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Abstract

This paperaddressean issueof solving customes’ prob-
lemswhenapplyingevolutionarycomputation.Ratherthan
the seemingly more impressve approachof wow-it-all-
evolved-fom-nothingtinkering with exisiting modelscanbe
a more pragmaticapproachin doing so. Using interactive
evolution, we experimentallyvalidatethis point on setting
parameteref a humanwalk modelfor computeranimation
while previous applicationsare mostly aboutevolving mo-
tion controllersof far simplercreaturegrom scratch.
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1

Artificial Life aims at understandindife-lik e phenomenay at-
temptingto synthesizéhemfrom scratch. This synthesigarthas
also attractedinterestsfrom mary applicationfields and someof
Artificial Life techniquesareemplgredto them: for example,evo-
lutionary computatiorfor computeranimation.Geneticalgorithms
are usedto synthesizestimulus-responsé motion controllersfor
2D and3D articulatedfigures[1][13]. The morphologieof virtual
creaturesn simulated3D physicalworlds andthe neuralsystems
for controlling their muscleforcesare both evolved using genetic
programmingoasedon graphgenotypd16]. Standardyeneticpro-
grammingis also appliedfor motion controllersfor a fixed mor
phology[8][9][10]. Both a geneticalgorithmandinteractie evo-
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lution are usedfor generatingmotion controllersin a time-series
representatiofii9][20].

However, to our knowledge,theseattemptsare, in practice not
muchfollowedup in computeranimation.Beinginspiredfrom Ar-
tificial Life, theseworks aredonein thetradition of it-all-evolved-
from-scatch or it-started-without-priorknowledg while, given
mappingfunctionsbetweenmotion-controlparametersndtrajec-
tory values, parametettweakingis more frequentlyconcernedn
thepracticeof animation11]. In thispaperwe arguethattinkering
with existingmodelsmaybeamorepragmaticapproactthanstart-
ing from scratch in someapplicationsof evolutionarytechniques
andwe validatethis point on settingparametersf awalk modelin
generatingariouswalk stylesfor avirtual humanoid.Section2 ex-
plainsinteractive evolution, a variationof geneticalgorithmswhich
is employedfor thetinkering. In Section3, we give a brief descrip-
tion of the humanwalk modelandtherepresentationf genotypes
and mutation/matingoperationswith experimentresults. Discus-
sionandConclusionfollow.

2 Interactive Evolution

Interactive evolution provides a powerful techniquefor enabling
human-computecollaboration. It is potentially applicableto a
wide variety of searchproblems provided the candidatesolutions
canbe producedquickly by a computerand evaluatedquickly and
easilyby a human. Sincehumansare often very good andfastat
processingnd assessingictures,interactive evolution is particu-
larly well suitedto searchproblemswvhosecandidatesolutionscan
bevisually representefb][15][18]. While traditionalgeneticalgo-
rithms usean explicit analytic expressionfor a fithessfunctionto
be evaluatedby the computer with interactive evolution the user
performsthis stepbasedon visual perception.

Thebeautyof interactve evolutionis thatthe userdoesnot have
to stateor evenunderstandin explicit fithesscriterion: the needis
only to be ableto applyit. This alsofreeshim from tedioususer
specificationsdesignefforts, or knowledgeof algorithmicdetails.
This featureof interactve evolution is, for example,usedvery ef-
fectively in creatingbeautifuland abstractcolor images[15]. An
initial populationof imagesgeneratedandomlyby the computeiis



displayedonthescreen Fromthedisplayedsettheuserselectone
imagefor mutationor two imagesfor mating. The matingand/or
mutationoperationsreappliedto the selectedmagesto producea
new setof progety imagesthatsupplytheinputfor thenext round
of userselection.This processs repeatednultiple times,to evolve
animageof interestto the user Evolvedimagesmaybe saved and
laterrecalledfor matingwith otherevolvedimages.Therearemary
othernotableapplicationsof interactive evolution sincethe inspir-
ing work of RichardDawkins[6] (se€[3][17] for extensve reviews
of it.)

