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Abstract The parsimony pressure method is perhaps the simplest astifree
quently used method to control bloat in genetic programmimthis chapter we first
reconsider the size evolution equation for genetic prognarg developed in [28]
and rewrite it in a form that shows its direct relationshipPiace’s theorem. We
then use this new formulation to derive theoretical restg show how to prac-
tically and optimally set the parsimony coefficient dynaaflic during a run so as
to achieve complete control over the growth of the programs population. Ex-
perimental results confirm the effectiveness of the methsdye are able to tightly
control the average program size under a variety of conditid@hese include such
unusual cases as dynamically varying target sizes so teah#an program size is
allowed to grow during some phases of a run, while being fbtoeshrink in others.

1 Introduction

Starting in the early '90s researchers began to noticerteatdition to progressively
increasing their mean and best fitness, GP populations glsbited certain other
dynamics. In particular, it was often observed that, whilke &average size (number
of nodes) of the programs in a population was initially faistatic (if noisy), at
some point the average program size would start growing apid pace. Typically
this increase in program size was not accompanied by angsmonding increase
in fitness.
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This phenomenon, which is known &atoat and can succinctly be defined as
program growth without (significant) return in terms of fisgehas been the subject
of intense study in GP, both because of its initially sutipgsature, and because of
its significant practical effects. (Large programs are cotajonally expensive to
evolve and later use, can be hard to interpret, and may éxiubr generalisation.)
Over the years, many theories have been proposed to ex@dous aspects of
bloat [27, Section 11.3]. We review the key theoretical lisson bloat in Section 2,
with special emphasis on tteize evolution equatiof28] as it forms the basis for
this new approach.

While the jury was out on the causes of bloat, practitiongitdsd the practical
problem of combating bloat in their runs. Consequently,réet of practical tech-
niques have been proposed to counteract bloat; we reviese theSection 3. We
will particularly focus on theparsimony pressure metht4, 38], which is perhaps
the simplest and most frequently used method to control lrogenetic program-
ming. This method effectively treats the minimisation afesas a soft constraint
and attempts to enforce this constraint using the penalthodei.e., by decreas-
ing the fithess of programs by an amount that depends on ikeirghe penalty is
typically simply proportional to program size. The integsiith which bloat is con-
trolled is, therefore, determined by one parameter caliegharsimony coefficient
The value of this coefficient is very important: too small &uesand runs will still
bloat wildly; too large a value and GP will take the minimieatof size as its main
target and will almost ignore fitness, thus converging talsaxtremely small but
useless programs. Unfortunately, however, the “correatties of this coefficient
are highly dependent on particulars such as the problenglsgilved, the choice
of functions and terminals, and various parameter settivigy little theory, how-
ever, has been put forward to aid in setting the parsimonificet in a principled
manner, forcing users to proceed by trial and error.

This chapter presents a simple, effective, and theorstigedbunded solution to
this problem. In Section 4, we reconsider the size evoluéiguation for GP de-
veloped in [28], rewriting it in a form that shows its direelationship to Price’s
theorem [29, 18, 27]. We then use this new formulation towgettieoretical results
that tell us how to practically and optimally set the parsaypcoefficient dynam-
ically during a run so as to achieve very tight control over #iverage size of the
programs in a population. We test our theory in Section 5 @/keér report extensive
empirical results, showing how accurately the method cbsfprogram size in a
variety of conditions. We then conclude in Section 6.

2 Bloat in Theory

As mentioned above, there are several theories of bloagXample, theeplication
accuracy theory22] states that the success of a GP individual depends ability
to have offspring that are functionally similar to the pareéks a consequence, GP
evolves towards (bloated) representations that incregygiécation accuracy. The
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removal bias theory37] observes that inactive code in a GP tree (code that is not
executed, or is executed but its output is then discardedpt® be low down in the
tree (i.e., near its leaves), residing therefore in smidlfian-average-size subtrees.
Crossover events excising inactive subtrees produceroftgpith the same fitness
as their parents. On average the inserted subtree is biggeithe excised one, so
such offspring are bigger than average while retaining timeds of their parent,
leading ultimately to growth in the average program sizeotAer important theory,
the nature of program search spaces the¢ty, 19], predicts that above a certain
size, the distribution of fitnesses does not vary with sizecé&there are more long
programs, the number of long programs of a given fitness etgréhan the number
of short programs of the same fitness. Over time GP samplegtand longer
programs simply because there are more of them.

