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Abstract—GeneticProgramming is a method of program discovery con-
sisting of a specialkind of geneticalgorithm capableof operating on non-
linear chromosomegparsetr eesyepresentingprogramsand aninterpreter
which canrun the programsbeing optimised. This paper describesPDGP
(Parallel Distributed Genetic Programming), a new form of genetic pro-
gramming which is suitable for the development of fine-grained parallel

programs. PDGP is basedon a graph-like representationfor parallel pro-
grams which is manipulated by crossewer and mutation operators which

guaranteethe syntactic correctnessof the offspring. The paper describes
these operators and reports somepreliminary results obtained with this

paradigm.

I. INTRODUCTION

GeneticProgramming GP)is an extensionof GeneticAlgo-
rithms (GAs) in which the structuresthat make up the popu-
lation to be optimisedarenot fixed-lengthcharactestringsthat
encodegpossiblesolutionsto aproblem but programsthat,when
executedare the candidatesolutionsto the problem[11; 12].

Programsare expressedn GP asparsetrees,ratherthanas
lines of code. For example,the simple expressionmax( x *
y, 3 + x * y) wouldberepresentedsshovnin Figurel.
The basicsearchalgorithmusedin GP is a classicalGA with
mutation and crosseer specifically designedto handleparse
trees.

Thesetof possibleinternal(non-leaf)nodesusedin GPparse
treesis calledfunction set, 7 = {f1,---, fn.}- All functions
of F havearity (thenumberof agumentspreatethanone.The
setof terminal(leaf) nodesin the parsetreesis calledterminal
set 7 = {t1,---,tn, }. Tablel shovs sometypical functions
andterminalsusedin GP

Thisform of GPhasbeenappliedsuccessfullyo alargenum-
berof difficult problemdik e automatediesign patternrecogni-
tion, robot control, symbolicregressionmusicgenerationjm-
agecompressionimageanalysisetc.[11; 12;9; 10;1; 17].

Whenappropriateéerminals functionsand/orinterpretersre
defined standardsPcangobeyondtheproductionof sequential
tree-like programs For exampleusingcellularencodingGP can

Fig. 1. Parse-tregepresentationf theexpressiomax(x * y, 3 + x * y).

be usedto develop (grow) structureslike neuralnets[5; 6] or
electroniccircuits[14; 13], which canbethoughtof asperform-
ing someform of parallelcomputation. Also, in conjunction
with aninterpreteimplementinga parallelvirtual-machineGP
canbeusedto developcertainkindsof parallelprogramg3] or
to translatesequentiaprogramsinto parallelones[19]. (The
developmentof parallelprogramsshouldnot be confusedwith
the parallelimplementation®f GP, which areessentiallymeth-
odsof speeding-uphe geneticsearchof standardree-like pro-
grams[2; 4; 16; 8; 18]. Thesemethodsareusuallybasednthe
useof multiple processorsachonehandlingaseparat@opula-
tion, asubsebf fithessevaluationsor a subsebf fithesscases.)

This paperdescribe® DGP(ParallelDistributedGenetidPro-
gramming),a new form of geneticprogrammingwhich is suit-
ablefor thedevelopmentf fine-grainecbr medium-grainegar
allel programs.PDGPis basedon a graph-like representation
for parallelprogramsandgeneticoperatorsvhich guarante¢he
syntacticcorrectnessf the offspring. In the following sections
the representatiormand operatorsusedin PDGP are described
and somepreliminary resultsobtainedwith this paradigmare
reported.

Il. REPRESENTATION

Taking inspiration from the parallel distributed processing
performedn neuralnets,werepresentine-grainedcarallelpro-
gramsas graphswith labellednodesand orientedlinks. The
nodesarethefunctionsandterminalsusedin the programwhile
thelinks determinewvhich argumentsareusedby eachfunction-
nodewhenit is next evaluated.Figure2 shavs an exampleof

Functions
Kind Examples
Arithmetic +, %/
Mathematical| sin,cos,exp
Boolean AND, OR,NOT
Conditional | IF-THEN-ELSE,IFLTE
Looping FOR,REPEA
Terminals
Kind Examples
Variables X,y
Constanwalues 3,0.45
O-arityfunctions | rand,go_left
Randonconstants| random

Tablel. Typical functionsandterminalsusedin geneticorogramming.
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Fig. 2. Graph-lile representationf theexpressiomax(x * y, 3 + x * y).

a paralleldistributedprogramrepresentedsa graph. The pro-
gramimplementsthe samefunction as the one shovn in Fig-
urel,ie.max(x * y, 3 + x * y). Itsexecutionshould
beimaginedasa “wave of computations’startingfrom theter
minalsandpropagatingipwardsalongthe graph.

