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Abstract

With the increasingcomputationalpower of computers,softwaredesignsystemsarepro-
gressingfrom beingtoolsfor architectsanddesignersto expresstheir ideasto toolscapable
of creatingdesignsunderhumanguidance.Oneof themainlimitationsfor thesecomputer-
automateddesignprogramsis the representationwith which they encodedesigns.If the
representationcannotencodea certaindesign,thenthedesignprogramcannotproduceit.
Similarly, apoorrepresentationmakessometypesof designsextremelyunlikely to becre-
ated.Herewe de�ne generative representationsasthoserepresentationswhich cancreate
andreuseorganizationalunitswithin a designandarguethatreuseis necessaryfor design
systemsto scaleto morecomplex and interestingdesigns.To supportour argumentwe
describeGENRE,an evolutionarydesignprogramthat usesboth a generative anda non-
generative representation,andcomparetheresultsof evolving designswith both typesof
representations.

1 Intr oduction

As computersbecomemorepowerful, softwaredesigntoolsarebecomingincreas-
ingly more powerful tools for architectsanddesignersto expresstheir ideas.In
addition, the useof arti�cial intelligencetechniqueshasenabledthesesoftware
packagesto assistin thedesignprocessthemselves.Alreadycomputerautomated
designsystemshave beenusedfor the designof antennas,�ywheels, load cells,
trusses,robotsandotherstructures(Bentley, 1999;Bentley & Corne,2001).While
theseprogramshave beensuccessfulat producingsimple,albeitnovel artifacts,a
concernwith thesesystemsis how well their searchability will scaleto the larger
designspacesassociatedwith morecomplex artifacts.In engineeringandsoftware
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development,complex artifactsareachievedby exploiting theprinciplesof regular-
ity, modularity, hierarchyandreuse,which canbesummarizedasthehierarchical
reuseof organizationalunits.

Breakingdown a computer-automateddesignprograminto its separatemodules
yieldstherepresentationfor encodingdesigns,thealgorithmfor exploringthespace
of designsthatcanberepresented,andthe�tness functionfor scoringthegoodness
of a particulardesign.Ideally, theability of thedesignprogramto createmultiple
layersof organizationalunitsshouldbeindependentof how designsarescored.In
addition, the algorithm for exploring the spaceof designscan only �nd designs
thatcanbeexpressedby thechosenrepresentation.For example,in optimizingthe
dimensionson a design,thedesignprogramcanonly producedesignsthat fall in
thepre-speci�edparameterspaceandno modi�cation of thesearchalgorithmcan
affect the degreeof reusein the resultingdesigns.Thusfor computer-automated
designsoftwareto achieve designswith multiple layersof reusableorganizational
units thesesoftwaresystemsmustusea representationcapableof encodingsuch
designs.

Representationsfor computer-automateddesigncanbedividedinto severalclasses.
At thetop level representationscanbesplit into parameterizationsandopen-ended
representations.Parameterizationsare the classof representationsin which the
topologyof thedesignis pre-speci�edandthesearchalgorithmis performingnu-
mericaloptimizationon a setof parameters,suchasthe dimensionson a design.
In contrast,with open-endedrepresentationsthespaceof designtopologiescanbe
exploredtherebyallowing new typesof designsto bediscovered.Sincewe arein-
terestedin theability of a designprogramto createtruly novel designs,we focus
on open-endedrepresentations.An importantdistinctionbetweenclassesof open-
endedrepresentationsis whetheror not they aregenerative.With a generativerep-
resentationelementsof anencodeddesigncanbeusedmultiple timesin mapping
from theencodeddesignto theactualdesignandwith a non-generativerepresen-
tationeachelementin anencodeddesignis usedat mostonce.For example,with
agenerativerepresentationthedesignof a tablecouldencodethespeci�cationof a
tableleg onceandthenfor eachoccurrenceof a tableleg therewould bea pointer
to look at this speci�cation.Usinga non-generative representationtherewould be
copiesof thespeci�cationof thetableleg ateachplacewhereit is used.

