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Abstract Elitism, a technique which consists of copying, unchanges, or more of the
most fitindividuals from one generation to the next, is wydeded in generational
evolutionary algorithms, including Genetic Programmi@P). Elitism ensures
that the best individuals discovered in a generation (amdéé the whole run)
are not lost, and, perhaps even more importantly, are maaiable to new
generations for possible further improvements. In a resemty on the evolution
of robustness in GP the average size of best of run individuels reported
to grow more slowly in the presence of elitism. This is an imi@ot finding,
but no explanation was provided for why this happened nortlédrethis was
a general effect. In this paper we model elitism mathemiiieand explain
how, in general, elitism modulates the dynamics of the meagram size of the
population, including both its positive and negative effem bloat. Experimental
results with two GP systems and four different problemsatworate the theory.
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1. Introduction

Bloat is one of the most widely studied aspects of GP, and rzdhymple-
mentations use elitism. However, to the best of our knowdedg substantial
investigation of their relationships and dependenciesshasbeen proposed.

This paper takes significant steps towards filling that gape pMvide a
mathematical model of elitism and explain how, in geneiitisen modulates
the dynamics of the mean program size of a GP populationydimad its effects
on bloat. We also present corroborating experimental tesaitained from
applying two separate GP systems to four different testlprob. We find that
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in fact elitism can have a significant impact, often sub&diptslowing the rate
of bloat in the later generations of a run.

In the remainder of this section we look at what is known alimih areas
(bloat and elitism) and we survey the key the contributiohthis paper. In
Section 2 we present our theoretical analysis of the effagcditism. We test
our theory in Section 3, where we report empirical resulte tén conclude
in Section 4.

Bloat

It has long been known that in many conditions GP populatexisbit the
phenomenon dfloat—a rapid increase in program size not accompanied by any
significant corresponding increase in fitness. There has bersiderable de-
bate as to the causes of this phenomenon and several qualitegories have
been proposed. For example, tieplication accuracy theoryMcPhee and
Miller, 1995) states that GP evolves towards (bloated)aggntations because
this increases the replication accuracy of individuals.e Té@moval bias the-
ory (Soule and Foster, 1998) observes that inactive code in ag8Rdode that
is not executed, or is executed but its output is then disehrtbnds to be low
in the tree, residing therefore in smaller-than-average-subtrees. Crossover
events excising inactive subtrees produce offspring with game fithess as
their parents. On average the inserted subtree is biggartieaexcised one,
so such offspring are bigger than average while retainimgfitihess of their
parent, leading ultimately to growth in the average progsse. Another im-
portant theory, th@ature of program search spaces the@icgngdon and Poli,
1997; Langdon et al., 1999), predicts that above a certaim, she distribu-
tion of fithesses does not vary with size. Since there are thooig programs,
the number of long programs of a given fitness is greater thamtumber of
short programs of the same fithess. Over time GP samplesriamgelonger
programs simply because there are more of them. Finallycibgsover bias
theory(Poli et al., 2007; Dignum and Poli, 2007) states that cremspushes
the population towards a particular distribution of pragraizes, where small
programs have a much higher frequency than longer ones. uBeda most
problems very small programs have low fithess, programs oVelaverage
length have a selective advantage over programs of belomgedength, and,
so, the mean program size increases generation after gienera

In (Poli and McPhee, 2003), the following size evolution &ipn was de-
rived which provides the expected average size of the prograt the next
generation in a GP population under the effects of selecteproduction, and
many types of crossover (including standard sub-tree ovesk

p(t + 1)) ZSGl (Gi,t) (7.1)
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Herep(t) is the mean size of the programs in the population at geoergtt| |

is the expectation operatdg; is the set of all programs of a particular shape
(shapes are indexed ) S(G;) is the size (number of nodes) of programs of
shapd andp(Gy, t) is the probability of selecting programs of shdgem the
population in the current generation (indexedtpy This equation is a useful
theoretical tool to understand program-size changes, andilwmake use of
this result in the next section to explain how elitism affdaibat. Additionally,

it has been used in the design of bloat control techniques asi¢Poli, 2003).
However, in itself Equation 7.1 does not explain the reagonbloat: it only
describes what kind of things can happen size-wise in a GP That is, the
size evolution equation effectively says that bloat cary dd the result of
an inbalance in the selection probabilities (ultimatelgdises) for differerent
length classes of programs. What it does not do is to say wtly differences

in selection probability exist. A theory of bloat must expléhat.

