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Abstract- One of the applications of evolutionary algo-
rithms is the automatic creation of designs. For evolu-
tionary techniquesto scaleto the complexitiesnecessary
for actual engineeringproblems, it has beenargued that
generative systems,where the genotypeis an algorithm
for constructing the final design,shouldbe usedasthe en-
coding. Wedescribea systemfor creatinggenerativespec-
ifications by combining Lindenmayer systemswith evolu-
tionary algorithms and apply it to the problem of generat-
ing table designs.Designsevolved by our systemreachan
order of magnitude more parts than previous generative
systems. Comparing it against a non-generative encod-
ing we find that the generative systemproducesdesigns
with higher fithessand is faster than the non-generative
system.Finally, we demonstratethe ability of our system
to go from designto manufacture by constructing evolved
table designsusing rapid prototyping equipment.

1 Intr oduction

Evolutionary algorithms (EAs) have beensuccessfullyap-
plied to a variety of designproblems|1, 2, 3], but it has
yetto be shavn thatevolutionarytechniguesanscaleto the
compleities necessarfor typical designprojects.Pastwork
hastypically useda direct encodingof the solution, either
by parameterizinghe searchspace[l] or througha com-
ponentbasedrepresentatiomf the solution[4, 5, 6]. It has
beenarmguedthat a generatie encodingscheme,an encod-
ing thatspecifieshow to constructhe phenotypecanachiere
greaterscalabilitythroughself-similarandhierarchicaktruc-
ture[7, 8]. In addition,by re-usingpartsof the genotypen
thecreationof the phenotypeageneratre encodings amore
compactencodingof a solution. Someexamplesof genera-
tive systemsarecellularautomataulesto produce2D shapes
[9], context rulesto produce2D tiles[10], graphencodingor
3D animatedcreatureg§11], andcellular encodingfor artifi-
cial neuralnetworks[12].

Herewe useLindenmayersystemgL-systems)asa gen-
eratve encodingfor an EA. L-systemsare a grammatical
rewriting systemintroducedto model the biological devel-
opmentof multicellularorganismg13]. Rulesareappliedin
parallelto all characterin thestringjustascell divisionshap-
penin parallelin multicellular organisms.Complex objects
arecreatedy successiely replacingpartsof a simpleobject
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by usingthe setof rewriting rules.L-systemshave beenused
mainly to constructplants[14]. However, it is difficult to
hand-malk anL-systemto producea desiredform. Previous
work combining L-systemswith EAs hasbeento generate
plant-like structureq14, 15, 16, 17] and architecturalfloor
designg18] — but only limited resultshave beenachiered.

Our work evolving L-systemsusesparametric,context-
free L-systems(POL-systems)a more powerful classof L-
systemsthan hasbeenpreviously evolved. Using this sys-
temwe definea component-baseldnguageor constructing
objectsmadeof voxels and definea fithessfunction for ta-
ble designdor whichwe evolve tabledesignswith thousands
of voxels. We comparethe generatie encodingto a non-
generatie encodingandfind thatbetterdesignsevolve faster
with the L-systemasa generatre encodingandthe designs
have more comple regularitiesthan do tablescreatedwith
thenon-generatierepresentatiorEvolvedtablesarethenau-
tomaticallymanugcturedusingrapidprototypingequipment.

In the following sectionwe outline the designspaceand
describehecomponentsf ourgeneratie designsystemWe
thengive examplesf tablesevolvedwith thedifferentencod-
ing schemesnddiscusgheresults.

2 Method

The systemfor creatinggeneratie designsconsistsof the
designbuilder and evaluator the L-systemmodule and the
evolutionaryalgorithm. L-systemsare evolved by the evolu-
tionary algorithmwith individual L-systemsscoredfor their
goodnessy thedesignbuilder andsimulator Theendresult
of our systemare3D staticstructuresin this papemwe evolve
tables.