Thistiny-scaleexampleshavsthatgraph-likerepresentations
of programscanbe morecompact(in termof numberof nodes)
and moreefficient (the sub-expressionx * y is be computed
only onceinsteadof twice) thantree-like representationdlow-
ever, the direct handlingof graphswithin a geneticalgorithm
presentsomeproblems.

Severaldirectrepresentationfer graphsexist in graphtheory
For eachof themonecouldimagineoperatorghatselecta ran-
domsub-graphin oneparentandthenswapit with a“properly”
selectedsub-graphn the otherparentor a“properly” generated
randomsub-graphby “proper” sub-graptwe meanasub-graph
with the correctnumberof inputandoutputlinks). However, as
shawn by the considerablevork donein thefield of neuralnet-
works, it is noteasyto producegoodgeneticoperatorgor direct
graphencodings.n particularit is hardto producea crosseer
operatorsuchthat: a) whenparentssharea commoncharacter
istic their offspring inherit sucha characteristich) when par
entshave differentcharacteristitheir offspringcaninheritboth
suchcharacteristicsg) every offspring is a valid solution, d)
crossweris efficient.

Indirect graphrepresentationdike cellular encoding[5; 6;
14;13]oredgeencoding15], donotsuffer from thisproblemas
the standardsP operatorganbe usedon them. However, such
representationgquireanadditionalgenotype-to-phenotypmke-
coding stepbeforethe interpretationof the graphsbeing opti-
misedcanstart, asthe searchis not performedin the spaceof
possiblegraphs,but in the spaceof sequentialprogramsthat
producegraphs. When the fithessfunction involves complec
calculationswith mary fitnesscaseghedecodingstepcanhave
a limited relative effect on the evaluationof eachindividualin
termsof computationatost. However, themeta-encodingf the
graphsseemdo malke the searchmorecostly by increasinghe
total numberof individualsthat mustbe evaluated(seefor ex-
amplethe comparisorbetweercellularanddirectencodingf
neuralnetsin [7]).

PDGPusesadirectrepresentationf graphswhich, although
not general allows the definition of cross@er operatorswvhich
respectall the criterialisted above (in particularefficiency and
offspringvalidity).

The representatioris basedon the idea of assigningeach
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Fig. 3. Grid-basedepresentationf graphsrepresentinggrogramsn PDGP

Fig. 4. Grid-like representationf theexpressiommax(x * y, 3 + x * y).

nodein the graphto a physicallocationin a multi-dimensional
(evenly spacedyrid with apre-fixed(regularor irregular)shape
and limiting the connectionsbetweennodesto be upwards.
Also, connectionscan only be establishedetweennodesbe-
longing to adjacentrows, like the connectionsn a standard
feed-forward multi-layer neuralnetwork. This representation
for paralleldistributedprogramss illustratedin Figure3, where
we assumedhatthe programhasa singleoutputat coordinates
(0,0)(they axisis pointingdownwards)andthatthegrid is two-
dimensionahndincludest x 6 + 1 cells!

By addingthe identity function (i.e. a wire or pass-through
node)to the functionset,ary paralleldistributed program(i.e.
ary directedacgyclic graph)canberearrangedothatit canbe
describedwith this grid-like graphrepresentation.For exam-
ple,the programshownn in Figure2 canbetransformednto the
layerednetwork in Figure4.

In this representatioiit is possibleto describeary program
by listing the following parameter$or eachnode: 1) label, 2)
the coordinatef the node, 3) the horizontaldisplacemenbf
the nodesin the previouslayer (if any) whosevalueis usedas
argumentso computethe value of the node. For example,the
programin Figure4 couldbe describedy thefollowing list:

!n this work we have adoptedthe corventionthatthe first row of the grid includesas
mary cellsasthenumberof outputsof theprogram.
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Fig. 5. Intron-augmentedepresentationf programsn PDGP
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The representatiomlescribedaborve will allow us to define
very efficientformsof cross@erandmutation.However, in or-
derto studyall the possibilitiesofferedby a our network-based
representatiorof programs,we decidedto expandthe repre-
sentationto explicitly include introns (“unexpressed’parts of
code).In particularwe assumedhatoncethe sizeandshapeof
thegrid is fixed, a function or a terminalis associatedo every
nodein the grid, i.e. alsoto the nodesthatare not directly or
indirectly connectedvith the output. For example the program
shawvn in Figure 3 could have an expandedrepresentatiofik e
theonein Figureb.

