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Abstract

Oneof themainlimitationsfor thefunctionalscalabilityof automateddesignsystemsis the
representationusedfor encodingdesigns.We arguethatgenerativerepresentations, those
whicharecapableof reusingelementsof theencodeddesignin thetranslationto theactual
artifact,arebettersuitedfor automateddesignbecausereuseof building blockscaptures
somedesigndependenciesandimprovestheability to make largechangesin designspace.
To supportthis argumentwe comparea generative andnon-generative representationon a
tabledesignproblemand�nd thatdesignsevolvedwith thegenerative representationhave
higher�tness anda moreregularstructure.Additionally thegenerative representationwas
foundto bettercapturetheheightdependency betweentablelegsandalsoproducedawider
rangeof tabledesigns.

Key words: Generative representation,Representation,Geneticalgorithms,Evolutionary
design,LindenmayerSystems(L-systems)

1 Intr oduction

Computerautomateddesignsystemshave beenusedto designa varietyof differ-
enttypesof artifactssuchasantennas(Lohn et al. , in press),�ywheels, loadcells
(Robinsonetal. , 1999),trusses(Michalewicz etal. , 1996),robots(Lipson& Pol-
lack, 2000),andmore(Bentley, 1999)(Bentley & Corne,2001).While they have
beensuccessfulat producingsimple,albeit novel artifacts,a concernwith these
systemsis how well their searchability will scaleto morecomplex designspaces
(Drexler, 1989)(Pollacket al. , 2001).To improve functionalscalabilitywe can
look at those®eldswhich regularly createlarge,complex artifacts.In engineering
andsoftwaredevelopment,complex artifactsareachieved by exploiting the prin-
ciples of regularity, modularity and hierarchy (Ulrich & Tung, 1991) (Huang&
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Kusiak,1998)(Meyer, 1988),which canbesummarizedasthehierarchicalreuse
of building blocks.

While the optimizationalgorithmcanaffect the degreeof reusein a design,the
ability to createstructureswhich reusebuilding blocks is limited by the ability
of the representationto encodethem.For example,in optimizing the dimensions
on a blueprint, the designsystemcan only producedesignsthat fall in the pre-
speci®edparameterspace.A limitation with this type of representationis that no
modi®cationof the searchalgorithm can affect the degreeof reusein resulting
designs,nor is thehierarchicalconstructionof building blockspossible.Thusthe
ability to automaticallygeneratestructureswhich have a reuseof subassembliesis
stronglydependenton therepresentationusedby thedesignsystem.

Thedifferenttypesof representationsfor computer-automateddesignsystemscan
beclassi®edby how they encodedesigns.First,designscanbesplit into parameter-
izationsor open-endedrepresentations.Parameterizationsconsistof asetof values
for the dimensionsof a pre-de®nedblueprintandopen-endedrepresentationsare
thosein whichthetopologyof adesignis changeable.Sinceoneof thegoalsof au-
tomateddesignsystemsis to achieve truly novel artifacts,we focusonopen-ended
representationsbecauseit is dif®cult for aparameterizationto achieveatypeof de-
sign thatwasnot conceivedof by its creators.A fundamentaldistinctionbetween
open-endedrepresentationsis whetherthey arenon-generativeor generative. With
a non-generative representationeachrepresentationalelementof an encodedde-
signcanmapto at mostoneelementin a designedartifact.Thetwo subcategories
of non-generative representationsare direct and indirect representations.With a
direct representation,the encodeddesignis a blueprintin which elementscanbe
added/removedin additionto changingtheir parameters,andwith anindirectrep-
resentationthereis atranslationor constructionprocessin goingfrom theencoding
to theblueprint.A generative representationis onein which anencodeddesign
canreuseelementsof its encodingin the translationto anactualdesign.The two
subcategoriesof generative representationsareimplicit andexplicit. Implicit, gen-
erative representationsconsistof asetof rulesthatimplicitly specifyashape,such
asthroughan iterative constructionprocesssimilar to a cellularautomataandex-
plicit, generative representationsarea proceduralapproachin which a designis
explicitly representedby analgorithmfor constructingit.

Previously we have arguedthat the advantageof generative representationsover
non-generative representationsis that they incorporateusefulbiasinto their struc-
ture(Hornby& Pollack,2002).Herewe re®neandextendtheseargumentsin two
waysandsupporttheseclaimsby comparingoptimizationwith a generative rep-
resentationagainstoptimizationwith a non-generative representationon our table
designproblem(Hornby & Pollack,2001).First we arguethat optimizationper-
formsbetterwith agenerativerepresentationbecausegenerativerepresentationsare
betterat capturingsometypesof designdependenciesthannon-generative repre-
sentations.Wesupportthisargumentby showing thatevolutionwith thegenerative
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representationwasbetterableto createmulti-leggedtables.Secondwe claim that
generative representationsaremoreconducive to changestherebyimproving the
ability of thesearchalgorithmto move aboutin thedesignspace.This is demon-
stratedby thegreatervarietyof stylesof tablesproducedwith thegenerative repre-
sentation.