The explanations for bloat mentioned above are largelyitgtige. There have
been, however, some efforts to mathematically formalise earify these theo-
ries. For example, Banzhaf and Langdon [3] defined an exeleutaodel where
only the fitness, the size of active code and the size of wacibde of programs
were represented (i.e., there was no representation ofgrogtructure). Fitnesses
of individuals were drawn from a bell-shaped distributi@rile active and inac-
tive code lengths were modified by a size-unbiased mutati@nador. The model
was able to reproduce some effects which are found in GP Rosca proposed a
similar, but slightly more sophisticated model which alsoliided an analogue of
crossover [31]. A strength of these types of models is theipbcity. A weakness
is that they suppress or remove many details of the repr@s@mtand operators
typically used in GP. This makes it difficult to verify if alhé phenomena observed
in the model have analogues in GP runs, and if all importahabieurs of GP in
relation to bloat are captured by a model.

In [24, 28], asize evolution equatiofor genetic programming was developed,
which is an exact formalisation of the dynamics of averaggmm size:

Elut+1)]= ZS(Gop(Ght), 1)

Herepu(t+ 1) is the mean size of the programs in the population at geoartati 1,

E[ ] is the expectation operatdg is the set of all programs having a particular
shapd, S(G)) is the size of programs in the g8t (i.e., programs having the shape
1), and p(Gy,t) is the probability of selecting programs fro® (i.e., of shapd)
from the population in generatidn This can be rewritten in terms of the expected
change in average program size as:

E[u(t+1>fu(t)]:ZS(G|)(p(G|,t)f¢(G|,t)), 2

where®(G,t) is the proportion of programs of sha@ein the current generation.
Both equations apply to a generational GP system with seteaend any form of
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symmetric subtree crossovésee [28] for a proof), but not mutation. Size-evolution
equations can be derived also for mutation [35], but theyd#ferent from Equa-
tions (1) and (2). No other assumption is required by thesatgons (e.g., infinite
population).

These equations make a prediction only one-step in thedullowever, as we
will see in the paper this is sufficient for many practical pmses. Note also that
Equations (1) and (2) do not directly explain bloat. They, &i@vever, important
because they constrain what can and cannot happen sizeéa@® populations.
So, any explanation for bloat (including the theories sumised in this section) has
to agree with these results. In particular, Equation (1jots that, for symmetric
subtree-swapping crossover operators, the mean progzaralves as if selection
only was acting on the population. This means that if thewe variation in mean
size (bloat, for example) it must be the result of some forrpagitive or negative
selective pressure on some or all of the shapeg&quation (2) shows that there can
be bloat only if the selection probability(G,t) is different from the proportion
®(Gy,t) for at least somé. In particular, for bloat to happen there will have to be
some shor6,’s for which p(G,t) < ®(Gy,t) and also some long&;’s for which
p(Gi,t) > @(G,t) (at least on average). As we will see later, Equations (1)and
are the starting point for the work reported here.

We conclude this review with a recent explanation for bl@dled thecrossover
bias theory[26, 5] which is based in significant part and is consisterthwie
size evolution equation above. On average, each applicafisubtree crossover
removes as much genetic material as it inserts. So, crossoviégs own does not
produce growth or shrinkage. However, while theanprogram size is unaffected,
higher momentsf the distribution are. In particular, crossover pushespgbpula-
tion towards a particular distribution of program sizes @gtange distribution of
the second kind), where small programs have a much highguérecy than longer
ones. For example, crossover generates a very high propafisingle-node indi-
viduals. In virtually all problems of practical interesery small programs have no
chance of solving the problem. As a result, programs of abegeage length have a
selective advantage over programs of below average le@gtisequently, the mean
program size increases.

