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Abstract

Parallel Distributed GeneticProgramming(PDGP) is a
new form of geneticprogrammingsuitablefor thedevel-
opmentof parallelprogramsin whichsymbolicandneural
processingelementscanbecombinedin afreeandnatural
way. Thispaperdescribestherepresentationfor programs
andthe geneticoperatorson which PDGPis based.Ex-
perimentalresultson theXOR problemarealsoreported.

1 Introduction
GeneticProgramming(GP) is a methodof programdis-
covery consistingof a specialkind of geneticalgorithm
(GA) capableof handlingprogramsandan interpreterto
run them[3].

Programsareexpressedin GPasparsetrees.For ex-
ample,theexpressionmax(x*y,3+x*y)wouldberep-
resentedasshown in Figure1(a). Thesetof possiblein-
ternalnodesusedin GPparsetreesis calledfunction set,�

.
�

canincludearithmeticoperators,mathematicaland
Booleanfunctions,etc. The setof terminalnodesin the
parsetreesis called terminal set � . � canincludevari-
ables,constants,etc. Thebasicsearchalgorithmusedin
GP is a GA with mutationandcrossover specificallyde-
signedto operateonparsetrees.

GP hasbeenappliedsuccessfullyto inducesequen-
tial programs andsolve a largenumberof difficult prob-
lems (see[5] for an extensive bibliography). However,
only a very small numberof resultshave beenreported
whereGP, appropriatelymodified,hasgonebeyond the
productionof sequentialtree-like programs. For exam-
ple, usingcellularencodingGPhasbeenusedto develop
neuralnets[2] andelectronicanaloguecircuits[4], while
usinginterpretersimplementingparallelvirtual machines
it hasbeenusedto developspecialkindsof parallelpro-
grams[1, 7].

ThispaperdescribesParallelDistributedGeneticPro-
gramming(PDGP),anew formof GPwhichis specialised
in the developmentof parallel programsin which sym-
bolic,numericandneuralprocessingelementscanbecom-
bined in a totally free andnaturalway. PDGPis based

on a graph-like representationfor parallelprogramsand
geneticoperatorswhich guaranteethe syntacticcorrect-
nessof theoffspring. In the following sectionsPDGPis
describedandsomeresultson the XOR problemarere-
ported.

2 Representation
In PDGPwe represent(parallel)programsasgraphswith
labellednodesandorientedlinks. Thenodesarethefunc-
tionsandterminalsusedin theprogramwhile thelinksde-
terminewhichargumentsareusedby eachfunction-node.

Figure 1(b) shows how max(x*y,3+x*y) can be
representedin a paralleldistributedform asa graph.The
executionof theprogramshouldbeimaginedasa “wave
of computations”startingfrom the terminalsandpropa-
gatingupwardsalongthe graph,like the updatingof the
activationsof theneuronsin amulti-layerperceptron.

Graph-like representationsof programscanbe more
compact(in termof numberof nodes)andmoreefficient
thantree-like representations(e.g. in Figure1(b) thesub-
expressionx*y is computedonly once).However, thedi-
recthandlingof graphswithin a GA presentssomeprob-
lems.

PDGPusesadirectrepresentationof graphswhichal-
lows the definition of crossover operatorswhich always
producesvalid offspringin a very efficient way. Therep-
resentationis basedon theideaof assigningeachnodein
thegraphtoaphysicallocationin agrid of pre-fixedshape
andlimiting theconnectionsbetweennodesto beforward
andbetweenadjacentlayersonly.

By addingthe identity function (i.e. a pass-through
node)to thefunctionset,any paralleldistributedprogram
(i.e. any directedacyclic graph)canberearrangedsothat
it can be describedwith this grid-like graphrepresenta-
tion. For example, the programin Figure 1(b) can be
transformedinto thenetwork in Figure1(c).

In order to study all the possibilitiesofferedby our
representation,we decidedto expandit to explicitly in-
clude introns(“unexpressed”partsof code)by associat-
ing a functionor a terminalto every nodein thegrid, i.e.
alsoto thenodesnotdirectlyor indirectlyconnectedwith
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Figure 1: Parse-treerepresentationof the expression
max(x*y,3+x*y) (a), the correspondinggraph-like
representation(b), and its PDGPgrid-basedrepresenta-
tion (c).

the output. In someexperimentswe alsoaddednumeric
labelsto links to allow the direct developmentof neural
networks.