The restof the paperis organizedasfollows. First we presentour argumentsfor
theadvantagesof generativerepresentationsfollowedby areview of differentauto-
mateddesignsystems.Next wedescribethepartsof ourevolutionarydesignsystem
andthentheresultsof our experimentsin evolving tabledesigns.Finally we close
with adiscussionof our®ndingsandasummaryof thispaper.

2 Ar gument for GenerativeRepresentations

As thecomplexity andnumberof partsin adesigngrows,thefunctionalscalability
of non-generative representationsis limited by their weaknessin handlingthe in-
creasingnumberof designdependenciesandtheexponentialgrowth in thesizeof
thesearchspace.In the®rst case,asdesignsbecomemorecomplex dependencies
developbetweenpartsof adesignsuchthatchangingapropertyof onepartrequires
thesimultaneouschangein anotherpartof thedesign.For example,if thelengthof
a tableleg is changed,thenall of theotherlegsmustbechangedor the tablewill
becomeunbalanced.Second,asadesigngrows in thenumberof partstheexpected
distance(in numberof parts)betweena startingdesignandthedesiredoptimized
designincreases.Conversely, changingasinglepartmakesproportionatelysmaller
andsmallermovestowardsthedesireddesign.Oneconsequenceof this is thatas
designsincreasein the numberof parts,searchalgorithmsrequiremorestepsto
®nd a goodsolution.Increasingthesizeof variation(by changingmorepartsat a
time) is notasolutionbecauseastheamountof variationis increased,theprobabil-
ity of thevariationbeingadvantageousdecreases.Non-generative representations
arenotwell suitedto handlingtheseincreasesin sizeandcomplexity becausetheir
languagefor representingdesignsis static.

Theadvantageof generative representationscomesfrom their ability to reusepre-
viously discoveredbuilding blocks.First, reuseof elementsof anencodeddesign
allows a generative representationto capturedesigndependenciesby giving it the
ability to make coordinatedchangesin several partsof a designsimultaneously.
For example, if all the legs of a table designare a reuseof the samecompo-
nent, then changingthe length of that componentwill changethe length of all
table-legssimultaneously. Secondly, navigationof largedesignspacesis improved
throughthe ability to manipulateassembliesof componentsas units. For exam-
ple, if adding/removing an assemblyof m partswould make a designbetter, this
would requirethe manipulationof m elementsof a designencodedwith a non-
generative representation.With agenerative representationtheability to reusepre-
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viously discoveredassembliesof partsenablesthe addition/deletionof groupsof
partsthroughtheaddition/deletion/modi®cationof symbolswhichrepresentgroups
of parts.Heretheability to hierarchicallycreateandreusebuilding blocksactsas
ascalingof knowledgethroughthescalingof theunit of variation.

3 Review of AutomatedDesignRepresentations

To assistin ourreview of designrepresentations,we®rstde®nesomeof theirprop-
erties.Previouslyweusedthemetaphorof designrepresentationsasakind of com-
puterprogramminglanguageto de®nethefollowing featuresof designrepresenta-
tions(Hornby& Pollack,2002):

� Combination: The ability to hierarchicallycreatemore powerful expressions
from simplerones.While thesubroutinesof GLib (Angeline& Pollack,1994)
andgeneticprogramming(GP)(Koza,1992)allow explicit combinationsof ex-
pressions,combinationis not fully enabledby mereadjacency or proximity in
thestringsutilizedby typical representationsin geneticalgorithms.

� Control-�o w: All programminglanguageshave someform of control of exe-
cutionwhich permitstheconditionalandrepetitive useof structures.Two types
of control-�ow areconditionalsand iterative expressions.Conditionalscanbe
implementedwith an if -statement,asin GP, or a rule which governsthe next
statein a cellularautomata.Iterationis a loopingability, suchasthe for -loop
in C/C++programs.

� Abstraction: This consistsof the ability to encapsulatea groupof expressions
in thelanguageandlabelthem,enablingthemto bemanipulated/referencedasa
unit, andtheability to passparametersto procedures.An exampleof abstraction
is theautomaticallyde®nedfunctions(ADFs)of GP.

An open-endedrepresentationis generative if it hasreuse(which canbe through
eitheriteration,procedurelabels,or both),otherwiseit is non-generative.In therest
of this sectionwe review differentdesignrepresentationsfor bothnon-generative
andgenerative representations.

The two classesof non-generative representationsaredirect andindirect.Direct,
non-generative representationstypically usea ®xed-sizedatastructurefor speci-
fying the existenceof materialat a given location,suchaswith two-dimensional
arrays(Kane& Schoenauer, 1996)(Baronet al. , 1999).Indirect,non-generative
representationstendto be variablelengthassemblyprocedureswhich specifythe
assemblyof anobject(Bentley, 1996)(Funes& Pollack,1998).An additionallayer
of indirectionis usedin thoserepresentationsin which an object is encodedasa
derivationtreefor agrammar, with theresultingassemblyprocedurespecifyingthe
assemblyof theartifact(Roston,1994).
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Onetypeof grammarfor designis Stiny'sshapegrammars(Stiny, 1980).Thegram-
maticalrulesof a shapegrammarspecifya transformationfrom oneshapeto an-
other. Optimizationwith shapegrammarsconsistsof producinga derivation tree
for the grammar, with a typical approachusingsimulatedannealingto iteratively
modify a design(Sheaet al. , 1997)(Agarwal & Cagan,1998).While automated
designusingshapegrammarsis anexampleof anindirectrepresentation(sinceno
elementof thederivationtreeis usedmorethanonce)it couldbeextendedto agen-
erative representationby allowing new rulesto be addedto the grammarthrough
thecombinationof existing rules.

