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Abstract. Recombination is suppased to enable the comporent charaderistics from
two parentsto be extraded and then reassembled in dff erent combinations — hopefully
prodwing an df spring that has the goodcharaderistics of both parents. This can work
only if it is possble to identify which parts of eat parent shodd be extraded.
Crosver in the standard GA, for example, takes subsets of genes that are aljacent on
the genome. Other variations of the GA propcse more sophisticaed methods for
identifying goodsubsets of genes within an individual. Our approach is different;
rather than devising methods to enable successul extradion d gene subsets from the
parents, we utili ze variable size individuals which represent subsets of genes from the
outset. By allowing ead individual to represent a buil ding-block explicitly, the normal
adion d seledion can identify good bil ding-blocks withou also promoting garbage
genes. Then pttting together two individuals (creaing an dfspring that is twice the
size), straight forwardly produces the sum of the parents charaderistics. This processis
more properly combination than recombination since these building Hocks have not
been previously combined with any ather. This paper summarizes our reseach onthis
approach and describes improved methods that reduce the domain knowledge required
for successful application.

1 Introduction

Divide and conguer techniques in problem solving are familiar and intuitive; first find
the solution to sub-problems and then re-use these to find solutions to the whole
problem. Dynamic programming, for example, off ers exporential speed-up ower linea
methods by cading sub-solutions and re-using them to evaluate whole solutions. The
original motive of crosover in the building-block hypahesis [Goldberg 1989 appeds
to the same intuition. But whereas dynamic programming requires the storage of all
intermediate results, the GA stores a finite popuation seleded by a heuristic — the
fitness function. If recombination in the GA can be made to work, the same kind d
speed-up can be expeded over mutation-based algorithms that canna re-combine sub-
solutions.

Watson and Polladk [20008] describes a formal building-block problem (which we
will also usein this paper), for which mutation besed algorithms canna be guaranteed
to succeal in lessthan time exporential in N (the size of the problem), whereas an
idedi zed recombinative dgorithm has an upger boundin time to solution o Nlog’N. In



pradice, a GA with recombination succeals in lessthan N’logfN. This problem was
first introduced in Watson et al [1998 where we showed that the successof the GA was
dependent on tight genetic linkage — that is, the bits forming a buil ding-block must be
close together on the genomas assumed in our analytic solution times.

In Watson & Polladk [199%] we started investigation into solving the poa linkage
verson d the problem where the order of genesisrandamized, and crosover is unable
to extrad and recombine good bulding Hocks. In that paper we introduced an
dternative dgorithm, the Incremental Commitment GA (ICGA), based onthe feaure of
underspedficaion foundin the Mesyy GA [Goldberg et a 1989. In the Mesyy GA
individuals are initiali zed to spedfy exadly k bits, where k is “the size of the highest-
order nortlineaity expeded in the problem”. This enables an individual to represent
exadly one building-block explicitly, whereas in the standard GA an individual may
represent many bulding-blocks but eat ore is, at best, implicitly identified by the
proximity of genes on the genome. We showed that the feaure of underspedficaionis
sufficient to enable successon a poar-linkage problem and that the other feaures of the
Messy GA, in particular the moving-locus features (described below), are not required.

However, our ICGA was not withou its own complicétions. There were two spedfic
problems. First, the gproach requires a diversity maintenance technique to keep the
popuation from conwerging. As in ealier work with the standard GA, we used a
resource-based fitness $iaring method that utilized considerable knowledge of the
problem structure. Spedficdly, it maintained a ‘resource level’ for ead bulding Hock
in the problem. Second, the gproach requires a method for preventing strings from
growing in length too quckly. We used a size-penalty augmentation to the fithess
function bu this was complicaed by the distorted fitness values given by the fitness
sharing mechanism.

