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The Revolution of Evolution in Design:

From Coffee Tables to Hospitals

Peter Bentley

Intelligent Systems Group, Department of Computgeixe,
University College London, Gower St., London WCIET6 UK. P.Bentley@cs.ucl.ac.uk

Abstract. This paper describes an evolutionary search niekmown as the genetic algorithm (GA) and
examines its application to real-world design peois. A description of the algorithm itself andhistory is
provided. A general review of GA theory and analyisigiven, and many of the newer, more advangeelsty
of GA are introduced. Some of the hundreds of diffé design applications tackled by GAs are then
described. Two more detailed case-studies arededuto outline how GAs can be applied to real-dorl
applications, and to illustrate some of the diffi@s such problems present to the designers ofb@ged
systems. The paper concludes that the GA is aigighificant and useful tool, suitable for a vayief
different design applications.

1 Introduction

In Computer Science, search algorithms define apetational problem in terms of search, where therde
space is a space filled with all possible solutitmghe problem, and a point in that space defme®lution
(Kanal and Cumar, 1988). The problem of improvihg tvalues of parameters for an application is then
transformed into the problem of searching for resiglutions elsewhere in the space of allowablepater
values. There are many types of search algorithraxistence, of which evolutionary search is a rem
rapidly-growing sub-set.

Evolutionary search algorithms are inspired by baded upon evolution in nature. These algorithipEyly
use an analogy with natural evolution to perforrarek byevolving solutions to problems. Hence, instead of
working with one solution at a time in the searphee, these algorithms consider a large collection
population of solutions at once.

Evolution-based algorithms have been found to Imeesof the most flexible, efficient and robust dfsdarch
algorithms known to Computer Science (Goldberg,9)98ecause of these properties, these methodsocave
becoming widely used to solve a broad range oferkfit problems (Holland, 1992). This review paper
concentrates on perhaps the most popular and iprofifthese evolutionary techniques: the genetipi@hm,
and explores its application to real-world desigoigems.



2 Genetic Algorithms

2.1 A Summary

Natural evolution acts through large populationscatures, which reproduce to generate new offgptiat
inherit some features of their parents (becauseafiomcrossover in the inherited chromosomes) and have
some entirely new features (because of randwomation). Natural selection (the weakest creatures diat deast
do not reproduce as successfully as the strongatunes) ensures that, on average, more successfiires are
produced each generation than less successful ones.

Using this simple process, evolution has produaedesastonishingly varied, yet highly successfuirferof
life. These organisms can be thought of as goddtisas’ to the problem of life. In other words, aution
optimises creatures for the problem of life.

In the same way, within a genetic algorithm (GA)apulation of solutions to the problem is maintdineith
the fittest’ solutions (those that solve the perhlbest) being favoured for reproduction’ everygetion, during
an otherwise random selection process. Offsprang@ then generated from these fit parents usingoman
crossover and mutation operators, resulting inva pepulation of fitter solutions (Holland, 1975).

Genetic algorithms differ from traditional algornitis in four ways (Goldberg, 1989):

GAs usually work with a coding of the parameter set the parameters themselves.

GAs search from a population of points, not a @rmgint.

GAs use payoff (objective function) information trrivatives or other auxiliary knowledge.
GAs use probabilistic transition rules, not deteristic rules.

PwOnNE

Coded parameters are normally referred tgees, with the values a gene can take being knowatlakes. A
collection of genes in one individual of the popigla is held internally as a string, and is oftefferred to as a
chromosome. The entire coded parameter set of an individudligh may be anything from a single gene to a
number of chromosomes) is known as glberotype, while the solution that the coded parametersnéef known
as thephenotype.

