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Abstract. Feature selection is an essential task in machine learning and
data mining that involves identifying a subset of relevant features from a
larger set. This paper proposes a novel technique for unsupervised feature
selection based on a Neural Network in conjunction with an evolution-
ary algorithm. The proposed method aims to extract subsets of the most
discriminative and relevant features from high-dimensional data, which
can be eventually used for efficient and accurate machine learning. An
evolutionary algorithm is employed to generate the feature subsets, and
the goodness of a feature subset is evaluated through the ability of a
neural network to reconstruct the whole original input space by mean
squared error minimization (in an auto-encoder fashion). Experimental
results demonstrate the effectiveness of the proposed approach in find-
ing relevant feature subsets for successive learning tasks, achieving better
classification and regression accuracy compared to state-of-the-art fea-
ture selection methods.

Keywords: Unsupervised Learning · Feature Selection · Genetic Algo-
rithm · Deep AutoEncoder · Supervised Learning.

1 Introduction

Feature selection is a crucial step in machine learning and data analysis, as
it aims to identify the most informative subset of features from a large set of
potential predictors [11]. This process can greatly improve the accuracy and
efficiency of predictive machine learning models by reducing the dimensionality
of the input space for successive supervised or unsupervised tasks, removing
irrelevant or redundant features, and avoiding overfitting. It may also help to
uncover underlying patterns and relationships in the data. However, traditional
supervised feature-selection methods rely on labeled data, which can be a major
limitation in real-world applications, where labels may be expensive or difficult
to obtain. In recent years, unsupervised feature selection has emerged as an
alternative active research area that aims to identify relevant feature subsets
that can capture the underlying structure of the data without relying on labels
[26].
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Evolutionary Algorithms (EAs) represent a powerful, general-purpose, and
well-known paradigm among evolutionary computation techniques that has been
applied to a wide range of optimization problems, including feature selection
[18]. EAs are particularly well-suited for feature selection tasks because they
can explore a large search space of potential feature subsets and automatically
generate candidate solutions using a combination of mutation, crossover, and se-
lection operations [4]. In recent years, they have been used as effective techniques
for unsupervised feature selection [7, 1], allowing for the automatic discovery of
non-redundant feature subsets.

This paper proposes a novel approach to unsupervised feature selection based
on genetic programming. The proposed approach aims to identify a subset of
relevant features that maximize the ability to reconstruct the whole input data
features space from subsets of features, eliminating redundant or irrelevant fea-
tures. Subsets of features are generated by a Genetic Algorithm, and the mean
squared error (MSE) between the features space reconstructed by deep neural
networks and the original input space is used to evaluate the goodness of fea-
ture subsets. We use the MSE in conjunction with a regularization term as the
fitness of the Genetic Algorithm to guide the search towards simpler and more
generalizable feature subsets, preferring lower-dimensional solutions. We used a
Deep (asymmetric) Auto Encoder to reconstruct the input space, which takes
as input a subset of the original features.

The experimental results demonstrate that our proposed method can effec-
tively identify informative feature subsets in various real-world datasets. We
evaluate the proposed approach on several benchmark datasets and compare its
performance with two classical feature selection methods, both supervised and
unsupervised. The experimental results show that the proposed approach out-
performs the compared methods in terms of classification/regression accuracy
and feature subset size. Our approach offers a promising direction for unsuper-
vised feature selection, enabling more efficient and accurate predictive modeling
in a wide range of applications.

The rest of the paper is organized as follows. Section 2 provides a review of
related work on unsupervised feature selection and genetic programming. Sec-
tion 3 presents background information that describes theory and concept use-
ful for understanding successive experiments. Section 4 describes the proposed
approach in detail, including the genetic programming framework, the fitness
function, and the diversity preservation mechanism. Section 5 presents the ex-
perimental setup, the dataset used, the comparison method, and the results of
the evaluation. Finally, section 6 concludes the paper with the implications and
limitations of the proposed approach, a summary of the main results, and future
directions.

