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Abstract

The centralissueaddressedby this work is the ability to automatically
designrobotswith complex morphologiesandatightly adaptedtontrolsys-
temat low cost. Inspiredby nature,automaticdesignis achiezed by using
an artificial co-evolutionary procesgo discover the body andbrain of arti-
ficial life formssimultaneouslyhroughinteractionwith a simulatedreality.
Throughtheuseof rapid manuacturing,theseavolved designsanbetrans-
ferredfrom virtual to truereality. Theartificial evolution processembedded
in realistic physicalsimulationcan createsimple designs,often recogniz-
ablefrom the history of biology or engineeringThis paperprovidesa brief
review of three generationf theserobots, from automaticallydesigned
LEGO structuresthroughthe "GOLEM" projectof electromechanicalys-
tems,to nev modulardesignswhich make useof a generatre, DNA-lik e,
representation.



1 Introduction

Traditionally, robotsare designedon a hardware first, software last basis: me-
chanicalandelectricalengineerslesigncomplex articulatedoodieswith state-of-
the-artsensorsactuatorandmultiple degreesof freedom;the next taskis simply
to “write the software”. But peoplehave drasticallyunderestimatethe difficulty

in writing controlsoftwareandthis, in additionto the high costsof designingand
building the hardware,hasled their developmento a stasid1]. Moderncommer

cial robotsperformonly simple and highly repetitve manufcturingtaskswith

very little decision,if ary, by the on-boardsoftware[2]. The centralissuead-
dressedy ourwork is the ability to designrobotsof morecomple structureand
moreon-boardintelligenceat a lower cost. We suggesthatthis canbe achiered
only whenrobotdesignandconstructiorarefully automatic.

In nature,the softwarewe aretalking aboutis the processf evolution. The
body and brain of a creatureare tightly coupled,the fruit of a long seriesof
small mutual adaptations- like the chicken and the egg, neither one was de-
signedfirst. Thereis never a situationin which the hardware hasno software,
or wherea growth or mutation,beyondthe adaptve ability of the brain, survives.
Autonomousrobots, like living creaturesyequirea highly sophisticateccorre-
spondencéetweerbrain,bodyandernvironment.Usingnaturalsystemsasinspi-
ration,we useevolutionaryalgorithmsandLindenmayesystemgL-systems] 3]
to co-evolve boththe brainandthe body, simultaneouslyandcontinuouslyfrom

a simple controllablemechanismnto one of sufficient compleity for a particular



specializedask; and, createa representatioschemethat allows for the hierar
chical constructionof more complex componentgrom previously definedones
for the evolution of modulardesigns.Although we werenot the first to propose
brain/bodycoerolution [4—6], we arethefirst to have gonefrom computersimu-
lation to reality.

Theresultsof ourwork arepredictive of afuturein whichhumansareengaged
in more complex and artistic forms of creatvity, while the lower level details
of designand interactionsbetweencomponentsare managedy computers.In
this paper we begin to seethat computersoftware, properly situated,cancreate
functional forms, and further, that there are representationalechniqueswhich
enablethesesystemdo begin to scaleto morecomplex formsin which evolved
componentsare replicatedand reusedin hierarchicalpatterns[7, 8]. We have
beenworking for sometime on refining our understandingf the dynamicsof
coevolutionarylearning,which, if successfulgcouldleadto moreproductve self-
organizationof complex andartificially engineeredystemg9,10]. Evenso,there
remainsartistic choicesin the constructionmedia,the designof fitnesscriteria,

andtheselectionof evolveddesigngo betranslatednto therealworld.

2 Evolution algorithms

Evolutionaryalgorithms(EAS), atechniquanspiredby biologicalevolution[11],
have beenusedto generatecomputerimages[12], shapesand objects[13, 14],

creaturecontrollers[15—17]andcreaturemorphologieg18]. An evolutionaryal-



gorithm works by keepinga populationof candidatesolutions,andrefining the
populationwith respecto a given"fitnessfunction," which canprovide anabso-
lute measuremertf the quality of any candidate . Throughsuccessie iterations,
the EA replacespoor quality membersof the populationwith individuals gen-
eratedby applyingvariationto higher quality membersof the population. The
fitnessfunctionis anautomatiovay for theresearcheor designeto specifytheir
goals.

