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ABSTRACT
A study on the performance of solutions generated by Genetic
Programming (GP) when the training set is relaxed (in or-
der to allow for a wider definition of the desired solution) is
presented. This performance is assessed through 2 impor-
tant features of a solution: its generalization error and its
bloat, a common problem of GP individuals. Some encour-
aging results are presented: we show how even a small degree
of relaxation improves the generalization error of the best
solutions; we also show how the variation of this parameter
reduces the bloat of the solutions generated.
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1. INTRODUCTION
Darwinian evolution and Mendelian genetics are the inspira-
tion for the field of Genetic Programming (GP); GP solves
complex problems by evolving populations of computer pro-
grams, being particularly relevant to approach non-analytical,
multiobjectives and (practically) infinite solution space di-
mension problems1. GP has proved its utility for supporting
human analysis of problems in a variety of domains: com-
putational molecular biology [4], cellular automata, sorting
networks, analogical electrical circuits [2], among them.

In this paper, we present a study of 2 aspects of the GP
method: the generalization error and the problem of bloat.

The generalization error of a machine learning model is a
function that estimates how far a candidate solution is from
a target solution, over the ”entire” set of possible data that

1For details on GP, we invite interested readers to con-
sult [3] or [1]

could be generated by this target solution. It indicates the
capacity of the candidate to generalize, based only on a few
examples.

Bloat is generally defined as an excess of code growth caused
by the genetic operators in search of better solutions, with-
out a corresponding improvement in fitness. It is a serious
problem in GP, often leading to the stagnation of the evolu-
tionary process [1]. Several approaches have been proposed
for dealing with this problem; a brief overview is presented
in the next section.

1.1 Popular approaches to bloat control: tree
depth/resource limits

The traditional approach to maintaining code growth under
control is to impose a tree depth limit on the individuals ac-
cepted into the population [3]. This approach raises several
practical questions on the practical use of GP as a general
method: what is the value of that limit? Is it problem-
dependent? (if so, can we devise a method to automatically
tune the algorithm?) How do we ensure that the limit is
high enough, in order to be sure to keep the best solutions
in our pool? These and other questions have been widely
studied by researchers in the field, and several other tech-
niques have been used with various degrees of success (see,
for example, refs. [10, 7, 5, 6] and references within), but
none was ever as popular as the traditional depth limits.

Silva et al. [9] took a slightly different path to replace the
traditional tree depth limits. It is based on a single limit im-
posed on the amount of resources available to the whole GP
population, where resources are the tree nodes or other ele-
ments in non tree-based GP (e.g. code lines). The authors
claim that the resource-limited technique removes the disad-
vantages of using depth limits at the individual level, while
introducing automatic population resizing, a natural side-
effect of using an approach at the population level. Their
results show that the replacement of individual depth limits
by a population resource limit can be done without impair-
ing performance, thus validating this first and important
step towards a new approach to improving the efficiency of
GP.

1.2 Hypothesis and motivation
Part of the authors research involves the use of GP for mod-
elling the behavior of human subjects when confronted with
a particular classification task: the GP technique was used
for performing regression on a mathematical function mim-



icking the answers given by the subjects. Because of the
inherent variability in human responses, the data set for the
experiment could contain several correct answers for each
row of entry data. So, instead of having

{x1, x2, · · · , xn} → y

we do have

{x1, x2, · · · , xn} ∈ [ymin, ymax]

So, in a sense, our data set has been relaxed : instead of
asking the GP algorithm to obtain the perfect answer y, we
want to obtain anything in the range [ymin, ymax]

Our research question is now: does this relaxation improves
the generalization error of the GP? What effect does it have
on the bloat behavior of the algorithm?

2. EXPERIMENTAL SETTING
2.1 The problem
A simple problem was used for the experiments: symbolic
regression of the quartic polynomial Q(x) = x4+x3+x2+x,
with 201 equidistant points in the interval -10 to +10. A
training set of 20 points (10% of the total) was randomly
chosen; the other 181 points were assigned to the test set;
these two sets are presented in Fig. 1.
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Figure 1: Training set (arrows) and test set

The values shown as training points in Fig. 1 are displayed
in Table 1.