Important efforts to provide quantitative explanations litoat were also
made in (Banzhaf and Langdon, 2002) and (Rosca, 2003) wieresentation-
less executable models of GP were proposed. In these a fioputéindivid-
uals is evolved, where each individual consists of onlyghremerical values:
the fitness, the size of active code and the size of inactide.condividuals
are manipulated by selection and simple abstractions dditioat(Banzhaf and
Langdon, 2002) and crossover (Rosca, 2003). Various sfigete observed
that were similar to corresponding effects found in GP runs.

Despite these various efforts, it is still unclear how thedties we have
briefly reviewed above are related, how they fit within theotle¢ical framework
provided by Equation 7.1 or the executable models of (Banahd Langdon,
2002) and (Rosca, 2003), whether there is a single causeatf(irh which case,
presumably, only one of the theories is correct) or whethere are multiple
causes (in which case, perhaps, different theories capifiezent aspects of
the bloat phenomenon).

Elitism

Elitism is a commonly used technique where one or more of the highest-
fitness individuals are copied, unchanged, from one gdpared the next. The
amount of elitism used is often characterised bydtlie fraction which is the
ratio N/M between the elite sizéy, and the population sizé/.

Elitismis typically used in generational EAs (including J@@ensure that the
best individuals discovered in a generation (and hencesimtiole run) are not
lost, and, perhaps even more importantly, are made avaifablpossible fur-
ther improvements in subsequent generations. In certaidittons (Rudolph,
1994), this property can even provably make an EA a globatrogeér (given
enough generations).
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The use of elitism is very widespread in GP. Many impleméonat use
elites of sizel, although many systems, such as Luke's ECJ (Luke et al.,)2006
allow for elites of any size. Indeed, GP has successfullynlsee with much
bigger elites. For example, elite fractions of 1% (Piszcd &woule, 2006),
2.5% (Voss and Foley, 1999), 4% (Yanai and lba, 2001), 5%tiisas al.,
2004), 10% (Topchy and Punch, 2001) and even 20% (Alvarek,e2G00)
have been reported in the literature.

An interesting but not widely reported connection existbileen genera-
tional systems with elitism and steady state GP systemsewtssv individuals
are immediately inserted in the population as soon as thegraated. When
new individuals replace the worst individual in the popigaf a steady state
system is equivalent to a generational system with an digeze N = M — 1.
So, the theoretical results derived in this paper also atgptlyis kind of steady
state GP system.

Linking Elitism and Bloat

In a recent study of the evolution of robustness in GP, (Riszw Soule,
2006) used different degrees of elitism in one of their fatsof experiments
(Experiment 3, a symbolic regression problem with(x) as target function).
Their goal was to better understand how different levels lbise affected
the robustness of best-of-run individuals. They also motichowever, that
the average size of individuals increased more slowly agliteefraction was
increased from 0 to 1% in steps of 0.2%. A detailed study diseli was not
the objective of that paper, so there was no theoreticabegbion for why this
happened, or whether this was a general effect beyond th#fispegression
problem and the levels of elitism considered.

In this paper, we aim to better understand how and why elitiginences
the evolution of program size in GP. We show that elitism haslisctable and
general effects on average program sizes. We model thesgtsefhathemat-
ically, showing under which conditions (population sizéteesize, selection
pressure, etc.) elitism encourages or inhibits program gipwth. Finally, we
provide experimental results which corroborate the theasing both a linear
GP system and a tree-based GP system on four different pnsble

2.  Size evolution in the presence of elitism

Equation 7.1 was originally derived under the assumptianttie GP system
is a pure generational system and that only selection arsbaver are acting
on the population (Poliand McPhee, 2003). Below we look at the equation
changes if a proportion of the next generation is createddpyiog some of
the individuals in the previous generation. Then we dis@mse possible
implications of the theory.
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Theory

Let M be the population size, and let us assume that our first stémein
creation of a new generation is copyingmaximally fit individuals over from
the previous generation. We will call these individuals ¢fite.

