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Abstract

Parallel Distributed GeneticProgramming(PDGP)is a
new form of geneticprogrammingsuitablefor the devel-
opmentbof parallelprogramsn whichsymbolicandneural
processinglementsanbecombinedn afreeandnatural
way. Thispaperdescribesherepresentatiofor programs
andthe geneticoperatorson which PDGPis based.Ex-
perimentakesultsonthe XOR problemarealsoreported.

1 Introduction

GeneticProgramming GP) is a methodof programdis-
covery consistingof a specialkind of geneticalgorithm
(GA) capableof handlingprogramsandaninterpreterto
runthem(3].

Programsareexpressedn GP asparsetrees.For ex-
ample theexpressionmax( x*y, 3+x*y) wouldberep-
resentedasshovn in Figure1(a). The setof possiblein-
ternalnodesusedin GP parsetreesis calledfunction set,
F. F canincludearithmeticoperatorsmathematicaand
Booleanfunctions,etc. The setof terminalnodesin the
parsetreesis calledterminal set 7. 7 canincludevari-
ables,constantsetc. The basicsearchalgorithmusedin
GPis a GA with mutationandcrosswer specificallyde-
signedto operateon parsetrees.

GP hasbeenapplied successfullyto induce sequen-
tial programs andsolwe a large numberof difficult prob-
lems (see[5] for an extensie bibliography). However,
only a very small numberof resultshave beenreported
where GR, appropriatelymodified, hasgonebeyond the
productionof sequentiatree-like programs. For exam-
ple, usingcellularencodingGP hasbeenusedto develop
neuralnets[2] andelectronicanaloguecircuits[4], while
usinginterpretersmplementingparallelvirtual machines
it hasbeenusedto develop specialkinds of parallelpro-
gramg[1, 7].

This paperdescribe$arallel DistributedGeneticPro-
gramming(PDGP)anew form of GPwhichis specialised
in the developmentof parallel programsin which sym-
bolic, numericandneuralprocessinglementganbecom-
binedin a totally free and naturalway. PDGPis based

on a graph-like representatioffior parallel programsand
geneticoperatorswhich guaranteehe syntacticcorrect-
nessof the offspring. In the following sectionsPDGPis
describedand someresultson the XOR problemarere-
ported.

2 Representation

In PDGPwe representparallel)programsasgraphswith
labellednodesandorientedinks. Thenodesarethefunc-
tionsandterminalsusedn theprogramwhile thelinks de-
terminewhich argumentareusedby eachfunction-node.

Figure 1(b) shavs how max( x*y, 3+x*y) canbe
representeéh a paralleldistributedform asa graph. The
executionof the programshouldbeimaginedasa “wave
of computations’startingfrom the terminalsand propa-
gatingupwardsalongthe graph,like the updatingof the
activationsof the neurondan a multi-layerperceptron.

Graph-like representationsf programscanbe more
compact(in term of numberof nodes)andmaoreefficient
thantree-like representationg.g.in Figurel(b)the sub-
expressiorx*y is computednly once).However, thedi-
recthandlingof graphswithin a GA presentsomeprob-
lems.

PDGPusesadirectrepresentationf graphswhich al-
lows the definition of crosseer operatorswvhich always
producesalid offspringin a very efficientway. Therep-
resentations basedn theideaof assigningeachnodein
thegraphto aphysicallocationin agrid of pre-fixedshape
andlimiting theconnectionbetweemodego beforward
andbetweeradjacentayersonly.

By addingthe identity function (i.e. a pass-through
node)to thefunctionset,ary paralleldistributedprogram
(i.e. ary directedagyclic graph)canberearrangedothat
it canbe describedwith this grid-like graphrepresenta-
tion. For example,the programin Figure 1(b) can be
transformednto the network in Figurel1(c).

In orderto study all the possibilitiesoffered by our
representationwe decidedto expandit to explicitly in-
cludeintrons (“unexpressed’partsof code)by associat-
ing afunctionor aterminalto every nodein thegrid, i.e.
alsoto thenodesot directly or indirectly connectedvith
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Figure 1. Parse-treerepresentatiorof the expression
max( x*y, 3+x*y) (a), the correspondinggraph-like

representatiorib), and its PDGP grid-basedrepresenta-
tion (c).