Most implicit, generative representationsconsistof a startingshapeanda setof
rulesfor iteratively transformingthe design.Oneof the earliestsuchexamplesis
Frazer's work usingshapetransformationrulesto rotate/stretch/grow/sheara start-
ing shape(Frazer, 1995).Similar to Frazer's work is thatof deGaris' augmented
cellular automata(CA) (de Garis,1992),in which eachcell in the CA maintains
thenumberof neighborcells in theON statein eachof thefour directions,North,
East,WestandSouth.More standardCAs areusedin (Bentley & Kumar, 1999)
for creatingtwo-dimensionaltessellatingtile patternsandfor creatingpatternsof
cells in an isospatialgrid (Bonabeauet al. , 2000).Ratherthanworking in a grid,
ShapeFeatureGeneratingProcess(SFGP)grows designsby optimizing rulesfor
thedivision of dots(metaphorsfor a cell) on thesurfaceof a shape(Tauraet al. ,
1998)(Taura& Nagasaka,1999).After developmentis complete,the ®nal shape
is formedby creatingan outersurfaceusingthe densityof dotsto determinethe
distancefrom theinitial shape.A morebiologically basedmodelis Eggenberger's
methodof growing three-dimensionalshapesfrom an arti®cial genomeusingan
arti®cial chemistry(Eggenberger, 1997).Designsare encodedin a linear string
which consistsof regulatorygenes,for switchingothergenesin thegenome,and
structuralgenes,whichencodefor speci®cchemicals.

Explicit, generative representationsconsistof an algorithmfor constructinga de-
signandaretypically implementedasa typeof grammar. With ToddandLatham's
Mutator, structuresarede®nedby anexpressionin a geometricalconstructionlan-
guagethat speci®esthe shape,shapetransformations,numberof repetitionsof a
shapeandanglesbetweenshapes.Initially only the evolution of parameterswas
possible(Todd & Latham,1992), and then in later work the ability to change
the grammarwas added(Todd & Latham,1999). Broughton,Coatesand Jack-
son (Broughtonet al. , 1997) (Coateset al. , 1999) usea Lindenmayersystem
(L-system)asthe representationfor evolving shapesin an isospatialgrid andthe
EmergentDesigngrouphasusedL-systemswith attractors/repellersfor evolving
curvedsurfacesin a three-dimensionalspace(Testaet al. , 2000)(Hemberg et al.
, 2001).Rosenman(Rosenman,1996)(Rosenman,1997)describesa hierarchical
grammarfor building two-dimensional,grid-based,�oor planswhichusesmultiple
evolutionaryrunsto evolve differentlevelsof thedesign.Insteadof constructinga
®nal designshapefrom a numberof simplershapes,thework of Husbandset. al.
(Husbandset al. , 1996)andNishino et. al. (Nishino et al. , 2001)combinessu-
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Table1
Propertiesof thedifferentdesignrepresentations.

Combination ControlFlow Abstraction

System Iter. Cond. Labels Param.

DirectNon-generative

(Baronetal. , 1999) no no no no no

(Kane& Schoenauer, 1995) no no no no no

Shapegrammarsystems no no no no no

IndirectNon-generative

(Bentley, 1996) yes no no no no

(Bentley & Kumar, 1999),explicit yes no no no no

(Funes& Pollack,1998) yes no no no no

GeneticDesign(Roston,1994) yes no no no no

GENRE,non-generative (section4.3) yes no no no no

Implicit Generative

(Bentley & Kumar, 1999),implicit no yes yes no no

(Bonabeauetal. , 2000) no yes yes no no

(deGaris,1992) no yes yes no no

(Eggenberger, 1997) no yes yes no yes

(Frazer, 1995) no yes yes no no

(Tauraetal. , 1998) no yes yes no no

Explicit Generative

(Broughtonetal. , 1997) yes no no yes no

EmergentDesignGroup yes no no yes no

GENRE,generative (section4.2) yes yes yes yes yes

Mutator(Todd& Latham,1992) yes yes no no no

(Rosenman,1997) yes no no yes no

Superquadrics yes no no yes no

perquadricmodelingprimitives(Barr, 1981)with constructive solid geometryasa
kind of geneticprogramfor transformingastartingshape.
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The evolutionarydesignsystemsdescribedin this sectionarelisted in table1. In
this tabletherepresentationsaregroupedby categoryandfor eachrepresentationit
is statedwhetheror not it hasthepropertyof combination,iteration,conditionals,
labelsor parameters.