Being ableto reusepartsof a designimprovesthe ability of generative represen-
tationsto scalein complexity andnumberof parts.In the �rst case,designsoften
have dependenciessuchthatchangingonecomponentin a designrequiresthesi-
multaneouschangein anothercomponent.For example,in creatinga designfor a
dining-roomtable the lengthof eachtable leg is dependenton the lengthsof all
the other legs in the tableand it is only useful to changethe lengthsof all legs
together. By having a singledescriptionof a tableleg, with referencesto this de-
scription at eachplacewhereit is used,all table legs are changedby changing
thisonedescription.With anon-generativerepresentationthesearchprogrammust
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�nd andchangeall occurrencesof a leg together, but this is feasibleonly when
thedependenciesareknown beforehandandnot whenthey arecreatedduring the
searchprocess.In thesecondcase,asthenumberpartsin a designincreasesthere
is anexponentialincreasein thesizeof thedesignspace.Sincesearchconsistsof
iteratively makingchangesto designsthat have alreadybeendiscovered,this in-
creasein thedesignspacereducestherelative effect of changinga singlepart in a
designandincreasesthenumberof changesneededto navigatethedesignspace.
Increasingtheamountof changemadebeforere-evaluatingadesignis notaviable
solutionbecausethis increaseproducesacorrespondingdecreasein theprobability
thattheresultingdesignwill beanimprovement.With a generative representation
theability to reusepreviouslydiscoveredassembliesof partsby eitheraddingor re-
moving copiesenableslarge,meaningfulmovementsaboutthedesignspace.Here
theability to hierarchicallycreateandreuseorganizationalunitsactsasa scaling
of knowledgethroughthescalingof theunit of variation.

2 A Generative Representation

Generative representationsarede�ned asany typeof representationthatallows for
the creationand reuseof organizationalunits in a design.Within this de�nition
thereare many different methodsby which reusecan be achieved. The genera-
tive representationusedhereis a kind of computerlanguagewithin which design-
constructingprogramsarewritten. This languageconsistsof a framework for de-
sign constructionrules and a set of theserules de�nes a programfor a design.
Designsarecreatedby compilinga designprograminto anassemblyprocedureof
constructioncommandsandthenexecutingthisassemblyprocedurein themodule
which constructsdesigns.Sinceit is ageneralframework for encodingdesignsthe
personusingthis framework mustsupplythesetof design-constructioncommands
andadesignconstructor.

Therulesfor constructinga designconsistof a rule headfollowedby a numberof
condition-bodypairs.For examplein thefollowing rule,

���������	��
������
������ ������
���
������ ����
��!��"#���	�$�$%�&'�

the rule headis A(
�$�

,
�(


), the condition is
�(
)�*�

and the body is B(
��


+1) c
D(

��


+0.5,
�$�

-2). A completeencodingof adesignconsistsof astartingcommand

3



andasequenceof rules.For exampletheadesigncouldbeencodedas,

+

�,��-.�

+

�,���$���/�!���!�0
'"1��� 2

+


.�����435
6"#�'�$7�89�:
��(;<��=��(�>�?
��

+

�@���$�5%�
�

+


.���$���/�!���!�0
'"1��� A�2<;<���$���B7�CD�?
��FEG��-��

Throughan iterative sequenceof replacingrule headswith the appropriatebody
thisprogramcompilesasfollows,

1. P0(4)

2. [ P1(6)] a(1)b(3) c(1)P0(3)

3. [
A

[ b(6) ] d(1)
E

(4) ] a(1)b(3) c(1) [ P1(4.5)] a(1)b(3) c(1)P0(2)

4. [
A

[ b(6) ] d(1)
E

(4) ] a(1)b(3) c(1) [
A

[ b(4.5)] d(1)
E

(4) ] a(1)b(3)
c(1) [ P1(3)] a(1)b(3) c(1) P0(1)

5. [
A

[ b(6) ] d(1)
E

(4) ] a(1)b(3) c(1) [
A

[ b(4.5)] d(1)
E

(4) ] a(1)b(3)
c(1) [

A

[ b(3) ] d(1)
E

(4) ] a(1)b(3) c(1)