Oneform of evolutionaryalgorithmsis coevolution, in which a populationis
notranked by an absolutefitnessfunction, but usinga relatve measuresuchasa
comparisorbetweendifferentcandidatesCoerolution, whensuccessfulgdynam-
ically createsa seriesof learningernvironmentseachslightly morecomplex than
thelast,anda seriesof learnerswhich aretunedto adaptin thoseervironments.
Sims’ work [19] on body-braincoevolution, andthe morerecentFramstickssim-
ulator [20], demonstratedhat the neuralcontrollersand simulatedbodiescould
be coevolved. The goal of our researchn coevolutionaryroboticsis to replicate
andextendresultsfrom virtual simulationslik e theseto the reality of computer
designedand constructedspecial-purposenachineshat can adaptto real ervi-
ronments.

We are working on coevolutionary algorithmsto develop control programs
operatingrealisticphysicaldevice simulators both commercial-ofthe-shelfand
our own customsimulators,wherewe finish the evolution inside real embodied
robots. We are ultimately interestedn obtainingelectro-mechanicadtructures

that have complex morphologyand place more degreesof freedomundercon-



trol than anything that hasever beenmanuallydesigned. We also expectthese
machineswill have low enoughengineeringcosts,becausehey employ minimal
humandesignlabor, to be producedn smallquantity

It is not feasiblethat controllersfor completestructurescould be evolved (in
simulationor otherwise)without first evolving controllersfor simplerconstruc-
tions. Comparedo thetraditionalform of evolutionaryrobotics[21—-25],in which
controllersareseriallydowvnloadednto a givenpieceof hardware,it is relatively
easyto explore the spaceof body constructionsn simulation. Realisticsimula-
tion is alsocrucial for providing a rich andnonlinearuniverse. However, while
simulationcreateghe ability to explore the spaceof constructiondar fasterthan
real-world building and evaluationcould, thereremainsthe problemof transfer
to real constructionsndscalingto the high complexities usedfor real-world de-

signs.

3 Resaults

The fundamentamethodof our work is evolution inside simulation,but in sim-
ulationsmore and more realistic so that the resultingblueprintsare not simply
visually believable,asin Sims’work, but alsobuildable,eithermanuallyor auto-
matically. Our first resultsinvolved automaticallycreatingstructurewith alarge
numberof partsthatcouldbetransferredrom simulationto therealworld. In the
secondgeneratiorwe evolvedautomaticallybuildabledynamicmachineghatare

nearlyautonomousn boththeir designandmanufcture usingrapid prototyping



technology Thethird generatiorbeginsto addresscaling,by handlingcomplec
structureghroughmodularity Evenwith thesethreedemonstrationsye feel the
work is at a very early stage with majorissuesonly beginningto be addressed,
suchastheintegrationof sensorsandautomatinghe feedbackirom “li ve” inter-

actions.

3.1 Generation 1. Legobots

Ourfirst steptowardsfully evolvedcreaturesvasevolving static,LEGOstructures
in simulationthat could then be built in reality. A simulatorfor evolving such

structuresneeddo satisfythe following constraints:
e Representation— it shouldcoverauniversalspaceof mechanisms.

e Consenrative — becausesimulationis never perfect,it shouldpresere a

maigin of safety

e Efficient— it shouldbe quickerto testin simulationthanthroughphysical

productionandtest.

e Buildable— resultsshouldbecorvertiblefrom asimulationto arealobject.

The simulatorwe constructecconsiderghe union betweentwo bricks asarigid
joint betweenthe centersof massof eachone, locatedat the centerof the ac-
tual areaof contactbetweenthem. This joint hasa measurabléorquecapacity:
morethana certainamountof force appliedat a certaindistancefrom the joint

will breakthetwo bricks apart. The fundamentahssumptiorof our modelis the
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idealizationof the union of two LEGO bricks as a rotationaljoint with limited
capacity

Using this simulator in conjunctionwith a simple evolutionary algorithm,
we evolved complex LEGO structures,which were then manually constructed
[26-28]. Our systemreliably builds structureghat meetfitnessgoals,exploiting
physical propertiesimplicit in the simulation. Building the resultsof the evo-
lutionary simulation (by hand)demonstratedhe power and possibility of fully
automatediesign:the long bridge of figure 1 shawvs thatour simple systemdis-
coveredthe cantilever, while the weight-carryingcraneshows it discoseredthe

basictriangularsupport.