4 Evolutionary DesignSystem

The computer-automateddesignsystemusedto createdesignsis calledGENRE
andit consistsof thedesignconstructor, thecompilerfor thegenerative represen-
tation, the ®tnessfunction for evaluatingdesignsandthe evolutionaryalgorithm.
The evolutionaryalgorithmevolvesencodeddesignsusingthe ®tnessfunction to
scoredesigns.To allow for comparingnon-generative andgenerative representa-
tions,GENREhasbothanon-generativeandagenerativerepresentationfor encod-
ing designs.Thenon-generative representationencodesdesignsindirectly usinga
sequenceof constructioncommands,calledan assemblyprocedure,for building
a designwith the designconstructor. The generative representationis basedon
Lindenmayersystems(Lindenmayer, 1968),which arecompiledinto anassembly
procedurethatis usedto build thedesign.By usinganindirect,non-generativerep-
resentationandanexplicit, generativerepresentation,thesetwo representationscan
be appliedto differentdesignsubstratesby changingonly the setof construction
commandsandthedesignconstructor. Thefollowing subsectionsdescribeeachof
theseparts.

4.1 DesignConstructor

Thedesignconstructorstartswith a singlecubewith which it createsa morecom-
plex objectby executingtheinstructionsof anassemblyprocedure.Commandsin
thecommandsetacton thelocal state– which consistsof thecurrentpositionand
orientation– andare listed in table2. The commands̀ [ ' and`] ' pushandpop
thecurrentstateto andfrom astack.Forward addscubesin thepositiveX direc-
tion of thelocal stateandback addscubesin thenegativeX direction.In addition
to addingcubesforward andback alsochangethecurrentposition.Thecom-
mandsleft/right/up/down/clockwise/counter-clockwise rotate
thecurrentheadingabouttheappropriateaxisin unitsof 90� .

The imagesin ®gure1 show intermediatestagesin the constructionof an object
fromtheassemblyprocedure:forward(2) right(1) forward(1) up(1)
forward(3) . Initially thereis a singlecubein thedesignspace,®gure1.a.Af-
ter executingthe commandforward(2) , two cubesareaddedto the ®rst, ®g-
ure 1.b. The image in ®gure 1.c shows the designafter executing right(1)
forward(1) , which turnsthecurrentorientation90� to theright andthenaddsa
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Table2
Designlanguagefor constructingtables.

Command Description

[ ] Push/popstateto stack.

forward(n) Move andaddcubesin the local, positive X directionn
units.

back(n) Move andaddcubesin the local, negative X directionn
units.

clockwise(n) Rotatelocalheadingn � 90� abouttheX axis.

counter-clockwise(n) Rotatelocalheadingn � � 90� abouttheX axis.

left(n) Rotatelocalheadingn � 90� abouttheY axis.

right(n) Rotatelocalheadingn � � 90� abouttheY axis.

up(n) Rotatelocalheadingn � 90� abouttheZ axis.

down(n) Rotatelocalheadingn � � 90� abouttheZ axis.

cubein thecurrentforwarddirection.After executingup(1) forward(3) , the
®nal objectis shown in ®gure1.d.In building anobject,if theconstructoris asked
to placea cubewhereonealreadyexists, it ignoresthe existing cubebut updates
its locationasif it hadplacedthis cubeandthencontinuesexecutingtheassembly
procedure.

4.2 GenerativeRepresentation

The generative representationfor eachdesignis basedon a grammaticalrewrit-
ing systemcalled LindenmayerSystems(L-systems)(Lindenmayer, 1968).The
classof L-systemsusedastheencodingfor designsin this work is parametricL-
systems.Productionrulesfor a parametricL-systemconsistof a rule-head,which
is the symbolto be replaced,followed by a numberof condition-successorpairs.
The condition is a booleanexpressionon the parametersto the production-rule,
andthe successorconsistsof a sequenceof charactersthat replacethe rule-head.
Rule-headsymbolsarere-writtenby testingeachof their conditionssequentially,
andreplacingtherule-headsymbolwith thesuccessorof the®rstconditionthatsuc-
ceeds.ThustheparametricL-systemhasthepropertiesof combination,abstraction,
namingof compoundprocedures,formal parametersto theprocedures,andcondi-
tionals.To handleiteration,a looping ability is addedthat replicatesthe symbols
enclosedwith parenthesissimilar to for loopsin computerprograms:f blockg(n)
repeatstheenclosedblockof symbolsn times.For examplef abcg(3) translatesto,
abcabcabc.
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(a) (b)

(c) (d)

Fig. 1. Stepsin building anobject.

CompilinganL-systeminto anassemblyprocedureconsistsof startingwith a sin-
glesymbolandtheniteratively applyingtheproductionrulesin parallelto all com-
mandsin anassemblyprocedure.Thefollowing is anexampledesignencodedwith
the generative representationandthe constructionlanguageof table2. It consists
of two productionswith eachproductioncontainingonecondition-successorpair:

P0(n0) : n0 > 1:0 ! [ P1(n0 � 1:5) ] up(1) f orward(3) down(1) P0(n0 � 1)

P1(n0) : n0 > 1:0 ! f [ f orward(n0) ] lef t(1) g(4)

Compiling this designencodingstartingwith the symbolP0(4)producesthe fol-
lowing sequenceof strings,
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1. P0(4)

2. [ P1(6)] up(1)forward(3)down(1)P0(3)

3. [ f [ forward(6) ] left(1)g(4) ] up(1)forward(3)down(1)[ P1(4.5)] up(1)
forward(3)down(1)P0(2)