In this paper we report some progressin these respeds. First we report that an off-
the-shelf diversity maintenance technique, deterministic aowding [Mahfoud 1993,
works for our problem. Thistechnique does nat require any knowledge of the problem’s
internal structure. Second, this method simplifies our size-penalty function and dees not
reguire us to modify the fitness contributions of building-blocks. These improvements
bring ws a little doser to a general agorithm based on combination bu, as we shall
discuss, there are other issues yet to be resolved.

The remainder of this paper is organized as follows. Sedion 2 dscusses
recombination with resped to the problem of identifying gene subsets in problems of
poa linkage. Sedion 3 summarizes the charaderistics of our test problem. Sedion 4
describes our use of deterministic cowding and dscusses why this method is
appropriate for problems of this class Sedion 5 gves results using deterministic
crowding for the standard GA and the ICGA, on bdh the regular test problem and the
problem with randam genetic linkage. We discussthe trade-off s between recombination
and combination, and Section 6 concludes.

2  Recombination and poor linkage

Crosver in the standard GA [Holland 1975 relies on the heuristic of bit adjacency to
identify appropriate subsets of genes during recmbination. Clealy, we cand in
general rely onthis heuristic, and when the aljacency of the genesisnot correlated with
gene interdependency, the subset of genes extraded from a parent by crosover is



unlikely to contain a meaningful comporent of the parent’s abiliti es [Altenberg 1995.
The Mesgy GA [Goldberg et al 1989 and the Linkage Leaning GA [Harik & Goldberg
1994 use amoving locus representation o genes — ead gene is represented by a
locud/allele pair. This enables genes to be re-ordered on the genome and pdentialy
alows interdependent genes to colled together. Thus, it is reasoned, subsequent
crosover operations can extrad meaningful subsets of genes. Other algorithms, such as
the Gene Expresson GA [Kargupa 1997 and Seledive Recombination [Vekaria &
Cladk 1999, use more sophisticated methods for identifying subsets of interdependent
genes. Other reseach abandors the ideaof recombination as described by the Buil ding
Block Hypothesis, and instead advocaes the use of mutation ory algorithms, or
variants of ‘recombination’ such as uniform crosover [Syswerda 1989 Radcliffe 1991]
that amplify the similarities between individuals rather than combining dfferences
[Chen 1999].

Our reseach pusues the strong form of recombination described by the Building
Block Hypothesis, and we have shown that, for at least one dass of problem,
recombination combining dfferences is necessry and sufficient for succesgul
operation d the GA [Watson & Polladk 20008. We dso showed that the progress of
seach under recombination is provably superior to mutation-only alternatives (if
appropriate diversity is maintained in the popuation) [Watson & Polladk 200@g]. These
results depend on the validity of the assumption o tight linkage. But our reseach
continues to pusue a better understanding d GA recombination by addressng
problems of poa genetic linkage [Watson & Polladk 199%, and this paper] where the
assumption of gene adjacency does not hold and the standard GA fails.

Our approach to this problem takes inspiration from one feaure of the Messy GA.
This is the feaure of underspedficaion — individuals that spedfy only a subset of
genes. The interesting property of this approac is that individuals represent buil ding-
blocks explicitly; and it is the normal operation d seledion in the GA, operating on
these sub-strings, that permits the succesgul identification o good bulding-blocks. In
contrast, fully-spedfied individuals, as used in the standard GA may contain good
building Hocks but seledion ading on these individuals will also promote garbage
genes riding onthe same string (see “parasites’ [Goldberg et a 1989, and “hitch-
hikers’ [Forrest & Mitchell 1993, [Vekaria & Cladk 1999). Consequently, the
crosover operator must, one way or the other, use internal structure such as gene order
(standard GA, Mesg/ GA, Linkage Leaning GA), or additional data structures (Gene
expresson GA, Seledive Recombination), to expresswhich subsets of genes within a
parent represent good bl ding Hocks and to exclude garbage genes from recombination
events. Figure 1 summarizes our discussion.

A: 01010011
B: 10000110

C. 11010011

Figure la: Parents, A and B, ead contain a useful subset of genes (three genes per
parent, shown in bdd). The desired doff spring, C, shoud take the good gnes from baoth
parents as shown. But simple crossover cannot achieve this.




