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Abstract

Thedifficultiesassociate@ith designingpuilding andcontrollingrobots
have led their developmentto a stasis: applicationsare limited mostly to
repetitve taskswith predefinednoves.Overthelastfew yearswe have been
trying to addresshis challengdahroughanalternatve approachRatherthan
trying to control an existing macine,or createa general-purposeobot, we
proposethat both the morphologyand the controller shouldevolve at the
sametime. This processanleadto the automaticdesignandfabricationof
specialpurposanechanismandcontrollersthatachieve specificshort-term
objectives.Herewe provide abrief review of threegenerationsf ourrecent
researchunderlyingthe robotsshavn on the cover of this issue: Automat-
ically designedstatic structuresautomaticallydesignedand manufctured
dynamicelectromechanicaystemsandmodularrobotsautomaticallyde-
signedthrougha generatre DNA-lik e encoding.



1 Introduction

Thehigh costsassociateavith designingbuilding andcontrollingrobotshave led
their developmentto a stasis[28]. Robotsin industryareonly appliedto simple
andhighly repetitve manugcturingtasks.Eventhoughsophisticatedeleoperated
machineswith sensorsand actuatorshave found importantapplications(explo-
ration of inaccessibleenvironmentsfor example),they leave very little decision,
if atall, to theon-boardsoftware[29].

Thecentralissueaddressetly ourwork is away to geta higherlevel of com-
plex physicalityundercontrolatlower cost. We seekmorecontrolledandmoving
mechanicabarts, more sensorsmore nonlinearinteractingdegreesof freedom
- without entailingboth the hugefixed costsof humandesignandprogramming
andthe variablecostsin manufctureandoperation.We suggesthatthis canbe
achieved only whenrobot designand constructionare fully automatic. Consid-
ering arobotasan artificial life form, we achieve automaticdesignby evolving
creatures— body andbrain— throughinteractionwith (simulated)reality, and
transferthedesignanto (real) reality.

Traditionally, robotsaredesignedn a hardwarefirst, softwarelastbasis:Me-
chanicalandelectricalengineerslesigncomplex articulatedoodieswith state-of-
the-artsensorsactuatorsandmultiple degreesof freedom. The next taskshould
be simply to “write the software”. But humanshave drasticallyunderestimated
animalbrains:looking into naturewe seeanimalbrainsof very high complexity,

controlling bodieswhich have beenselectedy evolution preciselybecausehey



werecontrollableby thosebrains.We believe thatthe costsof writing intelligent
controllersfor arbitrarymechanicatievicesareso high thatdirectengineeringof
robotswill continueto beaneconomidailure.

In nature,the body andbrain of a creaturearetightly coupled,the fruit of a
long seriesof smallmutualadaptations— like chickenandegg, neitheronewas
designedirst. Thereis never a situationin which the hardware hasno software,
or wherea growth or mutation— beyond the adaptve ability of the brain —
survives.Autonomougobots,lik e living creaturestequirea highly sophisticated
correspondencleetweerbrain,bodyandernvironment.

Therefore,we have beenworking to co-evolve both the brain andthe body;
simultaneoushandcontinuouslyfrom asimplecontrollablemechanisnto oneof
sufficientcompleity for a particularspecializedask. Althoughwe werenot first
to proposebrain/bodycoevolution [6, 24, 27], we have beenableto put the idea
in practice.

Overthenext decadewe seethreetechnologieshatarematuringpastthresh-
old to make possiblea new industry of inexpensve automaticallydesignedna-
chines.Oneis theincreasindfidelity of advancedmechanicablesignsimulation,
stimulatedby profitsfrom the CAD softwareindustry[34]. The seconds rapid,
one-of prototypingandmanufcture whichis proceedingrom 3D plasticlayer
ing to strongercompositeandmetal(sintering)technology{7]. Thethird is most
centralto Artificial Life, our understandingf the dynamicsof coevolutionary

learningin theself-olganizationof complex systemg31, 19,1, 8].



2 Coevolution

Coevolution, whensuccessfuldynamicallycreatesa seriesof learningenviron-
mentseachslightly morecomple thanthelast,anda seriesof learnerswvhich are
tunedto adaptin thoseervironments. Sims’ work [33] on body-braincoerolu-
tion andthe morerecentFramstickssimulator[23] demonstratethat the neural
controllersandsimulatedoodiescould be coevolved. The goal of our researchn
coevolutionaryroboticsis to replicateandextendresultsfrom virtual simulations
like theseto the reality of computerdesignedand constructedspecial-purpose
machineghatcanadaptto realervironments.