We definep.(G)) to be the proportion of individuals of shapén the elite.
Note thatthe elite can be thought of as the result of applymeyind of truncation
selection (Thierens and Goldberg, 1994) with truncatiatiord’/M to the
population. So, the quantiy. (G, t) is effectively the selection probability for
programs of shapeunder truncation selection. Let us assume that we have no
ties across the elite boundary, i.e., there is a unique s&tloést individuals:
Then we have

pe(Grt) = 1 3 8(F() > fv() (7:2)

zeG)

whered( ) is an indicator function which returns 1 if its argument igetrand
0 otherwise, the sum is over all programs of sh@pein the population at
generationt, f(z) is the fitness of program and fx (¢) is the fitness of the
N-th best-fit individual in the population at generation

Let 11 (¢) denote the average size of the individuals at tirria the first
N slots of the new population, i.e., those filled by the elitetle# previous
generation. The®[u, (t + 1)] = >, S(G1)p.(Gi, t), where the summation is
extended to all possible shapes. The remaidihg- NV individuals in the new
generations are created in the usual way via standard regtiod, selection
and recombination. Although we use these operations tde;réaeffect, a
smaller population (of sizd/ — N instead ofM), the statistical features of
the individuals in this smaller population, such as meamm size, should
remain the same. Thus the average size of the programs irethgeneration
but not in the elite isE[ua(t + 1)] = >, S(G1)p(Gi,t), as prescribed by
Equation 7.1.

In expectation, we hav®&” x E[u,(t+ 1)] nodes in the elite and/ — N) x
E[us(t+1)] nodes in the rest of the new population. The expected progizen
at the next generation in the presence of elitigfy. (¢t + 1)], is then obtained
by adding these two groups of nodes and dividing by the pdipulaize. That
is

Eluet+1)] = B+ 1) + 22 (e + 1))

D S(G) (pe(Grit) = p(Git)) + > S(Gp(Gr t).
.

l

= zzl=

1The handling of ties can potentially have subtle effectsewlutionary system. See page 98 for more.
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Then, using Equation 7.1 we obtain
Blue(t+ 1) = 2 3G (pe(Gr, 1) (G, 0) + Blu(t +1)] (7.3)
l

In other words, elitism modulates the expected mean progiaeat the next
generation. In particular, it can contribute to increadimg mean program size
if, on averagep. (G, t) > p(Gy, t) for the larger than average program shapes,
or p.(Gy,t) < p(Gy,t) for the smaller than average program shapes or both.
(The opposite happens if the inequalities are invertedjhEumore, everything
else being equal, the effect is modulated by the elite fvacki/M .

With this theoretical result in hand, we are now in a positiontry and
understand more about the magnitude and the nature of g ®f elitism in
different conditions and phases in a GP run.

Insights and Predictions

Theoryis often evaluated on the basis of the number andgoéthe insights
and predictions it allows. Below we look at whether the dBeaf elitism on
program size should be expected to be large or small. Theronsder what
effects one should expect to see in the different phaseswf.ar

Large or Small Effects. Aswe noted in Section 1 many GP implementations
use elites of siz&V = 1. Since GP is often run with large populations, the elite
fraction, N/M, in Equation 7.3 is frequently small (e.g., 0.01-0.1%). S
might expect to see a limited modulation of elitism on the mpegram size
evolution.

