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Abstract
Feature Selection (FS) is a key characteristic of any Machine Learn-
ing method. Genetic Programming (GP) performs it inherently,
using evolution pressure to exclude redundant or irrelevant fea-
tures. However, this ability is lost in Geometric Semantic Genetic
Programming (GSGP), where Geometric Semantic Operator (GSO)
keep adding genetic material to the individuals, inevitably adding
noisy features. This work focuses on comparing the FS abilities of
GSGP and Semantic Learning algorithm based on Inflate and deflate
Mutations (SLIM), a promising new variant that employs Deflate
Geometric Semantic Mutation (DGSM), a genetic operator that is
able to remove genetic material while still inducing an unimodal
fitness landscape. The experimental results show how SLIM has
superior FS abilities compared to GSGP.
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1 Introduction
Machine Learning models must distinguish useful signals from
noise to improve performance [1]. Feature Selection (FS) enhances
models by retaining relevant data while filtering out noise. It is typi-
cally performed before training using methods like Entropy, Mutual
Information, and SVM-RFE, though no single method consistently
outperforms others [1]. Thus, models capable of performing FS
inherently during training are beneficial.

Genetic Programming (GP) naturally performs FS due to its sto-
chastic initialization and evolutionary operators [2]. It constructs
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initial solutions using randomly drawn features and applies mu-
tation and crossover, implicitly filtering out irrelevant ones. This
ability makes GP effective for high-dimensional or noisy datasets
by reducing overfitting and enhancing generalization [3].

Geometric Semantic Genetic Programming (GSGP) [4], a GP vari-
ant, employs geometric semantic operators, creating a unimodal
fitness landscape that eliminates local optima. However, these op-
erators continuously add genetic material, increasing solution size
and reducing interpretability. As later generations incorporate all
dataset features, FS capabilities diminish, leading to noisy solu-
tions [5].

Semantic Learning algorithm based on Inflate and deflate Muta-
tions (SLIM) [6, 7], a recent GSGP variant, introduces Deflate Geo-
metric Semantic Mutation (DGSM), a Geometric Semantic Operator
(GSO) that removes genetic material while preserving a unimodal
fitness landscape. This study compares the FS capabilities of GSGP
and SLIM to assess whether DGSM improves feature selection by
steering evolution toward noise-free solutions.

This work evaluates SLIM and GSGP on datasets augmented
with noisy features. The contributions include an in-depth analysis
of their FS abilities.

The paper is structured as follows: Section 2 introduces GSGP and
SLIM. Section 5 presents parameters and datasets, while Section 4
details the experimental methodology. Section 5 discusses results,
and Section 6 concludes with future research directions.

2 Background
This section briefly introduces GSGP and SLIM. It begins with an
overview of GSGP, explaining its core mutation operator i.e., Inflate
Geometric Semantic Mutation (IGSM). Then, it introduces the stud-
ied variants of SLIM and its new mutation operator i.e., DGSM, also
focusing on a convenient way of representing SLIM’s individuals
by means of linked-list structures.

2.1 Geometric Semantic Genetic Programming
In GP, the term semantics refers to the vector of output values gen-
erated by a program for a given set of observations. GSGP [4] is a
variation of GP that substitutes traditional syntax-based genetic op-
erators with GSOs. These operators exhibit a predictable impact on
the semantics of individuals, introducing geometric properties into
the semantic space. Specifically, the Geometric Semantic Mutation
(GSM) creates a mutated function from a parent T : R𝑛 → R as:
𝑚𝑎𝑡ℎ𝑐𝑎𝑙𝑇𝑀 = T +𝑚𝑠 · (𝑇𝑅1 −𝑇𝑅2), where 𝑇𝑅1 and 𝑇𝑅2 are random
real functions with outputs in [0, 1], and𝑚𝑠 is a parameter referred
to as the mutation step. GSM functions as a ball mutation in the
semantic space, producing offspring within a sphere of radius𝑚𝑠
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centered around the parent’s semantics. One of the key strengths
of GSGP is that it creates a unimodal error surface, thereby simpli-
fying the search process by removing local optima. For an in-depth
explanation of how GSOs achieve a unimodal error surface, readers
can refer to [8]. However, GSM have a notable drawback: by design,
it always generates offspring that are larger than their parents. This
leads to rapid growth in the size of individuals during evolution,
posing challenges for computational efficiency and interpretability.
This is why this GSM is also called “Inflate” GSM (IGSM).

In the last decade, different research have shown that mutation is
a more powerful operator than crossover for GSGP, with mutation-
only GSGP returning results that are comparable, or even better,
than the ones obtained when both crossover and mutation are
used [9]. For this reason, we consider exclusively GSGP with GSM
in this study.

