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Abstract

Oneof themainlimitationsfor thefunctionalscalabilityof automatediesignsystemss the
representationsedfor encodingdesignsWe arguethat geneative representationsthose
which arecapableof reusingelementof theencodedlesignin thetranslatiornto theactual
artifact, are bettersuitedfor automateddesignbecauseaeuseof building blockscaptures
somedesigndependencieandimprovesthe ability to make large changes$n designspace.
To supportthis agumentwe comparea generatre andnon-generatie representatioon a
tabledesignproblemand nd thatdesignsevolvedwith the generatie representatiohave
higher tness anda moreregular structure Additionally the generatre representatiowas
foundto bettercaptureheheightdependencbetweertablelegsandalsoproducedawider
rangeof tabledesigns.

Key words: Generatre representatiorRepresentatiorGeneticalgorithms Evolutionary
designLindenmayeiSystemgL-systems)

1 Intr oduction

Computerautomatedesignsystemshave beenusedto designa variety of differ-
enttypesof artifactssuchasantennagLohnetal. , in press),ywheels, loadcells
(Robinsoretal. , 1999),trussegMichalewicz etal. , 1996),robots(Lipson& Pol-
lack, 2000),andmore(Bentley, 1999)(Bentley & Corne,2001).While they have
beensuccessfult producingsimple, albeit novel artifacts,a concernwith these
systemss how well their searchability will scaleto morecomplex designspaces
(Drexler, 1989) (Pollacket al. , 2001). To improve functional scalabilitywe can
look at those®eldswhich regularly createlarge, comple artifacts.Iln engineering
andsoftware development,complec artifactsare achieed by exploiting the prin-
ciples of regularity, modularity and hierarcly (Ulrich & Tung, 1991) (Huang &
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Kusiak,1998) (Meyer, 1988),which canbe summarizedsthe hierarchicalreuse
of building blocks.

While the optimizationalgorithm can affect the degree of reusein a design,the
ability to createstructureswhich reusebuilding blocksis limited by the ability
of the representatioto encodethem.For example,in optimizing the dimensions
on a blueprint, the designsystemcan only producedesignsthat fall in the pre-
speci®edparametespaceA limitation with this type of representatiots thatno
modi®cationof the searchalgorithm can affect the degree of reusein resulting
designsnor is the hierarchicalconstructionof building blockspossible . Thusthe
ability to automaticallygeneratestructureswvhich have areuseof subassemblieis
stronglydependenon therepresentationsedby the designsystem.

Thedifferenttypesof representationfor computerautomatediesignsystemscan
beclassi®edy how they encodelesignsFirst,designsanbesplitinto parameter
izationsor open-endedepresentation®arameterizationsonsistof a setof values
for the dimensionsf a pre-de®nedlueprintand open-endedepresentationare
thosein whichthetopologyof adesignis changeableSinceoneof thegoalsof au-
tomateddesignsystemss to achieve truly novel artifacts,we focuson open-ended
representationsecausd is dif®cult for a parameterizatioto achiese atypeof de-
signthatwasnot conceved of by its creatorsA fundamentatlistinctionbetween
open-endedepresentationis whetherthey arenon-genegtive or genertive With
a non-generatie representatioachrepresentationatlementof an encodedde-
signcanmapto at mostoneelementin a designedartifact. The two subcatgories
of non-generatie representationare direct and indirect representationsiith a
directrepresentatiorthe encodedlesignis a blueprintin which elementscanbe
added/remeedin additionto changingtheir parametersandwith anindirectrep-
resentationhereis atranslationor constructiomprocessn goingfrom theencoding
to the blueprint.A generative representationis onein which anencodediesign
canreuseelementsf its encodingin the translationto an actualdesign.The two
subcatgoriesof generatie representationareimplicit andexplicit. Implicit, gen-
erative representationsonsistof a setof rulesthatimplicitly specifyashapesuch
asthroughaniterative constructionprocesssimilar to a cellularautomataand ex-
plicit, generatre representationare a proceduralapproachin which a designis
explicitly representetdy analgorithmfor constructingt.

Previously we have arguedthat the adwvantageof generatie representationsver
non-generatie representations thatthey incorporateusefulbiasinto their struc-
ture (Hornby & Pollack,2002).Herewe re®neandextendtheseargumentsn two
ways and supporttheseclaims by comparingoptimizationwith a generatie rep-
resentatioragainstoptimizationwith a non-generatie representatioon our table
designproblem(Hornby & Pollack,2001). First we argue that optimizationper
formsbetterwith ageneratre representatiobecausgeneratre representationsre
betterat capturingsometypesof designdependencieghannon-generatie repre-
sentationsWe supportthis agumenty shaving thatevolution with thegeneratre



representatiomasbetterableto createmulti-leggedtables.Secondwe claim that
generatre representationare more conducve to changegherebyimproving the
ability of the searchalgorithmto move aboutin the designspace This is demon-
stratedby thegreatewvariety of stylesof tablesproducedwvith thegeneratre repre-
sentation.