4. [ f [ forward(6) ] left(1)g(4) ] up(1)forward(3)down(1)[ f [ forward(4.5)
] left(1)g(4) ] up(1)forward(3)down(1)[ P1(3)] up(1)forward(3)down(1)
P0(1)

5. [ f [ forward(6) ] left(1)g(4) ] up(1)forward(3)down(1)[ f [ forward(4.5)
] left(1) g(4) ] up(1) forward(3) down(1)[ f [ forward(3) ] left(1) g(4) ]
up(1)forward(3)down(1)

6. [ [ forward(6) ] left(1) [ forward(6) ] left(1) [ forward(6) ] left(1) [ for-
ward(6) ] left(1) ] up(1)forward(3)down(1)[ [ forward(4.5)] left(1) [ for-
ward(4.5)] left(1)[ forward(4.5)] left(1)[ forward(4.5)] left(1)] up(1)for-
ward(3) down(1)[ [ forward(3) ] left(1) [ forward(3) ] left(1) [ forward(3)
] left(1) [ forward(3) ] left(1) ] up(1)forward(3)down(1)forward(3)

This®nal stringis asequenceof constructioncommandswhich is thenusedby the
designconstructorto build anobject.

4.3 Non-generativeRepresentation

To show theadvantagesof agenerative representationit mustbecomparedagainst
a non-generative representation.For the non-generative representationeachindi-
vidual in thepopulationis anassemblyprocedurewhichspeci®eshow to construct
thedesign.We implementthis assemblyprocedureasa degenerate,parametricL-
systemwhich hasonly a singlerule andno iterative loopsor abstraction.Imple-
mentingthenon-generative representationin thesamewayasthegenerative repre-
sentationallows usto usethesameevolutionaryalgorithmandvariationoperators
so that theonly differencebetweenevolutionaryrunswith the two systemsis the
ability to hierarchicallyreuseelementsof encodeddesigns.

4.4 EvolutionaryAlgorithm

An evolutionaryalgorithm is a population-based,searchalgorithmusedin opti-
mization.Searchoperatesby creatingan initial populationof candidatedesigns,
calledindividuals,andtheniteratively selectingbetterindividualsto reproduceand
make new designsuntil thesearchis done.Theevolutionaryalgorithmandvaria-
tion operatorsusedby GENREaredescribedin detail in (Hornby, 2003),herewe
giveanoverview of thesystem.
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The evolutionaryalgorithmusedto evolve designsis the canonicalgenerational
EA with specializedvariationoperators.Eachindividual in theinitial populationis
anL-systemwith a randomsetof productionrules.After all individualshave been
evaluated,betterindividualsareselectedasparentsto createanew population.New
individualsarecreatedthroughapplyingmutationor recombination(chosenwith
equalprobability) to individualsselectedasparents.Mutation takesa singleindi-
vidualasaparent,makesacopy of it andthenmakesasmallrandomchangeto this
child copy. Someof the changesthat canoccurareinsertinga small sequenceof
randomcommands,deletinga smallsequenceof commands,changingtheparam-
etersto a command,changingthe parametersof a conditional,andencapsulating
a sequenceof commandsinto its own productionrule. Recombinationtakestwo
individualsasparents,makesa copy of the®rst individual andtheninsertsa small
partof thesecondparentinto thischild.Examplesof someof theinsertionsthatcan
bedonearereplacingasubsequenceof commandsin thechild with asubsequence
of commandsfrom thesecondparent,replacingoneof thechild's successorswith
onefrom thesecondparent,andreplacinga completecondition-successorpair in
the child with onefrom the secondparent.This processof evaluation,selection,
andreproductionis thenrepeatedfor a®xednumberof generations.

To reducethefrequency of variationsthatdonot resultin a changein theresulting
design,datais kept for compiledL-systemson which productionrulesandsuc-
cessorswereused,aswell asthevaluerangefor eachparameter. This compilation
history is usedso that variationoperatorsare thenappliedonly to thoseproduc-
tion rulesthatwereusedin compilingandsothatmutatedof conditionvaluesstay
within thevaluerangeof theparameterbeingcomparedagainst.

4.5 FitnessFunction

Oncean assemblyprocedureis executedthe resultingstructureis evaluatedby
a pre-speci®ed�tness function. First, the designsimulatordetermineswhetheror
not theobjectis balancedor will fall over. Objectsthatarenotbalancedaregivena
®tnessof zero,otherwiseanobjectisgivenascorebasedonseveraleasytocompute
attributesof a table.Theseattributesarethe heightat which it holdsobjects,the
amountof surfaceareaavailable,how stableit is, and the amountof materialit
is madeof. Height is simply the numberof cubesabove the groundandsurface
areais thenumberof cubesat themaximumheight.Ratherthanmeasuringactual
structuralintegrity, a roughmeasureof stability is calculatedby usingthevolume
of the table from summingthe areaat eachlayer of the table.The measurement
of amountof materialusedincludesonly thosecubesnot on the surfaceand is
necessarysincemaximizing height,surfaceareaand stability typically result in
tabledesignsthataresolidvolumes.

f height = theheightof thehighestcube,Ymax :
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f sur f ace = thenumberof cubesatYmax :

f stabil ity =
YmaxX

y=0

f ar ea(y)

f ar ea(y) = areain theconvex hull at heighty.
f excess = numberof cubesnoton thesurface.

