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Abstract. A representation-less model for genetic programming is presented. The model is intended
to examine the mechanisms that lead to bloat in genetic programming (GP). We discuss two hypotheses
(“fitness causes bloat” and “neutral code is protective”) and perform simulations to examine the pre-
dictions deduced from these hypotheses. Our observation is that predictions from both hypotheses are
realized in the simulated model.
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1. Introduction

It has been well established over recent years, that in genetic programming (GP), as
well as in other evolutionary algorithms with length-changing genotypes, a tendency
for growing length of genotypes occurs [1, 4–6, 9, 20, 21, 25, 27]. This phenomenon
has been termed “bloat” [30]. The phenomenon seems to be widespread in the
absence of explicit countermeasures. Over a wide range of representations of pro-
grams and operators, even irrespective whether programs at all are evolved [22],
similar behaviour occurs. Bloat is both distracting, since the reasons for it have not
yet been clearly understood, and it obstructs the search, because it forces the GP
algorithm into stagnation.
When analyzing the results of runs documented in Koza [9] it was remarked

[4] that neutral code, that is code which does not affect the fitness of the genetic
program under consideration, constitutes a major percentage of individuals. Non-
effective code, as it is also called,1 has been linked to the effects of operators on
the genome �2� 6�. Specifically, it was observed that the percentage of neutral code
in an individual is closely connected to the number of neutral actions operators
perform on an individual’s genome [21].
In recent years, a general consensus has emerged in the GP community that

the two mentioned phenomena of code growth and neutral code appearance are
strongly related. When comparing the ratio of effective to noneffective code in runs
under standard conditions, we observed usually that the ratio drops to between 1:3
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and 1:7 [7]. Thus there seems to be an inherent pressure in the algorithm to evolve
neutral code. We think that the correlation between growth of neutral code and
bloat is a causal relationship: growth of neutral code causes bloat.
Whereas various remedies against bloat have been put forward, parsimony pres-

sure [8, 31], variable fitness [5, 14], coevolutionary approaches [3], homologous and
other specifically acting operators [5, 16, 26], to name a few, the explanation for
bloat and the growth of noneffective code is still disputed.
Here we shall concern ourselves with the two simplest explanations that we shall

call hypothesis 1 (H1) and hypothesis 2 (H2). H1 has become known as the “fitness
causes bloat” hypothesis [10, 12–15]. H2 is known as the “neutral code is protec-
tive” hypothesis [21]. Other hypotheses have been formulated and are being actively
examined elsewhere (see [19]). We shall try to devise experiments which should be
able to shed some new light on the two hypotheses. Possible outcomes of this exam-
ination are that either one of these hypotheses is valid and the other invalid, or that
both are valid or both are invalid. We shall introduce a very simple model system
with which to study length changes of individuals. This model can be extended in
various directions as will be indicated in the last section of this article.
Before we discuss the model, H1 and H2 need to be articulated in more detail.

H1: Usually, there are multiple ways of representing any given behavior in a geno-
type if a variable length representation is allowed [11]. Search starts from short rep-
resentations. It retains previously discovered high fitness representations and uses
them as points of departure for future search. After a while there is little chance of
finding a representation that does better than the representation(s) from which it
was created. So the fitness selection bias favors representations which have the same
fitness as those from which they were created. The easiest way to create one rep-
resentation from another and retain the same fitness is for the new representation
to represent identical behavior. Thus, the search may become a random search for
new representations of the best solution found so far. There are many more long
representations than short ones for the same solution, so such a random search
(other things being equal) will find more long representations than short ones.
H1 is a very general statement and is valid regardless of what type of search is

conducted. In contrast, H2 references fitness of individuals explicitly:

H2: Neutral code promotes survivability of a genome because it provides locations
in the genome where operators that would otherwise destroy the present fitness
value can hit without a damaging effect. In fact the larger the fraction of neutral
code to overall code is, the higher will be the probability for operators to strike in
the neutral part, usually protecting the individual from deleterious changes. Thus
the objective fitness of the algorithm is distorted in the presence of noneffective
code, to the advantage of code with more neutral parts [2, 5, 6, 24].
There are a few general predictions characterizing these hypotheses:

P1 (supports H1): Beginning from short programs, the growth of code should be
continuous because the number of better programs is always greater for larger size.
This is true as long as there is no global size limit reached. It is notably true even
if there is no fitness selection in effect.
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P2 (supports H1 and H2): The advantage of neutral code is a marginal effect,
becoming most visible when objective fitness cannot change any more or only with
a very small probability.

P3 (supports H2): One should be able to measure a new observable, termed effec-
tive fitness, which can be associated with the distortion of fitness caused by the
protective effect of neutral code.