3.2 Generation 2: Genetically Organized Lifelike Electrome-
chanics (GOLEM)

The LEGO machineswith computergeneratedlueprintsand manualconstruc-
tion, demonstratedhat the interactionbetweensimulatedphysicsand evolution
leadsto a primitive form of discovery which canbe transferrednto reality. The
next goalwasto addmotionto our designsandaddressheissueof manufcture.
While LEGO kits have motion componentsthe designspaceis very broadand
difficult to model,andno robot canmatchthe manualdexterity of a 10 yearold
humanin assembly To achiere actuatedautomaticallymanugcturedrobots,we

startedwith awhole new processn which robotmorphologywasconstrainedo



bebuildableby acommerciabff theshelfrapidprototypingmachiné allowing us
to evolve bodiesandcontrollersin simulationthatwereessentiallyableto transfer
automaticallyinto reality [29].

Theserobotsarecomprisedf fixed bars,ball-jointsandlinearactuatorscon-
trolled by sigmoidalneurons. The configurationof the bodiesare constrained
to be buildable out of thermoplastiausing our rapid prototypingmachine. The
entire configurationis evolved for a particulartask and selectedndividualsare
printed pre-assemblefexceptmotors),later to be regycled into differentforms.
In doing so, we establishfor the first time a completephysicalevolution cycle.
In this project, the evolutionary designapproachassumegwo main principles:
(a) to minimize inductive bias, we must strive to usethe lowestlevel building
blockspossible,and (b) we coevolve the body andthe control, so that that they
stimulateandconstraineachother We usearbitrarynetworks of linearactuators
andbarsfor the morphology andarbitrarynetworks of sigmoidalneurondor the
control. Evolutionis simulatedstartingwith a soupof disconnecte@lementsand
continuesover hundredsof generation®f hundredsof machinesuntil creatures
that are sufficiently proficientat the giventask emepge. The simulatorusedin
thisresearchs basedn quasi-statianotion. The basicprincipleis thatmotionis
brokendown into a seriesof statically-stablédramessolvedindependentlyWhile
guasi-statianotion cannotdescribehigh-momentunbehaior suchasjumping, it

canaccuratelyandrapidly simulatelow-momenturmmotion. This kind of motion

We usea Stratasysmachinewhich "prints" layer after of layer of plasticin responseo a
computergenerate@D model. Thelargestbuildablepiecefits insidean8 by 8 by 12inchvolume.



is sufficiently rich for the purposeof the experimentand, morewer, it is sim-
ple to inducein reality sinceall real-timecontrolissuesare eliminated. Several
evolution runswere carriedout for the taskof locomotion. Fithesswasawarded
to machinesaccordingto the absoluteaveragedistancetraveled over a specified
periodof neuralactivation. The evolved robotsexhibited variousmethodsof lo-
comotion,including crawling, ratchetingandsomeforms of pedalism(figure 2).
Theseforms and mechanism®ften appearto be "designed“andto take advan-
tageof our engineeringzocahlulary; however, they emege from theinteractionof
evolution andthe simulationof the potentialroboticbodiesandtheir brains.
Selectedrobotsare thenreplicatedinto reality: their bodiesarefirst fleshed
to accommodatenotorsandjoints, andthencopiedinto materialusingrapid pro-
totypingtechnology A temperature-controllegrint headextrudesthermoplastic
materiallayer by layer, sothatthe arbitrarily evolved morphologyemegespre-
assembledsa solid three-dimensionatructurewithout tooling or humaninter-
vention. Motors arethensnappedn (manually),andthe evolved neuralnetwork
is activated(figure 3). The robotsthen performin reality muchasthey did in

simulation.

3.3 Generation 3. Generative Representations

While the GOLEM projectvalidatedour approachio automatiacdesignandmanu-
facture the machinesvhich wereproducedareobviously fairly simplecompared
to thekindsof robotsbuildableby teamsof humanengineersin factmostwork in

automatiadesignof engineeringproductsusingtechniguesnspiredby biological
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evolution[30-32], suffersthe samecriticism.

Our third generatiorstartsto addresghe issueof whetherevolutionaryauto-
matic designtechniquescan attainthe higherlevel of compleity necessaryor
practicalengineeringprojects. Ideally an automateddesignsystemwould start
with alibrary of basicpartsandwould iteratively createnew, morecomplex com-
ponents,from onesalreadyin the library. Oncea components specified,the
systemwould be ableto usethe componenthroughouthe design,aswell asfor
creatingeven more complex componentsin the sameway asthe initial starting
setof basicparts. To achiese this, we have developeda kind of genertive rep-
resentation which allows for the reuseof elementsin a design. A generatie
representatiomvolvesanencodingof candidatedesignsnotin adirectandprim-
itive form, but more abstractly using somethinglike a computerprogramor a
grammai[33,34].

