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Abstract

This paper presents an overview of a generic evolutionary design system. The system uses a hybrid 'steady-state'
multiobjectivegeneticalgorithmwith an explicit mappingstagebetweengenotypesand phenotypego evolve
designs.The systemevolvesthe geometriesof a rangeof solid object designsfrom scratch.A selectionof

evolved designs are presented.
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1. I ntroduction

The optimisationof designsby computerds anareain which researchis rapidly growing. Computergemove
the needfor the laborious iterative processof manually fine-tuning design parameters: designscan be
optimised automatically [7]. However, current desigmimisationmethodsare usuallyapplication-specifici.e.
a systemwill only beableto optimisea singledesign.This hasthe major disadvantage¢hat a completelynew
system is required for almost every new design optimisation task.

Additionally, suchsystemsare limited to optimising existing designs- very few (if any) aretruly capableof
creatingnew designsfrom scratch.In other words, theseoptimisationsystemsrequirea humandesignerto
input a preliminary designto the computer,and specify exactly which parameterf this designare to be
optimised. Asystemcapableof creatingdesigndrom scratch (i.e. creatingentiredesignsrom nothing)would
not require any preliminary designs, or laborious manual specification of which parameters are to be optimised.

The main advantage®f a systemthat could createnew designsare apparent:a computeris not limited by
‘conventionalisdom',soit could generateriginal designsbasedon entirely new principles.Consequentlya
designsystemcapableof creatingnew designsfrom scratch,combinedwith the genericability to createmore
thanonetype of design,would be highly desirable Sucha systemwould help humandesignergproducebetter
designs, faster, byresentinghew alternativedesignsalreadyoptimisedfor the designtask.Moreover,because
of its genericnature,it would be ableto do this, not just for onedesigntask,but for a rangeof differentdesign
tasks.

In summaryjt is the goalof this researctprojectto developsucha genericevolutionarydesignsystem,andto
explore its capabilities by applying it to a number of example design tasks.

2. Genetic Algorithms

So what type of computer program could achieve this2he moretraditionalproblemof designoptimisation,
adaptivesearchhasbecomeone of the most popularmethods.In particular,the adaptivesearchalgorithm
known asthe geneticalgorithm (GA) hasbecomewidely usedin designoptimisationtasks[6,7]. The GA has
beenshownrepeatedlyto be a highly flexible stochastialgorithm,capableof finding goodsolutionsto a wide
variety of problems[6]. It thereforeseemsthat, for the complexproblem of designcreation,a good choice
would be to useone of the most flexible and powerful of searchalgorithmsknown in computerscience:the
genetic algorithm.

The GA is basedupon the processof evolutionin nature[5]. Evolution acts through large populationsof
creatureswvhich individually reproduceto generatenew offspring that inherit somefeaturesof their parents
(becausef randomcrossovelin the inheritedchromosomesand havesomeentirely new features(becauseof
randommutatior). Naturalselection(the weakestcreatureglie, or at leastdo not reproduceas successfullyas
the stronger creatures) ensures that more successful creatures are generated each gendsaisucitessful



ones.lt canbe arguedthatin nature,evolutionhasproducedsomeastonishinglyaried, yet highly successful
forms of life. Thesecreaturescan be thoughtof as good 'solutions'to the problemof life. In other words,
evolution optimises creatures for the problem of life.

In the sameway, within a geneticalgorithma populationof solutionsto the problemis maintained,with the

'fittest’ solutions(thosethat solvethe problembest)beingrandomlypickedfor 'reproductioneverygeneration.
'Offspring' arethengeneratedrom thesefit parentsusingrandomcrossoveiand mutationoperatorsyesulting
in a new populationof fitter solutions[5]. As in nature the GA manipulates codedform of the parameterso

be optimised,known as the genotype When decodeda genotypecorrespondgo a solutionto the problem,
known as ghenotype

Geneticalgorithmsare typically initialised with a completelyrandompopulation(i.e. every memberof the
populationhavingrandomgenotypesand thusrandomphenotypes)Evenif this wasnot the case(e.g.if an
existingsolutionwasto be optimized),becausef the randomsearchoperatorsthe endresultoften cannotbe
predicted[5]. For a simpleproblemwith only oneoptimal solution,the populationof solutionsin the GA will
typically convergeto a solutioncloseto this single solutioneverytime. However,for more complexproblems
with morethan one optima, exactlywhich optimumthe GA will convergeto cannotbe predicted.Hence,the
GA optimisessolutions provided at the start (whetherrandomor not), and will always convergeto a fit'
solution, but not necessarily a globally optimal solution.

3. Evaluation Software

To allow the GA to pick ‘fit' solutionsfrom the current populationfor reproductionevery generationthe
decodedsolutions(the phenotypesinustbe evaluated Although suchevaluationcanbe performedby a human
designer,this would causesome problems.Firstly, for a typical 'run' of the GA, thousandsof separate
evaluationsarerequired- a rathertedioustaskfor a human(especiallyif prototypemodelsmustbe built for
eachsolution). Secondly,suchevaluationsmust be preciseenoughto allow the optimisationof the designs,
meaningthatto evaluatealmostanytype of design,a considerableamountof calculationis required.Thirdly,

by usinga humanasthe evaluatorthe systemwill inevitably only be guidedby 'conventionalwisdom’, thus
removing any potential for originality from the system. Hence, the quickest, most accurate, and patesgially
beneficial solution is to use evaluationsoftwareto guide evolution. Furthermore such softwareis normally
used already for design optimisation tasks (for speed and accuracy).

