theconnectionrequiresthepresenceof a node
below theinput layeror above theoutputlayer, it is wrappedaroundfrom top
to bottom(or vice-versa),asif thecolumnswerecircular.

This procedurefor connectioninheritanceaimsat preservingasmuchaspossible
theinformationpresentin theconnectionsandweights.

Both nodesare functions This is themostimportantcase.By combiningthedescrip-
tion of two functions,thetopologyandtheweightsof thenetwork canbechanged.
After creatingnodec asdescribedabove,its descriptionandthedescriptionof node
a arecombinedby selectingtwo randomcrossoverpoints,onein eachnode,andby
replacingtheconnectionsto theright of thecrossoverpoint in nodea with thoseto
theright of thecrossoverpoint in nodec, thuscreatinga new nodeto replacenode
a in theoffspring.SeeFigure4.

This processcaneasilycreatemultiple connectionsbetweenthesametwo nodes.
Thesearevery importantbecausetheir neteffect is a fine tuningof theconnection
strengthbetweentwo nodes.However, as this may reducethe efficiency of the
search,we only allow a prefixed maximumnumberof multiple connections.If
morethantheallowedmaximumnumberof multipleconnectionsarecreated,some
of themaredeletedbeforethereplacementof nodea in theoffspring.

Modificationof theactivationfunctionandbiasof anodeis notperformedwith our
crossoveroperator.However, thiscanbeindirectlyaccomplishedbyreplacingafunction
with a terminal,whichcanlaterbereplacedwith a functionwith differentfeatures.

This crossover operatorcannot only evolve the topologyandstrengthof thecon-
nectionsin a network, but alsothenumberof neuronsandtheneuronsthemselves,by
replacingtheiractivationfunctionsandbiases.Similarly to GP, evenif bothparentsare
equal,theoffspringmaybedifferent.Thishelpsto keepdiversity.
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4 Mutation

Ourdualrepresentationallowstheimplementationof thewholesetof mutationoperators
associatedwith evolutionarymethodsappliedto neuralnetworks:additionanddeletion
of connections,crossover of a chromosomewith a randomlygeneratedone,crossover
of arandomlyselectednodewith arandomlygeneratedone,additionof Gaussiannoise
to theweightsandbiases,etc..

The deletionor additionof nodesis not allowed in the representation,asthe size
of the chromosomesis constant.However, a hiddenneuronmay be replacedwith a
terminalor vice-versa,andthismaybeusedto reduceor increasethecomplexity of the
network, within predefinedlimits.

5 Application domain

Ourmethodcandealwith fully or partiallyconnectednetworks.Moreover, specialized
architectureswith constrainedconnectivity canbealsoevolvedby initializing thepopu-
lationwith individualsof properconnectivity.Undesirableconnectionspossiblycreated
in the offspringareignoredwhenthe genotypeis decodedinto the phenotypebefore
fitnessevaluationis carriedout. Theseconnectionsarenot deletedfrom thegenotype,
they areintronsnotexpressedin thephenotype,andmaybecomeactiveagainlater.

For example,in Elmannetworks[29] thecontext unitscanberepresentedby feed-
backconnectionsfrom the hiddenneuronsto themselves.The remainingconnections
in the network arefeedforwardconnections.If connectionsnot complyingwith these
constraintsarecreated,they canbeignoredduringnetworkevaluation.Thesameapplies
to cascadecorrelationrecurrentnetworks [1], whereonly feedbackconnectionsfrom
a hiddenneuronto itself areallowed. In NARMA andNARX networks [30, 31, 32]
the feedbackfrom theoutputneuronto thehiddenneuronsthroughthedelayedinput
unitscanbeautomaticallyrepresentedin ourmethodby includingadditionalterminals
to input this informationto thenetwork.

This flexibility to evolve architecturesof quite different connectivities makes it
possiblefor ourmethodto covera widerangeof tasks.

6 Tracker problem

To assessthe performanceof the methodproposed,it wasappliedto the moderately
complex problemof finding a control systemfor anagentwhoseobjective is to track
andcleara trail. Theparticulartrail weused,theJohnMuir trail [33, 11], consistsof 89
tiles in a32x32grid (blacksquaresin Figure5). Thegrid is consideredto betoroidal.

Thetrackerstartsin theupperleft corner, andfacesthefirst positionof thetrail (see
Figure5). Theonly informationavailableto the tracker is whetherthepositionahead
belongsto thetrail or not.Basedon this information,at eachtimestep,thetrackercan
take 4 possibleactions:wait (doingnothing),move forward (oneposition),turn right
90� (without moving) or turn left 90� (without moving). Whenthe tracker movesto a
positionof the trail, that positionis immediatelycleared.This is a variantof thewell
known "ant" problemoftenstudiedin theGPliterature[21].
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Fig.5. JohnMuir trail.