3 Bloat Control in Practice

The traditional technique of fixing a maximum size or depthdoy individuals to
be inserted in the population are by-and-large ineffeetivntrolling bloat. In fact,

in some cases they can even induce growth [6]. So, over ths peanerous empir-
ical techniques have been proposed to control bloat [19,T3&se includsize fair
crossoverandsize fair mutatior{16, 4], which constrain the choices made during
the execution of a genetic operation so as to actively pteymwth. In size-fair

1 In a symmetric operator the probability of selecting paitic crossover points in the parents
does not depend on the order in which the parents are drawntfre population.
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crossover, for example, the crossover point in the firstqtdseselected randomly,
as in standard crossover. The size of the subtree to be dxsiieen used to con-
strain the choice of the second crossover point so as to giegréhat the subtree
chosen from the second parent will not be “unfairly” big. Almer technique, the
Tarpeian method?25], controls bloat by acting directly on the selection fpabil-
ities in Equation 2 by setting the fitness of randomly chosemgér than average
programs to OMulti-objective optimisatiorfwith two objectives: fithess and size)
has also been used to control bloat. For example, [7] usedi#istbselection based
on the Pareto criterion to reduce code growth without sigaiift loss of solution ac-
curacy, and [13] used a Pareto approach on regression prsbifean industrial
setting.

Older methods include severalutation operatorshat may help control the av-
erage tree size in the population while still introducingvrgenetic material. [11]
proposes a mutation operator which prevents the offsgridgpth being more then
15% larger than its parent. [15] proposes two mutation dpesan which the new
random subtree is on average the same size as the code itegplaHoist mu-
tation [12] the new subtree is selected from the subtree being rechébom the
parent, guaranteeing that the new program will be smalken its parentShrink
mutation[2] is a special case of subtree mutation where the randohdgen sub-
tree is replaced by a randomly chosen terminal. [23] pravitieoretical analysis
and empirical evidence that combinations of subtree cx@ssnd subtree mutation
operators can control bloat in linear GP systems.

None of the methods mentioned above, however, has gainedaswidespread
acceptance as thgarsimony pressure meth¢ti4, 38]. The method works as fol-
lows. Let f(x) be the fithess of program When the parsimony pressure is applied
we define and use a new fitness function

fp(X) = F(X) —c£(x) (3)

where{(x) is the size of program andc is a constant known as thgrsimony
coefficienf [38] showed the benefits of adaptively adjusting the coeiffict at
each generation in experiments on the evolution of Sigm@eBral networks with
GP , but mostimplementations and results in the literatotesdly keepc constant.
As we will see in Section 4, however, a dynamiis in fact essential to obtain full
control of bloat.

The parsimony pressure method can be seen as a way to adtiess t
generalisation-accuracy tradeoff common in machine legrf88, 33]. There are
also connections between this method and the Minimum D@gmniLength (MDL)
principle used to control bloat in [9, 10, 8]. The MDL apprbarses a fithess func-
tion which combines program complexity (expressed as ttmebau of bits neces-
sary to encode the program'’s tree) and classification essqréssed as the number
of bits necessary to encode the errors on all fithess casestaRalso linked the

2 Naturally, while f, is used to guide evolution, one needs to still use the oriditmess function
f to recognise solutions and stop runs.
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parsimony pressure method to his approximate evolutioat&mns for rooted-tree
schemata [33, 30, 32, 34].

Naturally, controlling bloat while at the same time maximgsfitness turns the
evolution of programs into either a multi-objective optiation problem or, at least,
into a constrained optimisation problem. Thus, as mentlam&ection 1, we should
expect (and numerous results in the literature show thig)ekcessively aggressive
methods to control bloat may lead to poor performance (imsesf ability to solve
the problem at hand) of the evolved programs. The parsimoagspre method is
not immune from this risk. So, although good control of blo@h be obtained with
a careful choice of the parsimony coefficient, the choiceusthsa coefficient is
an important but delicate matter. To date, however, trid @mor remains the only
general method for setting the parsimony coefficient. Furttore, with a constant
¢ the method can only achieymartial control over the dynamics of the average
program size over time.

