Evolution of Graph-like Programswith Parallel Distributed Genetic
Programming

Riccardo Poli*
Schoolof ComputerScience
The Universityof Birmingham
BirminghamB152TT, UK

Abstract

Parallel Distributed Genetic Pro-
gramming(PDGP)is a new form of GeneticPro-
gramming(GP) suitablefor the developmentof

programswith a high degreeof parallelism.Pro-
gramsarerepresentedn PDGP as graphswith

nodesrepresentindgunctionsandterminals,and
links representingheflow of controlandresults.
The paperpresentghe representationghe op-
eratorsand the interpretersusedin PDGPR and
describesxperimentsn which PDGPhasbeen
comparedo standardsP

1 Introduction

In GeneticProgramming(GP) [Koza,1992 Koza, 1994
programsare expressedas parsetreesto be executedse-
qguentially This form of GP has beenapplied success-
fully to a numberof difficult problemslike automatedie-
sign, patternrecognition, robot control, image analysis,
etc.[Koza,1992 Koza,1994 K. E. Kinneat Jr., 1994.

When appropriateterminals, functions and interpreters
are defined, standard GP can go beyond the pro-
duction of sequentialprograms. For example using
cellular encoding GP can be used to develop struc-
tures, like neural nets [Gruau,1994 or electronic cir-

cuits [Kozaetal., 1994, which perform some form of

parallel analogue computation. Also, in conjunction
with an interpreterimplementinga parallel virtual ma-
chine, GP can be usedto translatesequentialprograms
into parallel ones[WalshandRyan,1996 or to develop
some kinds of parallel programs. For example, Ben-
nett [Bennettlll, 19969 useda simulatedparallel virtual

machingn which severalstandardree-like programswvere
executedn parallel,nodeby node.In [Andreetal., 1994
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GPwasusedto discover rulesfor cellularautomatgCAS)
which could solve majority-classificatiorproblems. In a
systemcalled PADO [TellerandVeloso,1995, a combi-
nationof GP andlinear discriminatorsvasusedto obtain
a kind of parallel classificationprogramsfor signalsand
images.

All thesanethodsarelimited to very speciakindsof paral-
lelism (e.g.PADO’s nodesincludea stackanda branching
condition, CAs use purely functional nodes,and cellular
encodinghasnot beenusedto evolve parallel programs)
and cannotbe considereda naturalgeneralisatiorof GP

This paperdescribe$arallel DistributedGeneticProgram-
ming (PDGP),a form of GP which is suitablefor the de-
velopmentof programswith a high degreeof parallelism
and distributedness. Programsare representedn PDGP
asgraphswith nodesrepresentingunctionsandterminals,
andlinks representinghe flow of controlandresults. In

PDGR programsaremanipulatedy specialcrosswer and
mutationoperatorsvhich guarantedhe syntacticcorrect-
nessof the offspring.

In the simplestform of PDGR links are directedand un-
labelled, in which casePDGP can be considereda gen-
eralisationof standardGP as it usesthe samekind of
nodesas GR. However, PDGPcanusemorecomple rep-
resentationsand evolve neural networks, finite stateau-
tomata,recursve transitionnets,etc. In previouswork we
have studiedsomeof thesenew representationatapabili-
ties[Poli, 1997a Poli, 19978 but we have presentedim-
ited evidenceto shov whenandif PDGPcanperformbetter
thanstandardsP[Poli, 1996. Themainobjective of this
paperis to investigatehisissue.

Thepaperis organisedasfollows. Firstly, in Section2, we
describethe representationthe geneticoperatorsand the
interpreterusedin PDGPR Then,weillustratethebehaiour
of PDGPon two classe®f problems(Section3). We dis-
cussourresultsn Sectiord andwe draw someconclusions
in Section5.
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Figurel: (a) Graph-basedepresentatioof the expression

max( x*y, 3+x*y) ; (b) Grid-basedepresentatioof the
graphin (a).

2 PDGP

2.1 Representation

Standardtree-like” programscanoften be representeas
graphswith labelled nodes(the functions and terminals
usedin the program)and orientedlinks which prescribe
which agumentso usefor eachnode. For example,Fig-

ure 1(a) shaws the function max(x*y, 3+x*y) repre-
sentedasa graph. Its executionshouldbe imaginedasan

upwardspropagatiorof results.