Recently, effective fitness has been under discussion in the literature [5, 18, 21, 23,
28, 29]. Following [5] effective fitness of an individual j can be defined formally as

f e
j = fj

[
1− Ce

j

Ca
j

· p · pd
j

]
(1)

where fj is the objective fitness, C
a
j is the absolute size of program j, Ce

j is the
effective size of program j, and p, pd

j are the application probability of the genetic
operator under consideration and the probability of a destructive effect through
application of it on program j, respectively.

2. The representation-less model

The model we are introducing here is representation-less. By that we mean that
there are no features of the model that would link it to any sort of representation for
programs. As a result, the system is stripped from all its domain-specific structures.
If the observation is correct that qualitatively the same effects are visible in any
sort of variable-length genomes (see Section 1), perhaps the phenomena in specific
GP systems with representation are caused by these more general effects. Note that
this model is really a “caricature” of a real GP system. As with all models, its focus
is deliberately chosen—in this case to shed light on the code growth phenomenon
regardless of the representation one is working in.
An individual in the representation-less model has only three features, an objec-

tive fitness, an effective length Le and a noneffective length Ln. For simplicity, we
shall assume all features to be positive integers (� ).
The population consists of M objects pi, i = 1� 
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features

pi = �pi
F� p

i
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� pi
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�

with pi
F� p

i
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� pi
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F being the fitness of the individual and pi
Le

+pi
Ln

= pi
L,

the total length of the individual.
The GP algorithm is also modelled in a very simple fashion: First, operators work

on single objects only (i.e., they resemble mutation more than crossover). Second,
an operator changes the features of the individual to produce a variant: it either
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changes its effective length and its fitness or it changes its noneffective length (in
which case its fitness is unchanged by definition).

pi → pi′ = �pi′
F� p

i′
Le
� pi

Ln
� (2)

or
pi → pi′ = �pi

F� p
i
Le
� pi′

Ln
� (3)

Length changes, both effective and noneffective, happen in the smallest possible
steps:

pi′
Le

= pi
Le

± 1 (4)

or
pi′
Ln

= pi
Ln

± 1 (5)

We shall assume that there is no intrinsic bias of the operator to prefer either
length change direction.2 With a probability of 50% there will be an increase in
length and 50% of the time there will be a decrease. However the probability, Pi

e,
of a length change in the effective code of an individual [cf. Equations (2) and (4)]
will be dependent on the proportion of effective code in the individual:

Pi
e =

pi
Le

pi
L

(6)

The situation is similar to that of a normal GP individual (i.e., with a representa-
tion) where the probability of hitting the effective code is proportional to the ratio
between effective and total code. It is clear from this that an individual has its own
mechanism with which to regulate the changes in its effective code. Thus we can
say that the individual has a means of self-adaptation.
Assume a certain variation step has led to a change in effective length of the

individual. Then, according to Equation (2), there will also be a change in the
fitness of the individual. For the sake of simplicity, in our model fitness changes
assume the simplest possible procedure. Specifically,

1. the fitness landscape is uncorrelated,
2. there is an equal fitness distribution at all lengths,
3. a very large population is considered.

If the effective length changes we assign a new fitness to pi′ by drawing at random
from the fitness distribution given in Figure 1. The new individual pi′ is compared
with another individual pj drawn from the population at random. The fitter of
the two will survive and stay in the population. This is equivalent to tournament
selection in a steady-state GP.
If a variation step leads to a change in noneffective length, the fitness of the

offspring pi′ is identical to that of the parent pi. Again, a tournament between
the variant pi′ and another (possibly worse) individual pj decides which one will
survive. Note that changes in noneffective length provide an easy route to neutral
changes while effective length changes are seldom neutral if the individual has very
high (or very low) fitness.
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Figure 1. Fitness distribution for the experiments below. Fitness values are integers in the range 1 
 
 
 11.
The best fitness of programs to be found is 11. Distribution is derived from freqi = �1/�i− �imax/2��2� ×
1/Z with imax = 11 and Z the normalization factor.

3. Experiments

We performed a number of experiments with a fitness distribution according to
Figure 1. This distribution is showing characteristic features of real fitness functions:
A large number of average solutions, and a very small number of extremely high
and low fitness values. The size of the population was 10000.

P1: Development with and without fitness selection

Figures 2 and 3 show a comparison of two runs with selection and without selec-
tion for different number of generations. With fitness selection the length of effec-
tive code shrinks and the length of noneffective code grows nearly linearly with
time. Without selection there is still some increase in size. The linear growth and
decay in the selective case is explained by Equations (4) and (5) which allow only a
linear development. This is in agreement with [12].