Most design problems can be broldawninto a numberof separateriteria(e.g.the mostbasicof thesebeing
correctsizeandmass) By creating'modular'evaluationsoftware with eachmodulecapableof evaluatingany
suitably representeddesign for a particular criteria, complete design problems can be specified by a
combinationof such modules.In this way, new designapplicationscan be specified using mostly existing
modules[2] and thus requirea minimum of new evaluationsoftware (or interfacingto existing software).
Importantly, all suchsoftwaremustonly specify the function of the desireddesign.Should any part of the
software specify the shape directly, the systeag@nconstrainedagainstoriginal design.(Additionally, if the
shapeof the designis alreadyknown, thereis little reasonto usea designsystemto createa designof that
shape.)

4, The System

The genericnatureof the systemis currentlylimited to the creationand optimisationof the geometryof three
dimensionakolid objects.Althoughit is possibleto optimisethe surfaceappearancef the objects(e.g.colour,
texture) and the material the objects are composed of, this project is concentrating on the geometry of objects.

Becauseof the complexity involved in specifyingevensimple designs.the task of creatinga GA capableof
generatingnewdesignds nottrivial. Designproblemsaretypically highly constrainedmulticriteria problems,
making consistent evolution to good solutions very difficult, even for an algorithm as powerful as the GA.

The GA that forms the core of the prototypesystemis initialised with a populationof randomdesigns(i.e.
startingfrom scratch).Thesedesignsare representedn memory using a spatial-partitioningrepresentation



designedor this purposd1]. The algorithmthenbeginsan iterative processf evaluationandreproductiono
generatenew populationsof increasinglybetterdesigns.Alternatively, the systemcan generatenew designs
using given componentsby seedingthe initial populationwith randomlypositioneddesigncomponentsand
then continuing as before. By fixing all parameters specifying depth, two-dimendesighscanbe createdn
addition to three dimensional designs.

Although initial experiments were performedth a versionof Goldberg'ssimpleGA' [5], this wassoonfound
to beinadequatg3,4]. The geneticalgorithmcurrentlyusedis a hybrid of a numberof different typesof GA.
Perhapghe three most notableaspectf the GA are as follows: firstly, an explicit mappingstagebetween
genotypeqcodeddesigns)and phenotypegdesigns)is maintainedwithin the algorithm[2]. Although some
researcherslur the distinction and actually evaluategenotypedirectly, by havinga mappingstage,a simple
codeddesigncan be mappedto a complexactual design.The systemusesthis, when required,to generate
symmetricaldesignsby reflecting designsin one or more planesduring the mappingprocessin this way, a
complexsymmetricaldesignneedonly havethe non-reflectedpoortion manipulatedby the GA, thusreducing
the difficulty of the designtaskfor the GA. Additionally, this mappingstageis usedby the systemto enforce
the rules of the solid object representation, by mapping illegal designs to legal designs.

A secondpoint of note concerningthe GA is the use of multiobjective optimization techniques;o allow
multicriteria design specifications to be handled effectively. Varattesnativemultiobjectiverankingmethods
were explored and compared in detail, with a new method created for this work producimgstbensistently
good results [4]. The resulting multiobjective genetic algorithm can deal with any number of separate
objectives, and treats all objectives equally, or according to user-specified relative importance values.

Finally, the third significant aspect of the GA is the way new populations of solutions are genesitadiakd
GA replacesthe whole populationof solutionswith an entirely new population,every generation.This can
meanthata single,very goodsolutionis lost beforeit cancontributesufficient offspring to future generations.
Perhaps more distressing however, is the fact that during the final stages of evolution, smatahsallyget
worse, insteadof better.An alternativealgorithm known as the 'steady-stateGA doesexist to tackle these
problems. This algorithm only replaces solutions in a population with better sol(iteniglling' the leastfit).
However,it doesnot pick the fittest membersof a populationfor reproduction,so the selectionpressureis
considerablyreduced,resultingin slower evolution. The hybrid GA usedwithin the designsystemusesa
similar replacemenmethodto the steady-stat&A, in that lessfit solutionsare usually replacedby more fit
solutions,but additionally, the fittest are pickedfor reproduction.This meanshat designsevolvedby this GA
can only improve, and that the speed of the evolution process is not reduced.

5. Results

A variety of differentdesigntaskshavebeenpresentedo the system Early work involvedthe designof simple
tables[2,3] (evaluatedor size,mass stability, supportivenessanda flat uppersurface) Very fit designswith
andwithout symmetry,were consistentlyevolved,fig. 1. Additionally, the systemhasbeenappliedto the task
of evolving a range of different optical prisms (evaludtedsizeanddesiredray-tracedoptical characteristics),
fig. 2 (left). Most recentwork involves the evolution of '‘pseudoaerodynamictesigns(evaluatedby a naive
particle flow simulator, with the desired forces exerted on the designs being specified), fig. 2 (right).
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Fig. 1. Two tables evolved by the system.
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Fig. 2. Some optical prisms evolved by the system (left).
The first simple ‘aerodynamic’ design evolved by the system (right).

Conclusions

Geneticalgorithmsare capableof morethanjust designoptimisation- they canbe usedto createentirely new
designs. This paper has givenamrviewof a genericevolutionarydesignsystem capableof evolvinga range
of different solid object designsfrom scratch.The systemusesa hybrid 'steady-statemultiobjective genetic
algorithmwith an explicit mappingstagebetweengenotypesand phenotypesA selectionof resultsevolvedby
the system were presented.
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