2 Related Work

Several surveys about feature selection have been published [20, 11]: they pro-
vide basic information on feature selection approaches to better understand the
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underlying problem. Evolutionary Algorithms (EAs) have been successfully ap-
plied to feature selection problems in the past [18]. In [2], the problem of the
high time needed to evaluate the fitness of any individual in the EA process
has been faced: the computational time of the EAs may be quite high. There-
fore, the combination of EA and a classification method maybe not be efficient.
They faced the problem by fitness function approximation, reducing the time
needed to evaluate each candidate solution. In [1], an unsupervised feature se-
lection approach based on EA was developed for text-clustering, relying on the
mean absolute difference in text embedding. A similar approach was developed
in [7], where the fitness function relies on KMeans clustering metrics. In [5], an
unsupervised, model-agnostic, wrapper method for feature selection has been
proposed. The authors assumed that if a feature can be predicted using the oth-
ers, it adds little information to the problem. Therefore, it could be removed
without impairing the performance of whatever model will be eventually built.
There, the proposed method iteratively identifies and removes predictable, or
nearly-predictable, redundant features, allowing trade-off complexity with ex-
pected quality. The theory and the philosophy behind that approach are similar
to the one proposed here, but our novel work is trying to reconstruct the whole
feature set all at once by starting from feature subsets.

3 Background

3.1 Features selection

Feature selection is the process of identifying and selecting the most relevant fea-
ture subset in a dataset from a large pool of potential input variables for building
a predictive model, to identify the most informative features that capture the
essential characteristics of the underlying data while discarding redundant or
noisy features that may lead to overfitting or poor generalization. It is a critical
pre-processing step in machine learning and a fundamental research topic.

The need for feature selection arises due to the increasing complexity and
dimensionality of real-world datasets, which often contain numerous variables,
many of which are irrelevant or redundant, and data analysts may have no or
limited domain knowledge to pre-prune the data input space. These techniques
may help reduce the data’s dimensionality, improve the interpretability of the
results, and enhance the performance of machine learning models.

Input space reduction can also be achieved with Feature Extraction [15]: it
involves reducing the dimensionality of a dataset by extracting the most impor-
tant features. Principal Component Analysis (PCA) is one of the most popular
techniques for Feature Extraction [17]. The main difference between Feature Ex-
traction and Feature Selection is that Feature Extraction creates new features
by combining the original ones, while Feature Selection selects a subset of the
original features.

Various methods of feature selection have been developed, and they can be
grouped into three main groups: filter methods, wrapper methods, and embedded
methods [11].
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Filter methods rely on statistical measures or machine learning algorithms
to rank the features based on their relevance and importance. Correlation-based
metrics can be used for the selection of features that are less-correlated with
each other, thereby discarding redundant information from the dataset in an
unsupervised fashion. Alternatively, we can select only the features that are
(highly) correlated with the target label we aim to predict in a supervised fashion
[28]. A correlation threshold is chosen and the features that score below this
threshold are discarded. Once a subset of features is selected, it can be used as
an input to the chosen classifier algorithm. Unlike the other feature selection
methods (wrapper and embedded), filter methods are independent/separated
from the successive ML algorithm [25], and thus they can be considered an
independent pre-processing step.

Wrapper methods use a machine learning model to evaluate the performance
of different subsets of features and select the best one, by computing error mea-
sures on a selected test set, eventually relying on cross-validation. As an example,
evolutionary algorithms can be used as wrapper methods for feature selection
[18], by relying on an underlying ML model trained on possible candidate fea-
ture subsets. The ML model is then tested on a proper test set, usually in a
cross-validation fashion. A widely-used wrapper method is the Recursive Fea-
ture Elimination (RFE) [12]

Finally, embedded methods incorporate feature selection into the process of
model training, by optimizing the feature subset during the learning process, as
it happens in tree-based models like Decision Trees or Random Forests.