2.1 DesignBuilder and Evaluator

The designconstructorbuilds a model from a sequencef
build commandsOncebuilt, amodelis simulatedandevalu-
ated.Commandsrelistedin table1.

Thecommandstring consistof a sequencef build com-
mandsthat give instructionsto a LOGO-styleturtle that is
usedto constructan object out of voxels. The 3D ma-
trix of voxels starts out empty and voxels are filled as
the turtle entersthem. [ and] push and pop the cur
rent state— consistingof the currentand orientation— to
and from a stack. Forward moves the turtle forward in



Tablel: DesignLanguage

| Command | Description | Symbol]

[1 push/poporientationto stack | [ ]

{ block }(n) | repeat enclosed block n | {}
times

forwardn) | move in the turtle’s positive | f
X directionn units

backward(n) | move in theturtle’s negative | b
X directionn units

up(n) rotateheadingn x 90° about | A
theturtle’'s Z axis

down(n) rotate headingn x —90° | v
abouttheturtle’s Z axis

left(n) rotateheadingn x 90° about| <
theturtle’sY axis

right(n) rotate headingn x —90° | >
abouttheturtle’s Y axis

clockwisgn)| rotateheading: x 90° about | /
theturtle’s X axis

counter rotate heading n x —90° | \

clockwisgn) | abouttheturtle’s X axis

the currentdirection and backwards moves the turtle back
one space,both place a block in the spaceif none exists.
Turn left/right/'up/davn/clockwise/counteclockwise rotate
theturtle’s headingaboutthe appropriateaxisin unitsof 90°.

Commandsequenceenclosedy { } arerepeatech number
of timesspecifiedby the braclets’ argument.

(@) (b)

Figurel: Two examplestructures.

For example the string,

[ {[ forward(6)] left(1) }(4) ] up(1)forward(3) down(1)[
{ [ forward(4.5)] left(1) }(4) ] up(1) forward(3) down(1)[
{ [ forward(3)] left(1) }(4) ] up(1)forward(3) down(1)for-
ward(3)

is interpretedas:

[ [ 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)
andproducegshestructurein figurel.a.

As the constructionlanguageonly allows voxels to be
placednext to existing voxels, evolved designsare guaran-
teedto generatea single, connectedstructure. The design
simulatorthen determineghe stability of the object. Once
anL-systemspecificatioris executed andthe stability of the
objectis determinedtheresultingstructurds evaluatedusing
thefitnessfunctiondescribedn section3.

2.2 Parametric OL-Systems

The classof L-systemsusedasthe encodingis a parametric,
contet-free L-system (POL-system). Formally, a POL-
systemis definedasanorderedquadrupletG = (V, ¥, w, P)
where,

V is thealphabebf the system,

¥ is the setof formal parameters,

w € (V x ®*)* isanonemptyparametriovord called

theaxiom,and

PC (VxE*)xC(Z) x (V x£&(X))* is afinite setof

productions.
The symbols: and— areusedto separatehe threecompo-
nentsof a production:the predecessothe conditionandthe
successoiFor example,a productionwith predecessoi(no,
nl),conditionn1>5andsuccessoB(n1+1)cD(n1+0.5n0-2)
is written as:

A(n0,nl):nl >5— B(nl+1)eD(nl1+0.5,n0—2)

A productionmatchesa modulein a parametriovord iff the
letter in the moduleandthe letter in the productionprede-
cessorare the same the numberof actualparametersn the
moduleis equalto the numberof formal parametersn the
productionpredecessorand the condition evaluatesto true
if the actualparametewnaluesare substitutedor the formal
parameterin the production.