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 areultimately interestedn mechanicabtructureghat have comple
physicalityof moredegreesof freedomthananythingthathaseverbeencontrolled
by humandesignedalgorithms,with lower engineeringcoststhancurrentlypos-
sible becaus®f minimal humandesigninvolvementin the product.

It is not feasiblethat controllersfor completestructurescould be evolved (in
simulationor otherwise)without first evolving controllersfor simplerconstruc-
tions. Comparedo thetraditionalform of evolutionaryrobotics[9, 5, 26, 13,22
which serially downloadscontrollersinto a given pieceof hardware, it is rela-
tively easyto explore the spaceof body constructiondgn simulation. Realistic

simulationis alsocrucial for providing a rich andnonlinearuniverse. However,



while simulationcreateghe ability to explorethe spaceof constructiongar faster
thanreal-world building andevaluationcould,thereremainghe problemof trans-
fer to real constructionsaandscalingto the high complexities usedfor real-world

designs.

3 Resaults

We describethree generationof work in our lab towardsfully automatedde-
sign and manufctureof high-parts-counautonomousobots. The fundamental
methodis evolution insidesimulation,but in simulationsmoreandmorerealistic
so the resultingblueprintsare not simply visually believable,asin Sims’ work,
but also buildable, either manually or automatically Our first resultsinvolved
automaticallycreatinghigh part-countstructureshat could be transferredrom
simulationto the realworld. In the secondgenerationve evolved automatically
buildabledynamicmachineghatarenearlyautonomousn boththeir designand
manufcture usingRapidPrototypingtechnology Thethird generatiorbeginsto
addresscaling,by handlinghigh part-countstructuregshroughmodularity Even
with thesethreedemonstrationsye feel the work is at a very early stage,with
majorissuesonly beginningto beaddresseduchastheintegrationof sensorand

automatinghe feedbackrom “li ve” interactions.



3.1 Generation 1. Legobots

Thefirst steptowardsourvision of fully evolvedcreaturesvasto demonstratéhat
evolving morphologyfor therealworld wasindeedpossible.

In orderto evolve boththe morphologyandbehaior of autonomousnechan-
ical devicesthatcanbe built, onemusthave a simulatorthatoperatesindermary
constraints,and a resultantcontroller that is adaptve enoughto cover the gap
betweerthe simulatedandrealworld.

Feature®of a simulatorfor evolving morphologyare:
e Representation— shouldcover a universalspaceof 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.

Oneapproachs to custom-hiild asimulatorfor modularroboticcomponentsand
thenevolve eithercentralizecor distributedcontrollersfor them.

In advanceof a modularsimulatorwith dynamics,we built a simulatorfor
(static) Lego bricks, andusedsimple evolutionaryalgorithmsto createcomplex
Lego structureswhich werethenmanuallyconstructed10, 11, 12].

Our model considersthe union betweentwo bricks asa rigid joint between

the centerof massof eachone,locatedat the centerof the actualareaof contact
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Figurel: Photographsf theFAD Lego Bridge(Cantilever)andCrane(Triangle).
Photographsopyright PabloFunes& JordanPollack,usedby permission.
betweenthem. This joint hasa measurabléorquecapacity:morethana certain
amountof force appliedat a certaindistancefrom the joint will breakthe two
bricks apart. The fundamentahssumptiorof our modelis the idealizationof the
unionof two Lego bricksasarotationaljoint with limited capacity

The evolutionaryalgorithmreliably builds structureghat meetfitnessgoals,
exploiting physicalpropertiesmplicit in the simulation. Building the resultsof
the evolutionary simulation(by hand)demonstratethe power andpossibility of
fully automatediesign:thelong bridgeof figure 1 shavs thatour simplesystem
discoveredthe cantilever, while theweight-carryingcraneshavs it discoveredthe

basictriangularsupport.