For theseexperimentswecombinethesemeasuresinto asinglefunction,

®tness= fheight � f sur f ace � f stabil ity =fexcess (1)

5 Results

To comparethe generative representationagainst the non-generative representa-
tion theevolutionaryalgorithmwascon®guredto runfor two thousandgenerations
usinga populationsizeof two hundred.In this sectionwe presentresultscompar-
ing ®tnessandevolvability of designsproducedwith bothrepresentationsandalso
show tablesconstructedfrom evolveddesigns.
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Fig.2.Graphscomparing(a)average�tnessand(b) averagelengthof thedesignencodings
andassemblyprocedure.

The graphin ®gure 2.a containsa comparisonof the ®tnessof the bestindivid-
uals evolved with the non-generative representationagainst the best individuals
evolvedwith thegenerative representation,averagedover®fty trials.With thenon-
generative representation,®tnessimproved rapidly over the ®rst 300 generations,
thenquickly leveledoff, improving by lessthan25%overthelast1700generations.
Fitnessincreasedfasterwith thegenerative representation,andtherateof increase
in ®tnessdid not slow asquickly aswith the non-generative representation.The
®nal resultsareanaveragebest®tnessof 1826158with thenon-generative repre-
sentationand4938144with thegenerative representation.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 3. The four besttablesevolved with: (a)-(d), the non-generative representation;and
(e)-(h),thegenerative representation.
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Fig. 4. Graphof thenumberof offspring(y-axis,log scale)thathada given�tness differ-
ential(x-axis)from theirparent.
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Fig. 5. Probability of success(child is more �t than parent) comparisonbetween
non-generative and generative representations,for ranges1-50, 51-100, 101-150, ...
1951-2000

In additionto having higher®tness,tablesevolved with the generative represen-
tation show somesymmetriesand regularities whereastablesevolved with the
non-generativerepresentationtendedto beirregular, ®gure3.Theseregularitiesare
mostlikely aresultof thegenerativerepresentation'sability to reuseelements.The
averageamountof reusewith thegenerative representationcanbecalculatedfrom
the averagelengthof the encodeddesignandthe averagelengthof the assembly
procedureit compilesto. Fromthegraphin ®gure2.b it canbeseenthattheseval-
uesareapproximately310and5100respectively, which leadsto anaveragereuse
of justoversixteenelements.

To determineif the generative representationproducesencodingsthat are more
conducive to evolution we comparethesuccessrateof themutationoperator. The
graphsin ®gure4 plot thenumberof offspringthatfall atagiven®tnessdifferential
from the parentdesign.Thesegraphsshow that the vastmajority of mutationsto
a designproducedlittle or no changein ®tness.While mostof theremainingmu-
tationsproduceda negative changein ®tnesswith both representations,thereare
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(a) (b)

(c) (d)

Fig. 6. Evolvedtablesshown bothin simulation(left) andreality (right).

morepositivechangesto ®tnesswith thegenerativerepresentation,especiallylarge
positive changes.A plot of thesuccessrateundermutation(a child hashigher®t-
nessthanits parent)is shown in thegraphsin ®gure5. On thisgraphit canbeseen
thatmutationsthatproducealargechangein theassemblyprocedurehaveagreater
rateof successwith thegenerative representationthanwith thenon-generative rep-
resentation.Thesetwo setsof graphsshow thatdesignsencodedwith thegenerative
representationaremoreevolvablethanthoseencodedwith thenon-generative rep-
resentation.

Previous work hasshown the successfultransferfrom designto reality of static
objects(Funes& Pollack,1998)androbots(Lipson & Pollack,2000).Similarly,
designsproducedwith this systemhave alsobeensuccessfullytransferredto the
realworld usingrapid-prototypingequipment,®gure6.
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6 Discussion

In section2 it wasarguedthatreusingelementsof anencodeddesignfor multiple
partsin theactualdesignimprovesevolvability by capturingdesigndependencies
andby improving the ability to make large changesin designspace.This section
consistsof two partsthatgiveevidencesupportingbothof theseclaims.

6.1 DesignDependencies
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Fig. 7. Graphsof (a)averagestabilityand(b) averageheightover thecourseof evolution.

Oneway to determinewhich representationbettercapturesdesigndependenciesis
to comparethe designsthat areevolved with them.With tabledesigns,the main
dependency is with thetablelegs: in maximizingtheheightof a table,theoptimal
lengthof eachleg is dependentonthelengthsof theothertablelegs.First, it canbe
seenfrom thegraphin ®gure7.athatevolution with thegenerative representation
is bothfasterat producinghigh tablesandalsoproduceshigheroverall tablesthan
evolution with the non-generative representation.Next, the low stability scoreof
tablesevolved with the non-generative representation(®gure 7.b) alongwith the
imagesin ®gure3 suggestthatthesetablestypically haveonly asingleleg stretch-
ing from table top to the groundwhereasthe high stability scoreand imagesin
®gure3 suggestthat tablesevolved with the generative representationhave mul-
tiple tablelegs.Thatevolution with thegenerative representationis betterableto
producemulti-leggedtablessuportsour argumentthat generative representations
arebetterableto captureandmanipulatedesigndependencies.