Usually, the informationto thetracker is givenasa pair of input data[33, 11]: the
pair is (1,0)if thepositionaheadof thecurrenttrackerpositionbelongsto thetrail, and
(0,1) if it doesnot. The objective is to build a neuralnetwork that,at eachtime step,
receivesthis information,returnstheactionto becarriedout,andclearsthemaximum
numberof positionsin a specifiednumberof time steps(200 in our experiments).As
informationaboutwherethetrackeris onthetrail is notavailable,it is clearthatto solve
theproblemtheneuralnetwork musthave somesortof memoryin orderto remember
its position.As aconsequence,arecurrentnetwork is necessary. Althoughit mightseem
to beunnecessary, thewait actionallows thenetwork to updateits internalstatewhile
stayingat thesameposition(thiscanbeimaginedas"thinking" aboutwhatto donext).

This problemis very hardto solve in 200 time steps(in [21], JohnKozaallotted
400 time stepsto follow slightly different trails using GP). However, it is relatively
easyto find solutionsable to clear up to 90% of the trail (in [33] Jeffersonet al.
presentastatisticalevaluationof thissubjectusingfiniteautomataandneuralnetworks).
This meansthat thesearchspacehasmany local minimawhich misleadevolution, as
confirmedby Langdon& Poli [34], whostudiedthefitnesslandscapeof theantproblem
for GP. This makestheproblema goodbenchmarkto testtheability of our methodto
evolverecurrentneuralnetworks.

7 Experimental Results

We usedasymmetricrecurrentneuralnetworks to solve the problem.A neuroncan
receiveconnectionsfrom any otherneuron(includingoutputneurons).All neuronsare
evaluatedsynchronouslyasa functionof theoutputof theneuronsin theprevioustime
step,andof thecurrentinput to thenetwork. Initially, all neuronshavenull output.

In all experimentsapopulationof 100individualswasevolved.All individualswere
initializedwith 10internalnodesin a2-10-2grid.Theweightsandbiaseswererandomly



initialized within the range[-1.0, +1.0]. We usedcrossover with a randomlycreated
individual asmutationoperatoranda thresholdactivation function.A maximumof 5
multiple connectionswasallowedbetweeneachpair of nodes.We useda generational
geneticalgorithmwith tournamentselection(tournamentsize= 4). Thecrossover and
mutationprobabilitieswere70%and5%,respectively. Thefitnessof anindividualwas
measuredby thenumberof trail positionsclearedin 200timesteps.Thepopulationwas
allowedto evolvefor amaximumof 500generations.

In 20 independentruns,theaveragenumberof positionsclearedby thebestindi-
vidualswas81.5(standarddeviationof 6.4).In spiteof this,wefoundanetwork with 7
hiddenneurons,which clearedthetrail in 199time steps(seeFigure6). Moreover, by
assigningadditionaltimestepsto thebestindividualsevolved,othernetworkswereable
to clearthe trail. As a result,in 60%of the runs,thebestindividualsevolvedcleared
the 89 positionsin lessthan286 time steps,and50%in lessthan248 time steps.An
unexpectedfeatureof thesolutionwefoundis that,althoughavailable,it doesnotmake
useof eitherthe turn left or thewait optionsto movealongthetrail.

Theseare very promisingresults.For comparison,Jeffersonet al. [35] report a
solutionwith 5 hiddenneurons,which clearsthe trail in 200 time steps.Thesolution
is a hand-craftedarchitecturetrainedby a geneticalgorithmusinga hugepopulation
(65,536individuals).Usinganevolutionaryprogrammingapproach,Angelineetal. [11]
reportanetwork with 9 hiddenneurons,evolvedin 2090generations(populationof 100
individuals).Thenetwork clears81positionsin 200timestepsandtakesadditional119
time stepsto clearthe entiretrail. They alsoreportanothernetwork evolved in 1595
generations,whichscores82positionsin 200timesteps.

In order to show the ability of our methodto evolve neuralnetworks with more
thanoneactivationfunction,20 additionalindependentrunswerecarriedout with two
activation functions:the thresholdactivation function of the previousexperimentand
thehyperbolictangent.We founda network with 6 hiddenneuronsand56connections
ableto clearthetrail in 259steps.

8 Conclusion

In this paper, a new approachto theautomaticdesignof recurrentneuralnetworkshas
beenpresented,whichmakesnaturaluseof theirgraphstructure.Theapproachis based
onadualrepresentationandanew crossoveroperator.Themethodwasappliedtoevolve
asymmetricrecurrentneuralnetworkswith promisingresults.

In futureresearch,weintendto extendthepowerof themethod,andto applyit to a
wider rangeof practicalproblems.
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