The simple or canonical GA is summarised in figlireTypically, populations are initialised with raom
values. The main loop of the algorithm then begivith every member of the population being evaldaed
given a fitness value according to how well itilslthe objective or fitness function. These scaesthen used
to determine how many copies of each individual@aeed into a temporary area often termed theingaiool’
(i.e. the higher the fitness, the more copies @h@tmade of an individual). Two parents are theloanly picked
from this area. Offspring are generated by the afsthe crossover operator, which randomly allocajerses
from each parent to each offspring. For exampleemitwo parents: ABCDEFG’ and abcdefg, and adam
crossover point of, say, 4, the two offspring gated by the simple GA would be: ABCDefg’ and abkteG’
Mutation is then occasionally applied (with a lowolpability) to offspring. When it is used to mutaim
individual, typically a single allele is changedhdamly. For example, an individual 111111’ mighe mutated
into 110111’ Using crossover and mutation, offsgrare generated until they replace every parenthe
population. This entire process of evaluation autoduction then continues until either a satisfigcsolution
emerges or the GA has for run a specified numbegeokrations. (Holland 1975, Goldberg 1989, Da®811
Fogel 1995).



INITIALISE POPULATION WITH RANDOM ALLELES

—> EVALUATE ALL INDIVIDUALS TO DETERMINE THEIR FITNESSES

REPRODUCE (COPY) INDIVIDUALS ACCORDING TO THEIR FITNESSES
INTO "MATING POOL’ (HIGHER FITNESS = MORE COPIES OF AN INDIVIDUAL)

RANDOMLY TAKE TWO PARENTS FROM 'MATING POOL’  <—
USE RANDOM CROSSOVER TO GENERATE TWO OFFSPRING
RANDOMLY MUTATE OFFSPRING
PLACE OFFSPRING INTO POPULATION
HAS POPULATION BEEN FILLED WITH NEW OFFSPRING?

| ves
IS THERE AN ACCEPTABLE SOLUTION YET?
NO (OR HAVE x GENERATIONS BEEN PRODUCED?)
l YES
FINISHED

Fig. 1 The simple genetic algorithm.

The simple GA is just that - very simple and aldithaive. This GA is favoured by those that try to
theoretically analyse and predict the behaviouwyesfetic algorithms, but in reality, typical GAs argually more
advanced. Common features include: more realigtiaral selection, ability to detect when evoluta@ases, and
overlapping populations or elitism (where somérividuals can survive for more than one genergti®avis,
1991). Because of this improved analogy with nattlime ternreproduction is normally used as it is in biology to
refer to the entire process of generating new affigp encompassing the crossover and mutation tpstgThis
is in contrast to the somewhat confusing use ofatbed reproduction’to mean an explicit copyinggé within
the simple GA).

2.2 GA Theory

The genetic algorithm is perhaps the most well-kmas¥ all evolution-based search algorithms. GAsewer
developed by John Holland over twenty-five years Bigan attempt to explain the adaptive procestestoral
systems and to design artificial systems based thgse natural systems (Holland 1973, 1975). Whistbeing
the first algorithm to use principles of naturales¢ion and genetics within the search processe(stinclude
Evolutionary Programming: Fogel, 1963 and Evolutstrategie: Rechenberg, 1973), the genetic algorith
today the most widely used. More experimental dmbtetical analyses have been made on the workinthee
GA than any other evolutionary algorithm. Moreovéie genetic algorithm (and enhanced versions )of it
resembles natural evolution more closely than ratigtr methods.

Having become widely used for a broad range ofnaigtition problems in the last ten years (Hollar@B2),
the GA has been described as being a "search thigorith some of the innovative flair of human sder
(Goldberg, 1989). GAs are also very forgiving algons - even if they are badly implemented, or poor
applied, they will often still produce acceptaldsults (Davis, 1991). GAs are today renowned feir tability to
tackle a huge variety of optimisation problems I{iding discontinuous functions), for their consigtability to
provide excellent results, and for their robustrgsslland 1975, Goldberg 1989, Davis 1991, Fogél5)9