For implementationreasonswe add constraintsto our
POL-system. The condition is restrictedto be compar
isons as to whether a production parameteris greater
than a constantvalue. Parametersto design commands
are either a constantvalue or a production parameter
Parametersto productions are equations of the form:
[ production parameter | constant | [ + | — | X
| \ ] [ production parameter | constant ]. The following
is a POL-systemusing the languagedefinedin table 1 and
consistsof two productionswith eachproductioncontaining
onecondition-successqrair;

P0O(n0) :

n0>1.0 - [P1l(n0x1.5)]up(l) forward(3)
down(1) PO(n0 — 1)

P1(n0) :

n0 > 1.0 = {[ forward(n0)]left(1) }(4)



Startingthis POL-systenwith PO(4),produceghefollow-
ing sequencef strings,

PO(4)
[ P1(6)] up(1)forward(3) down(1)PO(3)

[ {[ forward(6)] left(1) }(4)] up(1)forward(3) down(1)[
P1(4.5)] up(1)forward(3) down(1)P0O(2)

[ {[ forward(6)] left(1) }(4)] up(1)forward(3) down(1)[
{ [ forward(4.5)] left(1) }(4) ] up(1) forward(3) down(1)[
P1(3)] up(1)forward(3) down(1)PO(1)

[ {[ forward(6)] left(1) }(4)] up(1)forward(3) down(1)[ {
[ forward(4.5)] left(1) }(4) ] up(1)forward(3) down(1)[ { [
forward(3)] left(1) }(4)] up(1)forward(3) down(1)

The last string of commandsproducesthe tree in fig-
ure 1.a. Treesof arbitrarysizecanbe createdby startingthe
productionsystemwith a differentargument- thetreein fig-
urel.bis createdrom this systemby startingit with PO(6).

2.3 Evolutionary Algorithm

An evolutionary algorithm is usedto evolve individual L-
systems. The initial populationof L-systemsis createdat
randomand then evolution then proceeddy iteratively se-
lecting a collection of individualswith high fithessfor par
entsandusingthemto createa new populationof individual
L-systemsthroughmutationandrecombination.In addition
to the L-system,eachindividual also containsvaluesfor the
initial calling parametersf the first productionrule andthe
maximumnumberof iterationupdatedo be performed.We
now describenow theinitial populationof L-systemsaregen-
eratedandthenhow variationis appliedto them.

2.4 Initialization

L-systemshave a predetermineciumberof productionrules
with afixed numberof argumentsandproductionbodies. A
new L-systemis createdoy generatingarandomstringof 3to
8 build commanddor eachproductionbody- for trials using
asinglecommandstringthis 4 to 104commands- in blocks
of 1 to 3 commands.Eachaddedblock canbe enclosedoy
push/porbraclets| a(1)], block-repetitiorparenthesig b(1)
c(2) }(3), or notatall d(1) e(2)f(3).

2.5 Mutation

Mutation createsa new individual by copying the parentin-
dividual andmakinga smallchangeto it. Firsta production
rule is selectedat randomfrom one of the usedproduction
rules and then this rule is changedin someway. Changes
thatcanoccurare:replacingpnecommandvith anotherper
turbingthe parameteto a commandoy adding/subtracting

small valueto it; changingthe parameteequationto a pro-
duction; adding/deletinga sequencef commandsn a suc-
cessor;changingthe condition equation;or encapsulating:
block of commandsandturningit into a, previously unused,
productionrule.

For example,if the productionP0 is selectedto be mu-
tated,

P0O(n0,nl): n0>5.0—= {a(1.0) b(2.0) }(nl)

n0 > 2.0 = [ P1(nl — 1.0,n0/2.0) ]

someof the possiblemutationsare,
Mutatethe condition:

P0O(n0,nl): n0>5.0 - {a(1.0) b(2.0) }(nl)
n0 > 2.0 = [ P1(nl1 —1.0,1n0/2.0) ]
Mutateanargument:
PO(n0,nl) : n0>5.0— {a(1.0) b(2.0) }(nl)
n0 > 2.0 —» [ P1(n1 — 2.0,10/2.0) ]
Mutatea symbol:
P0O(n0,nl): n0>5.0— {c(1.0) b(2.0) }(nl)

n0 > 2.0 = [ P1(nl1 — 1.0,10/2.0) ]
Deleterandomcharacter(s):

