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Abstract

Evolutionary systems have been used in avariety of applications, from turbinedesign
to scheduling problems. The basic algorithms are similar in all these applications, but
the representation is aways problem specific. Unfortunately, the search time for evolu-
tionary systems very much depends on efficient codings, using problem specific domain
knowledge to reduce the size of the search space.

This paper describes an approach, where the user only specifies avery general, basic
coding that can be used in alarger variety of problems. The system then learnsamore ef-
ficient, problem specific coding. To do this, an evolutionary system with variable length
coding is used. While the system optimizes an example problem, a meta process identi-
fies successful combinations of genes in the population and combines them into higher
level evolved genes. The extraction is repeated iteratively, allowing genesto evolve that
have ahigh level complexity and encode a high number of the original, basic genes. This
resultsin a continuous restructuring of the search space, allowing potentially successful
solutionsto be found in much shorter search time. The evolved coding can then be used
to solveother, related problems. Whilenot excluding any potentially desirable solutions,
the evolved coding makes knowledge from the example problem available for the new
problem.

The paper shows an exampl e from the domain of two-dimensional shape designs. In
this example, a coding is evolved that uses 366 evolved gene, encoding on average 17
basic genes. The evolved coding is successfully used to optimize a room layout, where
the original coding converges to alocal maximum in fitness and therefore does not find
any feasible solutions.

Keywords. Evolving Representation, Evolutionary Learning, Evolutionary Computation,
Evolutionary Systems, Genetic Programming.
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1 Introduction

Computational methods based on evolutionary principleshave been around for about 25 years
(see (Spears, Jong, Baeck, Vogel & de Garis 1993) for an overview), and the last five years
have seen a strong increase in interest in them. However, they are still far from being used
as aroutine tool in research and development. One main reason is that, while the general al-
gorithmsare usablefor afairly large variety of applications, the coding of the probl em usually
has to be designed and optimized for every application. Thisis not asimple task, and coding
problems are often the reason for unsuccessful applications of evolutionary methods.

In cases where large spaces have to be searched, evolutionary systems are often superior
to other search algorithms, at least aslong as no heuristic is known that can be used to guide
the search. But still, the search time of evolutionary systems usually grows very fast with the
number of variables. For examplein standard genetic algorithms, the convergence timegrows
exponentially with the length of the genetic code.

In addition to the number of variables, at |east two other factors can influence the perform-
ance of an application of evolutionary systems:



e in applications where not all possible genetic codes trandate into valid individuas,
either large portions of the offspring are invalid, or special problem specific geneti c op-
erations have to be introduced;

¢ any reductioninthe number of variablesor special genetic operationsmay exclude solu-
tions from the search space.

Thegoal, therefore, istofind arepresentation with aminimal number of variabl es, while at
the same time not producing a high number of illegal offspring and not excluding any possible
solutions. Thisisdifficult, and at the same time tends to be very specific for the applications
it isdeveloped for.

One possibleway out of thisisto use an approach where only avery basic, general repres-
entation is specified, and the systems successively learns an improved representation while it
islooking for solutions. Moreover, the resulting coding can then be used to solve other, sim-
ilar problems. The basic coding can be genera enough to be applicable to a large variety of
related problems. This paper will show how such an approach can be realized.

2 Evolving Representation

Like most evolutionary systems, the starting point is a population of randomly created indi-
viduals. The coding of these individuals, the ‘basic’ genes, is chosen to be very low-level,
putting as little domain knowledge into the coding as possible, and making sure not to ex-
clude any interesting part of the search space. The only condition is that the coding has to
allow for genetic codes of variable length.

The individuals are than subjected to the cycle of replication with errors and survival of
thefittest. Atthe sametime, an additional operation screensthe population, identifying partic-
ularly successful combinations of genes. For every such gene combination, a new, ‘ evolved’
geneis created that represents this combination, and is introduced into the population. In the
first few cycles, the evolved geneswill be composed from basic genes, but in later cycles most
evolved genes will represent combinations of other, lower level evolved genes, or combina-
tions of those with basic genes. Thisgrowing hierarchy of representations givesriseto amore
and more complex and abstract coding, that isincreasingly adapted to the application. In other
words, the process gradually collects application specific knowledge and codesit into the rep-
resentation, rather than being coded into it by the user in the first place.