For a search algorithm to be robust, it must beabbgp of producing good solutions to a broad ranfje o
problems. In his book, Goldberg compares tradifi@earch methods (calculus-based, enumerativeraartbm)
with genetic algorithms (Goldberg, 1989). He codelst "while our discussion has been no exhaustive
examination of the myriad methods of traditionaltimisation, we are left with a somewhat unsettling
conclusion: conventional search methods are notistoh (Goldberg, 1989, p.5). The general view ofngna
researchers appears to be in agreement with tthisugh it is often debated exactly which algorithuould give
the best results for specific problems. Typicaillys argued that a traditional algorithm desigrspecifically for



a problem will provide better results for that plern than a GA could, but that a GA will provide gosolutions
for a much broader selection of problems, compé&weslich problem-specific methods (Fogel, 1995).

Whilst there is no formal proof that the GA wilkadys converge to an acceptable solution to a givehlem,

a variety of theories exist (Holland 1975, Kargui@93, Harris 1994), the most accepted of thesagbei
Holland’s Schema Theorem and the Building Block étiesis (Holland 1975).

Briefly, aschema is a similarity template describing a set of gjgrfor chromosomes) which match each other
at certain positions. For example, the schema *10ha@tches the two strings {110101, 010101} (usirgreary
alphabet and a metasymbol don't care symbol *). The schema *101* describes four strifg3010, 11010,
01011, 11011}. As Goldberg (1989) elucidates, imegal, for alphabets of cardinality (number of aphbt
charactersk, and string lengths dfcharacters, there ark < 1)I schemata.

Theorder of a schema is the number of fixed characterbéntémplate, e.g. the order of schema *1*110 is 4,
and the order of schema *****Q is 1. Thaefining length of a schema is the distance between the firstiastd
fixed character in the template, e.g. the definargth of 1****Q is 5, the defining length of 1*1*Qis 4, and the
defining length of 0***** js Q.

Hollands Schema Theorem states that the actiorefoduction, crossover and mutation within a genet
algorithm ensures that schemata of short defirength, low order and high fithess exponentiallyéase within
a population (Holland, 1975). Such schemata arevkress building blocks.

The building block hypothesis suggests that geradgjorithms are able to evolve good solutions byloiming
these fit, low order schemata with short definiagdths to form better strings (Goldberg, 1989). Hwoav, this
still remains an unproven (though widely acceptggothesis.

2.3 GA Analyses

Experimental results show that for most GAs (ifigied with random values), evolution makes extrgmmapid
progress at first, as the diverse elements in thigli population are combined and tested. Overetirthe
population begins to converge, with the separatwiduals resembling each other more and more (a891).
Effectively this results in the GA narrowing itsaseh in the solution-space and reducing the sizngfchanges
made by evolution until eventually the populatiooneerges to a single solution (Goldberg, 1989). Whe
plotting the best fitness value in each new popreagainst the number of generations, a typicalecemerges,
fig 2 (Parmee and Denham, 1994).

fit A

fitness

unfit £, , , , . . . =
generations

Fig. 2 Typical curve of evolving fithess values overéim

Theoretical research to investigate the behaviduhe various varieties of GAs for different probyie is
growing rapidly, with careful analyses of the tramssion of schemata being made (De Jong 1975, K&agu
1993). The use of Walsh function analysis (Delakt1993) and Markov Chain analysis (Horn 1993, fdat
1993a, 1993b) has led to the identification of sdieeeptive’ and hard’ problems for GAs (Deb andi@berg
1992, 1993).



2.4 Advanced Genetic Algorithms

When applying GAs to highly complex applicationsine problems do arise. The most commonpr@nature
convergence where the population converges early onto nonagdtiocal minima (Davis, 1991). Problems are
also caused by deceptive functions, which are, dfintion, hard’ for most GAs to solve. In additip noisy
functions (Goldberg et. al. 1992a, 1992b) and tpé&ndsation of multiple criteria within GAs can csa
difficulties (Fonseca and Fleming, 1995a). In aerapt to overcome such problems, new, more advatypexs

of GA are being developed (Goldberg, 1994). Thaskide:

e Parallel GAs, where multiple processors are used in paralleutothe GA (Adeli and Cheng 1994,
Levine 1994).