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

The Lego machineswith computergeneratedlueprints,and manualconstruc-
tion, demonstratedhat the interactionbetweensimulatedphysicsand evolution
leadsto a primitive form of discovery which canbe transferrednto reality. The
next goalis to addsomemotionto thesemachinesandaddressheissueof manu-
facture.While Lego kits have motioncomponentsthe designspaceis very broad
anddifficult to model,andno robot canmatchthe manualdexterity of a 10 year
old humanin assembly

We startedwith a whole new processn which robot morphologywas con-
strainedto be buildableby a commercialboff the shelfrapid prototypingmachine.
We evolve the bodiesand controllersin simulationandwere essentiallyable to
replicatethemautomaticallyinto reality [25].

Theseobotsarecomprisedf only linearactuatorandsigmoidalcontrolneu-
rons embodiedin an arbitrary thermoplasticbody. The entire configurationis
evolved for a particulartask and selectedndividuals are printed pre-assembled
(exceptmotors)using3D solid printing (rapid prototyping)technologylaterto be
regycledinto differentforms. In doing so, we establishfor the first time a com-
plete physicalevolution cycle. In this project,the evolutionarydesignapproach
assumeswo mainprinciples:(a) to minimizeinductive bias,we muststriveto use
the lowestlevel building blockspossible,and(b) we coevolve the body andthe

control,sothatthatthey stimulateandconstraineachother We usearbitrarynet-



works of linearactuatorsandbarsfor the morphology andarbitrarynetworks of
sigmoidalneurondor the control. Evolution is simulatedstartingwith a soupof
disconnecte@lementsandcontinueverhundredof generation®f hundredof
machinesuntil creatureghatare sufficiently proficientat the giventaskemenge.
The simulatorusedin this researchis basedon quasi-statiomotion. The basic
principle is that motion is broken down into a seriesof statically-stabléframes
solvedindependentlyWhile quasi-statienotioncannotdescribehigh-momentum
behaior suchasjumping, it canaccuratelyandrapidly simulatelow-momentum
motion. Thiskind of motionis sufficiently rich for the purposeof the experiment
and, moreover, it is simpleto inducein reality sinceall real-timecontrol issues
areeliminated. Several evolution runswere carriedout for the task of locomo-
tion. Fitnesswasawardedto machinesaccordingo theabsoluteaveragedistance
traveledovera specifiedoeriodof neuralactivation. The evolvedrobotsexhibited
variousmethodf locomotion,includingcrawling, ratchetingandsomeforms of
pedalism(Figure?2). Selectedobotsarethenreplicatedinto reality: their bodies
arefirst fleshedto accommodatenotorsandjoints, andthencopiedinto material
usingrapid prototypingtechnology Temperature-controllegdrint headextrudes
thermoplastiaonateriallayer by layer, sothatthe arbitrarily evolved morphology
emepgespre-assembledsa solid three-dimensionaktructurewithout tooling or
humanintervention.Motorsarethensnappedn (manually),andthe evolvedneu-
ral network is activated(Figure3). Therobotsthenperformin reality asthey did

in simulation.



(d) (€) (f)

Figure2: (a) A tetrahedralmechanisnthat produceshinge-like motion andad-
vancedy pushingthe centralbar againstthe floor. (b) Bipedalism:theleft and
right limbs areadvancedn alternatingthrusts.(c) Movesits two articulatedcom-
ponentsto producecrab-like sidavays 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
pointto eithersideasit createsscillatorymotion andadwances.(f) This mech-
anismhasan elevatedbody, from which it pushesanactuatordown directly onto
thefloor to createratchetingmotion. It hasa few redundanbarsdraggedon the
floor.
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(@) (b) (c)

(d) (e) ()
Figure3: (a) Fleshedoints, (b) replicationprogress(c) pre-assemblerbbot(fig-
ure 2f), (d,e,f)final robotswith assemblednotors

3.3 Generation 3: Modularity Generative Design (Tinkerbots)

While the GOLEM projectdemonstratedalidity of our approachto automatic
designandmanufgcture the machinesvhich were producedareobviously fairly
simple comparedo the kinds of robotsbuildable by teamsof humanengineers.
In fact mostwork in automaticdesignof engineeringoroductsusingtechniques
inspiredby biologicalevolution, [21, 3, 17, 10,4, 25] suffersthe samecriticism.
Our third generatiorstartsto addresghe issueof whetherevolutionaryauto-
matic designtechniquescan attainthe higherlevel of compleity necessaryor
practicalengineeringorojects. Sincethe searchspacegrows exponentiallywith
the sizeof the problem,searchalgorithmsthat usea directencodingfor designs

may not scaleto large designs An alternatve to adirectencodings a generatie
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specificationwhich is a grammaticalkencodingthat specifieshow to constructa
design,[32] and[2]. Similar to a computerprogram,a generatie specification
canallow the definition of re-usablesub-procedureallowing the designsystem
to scaleto morecomplex designghancanbeachieredwith adirectencoding.