It shouldbenotedthatinactive nodescanreceve asinputthe
resultscomputedby both active andinactive nodes. It should
be alsonotedthat by usingan arraywith the sametopologyas
thegrid, it is possibleto omit the coordinate$rom therepresen-
tation of eachnodeandstorein eachcell of thearrayonly the
labelandtheinput connectionsThis canleadto moreefficient
implementation®f the geneticoperatordescribedn the next
section.

I1l. GENETIC OPERATORS

With the representationslescribedin the previous section,
several kinds of crosseer, mutationand initialisation stratey
canbedefined.

A. Random Program Generation

In standardGR it is possibleto obtain balancedor unbal-
ancedandominitial treeswith the“full” methodandthe“grow”
method,respectiely. Similarly, in PDGPit is possibleto ob-
tain “balanced”or “unbalancedrandomgraphsdependingon
whetherwe allow terminalsto be at a pre-fixed maximumdis-
tancefrom the outputnode(s)only or whetherthey canoccur
arywherein theinitial programs.

In PDGPthe generatiorof randomprogramscanproceedn
severalways,dependingvhetherintronsareusedor not. If in-
tronsareused thenthegrid canbefilled with randomfunctions
and terminals. When functionsare inserted,a corresponding
numberof randominput-linksarealsogeneratedAlternatively,
it is possibleto build randomgraphsrecursvely (like in stan-
dard GP) startingfrom the outputnodesandselectingrandom
functions(with theirinputlinks) or terminalsdependingnkind
of graphswe wantto build (balancedr not) andon the depth
reachedvith recursion.

B. Crossover

Thefirst crosswer operatorwhich we call Sub-graph Active-
Active Node (SAAN) crossover, worksasfollows:

1. Arandomactive node is selected in the
first parent.

2. The sub-graph including all the active
nodes which are used to conpute the
out put val ue of the selected node is
extracted and its hight A and width w
i s deterni ned.

3. An active node in the second parent is
sel ected such that its y coordinate is
conpati ble with the hight A of the
sub-graph, i,e.  Ymes —y > h.

4. The sub-graph is inserted in the second
parent to generate the offspring. If
the coordinate z of the insertion node
in the second parent is not conpatible
with the width of the sub-graph, the
sub-graph is wapped around.

An exampleof SAAN crosseeris shavn in Figure®.

Theideabehindthis form of crosseeris thatconnectedub-
graphsarefunctionalunitswhoseoutputis usedby otherfunc-
tional units. Therefore by replacinga sub-graphwith another
sub-graphwe tendto explore differentwaysof combiningthe
functionalunitsdiscoveredduringevolution. So,sub-graphsct
asbuilding blocks. It shouldbe notedthatin SAAN cross@er
inactive nodesplay no role (for this reasonthey arenot showvn
in thefigure).

Several differentforms of cross@er canbe definedby mod-
ifying SAAN crosseer. Hereis alist of the operatorsve have
tried (morecouldbedefined):

e Sub-Sub-graph Active-Active Node (SSAAN) Crossover
usesan incompletesub-graphwhich includesonly part of
the active nodesusedto computethe outputvalue of the
crosswer point selectedn the first parent. This form of
crosswerrequireghepresencef intronsto avoid thegen-
erationof invalid programgin which somefunctionshave
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Fig. 6. Sub-graphactive-nodecrosswer (inactve nodesarenotshawn).

notenougharguments).

e Sub-graph Inactive-Active Node (S AN) Crossover selects
thefirst cross@er point amongboththe active andthe in-
active nodes.

e Sub-sub-graph Inactive-Active Node (SSIAN) Crossover is
like SIAN crossweer but uses(possibly)incompletesub-
graphs.

e Sub-graph Active-Inactive Node (SAIN) Crossover selects
the secondcross@er point amongboth the active andthe
inactive nodes.

e Sub-graph Inactive-Inactive Node (S IN) Crossover selects
bothcross@er pointsamongall nodegactive or inactive).

C. Mutation

The standardsPtechniqueof definingmutationasthe swap-
ping of arandomlyselectedub-trean anindividualwith anewv
randomlygeneratedree can be naturally appliedin PDGPas
well. In thecurrentimplementatiorof PDGPwe usea lesseffi-
cientmutationoperatomwhich is however equivalentto this (we
define mutationas the cross@er of an individual with a ran-
domly generatecdhew individual, which is thendiscarded) We
call this form of mutation,global mutation.