What does an evolving representation mean in terms of evolutionary systems? Since an
evolved geneis an “atom” for the cross-over operation, the low level genes that are repres-
ented by it are protected from being cut apart by this operation. The genes that are “ glued
together” by this operation are by definition successful, that isthey are highly represented in
successful individuas. The schema theorem (Holland 1992) explains the success of genetic
algorithms with the fact that successful schemata will be much more often represented in the
population, and therefore be less likely to be cut apart. The genes selected for evol ved genes
are specia instances of these schemas, and the creation of high level genes has a similar ef-
fect. The differenceis that the genes are totally protected from cross-over, and that not only
the high number of occurences of the schemain the populationisregardedin the selection pro-



cess, but also the success of theindividualsit occursin. Thus, the creation of genes amplifies
and improves the propagation of successful schemas.

However, learning a representation for aone time application is not the only goal scheme
presented here. Another advantage appears if the evolved representation is used for other,
similar search problems. Here, the initial population is generated using both the original and
the evolved genes. The presence of the origina genes ensures that the whole original search
gpace can still be searched. The evolved genes however restructure the search space in favour
of structures that are aready established as useful when the genes originally evolved. The
following illustratesthis.
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Figure 1: Example of an evolving representation: (a) origina representation and (b) repres-
entation with evolved genes

The length of the genotype is not restricted, therefore the search space isinfinitely large.
It can be illustrated by an (infinite) number of concentric circles, each defining the space of
solutions that can be defined by a genotype of a certain length. The inner circle contains the
genotypes of length one, i.e the basic building blocks. The further away a solution is from
the centre, the more difficult it isto find by means of search. Every time an evolved geneis
created, the structure of the search space is changed. The locus of the new gene in the search
gpaceismovedintothe centre, al solutionsinthe next circlethat can bederived from that solu-
tion are moved into the second circle, and so on. Figure 1 illustratesthis: the original search
gpaceisillustrated in Figure 1(a), with the four basic building blocksin the centre. The second
circle shows all solutions that can be derived from genes of length two (i.e., using two build-
ing blocks). The other circles give some examples of solutions using genotypes of length 3, 4
and 5. If now the two closed shapesin the fourth circle are identified as particularly success-
ful and an evolved geneisintroduced for both of them, the search space changes as shownin
Figure 1(b): the squares are now basic building blocks, and the shapes on thefifth circle that
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are derived from the squares can now be found in the second circle. The more evolved genes
asolution involves, the moreit is moved towards the centre. For example, the shape with the
four squares that is now on the fifth circle (i.e. can be constructed from genotypes of length
five) would have been on the fourteenth circle before.

Theintroduction of evolved genes obviously changes the probability that a gene sequence
maps onto a useful feature. While the number of different genes that can be used in a geno-
type expands, thelength in the genotype that is necessary to describe afeature shrinks drastic-
aly. Asan example, in Figure 2(a) a search space with the basic coding isdrawn, useful solu-
tions (black dots) may be far from the centre and from each other. After the representation
has evolved, the solutions lie much closer together. The part of the search space that hasto be
searched to find these solutionsis now much smaller, Figure 2(b).
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Figure 2: Effect of evolving representation: (a) original representation, black dots represent-
ing interesting solutions; and (b) evolved representation

Some numbers from the exampl e discussed below may give arough estimate of the effect:
In that example, 366 evolved genes were created. Expressed in basic genes, these evolved
genes have a median length of about 17. Imagine afeature that can be described by two of
these high level genes. To find this sequence among all genotypes of the same length, the
probability is -5 = =3-=. If thisfeature were to be expressed in terms of the four different
basic genes only, it would need agenotypeof length 34. The probability hereis 7 ~ zgelm

Since evolutionary search is not a blind search the actual differenceisless.

3 Example of evolving representation

As an example, we show how the idea can be used in the design of shapes. As basic coding,
we use a turtle graphics-like coding with only four different basic genes, that either draw a
line in the current direction, move the pen ahead or change the current direction (see Figure

3).
e

00: line forward 11: step forward 01: right turn 10: left turn

Figure 3: Basic coding, arrows show pen position and current direction before and after the
geneisdrawn.

Thiscoding isableto represent any kind of two dimensional shape composed of horizontal
and vertical straight lines, and has been used for building elevations and floor plans. An ex-
tension to three dimensions and different shapesis straight forward.
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3.1 Evolvingtherepresentation

The example discussed here uses the coding above to create floor plans, the two floor plans
shown in Figure 4 are used together as the designs to be represented. The fitness function
compares individualswith this drawing, and rewards individual s depending on how much of
the drawing they fit.
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Figure 4: Room plans used as example cases

To create evolved genes, successful combinations of genes in the population have to be
identified. Ideally, this has to be any number and combination of genes in the genotypes.
However, any composition of more than two genes can be constructed from anumber of com-
positions of two genes. For example to combine three genes, in afirst step an evolved geneis
created that combines two of the original genes, and in the next step this new evolved geneis
combined with the third original gene. An additional feature of the basic representation used
here allows further smplification: the further apart two genes are in the genotype, the less
likely they are to depend on each other in the fitness. Therefore, we have only to consider
pairs of successive genesin the creation of evolved genes, using the following.