This representatiotis in generalmore compact(thereare
fewernodeskndefficient (partialresultsarereused) Also,

it canbe usedto expressa muchbiggerclassof programs
(treesarespeciakinds of graphsWwhich areparallelin na-

ture: we call themparallel distributedprograms

PDGPcanevolve paralleldistributedprogramsusinga di-
rect graph representatiorwhich allows the definition of
efficient crosswer operators. The basicrepresentatiofis
basedon the idea of assigningeachnodein the graphto
a physicallocationin a multi-dimensionabrid with a pre-
fixedshape.

This grid-basedepresentatiors illustratedin Figure1(b).
In this examplethe program& outputis at coordinateg0,0)
andthegrid includes3 x 4 + 1 cells. Connectionsredi-
rectedupwardsand are allowed only betweennodesbe-
longingto adjacentrows, like in a multi-layer perceptron.
This is not a limitation as,by addingthe identity function
to thefunctionset(seethe pass-throughodein thefigure),
ary paralleldistributedprogramcanbe described.

From the implementatiorpoint of view PDGPrepresents
programsasarrayswith the sametopologyasthe grid, in
which eachcell containsa functionlabelandthe horizon-
tal displacemenof the nodesin the previouslayerusedas
argumentdor the function. Functionsor terminalsareas-
sociatedo everynodein thegrid, i.e. alsoto thenodeghat
arenot directly or indirectly connectedo the output. We
call theminactivenodesor introns The othersare called
activenodes

This basic representatiorhas been extendedin various
directionst The first extensionwas to introduce verti-

cal displacementso allow feed-forward connectionsbe-
tween non-adjacentayers. With this extensionary di-

rectedacgyclic graphcan be naturally representedvithin

the grid of nodes,without requiringthe presencef pass-
through nodes. The secondextension has beento al-

low non-positve verticaldisplacement® represengjraphs
with backward connectionge.g. with cycles). The third

extensiorhasbeento addlabelsto links. This extensional-

lowsthedirectdevelopmenbf neuralnetworks,finite state
automatatransitionnets,semantimets,etc.

2.2 Genetic Operators

Several kinds of crosswer, mutation and initialisation
stratgjiescanbe definedfor the basicrepresentationised
in PDGPandfor its extensions.In the following we will
describehreeformsof cross@er andtwo mutationopera-
tors(moredetailscanbefoundin [Poli, 19964).

Thebasiccrossweeroperatorof PDGR which we call Sub-
graphActive-ActiveNode(SAAN)crosswer, is a generali-
sationto graphsof the cross@er usedin GPto recombine
trees.SAAN crosseerworksasfollows: 1) a randomac-
tive nodeis selectedn eachparent(cross@er point); 2) a
sub-graphincludingall the active nodeswhich areusedto
computethe outputvalueof the crosseer pointin thefirst
parentis extracted;3) the sub-grapltis insertedin the sec-
ondparentto generatehe offspring (if thez coordinateof
the insertionnodein the secondparentis not compatible
with thewidth of the sub-graphthe sub-graphs wrapped
around).An exampleof SAAN crosseeris shavn in Fig-
ure2(a). Obviously, for SAAN cross@erto work properly
somecarehasto betakento ensurethat the depthof the
sub-graplbeinginsertedn thesecondarentis compatible
with the maximumalloweddepth,i.e. the numberof rows
in thegrid. A simpleway to do thisis to selectoneof the
two cross@er pointsat randomandchoosethe otherwith
thecoordinate®f thefirst cross@er point andthe depthof
thesub-graphn mind.

The ideabehindthis form of crosswer is that connected
sub-graphsare functional units whoseoutput is usedby
otherfunctionalunits. Therefore py replacinga sub-graph
with anothersub-graphwe tendto explore differentways
of combiningthefunctionalunitsdiscoreredduring evolu-
tion.

Severaldifferentformsof crosswercanbedefinedoy mod-
ifying SAAN crosseer. Onethat hasgiven goodresults
is Sub-Sub-gaph Active-ActiveNode(SSAANCrosswer.