6. [ [ b(6) ] d(1) [ b(6) ] d(1) [ b(6) ] d(1) [ b(6) ] d(1) ] a(1) b(3) c(1) [
[ b(4.5)] d(1) [ b(4.5)] d(1) [ b(4.5)] d(1) [ b(4.5)] d(1) ] a(1) b(3)
c(1) [ [ b(3) ] d(1) [ b(3) ] d(1) [ b(3) ] d(1) [ b(3) ] d(1) ] a(1) b(3)
c(1) b(3)

A graphicalversionof the generative representationdescribedhereis shown in
�gure 1.a,andthesequenceof assemblyproceduresgeneratedby it areshown in
�gure 1.b. In theseimagesrule-headsymbolsarerepresentedby cubeswith lines
connectingthemto theircondition-bodypairs,grey spheresrepresentthecondition
andthe symbolsfollowing it are the body. The sequenceis startedwith the �rst
cube(herea blue andyellow one)andthe sequenceof symbolsbelow it arethe
assemblyproceduresgeneratedaftereachiterationof parallelreplacement.

To createdesignswith this type of generative representation,the non-rule-head
symbolsare interpretedas constructioncommandsin a designconstructionlan-
guage.For example,three-dimensionalobjectscan be constructedby creatinga
languagefor addingcubesin a three-dimensionalgrid:

H back
���$�

, move in thenegativeX direction
�

units.
H clockwise

���$�

, rotateheading
�JI K'��L

abouttheX axis.
H counter-clockwise

���M�

, rotateheading
�JIN%4K'�.L

abouttheX axis.
H down

���$�

, rotateheading
�JIN%4K'��L

abouttheZ axis.
H forward

���$�

, move in thepositiveX direction
�

units.
H left

���$�

, rotateheading
�JI K'��L

abouttheY axis.
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(a)

(b)

Fig. 1. Graphicalversionof thegenerative representation,(a); alongwith thesequenceof
stringsproduced,(b).

5



(a) (b)

Fig. 2. Two treestructuresproducedfrom thesamesetof ruleswith differentstartingcom-
mands.

H right
���$�

, rotateheading
�JIN%4K'��L

abouttheY axis.
H up

���$�

, rotateheading
�OIPK'��L

abouttheZ axis.
H ] , popthetopstateoff thestackandmakesit thecurrentstate.
H [ , pushthecurrentstateto thestack.

With this design-constructionlanguagea designstartswith a single cube in a
three-dimensionalgrid andnew cubesareaddedwith thecommandsforward()
and back() . The currentstate,consistingof location and orientation,is main-
tainedandthecommandsclockwise() , counter-clockwise() , down() ,
left() , right() , andup() changetheorientation.A branchingin designcon-
structionis achievedthroughtheuseof thecommands[ and] , which push(save)
andpop(restore)thecurrentstateontoastack.

Using the key: a = up, b = forward, c = down, andd = left; the above example
becomes,
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andcompilesinto thesequence:
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[ [ forward(6) ] left(1) [ forward(6) ] left(1) [ forward(6) ] left(1) [
forward(6)] left(1)] up(1)forward(3)down(1)[ [ forward(4.5)] left(1)
[ forward(4.5)] left(1) [ forward(4.5)] left(1) [ forward(4.5)] left(1) ]
up(1)forward(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)

Executingthis assemblyprocedureproducesthestructureshown in �gure 2.a.In-
terestingly, therulesof this designprogramencodefor a family of designsandby
usinga differentstartingcommanddifferentdesignscanbecreated.Thedesignin
�gure 2.b is createdby usingthestartingcommand

+

�,�Y`��

insteadof
+

�,��-.�

.

3 GENRE: An Evolutionary DesignSystem

To demonstratethe advantagesof generative representationswe useGENRE,an
evolutionarydesignsystemfor creatingdesigns(Hornby, 2003a).GENREconsists
of severaldesignconstructorsand�tness functions,thecompilerfor thegenerative
representationandanevolutionaryalgorithm(EA) for searchingthedesignspaces.
EAs arean optimizationtechniqueinspiredby naturalevolution (Mitchell, 1996;
Michalewicz, 2000)thathasbeenusedboth in engineeringdesignandalsoin the
creationof differenttypesof art. TheEA is themodulethatdrivesGENREandit
operatesby processinga populationof designs(membersof which arecalledindi-
viduals) encodedwith the generative representation.Searchis startedby creating
aninitial randompopulationof individualsandevaluatingeachof thesewith auser
de�ned �tness function, a mathematicalexpressionfor scoringthe goodnessof a
design.TheEA thencreatessuccessivenew populationsby selectingthebetterin-
dividualsof thecurrentpopulationandapplyingsmallamountsof variationto their
encodingto producenew individualsin a new population.