6.2 Coverageof theSearch Space

Bettercapturingdependenciesand reusablebuilding blockswhich canbe easily
added/removed enablesvariation operatorsto move throughthe designspacein
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(a)Original. (b) Shorter.

(c) Threecorners (d) Moresurfacecubes.

Fig. 8. Tablemutants.

moremeaningfulways.For an examplewe usethe tablein ®gure8.a, for which
the generative representationis listed in appendixA. The heightof the tablelegs
is encodedin the ®rst successorof P8 and changingthe valuesof either back()
commandwill changethe heightof the table,®gure8.b. Similarly, changingthe
iterationcounterin the secondsuccessorof productionrule P0 from g(4) to g(3)
changesthenumberof cornersandlegson thetablefrom four to three,®gure8.c.
Finally, thenumberof cubesonthesurfaceof thetablecanbechangedby changing
theparametervaluesof any of the last threeback() commandsin thesecondsuc-
cessorof P6. In this case,furtherevolution changedthe productionrulesP6 and
P8 to,
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P6(n0; n1) (n1> 1) ! [back(5) up(5) back(n0) left(1) back(5) back(5) back(5)
back(4)]

(n0> 2) ! [back(5) up(5) back(n0) back(5) left(1) down(5) up(5)
back(5)back(5)back(5)back(4)]

(n1> 0) ! [back(5) up(5) left(1) back(n0) back(5) down(5) up(1)
back(5)back(5)back(5)back(4)]

P8(n0; n1) (n0> 0) ! P8(n0=5,n1+1) [back(4)back(4)P8(n1-2,n0-5) ]

(n1> -2) ! [P8(n0=4,n1+1) back(5) back(4) P8(2-5,3-5) back(4)
back(5)P6(n1-n0,n0+n1) ]

(n0> -1) ! counter-clockwise(1)down(3)down(n0)

with theresultingtableshown in ®gure8.d.All threeof theseexampleshow how
throughthe processof evolution the generative representationhasevolved an en-
codingwith which it is easyfor the mutationoperatorto make large,meaningful
movementsin thedesignspace.

With a non-generative representation,all of thosechangesto thetablein ®gure8.a
would requirethesimultaneouschangeof multiplesymbolsin theencoding.Some
of thesechangesmustbe donesimultaneouslyfor the resultingdesignto be vi-
able– changingthe heightof only oneleg of the tablecanresult in a signi®cant
lossof ®tness– andsothesechangesarenot evolvablewith a non-generative rep-
resentation.Others,suchas the numberof cubeson the surface,areviable with
a seriesof single-cubechanges.Yet, in generalthis could resultin a signi®cantly
slower searchspeedin comparisonwith a singlechangeto a tableencodedwith a
generative representation.
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Fig. 9. Plotsof numberof partsversus�tness of the bestindividual from eachtrial: (a)
non-generative representation;and(b) generative representation.

That this improved ability make large, meaningfulchangesto a designis result-
ing in an increasein this sizeof the designspacethat is exploredcanbe seenby
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(e) (f)

Fig. 10. Othertablesevolved using:(a)-(b) the non-generative representation;and(c)-(f)
thegenerative representation.
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thedesignsevolvedwith the two representations.Thegraphsin ®gure9 areplots
of the numberof partsin the designagainst their ®tnesswith the non-generative
andgenerative representations.This graphshows that searchwith the generative
representationtesteddesignswith a wider rangeof partsand®tnessthanwith the
non-generative representation.Usingvariationsof the®tnessfunctiondescribedin
section4.5,examplesof thedifferenttypesof tablesthathavebeenevolvedwith the
non-generative andgenerative representationsareshown in ®gure10. In general,
tablesevolvedwith thenon-generative representationaresimilarly irregularasthe
onesin ®gure3 whereastablesevolvedwith the thegenerative representationare
morevariedin how thetable-topissupportedabovetheground.Thesedesignsshow
thatsearchwith thegenerativerepresentationis exploringalarger, moreinteresting
partof thetabledesignspacethanis searchwith thenon-generative representation.

7 Conclusion

The complexity of designsachievable with computer-automateddesignsystems
is stronglylimited by their representation.Herewe de®nedseveral classesof de-
signrepresentationsandthenarguedthatthegenerativerepresentationsareabetter
methodfor encodingdesignsthannon-generative representations.To supportthese
argumentswe compareda generative andnon-generative representationon a table
designproblemandfoundthatdesignsevolvedwith thegenerative representation
have higher®tnessanda moreregularstructure.In addition,wearguedthatgener-
ativerepresentationsarebetterableto captureandmanipulatedesigndependencies
andsupportedthis by showing that evolution tendedto evolve multi-leggedtales
with thegenerativerepresentationandsingle-leggedtableswith thenon-generative
representation.Finally, we claimedthata generative representationenablesmean-
ingful, largescaledesignchangesandgave examplesof this with anevolvedtable
designaswell asshowedthatevolutionwith thegenerativerepresentationproduced
awider rangeof tablestyles.Thenext stepin automateddesignis in producingde-
signrepresentationsthatcanhierarchicallycreateandreuseassembliesof partsin
evermorepowerful ways.
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A GenerativeRepresentationfor an EvolvedTable