LAll theseextensiongequirechangego the operatorsandin-
terpreterusedin PDGPwhich will not bedescribedasthey have
notbeenusedin theexperimentgeportedn the paper



In SSAAN crosseer one cross@er point is selectedat

randomamongthe active nodesof eachparent. Then,a

completesub-graphis extractedfrom the first parent(like

in SAAN crosseer) disregardingthe problemspossibly
causedy its depth.If thedepthof the sub-graphs too big

for it to be copiedinto the secondparent thelowestnodes
of thesub-graptareprunedto makeit fit. Figure2(b)illus-

tratesthis process.Anothergoodform of crosseer is the

Sub-Sub-gaph Inactive-ActiveNode (SSIAN) Crosswer

which selectghefirst cross@er point amongboththe ac-

tive andtheinactive nodes.Obviously, intronsareessential
in orderfor thesetypesof crosswerto work properly

Two formsof mutationareusedin PDGP Global mutation
consistsof insertinga randomlygeneratedgub-graphinto
anexisting program.Link mutationchangesrandomcon-
nectionin a graphby firstly selectinga randomfunction-
node,thena randominput-link of sucha nodeandfinally
alteringthe offsetassociatetb thelink.

2.3 Interpreters

If no functionsor terminalswith side effectsare used,it
is possibleto evaluatea PDGP programjust like a feed-
forwardneuralnet, startingfrom theinput-layer which al-
ways containsonly terminals,and proceedindayer after
layer upwardsuntil the output nodesare reached. How-
ever, the currentPDGPinterpreterdoesthis differently, by
usingrecursioranda hashtableto storepartial resultsand
controlinformation.

The interpreterstartsthe evaluation of a programfrom

the output nodes and calls recursvely the procedure
nm cr oeval ( node) to performtheevaluationof eachof

them. mi cr oeval checksto seeif the value of a node
is alreadyknown. If this is the caseit returnsthe value
storedin the hashtable, otherwiseit executesthe corre-
spondingterminalor function (calling itself recursvely to

getthevaluesfor theargumentsif ary).

This approachhasthe adwantageof allowing the use of
nodeswith side effects (in this casem cr oeval forces
theevaluationof anodeevenif its valueis alreadyknown)
(see[Poli, 19963 for moredetails). It alsoallows a total
freedomin the connectiortopologyof PDGPprograms.

It is worth noting that althoughthe interpreterdescribed
above performsa sequentiakvaluationof programs this
processs inherentlyparallel. In fact, if we imagineeach
nodeto be a processorwith somememoryto storeits
stateand currentvalue) and eachlink to be a commu-
nication channel,the evaluationof a programis equva-
lent to the paralleldownward propagatiorof control mes-
sagegequestinga valuefollowed by an upward propaga-
tion of returnvalues. In this senseour interpretercanbe
seenasa parallelvirtual machinecapableof runningdata-
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driven dataflav programs[Jagannathari, 995 and PDGP
asamethodto evolve them.

3 Experimental Results

In this sectionwe will reporton experimentawhich, while
emphasisingomeof thefeatureof PDGRallow afair per
formancecomparisorwith standardsP. As a performance
criterionwe usedthecomputationaéffort £ usedn theGP
literature(E is the minimumnumberof fithessevaluations
necessaryo geta correctprogram,in multiple runs,with
probability 99%). Thetestproblemsusedfor the compari-
sonwerethelawnmower problemandthe MAX problems.

3.1 Lawnmower problem

The lawnmawer problem consistsof finding a program
which cancontrolthemovementf alawnmaowersothatit

cutsall thegrassin arectangulafawn [Koza,1994 pages
225-273].This problempresentwery interestingfeatures:
a) its difficulty canbe variedindefinitely by changingthe

size of the lawn, b) althoughit canbe very hardto solve

for GR the evaluationof the fithessof eachprogramre-

guiresrunningthe programonly once,c) it is a problem
with alot of regularitieswhich GP without Automatically
DefinedFunctions(ADFs) seemaunableto exploit, d) GP

with ADFs doesverywell onthis problem.