The choice of feature selection method depends on the characteristics of the
dataset, the type of machine learning model used, and the specific application.
Each method has its strengths and weaknesses, and the selection of the best
approach requires careful evaluation and experimentation. Furthermore, recent
advances in deep learning and neural networks (NN) have opened up new oppor-
tunities for feature selection, by leveraging the representation learning capabil-
ities of these models [10]: feature selection has traditionally been an important
technique for shallow learning models, but for deep learning the need for ex-
plicitly selecting the features has been partially alleviated by the ability of the
NNs to learn meaningful representations directly from raw data. In these types
of models, the concept of feature selection is often replaced by the concept of
representation learning, where the goal is to learn a set of features that capture
the most relevant information from the input data. NNs are capable of automat-
ically discovering and extracting high-level features from the raw data, without
the need for manual feature engineering [10]. This is achieved by stacking multi-
ple layers of nonlinear transformations, each layer learning increasingly abstract
representations of the input data. In some cases, however, it may still be benefi-
cial to apply feature selection techniques in conjunction with deep learning. For
example, to reduce computational complexity and memory requirements of deep
neural networks when dealing with high-dimensional data, while also improving
their interpretability. Additionally, feature selection can be useful in situations
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where the dataset contains noisy or irrelevant features, which can negatively
impact the performance of deep learning models.

3.2 Evolutionary Algorithm

EAs are adaptive search techniques, for which improvement over random and
local search methods has been demonstrated [9, 18]. An EA maintains a popula-
tion of individuals representing potential solutions across the generations. Each
individual is evaluated based on its fitness with respect to the objective function
being minimized or maximized. The fittest individuals are selected, and through
crossover and mutation, new individuals are generated, leading the population
toward better solutions in the given domain. EAs have been proposed as a tool
for identifying and selecting the optimal subset of features for subsequent ma-
chine learning algorithms, such as classification systems [9, 18].

In a population of individuals, represented as chromosomes (C1, C2 · · ·Cp),
each chromosome is a potential solution of the underlying task (and in the fea-
ture selection domain, a set of relevant features). EAs are advantageous for
classification processes due to their insensitivity to noise and independence from
domain knowledge. EAs rely on selection, crossover, and mutation. The selection
phase involves choosing the best feature subsets based on their fitness values.
The crossover operator combines these selected subsets to generate offspring so-
lutions, while the mutation operator introduces random changes to explore new
areas of the search space. Various evolutionary operators have been developed in
the past to drive the optimization process of EAs [21, 16]. When utilizing EAs,
several aspects need to be determined, including chromosome codification, chro-
mosome length, population size, genetic operators, and fitness function. Typi-
cally, the population size is set to 50 or 100 [18]. Standard genetic operators, such
as one-point crossover and standard mutation, are commonly employed [21, 16].
The probabilities of crossover and mutation are hyper-parameters that should
be optimized [22]. The choice of fitness function depends on the specific problem
being optimized. In ML tasks, both supervised (based on labels, such as predic-
tion performance in classification algorithms) and unsupervised (e.g., clustering
capacity) fitness functions can be used, sometimes combined with penalties or
additional factors.

4 Methods

The core idea behind the proposed approach is to have a model able to predict the
whole feature space from a subset. This approach is similar to the one commonly
used by autoencoders (AE), which project the input data into a latent space,
and from this, they aim to reconstruct the original input space by minimizing
the MSE between the inputs and their reconstruction. But while in traditional
AE the inputs and the outputs of the networks are the same, in our models the
inputs are feature subsets of the original one, thus making the model asymmetric.
The chosen ML model is a fully-connected NN, that is a multi-layer perceptron,
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closely similar to an auto-encoder. It consists of an encoder and a decoder, where
the encoder maps the input features to a lower-dimensional representation and
the decoder reconstructs the original features from the encoded representation
by MSE minimization. If the model can reconstruct the whole input space by
a subset of the original feature set, the selected subset is representative of the
whole feature space, and thus, redundant information from the dataset should
have been removed. By starting from this idea, we propose to evaluate feature
subsets based on how good is the model to reconstruct the original input space,
generating feature subsets using an EA. The EA work on binary bit strings
chromosomes, of length equal to the total number of features in the dataset.
For each chromosome, if the gene in position i is zero, the ith feature was not
selected. Each gene codes the presence or absence of a feature in the subset. The
GA approach permits to evolve through feature subsets that both minimize the
reconstruction MSE and try to keep the size of the feature subsets small. We
added a regularization term to the MSE to prevent preferring high-dimensional
feature subsets. This encourages simpler and better generalizing solutions while
avoiding keeping the whole feature set as the best set. In formula, given X as
the original input, X̃ the output of the autoencoder, Fs the chosen subset of
features, our fitness function is defined as:

(α ·MSE(X, X̃) + β · length(Fs))−1 (1)

Since we are solving a minimization problem (minimizing both the MSE and
the length of the chosen feature subset) but we want to maximize the fitness
function, we raised to the power of −1 to have that higher fitness function mean
better solutions, to be compliant with classical EA framework. The same results
can be obtained without raising to the power of −1, but directly minimizing the
fitness function. We terminate the EA algorithm when a maximum number of
generations g is reached (Alg. 1). Then, the feature subsets in the final population
are evaluated through supervised error metrics (R2, MSE, Accuracy, . . . ) on a
proper validation set. The chromosome with the lowest error on the validation set
is selected as the final solution. Then, we evaluate the selected feature subset by
comparing its performance to the original model using all features, on a proper
test set.

5 Experiments

The proposed method is implemented in Python using scikit-learn [24], pandas
[19, 27], and numpy [14] libraries for dataset preprocessing. The model was built
and run on GPU using pytorch [23]. We conduct experiments on four bench-
mark datasets, to evaluate the effectiveness of the proposed method and compare
it to state-of-the-art unsupervised feature selection methods. All experiments
were conducted on a server equipped with an Intel ® Core™ i9-9900K CPU @
3.60GHz × 16, 32 GiB of RAM, and an Nvidia ® 2080 TI GPU with 12 GiB
of reserved RAM.
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Algorithm 1 U-FLEX Evolutionary Algorithm
maxg ← generation
g ← 0
tournamentSize← t
populationSize← p
mutationRate← m
population← random(popSize)
while g ≤ maxg do

fitnessV alues = evaluate(population)
parents = tournamentSelection(population, fitnessV alues, tournamentSize)
population← []
for i ∈ range(0, populationSize, 2) do ▷ iterate over couples of parents

offspring1, offspring2 = crossover(parents[i], parents[i+ 1])
population.append(mutate(offspring1,mutationRate))
population.append(mutate(offspring2,mutationRate))

end for
g = g + 1

end while

5.1 Datasets

Here, we describe the dataset used for validating our feature selection framework.
The number of samples, features, and the task performed are described in Tab.
1.

MSD The Million Song Dataset (MSD) [6] is a collection of audio features and
metadata for over a million songs, created by The Echo Nest and released to
the public in 2011. The year prediction task is one of several tasks that can be
performed on the Million Song Dataset, and it has been used as a benchmark for
evaluating machine learning models for music analysis. The goal of the task is to
train a machine learning model able to predict the year of release for a set of test
songs. The audio features used in the task include features like tempo, timbre,
and spectral contrast, which are extracted from the audio signal using signal
processing techniques. The metadata associated with each song, such as the artist
name and album title, can also be used as input to the machine learning model.
The year prediction task is typically framed as a regression problem, where the
output is a continuous value representing the predicted year of release.

Artificial Dataset A random artificial regression problem (ART). The inputX
was generated with a low-rank-fat tail singular profile. The dataset was created
by means of scikit-learn package. Most of the variance can be explained by
a bell-shaped curve of width 30, while we have 500 components. The low-rank
part of the profile can be considered the structured signal part of the data while
the tail can be considered the noisy part of the data that cannot be summarized
by a low number of linear components. The output is generated by applying a
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random linear regression model with bias equal to 100 and with 30 informative
and nonzero regressors to the previously generated input and Gaussian-centered
noise with a standard deviation equal to 0.05. 30, 000 samples were created.