A -1---0-1
B: 1-0-0---
C. 110-00-1
Figure 1b: Combination d fixed-locus partialy-spedfied individuals is independent
of gene position. Here we represent unspedfied genes, or don't cares, by “-” and the
offspring is created by taking specified genes from either parent where available.
A -1--00-1
B: 100-0--0
C. 110-00-1
Figure 1c: Where onflictsin spedfied genes occur we resolve dl conflicts in favor of
one parent. In this example we dlow the first individual to daminate. We cdl this
operator ‘dominant splice’ [Watson & Pollack 1999a].

In ou previous work [Watson & Polladk 199%] we verified that recombination
using the (fixed-locus) recombination ogerator in Figure 1c can enable successul
combination d building Hocks on a problem with randam genetic linkage. In this paper
we ontinue to investigate whether our approach can be made more pradicd by
reducing the problem dependent aspects of our earlier experiments.

3 Hierarchical if-and-only-if (HIFF) and Shuffled H-1FF (SHIFF)

To investigate the principles of recombination and the identification o building-blocks,
it is necessry to use atest problem where the building-blocks are dea. We first
introduced our test problem ‘Hierarchicd if-and-only-if' (HIFF) in [Watson & Polladk
199§. Previous building-block problemsin the literature (e.g. Royal Roads [Mitchell et
a 1997 and concaenated trap functions [Deb & Goldberg 1993) did nd model
interdependency between bulding-blocks. The separable nature of these problems
means that ead sub-problem can be solved independently and serialy, and certain
varieties of mutation-based hill -climbers $ow that a GA is nat required for this type of
problem [Mitchell and Forrest 1993], [Jones 1995].

HIFF is not a separable problem — the building-blocks have strong nonlinea
interdependencies. Although ead bulding-block is identifiable via its fitness
contribution, a successul agorithm must maintain competing solutions for ead bock
and seach combinations of blocks to find complete solutions. This discovery and
combination process continues through a hierarchicd structure which is consistent in
the nature of the problem at ead level [Watson and Pollack 19998. Equation 1, below,
gives the fitness of a string B under the canorica version o HIFF.? This function
interprets a string as a binary tree ad reaursively decomposes the string into left and
right halves. Each block at ead level in the hierarchy has two solutions — al ones and
all zeros- and the function has two corresponding global optima.

1

In the current work we drop the stipulation that the dominant parent should be the most fit.
That is, where blocks are defined over a binary string, and Hocks are assmbled from pairs of
sub-blocks. Other variants that use variable sized aphabets, variable numbers of sub-blocks
per block, and ureven fitness contributions, (amongst others), are defined in [Watson &
Pollack 1999b].
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01, if |B|=1, and (=0 or h=1)
F(B)= 0 IBI + F(B) + F(B). if (BI>L) and Cifb =0} or Cifb =1}
B F(B,) + F(B), otherwise. Eq.1

where B is a block of bits, {b,,b,,..10,}, |B| is the size of the block=k, b, is
the ith element of B, B, and B, are the left and right halves of B (i.e.
B ={b,,..b,}, B={b,,.....0}). The length of the string evaluated must
equal 2" where p is an integer (the number of hierarchicd levels). Notice
that this function gves no reward to nuls and therefore naturally evaluates
partially specified strings.

This equation states the fitnessof a string asaiming tight genetic linkage i.e. two bits
that form a block at the lowest level are aljacent on the genome, and two size-2 blocks
that form a block at the next level are dso adjacent, and so on Unlike previous tight-
linkage building-block problems HIFF is not solvable by any form of mutation-based
hill -climber [Watson and Polladk 1998 Watson and Polladk 200@). However, with the
proviso that diversity in the popuation is maintained appropriately, the standard GA
succeals easly. In this paper we confirm this result using deterministic crowding rather
than our problem-dependent fithess-sharing method used in our earlier work.