This may not necessarily be the case, however, becausei@yuad repre-
sents only the expected behaviour of the system over a diinggestep. Over
multiple time steps, we should expect to see the effectsiti$ralamplified.
Furthermore, elitist GP has successfully been run with kpagdulations (e.qg.,
see (Gathercole and Ross, 1997)) or even tiny populatiogs diller's Carte-
sian GP (Miller, 1999)) where an elite of si2é = 1 may actually correspond
to an elite fraction of 1% to 25%. Small populations are alferoassociated
with long runs, which we would expect to further amplify arffeets of elitism
on program size. Finally, as we indicated in Section 1, stetate GP is widely
used and is likely to behave somewhat like a generationatisywith a very
large elite size. In such cases, we should expect signifidaamges in GP’s
behaviour induced by elitism. Indeed, as we will see in ®ac8, the impact
of the elite size on size evolution is marked even for eligetions as small as
1%.

Faster or Slower Growth. So far we have not said whether we expect
Efue(t + 1)] to be bigger or smaller tha®[u(t + 1)], i.e., whether elitism
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induces faster or slower growthWe cannot give a general answer, since this
depends on the correlation between fithess and length priessach particular
generation. Below, however, we consider two situationsre/iaee can use the
theory to make reasonable, general predictions: the etfyes of a run, and
the late, stagnating stages of a run. Because the detaisdegp heavily on
the particulars of the problem and the run, the argumentsibate often fairly
qualitative.

Early Stages.  GP runs typically start with populations of relatively sinal
programs. In particular, standard initialisation methedsh as the ramped-
half-and-half and the grow method, tend to produce largpqmtans of very
small programs. As noted in (Dignum and Poli, 2007), sohgiare rarely
found among very short programs, at least for problems oftjma interest.
As a result, longer than average programs are often fittar #herter than
average ones in the early stages of a run. Selection willetbee, promote the
use of the longer programs, which in turn leads to a growth @amprogram
size. Note that this growth cannot really be considereddtilsince it is often
associated with rapid improvements in mean and best fithessfitness and
length are positively correlated).

What should we expect elitism to do in these conditions? iy vauch
depends on the aggressiveness of the selection scheme ngsdldeafitness
diversity in the population. If the better (and typically longer) than average
programs only have a slightly higher probability of beindested than the
others, then the introduction of elitism could substahtiaicrease the speed
at which the mean program size grows. This is because th&dnaof the
population created by elitism is effectively created viantration selection,
which is typically characterised by a high selection press&o, unless one is
already using a very strong form of selection, or the inpi@pulation is already
made up of large programs, elitism should make it easier rt@&move the
search towards the longer, more fit programs. Furthermbieréasonable to
expect that the larger the elite fraction the more pronodrtbés effect would
be. Of course, there is a limit to this, since as the elite,sSi¥egrows, the
selection pressure exerted by truncation selection deesg@ee Equation 7.3).

2Here we are assuming that some form of groigtresent in our GP runs. The theory presented in Section 2
is valid whatever the size-evolution behaviour of GP. Si #@pplicable also to those rare cases where one
observes average program size reductions or where averagem size remains more or less constant in
GP runs. We omit the treatment of these cases here due tolspéagons.

SEffectively all selection schemes are equivalent if theeenm fitness differences between members of the
population. Conversely, a relatively weak selection sahesuch as fithess proportionate selection, can
become very aggressive if there are extreme fitness diffesen
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To reiterate, however, if the standard selection schemd irs@ GP run
already provides strong selection pressure at the begjrfimrun? then elitism
may actually weaken the selection pressure, thereby sgpdinvn growth in
the early stages of a run, and doing so proportionally to tite faction. (In
the next section we explain that this is also expected todmappthe late stages
of a run but for different reasons.)

As we will see in Section 3, both of these beginning-of-ruensgios are
encountered in real runs, with elitism increasing growtimiast of the cases,
but also slowing it down in particular conditions.

Late Stages. There are good reasons to believe that in the late stages of
a run, when most of the search momentum has run out and fimesases
have become rare, elitism would slow down bloat, and thatketfext would
be increased as the elite fraction increases. To see thigsleonsider the
following argument.

Since the expected average size of the programs outsidétthis ¢he same
as the expected average size of the programs in the abserdigisoh, i.e.,
Elp2(t+1)] = Elu(t+1)], whetherE[u.(t)] is bigger or smaller thai'[ (¢ +
1)] depends entirely on the expected mean size of the prograrhe ialite,
namely E[u1(t + 1)]. The question then is, what is the average size of these
programs?