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

3 Genetic Operators

Several kinds of crosseer and mutationcan be defined
in PDGP The crosseer operatormostsimilar to the one
usedn GPis calledSub-graph Active-Active Node (SAAN)

crossover. It works asfollows: a) a randomactive node
is selectedn the first parent,b) the sub-graphincluding
all theactive nodeswhich areusedto computethe output
of the selectechodeis extractedandits heightandwidth

is determinedc) an active nodein the secondparentis

selectedsuchthatits vertical positionis compatiblewith

the heightof the sub-graphd) the sub-graphs inserted
in the secondparentto generatehe offspring. In this last
phasejf the horizontalpositionof the insertionnodein

the secondparentis not compatiblewith the width of the
sub-graphthe sub-graphis wrappedaround.An example
of SAAN crosseeris shavn in Figure2.

Theideabehindthe SAAN crosseeris thatconnected
sub-graphsare functional units whoseoutputis usedby
otherfunctionalunits. Thereforepy replacingasub-graph
with anothersub-graphwe tendto exploredifferentways
of combiningthe functionalunits discoveredduring evo-
lution.

Otherformsof crosswercanbedefinedoy modifying
SAAN crossaer. In this paperwe have adoptedhe Sub-
graph Inactive-Active Node (S AN) crossover in whichthe
cross@er pointin the secondparentis randomlyselected
amongthe active nodes while the crosseer pointin the
first parentis randomly chosenamongall nodesin the
grid.

In standardGR, mutationconsistsof swappinga ran-
domsub-trean anindividualwith anew randomlygener
atedtree. This techniquewhich we call global mutation,
caneasilybeextendedo PDGP We alsouseanotheiform

Parent 1 Parent 2

Crossover
Points

Selected Sub-graph
Offspring

Crossove
Point

Selected Sub—grapl\n‘x\

After Wrap-around

Figure 2:
crossoer.

Sub-graph active-actve node (SAAN)

of mutation,link mutation, which makeslocal modifica-
tionsto the connectiortopologyof the graph(see[6] for
moredetails).Mutationoperatorareappliedafterrecom-
binationandcloning.

4 Experimental Results
In this sectiorwe reporton someexperimentatesultsob-
tainedby applyingPDGPto the problemof finding paral-
lel distributedprogramsmplementinghe XOR function.
In the experimentsthe populationincluded200indi-
viduals,the maximumnumberof generatiorwas 20, the
crosswer probability was 0.7, the global mutationprob-
ability was 0.25 and the link mutation probability was
0.25.The GA usedtournamenselectionwith tournament
size7. The otherparametersvere: “grow” initialisation
methodandSIAN crosseer. Thefithessof asolutionwas
the numberof entriesin the XOR truth-tableit correctly
predicted.

Logic solutions In theseexperimentsve usedthefunc-
tion set7={AND, OR,NAND, NOR, I} (I is theidentity
function)andtheterminalset7={x1, x2}.

Figure3 shavstwo typicalsolutionsobtainedoy PDGP
In the figure the active nodesand the active links have
beendrawn with thick linesandthe outputnodehasbeen
centrechorizontallyfor displayingpurposes.
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Figure3: Symbolicnetworksimplementingheexclusive-
or functionwith Booleanprocessingelements.

In orderto studythebehaiour of PDGPon this prob-
lem we performed20 runs (with differentseedsfor the
randomnumbergeneratorvith threedifferentgrid sizes:
2x2,2x%x3and3 x 4.

To assesshe performancesf PDGPwe usedtwo cri-
teria: thecomputationaeffort E usedin the GP literature
(E is the numberof fithessevaluationsnecessaryo geta
correctprogram,in multiple runs,with probability 99%)
andthetotalnumberof nodesN to beevaluatedn orderto
geta solutionwith 99% probability We (over)estimated
N by multiplying E by the numberof nodesin the grid.
Theresultsaresummarisedn thefirst columnof Tablel.

Theseresultsindicatethat increasingthe size of the
grid reducesconsiderablythe numberof fithessevalua-
tions necessaryo geta solution. This seemgeasonable
consideringthat smallergrids imposeharderconstraints
on the search. However, if we look at the valuesof N
the advantageof larger gridsis not soclear In fact,the
slightly greaternumberof nodeevaluationsrequiredby
smallergridsis balancedy thefactthatthey producebet-
ter solutionin termsof size,executionspeedandgeneral-
isation.