3 Genetic Operators
Several kinds of crossover and mutationcan be defined
in PDGP. Thecrossover operatormostsimilar to theone
usedin GPiscalledSub-graph Active-Active Node (SAAN)
crossover. It works asfollows: a) a randomactive node
is selectedin the first parent,b) the sub-graphincluding
all theactive nodeswhichareusedto computetheoutput
of theselectednodeis extractedandits heightandwidth
is determined,c) an active nodein the secondparentis
selectedsuchthat its verticalpositionis compatiblewith
the heightof the sub-graph,d) the sub-graphis inserted
in thesecondparentto generatetheoffspring. In this last
phase,if the horizontalpositionof the insertionnodein
thesecondparentis not compatiblewith thewidth of the
sub-graph,thesub-graphis wrappedaround.An example
of SAAN crossover is shown in Figure2.

TheideabehindtheSAAN crossoveris thatconnected
sub-graphsarefunctionalunits whoseoutput is usedby
otherfunctionalunits.Therefore,by replacingasub-graph
with anothersub-graph,wetendto exploredifferentways
of combiningthe functionalunitsdiscoveredduringevo-
lution.

Otherformsof crossovercanbedefinedby modifying
SAAN crossover. In this paperwe have adoptedtheSub-
graph Inactive-Active Node (SIAN) crossover in whichthe
crossoverpoint in thesecondparentis randomlyselected
amongthe active nodes,while thecrossover point in the
first parentis randomlychosenamongall nodesin the
grid.

In standardGP, mutationconsistsof swappinga ran-
domsub-treein anindividualwith anew randomlygener-
atedtree.This technique,which we call global mutation,
caneasilybeextendedto PDGP. Wealsouseanotherform
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Figure 2: Sub-graph active-active node (SAAN)
crossover.

of mutation,link mutation, which makeslocal modifica-
tions to theconnectiontopologyof thegraph(see[6] for
moredetails).Mutationoperatorsareappliedafterrecom-
binationandcloning.

4 Experimental Results
In thissectionwereportonsomeexperimentalresultsob-
tainedby applyingPDGPto theproblemof findingparal-
lel distributedprogramsimplementingtheXOR function.

In theexperiments,thepopulationincluded200indi-
viduals,themaximumnumberof generationwas20, the
crossover probability was0.7, the global mutationprob-
ability was 0.25 and the link mutationprobability was
0.25.TheGA usedtournamentselectionwith tournament
size7. The otherparameterswere: “grow” initialisation
methodandSIAN crossover. Thefitnessof asolutionwas
the numberof entriesin the XOR truth-tableit correctly
predicted.

Logic solutions In theseexperimentsweusedthefunc-
tion set

�
= � AND, OR,NAND, NOR,I � (I is theidentity

function)andtheterminalset � = � x1, x2 � .
Figure3showstwo typicalsolutionsobtainedbyPDGP.

In the figure the active nodesand the active links have
beendrawn with thick linesandtheoutputnodehasbeen
centredhorizontallyfor displayingpurposes.
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Figure3: Symbolicnetworksimplementingtheexclusive-
or functionwith Booleanprocessingelements.

In orderto studythebehaviour of PDGPonthisprob-
lem we performed20 runs (with differentseedsfor the
randomnumbergenerator)with threedifferentgrid sizes:�����

,
���	�

and
�
���

.
To assesstheperformanceof PDGPwe usedtwo cri-

teria: thecomputationaleffort E usedin theGPliterature
(E is thenumberof fitnessevaluationsnecessaryto geta
correctprogram,in multiple runs,with probability99%)
andthetotalnumberof nodesN to beevaluatedin orderto
get a solutionwith 99%probability. We (over)estimated
N by multiplying E by the numberof nodesin the grid.
Theresultsaresummarisedin thefirst columnof Table1.

Theseresultsindicatethat increasingthe sizeof the
grid reducesconsiderablythe numberof fitnessevalua-
tions necessaryto get a solution. This seemsreasonable
consideringthat smallergrids imposeharderconstraints
on the search. However, if we look at the valuesof N
the advantageof larger grids is not so clear. In fact, the
slightly greaternumberof nodeevaluationsrequiredby
smallergridsis balancedby thefactthatthey producebet-
tersolutionin termsof size,executionspeedandgeneral-
isation.