Thefollowing L-systemis thegenerative representationfor thetablein ®gure8.a:

P0(n0; n1) (n1 > 10) ! P11(n0=4,2) down(1) f P17(3,n1=2) P12(n1+n0,n0+n1)
P3(1,n1-n0) g(4)

(n1> 3) ! P11(n0=4,2) down(1) f P17(3,n1=2) P18(n1+n0,n0+n1)
P3(1,n1-n0) g(4)

(n1> 0) ! [P16(2,n0+2) ]
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P2(n0; n1) (n0> 5) ! P7(n1=2,n0+2) back(1)

(n0> 5) ! P7(n1=2,n0+2) back(1)

(n0> 0) ! [left(4) P12(3,4)]

P3(n0; n1) (n1> 2) ! P16(4,n0-n1) P16(4,n0-n1) P16(4,n0-2) P16(4,n0-n1)

(n1> 2) ! P16(4,n0-n1) P16(4,n0-n1) P16(4,n0-n1) P16(4,n0-n1)

(n0> 0) ! down(1) f clockwise(n1) forward(3)g(5)

P6(n0; n1) (n1> 1) ! [back(5) left(1) back(5) down(1) up(1) back(5) back(5)
back(5)]

(n0> 1) ! [back(5) up(1) back(n0) left(1) back(n0) down(5) up(1)
back(5)left(n1) back(5)down(1) ]

(n1> 0) ! [back(5) left(1) back(5) down(1) up(1) back(5) back(5)
back(5)]

P7(n0; n1) (n0> -1) ! [clockwise(1) clockwise(1) left(1) clockwise(1) clock-
wise(5)right(1)clockwise(1)] down(1)

(n1> 1) ! [clockwise(1) clockwise(1) left(1) clockwise(1) clock-
wise(5)clockwise(1)clockwise(1)] down(1)

(n0> 0) ! [clockwise(1)left(1) ] right(2)up(2)P18(n1-5,n1+4)

P8(n0; n1) (n0> 0) ! P8(n0=4,n1+1) [back(4)back(4)P8(n1-2,n0-5) ]

(n1> -2) ! [P8(n0=4,n1+1) back(5) P8(n1-5,n0-5) back(4) back(4)
back(4)P6(n1-n0,n0+n1) ]

(n0> 0) ! [back(4)P8(n1-2,n0-5) ] P6(n1-n0,n0+n1)

P9(n0; n1) (n1> 3) ! P7(3-3,n0+n1) clockwise(1)P8(n1-n0,n1+1)

(n1> 2) ! P7(3-3,n0+n1) clockwise(1)P8(n1-n0,n1+1)

(n1> 0) ! forward(1)P16(n1-1,n0-n1)

P11(n0; n1) (n1> 4) ! [P19(4,5)]

(n1> -10) ! right(1)

(n1> 0) !
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P12(n0; n1) (n1> 4) ! back(1)up(1)

(n1> 4) ! back(1)up(1)

(n1> 0) ! counter-clockwise(4)

P14(n0; n1) (n1> 3) ! P11(n1,n0=n1)

(n0> 10) ! P2(n1=3,n1+n0) P9(n1,n0=n1)

(n1> 0) ! P9(n1,n0=n1)

P16(n0; n1) (n1> 22) !

(n1> 5) !

(n1> 0) ! [P19(n0=2,n1-n0) back(1) forward(3) ] clockwise(2)
P3(5,n1-5)

P17(n0; n1) (n1> 3) ! up(n1) back(2)back(4)back(n0) back(3)back(3)back(5)

(n1> 3) ! up(n1) back(4)back(2)back(2)back(2)back(3)back(5)

(n1> 0) ! up(2)back(2)

P18(n0; n1) (n1> 3) ! back(n1) P14(n1-3,3) left(1) left(1) right(1) right(1)

(n1> 3) ! back(n1) P14(n1-2,3) left(1) [counter-clockwise(1) ]
right(1)

(n0> 0) ! [P13(5,n1=4) right(1) ] right(1)

This L-systemis startedwith P0(4,10) and run for 17 iterations,after which it
producesan assemblyprocedurecomprisingof several thousandcommands.The
sequenceof commandsstartsasfollows:

r ight(1)down(1)up(5)back(2)back(4)back(3)back(3)back(3)back(5)back(14)
[left(4) counter-clockwise(4)] [ clockwise(1)clockwise(1)left(1) clockwise(1)
clockwise(5)right(1) clockwise(1)] down(1) clockwise(1)[back(4) back(4) ] [
back(4)back(4)[back(4)back(4)] ] [back(4)back(4)[back(4)back(4)] [ back(4)
back(4)[back(5)back(4)back(4)back(4)] ] ] [back(4)back(4)[back(4)back(4)]
[back(4)back(4)] [back(4)back(4)[ [back(5)back(4)back(4)back(4)] back(5)
[back(4)back(4)] back(4)back(4)back(4)[ back(5)up(1)back(13.7)left(1)back(13.7)
down(5) up(1)back(5)left(-0.3)back(5)down(1) ] ] ] ] [back(4)back(4)[back(4)
back(4)] [back(4)back(4)] [back(4)back(4)] . . .

Theentireassemblyprocedureis listedin appendixA of (Hornby, 2003).

25