In this chapter we aim to change all that, theoretically\deg and testing an
easy and practical modification of the parsimony pressweteiigue which provides
extremely tightontrol over the dynamics of the mean program size.

4 Optimal Parsimony Pressure

In this section we show the relationship between the sizéugwa equation and
Price’s Theorem [29]. We also show how to use this new fornihefsize evolution
equation to solve for dynamic parsimony coefficients thdt allow for various
types of control of the average program size (e.g., Equstfta), (15), (19), and
(20), which follow). Despite their theoretical origin, #eeforms of size control
are straightforward to add to most GP systems and (as is sho@eaction 5) can
provide exceptionally tight control over the average pafiah size.

Let us start by considering Equation (1) again. With trivienipulations it can
be rewritten in terms of length-classes, rather than trapes) obtaining

Elu(t+1)] = ;fp(f,t) (4)
where the index ranges over all program sizes, and

L= T PG (5)
1:S(G)=t

is the probability of selecting a program of lengttSimilarly, we can rewrite Equa-
tion (2) as

Elap) = El(t+ 1)~ W] = 3 (PO~ @(L0), (6)

where®(/,t) = 3 1.gq)=¢ P(Gi,1).
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We now restrict our attention to fitness proportionate s&lacin this case

f{4,t)
L)y = t)—— 7
P(ELL) = P67 ()
wheref (¢,t) is the average fitness of the programs of gizmd f_(t) is the average
fithess of the programs in the population, both computedm@igeiont. Then from

Equation (6) we obtain

E[Au] = ;e (aa(e,t)% - ¢(€,t))
- f_(lt_) ;e(f(ﬁ,t) — () ®(L,1)

(s F(0.t) — Tt)D(e

= f—(t—)(;( —H®)(F(,1) = f(1))@(L,t)

= cov((,f) by definition

HO (Y- F)oe),

= o by definition of f (t)
whereu(t) = 5,¢ ®(¢,t) is the current average program size. So,

Cov(/, f)
ElAH = 5 ®)

This result is important because it shows that Equationoi®) coarse-grained ver-
sion of Equation (2), is in fact a form of Price’s theorem (g% 18, 1] for a detailed
review). While Price’s theorem is generally applicable iiwheritable features” in
an evolving system, only informal arguments have so far lmeade conjecturing
that size might be one such feature [18]. Our requtivesthe conjecture.

We are now in a position to more clearly see the effects ofipansy pressure
and, more generally, of any form of program-size controkeldasn the following
generalisation of Equation (3):

fp(xt) = f(x) = g(¢(x),t) (9)

whereg is a function of program sizé(x), and generatiort, To achieve this we
consider Equation (8) when the fitness functibix) is replaced byfp(x,t). We
obtain
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ElAp] = %ﬁfp) (10)
_ Cov((, f—qg)
- -
_ Cov(¢, f) —Cov(/,q)
_ - (12)

where we omitted for brevity. So, absence of growth (and blo&jAu] = 0, is
obtained if
Cov(¢,9) = Cov(¢, f). (13)

In many conditions, this equation makes it possible to deitez penalty functions
g that can be used to control the program size dynamics in G& run

As an example, let us consider the cgé&x),t) = c(t)¢(x) wherec(t) is a func-
tion of the generation numbeér(This is essentially the traditional parsimony pres-
sure in (3) but here the parsimony coefficient is allowed tangje over time.) Then

Cov(¢,g) = c(t) Cov(¢, ) = c(t) Var(¢).

Substituting this into Equation (13) and solving ftit) one finds that, in order to
completely remove growth (or shrinking) from a run, one restedset

~ Cov(/, 1)

o(t) = <oy D (14)

Note thatc is a function oft because both numerator and denominator can change
from generation to generation.