Again we found inspirationin naturalsystemsand choseLindenmayersys-
tems(L-systems)asthe basisfor the generatre representatioim which we en-
codedesigns.L-systemsare a grammaticakewriting systemintroducedby Lin-
denmayeiin 1968[35] to modelthe biological developmentof multicellular or-
ganismsAn L-systemconsistof a setof rulesfor rewriting character#n strings,
with rulesappliedin parallelto all charactersn the string just ascell divisions
happenin parallelin multicellular organisms.Complec stringsare createdrom

simplerstringsby iteratively rewriting symbolsin the string with othersymbols
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accordingto therewriting rules. Rulesareof theform:

rule head condition successor

a(n):

al

o T
—~ o~ o~
\_/\3/\_/

(n>2) —a(n—2)b(n)
(n>0) —ca(n—1)
(n>2) —da(n—-1)
(n>0) —cdb(n—-1)

Rewriting consistsof matchingsymbolsin the stringbeingprocesseavith a cor-

respondingule for which boththerule headmatcheghe symbolin thestringand

theconditionpartof theruleis satisfied. Symbolswhich do notsatisfyary rewrite

rule arenotreplacedandarecopieddirectly to thenext string. Startingfrom apre-

determinedsymbol, productionrulesfrom the L-systemare usedeitheruntil no

moreapply or for afixed numberof rewriting iterations. For example,usingthe

above setof rulesandstartingwith aninitial stringconsistingof thesinglesymbol

a(4), thefollowing sequencef stringsareproduced:

a(4)
a(2)b(4)
ca(1)da(3)
ca(0)da(1)b(3)
ca(0)dca(0)da(2)
ca(0)dca(0)dcca0)
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Thefinal stringof characterss interpretecasanassemblyrocedurdor construct-
ing an object,with eachsymbolrepresenting differentconstructioncommand.
Thusageneratre encodings analogougo acomputedanguagewith production
rulesatype of sub-proceduréor specifyingcomple« componentsTheendresult
is anevolutionaryalgorithmoptimizinga populationof L-systemsegachof which

is nota blueprintfor a design but analgorithmfor creatingtheblueprint.

A graphicalexampleof anevolvedL-systemis shavnin figure4.a,alongwith
thesequencef stringsit generates figure4.b In our systemwe distinguishbe-
tweensymbolsthat canbe rewritten (representedby cubes)and symbolswhich
arelaterusedfor constructinghe object(representetdy spheres)in figure4.a,a
ruleis graphicallyrepresentetdy a cubeconnectedo a numberof blackspheres,
eachof whichis followedby a sequencef symbols.The columnof cubesonthe
left representule headsandthe blacksphere$o whichthey areconnectedepre-
sentdifferentconditions.The sequencef symbolsfollowing eachof theseblack
spheresarethe successosymbols.In additionto cubesandspherestrianglesare
usedto represent repeatoperatoy which indicatesthatthe symbolsfollowing it
areto berepeated givennumberof times. This L-systemis startedwith thefirst
productionrule, andthe sequencef stringsshownn in figure4.b arethe stringsof
symbolsgenerateaftereachiterationof parallelreplacementThefinal string of
symbolsis usedto constructhedesign.

Usingthis systenfor evolving L-systemsdifferentdesigntypescanbegener
atedby replacingonesetof constructiorcommandswvith another Sofarwe have

evolved 3D static structureq36] (figure 5), andlocomotingmechanismgalled
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genobotg37-39]. In figure 6 we shav two simulatedgenobotsthefirst of which
(a) rolls alongby twisting the connectiondetweereachpair of rectangle-shaped
piecesandthesecondb) movesby undulatingik e asea-serpenf third genobot,
shown in both simulationandreality in figure 7, movesby usingits four legsto

walk.

4 Discussion and Conclusion

Can evolutionary and coevolutionary techniquesbe usedin the designof real
robotsas*“artificial lifeforms?” In this paperwe have presentedhreegenerations
of ourwork, eachof which addressesneor moredimensionf theproblem.We
have overviewvedresearchn useof simulationgor handlinghigh part-counttatic
structuresthat are buildable, dynamicelectromechanicadystemswith complex
morphologythatcanbe built automaticallyandgeneratre encodingsasa means
for scalingto complex structures.