In the lawnmower problemthe lawn is representedby an

array of grasstiles and the lawnmawer can only move

in four differentdirections(0, 90, 180 and 270 degrees).
The mower can only be rotatedtowardsleft, moved for-

ward onestep(in its currentdirection)or lifted andrepo-
sitioned on anothertile. To do this we usedthe ter

minal set7={MOW LEFT, random} andthefunction

setF={V8A, FROG PROX, PROG3}. Thefunction

MOWperformsa stepforward, mows the new grasspatch
andreturnsthe pair of coordinateg0,0). LEFT performs
a 90 degreeleft rotation of the mower and returns(0,0).

r andomreturnsa randompair of coordinateqz, y) with

z,y € {0,---,7}. VBA performsthe additionmodulo8 of

two pairsof coordinatesFROGlifts andmaovesthe mower

to a new cell whosedisplacemenin horizontalandverti-

caldirectionis indicatedby its (single)argumentmowsthe

new grasgpatchandreturnsits argument.PROX (PROG3)

is the usualLISP programmingconstructwhich executes
its two (three)argumentsn their orderandthenreturnsthe

valuereturnedby thesecondthird) agument.Thesefunc-

tionsandterminalsallow a directcomparisorof theresults
describedn this sectionwith thoseobtainedwith standard
GP[Ko0za,1994.

The other parameterof PDGP were: SSIAN crosseer
with probability 0.7, link mutationwith probability 0.009,
global mutation with probability 0.001, populationsize

P=1000maximumnumberof generation&=50,grid with
8 rowsand2 columnsand“grow” initialisationmethod.

Figure 3 shows a typical programobtainedin our exper

imentswith an8 x 8 lawn. The numericlabelsnearthe
links representhe orderin which the agumentsof each
nodeareevaluated.For examplethey shaw thatthe func-

tion PROG3 in the outputnodefirst invokestwo timesthe
subgraplon its left andthenexecutesoncethe sub-graph
of theright.

The programis extremely parsimoniouqit includesonly
11 nodesout of the possible17) and shawvs one of the
featuresof PDGP:the extensve reuseof sub-graphs.in
fact,eachsub-graphof this programis calledoverandover
againby the nodesabove it andthe programis therefore
organisedasa comple hierarchyof ninenon-parametrised
subroutines(the non-terminalnodes)calling each other
multipletimes. Thistendsto beacommorfeaturen PDGP
programs:sub-graphsctasbuilding blocksfor othersub-
graphs.

Despiteits smallsize,the depthof thenestedunctioncalls
malkesthis programexecutehundred®f actionsduringthe
interpretation. Figure 4 shavs the behaiour of the pro-
gram.Thesquaredrid representthelawn, while thenum-
bersinside eachcell representhe orderin which it was
mowed (the programwasstoppedassoonasit mowedthe
entirelawn, after 112 mowing steps).

In orderto assesshe performanceof PDGPon the lawn-
mower problem,we variedthe width of thelawn from 4 to
16, while keepingits heightconstan(8 cells),thusvarying
thelawn sizefrom 32to 128grasdiles. For eachlawn size
we performed20 runswith differentrandomseeds. Fig-
ure5 shows a plot of the computationakffort E necessary
to solve thelawnmower problemasa function of the com-
plexity of theproblem(i.e. thenumberof cellsin thelawn).

The resultsshavn in the plot areamazing. The computa-
tion effort reportedin [Koza,1994 for standardsP with-
outADFsis £=19,000for alawn sizeof 32, E=56,000for
a size of 48, E=100,000for a size of 64, E=561,000for
a sizeof 80, and E=4,692,000for a sizeof 96 cells, with
an exponentialgrow in the effort as the difficulty of the
problemincreases.On the contrary PDGPis solving the
sameproblemswith aneffort rangingfrom 4,000to 6,000,
which seemsto grow linearly even beyond the sizeson
which standardGP wastried. Actually, a comparisorbe-
tweenthe slopesof thelinear regressiorplottedin the fig-
ureandthelinearregressiorfor standardsP [Koza,1994
page266] shavs that PDGP scalesup about2,300times
better Also, asshavn in Figure6, the structuralcomple-
ity (i.e. thenumberof nodes)f thesolutionsdoesnotvary
significantly (it really could not) asthe compleity of the
problemchanges As the averagestructuralcomplexity of



Figure 3: Parallel distributed programsolving the lawn-
mower problemwith alawn of 8 x 8 = 64 cells.
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Figure4: Behaviour of theprogramin Figure3.

standardGP programsrangesfrom 145.0for the 32-cell
lawn to 408.8for the 96-cell one, PDGP is betweenl 0.5
and 29.2timesmore parsimoniousthan GP on this prob-
lem.