Let us now consider the more general cggéx),t) = c(t)¢(x)k wherek is any
real number (positive or negative). Here the no size-chaogdition requires

c(t) = Cov(¢, f)/ Cov(l, (¥). (15)

Note that wherk < 0O, instead of penalising longer individuals we give a fithess
advantage to shorter individuals, which is an equally gdoategy for controlling
bloat as we illustrate in Section 5.

As another example, let us consider the aggéx).t) = c(t)(¢(x) — u(t)). Here

Cov(¢,9) = c(t)Cov({, £ — u(t))
= c(t)Cov(¢,¢) —c(t) Cov(4, u(t)).

But, Cou(¢, u(t)) =0and Cov¢, ¢) = Var({), so we end up with Equation (14) again
(although the resulting penalty coefficient is then useddiffarentg).

What if we wantedu (t) to follow, in expectation, a particular functiorit), e.g.,
the rampy(t) = u(0) + b x t or a sinusoidal function? The theory helps us in this
case as well. Adding (t) to both sides of Equation (10) we obtain:
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Cov(¢, f)—Cov(¢,9)
f-g
If gis a family of functions with a single parameter (as is trualbthe functiongy
considered above), then we can use this constraint to sohthé free variable. For

example, if we want to control bloat with parsimony termstaf formg(¢(x),t) =
c(t)¢(x)k we can substitute this into Equation (16), obtaining

+HE) =E[pt+1)]=yt+1). (16)

Cov(¢, f) —c(t) Cov(¢, £¥)
f—c(E[N

+u(t) = yt+1). 17)

Solving forc(t) gives:
ety = _SOME D) — (Mt +1) —p)f
Cov(¢, ) — (y(t+1) — p(t))E[¢X]
If k=1, i.e.,g=c(t)¢(x) (as in the standard parsimony pressure), this simplifies to

Cov(t, )~ (ylt + 1)~ u(t)
) = Var(t)— (yit +1)— g

(18)

(19)

Note that, in the absence of sampling noise (i.e., for anitefipopulation),
requiring thatE[Au] = 0 at each generation causes Equation (13) to reduce to
u(t) = u(0) for all t > 0. However, in any finite population the parsimony pres-
sure method can only achiexqu = 0 in expectationso there can be some random
drift in p(t) w.r.t. its starting value ofz(0). Experimentally we have found that
this tends to be significant only for very small populationd éng runs. If tighter
control over the mean program size is desired, one can usatiBgy18) with the
choicey(t) = u(0), which leads to the following formula

ety = COME ) — (O — pt) T
Cov({, %) — ((0) — H(t) EI

(20)
il
Note the similarities and differences between this and Eouél5). In the presence
of any drift movingu(t) away fromu(0), this equation will actively strengthen the
size control pressure to push the mean program size backitutial value®

As we will see in the following section, our technique givegris almost com-
plete control over the dynamics of the mean program size canttol can be ob-
tained in a single generation. It is thus possible to desitgrésting schemes where
the covariance-based bloat control is switched on or ofif&rént times, perhaps
depending on the particular conditions of a run. In the negtisn we will, for ex-
ample, test the idea of letting the GP system run undistusb&tthe mean program
size reaches a threshold, at which point we start applyiogtldontrol to prevent
further growth.

3 We talk about size control pressure rather than parsimosgspre because(t) can drift both
above and belowu(0).
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Also, we note that while much of this theory assumes the u$inefss propor-
tionate selection, Equation (6) is valid in general and am@lccimagine selection
schemes that directly penalise the selection probalsiliié t) rather than fithesses.
As we will see in the experiments, however, the penalty ociefiis estimated us-
ing the theory developed for fithess proportionate selaciiually work very well
without any modification also in systems based on other fafsglection, such as
tournament selection.

Finally, we would like to make clear that while our covarigatsimony pressure
technique can control the dynamics of program size, cdittggbrogram size is only
one aspect of bloat. We are not explicitly addressing theesof bloat here (these
are discussed in detail elsewhere, e.g., [26, 5]): we ar@gtie worst symptom
associated with such causes.