Thetwo variationoperatorsthatareusedto producenew individualsaremutation
andrecombination. Mutationcreatesa new individual by copying theparentindi-
vidualandmakingasmallchangeto it, suchasby replacingonecommandwith an-
other, perturbingtheparameterin a commandby adding/subtractinga smallvalue
to it, or adding/deletinga sequenceof commandsin a rule body. Recombination
takestwo individualsasparentsandcreatesa new individual by makinga copy of
the �rst parentandtheneitherexchanginga rule with the secondparent,or ran-
domly replacinga sequenceof commandsin onebody with a sequencefrom the
secondparent.

Designscanbeencodedwith eitherthegenerative representationdescribedin sec-
tion 2 or a non-generative representation.For designsencodedwith thegenerative
representationthedesignprogramis �rst compiledinto asequenceof construction
commandscalledanassemblyprocedure.Thisassemblyprocedureis thenexecuted
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by the designconstructorto producethe encodeddesign.For the non-generative
representationeachindividual in the populationis an assemblyprocedurewhich
speci�es how to constructthe design.We implementthis assemblyprocedureas
a degenerateversionof thegenerative representationwhich hasonly a singlerule
in which theconditionalwayssucceedsandthebodyconsistsonly of construction
commands.Implementingthenon-generativerepresentationin thesamewayasthe
generative representationallowsusto usethesameevolutionaryalgorithmandthe
samevariationoperatorswith theonly differencebetweenthetwo representations
is the ability to hierarchicallyreuseelementsof encodeddesigns.Oncea design
hasbeenconstructed,usingeitherthegenerative or non-generative representation,
it is evaluatedfor how goodit is with theuser-de�ned �tness function.

4 Evolution of Tables

The�rst designproblemweapplyGENREto is theevolutionof tables.The�tness
of a tableis a productof its height,surfacestructure,andstability, dividedby the
numberof excesscubesused.Theheightof a tableis theheightof thehighestcube
in the designand the valueof a table's surfacestructureis the numberof cubes
at this height.Stability is a function of the volumeof the tableand is calculated
by summingtheareaat eachlayerof the table.Sincemaximizingheight,surface
structureand stability typically result in table designsthat are solid volumes,a
measureof excesscubesis usedto reward designsthat usefewer bricks and its
valueis thenumberof cubesnoton thesurface.
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Fig. 3. Fitnesscomparisonbetweenthe non-generative andgenerative representationson
evolving tables.

To comparethe generative andnon-generative representationswe ran �fty trials
with eachrepresentationin agrid of 40

I

40
I

40cubes.For eachtrial theevolution-
aryalgorithmwascon�guredto runfor two thousandgenerationswith apopulation
of two hundredindividuals.Thegraphin �gure 3 containstheresultsof theseex-
periments.Evolution with thegenerative representationincreasedin �tness faster
thanwith thenon-generative representationandhada higher�nal average�tness
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(a) (b)

(c) (d)

(e) (f)

Fig. 4. Evolved tables:(a) thebesttableevolved usingthenon-generative representation;
(b) thebesttableevolvedusingthegenerativerepresentation;(c)-(f) areothertablesevolved
usingthegenerative representationwith variationsof theoriginal �tness function.

of approximately� ve hundredthousandversusa �nal averageof just undertwo
hundredthousandwith the non-generative representation.In addition,the greater
leveling off off the �tness curve with the non-generative representationsuggests
thatit doesnothandleincreaseddesigncomplexity aswell asthegenerativerepre-
sentation.