Here, however, the focus is on Shuffled HIFF. In Shuffled H-IFF (SHIFF) the
position d bits in the problem is randamly re-ordered. This means that the bits
congtituting a block may be anywhere on the string — but for any gven instantiation of
the problem the pasition is fixed. Shuffled HIFF is not solvable by the standard GA
becaise it is not posshle to extrad meaningful subsets of bits from a parent using
adjacency-dependent crosover (e.g. one or two-point crosover). In principle, uniform
crosover could provide the aossover that we need but the probabiliti es are eguivalent
to randam guessng at ead locus where the parents disagreeon all ele values [Watson &
Polladk 1999%]. It is also na solvable by the Messy GA or Gene Expresson GA
because bath these methods assume an upper limit on the highest order nonlineaity in
the problem. In aher words, they asame that the problem consists of separable
building-blocks. The hierarchicdly consistent nature of HIFF means that blocks at all
levels are strongy and nonlinealy dependent on ore another — whether a block shoud
be dl-ones or all-zeros depends on whether the neighbaing Hock is based on ores or
Zeros.

However, the ICGA using partialy spedfied individuals and a wmbination operator
as described in Figure 1c can solve Shuffled HIFF. In the foll owing sedion we discuss
deterministic cowding as a diversity maintenance method for this algorithm. This
method removes the considerable problem dependence used in ou previous work on
Shuffled HIFF.

4  Deterministic Crowding

Determinigtic Crowding (DC) is a diversity maintenance technique developed by
[Mahfoud 199%. DC is naturally implemented in a steady state GA as described in
Figure 2.

The key feaure of the DC method is restricted competition. Competition between
individualsis limited to individuals that are similar. Simil arity isinvolved in two ways.



firstly, competing individuals are restricted to parent/offspring peirs o their genetic
make-up is nat arbitrary; Seaondy, the pairing rule is designed explicitly to minimize
the difference between dffspring and pdential replaces. This restricted competition
means that the relative fitness of individuals does not matter unless they are similar
enoughto compete. We may imagine two sub-popuations exploring dfferent peaks in
the fitness landscape: if one pedk is higher than the other then using urrestricted
competition the popuation will tend to converge on that pegk and exploration d the
second pedk will be preduded. Using DC the two sub-popuations will not compete.
Note that for this to be the cae the parents must be seleded at random. If they are
seleded propationate to fitnessthen the low-fitness sib-popuation, to follow our two-
peak scenario, will not receive reproductive opportunities.

e Initialize population.

« Repeat until stopping condition:

Pick two parents at random from the population, p1 & p2.

Produce a pair of offspring using recombination, c1 & c2.

Pair-up each offspring with one parent according to the pairing rule below.
For ead parent/offspring pair, if the off spring is fitter than the parent then
replace the parent with the offspring.

Pairing rule: if H(p1,cl)+H(p2,c2) <H(pl,c2)+H(p2cl) then pair p1l with cl1, and

p2 with c2, else pair pl with c2, and p2with cl1, where H gives the genotypic
Hamming distance between two individuals.

Figure 2: A smple form of a GA using deterministic crowding as used in the following
experiments.

Ancther notable fedure of deterministic crowding is eliti st replacament — off spring
will only replacetheir parents if they are fitter. Actualy, we relax this dightly, and
alow offspring to replace parents if they are fitter or equal in fitness This elitism is
sensible given that we believe any competing individuals to be on the same ped — if
this is so, we need not entertain exploratory individuals that are inferior.

It isimportant to redize that deterministic crowding dces not use restricted mating
as used in aher diversity maintenance techniques (e.g. ‘threshalding [Goldberg et al
1989). In DC, any individual may mate with any aher regardiessof their smilarity or
dissmilarity. This important distinction from other niching methods is ided for
recombination as described by the Building Block Hypothesis and for the HIFF
problem. Since recombinationis suppased to combine charaderistics formerly nat seen
together, it makes little sense to restrict mating to similar individuals. A separate
investigation shows that it is the cmbination d dissimilarities that is esentia in this
classof problem and that the common wisdom of recombining oy similar individuals
is misguided. The coombination d differencesis sifficient for finding solutions even in
the somewhat perverse cae where recombination is deliberately restricted so that only
genes thatlisagree in the parents can be inherited [Watson & Pollack 2000b].