5 Experimental Results

To verify the theory in a variety of different conditions, wenducted experiments
using three different GP systems—two linear register-ad3E systems and one
tree-based GP system [21] —and several problems. We brieflgribe these sys-
tems and the problems in the next section, and then preseetafour experimental
results. Due to space limitations we will be able to repordétail on only a frac-
tion of the tests we made, but the reported results generatioss a wide array of
experiments.

5.1 GP Systems, Problems and Primitives

The first GP system we used was a linear generational GP syHtémitialises
the population by repeatedly creating random individuath wengths uniformly
distributed between 1 and 200 primitives. The primitives drawn randomly and
uniformly from a problem’s primitive set. The system usesd#s proportionate
selection and crossover applied with a rate of 100%. Crassoeates offspring by
selecting two random crossover points, one in each panedtteking the first part
of the first parent and the second part of the second w.rit.d¢ressover points. We
used populations of size 100, 1,000 and 10,000. In each tondie performed
100 independent runs, each lasting 500 generations.

With this linear GP system we used two artificial test prokdeifhe first was
the Hole problem, which simply allocates a fitness of 0.001 to prografnsize
smaller than 10 nodes, and a fitness of 1.0 to all other progirahis problem was
used because it presents the minimal conditions for bloat¢ar (according to the
crossover-bias theory described in Section 2). The secorggm, which we will
call Square Root , was one where the fitness of programs was simply the square
root of their size, i.e.f(x) = y/£(X). This problem also satisfies the conditions



Parsimony Pressure Made Easy: Solving the Problem of BioaH 11

Table 1 Primitive sets used in our experiments.

Polynomial 6-MUX
R1 = RIN AND
R2 = RIN OR
R1 = R1 + R2NAND
R2 = R1 + RZNOR
R1 = R1 * R2

R2 = R1 x R2

Swap R1 R2

for bloat, but, unlike the previous one, here the entire éisnandscape is expected
to favour bloat (not just sections containing the very sipoograms) because the
correlation between length and fitness is very high for aksi Because of its very

strong tendency to bloat, we consider this problem a goedstrest of our method.

The fitness for bothHole and Square Root is determined completely by the

size of the program, so any choice of primitive set producesame results.

The second GP system we used was also linear and generaltiosak the same
crossover (with the same rate) and the same form of inigitddia as the first system,
but initial program lengths are in the range 1 to 50. Rungth%00 generations. The
system use®urnament selectiofwith tournament size 2) instead of fitness propor-
tional selection. This allows us to test the generality of method for controlling
program size.

With this system we solved two classical symbolic regresgimblems. The
objective was to evolve a function which fits a polynomialtd formx-+x%+ - - - +
x4, whered is the degree of the polynomial, farin the rangeg—1, 1]. In particular
we considered degreeds= 6 andd = 8 and we sampled the polynomials at the 21
equally spaced pointse {—1,-0.9,...,0.9,1.0}. We call the resulting symbolic
regression problemBoly-6 and Poly-8 . Polynomials of this type have been
widely used as benchmark problems in the GP literature.

Fitness (to be maximised) wag (1L + error) whereerror is the sum of the
absolute differences between the target polynomial anduiygut produced by the
program under evaluation over the 21 fitness cases. Thetwenset used to solve
these problems is shown in the first column of Table 1. Theuctibns refer to three
registers: the input regist®IN which is loaded with the value ofbefore a fitness
case is evaluated and the two regisiisandR2 which can be used for numerical
calculationsR1 andR2 are initialised tox and 0, respectively. The output of the
program is read frorRR1 at the end of its execution.

The third GP system was a classical generational tree-lg2Bexystem using bi-
nary tournament selection, with subtree crossover appligtil 00% probability. 35
independent runs were done for each of five different tafgethe average program
size. The population size in each case was 2,000, and eagfentrior 500 genera-
tions. The populations were initialised using the PTC2 trestion algorithm [20]
with the initial trees having size 150.