Imagesof tablesevolved with the two representationsshow the different styles
achievedwith them.Examplesof thebesttableevolvedwith eachrepresentation,
alongwith additionaltablesevolvedwith thegenerative representation,areshown
in �gure 4.Thenumberof partsin thesetablesrangefrom underathousandto 5921
for the table in �gure 4.d (createdwith a generative representation).In general,
tablesevolved with the non-generative representationare irregular andevolution
with this representationtendsto producedesignsin which tablesare supported
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Fig. 5. Performancecomparisonbetweenthenon-generative representationandthegener-
ative representationonevolving robots.

by only oneleg. The likely reasonfor this is that it is not possibleto changethe
lengthof multipletable-legssimultaneouslywith thenon-generativerepresentation,
so the bestdesigns(thosewith the highest�tness) had only one leg that raised
thesurfaceto themaximumheight.In contrast,tablesevolvedwith thegenerative
representationhavea reuseof partsandassembliesof partsandaresupportedwith
multiple-legs.

5 Evolution of Robots

The next classof designsubstrateson which the non-generative and generative
representationsare comparedis that of designingrobots in a simulated,three-
dimensionalenvironment.Robots(calledgenobotsfor onescreatedwith thegen-
erative representation)are constructedin a methodthat is similar to the that of
building tablesalthoughinsteadof working with cubesthe commandsin this de-
signsubstratespecifytheattachmentof rodsandactuatedjoints.In additionto con-
structingthemorphologyof a robot,thereareadditionalcommandswhich specify
thesoftwarefor controllingtherobot.Sincethegoal for this classof designsis to
producerobotsthatmovequickly, arobot's �tness is afunctionof how far it moved
its centerof mass.

Tentrials wereperformedwith eachrepresentationand�gure 5 containsa plot of
theaveragedbest�tness for thesetrials. After tengenerationsthegenerative rep-
resentationachieveda higheraveragethanrunswith thenon-generative represen-
tationdo after250generationsandthe �nal genobotsevolvedwith thegenerative
representationareon averagemorethanten timesfasterthanrobotsevolvedwith
thenon-generativerepresentation.

Figure6 showsthebestrobotevolvedwith eachrepresentation.Fromtheseimages
it canbeseenthattherobotevolvedwith thenon-generativerepresentationis more
irregular thangenobotsevolvedwith thegenerative representation.In addition,in
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(a) (b)

(c) (d)

Fig. 6. Evolvedrobots:(a) thebestrobotevolvedusingthenon-generative representation;
(b) the bestrobot evolved usingthe generative representation;and(c) and(d) areresults
from additionalrunsusingthegenerative representation.

somecasesgenobotsencodedwith thegenerative representationhave two or more
levelsof reusedassembliesof components.Additionalrunswith thenon-generative
representationfailed to yield any designsbetterthan the one alreadyshown. In
contrast,additionalrunswith the generative representationproduceda variety of
genobotswith differentstylesof locomotion,two of whichareshown in �gure 6.

6 Advantagesof a GenerativeRepresentation

Thecentralclaimof thispaperis thatusinggenerativerepresentationsimprovesthe
evolvability of designsby capturingdesigndependenciesandimproving theability
of the searchalgorithmto navigate throughlarge designspacesin a meaningful
way. This canbe intuitively understoodby looking at someexamplesof designs
evolvedwith a generativerepresentation.
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(a) Original. (b) Threecorners.

(c) Narrower. (d) Moresurfacecubes.

Fig. 7. Mutationsof a table.

Figure7 containsexamplesof differenttablesthat canbe producedwith a single
changeto an encodeddesign.The original table is shown in �gure 7.a and one
changeto its generativeencodingcanproduceatablewith: (b), threelegsinsteadof
four; (c),anarrowerframe;or (d),morecubesonthesurface.With anon-generative
representationthesechangeswould requirethe simultaneouschangeof multiple
symbolsin theencoding.Someof thesechangesmustbedonesimultaneouslyfor
theresultingdesignto beviable,suchaschangingtheheightof thetablelegs,and
so thesechangesarenot evolvablewith a non-generative representation.Others,
suchasthenumberof cubeson thesurface,areviablewith aseriesof single-voxel
changes.Yet, in thegeneralcasethis would resultin a signi�cantly slower search
speedin comparisonwith a single changeto a table encodedwith a generative
representation.