1. Create atable of all different pairs of successive genes that occur in the population.

2. For al individualsin the population: divide the fitness by the length of the individual.
In the table, add this value to all pairs occuring in the genotype of that individual.

3. Find the pair with the highest sum of fitnesses in the table.

4. Create anew evolved gene with a unique designator, and replace all occurrences of the
pair in the population with the new evolved gene.

The number of evolved genesis kept to a certain percentage of the population (3% in the ex-
amples shown).

Figure 5(a) shows a branch of the hierarchical composition of one of the evolved genes
(no. 363) from lower-level evolved genes and basic genes (numbersin brackets). Figure 5(b)
shows how an individual is composed from six evolved genes.

3.2 Usingtherepresentation

After arepresentation based on the examplesin Figure4 has been devel oped, it is used for new,
different fitness requirements. A standard evolutionary algorithm is used, where the fitness
requirements are coded into the fitness function. The representation is not evolved further,
instead the set of evolved | genes|learned from the examplesis used, together with the original
basic genes.
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Figure5: Evolved representation: (a) part of the hierarchical composition of the evol ved gene
363 and (b) composition of the individual with the genotype (289 267 287 363 246 246)

As an example, the new requirement was to create a floor plan with minimal overall wall
length, while at the same time fulfilling the following additional requirements:

e no wallswith “open ends’, that is wallsthat do not build a closed room

e 6 rooms, sizes 200, 150, 100, 75, and 50 units

The additional requirementswere given higher priority than the minimization of the wall
length.

Figure 6 showstheresult of one run, after 100000 cross-overswere performed. The popu-
lation size was 1000 individuals, and 366 evolved genes created from the examplesin Figure
4 have been used. They wereintroduced into the population by using them with equal probab-
ility in the generation of theinitial random population, and by the mutation operator. Shown
are the best individuals, with the exception that individuals that are rotated copies of aready
drawn individual s have been omitted.

-

Figure 6: New floor plans, using coding knowledge from the example cases. See text for fit-
Ness requirements.




As described above, every evolved gene represents a sequence of basic genes, and the
length of this sequence directly corresponds to the amount of information the evolved gene
contains about the example case. An analysis of the lengths of genes used in the genotypes of
the final population can therefore show how much information from the example case is used
in the new results. Figure 7 shows a histogram for the example application. The peak at the
left contains the four basic genes, which together are used about 900 times in the fina popu-
lation of 500 individuals. Many of these occurrences are left and right turns, due to the fact
that whileidentical individuals are not permitted in the popul ation, adding a turn at the front
of the code creates a new individua with the same fitness as the original code. Most of the
evolved genesin the popul ation have lengths of around 12, but the final results also use a con-
siderable number of evolved genes with lengths around 40. This shows that the new results
indeed make use of the evolved representation to a very large degree.
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Figure 7: Histogram of the lengths of evolved genes (in basic genes) used by the new results
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4 Related Work

Evolving coding has been introduced into genetic coding (Koza 1992), for example in
(Angeline & Pollack 1992) and (Koza 1994). The“evolved genes’ in those examplesare usu-
ally functionscomposed from larger “chunks’ of lisp code, and the extraction isnot explicitly
based on particularly high success. Also, the function generation usually does not exceed a
few levels of complexity (compared with e.g. 7 in Figure 5).

5 Discussion

If the basic coding of Figure 3 is used without evolving coding to solve the example problem
used in Section 3.2, it still finds solutions with 6 rooms, but all of them have only unit size.
Since any lines that do not totally enclose a room are penalized by the fitness function, the
evolutionary system hasto createthe next larger roomsizein“onestep” fromthe small rooms.
In other words, the first local maximum found in the fitness function isalayout with six unit-
sized rooms, and the distance to the next local maximum istoo far to befound easily by either
mutation or cross-over. The “granularity of possible solutions’” seemsto betoo fine compared
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with the “ granularity of solutions rewarded by the fitness function”. It isimportant to see the
difference between this fitness function and the one used to create the evolved coding. The
latter is smooth, and any improvement in the code is rewarded appropriately. If the fitness of
Section 3.2 had been used to evolve a coding, the system would have been no more able to
find larger rooms than without evolving coding. This highlights the point that the gain is not
the evolving coding, but the evolved coding when used in similar applications.
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