This is not easily answered mathematically, but it is cléat,tparticularly
during the late, stagnating phases of arun and when usingmopalations, not
all members of the elite change in one generation. For exaip fittest indi-
vidual in the elite will remain the same until a superior iidual is found. As
a consequence the programs in the elite will often come franyngenerations
before the current one.

If bloat is acting on the population, programs generated-évipus genera-
tions tend to be smaller on average than the programs geddrathe current
generation. Therefore, in these conditions, an aging elitetend to have
programs of an average size which is significantly smallantthe expected
program size at the next generation. In other wofdg,; (t+1)] < E[u(t+1)]
and, so,E[u.(t + 1)] < E[u(t + 1)]. Because of the factaV/M in Equa-
tion 7.3, the effect should be modulated by the elite fractiwith larger elite
showing a more pronounced reduction in the rates of bloat.

Elitism, Bloat and Sorting Algorithms.  Elites are often computed by first
sorting the population by fitness and then taking the firshdividuals to form

4This can happen for a variety of reasons, for instance, lsectie selection scheme imposes a high selection
pressure or because there are extreme fitness differeneasmatre members of the population.
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the elite® The result of this sorting is not fully specified in the presenof ties,

i.e., when there are individuals with identical fitness. Wlies occur within
a group of individuals that lay across the elite boundargntthe elite is not
uniquely determined. The specific details of the sortingadlgm will dictate

which individuals will in fact be copied into the elite.

In this situation, stable sorting algorithfhean (depending on other details
of the system’s implementation) tend to copy the same setdifiduals into
the elite from one generation to the next. Therefore, sisfakmdividuals will
tend to persist longer in the elite, thereby increasing tfierédnce between the
average size of the individuals in the elite and the averageo$the individuals
in the rest of the population. If, instead, the sorting alttpon randomises ties,
then the average age of the programs in the elite may be lesthair sizes
correspondingly greater.

That different sorting algorithms may produce differeritigl behaviours is
important, since there may be conditions under which thecedfof the specific
choice of sorting algorithm could become significant. Weestp however,
these effects to be only visible in small and discrete fitggaains, in partic-
ularly flat or “needly” landscapes, or in landscapes witleagive neutrality,
where ties are more probable. In the experiments reportémvbee used
quicksort(which is not typically stable) anldubble sort(which in our case was
stable). We did not see substantial differences in behagiowss different do-
mains and algorithms, suggesting that typically any défferes are small and
merely quantitative, rather than qualitative.

3.  Experimental Results

We used two GP systems and two test problems for each. Welnkew@se in
the next sub-section. Then we describe the size-evolutitiaiours recorded
in our experiments with different degrees of elitism. Fipale briefly discuss
the impact of elitism on GP’s problem-solving effectivenes

GP Systems, Problems and Primitive Sets

Linear GP.  The first system we used is a linear generational GP system.
It initialises the population by repeatedly creating ramdmdividuals with
lengths uniformly distributed between 1 and 100 primitivéhe primitives
are drawn randomly and uniformly from each problem’s privaitset. The

50Obviously whenN is fixed and very small (e.gV = 1 or N = 2), it is faster to identify the elite by
performing a linear scan of the population during which otoees the besV individuals found so far. For
larger values ofV, however, sorting is more efficient.

6Stable sorting algorithms maintain the relative orderesfis with equal comparison values, e.g., individuals
with equal fitness.
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system uses fithess proportionate selection and crossppked with a rate of

100%. Crossover creates offspring by selecting two randarssover points,
one in each parent, taking the first part of the first parentthadecond part of
the second w.r.t. their crossover points. We used populsitad size 100 and
1000. For populations of size 100 we performed 500 indepandms. For

populations of size 1000 we performed 100 independent fangas lasted 100
generations.