We have alsousedanotherform of mutation,which we call
link mutation, which makeslocal modificationsto the connec-
tiontopologyof thegraph.Link mutationselectsaarandomfunc-
tion nodeandthenarandominputlink of suchanodeandalters
the offsetassociatedo thelink, i.e. it changes connectionin
the graph. Otherforms of mutationcaneasilybe defined(e.g.
nodemutation).

Fig. 7. Paralleldistributedprogramimplementinghe even-3parity function.

IV. EXPERIMENTAL RESULTS

In this sectionwe reporton somepreliminary experimental
resultsobtainedoy applyingPDGPto theeven-3parity problem.
The problemconsistsof finding the Booleanfunction of three
argumentsx1, x2, andx3, whoseoutputis 1 if anevennumber
of agumentsds setto 1, 0 otherwise.

It shouldbe notedthat this is a relatively simple problem
which hasbeenusedextensiely to test standardGP and that
canbe solvedin arelatively shorttime. Thesetwo properties
have allowed us to studythe behaiour of PDGPin thousands
of runsandto make a comparisorwith the resultsof standard
GPreportedn theliterature.

In all our experimentswe usedthe function set 7={AND,
OR,NAND, NOR, I} (wherel is theidentity function)andthe
terminalset7={x1, x2, x3}. ThepopulationsizewasP=1,000
individuals,themaximum,numberof generationvasG=50,and
the crosswer probabilitywas0.7. The GA usedtournamense-
lectionwith tournamensize?.

Figure7 shavsatypical solutionto theeven-3parity problem
obtainedin onerun of PDGP The parametersf the run were:
grid with 4 columnsand8 rows, “grow” initialisation method,
link mutationwith probability 0.02 and SIAN crosseer. The
figure shaws the actualoutputproducedby our Pop-1limple-
mentationof PDGP? Figure8 shows the expandedepresenta-
tion of theprogramwhich containsalsosomeintrons. (It should
be notedthatin bothfiguresthe outputnode which, having co-
ordinateq0,0),shouldbein the top-left corner is actuallycen-
tred horizontallyfor displayingpurposes.)

In orderto assesthe behaiour of PDGPon this problemwe
testedt with differentchoicesof parameterandoperatorsper
forming 20 runsfor eachsetting(with differentinitialisationsof
therandomnumbergenerator)140experimentsn total (2,800
runs). The parametersve varied(in all possiblecombinations)
were: 1) theprobabilityof mutationpmut (0,0.02and0.04),2)

2pop-11is an Al languagewith featuressimilar to Lisp, which is quite widespreadn
theUK whereit wasoriginally developed.



Fig. 8. Complete(intron-augmentedjepresentatioonf the programin Figure7.

theinitialisationprocedureg“full” vs. “grow”), 3) thecrosswoer
operator(SAAN vs. SIAN), 4) the mutationoperator(link vs.
global)and5) thenumberof rowsandcolumnsn thegrid (4 x 2,
4x4,6x4,6x6,8x4,8x6and8 x 8).

One of the criteria we usedto assesghe performanceof
PDGPwasthe computationakffort E usedin the GP literature
(E isthenumberof fithessevaluationsnecessaryo getacorrect
program,in multiple runs,with probability 99%). As the effort
of evaluatingeachindividual (at leaston a sequentiamachine)
dependon the numberof nodesit includes,we alsousedasa
criterion the total numberof nodesN to be evaluatedin order
to geta solutionwith 99% probability. As in theseexperiments
we usedintronswhich, for simplicity of implementationywere
evaluatedevenif they did not contrituteto the outputof the pro-
gram,the parameteN wasevaluatedasE timesthe numberof
nodesn thegrid.

Thebestresultsin termsof fithessevaluationsvereobtained
using a grid with 8 rows and 8 columnswith global muta-
tion (pmut=0.02),“full” initialisation, SAAN cross@er. With
thesesettingsE=25,000and N=1,625,000.This comparesx-
tremely favourably with the resultsdescribedoy Kozain [11;
12] in termsof fithessevaluationgdKozaobtainede=96,000for
P=16,00(andE=80,00Cfor P=4,000).Thisresultis particularly
interestingconsideringhe smallsizeof the populationaisedin
thiswork (P=1,000).