2.2 SLIM
SLIM-GSGP [6, 7], or more simply SLIM, is an extension of GSGP
that preserves the property of inducing a unimodal error surface
while generating smaller models. As its name implies, it uses two
types of mutation: it maintains GSGP’s IGSM and it introduces the
DGSM, designed to generate offspring that are smaller than their
parents.

The definition and validity of DGSM are based on two key obser-
vations: first, GSM can be reformulated as GSM(𝑇 ) = 𝑇 +𝑚𝑠 · (𝑇𝑅1−
𝑇𝑅2) = 𝑇 −𝑚𝑠 · (𝑇𝑅2 −𝑇𝑅1), and second, the random trees 𝑇𝑅1 and
𝑇𝑅2 are interchangeable since they are independently sampled from
the same distribution. Thus, the GSM can equivalently be expressed
as: GSM(𝑇 ) = 𝑇 −𝑚𝑠 · (𝑇𝑅1 −𝑇𝑅2).

This reformulation is key for the generation of offspring that are
smaller than their parents. In fact, consider an individual𝑇 to which
GSM is applied, say, three consecutive times. The resulting individ-
ual is:𝑇𝑀 = 𝑇 +𝑚𝑠 · (𝑇𝑅1 −𝑇𝑅2) +𝑚𝑠 · (𝑇𝑅3 −𝑇𝑅4) +𝑚𝑠 · (𝑇𝑅5 −𝑇𝑅6) .
Now, if we apply GSM again, but this time using subtraction in-
stead of addition, the resulting individual becomes: 𝑇𝑀 = 𝑇 +𝑚𝑠 ·
(𝑇𝑅1 −𝑇𝑅2) +𝑚𝑠 · (𝑇𝑅3 −𝑇𝑅4) +𝑚𝑠 · (𝑇𝑅5 −𝑇𝑅6) −𝑚𝑠 · (𝑇𝑅7 −𝑇𝑅8) .

It is now important to note that a commonly adopted approach
in the literature is to reuse random trees instead of generating new
ones [10]. For instance, instead of generating new trees 𝑇𝑅7 and
𝑇𝑅8, we could reuse 𝑇𝑅3 and 𝑇𝑅4. This would yield: 𝑇𝑀 = 𝑇 +𝑚𝑠 ·
(𝑇𝑅1 −𝑇𝑅2)(((((((+𝑚𝑠 · (𝑇𝑅3 −𝑇𝑅4) +𝑚𝑠 · (𝑇𝑅5 −𝑇𝑅6)(((((((−𝑚𝑠 · (𝑇𝑅3 −𝑇𝑅4) .
After this simplification, the generated individual has a smaller
genotype. Using this idea, the DGSM operator effectively removes
one of the terms previously added by IGSM, while still performing
a geometric semantic mutation.

Both IGSM and DGSM perturb the semantics of the individual
within the same range, specifically [−𝑚𝑠,𝑚𝑠], where 𝑚𝑠 is the
mutation step parameter. This enables the reduction of individual
sizes while preserving the semantic properties necessary for the
search process.

2.2.1 SLIMVariants. In [7, 11], the authors investigated threemeth-
ods (2SIG, ABS, 1SIG) for defining functions that return values
within the range [−𝑚𝑠,𝑚𝑠], as well as two distinct approaches for
perturbing an individual to achieve ball mutation in the semantic
space. Here, we define two of the three functions that return values
within [−𝑚𝑠,𝑚𝑠] as follows:

(1) Using two random trees 𝑇𝑅1 and 𝑇𝑅2, each passed through
the sigmoid function 𝑆 (whichmaps outputs to [0, 1]): 2SIG =

𝑚𝑠 · (𝑆 (𝑇𝑅1) − 𝑆 (𝑇𝑅2)), This corresponds to the traditional
GSM.

(2) Employing a single random tree 𝑇𝑅 normalized using the
absolute value: ABS =𝑚𝑠 · (1 − 2/(1 + |𝑇𝑅 |)) .

(3) Using a single random tree 𝑇𝑅 passed through the sigmoid
function 𝑆 : 1SIG =𝑚𝑠 · (2 · 𝑆 (𝑇𝑅) − 1) .

Small perturbations of a numeric value can be achieved in two
ways: by adding a small positive or negative quantity close to zero,
or by multiplying by a factor slightly smaller or larger than one.
Accordingly, given a function like 1SIG, 2SIG or ABS, there are two
methods for perturbing an individual within the SLIM framework:

(1) IGSM adds the function, while DGSM subtracts it.
(2) IGSM multiplies by 1 + function, while DGSM divides by the

same quantity.
By combining these two perturbation methods with the three

mutation functions , we obtain six SLIM and GSGP variants. These
are denoted as SLIM+, SLIM∗, GSGP+ or GSGP∗, depending on
whether they use addition or multiplication, followed by 1SIG, 2SIG
or ABS, indicating the function used for defining the perturbation.
For example, the variant called SLIM+2SIG performs ball mutation
using the sum of a small positive or negative value close to zero,
with 2SIG as the function defining perturbations within [−𝑚𝑠,𝑚𝑠].