Madelon MADELON (MAD) is an artificial dataset for balanced binary clas-
sification, containing data points grouped in 32 clusters placed on the vertices of
a five-dimensional hypercube and randomly labeled. The five dimensions consti-
tute 5 informative features. 15 linear combinations of those features were added
to form a set of 20 (redundant) informative features. An additional number of
480 distractor features called ’probes’ having no predictive power were added,
for a total of 500 features. It is a classical dataset used for feature selection
challenges [13].

Table 1. Datasets information

Name Pseudo # Samples # Features Task Reference

Million Song Dataset MSD 515,345 90 Regression [6]
Artificial ART 30,000 100 Regression [24]
Madelon MAD 2600 500 Classification [13]

5.2 Comparison

We compared our framework with two classical feature selection approaches: a
Pearson Correlation-based univariate filter method, based on a threshold, and a
wrapper method based on an Evolutionary Algorithm.

Univariate Feature Selection Pearson correlation can be used as a filter
method for unsupervised univariate feature selection by identifying the linear
correlation between independent features in the dataset, without relying on the
target label. The most informative features in a dataset are the less-correlated
ones: if two pairs of features present high linear correlation, they may provide
redundant or overlapping information and can be eliminated from the dataset
without losing much information. It is important to note that Pearson corre-
lation is only effective for identifying linear relationships between variables. If
the relationship between variables is non-linear, other measures of correlation
such as Spearman’s rank correlation or Kendall’s tau correlation may be more
appropriate. By eliminating redundant or overlapping information, the resulting
subset of features can provide a more efficient and informative representation
of the data. An unsupervised correlation-based approach for feature selection
can be performed by calculating the Pearson correlation between each pair of
features in the dataset. Then, it is possible to identify pairs of highly correlated
features by setting a threshold value for the correlation coefficient and removing
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any features that have a correlation value above the threshold. Perfectly corre-
lated variables are truly redundant in the sense that no additional information is
gained by adding them, but very high variable correlation (or anti-correlation)
does not mean the absence of variable complementarity [11]. We used 80% as
the correlation threshold.

Wrapper Supervised EA Feature Selection We compared the obtained
results with a supervised wrapper method for feature selection, based on EA
(Supervised EA). The fitness function used is the error metric of a supervised
model on a validation set, with the objective of maximizing the prediction per-
formance of the underlying model in a 5-folds CV fashion. The chromosomes
with the best fitness score are selected for reproduction, and the process contin-
ues until a stopping criterion is met (maximum number of generations). We used
scikit- learn genetic-opt package [3]. It is a popular open-source Python
package that provides a genetic algorithm-based approach for hyperparameter
tuning and feature selection in scikit-learn. The genetic feature selection al-
gorithm starts by randomly generating a set of chromosomes, each representing
a different subset of features. It then applies a genetic algorithm to iteratively se-
lect the most relevant subset of features, optimizing the prediction performance
(R2 score for regression, Accuracy for classification) of a specified estimator using
k-fold cross-validation. The package implements the µ+λ evolutionary strategy,
thus keeping both parent and children at each generation. µ represents the num-
ber of parent individuals in a population, while λ is the number of offspring
individuals.

5.3 Parameter Setting

As written in Section 4, the fitness function we used is a combination of two terms
that we aim to optimize: the ability of the network to reconstruct the original
inputs and the dimensionality of the feature subsets found. The parameters α
and β in equation 1 control the stability of the learning process, and they are
dataset-dependent. In our settings, for a dataset with n total features, α = 10
and β = 1.5 · 1

n worked well in general, making the two terms of the objective
functions do not prevail one over the other.