The restof the paperis organizedasfollows. First we presentour algumentsfor
theadwantage®f generatre representationllowedby areview of differentauto-
mateddesignsystemsNext we describehepartsof ourevolutionarydesignsystem
andthentheresultsof our experimentdn evolving tabledesignsFinally we close
with adiscussiorof our ®ndingsanda summaryof this paper

2 Argumentfor Generative Representations

As thecompleity andnumberof partsin adesigngrows, thefunctionalscalability
of non-generatie representationss limited by their weaknessn handlingthein-
creasinghumberof designdependencieandthe exponentialgrowth in the size of
the searchspaceln the ®rst case asdesigndbecomemorecomplex dependencies
developbetweerpartsof adesignsuchthatchanginga propertyof onepartrequires
thesimultaneoughangdan anothempartof thedesign.For example,if thelengthof
atableleg is changedthenall of the otherlegs mustbe changecor the tablewill
becomaunbalancedSecondasadesigngrowvsin thenumberof partsthe expected
distance(in numberof parts)betweena startingdesignandthe desiredoptimized
designincreasesCorversely changinga singlepartmakesproportionatelysmaller
andsmallermovestowardsthe desireddesign.One consequencef this is thatas
designsincreasen the numberof parts,searchalgorithmsrequiremore stepsto
®nd a goodsolution.Increasinghe sizeof variation(by changingmorepartsat a
time)is notasolutionbecausastheamountof variationis increasedthe probabil-
ity of the variationbeingadwantageouslecreasedNon-generatie representations
arenotwell suitedto handlingtheseincreases sizeandcompleity becauséeheir
languagdor representinglesigngs static.

Theadwantageof generatre representationsomesfrom their ability to reusepre-
viously discoveredbuilding blocks.First, reuseof elementsof anencodeddesign
allows a generatre representatioto capturedesigndependencieBy giving it the
ability to make coordinatedchangesn 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-lgys simultaneouslySecondlynavigation of large designspacess improved
throughthe ability to manipulateassemblie®f componentsas units. For exam-
ple, if adding/remwaing anassemblyof m partswould make a designbetter this
would requirethe manipulationof m elementsof a designencodedwith a non-
generatre representationlVith a generatie representatiothe ability to reusepre-



viously discoveredassemblie®f partsenableshe addition/deletiorof groupsof
partsthroughtheaddition/deletion/modi®catioof symbolsvhichrepresengroups
of parts.Herethe ability to hierarchicallycreateandreusebuilding blocksactsas
ascalingof knowledgethroughthe scalingof the unit of variation.

3 Review of Automated DesignRepresentations

To assisin ourreview of designrepresentationsye ®rst de®nesomeof their prop-
erties.Previously we usedthe metaphoof designrepresentationasakind of com-
puterprogrammindanguagedo de®nethefollowing featuresof designrepresenta-
tions(Hornby & Pollack,2002):

Combination: The ability to hierarchicallycreatemore powerful expressions
from simplerones.While the subroutineof GLib (Angeline& Pollack,1994)
andgeneticprogramming GP) (Koza,1992)allow explicit combinationf ex-
pressionscombinationis not fully enabledby mereadjacenyg or proximity in
thestringsutilized by typical representations geneticalgorithms.

Control- o w: All programminglanguagesave someform of control of exe-
cutionwhich permitsthe conditionalandrepetitve useof structuresTwo types
of control- ow are conditionalsand iteratve expressionsConditionalscanbe
implementedvith anif -statementasin GR or a rule which governsthe next
statein a cellularautomatalterationis a looping ability, suchasthe for -loop
in C/C++programs.

Abstraction: This consistsof the ability to encapsulata groupof expressions
in thelanguageandlabelthem,enablingthemto be manipulated/referencexsa
unit, andtheability to passparameterso proceduresAn exampleof abstraction
is theautomaticallyde®nedfunctions(ADFs) of GP.

An open-endedepresentatioms generatie if it hasreuse(which canbe through
eitheriteration,procedurdabels,or both),otherwiset is non-generatie. In therest
of this sectionwe review differentdesignrepresentation®r both non-generatie
andgeneratre representations.

The two classef non-generatie representationare direct andindirect. Direct,

non-generatie representationgypically usea ®xed-sizedatastructurefor speci-
fying the existenceof materialat a given location,suchaswith two-dimensional
arrays(Kane& Schoenauerl996)(Baronetal. , 1999).Indirect, non-generate

representationgeendto be variablelengthassemblyproceduresvhich specifythe

assemblyf anobject(Bentley, 1996)(Funes& Pollack,1998).An additionallayer

of indirectionis usedin thoserepresentations which an objectis encodedasa

derwvationtreefor agrammaywith theresultingassemblyrocedurespecifyingthe

assemblyof theartifact(Roston,1994).