With the linear GP system we used two families of test prolktem
Polynomial andLawn-Mower. Polynomial is a symbolic regression problem
where the objective is to evolve a function which fits a degrpelynomial of
the formaz + 22 + --- + 24, for z in the range[—1,1]. Polynomials of this
type have been widely used as benchmark problems in the &gtlite. In
particular we considered degrée= 6, and we sampled the polynomial at the
21 equally spaced points € {—1.0,—0.9,...,0.9,1.0}. We call the result-
ing problem instanc@oly-6. Fitness (to be minimised) was the sum of the
absolute differences between target polynomial and theubyproduced by the
program under evaluation over these 21 fitness cases. Bartitilem we con-
sidered a primitive set including the following instrugt® R1 = RIN,R2 =
RIN,R1 = R1 + R2,R2 = R1 + R2,R1 = R1 * R2,R2 = R1 * R2, and
Swap R1 R2. The instructions refer to three registers: the input tegBIN
which is loaded with the value af before a fitness case is evaluated and the
two registerk1 andR2 which can be used for numerical calculatiols. and
R2 are initialised tor and0, respectively. The output of the program is read
from R1 at the end of its execution.

Lawn-Mower is a variant of the classical Lawn Mower problem introduced
by Koza in (Koza, 1994). As in the original version of the gesb, we are
given a square lawn made up of grass tiles. In particular,amsidered lawns
of size10 x 10. The objective is to evolve a program which allows a robotic
lawnmower to mow all the grass. In our version of the problerhi¢h differs
slightly from Koza’s), a robot can perform one of three agtiat each time
step: move forward one step and mow the tile it landsMarw], turn left by 90
degreesI{eft) or turn right by 90 degree®{ght). Fitness (to be minimised)
was measured by the number of tiles left unmowed at the ertteadtecution
of a program. We limited the number of instructions allowadai program
to a small multiple of the number of tiles available in the fa¢400 in these
experiments).

Tree-based GP. Forthese experiments we adapted Fraser and Weinbrenner’s
tree-based GPC++ (Fraserand Weinbrenner, 1997) so aswathé use of elites
of any size. We considered two classical problems: Atlne problem and the
Even-5 Parity problem. In both cases we used the standard primitives as
described in (Koza, 1992), using populations of size 1001&8®. Runs lasted
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300 generations foant and 500 generations f@ven-5 Parity. We used
fitness proportional selection and Koza'’s subtree crossawelied with either
80% or 100% probability. In all conditions we performed 10@ependent
runs.

Size Evolution Results

We ran all the configurations outlined in the previous sectising six dif-
ferent elite sizes: 0%, 1%, 5%, 10%, 30%, and 50% of the pdipulaln this
paper we will only report the results with the larger popugas (size 1000) due
to space limitations. However, the results with populaiah size 100 were
qualitatively similar.

Figure 7-1 shows the results we obtained with our linear Gfeesy on the
Poly-6 symbolic regression problem for the different efiiercentages. The
main thing to note here is that, while all systems behavetkeratimilarly in
the early generations, elitism seems to induce a reduatitimeirate of bloat in
the later generations, with the runs using the bigger diitesting more slowly
than those with smaller elites and than “no elite” case. Byegation 100,
the runs with elite fractions< 10% had average sizes that were nearly twice
as large as those using 50% elitism, for example. In the egherations we
don't see a quicker growth in the presence of elitism (as wagasted as a
possibility in Section 2) because in symbolic regressiasbf@ms of the kind
considered here, fitness values across the population feyehigh variance
in the early generations, making fitness proportional sigleenore aggressive
than truncation selection. Essentially the same can befsetifie Lawn-Mower
problem, as illustrated in Figure 7-2, where initially teés a strong correlation
between length and fitness.

For tree-based GP, however, we see the two phases postuiegedtion 2,
both in theAnt problem (Figures 7-3 and 7-5) and in tBgen-5 Parity
problem (Figures 7-4 and 7-6). In all cases we see thatllyitthe stronger the
elitism the faster the growth in program size. The picturd@svever, reversed
when the population settles into a stagnating phase. Therpredicted, the
rate of bloat is very markedly reduced by increasing thésetitin the system,
with elite fractions of 30% and 50% essentially behaving adtridentically.
This is consistent with our prediction that there would bevatlto the effects
of additional elitism. Note also that elitism affects bloaessentially the same
way whether or not the reproduction operator is used to eragroportion of
the individuals in the new generation as one can see by camgp@igure 7-3
with Figure 7-5 and Figure 7-4 with Figure 7-6.