Deterministic crowding is thus an appropriate methodfor the ICGA, it segregates the
competition between sub-popuations to maintain dfferent building-blocks, yet it still
allows these building-blocks to be combined together.



5  Experiments

This sdion gves experimental results of the GA and ICGA using deterministic
crowding described in Figure 2. The ICGA differs from the regular GA in that is uses
the partially spedfied individuals and the dominant splice @mbination operator
described in Figure 1c. We dso reed to employ a method to prevent strings from
growingin sizetoo quckly and thereby colleding garbage genes that would defea our
combination operator.

In the Mesyy GA, acaumulation o garbage genes is prevented by wsing two dstinct
phases of operation: in the first phase, individuals are restricted to a fixed size and
seledion identifies good bul ding-blocks. In the second plase, when al good bulding-
blocks have been found individuals grow in size withou restriction. This method is
only applicable when there ae no hgher-order lineaities in the problem, asis the cae
in the test problems used for Messy GAs. Since HIFF has dependencies between bocks
at al levels in the hierarchy we caina use this technique. Instead we must use a
methodthat allows blocks to be acamulated throughmany incremental stages. To this
end, we anploy a size-penalty augmentation to the fitness function. This enables the
size of gtrings to grow gradually, only committing to gene dleles when these genes
return significant fitness contributions, hence, Incremental Commitment GA.

In HIFF, the maximum fitness MF, of astring o size N, isthe product of N and the
number of hierarchicd levels in the string. i.e. MF(N)=N(log,(N)+1). Accordingly,
individuals in our agorithm will receave fitness F'(B)=F(B)-MF(|B|). This ensures that
good small individuals are preferred owver individuals that spedfy several sub-optimal
building-blocks. Clealy, this method requires knowledge of how the fitness of strings
grows with the size of strings (humber of spedfied hits). But such knowvledge says
nothing d where the blocks are or what their solutions might be — there is dill
considerable work to be dore by the dgorithm in dscovering and seaching
combinations of building-blocks.

To compare the combination of individuals in our Incremental Commitment GA
using daminant splice (ICGA), with recombination foundin the standard GA, we will
also test aregular GA using ceterministic arowding. The regular GA is tested with ore-
point crosover (GA one-point) and uriform crosover (GA uniform).’ All three
agorithms are goplied to the Shuffled HIFF, and the GA one-paint is also applied to the
reguar HIFF for comparison. Since the GA uniform and ICGA have no locus
dependent fedures, their performance is identicd on the Shuffled HIFF and regular
HIFF. In all cases, crossover/combination is applied with probability 0.7, and mutation
is applied with 0.03 probability of assgning a new randam allele (0, 1, null; with equal
probability). In the ICGA algorithms, individuals are initialized to spedfy one randam
gene. A popuation size of 1000is used in all cases. Data points are given every 1000
iterations of the aowding algorithm, which is every 2000 evaluations. Performance is
measured by the fithess of the best individual (in the preceeing 2000 evaluations)
averaged over 30 runs for ead algorithm. The problem size is 64 kLits which gves a
maximum fitnessof 448 To enable comparison, the fitnessof individuals in the ICGA
is measured before the size penalty is applied.

® Note that we canat try the size-penalty augmentation with the regular GA sinceindividuals are
fully specified and therefore all have the same size.
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Figure 3. Performance of Incremental Commitment GA, and regular GA (using ore-
point and uriform crosver), on Shuffled HIFF. GA one-point is also shown on
regular HIFF for comparison.

Figure 3 shows clealy that the regular GA using deterministic crowding and ore-
point crosover succeals quickly on reguar HIFF. However, the Shuffled HIFF
prevents siccessul recombination wsing ore-point crosover. Also, uniform crosover is
unable to combine building-blocks reliably (regardless of shuffling). The maao-
mutations [Jones 1995 induced by unform crosover in a diverse popuation keep the
fitness low at first. But eventually they enable better exploration.