Onetypeof grammarfor designis Stiny's shapegrammargStiny, 1980).Thegram-

maticalrulesof a shapegrammarspecifya transformatiorfrom one shapeto an-

other Optimizationwith shapegrammarsconsistsof producinga derivation tree

for the grammay with a typical approactusing simulatedannealingto iteratively

modify a design(Sheaetal. , 1997)(Agarwal & Cagan, 1998).While automated
designusingshapegrammarsgs anexampleof anindirectrepresentatiofsinceno

elemenbf thedervationtreeis usedmorethanonce)it couldbeextendedo agen-

eratve representatiomy allowing new rulesto be addedto the grammarthrough

the combinationof existingrules.

Most implicit, generatie representationsonsistof a startingshapeand a set of
rulesfor iteratvely transformingthe design.One of the earliestsuchexamplesis
Frazers work usingshaperansformatiorrulesto rotate/stretch/gm/sheara start-
ing shape(Frazer 1995). Similar to Frazers work is that of de Garis' augmented
cellularautomataCA) (de Garis,1992),in which eachcell in the CA maintains
the numberof neighborcellsin the ON statein eachof the four directions,North,
East,Westand South.More standardCAs are usedin (Bentley & Kumar 1999)
for creatingtwo-dimensionatessellatingile patternsandfor creatingpatternsof
cellsin anisospatialgrid (Bonabeatet al. , 2000).Ratherthanworking in a grid,
ShapeFeatureGenerating?roces{SFGP)grows designsby optimizing rulesfor
thedivision of dots(metaphordor a cell) on the surfaceof a shape(Tauraetal. ,
1998) (Taura& Nagasaka,1999).After developmentis complete the ®nal shape
is formedby creatingan outer surfaceusingthe densityof dotsto determinethe
distancerom theinitial shapeA morebiologically basednodelis Eggenbeger's
methodof growing three-dimensionathapedrom an arti®cial genomeusing an
arti®cial chemistry(Eggenbeger, 1997). Designsare encodedin a linear string
which consistsof regulatorygenesfor switchingothergenesin the genomeand
structuralgeneswhich encoddor speci®cchemicals.

Explicit, generatre representationsonsistof an algorithmfor constructinga de-
signandaretypically implementedasatypeof grammarWith ToddandLathams
Mutator, structuresarede®nedby anexpressionn ageometricatonstructionan-
guagethat speci®eshe shape shapetransformationspnumberof repetitionsof a
shapeand anglesbetweenshapesinitially only the evolution of parametersvas
possible(Todd & Latham,1992), and thenin 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 representatioffior evolving shapesn anisospatialgrid andthe
EmegentDesigngrouphasusedL-systemswith attractors/repellerir evolving
curved surfacesin athree-dimensionapace(Testaet al. , 2000) (Hembeg et al.
, 2001).Rosenmar{Rosenman]1996) (Rosenmanl1997)describes hierarchical
grammairfor building two-dimensionalgrid-based,oor planswhichuseanultiple
evolutionaryrunsto evolve differentlevels of the design.Insteadof constructinga
®nal designshapefrom a numberof simplershapesthe work of Husbandst. al.
(Husband<et al. , 1996)andNishino et. al. (Nishino et al. , 2001) combinessu-



Tablel
Propertieof thedifferentdesignrepresentations.

Combination| ControlFlow Abstraction

System Iter. | Cond. | Labels| Param.

DirectNon-geneative

(Baronetal. , 1999) no no no no no
(Kane& Schoenaued995) no no no no no
Shapegrammarsystems no no no no no

IndirectNon-geneative

(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-generatie (section4.3) yes no no no no

Implicit Geneative

(Bentley & Kumar 1999),implicit no yes | yes no no
(Bonabeatetal. , 2000) no yes | yes no no
(deGaris,1992) no yes | yes no no
(Eggenbeger, 1997) no yes | yes no yes
(Frazer1995) no yes | yes no no
(Tauraetal. , 1998) no yes | yes no no

Explicit Geneative

(Broughtonetal. , 1997) yes no no yes no
EmegentDesignGroup yes no no yes no
GENRE,generatie (sectiond.2) yes yes | yes yes yes
Mutator (Todd & Latham,1992) yes yes no no no
(Rosenman]997) yes no no yes no
Superquadrics yes no no yes no

perquadrianodelingprimitives(Barr, 1981)with constructve solid geometryasa
kind of geneticprogramfor transforminga startingshape.



The evolutionarydesignsystemsdescribedn this sectionarelistedin table 1. In
thistabletherepresentationaregroupedoy category andfor eachrepresentatiort
is statedwhetheror notit hasthe propertyof combinationjteration,conditionals,
labelsor parameters.