« Distributed GAs, where multiple populations are separately evolwgith few interactions between
them (Whitley and Starkweather 1990)

« GAs with niching and speciation where the population within the GA is segregait#d separate
Species’(Horn 1993, Horn and Nafpliotis 1993, Het. al. 1994).

¢ Messy GAs (mGA) which use a number of exotic’ techniques suctvasable-length chromosomes
and a two-stage evolution process (Deb 1991, DdiGaidberg, 1991).

e Multiobjective GAs (MOGAS), which allow multiple objectives to be optimisedttwGAs (Schaffer
1985, Srinivas and Deb 1995, Bentley and Wakefi®@7).

e Hybrid GAs (hGAs), where GAs are combined with local search algoriti{George 1994, Radcliffe
and Surrey 1994a).

e Structured GAs (sGAs) which allow parts of chromosomes to be switche@d off using evolveable
control genes’ (Dasgupta and McGregor 1992, ParameeDenham 1994).

e GAs with diploidy and dominance which can improve variation and diversity in adth to
performance (Smith & Goldberg, 1992b).

e Mutation-driven GAs, such as Harveys SAGA (Harvey, 1997), which usesverged populations
modified primarily by mutation to allow the constancremental evolution’ of new solutions to vamgi
fitness functions.

* GAs with ‘genetic engineering; which identify beneficial genetic material durireyolution and
prevent its disruption by the genetic operatorsréGeKazakov, 1997).

3 Some Applications of Genetic Algorithms in Design

The genetic algorithm has only become popular famgisation problems in the last ten or fifteen nge@olland
1992, Goldberg 1994). However, in that time, litlgréhousands of different problems in many differereas
have had solutions successfully optimised by GAge ©f the most common problem areas is design, with
perhaps more design problems having been optintige@As than any other type of problem. For examiple,
engineering design, GAs have been used to optimise:

« Adaptive antenna arrays and radar absorbers (Chareheal., 1995).

e Airfoil and aircraft geometries (Husbands, JermgliMagga, & Ives 1996).
« Analogue filters (Reeves et al., 1994).

¢ Building heating systems (Dickinson and Bradshe®95).

¢ Floorplans (Koakutsu et al., 1992).

e Sizes of gas pipes (Boyd, 1994).

¢ Hydraulic networks (Donne et al., 1994).

¢ Microwave absorbing materials (Tennant and Chamid&a4).

e Satellite Booms (Keane and Brown, 1996).



e Servo and micro motors (Hameyer and Belmans, 1996).

e Spacecraft systems (Garipov et. al., 1994).

e Structural topology (Rozvany and Zhou 1994).

e Transmission towers (Cai and Thierauf, 1996).

e VLSI layouts (Schnecke and Vornberger 1995).

« Arange of engineering designs (Bentley & Wakefidl@96a,b)

Many of these systems have been used with conbigesaiccess to optimise real-world problems. For
example, as described by Holland (1992), a dedignhigh-bypass jet engine turbine was typicallyirofsed in
eight weeks by an engineer; a genetic algorithnmmoged the design in only two days, "with three dsrthe
improvements of the manual version”.

To give some idea of the problems faced by the ldpees of GA-based design systems trying to use a
computer to solve such difficult problems, therkbolws two brief case-studies. Both employing theneayeneric
evolutionary design system, the first describeseth@ution of a coffee table design, which has eibheen built
and is in use by the author. The second descritesaplication of the system to evolve the laydubaspital
departments in a new building, using a real desaredule.