Ideally an automateddesignsystemwould startwith a library of basicparts
andwoulditeratively createnew, morecomplex modulesfrom onesalreadyin its
library. The principle of modularityis well acceptedasa generalcharacteristic
of design,asit typically promotesdecouplingand reducescompleity [35]. In
contrastto a designin which every componenis unique,a designbuilt with a
library of standardmodulesis more robust and more adaptableand enhances
field repair

Our third generatiorof automaticallydesignedrobotsfocus on modularde-
sign,anduseslL-systemsasthe genotypeevolved by the evolutionaryalgorithm.
L-systemsareagrammaticatewriting systemntroducedoy Lindenmeyerin 1968
to modelthebiologicaldevelopmenbf multicellularorganisms Rulesareapplied
in parallelto all charactersn the stringjust ascell divisionshappenin parallelin
multicellular organisms.Complex objectsare createdby successiely replacing
partsof a simple objectby usingthe setof rewriting rules. Using this system
we have evolved 3D staticstructureqd15], andlocomotingmechanism$l4, 16],
someof whichareshawvn in figure 4, andandtransferredgsuccessfullynto reality,
asseenin figure5 [14]. The creatureon the coveris our first 3D machineusing

thesetechniques.
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Figure4: Examplesf evolved,modularcreatures.

Figure5: Two partsof thelocomotioncycle of a2D, modularlocomotingcreature
in bothsimulationandreality.
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4 Discussion and Conclusion

Can evolutionary and coevolutionary techniquesbe usedin the designof real
robotsas“Atrtificial Lifeforms?” In thispapermwe have presentedhreegenerations
of ourwork, eachof which addressesneor moredimensionf theproblem.We
have overviewedresearchn useof simulationgor handlinghigh part-countstatic
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 environments. Feedback
from how robotsperformin the realworld is not automaticallyfed-backinto the
simulations,but requirehumansto refine the simulationsand constraintson de-
sign. Finally, thereis the questionof how complex a simulatedsystemcan be,
beforethe errorsgeneratedby transferto reality areoverwhelming.

We cannotclaim immediatesolutionto theseproblems.In otherwork, how-
ever, we have demonstratedhon coevolution canleadto complex performance
in domaindik e game-playind31] anddesignof complex algorithmslik e sorting
networks[18] andcellularautomatd20]. In our next generation®f evolvedcrea-
tureswe expectto seesomesensointegration,andwe have alreadydemonstrated
robot“cultural” evolution, learningfrom interactingin therealenvironment.[36]

Theissueof whetheror notthiskind of artificial life work will everbepractical

and scaleablds bestrelatedto the history of computerchess. The theory that
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machinegouldplay agamelik e chessvasfrom the 19205, thefirst chesglaying
computerwas built in the mid 1950%, and maderandomlegal moves. While
proponent®of fundingfor the new field of Al wereover-optimistic,by the endof
the century neverthelesswith almostunlimited CPU time at its disposal,Deep
Blue wasableto win a tournamentgainstthe leadinghumanplayer- using80
yearold theory[30].

Perhapghe small demonstrationsf automaticdesignwill lead— with con-
tinueddevelopmentandincreases computerspeedandsimulationfidelity, cou-
pledto increasesn basictheoryof coevolutionarydynamics— over time, to the
pointwherefully automaticdesignis takenfor granted muchascomputeraided
designis takenfor grantedn manugcturingindustriesoday

Our currentresearchmovestowardsthe overall goal via multiple interacting
paths,of simulation,theory building andtestingin the real world, and applica-
tions. It is a broad, multidisciplinary long-termende&or, wherewhatwe learn
in one path aidsthe others. We believe sucha broadendeaor is the only way
to ultimately constructcomplex autonomousnachineswhich caneconomically

justify their own existence.
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