4 Evolutionary DesignSystem

The computerautomateddesignsystemusedto createdesignsis called GENRE
andit consistsof the designconstructorthe compilerfor the generatre represen-
tation, the ®tnessfunction for evaluatingdesignsandthe evolutionary algorithm.
The evolutionaryalgorithmevolves encodeddesignsusing the ®tnessfunction to
scoredesigns.To allow for comparingnon-generatie and generatre representa-
tions, GENREhasbothanon-generatie andageneratre representatiofor encod-
ing designs.The non-generatie representatioencodeslesignsndirectly usinga
sequencef constructioncommandsgalled an assemblyprocedurefor building
a designwith the designconstructor The generatie representations basedon
LindenmayersystemgqLindenmayer1968),which arecompiledinto anassembly
procedurdhatis usedto build thedesign By usinganindirect,non-generatie rep-
resentatiomndanexplicit, generatre representatiorthesetwo representationsan
be appliedto differentdesignsubstrate®y changingonly the setof construction
commandsndthe designconstructarThe following subsectionslescribeeachof
theseparts.

4.1 DesignConstructor

Thedesignconstructoistartswith a singlecubewith whichit createsamorecom-
plex objectby executingthe instructionsof anassemblyprocedureCommandsn
thecommandsetacton thelocal state— which consistsof the currentpositionand
orientation— andarelisted in table2. The commands[ ' and’] ' pushandpop
the currentstateto andfrom a stack.Forward addscubesn thepositive X direc-
tion of thelocal stateandback addscubesn thenegative X direction.In addition
to addingcubesforward andback alsochangethe currentposition.The com-
manddeft/right/up/down/clockwise/counter-clockwise rotate
the currentheadingaboutthe appropriateaxisin unitsof 90 .

The imagesin ®gure 1 shav intermediatestagesn the constructionof an object
fromtheassemblyrocedureforward(2) right(1) forward(1) up(1)
forward(3) . Initially thereis a singlecubein the designspace®gure 1.a.Af-
ter executingthe commandforward(2) , two cubesare addedto the ®rst, ®g-
ure 1.b The imagein ®gure 1.c shavs the designafter executingright(1)
forward(1) , whichturnsthecurrentorientation90 to theright andthenaddsa



Table2
Designlanguagédor constructingables.

Command Description

[ Push/popstateto stack.

forwardn) Move and add cubesin the local, positive X directionn
units.

backn) Move andadd cubesin the local, negative X directionn
units.

clockwisgn) Rotatelocalheadingn 90 aboutthe X axis.

counterclockwisgn) Rotatelocal headingn 90 aboutthe X axis.

left(n) Rotatelocalheadingn 90 abouttheY axis.

right(n) Rotatelocal headingn 90 abouttheY axis.

up(n) Rotatelocalheadingn 90 aboutthe Z axis.

down(n) Rotatelocal headingn 90 abouttheZ axis.

cubein the currentforwarddirection.After executingup(1) forward(3) ,the
®nal objectis shavn in ®gure1.d.In building anobject,if the constructois asked
to placea cubewhereonealreadyexists, it ignoresthe existing cubebut updates
its locationasif it hadplacedthis cubeandthencontinuessxecutingthe assembly
procedure.

4.2 Geneative Repesentation

The generatre representatiorior eachdesignis basedon a grammaticalrewrit-
ing systemcalled LindenmayerSystems(L-systems)(Lindenmayer 1968). The
classof L-systemsusedasthe encodingfor designsn this work is parametrid_-
systemsProductionrulesfor a parametrid_-systemconsistof a rule-headwhich
is the symbolto be replacedfollowed by a numberof condition-successqgrairs.
The conditionis a booleanexpressionon the parametergo the production-rule,
andthe successoconsistsof a sequenc®f characterghat replacethe rule-head.
Rule-headsymbolsarere-writtenby testingeachof their conditionssequentially
andreplacingherule-headsymbolwith thesuccessoof the®rst conditionthatsuc-
ceedsThustheparametrid.-systemhasthepropertief combinationabstraction,
namingof compoundproceduresformal parameterso the proceduresandcondi-
tionals. To handleiteration,a looping ability is addedthat replicatesthe symbols
enclosedvith parenthesisimilarto for loopsin computemprogramsf blockg(n)
repeatgheenclosedlock of symbolsn times.For examplef ab@(3) translatego,
abcabcabc
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Fig. 1. Stepsin building anobiject.

CompilinganL-systeminto anassemblyprocedureconsistf startingwith a sin-
gle symbolandtheniteratively applyingthe productionrulesin parallelto all com-
manddn anassemblyrocedureThefollowing is anexampledesignencodedvith
the generatre representatiomndthe constructionanguageof table 2. It consists
of two productionswith eachproductioncontainingonecondition-successqair:

PO(ng) : ng> 10! [P1l(np 215)]up(l)f orward(3) down(l) PO(ny 1)

P1(no): ng> 1:0! f [forward(no)]left(l) g(4)

Compiling this designencodingstartingwith the symbol PO(4) produceghe fol-
lowing sequencef strings,



1. PO(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(1l)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)
PO(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 asequencef constructiorcommandsvhichis thenusedby the
designconstructoto build anobject.