3 Tinkering with a Walk Model
rather than Evolving it from
Scratch

Motion control of articulatedfiguressuchashumanshasbeena
challengingtaskin computeranimation[2]. Oncean acceptable
motionsggmenthasbeencreatedeitherfrom key-framing, motion
captureor physicalsimulations,reuseof it is important. Much of
the recentresearchin it hasbeendirectedtowardsmodifying ex-
isting examplemotionsto createa new motion [5][14][21]. In our
experiment,we usea humanwalk modelbasedon biomechanical
data[4]. By scalingor offsettingreferencenotion,this walk model
allows variouswalk stylesto be generatednen motion= s * refer
encemotion+ o. Thiswould be practicallyusefulfor applications
suchasanimatingcrowds[12]. Therebeingscalingandoffsetpa-
rameterdor dozenof joint angletrajectoriesmanualtweakingof
theseparameterss a very painful process.We employ interactive
evolutionfor computerassistegharametesettingin generating/ar-
iouswalk styles.

3.1 Genotype

A walk style can be describedby a set of the scalingand offset
parameterss; ando;. In our experiment,the genotypeis rep-
resentedas a vector of the parametersv = (w1,---,wan) =

(s1,+-+,8n,01,---,0n), Where N is the numberof degreesof
freedom.
3.2 Mutation
Givena genptypewp‘"e"t representinga walk style, its mutated
versionsw®"*? aregeneratedy

’wfhild — w?arent

or

wfh“d — wfa'rent + dz

fori =1,---,2N, whered; is adisplacemenor perturbatiorfac-

tor. The choiceof one or the other dependson a mutationrate
indicatingthe probabilitythata given parametewill mutateduring
reproduction.

3.3 Mating

Mating takes two parentwalk stylesas inputs and usesthem to
producea child walk style. The basicapproachin matingis to

choosea subsetof the parametergrom eachparentand combine
themto form the child. Giventwo genotypef parentsw?Peme!

andwPame™?  their offspringsw®*¢ aregeneratedby
wichild farentl
or
?l)fh”d ,wg)a'renﬂ
fori = 1,---,2N, wherethe choiceof oneor the otherdepends

on a probabilitythata given parametewill derive from thefirst of
theparents.

3.4 Experiments

Ourexperimentaise asafrontend,anin-houseanimationsoftware
basedon OpenGL.Figure 1 shavs snapshot®f the screerwhich
illustratewhatit lookslike whenevolving thewalk styles. Anima-
tion of five differentwalk stylesareshavn atatime. Amongthem,
theuserselectoneto mutateor two to mate;thenanew generation
of walk stylesis generatedhasedon the selectionandthis process
is repeated Figure 2 shaws a selectionof the evolved walk styles:
time flows from top to bottom. It took a few minutesfor eachof
themto evolve.

4 Discussion and Conclusion

Interactve evolution is usedto generatevariouswalk stylesout of

awalk engine. This kind of computerassistecparametetweak-
ing canbe appliedto renderingand modelling processotherthan
animationin computergraphics. Thoughimportant, building nev

renderersmodellersor motion-controllershardly concernsmary

of computergraphicsusersin thattheir day-to-daywork is mostly
aboutfinding input parametershatyield a desirableoutputunder
givenrenderersmodellersor motion-controllers.Manual param-
etertweakingis, however, very tediousdueto the multi-linearity,

nonlinearityand discontinuityof the mappingsbetweenthe input
parametersand output values[11]. Hence,tinkering with exist-
ing modelssuchascomputerassistegarametesettingof a given,
say motion-controllercanbe a moredown-to-earthapplicationof

evolutionarycomputatiorfocusingon the customersproblemthan
thosetypical attemptsf wow-it-evolved-fom-nothingfor amotion
controlleritself.
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Figure2: A selectionof five walk stylesamongthoseinteractiely evolved. Time flows from top to bottom.