Algebraicsolutions IntheseexperimentsveusedF={+,
-, *, PDIV, I} (PDIV is the protecteddivision, which re-
turnsits firstagumentf theseconds 0) and7 ={x1, x2}.
In theseandthefollowing experimentghe outputis con-
sideredo belif it is greatetthan0.5,0 otherwise.

Figure4(a)shavs atypical solutionto the XOR prob-
lem obtainedusingalgebraicoperators.

In 20 runswith threedifferentgrid sizeswe obtained
theresultsin thesecondcolumnof Tablel whichindicate
that algebraicoperatoramake the searcheasierand that
larger grids reducethe numberof fithnessevaluationsbut
notthenumberof nodeevaluations.

Neuro-Algebraicsolutions In thesesxperimentsveused
thesamefunctionandterminalsetsasin theprevioussec-
tion, but we addedrandomweightsin therange[—1, 1] to

(@) (b)

Figure 4: Algebraic (a) and neuro-algebraigb) realisa-
tionsof the XOR function.

Figure5: Weight-lessneuralnetworks implementingthe
XOR function.

thelinks. The weightsactaspre-multipliersfor theargu-
mentsof thefunctionsin F.

Figure4(b) shavs atypical solutionto the XOR prob-
lem obtainedusingneuro-algebraioperators.

In 60 runswith this settingwe obtainedthe resultsin
thethird columnof Table1 whichindicatethatthe useof
randomweightsmakesthe searchmuch harder at least
without specialisedveight-alteringoperatorsAlso, again
increasingthe size of the grid reduceghe numberof fit-
nessevaluationsbut not the numberof nodeevaluations.

Weight-less Neural Solutions In theseexperimentsve
usedthe functionsetF={+, —, S2,S3,P2,P3,1} where
+ and— areintroducedo simulatelinearneuronsS2and
S3 are neuronswhoseinputs are addedand then passed
througha sigmoidactivationfunction,andP2andP3 are
T neuronsvhichcomputetheproductof theirinputs. The
terminalsetincludedalsoarandomconstangeneratarto
createbiasesin the range[-1.0,+1.0]. Thelinks hadno
weights.

Figure5 shavstwo XOR implementatiorobtainedoy
PDGR while the fourth columnof Tablel reportsthere-
sultsobtainedn 60runs.

Thesaesultssuggesthattheuseof neuronsnsteadf
Booleanor algebraimodesmakesthe searchharder The
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| Logic | Algebraic | Neuro-algebraic][] Weight-lesseural []] Neural
Gridsize E N E N E N E N E N
2%x2 5,200 26,000/ 2,400 12,000|f 9,600 48,000 | 10,200 54,000 || 342,000 1,710,000
2x3 4,200 29,400 2,800 19,600 (| 12,000 84,000/ 6,800 47,600 (| 378,000 2,646,000
3 x4 1,600 20,800 ( 1,600 20,800 7,000 91,000 | 6,000 78,000 46,200 600,600

Tablel: Computationa&ffort necessario solve the XOR problemwith PDGPusingdifferentrepresentations.

Figure6: NeuralXOR realisations.

reasonfor this might be the limited expressive power of
neuronswith respecto otherclasse®f functions,atleast
for Booleanclassificatiorproblems.

Neural Solutions Inthesesxperimentsveusedhesame
functionandterminalsetsasin theprevioussectiorbut we
addedweightsto thelinks.

Figure6 shavstwo typicalsolutiongto the XOR prob-
lem obtainedwith this setting. Theresultsobtainedn 60
runsaresummarisedh thelastcolumnof Tablel.

As expectedthecombinatiorof thenegative effectsof
weightsand neuralprocessingelementproducesa con-
siderabladegradationof the performancef PDGP How-
ever, in this casealargegrid is a big relative advantage.

5 Conclusions

PDGPis anew form of GPwhichis suitablefor the auto-
maticdiscoveryof parallelnetwork-likeprogramsn which
symbolicandsub-symboligrimitivescanbecombinedn
a free and naturalway. In this paperwe have presented
PDGPandstudiedits representationalapabilitiesusinga
very simpleproblem:learningthe XOR function.

The resultsdescribedhere,alongwith recentresults
obtainedon a variety of morecomplex problems[6], are
very promisingasthey clearly shov how PDGPcan ex-
ploreentirelynew space®f programsn whichneuralnets
andclassicalree-like programsarejust specialcases.
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