4.3 Non-geneative Repesentation

To shav theadwantage®f a generatre representatioit mustbe comparedagainst
a non-generatie representation-or the non-generatie representatiorachindi-
vidualin the populationis anassemblyproceduravhich speci®esow to construct
the design.We implementthis assemblyprocedureasa degenerateparametrid_-
systemwhich hasonly a singlerule and no iterative loopsor abstractionimple-
mentingthe non-generatie representatiom the sameway asthegeneratie repre-
sentatiorallows usto usethe sameevolutionaryalgorithmandvariationoperators
sothatthe only differencebetweenevolutionaryrunswith the two systemss the
ability to hierarchicallyreuseelementf encodediesigns.

4.4 EvolutionaryAlgorithm

An evolutionary algorithmis a population-basedsearchalgorithm usedin opti-

mization. Searchoperatedy creatingan initial populationof candidatedesigns,
calledindividuals,andtheniteratively selectingoetterindividualsto reproduceand
make new designauntil the searchis done.The evolutionaryalgorithmandvaria-
tion operatorausedoy GENREaredescribedn detailin (Hornby, 2003),herewe

give anoverview of thesystem.
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The evolutionary algorithm usedto evolve designsis the canonicalgenerational
EA with specializedrariationoperatorsEachindividualin theinitial populationis
anL-systemwith arandomsetof productionrules.After all individualshave been
evaluatedpetterindividualsareselectedsparentdo createanew population New
individualsare createdthroughapplying mutationor recombinationchoserwith
equalprobability) to individuals selectedas parents Mutation takesa singleindi-
vidualasa parentmakesacopy of it andthenmakesa smallrandomchangeo this
child copy. Someof the changeghat canoccurareinsertinga small sequencef
randomcommandsgdeletinga smallsequencef commandschangingthe param-
etersto a commandgchangingthe parameter®f a conditional,and encapsulating
a sequencef commandsnto its own productionrule. Recombinatiortakes two
individualsasparentsmakesa copy of the®rstindividual andtheninsertsa small
partof thesecondarentnto this child. Examplef someof theinsertionghatcan
bedonearereplacinga subsequencef commandsn the child with a subsequence
of commandgrom the secondoarent,replacingoneof the child's successorwith
onefrom the secondparent,andreplacinga completecondition-successagrair in
the child with one from the secondparent.This processof evaluation,selection,
andreproductions thenrepeatedor a®xed numberof generations.

To reducethefrequeng of variationsthatdo not resultin achangen theresulting
design,datais kept for compiledL-systemson which productionrules and suc-
cessorgvereused,aswell asthevaluerangefor eachparameterThis compilation
history is usedso that variation operatorsare thenappliedonly to thoseproduc-
tion rulesthatwereusedin compilingandsothatmutatedof conditionvaluesstay
within the valuerangeof the parametebeingcomparedagainst.

4.5 FitnessFunction

Oncean assemblyprocedureis executedthe resulting structureis evaluatedby
a pre-speci®edtness function First, the designsimulatordeterminesvhetheror
nottheobjectis balancedr will fall over. Objectsthatarenotbalancedregivena
®tnesof zero,otherwiseanobjectis givenascorebasedn se/eraleasyto compute
attributesof a table. Theseattributesare the heightat which it holds objects,the
amountof surfaceareaavailable,how stableit is, andthe amountof materialit
is madeof. Heightis simply the numberof cubesabove the groundand surface
areais the numberof cubesat the maximumbheight.Ratherthanmeasuringactual
structuralintegrity, a roughmeasureof stability is calculatedoy usingthe volume
of the tablefrom summingthe areaat eachlayer of the table. The measurement
of amountof materialusedincludesonly thosecubesnot on the surfaceandis
necessarysince maximizing height, surface areaand stability typically resultin
tabledesignghataresolid volumes.

fheight = the heightof the highestcube,Ymay :
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f surf ace = thenumberof cubesat Ypay :
Yogax

f stabil ity = farealy)
y=0

farea(y) = areain thecornvex hull atheighty.
f excess = Numberof cubesnot onthesurface.

For theseexperimentsve combinethesemeasureito a singlefunction,

®tness= fheig ht fsurf ace fstabil ity =f excess (1)

5 Results

To comparethe generatre representatiomgainst the non-generate representa-
tion the evolutionaryalgorithmwascon®guredo runfor two thousandyenerations
usinga populationsizeof two hundred.n this sectionwe presentesultscompar
ing ®tnessandevolvability of designgproducedwith bothrepresentationandalso
shaw tablesconstructedrom evolveddesigns.
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Fig. 2. Graphscomparinga) averagetness and(b) averagdengthof thedesignencodings
andassemblyprocedure.