PDGP clearly outperformsGP without ADFs. The situ-

ation for GP improves someha when ADFs are added.
For example the computationaéffort dropsto valuesfrom

5,000(for the32-celllawn) to 20,000(for the 96-celllawn)

while the averagestructuralcompleities rangefrom 66.3

to 84.9. However, the analysisof the linear regression
equationgevealsthat PDGP still scalesup about9 times
betterthan GP with ADFsandthatthe structural comple-

ity of PDGP programsis 4.7to 6.1timessmaller

In orderto understanavhetherthesdevelsof performance
were due to the featuresof the SSIAN crosswer or to

the particularlynarrav grid used,which enforcesstrongly
graph-like (asopposedo tree-like) solutions,we decided
to studythe behaiour of PDGPon the 64-cell problemas
the width of the grid wasvariedfrom 2 to 64 (with inter-

mediatevalues4, 6, 8, 16, 32). Againwe did 20 different
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Figure5: Computationakffort E necessaryo solve the
lawnmawer problemasa functionof thecomplexity of the

problem.

runsfor eachconfiguration.

Figure7(a)shavs aplot of the computationagffort E nec-
essarnyto solve the 64-celllawnmower problemasa func-

tion of numberof nodesin the grid. Theinspectionof the
resultingprogramsalsocorroboratedy theplot of the av-

eragestructuratompleity of thePDGPprogramseported
in Figure 7(b), shaws that by increasingthe width of the
grid, the “treeness”of the programsincreasegwhenthe
grid is very large PDGPreally tendsto behae like stan-
dard GP with a specialform of crosswer). As someha

expectedgiventheresultsmentionedabove, PDGPperfor

mancedecreasedsthe sizeof the grid grenv. However, it

never becameasbadasthe oneshownn by standardGP (E

wasalwayslessthanathird).

3.2 MAX Problems

The MAX problemsare a classof problemsintroduced
in [GathercoleandR0ss,1994 to studythe adwerseinter

action betweencrosse@er and the size limits imposedon

the treesdevelopedby standardGP. They consistof find-

ing a programwhich returnsthe largestpossiblevaluefor

a given function and terminal setwith the constraintthat
the maximumtree-depthcannotexceeda pre-fixed value
D. For example,one classof MAX problems,the MAX-
depth-D{*,+ }{0.5}, consistf finding the combinatiorof

multiplications,additionsandconstantg0.5) suchthatthe
outputof the programis the theoreticalmaximum42” ~*

(for a prefixedmaximumdepthD > 3).

Gathercoleand Ross shaved that the seeminglysimple
classof problemsMAX-depth-00*,+ }{c} canbe actually
very difficult to solve for GPif the mutationprobabilityis
setto zero(asusual)andtheconstant in theterminalsetis
smallerthanl. In particularthe smallerc andthelarger D
the harderthe problem. For example,with populationsof
200individuals,in 200generation§&Pcouldsolve approx-
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imately 30% MAX-depth-§*,+ }{0.5} problemsandbasi-
cally no MAX-depth-O4*,+ }{0.25} problemwith D > 6.
Thedifficulty of theMAX problemshasbeenrecentlycon-
firmedin [LangdonandPoli, 1997 wherea succesgrob-
ability of 52% for MAX-depth-§*,+ }{0.5} and 42% for
MAX-depth-§*,+ }{0.5} wasreportedor runsof 500gen-
erations.

One of the difficulties of the MAX problemsis that if
¢ < 1 in orderto getlarge outputvaluesfirst GP hasto
useonly additionsto getconstantdiggerthanl andthen
it hasto useonly multiplicationsto getthe maximumout-
put. Therefore,during a first stageof evolution multipli-
cation operationswill tendto survive betterin the upper
nodesin the tree (wherethey canact on numbersbigger
thanone). Later, whenthey shouldalsobe usedat lower
levelsin the tree,cross@er is unableto move themgiven
the depthlimit. As discussedn [LangdonandPoli, 1997
anothemreasorfor the obsenedadwerseinteractionis are-
ducedprobability of selecting,ascrosseer points, nodes
neartherootnodewhenall treesin the populationarevery
large. This is a situationto which virtually all GP popu-
lationstend (bloating) andwhich hasbeenexperimentally
obsenedin GP populationssolving the MAX and lawn-
mower problems.