3 Experimental Settings
We selected seven real-life symbolic regression problems as test
cases, each characterized by datasets of varying dimensions. These
problems are frequently used as benchmarks in the GP literature
(e.g., [9, 12–14]). Among these, the ppb, bioavailability, and ld50
datasets are known to be prone to overfitting [12], making them
particularly useful for evaluating the generalization capabilities of
the algorithms under study. The used datasets exhibit diverse char-
acteristics. The yacht dataset has 307 observations and 6 features,
while the airfoil dataset has 1,502 observations and 5 features. The
concrete slump dataset has 102 observations and 9 features, and the
concrete strength dataset has 1,029 observations with 8 features. For
datasets with larger feature sets, ppb has 131 observations with 626
features, bioavailability has 359 observations and 241 features, and
ld50 has 234 observations with 626 features.

The experiments were conducted letting the methods evolve for
1,000 generations, with a population size of 100 individuals. Elitism
was enabled, ensuring the best individual from each generation was
carried over unchanged to the next. The maximum initial depth
for individuals was set to 6. The function set consisted of basic
arithmetic operations (addition, subtraction, multiplication, and
protected division [15]), represented as {+,−,×,÷}. Tournament se-
lection [3] with a tournament size of 2 was applied, and the Ramped
Half-and-Half initialization method [3] was employed. Following
previous studies [6, 7], no numeric constants were included in the
terminal symbol set. The probability of applying the IGSM operator
was set to 0.3 for all datasets except ld50 (where it was 0.1) and
concrete strength (where it was 0.5). The probability of using the
DGSM operator was always equal to 1 minus the IGSM probability.
The mutation step was always obtained from a uniform distribu-
tion with range [0, 𝑦], where 𝑦 is the median of the target variable
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for each dataset [16]. Monte Carlo cross-validation [17, 18] was
employed, with each train-test split generated randomly for every
run. For each split, 70% of the observations were allocated to the
training set, and 30% to the test set.

The code for this study is publicly available in our library, hosted
at the following web portal: slim1.

4 Experimental Methodology
This work investigates and compares the feature selection (FS) capa-
bilities of GSGP and SLIM. To achieve this, two sets of experiments
are conducted.

The experiment conducted in this work, inspired by the study
of Farinati and Vanneschi [5], augments the datasets presented in
Section 3 with noise. Two types of noise are introduced in this
experiment. The first type is pure random noise, drawn from a
standard normal distribution, hereafter referred to as RandomNoise
(RN). The second type involves taking a copy of an existing feature
(or column) and shifting it with Gaussian noise, proportional to the
column’s standard deviation, from now on referred to as Shifted
Column Noise (SCN). Only one type of noise is added at a time,
and either 1, 5, 10, or 50 noisy columns are introduced. GSGP and
SLIM are then trained on datasets with and without noise, and
their respective performance is compared. The assumption is that
if the performance does not deteriorate when noise is added to
the dataset, then the algorithm has strong FS capabilities and can
effectively distinguish between noise and signal, and the opposite
assumption also holds.

5 Experimental Results
Table 1 and Table 2 summarize the findings of this work.

Both tables follow the same structure, displaying the number
of times the model trained on noisy data was significantly out-
performed by the model trained on standard data. The statistical
significance was assessed using the Mann-Whitney U test [19]
across 30 independent runs, with a significance level of 𝛼 = 0.05.
The comparison includes both training and testing RMSE across all
datasets considered. The maximum possible value is 4, indicating
that the model trained on noisy data was outperformed under all
noise addition scenarios: specifically, when 1, 5, 10, or 50 noisy
columns were introduced. Conversely, the minimum possible value
is 0, which indicates that the model trained on noisy data was never
outperformed by the model trained on standard data. Having a high
value indicates that the model is not able to identify and exclude
noisy features, therefore showing a lack of FS ability. On the other
hand, a low number indicates the opposite.

Table 1 presents the results when the RN noise creation method
was used. From this table, it can be observed that all variants of
SLIM exhibit either superior or comparable FS performance to
their corresponding GSGP models across all datasets, with the sole
exception of the yacht dataset when the +2SIG GSM is used. A
similar pattern is evident in Table 2, which shows the results for
the SCN noise creation method.

Across both noise creation methods, SLIM demonstrates better
FS performance in 19 test cases and worse performance in only 2

1https://github.com/DALabNOVA/slim

Table 1: The count of instances where the model trained
on noisy data was significantly outperformed by the model
trained on standard data (as determined by the Mann-
Whitney U test across 30 runs with significance level 𝛼 = 0.05)
according to the RMSE is reported. The results are provided
for train and test performance. The method used to generate
noise was RN.