It shouldbenotedthatthislevel of performanceés notastatis-
tical accident.For example,15 experimentsout of 140showved
valuesof E < 50,000. It is interestingto notethatin mostof
suchexperiments?DGPwasusing8 rows and6 or 8 columns.
This seemsto suggestthat (relatively) large grids make the
searcheasier This would seemlogical consideringhat PDGP
tendto behae moreandmorelike standardGPR, i.e. to develop
trees,asthe size of the grid increasesndthat crosseer using
sub-graphganbe moredisruptive thancrosseer usingtrees.

However, if we take the bestresultsin termsof total num-
ber of nodesto be evaluatedthe picture changedramatically
The bestresult, N=702,000with E=78,000,was obtainedus-

ing a4 x 2 grid (thisis confirmedby thefactthatthe nine best
experimentshadall the samegrid configuration). The resultis
surprisingastheeffort V of findingmoreconstrainedi.e. more
parsimonious}¥olutionsis a fraction of thatof finding lesscon-
strainedtree-like) ones.

In comparatie termsin this experimentPDGP has solved
the even-3 parity problemwith approximatelythe samenum-
ber of fitnessevaluationsasstandardsP while producingsolu-
tionswith 9 or fewer nodes. As the averagecompleity of the
solutionsdescribedn [12] was44.6 nodes this seemgo bea
considerablsaving.

V. CONCLUSIONS

In this paperwe have presented®DGR anew form of genetic
programmingwhich is suitablefor the automaticdiscovery of
parallelnetwork-like programs.

The grid-like representatiomf programsusedin PDGPal-
lowed usto develop efficient forms of crosseer andmutation.
By changinghesize,shapeanddimensionalityof the grid, this
representatioallows afine controlon the sizeandshapeof the
programseingdeveloped.For exampleit is possibleto control
thedegreeof parallelismby changinghe numberof columns.

The parallelprogramsdevelopedby PDGParefine-grained,
but the representationsedis alsosuitablefor the development
of medium-grainegbarallelprogramsvia the useof Automati-
cally DefinedFunctiongtheresults hotreportedpf preliminary
experimentswvith ADFs arequite promising).

In this paperwe have useda very simpleform of programin-
terpretatiorsimilar to the propagatiorof activationin the neu-
ronsof feed-forwardneuralnets. This is quite suitablefor pro-
gramswhich do not include functionsor terminalswith side-
effects. If thisis the caseour grid-basedepresentationf pro-
gramscanbe directly mappednto the nodesof somekinds of
fine-grainedparallelmachines.This could leadto a very effi-
cientevaluationof fitnesscasesasPDGPprogramscould pro-
duceanew resultateveryclocktick. PDGPprogramgpossibly
developedwith someadditionalconstraintsould alsobe used
to definethe functionsof field programmablgatearrays.This,
for example,could leadto new ways of doing researchin the
field of evolvablehardware.

Somepreliminarywork (not reportechere)hasbeendoneto
addressheproblemgyeneratetby theuseof terminalsandfunc-
tionswith sideeffects. At themomentthe mostpromisingidea
seemdo be the useof two implementationgor eachdifferent
kind of node(macro,functionor terminal)in conjunctionwith
atop-dawn flow of control signalsanda bottom-upflow of re-
sults. In the first implementatiore. node,if not yet evaluated,
requestghe evaluationof its agumentswaits until the results
are available, computesand storesits value andreturnsit. If
thenodehadbeenevaluatedalreadythestoredvalueis returned
immediatelyand no computationis performed. In the second
implementatiora nodewould alwaysrequesthere-evaluations
of its alguments.

The resultsshovn by PDGP on the even-3 parity problem
arepromising. However, in generalno final conclusionshould
bedravn from the performancebtainedby a machindearning
paradigmon a singleproblem.More researctwill be necessary
to understandf PDGPreally outperformsstandardGP and if



a setof parametersvhich work for large classef problems
exists.

Finally, it shouldbenotedthatPDGPhasquite abroadappli-
cability which goesbeyond programming.PDGPcanbe seen
asa paradigmto optimisedirectedacgyclic graphswhich need
not be interpretedas programs:they canbe interpretedasde-
signs, semanticnets, neuralnetwork topologies(links canbe
labelledwith weights),etc. It is alsopossibleto imagineways
in whichsomeof theconstraintglik e agyclicity) imposednthe
graphsproducedoy PDGPcould be removedwithout reducing
the searctefficiency significantly
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