The EA was implemented by using very simple criteria for the creation of
a new population at each generation. The selection was based on tournament
selection with a tournament size of 5. First, the candidate with the best fitness
function is added to the new population (elitism). The participants in each
tournament are selected at random among the population, and the winner of
each tournament is added to the parents, that will be subjected to crossover in
the next phase (see Alg. 1)

The crossover is a uniform crossover between each parent. The mutation was
a single uniform bit-flip based on a mutation rate of 0.01, meaning that each
gene has a probability of 0.01 of being flipped. The mutation was applied to each
of the offspring. The population size was set to 30.
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The deep autoencoder was trained for just 1 epoch: even if this number seems
to be low or not enough to say something about the reconstruction ability of the
autoencoder, we didn’t find great improvement in the genetic learning process by
increasing the number of epochs (we tried from units to tens of epochs): what we
aim is having a rough idea of the ability of the network to reconstruct the original
feature set from feature subset. Increasing the number of epochs of training leads
for sure to more reliable measurements of the input reconstruction ability of the
feature subset but at the cost of an increasing time in the evaluation of each
individual of the population: the main bottleneck of our approach is precisely
the evaluation step since evaluating each candidate requires the full training
of a NN. Considering just one epoch of training is an approximation of the
fitness function computation, but it is needed to reduce the fitness evaluation
time [2]. More sophisticated ways of tackling the problem can be found. The
architecture is a simple fully connected autoencoder. The encoder has 2 hidden
layers of size 128 and 64, while the decoder is symmetric to the autoencoder,
but the last layer has as output dimensionality the number of original features.
The activation function is the Leaky-ReLU. We used ADAM optimizer with
learning rate lr = 1e − 3 For fitting the successive supervised model, we used
Linear Regression for regression tasks and SVM for the classification, with rbf
kernel and parameter C = 1 (no hyperparameters tuning for the shallow model,
we just used the default parameters provided by scikit-learn). We randomly
split the dataset into train, validation, and test sets. We trained all the models
(for the supervised and unsupervised evolutionary feature selection) on the same
training set, and we tested them on the test set. We used 80% of the samples
as the training set, and the remaining 20% as a blind test set, for each dataset.
Additionally, the 15% of the training set was used as the validation set for the
NN evaluation, for computing the fitness function, at each generation, and for
choosing the best feature set.

The performances of the supervised model were tested on the test set. We
used as error metrics the accuracy, in percentage, for the classification task and
the normalized Root Mean Squared Error (nRMSE) for the regression task. The
nRMSE is nothing more than the root mean squared error RMSE but nor-
malized by the mean of continuous label ytrue in the test set, i.e. nRMSE =
RMSE(ytrue, ypred)/mean(ytrue). The lower this value, the better the perfor-
mance of the model. These metrics were used to have error percentages rather
than absolute values.

5.4 Results

The main results are presented in table 2. Our framework successfully found
relevant feature subsets, and the obtained results in the supervised task are
comparable with the other methods considered, both for the number of features
found, and prediction error reached (comparable with other research experiments
on the same datasets, [6, 8]) We let the algorithm run for a different number of
generations, depending on the dataset. Since the MAD dataset contains a low
number of samples, the evaluation of each candidate lasts a few seconds. In this
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case, to reach better performance (for both size and prediction error, thus more
valuable feature subsets), we can let the algorithm run for more generations, and
train the NN for more epochs (with a minor increase in time). With 50 steps, we
were able to reach the 72.34% of accuracy on the test set with 136 features. With
150 generations, about 119 features are selected, with 77.50% of accuracy. With
the Supervised EA, after 150 generations, for the MAD dataset 220 features were
selected, with an accuracy of 74.23% (see Tab 2). Fig 1 presents the trends of
the mean fitness function and the max accuracy in the population for the MAD
dataset. For the Supervised EA, we are directly optimizing the accuracy over
the validation set (that increases until a plateau), while for U-FLEX not. But
the fitness function correctly increases over the generation, meaning that we are
pruning the original feature set. In MSD, after 50 generations, we found final
feature subsets of similar size (just 9 more, 10% of the total) with respect to
the supervised EA method, reaching the same prediction error (Tab 2). For all
the datasets explored, the Pearson Correlation method was not able to prune
a relevant number of features, and in some cases (for example, the artificial
dataset), no features were removed. Datasets with a high amount of correlation
among features (MSD) are easily managed by our framework. Other types of
datasets (such as MAD and ART), in which many features are practically noise,
are not so easily tractable with reconstruction approaches but would require more
knowledge on the type of data we must manage. These types of problems are
more suitable to be solved with supervised approaches rather than unsupervised
ones since the features are mutually independent, and thus we would need more
features to reconstruct the original input space, even if they would be noise for a
supervised task. But even with this type of problem, the difference between the
number of features found by the supervised and unsupervised genetic algorithm
in the ART dataset is not so pronounced (50 features, 10% of the total after 50
generations). A comparison between the fitness function of the supervised and
unsupervised approach is shown in Fig 2. 1.