Algebraic solutions In theseexperimentsweused
�

= � +,
-, *, PDIV, I � (PDIV is theprotecteddivision, which re-
turnsits first argumentif thesecondis 0) and � = � x1,x2 � .
In theseandthefollowing experimentstheoutputis con-
sideredto be1 if it is greaterthan0.5,0 otherwise.

Figure4(a)showsa typicalsolutionto theXOR prob-
lemobtainedusingalgebraicoperators.

In 20 runswith threedifferentgrid sizeswe obtained
theresultsin thesecondcolumnof Table1 whichindicate
that algebraicoperatorsmake the searcheasierand that
largergrids reducethe numberof fitnessevaluationsbut
not thenumberof nodeevaluations.

Neuro-Algebraic solutions In theseexperimentsweused
thesamefunctionandterminalsetsasin theprevioussec-
tion, but weaddedrandomweightsin therange
���������� to

(a) (b)

Figure 4: Algebraic (a) and neuro-algebraic(b) realisa-
tionsof theXOR function.

Figure5: Weight-lessneuralnetworks implementingthe
XOR function.

thelinks. Theweightsactaspre-multipliersfor theargu-
mentsof thefunctionsin

�
.

Figure4(b)showsa typicalsolutionto theXOR prob-
lem obtainedusingneuro-algebraicoperators.

In 60 runswith this settingwe obtainedtheresultsin
thethird columnof Table1 which indicatethattheuseof
randomweightsmakes the searchmuchharder, at least
withoutspecialisedweight-alteringoperators.Also, again
increasingthesizeof the grid reducesthe numberof fit-
nessevaluationsbut not thenumberof nodeevaluations.

Weight-less Neural Solutions In theseexperimentswe
usedthe functionset

�
= � +, � , S2,S3,P2,P3, I � where

+ and � areintroducedto simulatelinearneurons,S2and
S3 areneuronswhoseinputsareaddedandthenpassed
througha sigmoidactivationfunction,andP2andP3are�

neuronswhichcomputetheproductof their inputs.The
terminalsetincludedalsoarandomconstantgenerator, to
createbiasesin the range[-1.0,+1.0]. The links hadno
weights.

Figure5 showstwo XOR implementationobtainedby
PDGP, while thefourth columnof Table1 reportsthere-
sultsobtainedin 60runs.

Theseresultssuggestthattheuseof neuronsinsteadof
Booleanor algebraicnodesmakesthesearchharder. The
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Logic Algebraic Neuro-algebraic Weight-lessneural Neural
Grid size E N E N E N E N E N�����

5,200 26,000 2,400 12,000 9,600 48,000 10,200 54,000 342,000 1,710,000�����
4,200 29,400 2,800 19,600 12,000 84,000 6,800 47,600 378,000 2,646,000�����
1,600 20,800 1,600 20,800 7,000 91,000 6,000 78,000 46,200 600,600

Table1: Computationaleffort necessaryto solvetheXOR problemwith PDGPusingdifferentrepresentations.

Figure6: NeuralXOR realisations.

reasonfor this might be the limited expressive power of
neuronswith respectto otherclassesof functions,at least
for Booleanclassificationproblems.

Neural Solutions In theseexperimentsweusedthesame
functionandterminalsetsasin theprevioussectionbutwe
addedweightsto thelinks.

Figure6 showstwo typicalsolutionsto theXOR prob-
lem obtainedwith this setting.Theresultsobtainedin 60
runsaresummarisedin thelastcolumnof Table1.

Asexpected,thecombinationof thenegativeeffectsof
weightsandneuralprocessingelementsproducesa con-
siderabledegradationof theperformanceof PDGP. How-
ever, in thiscasea largegrid is a big relativeadvantage.

5 Conclusions
PDGPis a new form of GPwhich is suitablefor theauto-
maticdiscoveryof parallelnetwork-likeprogramsin which
symbolicandsub-symbolicprimitivescanbecombinedin
a free andnaturalway. In this paperwe have presented
PDGPandstudiedits representationalcapabilitiesusinga
verysimpleproblem:learningtheXOR function.

The resultsdescribedhere,alongwith recentresults
obtainedon a varietyof morecomplex problems[6], are
very promisingasthey clearly show how PDGPcanex-
ploreentirelynew spacesof programsin whichneuralnets
andclassicaltree-likeprogramsarejustspecialcases.
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