Thegraphsin �gure 8 arescatterplotsof thecommanddifferencebetweenaparent
andchild's assemblyproceduresagainsttheir changein �tness on the robot de-
signproblem.Thesegraphsshow thatasthesizeof changein theresultingdesign
increasesit is morelikely to beanimprovementon designsencodedwith a gener-
ative representationthanthoseencodedwith a non-generative representation.This
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Fig.8.Plotof amountof changein assemblyproceduresfrom parentto child versuschange
in �tness for trialsevolving robots.

meansthatsearchalgorithmsarebetterableto uselargemovementsin thedesign
spaceto navigatethroughthedesignspacewith thegenerative representation.

(a) Fitness:348. (b) Fitness:780.

(c) Fitness:1450. (d) Fitness:2192.

Fig. 9. Evolutionof a four-leggedwalkinggenobot.

Thattheevolutionarydesignsystemis takingadvantageof theability to make co-
ordinatedchangeswith a generative representationis demonstratedby individu-
als taken from differentgenerationsof the evolutionaryprocess.The sequenceof
imagesin �gure 9, which areof the bestindividual in the populationtaken from
differentgenerations,show two changesoccurring.First, the rectanglethat forms
thebodyof thegenobotgoesfrom two-by-two (�gure 9.a),to three-by-three(�g-
ure9.b),beforesettlingontwo-by-three(�gures 9.c-d).Thesechangesarepossible
with asinglechangeonagenerativerepresentationbut cannotbedonewith asingle
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(a) (b)

Fig. 10.Two tablesfrom a family of designs.

changeon a non-generative representation.Thesecondchangeis theevolution of
thegenobot's legs.Thatall four legsarethesamein all four imagesstronglysug-
geststhatthesamemodulein theencodingis beingusedto createthem.As with the
body, changingall four legssimultaneouslycanbedoneeasilywith thegenerative
representationby changingtheonemodulethatconstructsthem,but would require
simultaneouslymakingthesamechangeto all four occurrencesof theleg assembly
procedurein thenon-generative representation.

Oneotheradvantageof usinga generative representationis that by encodingan
objectthrougha setof reusablerulesfor constructingit, it is possibleto encodea
classof designs.Theexampleencodingof section2 canproducea family of tree-
like structuresby changingthe argumentto the startingcommand.By evaluating
anindividualwith differentparametersto its startingcommandfamiliesof designs
canbeevolved,suchasthetablesin �gure 10 (Hornby, 2003b).

7 Conclusion

Thepurposeof thiswork hasbeentoarguethatfor computer-automateddesignsys-
temsto scalein complexity they mustusegenerative representations:representa-
tionswhichallow for thehierarchicalconstructionof reusableorganizationalunits.
TosupportthisclaimwedescribedagenerativerepresentationandGENRE,anevo-
lutionary designsystemfor evolving differentclassesof designs.Using GENRE
weshowedthatevolutionwith agenerativerepresentationproducestableandrobot
designswith a higher �tness thanwith a non-generative representation.This �t-
nessadvantageis a resultof the generative representationcapturingsomedesign
dependenciesthroughreuseandbecausetheability to manipulatethereusableor-
ganizationalunitsof agenerativerepresentationbetterenablesthesearchalgorithm
to navigatethroughthedesignspace.

Thedesignsthatwe canachieve arelimited only by our imaginationandthetools
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with which we work. Similarly, thedesignsthatcomputer-automateddesignsoft-
warecanachieve arelimited only by therepresentationswith which they operate.
The generative representationdescribedin this paperis just oneway of allowing
organizationalunits to bereusedin a design.Therearemany alternatives,suchas
variationsof cellularautomata,modelsof developmentalbiology, aswell asactual
computerprograms,eachwith its own strengthsandweaknesses.For now it is pre-
matureto saywhich directionis best,but asrepresentationsbecomeincreasingly
morepowerful in hierarchicallyencodingorganizationalunitssotoowill computer-
automateddesignsystemsimprove in their ability to produceever morecomplex
andinterestingdesigns.
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