4  Generic Evolutionary Design

The generic evolutionary design syst&BADES, is a result of more than three years researchth application
of genetic algorithms to engineering design prolsi¢Bentley & Wakefield, 1996a,b,1997b). Using amaated
steady-state multiobjective genetic algorithm wittriable-length chromosomes, elitism and lifespanits, the
system has successfully evolved a range of entirely and original designs from scratch. Evolutisrguided
purely by modular functional specifications prouidey the user: the system is not given any cluetheriorm of
the design, only what it should do. Examples ofiesa designs include: sets of steps, heatsink$;algirisms,
streamlined boat hulls and aerodynamic cars (Bg@tlevakefield 1997b).
GADES consists of four elements:
1. the genetic algorithm, which is tlsearch engine for the system.
2. the hierarchical genotype representation, whiclisithe coded designs being evolved by the GA.
3. the phenotype representation, which defines thegdesdefined by the genotypes (a spatial
partitioning representation, see Bentley & Wakefjdl996c¢).
4. modular evaluation software, which is used to defime required function of designs (a complete
design specification is generated by selecting Wwhimodules should be used in combination,
together with specific parameter values).

4.1 Evolving a Coffee Table

One of the very first design tasks set for an eadysion of the system was to evolve a table (Bgn&
Wakefield, 1996a). This design task has recentbnlreapplied to the current version @ADES with a more
specific aim in mind: evolve the design of a coffelele, which can then be built and used.

To specify the function of a table, five evaluatimndules were use@ZE, MASS, FLAT UPPER SURFACE,
SUPPORTIVENESS and UNFRAGMENTED. These ‘ask’ that the evolved design should beamfropriate
dimensions, have a low mass, have a flat uppeaseirdf specific area, that it be able to suppory weassive
objects on the edges of the top surface, andtthaist not have any part of the design ‘float frieein the rest.

In addition, to ensure that all designs would bidaible, the thickness of all ‘blocks’ used to defithe shape
was fixed at two centimetres (the thickness ofépimard’ available at DIY stores). This was doneriityalising
the appropriate genes of the first population wliils value, then fixing those genes to become umgdeble by
evolution (options built into the system).



The system was set to run until it had generateshtiyvcoffee table designs (which took about thiie-
minutes), and a suitable design was chosen frosncthliection. (Although all the designs performbd tiesired
functions perfectly, some were more pleasing to dfie than others, and some were easier to congtrant
others. The chosen design, although still slighihconventional, looked acceptable to the authod also
looked simple enough for even the limited woodwagkskills of the author to permit its construction.

Having been chosen, the evolved output file wasriak a DIY store, where the ‘pine board’ was seléand
cut into the specified dimensions. The table was thssembled, decorated, and is now in use byutn®ra
Figure 3a shows the evolved design, figure 3b steoplsotograph of the actual table.

a) EVOLVED COFFEE TABLE DESIGN b) PHOTO OF ACTUAL TABLE

Figure 3 The evolved design of a coffee table and a pbbtbe actual table.

4.2 Evolving Hospital Department Layouts

The most recent application ®ADES has been to evolve the layout of hospital departentor a real hospital
building. Determining such a layout, accordinghe tesign schedule (which gives required floor afeaevery
department), is one of the normal early stageepial design.

For this problem, a real design schedule was peakidt describes the required areas of seventgesrate
departments for a small, heavily constrained site building is to be placed within a tight spatdisy London
hospital site). Because of the constraints on spadeheight imposed by the surrounding buildingsl because
of the large numbers of fire and safety regulationplace, the overall dimensions of the building,&n this
case, inevitable and unchangeable. Also, becausbeofvailable accessways to other buildings, agmina
because of various regulations, the position ofragwes, lifts and main corridors in the buildinge ar
predetermined.

In total, the building has four floors available fdepartments, with a small space in the baseridwte are
two main corridors, a main entrance at the fromt amo access points at the side and rear. Liftchrstered in
groups, in six different parts of the building, aadtentral atrium above the entranceway, extenttirmugh all
floors, provides the required levels of light.