Table 1: Training points
Points

x y x y
-9.1000 6178 -8.5000 4670
-6.7000 1753 -6.6000 1647
-6.3000 1359 -5.6000 834
-5.5000 773 -5.3000 663
-5.0000 520 -4.6000 367
-1.0000 0 -0.9000 0
2.8000 94 4.4000 484
6.1000 1655 6.8000 2506
7.3000 3289 7.9000 4458
8.3000 5395 9.9000 10684

We prepared 9 training sets that differ in the amount of re-
laxation allowed on the target values; these values are shown
in Table 2, and are based on the actual width of the values
taken by Q in the interval studied (x ∈ [−10, +10] ⇒ Q(x) ∈
[−0.3264, 11110])

Table 2: Relaxation values
Interval width

Percentage Absolute Percentage Absolute
0.125% 13.89 0.25% 27.78
0.5% 55 0.75% 83.33
1% 110 5% 555
10% 1110 15% 1666.07
20% 2222.07

The effect of these intervals is to modify the shape of the
fitness function used for the evaluation of solutions; a perfect
solution for each of the x in Table 1 is relaxed by the absolute
value in Table 2. For example: for relaxation set at 0.125%,
a perfect value for x = −9.1 is y = 6178 ± 13.89, so y ∈
[6164.11, 6191.89] The 0.125%-relaxation values are shown
in Table 3

Table 3: Training points relaxed at 0.125%
Points

x y ∈ x y ∈
-9.1000 [6164.11, 6191.89] -8.5000 [4656.11, 4683.89]
-6.7000 [1739.11, 1766.89] -6.6000 [1633.11, 1660.89]
-6.3000 [1345.11, 1372.89] -5.6000 [820.11, 867.89]
-5.5000 [759.11, 786.89] -5.3000 [649.11, 676.89]
-5.0000 [506.11, 533.89] -4.6000 [353.11, 380.89]
-1.0000 [−14.11, 13.89] -0.9000 [−14.11, 13.89]
2.8000 [80.11, 107.89] 4.4000 [470.11, 497.89]
6.1000 [1641.11, 1668.89] 6.8000 [2492.11, 2519.89]
7.3000 [3275.11, 3302.89] 7.9000 [4444.11, 4471.89]
8.3000 [5381.11, 5408.89] 9.9000 [10670.11, 10697.89]

Similar tables are generated for each of the 9 relaxation in-
tervals; their use is presented in the next section (2.2)

2.2 The algorithm
An initial population of 400 individuals (randomly fully ini-
tialized with a maximum depth of 6) was evolved for 50
generations. The details for the GP algorithm are given
here:

• Genetic operators: standard tree crossover and tree
mutation (details in [3]).

• The function set F = {+,−,×,÷, log, exp, sqrt}2

• The terminal set T = {x (constant), r ∈ R ∧ r ∈
[0, 1], n ∈ N ∧ n ∈ [1, 10]}

• Selection for reproduction used the lexicographic par-
simony pressure tournament [5] and selection for sur-
vival used no elitism.

2The log and srqt function were protected : log of a negative
number is equal to 0, and square root of a negative number
is also 0



• The fitness function was defined in order to take
account of the fact that, whenever a candidate solu-
tion belongs to the relaxation interval defined, it is
considered perfect. This is expressed by Eq. 2

1. A candidate solution S has 20 approximations for
the training points: S = {s1, s2, · · · , s20}

2. The perfect solution bS is made by 20 intervals to
approximate:

bS = {
cs1z }| {

[ bs1
min, bs1

max], · · · ,

ds20z }| {
[cs20

min, cs20
max]}

3. The distance between an approximation to a point
and an interval is defined as in Eq. 1

d(si, bsi) =

�
0 si ∈ bsi

|si − (cs1
max−cs1

min

2
)| otherwise

(1)

4. The fitness of S is:

f(S, bS) =

20X
i=1

d(si, bsi) (2)

3. RESULTS
A total of 40 runs were performed with each of the inter-
vals. We used GPLAB, a GP toolbox for MATLAB [8],
modified in order to allow optimization by intervals. The
population of candidate solutions was optimized with the
training set, and then the generalization error Ge was cal-
culated on the validation set SG (181 points). This error is
defined as the sum of the error on each of the points in the
set (see Eq. 3). The resources used by the best solutions
were also computed.