+2SIG *1SIG *ABS

dataset GSGP SLIM GSGP SLIM GSGP SLIM

yatch 3 4 4 3 4 3
airfoil 4 4 4 1 2 1

T
ra
in slump 4 0 3 3 3 3

strength 4 3 3 3 3 2
ppb 4 0 0 0 0 0
bioav 4 0 1 0 1 0
ld50 4 0 0 0 0 0

yatch 2 4 4 3 4 3
airfoil 4 4 4 1 2 1

Te
st

slump 3 3 3 2 2 2
strength 4 3 3 3 2 2
ppb 2 0 0 0 0 0
bioav 4 2 0 0 2 1
ld50 4 0 0 0 0 0

Table 2: Results reported using the methodology followed in
Table 1. The method used to generate noise was SCN.

+2SIG *1SIG *ABS

dataset GSGP SLIM GSGP SLIM GSGP SLIM

yatch 1 3 3 3 3 2
airfoil 4 4 4 1 1 1

T
ra
in slump 4 0 3 3 1 2

strength 4 3 3 3 1 2
ppb 4 0 0 0 0 0
bioav 4 0 1 0 1 0
ld50 4 0 0 0 0 0

yatch 0 3 3 3 3 1
airfoil 4 4 4 1 1 1

Te
st

slump 3 2 2 0 0 0
strength 4 3 3 3 2 2
ppb 2 0 0 0 0 0
bioav 4 2 0 0 2 1
ld50 0 0 0 0 0 0

cases (specifically, the yacht dataset when using the +2SIG muta-
tion). In all other test cases, SLIM matches or outperforms the FS
performance of GSGP, including 12 cases where both algorithms
achieve a value of 0. This value indicates that the model trained
on noisy data was never outperformed by the model trained on
standard data.

Notably, most instances where a value of 0 is observed occur with
the ppb, bioav, and ld50 datasets. This is attributed to these datasets
having a large number of features—626, 241, and 626 respectively—
compared to the remaining four datasets. In fact, a larger number
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of features diminishes the impact of noise addition, reducing the
likelihood of a noisy feature influencing an individual’s structure.

As mentioned earlier, SLIM+2SIG is the only SLIM variant with
worse FS performance compared to its corresponding GSGP variant.
This can be explained by the fact that the additive GSM has a smaller
impact on offspring semantics than the multiplicative GSM. To
convince oneself of this fact, one should consider, for instance a
perturbation, given by 1SIG, 2SIG or ABS, equal to 0.1. If we consider
an individual 𝑃 with semantics 𝑆𝑝 = [3, 5, 6, 9], and we apply the
sum, we obtain: 𝑆𝑝 + 0.1 = [3.1, 5.1, 6.1, 9.1], while if we apply the
product we obtain 𝑆𝑝 · 1.1 = [3.3, 5.5, 6.6, 9.9]. From this example,
we can clearly see that the multiplicative GSM produces a bigger
perturbation of the semantics of the individual than the additive
GSM. This smaller semantic impact of the additive GSM makes it
less detrimental when noisy features are appended to a solution’s
structure in SLIM+2SIG, compared to SLIM*1SIG and SLIM*ABS.
Consequently in SLIM+2SIG, solutions with noisy blocks are more
likely to persist in the evolving population. Finally, Table 1 and
Table 2 highlight that SLIM consistently outperforms GSGP in FS
capabilities, underscoring one of the advantages of incorporating
DGSM into the evolutionary process.

6 Conclusion and Future Work
This study investigated the Feature Selection (FS) capabilities of
SLIM and its variants, with a focus on handling noisy datasets.
Across different types of noise, we compared the performance of
SLIM, GSGP.

The conducted experiments assessed the ability of SLIM and
GSGP to perform feature selection in the presence of noise. The
results demonstrated that SLIM consistently outperformed or
matched the performance of GSGP in identifying and exclud-
ing noisy features, across all datasets and noise levels. However,
SLIM+2SIG was the only variant that showed slightly worse per-
formance in the presence of noise, particularly when using the
+2SIG mutation on the yacht dataset. This result can be attributed
to the smaller semantic impact of the additive Geometric Semantic
Mutation (GSM), which makes it less effective at excluding noisy
features compared to the multiplicative GSM variants.

In conclusion, SLIM demonstrates strong feature selection ca-
pabilities, outperforming traditional GSGP and offering a viable
solution for noisy datasets.

Future work will focus on improving the DGSM, developing new
techniques to identify harmful blocks in the solutions genotype.
The extension of this analysis to other datasets should also be
considered. Specifically observing the algorithms performance on
epistatic datasets, such as the one created with GAMETES [20] and
already used in other studies [21]. Also, future work should focus
on analyzing the FS abilities of the newly introduced Deflating
Geometric Crossovers [22].
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