The problem presented to the system was then: eubls size and location of the seventeen deparsment
within this structure, such that they are suitably placed for staff patients. Architects typically use a number of
rules of thumb to determine where departments shbel placed. For example, wards should be organised
pairs, to allow staff and equipment to be sharedsacboth. X-Ray and Eye Departments should beerdarker
parts of the building, whereas wards should behblgdit. Out-Patients Departments (OPD) shoulddpethe
ground floor, as near to the entrances as posdtdéent Records (a heavy department, requiringcttral
reinforcement) should be as low as possible irbthiling.

These rules of thumb were presented to the sysigusi the same way as the separate criteria foctifee
table were specified. However, for this probleng fystem could not simply evolve department ‘blo¢kbere
a block denotes floor space) in such an unconstaimanner. The departments had to fit within theemi
structure of the building, taking into account gasitions of every element.



To achieve this, a new ‘layers’ concept was intaaltoGADES. This permits three-dimensional designs to
be superimposed on top of other designs, and la¢etteas independent entities in the genotypesiffiereht
layers), and yet be mapped onto a single entitiggrphenotypes. For this problem, the positiorhefwalls, lifts,
entrance, etc., were defined with fixed genes ia tayer, allowing the system to evolve the depantsén
another layer. When combined into phenotypes, amiyqd a department intersected by the fixed eléamehthe
design is removed, ensuring that all departmentgya fit within the structure of the building, watit
constraining evolution. Figure 4 shows an exampla bospital design evolved by the system, wher& deey
elements are the fixed parts of the design in agyer| and light grey elements are the departmesmtiyed by the
system in another layer.

OPD OPD

breast || XTay
scfeenifbfoetal

OoP medicin
ultrasound
BASEMENT GROUND FLOOR

surgical
ward

gynae

cardiac
non-int. gynae

maternity

e OPD | . delivery
diabetic clinic in-patient:
foot I
FIRST FLOOR SECOND FLOOR THIRD FLOOR

Figure 4 A hospital design evolved ByADES.

In addition to the new ‘layers’ option, a ‘grid’ tpn was also added tBADES. This operates in the mapping
stage from genotypes to phenotypes, and forcesides of all departments to lie on the structura épr this
problem. It also forces all departments to haveagmgropriate ceiling height (without it, departrentere often
evolved as being paper-thin, stacked on top of ediuér, on a single floor).

As Figure 4 shows(GADES is capable of successfully evolving new hospitepattment layouts for this
problem. The advantage of using such a system tiete this process are numerous: firstly, unlikene
human architects, the computer tends to assign daphrtment the desired floor area with good aagura
Secondly, the process of setting up the problerestak single morning and once set up, hew designdbea
evolved in twenty minutes - compared to taking efgssional architect two days for a single solutithirdly,
this generic system has been proven to cope witiyrddferent types of design problem, and can tiedeupon
to successfully tackle new designs of this natioeirthly, by examining the fitness of final desigtie computer
can explain to what extent each criteria has baégfied to the clients (inevitably, many of thel&s of thumb’
will be partially contradictory).



6 Conclusions

In recent years, evolutionary search has been feuhe a remarkably effective way of using compitersolve
difficult problems. In particular, the use of thengtic algorithm has undergone something of a tetvawi, with
hundreds, possibly thousands, of different probleaiged by GAs.

With new theoretical analyses being performed @ontbt, it will not be long before the mechanismvalyich
solutions are consistently evolved is understoodhe meantime, new varieties of GA, often bornog/imore
features from nature, are constantly showing neteni@ls of evolutionary search, particularly ingéreering
design.

The two case studies given in this paper briefljndestrate how a GA can be applied to real-worldgtes
tasks. They describe how a single, generic evaiatipdesign system can be used to evolve solut@mtvso real
and very different design problems. This systenowkm asGADES, literally can go from evolving a coffee table
to a hospital, simply by swapping a single inigation text file.

The genetic algorithm is one of the most effectimel generic of all search algorithms known. Expexéehas
shown that it is a highly significant and usefultcsuitable for a variety of real-world design &pations.
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