Actually, the performance of uniform crosover is better than expeded - it succeeals
in solving the 64 Lt problem in 16 d the 30 runs. It appeas that the mnvergence
sensitive maao-mutation [Eshelman et al 1996 Watson and Polladk 20008 enabled by
uniform crosover, together with a technique like aowding to maintain the blocks
discovered, is quite dfedive & exploring the seach space Thisis only the cae when
using ceterministic cowding, large popuations, and longruns, asin these experiments.
Our previous reseach (comparing performance to the GA with ore-point crosover on
regular HIFF) did na natice that uniform crosver occasionaly succeealed becaise
uniform crosover takes about 12 times more evaluations to succeal (when it does).
Note that uniform crosver cannd recombine building-blocks from two dfferent
parents — where parents disagree gene values are dfedively randamized [Radcliffe
1993 — and its exploration canna be guided by information from lower-level blocks
appropriately for this problem. Its exploration presare is merely to goto pacesit has
not already been. Accordingly, we see that its progress slows down as search continues.

This is in sharp contrast to the performance of the ICGA which is very slow to
discover small building-blocks but ensues more rapidly as each continues. This
unwsual profile can be explained as follows: in the ealy stages the dgorithm must
seach ou which particular pairs of bits make ablock. There ae many size-2 Hocks to
be found and their reward is snall. As the size of blocks discovered increases, the
number of blocks, and the number of combinations to be seached deaeases. Moreover,
the fitness of larger blocks is greaer. Thus the improvement in fitness peeals-up as
search progresses through hierarchical levels.

The ontrast of uniform crosover and the ICGA illustrate the trade-off between



recombination and combination. Uniform crossover is quick to discover reasonable
solutions. An individual that contains a good bulding-block is promoted even if it also
contains garbage on the rest of the string. Eventualy, it finds individuals that contain
many reasonably-sized bulding Hocks but these buil ding-blocks are not necessarily
compatible. Uniform crosover (or one-point crosover on Shuffled HIFF) is
subsequently unable to extrad building-blocks from two dfferent individuas and
recombine them because there is no mechanism to identify which genes within an
individual constitute ablock. The partially spedfied individuals in the ICGA operate
differently. They canna acawmulate garbage genes or sub-optimal blocks © their
fitnessgrows gowly. But when blocks are discovered, they are represented explicitly;
so as higger blocks are discovered, they can be ealy combined together. The ICGA
pays the price in the ealy stages of seach, so that the information contained in
individuals has more utility in the later stages of seach. Overall the trade-off in ou test
problem lies in favor of combination.

6 Discussion and Conclusions

The results abowe ill ustrate that combination o partialy-spedfied individuals can
provide an aternate methodfor successul buil ding-block assembly in problems of poar
genetic linkage. Other schemes attempt to extrad meaningful comporents from parents
that may also be carying garbage genes. Our method ses the ordinary seledion
method d the GA to identify goodsubsets of genes by allowing individuals to represent
subsets explicitly.

The gproach of combination rather than recombination may cause us to think abou
representing problems differently when using an evolutionary algorithm. Consider the
evolution d neural networks. It seans unlikely that we culd exped recombination to
take sub-networks from parents and recombine them in a way that is meaningful.
However, it isnat so hard to imagine the aedion d small networks that provide useful
behaviors, and that when these ae as®mbled together to form larger networks, they
provide an informed exploration d the larger seach space Note that the problem need
not be separable for this to work, as the structure of HIFF illustrates.

We have not yet turned this approach into a pradicd agorithm. The main hudleis
the size-penalty which requires knowledge of how fitness increases with the size of
individuals. However, this paper grealy reduces the required problem knowledge with
resped to previous work. In the meantime, our experiments ill ustrate some important
principles in (re)combination methods.
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