P2a: Accepted longer improvements vs. accepted shorter improvements

Figure 4 shows the relation between accepted longer and accepted shorter
improved programs. There is no statistically significant difference between the two.
One can see clearly that accepted fitness improvement events become more and
more sparse as the run progresses extending out to generation 1000.
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Figure 2. Comparative length development of a run with and a run without selection acting on the
code. Short-term behavior for 50 generations. Behaviour starts to deviate visibly around generation 5.

Figure 3. Comparative length development, same run as Figure 2. Long-term behavior for 1000 gener-
ations. Note that there is some growth of average length even in the absence of fitness-based selection:
�pLn

� = 14
7, �pLn
� = 13
8, with � � signifying that the average is taken over the entire population.
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Figure 4. Development and comparison of accepted longer and shorter fitness improvements in a sam-
ple run. Successful improvements are most frequent in generation 2, before diminishing quickly and
remaining low. No statistical significance can be given to the difference between the two lines.

P2b: Compare beginning and end of run in terms of accepted fitness neutral events

As noneffective length increases as a proportion of total length, the proportion of
noneffective operations increases. Therefore, looking at the accepted neutral events,
we would expect an increase in their total number. We can see from Figure 5 that
there is only a small difference in favor of accepted elongation of programs com-
pared to their shortening. This difference becomes more significant around gener-
ation 10, at a time when fitness improvements cease (cf. Figure 6).

P3: Compare effective vs. objective fitness and its predictive power for the surviv-
ability of a genome

Figure 6 shows the average fitness and the average effective fitness over the run.
One can isolate a plateau of the effective fitness development around generation 5.
Prior to that effective fitness was essentially equal to fitness. From generation 5 on,
effective fitness shows distortion due to protection against the destructive effects of
the operator. Note effective fitness starts to deviate from fitness earlier than length
changes can be detected. Consequently it might be a very useful tool in predicting
the further development of a run.
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Figure 5. Evolution of acceptance of neutral code as a fraction of all accepted mutations. The total
fraction of fitness neutral changes falls initially due to the initial decline in acceptance of neutral code
of unchanged length. Total neutral events remain steady at about 30% but after generation 10 they start
to grow steeply until generation 15 from whereon they grow slowly reaching about 70% of all neutral
events around generation 50. There is only a small difference between accepted longer and shorter
neutral variations.

Figure 6. Development of fitness effective fitness [see Equation (1)] over a run. After 2 generations,
effective fitness starts to deviate, clearly showing that destructive effects distort the objective fitness
function. Effective fitness is only slowly approaching objective fitness, but is still on its way at genera-
tion 50.
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4. Discussion

There are a number of ways the model introduced here can be made more realistic
and complicated.

1. The fitness landscape can be made correlated [17]. For example, an offspring’s
fitness could be required to be in the “neighborhood” of the fitness of the parent.
This could be achieved by drawing from a normal fitness distribution centered
around the fitness of the parent.

2. The fitness distribution could be made to depend on the length of programs.
For example, the distribution could be broader or sharper, depending on the
effective length of programs. Specifically for very small length, one could choose
an explicit fitness landscape, assigning each coordinate point a fitness.

3. Finite size effects of a small population size (relative to the search space) could
be considered.

4. An equivalent to the crossover operator could be introduced, acting on two par-
ents, and generating from one to n offspring which would inherit features from
their parents in various ways.

5. The length-changing effects could be made nonlinear. Instead of changing length
by a constant value [1 in Equations (4) and (5)] one could choose it to be pro-
portional to the length.

6. Finally, an explicit representation for individuals and a fitness measure could be
introduced, leading to the most realistic model to be considered.

5. Conclusion

In this article we have described a very simple model for variable-length geno-
types. Using this model we discussed the two simplest explanations (fitness causes
bloat” and “neutral code is protective”) for code growth in Genetic Programming.
The experiments have shown that both hypotheses have some explanatory power
regarding the growth of code. At this point it seems too early to draw conclusions
as to the relative strength of their effects. Thus we cannot say more than that there
seems to be a superposition of effects at work in actual evolutionary systems.
This is our main point here: A length-unbiased operator that is applied accord-

ing to a probability as in Equation (6) will inevitably lead to code growth. The
model demonstrates that this is independent of the fitness landscape, the type of
operator used and the representation of programs. In other words, if and when an
operator is applied to the effective and noneffective parts of the code controlled by
Equation (6), we predict code-growth.
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Notes

1. Following Angeline [4], the term “introns” has also been used in recent years. For most GP systems,
however, this is not appropriate. A notable exception is [7].

2. This might provide an additional source of bloat [27], but will be excluded here for the sake of
simplicity.
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