PO(n0,n1): n0>5.0— {a(1.0) }(nl)

n0 > 2.0 = [ P1(nl1 —1.0,n0/2.0) ]
Insertarandomsequencef character(s):

PO(n0,nl) : n0>5.0— {a(1.0) b(2.0) }(nl) c(3.0)

n0 > 2.0 — [ P1(nl — 1.0,n0/2.0) |

Encapsulat@ block of characters:

P0O(n0,nl): n0>5.0—> {P2(n0,nl) }(nl)
n0 > 2.0 — [ P1(nl — 1.0,70/2.0) ]
P2(n0,n1): n0 > 5.0 — a(1.0) b(2.0)

n0 > 2.0 — a(1.0) b(2.0)

2.6 Recombination

Recombinatiortakestwo individuals, p1 andp2, asparents
andcreateonechild individual, ¢, by makingit a copy of p1
andtheninsertinga small partof p2 into it. Thisis doneby
replacingonesuccessoof ¢ with asuccessoof p2, inserting
a sub-sequencef commandgrom a successomn p2 into c,
or replacinga sub-sequencef commandsn a successoof ¢
with a sub-sequencef commandg$rom a successoin p2.
For exampleif parentl hasthefollowing rule,

P3(n0,n1): n0 > 5.0 = { a(1.0) b(2.0) }(n1)

n0 > 2.0 = [ P1(nl1 — 1.0,10/2.0) |
andparent2 hasthefollowing rule,

P3(n0,nl): nl> 3.0 b(3.0)a(2.0)

n0 > 1.0 » P1(nl — 1.0,n1 — 2.0)



Thensomeof the possibleresultsof a recombinatioron suc-
cessoiP3are:
Replaceanentirecondition-successaqrair:

P3(n0,nl1) : nl > 3.0 — b(3.0)a(2.0)

n0 > 2.0 — [ P1(nl — 1.0,n0/2.0) ]

Replacgustasuccessor:
P3(n0,n1): n0 > 5.0— {a(1.0) b(2.0) }(nl)
n0 > 2.0 » P1(nl —1.0,nl1 — 2.0)

Replaceoneblock with another:
P3(n0,nl) : n0>5.0— {a(1.0) b(2.0) }(nl)
n0 > 2.0 — [b(3.0) a(2.0) ]

3 Experiments and Results

In this sectionwe presenthe resultsof evolving tableswith

the non-generatie encoding,andthe POL-systemas a gen-
eratve encoding. All trials arerun for a maximumof 1000
generationaising an evolutionary algorithm with 100 indi-

viduals. The best2 individualsof onegeneratiorare copied
to the next (an elitism of 2) and remainingindividuals are
createdvith anequalprobabilityof usingmutationor recom-
bination. The grid size for evolved tablesis 40 wide x 40
deepx 40 high — exceptfor thethe grid usedfor tablesthat
were manufctured which usea grid of 50 wide x 20 deep
x 20 high.
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Figure 2. Performancecomparison between the non-

generatie encodingand the POL-systemgeneratie encod-
ing.

The fitnessof a tableis a function of its height, surface
structure stability andnumberof excessvoxelsused.Height
is the numberof voxels above the ground. Surfacestructure
is the numberof voxels at the maximumheight. Stability
is a function of the volume of the tableandis calculatedby
summingthe areaat eachlayer of the table, exceptfor the

surface. Maximizing height, surface structureand stability
typically resultin tabledesignshataresolid volumes thusa
measureof excessvoxelsis usedto reward designsthat use
fewer bricks.

Sheight the heightof the highestvoxel, Y, z.
fsurface = thenumberof voxelsatY;, ;.
Ymaz—1
fstability = Z farea (y)
y=0
farea(y) = areain thecorvex hull atheighty.
fezcess = numberof voxelsnotonthesurface.