The graphin ®gure 2.a containsa comparisonof the ®tnessof the bestindivid-
uals evolved with the non-generatie representatiomgainst the bestindividuals
evolvedwith thegeneratre representatiorgveragedver ®fty trials. With thenon-
generatre representation®tnessimproved rapidly over the ®rst 300 generations,
thenquickly leveledoff, improving by lessthan25%overthelast1700generations.
Fitnessincreasedasterwith the generatie representatiorgndtherateof increase
in ®tnessdid not slow as quickly aswith the non-generatie representationThe
®nal resultsarean averagebest®tnessof 1826158with the non-generatie repre-
sentatiorand4938144with the generatre representation.
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Fig. 3. The four besttablesevolved with: (a)-(d), the non-generatie representationand
(e)-(h),thegeneratie representation.

13



Non-Generative Representation (1 mutation) Generative Representation (1 mutation)
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Fig. 4. Graphof the numberof offspring (y-axis,log scale)thathada given tness differ-
ential (x-axis)from their parent.
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Fig. 5. Probability of success(child is more t than parent) comparisonbetween
non-generatie and generatie representationsfor ranges1-50, 51-100, 101-150, ...
1951-2000

prob. of improvement
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In additionto having higher ®tness,tablesevolved with the generatre represen-
tation shav some symmetriesand regularities whereastablesevolved with the
non-generatie representatiotendedo beirregular, ®gure3. Theseregularitiesare
mostlik ely aresultof thegeneratre representatios'ability to reuseelementsThe
averageamountof reusewith the generatre representationanbe calculatedrom
the averagelength of the encodeddesignandthe averagelength of the assembly
procedurat compilesto. Fromthegraphin ®gure2.bit canbe seenthattheseval-
uesareapproximately310and5100respectrely, which leadsto an averagereuse
of justover sixteenelements.

To determineif the generatre representatioproducesencodingsthat are more
conducve to evolution we comparethe successate of the mutationoperator The
graphsn ®gure4 plotthenumberof offspringthatfall ata given®tnesdifferential
from the parentdesign.Thesegraphsshav thatthe vastmajority of mutationsto
a designproducedittle or no changen ®tness.While mostof the remainingmu-
tationsproduceda negative changein ®tnesswith both representationghereare
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Fig. 6. Evolvedtablesshavn bothin simulation(left) andreality (right).

morepositive changeso ®tnesswith thegeneratre representatiorgspeciallylarge
positve changesA plot of the successateundermutation(a child hashigher®t-
nesshanits parent)is shavn in thegraphsn ®gure5. Onthis graphit canbeseen
thatmutationghatproducealargechangen theassemblyproceduréave agreater
rateof successvith thegeneratre representatiothanwith thenon-generatie rep-
resentationThesawo setsof graphsshav thatdesignsencodedvith thegeneratre
representatioaremoreevolvablethanthoseencodedvith the non-generatie rep-
resentation.

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

In section2 it wasarguedthatreusingelementof anencodedlesignfor multiple
partsin the actualdesignimprovesevolvability by capturingdesigndependencies
andby improving the ability to make large changesn designspace This section
consistf two partsthatgive evidencesupportingooth of theseclaims.

6.1 DesignDependencies

40

T T E T i T
generative 45000 generative
non-generative - - - - - non-generative -~

9 40000 K

35000 |

30000 |

25000 |

20000 |

average height
average stability

: 15000 |-
oy 10000

5000

0 L L L L L L L L L 0 o L L L L L L L L L
0 200 400 600 800 1000 1200 1400 1600 1800 2000 0 200 400 600 800 1000 1200 1400 1600 1800 2000
generation generation

(a) (b)
Fig. 7. Graphsof (a) averagestability and(b) averageheightover the courseof evolution.

Oneway to determinewhich representatiobettercapturesiesigndependencieis
to comparethe designsthat are evolved with them. With table designsthe main
dependengis with thetablelegs: in maximizingthe heightof atable,the optimal
lengthof eachleg is dependentnthelengthsof theothertablelegs.First,it canbe
seenfrom the graphin ®gure7.athatevolution with the generatre representation
is bothfasterat producinghigh tablesandalsoproducesigheroverall tablesthan
evolution with the non-generatie representationiNext, the low stability scoreof
tablesevolved with the non-generatie representatiorf®gure 7.b) alongwith the
imagesn ®gure3 suggesthatthesetablestypically have only a singleleg stretch-
ing from tabletop to the groundwhereasthe high stability scoreandimagesin
®gure 3 suggesthat tablesevolved with the generatre representatiomave mul-
tiple tablelegs. That evolution with the generatre representations betterableto
producemulti-leggedtablessuportsour algumentthat generatre representations
arebetterableto captureandmanipulatedesigndependencies.