With the tree-based GP system we usedaultiplexer problem. This is
a classical Boolean function induction problem where thedive is to evolve a
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Boolean function with 6 inputs designedAaB, A1, DO, D1, D2, D3 which produces
as output a copy of one of the inpud®-D3. These are known as the data lines of
the multiplexer. The particular input copied over is detiad by the input&\0 and
Al (known as the address lines of the multiplexer), as follafv80 = 0 andAl

= 0thenOut =DO, if AO = 1 andAl = 0thenOut =D1, if AO = 0 andAl

= 1thenOut =D2,if AO = 1andAl = 1thenOut =D3. The function has 64
possible combinations of inputs, so we have 64 fitness cki#asss is the number
of fithess cases a program correctly computes. The pringgtaised is shown in
the second column of Table 1.

5.2 Results

We start by looking at thélole andSquare Root problems. As Figures 1(a)—
(b) show for populations of size 1,000, bloat is present ithlmases, with the/¢
fitness function bloating fiercely. Results for populatiofisize 100 and 10,000 are
qualitatively similar.

To give a sense of the degree of control that can be achievbdwr technique,
Figure 2 illustrates the behaviour of mean program sizetfekHple andSquare
Root problems when five different flavours of our size control soheare used.
Results are for populations of size 1,000, but other pofuriaizes provide similar
behaviours. Note the small amount of drift present when Eoquél4) is used (first
column). This is completely removed when instead we use aué0) (column
5, note the different scale, and also column 3 after the igat)s As columns 2 and
4 show, the user is free to impose any desired mean prograndgiramics thanks
to the use of Equation (19).

We turn to thePoly-6  andPoly-8 problems. As Figures 3(a)—(b) show, bloat
is present in both problems. The behaviour of mean prograeisibrought under
complete control with our technique as shown in Figures 4 @anidere we used
the same targets as in Figure 2 (although with slightly défé parameters), but, to
illustrate a further alternative, we used a parsimony tefth@formg(t) = c(t) /¢.
This effectively promotes the shorter programs rather thamalising the longer
ones.

Excellent size control was also obtained in tree-based Géhwblving thes-
MUX problem, as shown in Figure 6. We used the same targets agureR2, but
again with slightly different parameters. Here the drifatth possible when using
Equation (14) (the “Local” case in the figure) is quite apparghen compared to
the very tight control obtained in the other configuratidfigure 7 shows how the
average size varied in each of our runs. Only one run had gegyeogram size
above 250. When one considers, however, that there is ndisiter other form
of bloat control being used, having the mean sizes in that oasain below 300
for 500 generations is still a significant achievement. Mieds size-variation is
present if one requirgs(t + 1) = p(0) as illustrated in Figure 8. Note that in order
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Fig. 1 Behaviour of the mean program size in a linear GP system wbleing theHole prob-
lem (a) and theSquare Root problem (b) in the absence of bloat control for populatiohs o
size 1,000. Results are averages over 100 independentTio@srror bars indicate the standard
deviation across the runs. Note the log scale on plot (b).

to achieve full control over size, sometimes the penaltyest(t) may have to be
positive, as illustrated in Figure 9.

Performance comparisons are not the focus of this chapberelr, since virtu-
ally all bloat control methods need to balance parsimonysatation accuracy, it is
reasonable to ask what sort of performance implicationsitieeof our covariance-
based bloat-control technique implies. As shown in TablenZoage 21, for the
two polynomial regression problems, there is generally \itte performance loss
associated with the use of our technique, and several ofahfgurations in fact
increase the success rates.
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Fig. 2 Size control obtained in thdole andSquare Root problems with populations of size
1,000 using the penalty functia@i/(x),t) = c(t)(¢(x) — u(t)). c(t) is computed via Equation (14)
so thatE[Au]| = O for the plots in the first row. Equation (19) was used for tlieep plots so
that E[p(t)] = y(t). y(t) = 30sint/80) + u(0) in the second rowy(t) =t + p(0) in the fourth
row andy(t) = u(0) in the fifth row. In the plots in the third row bloat control Wiy/(t) = 200
was activated when mean program size reached 200. Resailtiseaaverage mean size over 100
independent runs. Note: the range of the y-axes vary adnegslots.
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Fig. 3 Behaviour of the mean program size in a linear GP system wbktng the Poly-6
problem (a) and th@oly-8 problem (b) in the absence of bloat control for populatiohsize
1,000. Results are averages over 100 independent runs.