For theseexperimentsve combinethesemeasureito a sin-
glefunction?,

fitness= fheight X fsurface X fstability/fez‘cess (1)
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Figure3: Tablesevolvedusinga non-generatie encoding.

1A moreappropriatenethodof evolving againsthesecriteriamaybeto
usea multi-objectve approact19].
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Figure4: Tablesevolved usingthe POL-systenasa genera-
tive encoding.

To determindf generatie encodingsarebetterthannon-
generatie encodingswe ran two setsof experimentsusing
equationl for the fitnessfunction. For a non-generatie en-
coding, the commandlanguagelisted in table 1 was used
without the block replicationoperator Eachindividual con-
sistedof a single sequenceof a maximumof 20000 com-
mands.For the generatie encodingwe usedthe POL-system
describedin section2.2 with 20 productionrules, a maxi-
mumof 3 condition-successqrairsandproductionruleshad
2 parameterandthe commandanguageof tablel. Bothen-

codingsusedthe samemutationandrecombinatioroperators.
Thegraphin figure2 plotstheaverage maximumfitnessover
100trials for thetwo differentencodingsandshaws thatthe
averagefitnessusingthe POL-systenasa generatie encod-
ing is significantlybetterthanthe non-generatie encoding.

Differentweightingsandvariationsof the component®f
thefitnessfunctionweretried but in all caseghe generatie
encodingproducedbettertablesthanthe non-generatie en-
coding. Tabledesigngfor both systemgendedto have from
1500to 2500voxels, the largestis shown in figure 4.aand
consistsof 5921 voxels. Examplesof high-fitnessdesigns
evolved with the non-generatie encodingare showvn in fig-
ure 3. On evolutionary runswith this systemover half the
trials corvergedto poorstructuresandno run producedstruc-
tureswith comple regularities. Tablesavolvedusingthegen-
eratve encodingencodingareshownn in figure 4 andfigure6.
Mosttrials convergedto goodstructuresandeventhosewith
low fitnesshadregularities.
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Figure 5: Tablesevolved using: a, a non-L-systemgener
ative encodingwith block replication; andb, a POL-system
encodingwithout block replication.

The differencebetweenthe non-generatie encodingand
the generatie, POL-systemencodingare block replication
and parametricproductionrules. Using only one of block
replicationor parametrigoroductionrulestherearetwo vari-
ants of the generatre encoding,with which we performed
a small numberof evolutionaryruns. The first variantcon-
sistedof removing productionrulesfrom the generatie sys-
temandleaving block replication.Also, the singlecommand
sequencef thisencodingvasallowedto grow to 20000com-
mands.Thissystemwasnotasgoodastheoriginalgeneratie
encodingwith productionrules,but it producecdbettertables
thandid the non-generatie encoding. The othervariantwe
tried wasthe POL-systenwithoutblock replication.Thissys-
temalsoperformedworsethanthe original POL-systenwith
block-replicatiorbut betterthanthenon-generatieencoding.
Both variantsproducedableswith regularities,althoughthe
secondrariantdid notnecessarihave thesequentiateplica-
tionsof structureasdid thefirst variant,andbothareimprove-
mentsover the non-generatie encoding.Figure5 containsa
tableevolvedwith bothalternatve,generatie encodings.

Automated manuficture of evolved table designs is
achievedby useof rapid-prototypingequipmentDesignghat
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Figure6: Manufacturetablesshovn bothin simulation(left)
andreality (right).

are generatedy the evolutionary systemare saved to a file
formatdescribingtheir shape Tablesarethenconstructedy
printing themon a 3D printer, shavn in figure 6.