6.2 Coverage of the Seach Space

Better capturingdependencieand reusablebuilding blocks which can be easily
added/remeed enablesvariation operatorsto move throughthe designspacein
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(a) Original. (b) Shorter

(c) Threecorners (d) More surfacecubes.

Fig. 8. Tablemutants.

more meaningfulways. For an examplewe usethe tablein ®gure 8.a,for which
the generatie representatiois listed in appendixA. The heightof the tablelegs
is encodedn the ®rst successopf P8 and changingthe valuesof either bad()
commandwill changethe heightof the table,®gure 8.b. Similarly, changingthe
iteration counterin the secondsuccessoof productionrule PO from g(4) to g(3)

changeghe numberof cornersandlegs on thetablefrom four to three,®gure8.c.
Finally, thenumberof cubesonthesurfaceof thetablecanbechangedy changing
the parametewaluesof ary of the lastthreebadk() commandsn the secondsuc-
cessorof P6. In this case further evolution changedhe productionrulesP 6 and
P8to,
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P&ng;ny) (ng>1)! [back(5) up(5) backfg) left(1) back(5) back(5) back(5)
back(4)]

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

(ny>0)! [back(5) up(5) left(1) backfg) back(5) dowvn(5) up(l)
back(5)back(5)back(5)back(4)]

P8ng;n1)  (ng>0)! P8(no=5,n1+1) [back(4)back(4)P8n1-2,np-5) |

(ny>-2)! [P8(no=4n1+1) back(5) back(4) P8(2-5,3-5) back(4)
back(5)P6{1-ng,ng+n1) ]

(ng>-1)! counterclockwise(1)down(3) down(no)

with theresultingtableshavn in ®gure 8.d. All threeof theseexampleshov how
throughthe proces=f evolution the generatie representatiolmasevolved an en-
codingwith whichit is easyfor the mutationoperatorto make large, meaningful
movementsn the designspace.

With anon-generatie representatiorgll of thosechangedo thetablein ®gure8.a
would requirethe simultaneoushangeof multiple symbolsin theencodingSome
of thesechangeanustbe done simultaneouslhyfor the resultingdesignto be vi-
able— changingthe heightof only oneleg of the table canresultin a signi®cant
lossof ®tness— andsothesechangesrenot evolvablewith a non-generatie rep-
resentationOthers,suchasthe numberof cubeson the surface,are viable with
a seriesof single-cubechangesYet, in generalthis could resultin a signi®cantly
slower searchspeedn comparisorwith a singlechangeto atableencodedwvith a
generatre representation.

Non-Generative Representation for Table Design Generative Representation for Table Design
1.8e+07 T T T 1.8e+07

1.6e+07 4 1.6e+07
1.4e+07 q 1.4e+07 ‘!
1.2e+07 q 1.2e+07

1e+07 | 1le+07

fitness
fitness

8e+06 8e+06 |-

6e+06 - | 1 6e+06

vl ,:;‘ .
4 VA
4e+06 | x; 1 4e+06 | 4 ESf . .
2e+06 | 1 20+06 A Kl b L
0 Z . 0 G e A VO

0 2500 5000 7500 10000 5000 7500 10000
number of parts number of parts

(@) (b)

Fig. 9. Plotsof numberof partsversus tness of the bestindividual from eachtrial: (a)
non-generatie representatiorand(b) generatie representation.

That this improved ability make large, meaningfulchangedo a designis result-
ing in anincreasdn this size of the designspacethatis exploredcanbe seenby
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) (b)

() (d)

(e) (f)

Fig. 10. Othertablesevolved using: (a)-(b) the non-generatie representationand (c)-(f)
thegeneratie representation.
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the designsevolved with the two representations he graphsin ®gure9 areplots
of the numberof partsin the designagainsttheir ®nesswith the non-generate
and generatre representationslhis graphshaws that searchwith the generatre
representatiotesteddesignswith a wider rangeof partsand®tnessthanwith the
non-generate representatiorlJsing variationsof the ®tnessfunctiondescribedn
sectiord.5,examplesof thedifferenttypesof tablesthathave beenevolvedwith the
non-generate andgeneratre representationare shavn in ®gure 10. In general,
tablesevolvedwith the non-generatie representatioaresimilarly irregularasthe
onesin ®gure 3 whereadablesevolved with the the generatre representatiomare
morevariedin how thetable-tops supportedbovetheground.Thesedesignshov
thatsearchwith thegeneratre representatiors exploring alarger, moreinteresting
partof thetabledesignspacehanis searchwith thenon-generatie representation.