Given that in PDGP we have addedan additional con-
straint on the structuresbeing evolved, namelythe lim-
ited width of the grid, we thought the class of MAX
problemscould provide a good test for our representa-
tion and crossw@er operators.In particularwe have stud-
ied the behaiour of PDGPwith populationsof 200 indi-
viduals, SSAAN cross@er and no mutationon the MAX-
depth-D{*,+ }{0.5} and MAX-depth-00*,+ }{0.25} prob-
lems. We choseto usethe SSAAN crosseer asit is the
onethatusesfewer introns (only the inactive terminalsin
thelastrow of eachgrid) and thereforemakesthecompar
isonwith GPfairer. Forthesamereasorin ourexperiments
the numberof rows in the grid wassetto D. The number
of columnswas?2, 4, 8, 16, 32,64 and128. For eachcom-
binationof D, ¢, andnumberof columnswe repeatedLO
experimentgwith differentrandomseeds).

Figure 8 shavs a typical solution to the MAX-depth-
8{*,+ }{0.5} problemevolved by PDGP This programis

really parsimoniousasit containsonly 14 nodes: about
36 times fewer that the 511 necessaryto build 100%
correctsolutionswith GP. Again this is achieved by ex-

tensiely reusingthe partial results computedby other
nodes. Tables1 and 2 summarisethe resultsof our ex-

periments. The last row of Table 1 reportsthe computa-
tional effort for standardsP obtainedrom theexperiments
in [LangdonandPoli, 1997.

The situation depicted by these tables is quite clear:
SSAAN crosseer in conjunctionwith narrov gridstrans-



PDGP MaximumbDepth(D)

Cols 3 4 5 6 7 8
2 04| 1.0 | 20 2.8 3.2 3.8
4 06| 72 | 84 3.8 5.6 17.4
8 1.0| 48 | 12.0| 16.8 | 21.0 | 60.0
16 14| 108|19.2| 84 29.6 | 176.4
32 1.0| 182 | 27.6 | 56.4 | 114.4| N/A
64 14| 30.0| 56.0| 57.4 | 369.6| N/A
128 | 1.0| 18.2 | 64.0| 193.6 | N/A N/A

[ GP J04] 73]308]1025]236.1] 682.1]

Tablel: Computationakffort E (thousandsf fitnesseval-
uations)necessarjo solve MAX-depth-0*,+ }{0.5}.

MaximumDepth(D)

Cols| 3 4 5 6 7 8

2 06| 10| 4.0 24 3.6 5.8
4 08| 12| 234 | 280 | 16.2 | 180
8 08| 14| 260 | 416 | 39.2 | 88.2
16 | 1.0| 2.0 | 588 | 57.2 | 172.2| 167.2
32 12| 24| 79.2 | 147.0| N/A | 255.2
64 | 1.4 | 26| N/A N/A N/A N/A
128 | 1.0 | 2.8 | 123.2| N/A N/A N/A

Table2: Computationakffort E (thousandsf fitnesseval-
uations)necessaryo solve MAX-depth-O0*,+ }{0.25}.

formsa problemwhich canbevery hardto solve for stan-
dardGPinto a very easyproblem. Actually PDGPwith a
two-columngrid is ableto solve it with acomputationaéf-
fort E which comparablewith the one necessaryo find
solutionsto XOR problems[Poli, 199634 or lawnmower
problemswithout shaving ary difficulty for arny valuesof
D. A comparisorbetweenthe linear regressionequation
of PDGP andthe linear regressionequationfor standard
GPshavsthatPDGPscalesupaboutl70timesbetterthan
GPand,again, it doesit linearly ratherthanexponentially
For relatively hardproblems(with D >= 6), performance
seemdo degradequite quickly asthe numberof columns
in thegrid is increased.

4 Discussion

In theexperimentswvith thelawnmawerproblemPDGPhas
outperformedsPwithout ADFs. This mightseencounter

intuitive giventhatwe imposestrongconstraint®nthesize
andshapeof the grid and, therefore,on the spaceof pro-

gramsgthatPDGPcanexplore. Onthecontrary no practical
constraint®n the sizeandshapeof programsareimposed
in GR Theonly explanationfor the effectivenesof PDGP
in solvingthelawnmaower problemis its ability to discover
paralleldistributedprogramswhich reusepartialsolutions.