4 Discussion

Regardlessof how it is achieved, a generatte encoding
shouldincorporatea biastowardsre-usednodules.Re-using
codeto re-usepartsin theactualdesignmakescertaintypesof
designchange®asier For example,if atableis createdrom
modulesthenchangingthe length of eachtable-ley requires
only one changein the leg-building module. A direct en-
codingschemewould requirethis changeto be madeat each
occurrencef atable-lgyin thegenotype As designdbecome
morecomple, thelikelihoodof the samechangehappening
simultaneouslyo all usesof a partbecomesncreasinglyun-
likely in adirectencodingbut doesnotchangan amodulary
generatie encoding.

The following is the generatie encodingfor the tablein
figure4.d, andhasa genotypicstructurethatis relatedto the
structureof thetable,

PO:
(n1>3.0) P11(n0/4.0,n0=2.0) v(1.0)
{P17(n1=3.0,n1/2.0) P18(n1+n0,n0+n1)
P3(n1=1.0,n1-n0) }4.0)

P2:

(n0>0.0) [<(4.0)  P12(n1=3.0,n0=4.0) ]

P3:

(n1>2.0) P16(n1=4.0,n0-n1) P16(n1=4.0,n0-n1)
P16(n1=4.0,n0-2.0) P16(n1=4.0,n0-n1)

P6:

(n1>1.0) [b(5.0) <(1.0) b(5.0) v(1.0) "(1.0)
b(5.0) b(5.0) b(5.0) ]

(n0>1.0) [b(5.0) "(1.0) b(n0) <(1.0) b(n0)
v(5.0) 7(1.0) Db(5.0) <(n1) b(5.0)
v(1.0) ]

P7:

(n0>-1.0) [/(1.0) /(1.0) <(1.0) /(1.0) /(5.0
>(1.0) /(1.0) 1 v(1.0)

P8:

(n0>0.0) :- P8(n0/4.0,n1+1.0) [b(4.0)  b(4.0)
P8(n1-2.0,n0-5.0) ]

(n1>-2.0) - [P8(n0/4.0,n1+1.0) b(5.0)
P8(n1-5.0,n0-5.0) b(4.0) b(4.0)
b(4.0) P6(n1-n0,n0+nl) ]

P9:

(n1>3.0) P7(3.0-3.0,n0+n1) 1(1.0)
P8(n1-n0,n1+1.0)

P11:

(n1>-10.0) >(1.0)

P12:

(n1>0.0) \(4.0)

P14:

(n0>10.0) P2(n1/3.0,n1+n0) P9(n0=n1,n0/n1)

P16:

(n1>22.0)

(n1>5.0)

(n1>0.0) [P19(n0/2.0,n1-n0) b(1.0) f(3.0) ]
/(2.0)  P3(n0=5.0,n1-5.0)

P17:

(n1>3.0) “(n1) b(2.0) b(4.0) b(n0) b(3.0)
b(3.0) b(5.0)

P18:

(n1>3.0) b(nl) P14(n1-3.0,n1=3.0) <(1.0)

<(1.0) >(1.0) >(1.0)

This L-systemis startedwith the commandP0(4.0, 10.0)
andgoesthroughl7iterationsof parallelreplacement struc-
turescreatedby someof theseintermediatestagesareshovn
in figure 7. Thefirst iterationproduceghestring, P11(1,2)
v(1) {P17(3,5)P18(14,14)P3(1,6) }(4), which usesblock
replicationto encodethat the table hasfour legs— reducing
the block-replicationparameteto 3 resultsin a 3-leggedta-
ble. Within this block, theproductionsP1 , P1 andP3 are
called once, andthis is the only time they are called. The
structureof thebases encodedn productionsP1 andP1 .
Reducingthe numberof voxels createdrom its backward()
command,b(), in theseproductionsreducesthe width and
depthof the table. P3 calls P1 , but all of P1 ’s condi-
tionsfail, andthis sequencef productiongroduceso build
commandsFrom P1 therearecallsto P14 thenP9 — P14
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Figure7: Growth of atable.