7 Conclusion

The complity of designsachiezable with computerautomateddesignsystems
is stronglylimited by their representationHerewe de®nedseveral classef de-
signrepresentationandthenarguedthatthe generatre representationarea better
methodfor encodingdesignghannon-generatie representation§.o supporthese
argumentsyve compareda generatre andnon-generatie representatioon atable
designproblemandfoundthat designsevolved with the generatre representation
have higher®tnessanda moreregularstructureIn addition,we arguedthatgener
ative representationarebetterableto captureandmanipulatedesigndependencies
and supportedhis by shaving that evolution tendedto evolve multi-leggedtales
with thegeneratre representatioandsingle-lgggedtableswith the non-generatie
representatiorf-inally, we claimedthata generatre representatioenablesnean-
ingful, large scaledesignchangesndgave examplesof this with anevolvedtable
designaswell asshavedthatevolutionwith thegeneratre representatioproduced
awiderrangeof tablestyles.Thenext stepin automatedalesignis in producingde-
signrepresentationthat canhierarchicallycreateandreuseassemblie®f partsin
ever morepowerful ways.
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A Generative Representationfor an Evolved Table

Thefollowing L-systemis the generatre representatiofor thetablein ®gure8.a:

PQ(ng;n1) (ny>10)! P11o=4,2) down(l) fP17(3n1=2) P12fi1+ng,ng+n1)
P3(1n1-no) 9(4)

(n1> 3)' Pll(’\0:4,2) dcwn(l) fpl7(3n1:2) P18¢11+n0,n0+n1)
P3(1n1-no) 9(4)

(n1>0)!  [P16(2no+2)]
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P2(no; n1)

P3(no; n1)

P&no; n1)

P7(no; n1)

P8no; n1)

PAno; ny)

P11(no; ny)

(n0> 5) !
(n0> 5) !
(no>0)!

(ny>2)!
(n1>2)!
(ng>0)!

(n>1)!

(n0> l) !

(n1> 0) !

(no>-1)!

(n>1)!

(ng>0)!

(no>0)!
(ny>-2)!

(no>0)!

(ny>3)!

(n1>2)!
(ny>0)!

(n1>4)!
(n1>-10)!
(I’I1> O) !

P7(n1=2,np+2) back(1)
P7(h1=2n0+2) back(1)
[left(4) P12(3,4)]

P16(4ng-n1) P16(4ng-ny) P16(4no-2) P16(4ng-nq)
P16(4no-n1) P16(4no-n1) P16(4no-n1) P16(4n0-n1)
down(1)f clockwise1) forward(3)g(5)

[back(b) left(1) back(5) down(1) up(1l) back(5) back(5)
back(5)]

[back(5) up(1) backfg) left(1) backfg) down(5) up(1)
back(b)left(n1) back(5)down(1)]

[back(5) left(1) back(5) down(1) up(1l) back(5) back(5)
back(5)]

[clockwise(1) clockwise(1) left(1) clockwise(1) clock-
wise(5)right(1) clockwise(1)] down(1)

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

[clockwise(1)left(1) ] right(2) up(2)P18h1-5,n1+4)

P8(No=4,n;+1) [back(4)back(4)P8n1-2,np-5) ]

[P8(no=4n,+1) back(b) P8(ni-5np-5) back(4) back(4)
back(4)P6{1-ng,np+n1) |

[back(4)P8(n1-2,np-5)] P6{1-ng,ng+n1)

P7(3-3no+n;) clockwise(1)P8(n1-ng,n1+1)
P7(3-3ng+n1) clockwise(1)P8(n1-ng,n1+1)
forward(1)P16f1-1,ng-n1)

[P19(4,5)]
right(1)
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P12ng;n1) (ni>4)! back(1)up(1)
(n1>4)! back(1)up(1)

(ny>0)! counterclockwise(4)

P14ng;n1) (n1>3)! P11f1,ng=n1)
(n0> 10) [ P2(n 1:3,n1+n0) P9(n1,n0:n1)

(n1>0)! P9(1,no=ny)

P16no;n1) (n1>22)!
(n1> 5) !

(ny>0)! [P19(o=2n1-ng) back(l) forward(3) ] clockwise(2)
P3(5n1-5)

P17ng;n.) (n1>3)! up(n1) back(2)back(4)backfp) back(3)back(3)back(5)
(n1>3)! up(n1) back(4)back(2)back(2)back(2)back(3)back(s)
(n1>0)! up(2)back(2)

P18ng;n1) (n1>3)! backf1) P14f1-3,3)left(1) left(1) right(1) right(1)

(ny>3)! backf1) P141-2,3) left(1) [counterclockwise(1) ]
right(1)

(no>0)! [P13(5n1=4) right(1)] right(1)

This L-systemis startedwith PO(4,10) andrun for 17 iterations,after which it
producesan assemblyprocedurecomprisingof severalthousandcommandsThe
sequencef commandstartsasfollows:

r ight(1) down(1) up(5) back(2)back(4)back(3)back(3)back(3)back(5)back(14)
[left(4) counterclockwise(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)eft(1) back(13.7)
dowvn(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)] ...

Theentireassemblyproceduras listedin appendixA of (Hornby, 2003).
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