Only one caseppearsto deviate from what we expected. This is repre-
sented by the runs of tteren-5 Parity problem where no elitism was used.
These runs (see Figures 7-4 and 7-6) appear not to bloat abatrary to our
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Figure 7-1. Plots of the average size of programs vs generation in arli@asystem with
populations of size 1000 solving the Poly-6 problem for eliint elite fractions. Plots are
averages over 100 independent runs.
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Figure 7-2. Plots of the average size of programs vs generation in arli@@asystem with
populations of size 1000 solving the lawnmower problem féfecent elite fractions. Plots are
averages over 100 independent runs.

expectation that the no-elitism case would be, in gendnalfdastest growing.
The reason for this is very simple. In this problem, with ayagon of 1,000
individuals, most (if not all) programs in the first geneoatisatisfy 16 out
of the 32 fitness cases (see for instance (Langdon and POR, 2@&nneschi,
2004; Vanneschi et al., 2006)). When an improvement is fpitigpically is a

program that satisfies one extra case. With fithess propeartisoselection this
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Ant Problem, Popsize=1000
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Figure 7-3. Plots of the average size of programs vs generation in aoased GP system with
populations of size 1000 solving that problem for different elite fractions and a crossover
rate of 100%. Plots are averages over 100 independent ruresfirt 50 generations are also
shown in the inset with a log scale. Note that the values fé6 80te and 50% elite were almost
identical, and the 30% values tend to obscure the 50% vatuissi plot.
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Figure 7-4. Plots of the average size of programs vs generation in aoased GP system with

populations of size 1000 solving tReen-5 Parity problem for different elite fractions and a
crossover rate of 100%. Plots are averages over 100 indepenghs. The first 200 generations
are also shown in the inset with a log scale. Note that theegalar 30% elite and 50% elite

were almost identical, and the 30% values tend to obscurg¥evalues in this plot.

produces a very small increase in the selection probalfditguch a program.
Since we use 100% crossover, without elitism this improvesy@m is very
likely to be destroyed at the next generation. Its offspiwwdich statistically
might be slightly longer then average) are likely to haveshme fitness as the
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Ant Problem, Popsize=1000
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Figure 7-5. Plots of the average size of programs vs generation in aoased GP system with
populations of size 1000 solving that problem for different elite fractions and a crossover
rate of 80%. Plots are averages over 100 independent runs fiffEh50 generations are also
shown in the inset with a log scale.
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Figure 7-6. Plots of the average size of programs vs generation in aoased GP system with
populations of size 1000 solving tleen-5 Parity problem for different elite fractions and a
crossover rate of 80%. Plots are averages over 100 independes. The first 200 generations
are also shown in the inset with a log scale.

rest of the population. So, they are not likely to be reseléctn short, there is
very little correlation between size and fithess, so manggsions are needed
before significant progress can be made on the problem aatiddo really set
in. Eventually it does so; notice the small rise in the veritdoo right corner of
the figure, which corresponds to an average size of 67.1 néaepopulations
of 100, the final average size was 160.9. In both cases thage/size in the
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initial population was 15.3. We conjecture that if given mamore generations
populations without elitism would eventually overtake gbavith elitism.

Fitness and Success Rates

In order to convey a fuller picture of the effects of elitiswe include some
information on fithness and success rates for the various c@tibns studied
here.