alsocalls P2 whichthencalls P12, but noneof theseproduc-
tions producebricks. P9 changeghe directionof theturtle
to build the tablelegs with the help of P , andthenthe ta-
ble legs andsurfaceareencodedn productionsP andP ,
which constructhelegsandsurfacethroughrepeateaallsto
eachother In bothP andP theparameteraluesareused
to selectwhich productionbodyto use.Theheightof thelegs
is encodedn thefirst successgifor which the conditionsuc-
ceedswhen P is initially calledandthenfor the first time
it callsitself. In latercallsto P thefirst conditionfails and
thesecondconditionsucceedsesultingin thefirst call to P
andthis begins the sequencef commanddor constructing
the table’s surface. Later evolution changedhe production
rulesP andP to,

P6:

(n1>1.0) [b(5.0) “(5.0) b(n0) <(1.0) b(5.0)
b(5.0) b(5.0) b4.0) ]

(n0>2.0) [b(5.0) °(5.0) b(n0) b(5.0) <(1.0)
v(5.0) 7(5.0) b(5.0) b(5.0) Db(5.0)
b(4.0)

(n1>0.0) [b(5.0) “(56.0) <(2.0) b(nO) b(5.0)
v(5.0) “(1.0) b(5.0) b(5.0) Db(5.0)
b(4.0) 1]

P8:

(n0>0.0) P8(n0/5.0,n1+1.0) [b(4.0) b(4.0)
P8(n1-2.0,n0-5.0) ]

(n1>-2.0) [P8(n0/4.0,n1+1.0) b(5.0) b(4.0)
P8(2.0-5.0,3.0-5.0) b(4.0) b(5.0)
P6(n1-n0,n0+n1) ]

(n0>-1.0) \(1.0) v(3.0)  v(n0)

with the resultingtable shovn in figure 4.e. By count-
ing eachproductionheadas1 charactereachconditionas2
characterandl for eachcharactein theproductionbodythe
specificatioengthof theencodingfor thetablein figure4.d
is 123 charactersaand encodesnto a commandsequencef

5574commands- a compressiorfactorof over 45— to pro-
duceatableof 1280voxels.

Block replication and productionrules with parameters
differentiatethis work from previous work in evolving L-
systemd15, 20, 17, 18]. Both block replicationandproduc-
tion rules are similar to featuresof pastwork in evolution-
ary designandboth have analoguesn computerlanguages.
Block replicationis similar to for-ne t loopsin computer
programsand is almostidentical to the multiple re-writing
of the recurrentsymbol (using the life register) of cellular
encoding21] andtherecursve-limit parametein graphen-
coding[22]. Productiorrulesarelik e subroutinecallsin pro-
gramminglanguagesndaresimilar to the automaticallyde-
fined sub networks (ADSNSs) of cellular encodingand auto-
matically definedfunctions(ADFs) of geneticprogramming
[23]. With analogueso loopsandparameterizedubroutines,
evolution of generatie encodingdbecomedik e the evolution
of acomputerprogram,asin geneticprogramming23].

A beautyof L-systemsasageneratie encodings thatit is
ageneralgeneratie encodingsystem.By changingthelan-
guageof terminalsdifferentstructurecanbegeneratedsuch
asplants[14], artificial neuralnetworks[24], andlocomoting
creatureg25, 26].

5 Conclusion

A systemfor automaticallyproducinggeneratie designsys-
temswith regularstructurewasachiezedby usingparametric
Lindenmayersystemsasthe generatre encodingfor anevo-
lutionary algorithm. To compareperformancebetweenthe
generatre encodingand a non-generatie encodingwe de-
finedavoxel-basedanguagdor building structuresandafit-
nessfunctionfor evaluatingtabledesignsconstructedy this
language Usingthis systemtableswith thousandsf voxels
wereevolved,anorderof magnitudemorepartsthanprevious
generatre systemd9, 10]. Evolution usingthe L-systemas
ageneratie encodingwasbothmoreconsistenat producing
goodtabledesignsandproducedbetterresultsfasterthanthe
non-generatie,component-baseencoding.
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