This ability is maximumwhenrelatively narrov grids are
usedand decreasess the width of the grid is increased.
Thisindicateghatenlagingthespaceof possiblgprograms
by wideningthegrid doesnotmeanmakingthesearcteas-
ier. Indeedwhat is importantfor the efficiency a search

algorithmis thefrequeng of solutionsin thesearctspace.
For problemswith alot of regularitieslik e thelawnmower
problem,small grids seemto createa searchspacewith
a high densityof solutions. Small grids might not be op-
timum for problemswhereirregular solutionsareneeded.
For example,in [Poli, 19968 we foundthat PDGPsolved
the even-3parity problemmoreeasilywith relatively large
grids. So,theoptimumgrid sizemightbeproblemspecific.

However, somehav surprisingly on the sameproblem,
PDGPalsooutperformedsPwith ADFs, which have been
provento helpdiscoveringregularitiesandto reusepartial
results[Koza,1994. Certainlyin the lawnmawer prob-
lem the useof parametrisedADFs allows GP to explore
amuchlargerspaceof possibleprogramsn whichthefre-
gueng of solutionsis significantlyhigherthanin theorig-
inal space. However, the non-parametrisedeuseof par
tial resultsavailablein standard®DGPseemso generatex
searchspacevith anevenhigherdensityof solutions.This
can be explainedby consideringthe relative difficulty of
discoreringgoodADFs: ADFsbehaedifferentlyin differ-
entpartsof aprogramwhenthey have differentarguments,
soin orderto discoverif an ADF is good, GP hasalsoto
“understand’with which agumentghe ADF canbe used

properly

The analysisof theresultsobtainedin the MAX problems
revealsanothefactorcontritutingto thegoodperformance
of PDGP:its ability to overcomeheadwerseinteractionbe-
tweenthemaximumprogramdepthandcrosseerreported
by GathercolendRoss.Partof thisability derivesfrom the
factthat, althoughSSAAN crosswerworksvery similarly
to standardGP crosseer whenthe structuresn the grid
tendto betrees,it presents crucial difference:by design
it canmove ary node(with the attachedsub-graph}o any
positionin thegrid atany time. However, alargercontriku-
tionsto PDGPability to solve MAX problemsis probably
the fact that, in PDGPwith narrav grids, the probability
of selectingcross@er points nearthe output layer is not
significantlydifferentfrom thatof the otherlayers.

5 Conclusions

In this paperwe have presented®DGR a form of genetic
programmingvhichis suitablefor thedevelopmenbf pro-
gramswith ahigh degreeof parallelismandanefficientand
effective reuseof partialresults.

The grid-basedepresentatioof programsusedin PDGP
allowedusto developefficientformsof crosseerandmu-
tation. By changingthe size, shapeanddimensionalityof
thegrid, thisrepresentatioallows a fine controlon degree
of parallelismandof reuseof partialresultsn theprograms
beingdeveloped.

Althoughin all our experimentswe have run PDGP pro-



gramssequentiallyor simulatinga parallelvirtual machine,
they could really be executedon demand-dsren dataflav
computers.This would leadto a very efficient evaluation
of fithesscasesaspurelyfunctionalPDGPprogramscould
producea new resultat every clock tick.

Theprogramgevelopedby PDGParefine-grainedput the
representationsedis alsosuitablefor the developmentof
medium-grainegrogramsvia the use of ADFs and Au-
tomaticallyDefinedLinks (ADLSs), a techniquewhich has
givenvery promisingpreliminaryresults[Poli, 19971.

ADLs arejustoneof the new representationglossibilities
openedby PDGP Indeed,PDGPis a paradigmto evolve
generabraphqwith orwithoutcycles,possiblyrecursvely

nestedvia ADFs andADLs, with or withoutlabelledlinks,

with or without directions,etc.) which neednot be inter-

pretedasprogramsthey canbeinterpretecasdesignsse-
manticnets,neuralnetworks, finite stateautomataetc. Fu-

turework will bedevotedto exploretheability of PDGPto

evolve othersuchstructures.
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