ThattheEven-5 Parity problem cannotbe solved with populations of 1000
individuals without elitism is very apparent in the fitnesst ghown in Figure 7-
7 (bottom). In the absence of elitism the mean fithess of timiljation (not
shown) improves extremely slowly fromits initial value &.1Furthermore, the
average over the 100 runs of the best fitness in the populétibich, without
elitism, cannot be retained) does not improve from itsahitalue of around 14
and, in fact, slightly worsens over time (Figure 7-7, botjois soon as elitism
is added, however, there is something like a phase transiwith the larger
elite fractions leading to larger advantages both in terimm@an fitness and
best fithess. This is consistent with (Vanneschi et al., p@®@re this problem
was shown to present a large neutral network with fithessdlf fwhich one can
reach individuals of high fithess only by following very nanr paths. Each path
is formed by a chain of neighbouring individuals that are andation apart.
Thus, the only way to escape from the network is to ensurgishatls of fithess
higher than 16 are kept in the population and progressivaiyér improved.
This is why, effectively, in the parity problem elitism natly provides smaller
solutions, but it also makes the search for solutions easier

Figure 7-7 also shows the best fithess plots fortieproblem with different
levels of elitism. Because of the nature of the problem aathipher granularity
of the fitness function, here the absence of elitism doesmdie catastrophic
results. Elitism, however, does appear to be advantagemtsaipoint both in
terms of mean population fithess and in terms of best fithesadh generation.
Best results are obtained with small amounts of elitism,, &%7 Increasing
the elite fraction slightly decreases performance. Sotlfent problem one
can trade accuracy for solution size by changing the elte. sin this sense,
elitism acts as a typical anti-bloat method.

A similar kind of behaviour was also observed with the lin€d® system
when solving thePoly-6 problem. As shown in Table 7-1, the success rate
tended to decrease slightly at the highest elite fracti&®$4, and possibly
also 30%), although it its not clear whether there is anyiBgant difference
with smaller elites. The table also shows the mean best $itfezsor) obtained

"This does not mean that the traditiomsl = 1 is best. The smallest value of the elite fraction in our runs
was 1%, which corresponds, for populations of 1000, to aa efiN = 10 individuals.
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Ant Problem, Popsize=1000
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Figure 7-7. Plots of the best fitness of programs vs generation in a tasedGP system with
populations of size 1000 solving the ANT (top) and Even-5tiPévottom) problems for different
elite fractions and a crossover rate of 100%. Plots are gesraver 100 independent runs.

in different configurations. This is substantially unafegt by the elite size,
except, possibly, at the highest elite fraction. The suxcates and fithesses
for the (easierLawn-Mower problem (not reported) showed no variation with
the elite size.

4. Conclusions

Elitism is widely used in GP, particularly when the popuatiis not very
large and there is a greater chance of losing the best indiidSurprisingly,
despite its widespread use, to the best of our knowledge tisevery little
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Table 7-1. Success rate and mean best fitness in runs with a linear G#rsgetving the poly-6
problem for different degrees of elitism. Figures wereraatied based on 500 independent runs
for population size 100 and 100 independent runs for pojuiatize 1000.

Population Sizg Elite Fraction | Success Rate Mean Best Fitnes$
100 No Elite 0.41 0.64
100 1% 0.34 0.60
100 5% 0.39 0.63
100 10% 0.38 0.62
100 30% 0.31 0.57
100 50% 0.24 0.51
1000 No Elite 0.71 0.85
1000 1% 0.76 0.88
1000 5% 0.65 0.82
1000 10% 0.78 0.89
1000 30% 0.69 0.84
1000 50% 0.53 0.75

literature and no theory on the effects of elitism in GP. Thé/@ase where
different degrees of elitism were tested was one set of @xgeits (out of four)
with one problem in the work by Piszcz and Soule (Piszcz ande5@006),
and the focus there was on the evolution of robustness in @Rrr¢han on
explaining the effects of elitism on bloat.

In this paper we provided a general mathematical model okffexts of
elitism on program size evolution, a series of predictionstlee qualitative
behaviour of GP based on this model and a plethora of expetaheesults
corroborating both the model and its predictions.

Our results make it clear that elitism can have a powerfidatfbn bloat,
generally reducing the level of bloat in the later genersjowith larger elite
sizes typically controlling bloat more strongly. Elitisnsa improved perfor-
mance in most cases. So, in general the use of elitism (ppsgith bigger
elites than the single individual used routinely) bringgé#icant advantages to
GP.
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