Ge(S,SG) =

181X
i=1

d(si, s
G
i ) (3)

This equation stresses the fact that the relaxation is done
only in the training set, not in the generalization set.

3.1 Generalization error
Results for the generalization error are shown in Fig. 2 (the
0% relaxation is, of course, equivalent to approximate the
exact values on the training set) as well as in Fig. 3.

0 2 4 6 8 10 12 14 16 18 20
1

2

3

4

5

6

7

8
x 10

4

Relaxation (in percentage of the whole interval) 

G
en

er
al

iz
at

io
n 

er
ro

r

MEAN

MEDIAN

Figure 2: Generalization Error

The generalization error drops from the 0% mark, hitting a
low value at 1% relaxation. It is interesting to see that the
values for the average error are under the values for the 0%
until the 10% mark. So even a small relaxation causes the
generalization error to drop substantially.

These results seem to confirm our work hypothesis that there
is an advantage in using a little relaxation in order to allow
the algorithm some latitude.
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Figure 3: Boxplot generalization error

3.2 Resources used
The resources used by the candidate solutions are expressed
in terms of number of nodes in the tree. Fig. 4 presents
the resources used on average for the 40 runs by the best
solution, expressed along the generations of the run.
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Figure 4: Resources used

Fig. 4 presents the results for 0.5%, 1%, 5%, 10% relaxation,
along with exact values (relaxation = 0%); we chose not to
show the results for relaxations 0.125%, 0.25% and 0.75%,
as the values were very similar to that obtained for 0.5%.
Likewise, results for 20% relaxation are similar to that of
10% relaxation .

We can observe 2 distinct categories: for relaxation values
up to 1%, the number of resources used are greater than
that of a no relaxation. For values greater than 1% (in our
experiment, 5, 10, and 20%), the best solutions actually



used up less resources than the solutions generated with the
exact training set.

It is interesting to note the results for 10% relaxation, as it
shows that the amount of resources used remains constant
after a small number of generations. This result shouldn’t
surprise us, as it is intuitively logic that if a solution has
to approximate a rather wide target, it will not results in a
complicated GP tree. This observation remains to be sup-
ported by more experimentation.

4. DISCUSSION AND FUTURE WORK
The results for this preliminary study show very encourag-
ing signs: the generalization error of certain solutions was
actually lower than the error for the exact set and the bloat
phenomenon, an important concern for GP solutions, was
also less important. While it shouldn’t surprise us that, for
more relaxed sets, the solutions would be less bloated, it is
remarkable that the generalization error could decrease with
less restrictions on the training set.

However, some remarks have to be made; our results show
that the generalization error was best than the error for the
exact valued-solution for relaxation ≤ 1% (Fig. 2), and at
the same time, the bloat values for the results larger than 1%
were better than the best valued-solution (Fig. 4). So there
seems to be a compromise between the quality (in terms of
approximation) of the solutions and their quality, in terms of
bloat. More measures with relaxation in the range [1%, 10%]
would be important in order to quantify this compromise, if
there is any.

It is also important to note that the values presented in
Fig. 2, for the generalization error, have to be weighted with
the statistics shown in the boxplot of Fig. 3; we graphically
see that the values between each relaxation interval are not
statistically different. So, in order to have a clear picture of
the real improvement on error, we should repeat the experi-
ments and try to extract meaningful statistical conclusions.
However, the potential of this simple relaxation approach
could mean the definition of a new control method for bloat
that, at the same time, would improve the performance of
the GP algorithm.
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