6 Conclusions

For many years scientists, engineers and practitionefserG? community have
used the parsimony pressure method to control bloat in gepetgramming. Al-
though more recent and sophisticated techniques exisinppany pressure remains
the most widely known and used method.

The method suffers from two problems. Firstly, althoughdycontrol of bloat
can be obtained with a careful choice of the parsimony caefficsuch a choice
is difficult and is often simply done by trial and error. Sedlynwhile it is clear
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Fig. 4 Size control obtained in theoly-6 andPoly-8 problems with populations of size 1,000
using the penalty functiog(¢(x),t) = % c(t) is computed via Equation (15) with= —1 so
that E[Au] = O for the plots in the first row. It was computed via EquatioB)(fwith the same
k) so thatE[u(t)] = y(t) for the remaining plotsy(t) = 12.5sin(t/10) + u(0) in the second row,
y(t) =t+ u(0) in the fourth row and/(t) = p(0) in the fifth row. In the plots in the third row bloat
control with y(t) = 75 was activated only when mean program size reached 50ItRese the
average mean size over 100 independent runs. Figure 5 sheulssrfor populations of size 100.
Populations size 10,000 provided qualitatively similahdéours. Note: the range of the y-axes
vary across the plots.
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Avg size vs. time, different target size functions
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Fig. 6 Scatterplot of the average size over multiple runs of the &XVvproblem with various
size target functions. The population size was 2,000 and seel the penalty functior — c/.
The “Constant” case had a constant target size of 150. “Sad’the target size function sith +
1)/50.0) x 50.0+ 150. “Linear” had the target function 156t. “Limited” used no size control
until the size exceeded the limit 250, after which a condtanget of 250 was used. “Local” used a
target ofAp = 0.

that a constant parsimony coefficient can only achieveglartintrol over the dy-
namics of the average program size over time, no practic#hadeto choose the
parsimony coefficient dynamically and efficiently is aval& The work presented
in this chapter changes all of this.

Starting from the size evolution equation proposed in [28},have developed
a theory that tells us how to practically and optimally set prarsimony coefficient
dynamically during a run so as to achieve complete contret tive growth of the
programs in a population. The method is extremely geneplyang to a large
class of control strategies of which the classical parsimmessure method is an
instance. Experimental results with three different GResys, using different se-
lection strategies and 5 different problems all stronglgfo the effectiveness of
the method.
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Avg size vs. time, mu(t+1) = mu(t)
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Fig. 7 Average size in different independent runs when using thgetau(t +1) = u(t) in the
6-MUX problem.

Avg size vs. time, mu(t+1) = mu(0)
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Fig. 8 Average size in different independent runs when using thgetau(t + 1) = p(0) in the
6-MUX problem.
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Fig. 9 Scatterplots of the average size over multiple runs of thb< problem with size target
function sir((t + 1)/50.0) x 50.0+ 150 (top) and of the values of penalty coefficie(tt) for each
independent run with the 6-MUX problem (bottom).

Many instantiations of the technique presented here a8lgesTo a practitioner

willing to try out our ideas, we would recommend to start freming the parsimony
pressure coefficient of the traditional (linear) parsimpngssure method at every
generation using our Equation (15). This will do a great dea&lontrol changes in
program size. If more control is desired one could then aéwopiation (20) with

k =
In future research it would be interesting to explore theliappility of Price’s

1.

theorem to the control of bloat also in the case of crossoperaiors which are
not symmetric and mutation operators. In this case Priggmgon (Equation (8))
would include additional terms which with a symmetric cmss evaluate to 0. It
would also be interesting to explore the possibility of dymeally modulating the
penalty coefficient not only as a function of size but alsohef fitness distribution
S0 as to achieve both fast progress towards high fithessss/ahdebloat control.
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