Table 2. Error metrics (nRMSE for MSD and ART, Accuracy for MAD) on the
benchmark datasets. 150 generations for the MAD dataset, 50 generations for MSD
and ART datasets. The higher the accuracy (MAD) the better the result. The lower
the nRMSE (ART, MSD), the better the result.

Features Used/Error metric%

Dataset All Pearson Supervised EA U-FLEX (Our)

MSD 90/0.48% 87/0.49% 62/0.49% 71/0.51%
MAD 500/(68.85%) 490/(65.96%) 220/(74.23%) 119/(77.50%)
ART 500/(0.05%) 500/(0.05%) 232/(0.05%) 282/(0.13%)

1 Promising results were also found on an industrial classified dataset for regression:
the computed nRMSE on all the features was 1.83%. With Pearson filter methods,
2.5% of the features were selected, with a nRMSE of 1.86%. The wrapper-supervised
approach selected the 33% of features, with an error of 1.37%. Our approach con-
verged to 19% of the features, with 1.38% of nRMSE
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Fig. 1. Comparison of U-FLEX and Supervised EA mean fitness function (upper) and
max accuracy (lower) over the population. MAD dataset, 150 generations. For the
Supervised EA, we are directly optimizing the accuracy over the validation set (that
increases until a plateau), while for U-FLEX not.

Fig. 2. Mean fitness function comparison between Supervised EA and U-FLEX in the
population for each generation, computed on ART (upper) and MSD (lower) datasets.
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6 Conclusion

We presented a novel method for unsupervised feature selection, namely U-
FLEX, based on an evolutionary approach. We aim to select feature subsets
that maximize the ability of an underlying NN to reconstruct the input space
by MSE loss minimization, in conjunction with a regularization term to prefer
low-size feature subsets. Experiments showed that our framework outperformed
a classical unsupervised Pearson correlation-based filter, and with comparable
performances over a supervised wrapper method based on an EA. Our framework
effectively selected lower-size feature subsets, eliminating redundant information
from the datasets. Experiments were based on very simple crossover, selection,
and mutation operations and no hyperparameter tuning was done for the base-
line shallow model and NN architecture. Despite that, good feature subsets were
selected, making the underlying idea promising. With more sophisticated meth-
ods for evolving the solutions through the generations (such as increasing the
epochs of training of the underlying NN, dynamically change the coefficient α
and β in the equation 1, experimenting with more underlying methods to evolve
through the generation and more efficient way to train the NN), convergence
time could be improved and plateaus in the fitness function could be avoided,
but these were not implemented for this work. Also, using more elaborated deep
underlying NN could help in adapting the proposed techniques to other types
of datasets (natural images, audio wavelengths, or spectra). More rigorous work
should be done over a higher number of datasets and hyper-parameters, but the
evaluation and the results make, in the authors’ minds, the proposed approach
promising in the unsupervised feature selection panorama.
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