The limitations of the work are clearly apparent:thesemachinesdo not yet
have sensorsand are not really interactingwith their ervironments. Feedback
from how robotsperformin the realworld is not automaticallyfed-backinto the
simulations but requireshumango refinethe simulationsandconstraintson the
designsystem.Finally, thereis the questionof how comple a simulatedsystem
canbebeforethe errorsgeneratedby transferto reality areoverwhelming.

We cannotclaim immediatesolutionto theseproblems.Thereis work in evo-

lutionary robotics (e.g. by Jalobi [40]) which integratessensorsnto the evo-
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lutionary mix andwe have alreadydemonstratedixed-morphologyobotswith
sensordearningin simulation[41] andthroughinteractionsin the real erviron-
ment[42]. In our next generation®f evolved creaturesve expectto seesome
sensorintegrationinto our systemallowing us to coevolve the morphologyand
controllersof reactve robots.

As for compleity overwhelmingthe processit is not yet a problembecause
thecompleity of whatcanbeevolvedis still low. It is aprimaryresearchopicfor
us,andwe have beenstudyinghow coevolution canleadto complex performance
in domainslike game-playing43], and the designof complex algorithmslike
sortingnetworks[44] andcellularautomatd45].

Theissueof whetheror notthiskind of artificial life work will everbepractical
and scalableis bestrelatedto the history of computerchess. The theory that
machinescould play a gamelike chesscamein the 1920%. This wasfollowed
by the first chessplaying computerin the mid 1950', which playedby making
randomlegal moves. While proponentof funding for the new field of Al were
over-optimistic,by theendof the centuryDeepBlue wasableto win atournament
againstheleadinghumanplayer usingalmostunlimited CPUtime and80 year
old theory[46].

Perhapghe small demonstration®f automaticdesignwill lead— with con-
tinued development,and increasesn computerspeedand simulation fidelity,
coupledto increasesn basictheory of coevolutionary dynamicsand represen-
tation schemes- over time, to the point wherefully automaticdesignis taken

for grantedmuchascomputeraideddesignis takenfor grantedn manufcturing
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industriestoday

Our currentresearchmovestowardsthe overall goal via multiple interacting
pathsof simulation,theory building andtestingin the real world, and applica-
tions. It is abroad,multidisciplinarylong-termendea&or, wherewhatwe learnin
onepathaidsthe others. We believe that sucha broadendea&or is the only way
to ultimately constructcomplex autonomousnachineswhich caneconomically

justify their own existence.
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Figurel: Photographsf the FAD LEGO Bridge (Cantilever) and Crane(Trian-
gle). Photographsopyright PabloFunes& JordanPollack,usedby permission.
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(@) (b) (©)

(d) (e) Q)

Figure2: (a) A tetrahedralmechanisnthat produceshinge-like motion andad-
vancesby pushingthe centralbar againstthe floor. (b) Bipedalism:theleft and
rightlimbs areadvancedn alternatingthrusts.(c) Movesits two articulatedcom-
ponentsto producecrab-like sidevays motion. (d) While the uppertwo limbs
push,the centralbody is retracted,andvice versa. (e) This simple mechanism
usesthe top barto delicatelyshift balancefrom sideto side, shifting the friction
point to eithersideasit createsscillatorymotion andadwances.(f) This mech-
anismhasan elevatedbody, from which it pushesanactuatordown directly onto
thefloor to createratchetingmotion. It hasa few redundanbarsdraggedon the
floor. Imagescopyright Hod Lipson & JordanPollack,usedby permission.
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(@) (b) (©)

(d) (€) (f)

Figure3: (a) Fleshedoints, (b) replicationprogress(c) pre-assemblerbbot(fig-
ure 2f), (d,e,f)final robotswith assemblednotors.Imagescopyright Hod Lipson
& JordanPollack,usedby permission.
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(@)

(b) 24

Figure4: Exampleof anevolvedL-system(a) alongwith the sequencef strings
thatit generategb). Imagescopyright Gregory Hornby & JordanPollack,used
by permission.



(@) (b)

Figure5: Two tablesevolvedusinga generatie representationimagescopyright
Gregory Hornby & JordanPollack,usedby permission.
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() (b)

Figure6: Two examplesof evolvedgenobotsimagescopyright Gregory Hornby
& JordanPollack,usedby permission.
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(@) (b)

Figure7: A 4-legged,evolved genobotshovn in simulation(a) andreality (b).
Imagescopyright Gregory Hornby & JordanPollack,usedby permission.
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