Intelligent Systems with Applications 26 (2025) 200532

Contents lists available at ScienceDirect

Intelligent
Systems

wi
Applications

Intelligent Systems with Applications

journal homepage: www.journals.elsevier.com/intelligent-systems-with-applications

Check for

Metaheuristics in automated machine learning: Strategies for optimization

*

Francesco Zito **, E1-Ghazali Talbi", Claudia Cavallaro?, Vincenzo Cutello ?, Mario Pavone -

2 Department of Mathematics and Computer Science, University of Catania, viale Andrea Doria 6, Catania, 95125, Italy
b University of Lille, CNRS, INRIA, Polytech’Lille, Cité Scientifique, Villeneuve d’Ascq, Lille, 59655, France

ARTICLE INFO ABSTRACT

Keywords: The present work explores the application of Automated Machine Learning techniques, particularly on the
Metaheuristics optimization of Artificial Neural Networks through hyperparameter tuning. Artificial Neural Networks are
Hyperparameter optimization widely used across various fields, however building and optimizing them presents significant challenges.

Automated machine learning
Deep learning
Artificial neural network

By employing an effective hyperparameter tuning, shallow neural networks might become competitive with
their deeper counterparts, which in turn makes them more suitable for low-power consumption applications.
In our work, we highlight the importance of Hyperparameter Optimization in enhancing neural network
performance. We examine various metaheuristic algorithms employed and, in particular, their effectiveness
in improving model performance across diverse applications. Despite significant advancements in this area, a
comprehensive comparison of these algorithms across different deep learning architectures remains lacking.
This work aims to fill this gap by systematically evaluating the performance of metaheuristic algorithms
in optimizing hyperparameters and discussing advanced techniques such as parallel computing to adapt
metaheuristic algorithms for use in hyperparameter optimization with high-dimensional hyperparameter search

space.
1. Introduction concentrate on two key areas: Hyperparameter Optimization and Neu-
ral Architecture Search. Hyperparameter Optimization (HPO) involves
Artificial neural networks (ANN) are widely used across various adjusting the settings that control how a model learns, helping it to
fields including biology, finance, statistics, industry, operational re- perform better. An example of this method is the use of Bayesian

search, and computer vision (Abiodun et al.,, 2018; Cutello et al.,
2024b). Their success lies on their capability to extract features from
raw data and process them individually (Zhong et al., 2016). However,
building an artificial neural network is a very challenging task (Dargan
et al., 2020). First, the network architecture must be tailored to the spe-
cific problem at hand. Secondly, preprocessing of the training dataset is
essential to eliminate noise and handle missing values. Thirdly, training

Optimization to search for the optimal hyperparameters of a neural
network (Wu et al., 2019; Zito et al., 2023a). On the other hand,
Neural Architecture Search (NAS) automates the process of designing the
structure of neural networks, allowing for the identification of the best
setup for different types of data and tasks (Zito et al., 2024). Addition-
ally, NAS can be viewed as a multi-objective optimization problem (Lu

an artificial neural network can be time-consuming and demands a et al,, 2022). Automated Machine Learning techniques aim to simplify
substantial amount of data. Lastly, evaluation of the neural network the process of building and deploying machine learning models by
should be conducted on a partition of the dataset that has not been automatically selecting the best algorithm and hyperparameters based
previously used. If the network does not meet expectations, adjustments on the data. These techniques have gained popularity due to their
to the architecture should be made, followed by iterative repeating of ability to eliminate the need for human intervention (Salehin et al.,
the process (Sarker, 2021). 2024).

In the rapidly evolving landscape of machine learning, one of the Over the past decade, numerous studies have investigated various

most significant challenges is selecting the most effective model for
a given task. The vast number of machine learning models available
can be overwhelming, often leading to suboptimal choices that hin-
der performance and efficiency. To simplify this process, researchers
are focused on developing techniques in Automated Machine Learning
(AutoML) (Hutter et al., 2019). These innovative approaches primarily

metaheuristic algorithms as effective techniques for optimizing hyper-
parameters in machine learning models across diverse fields. These
algorithms are essential for improving the performance of machine
learning models and, in turn, positively impacting a wide range of
application domains. Despite significant advancements in this area, to
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our knowledge, there is no comprehensive study which systematically
compares different metaheuristic algorithms for hyperparameter opti-
mization in deep learning models. Thus, there is a considerable gap in
literature concerning the direct comparisons of these algorithms across
various deep learning architectures.

For this reason, in the present work we will explore in more details
the concept of Automated Machine Learning. Different optimization
algorithms, specifically metaheuristic algorithms, will be compared to
evaluate their effectiveness in optimizing the hyperparameters of com-
mon neural network architectures. The aim of this work is to show how
AutoML techniques can simplify the model selection process and help
data scientists extract valuable insights from their data more efficiently.
Advanced techniques, such as parallel computing, will be discussed
to adapt metaheuristic algorithms for optimizing neural network ar-
chitectures with large hyperparameter search spaces. By leveraging
parallel processing, these algorithms can explore a wider range of
hyperparameter combinations simultaneously, leading to faster conver-
gence and more optimal solutions. It is important to note that while
machine learning refers to a wide range of areas, this article will focus
specifically on the field of Deep Learning (DL). However, many of the
concepts and techniques discussed here can also be generalized and
applied to other areas of machine learning, such as supervised learning,
unsupervised learning, and reinforcement learning.

The present work is structured as follows. Section 2 introduces
artificial neural networks and their various applications. Section 3
explores the recent trends and applications of automated machine
learning. In Section 4, we analyze how metaheuristic algorithms (single
solution and population-based) can be used to optimize the hyperpa-
rameters of common neural network architectures. Section 5 showcases
techniques to adapt metaheuristics in real-world application domains,
analyzing neural networks with higher complexity and a larger number
of hyperparameters. Section 6 discusses the results obtained from our
experiments. Finally, Sections 7 and 8 provide some final comments
and highlight possible future research developments.

2. Artificial neural networks

An artificial neural network is a machine learning model that draws
inspiration from the architecture of the human brain. It is composed of
interconnected nodes, known as artificial neurons, which process infor-
mation by responding to external inputs. ANNs are usually organized
in layers, each with distinct properties (Wilamowski & Irwin, 2018). A
typical neural network consists of three main types of layers: an input
layer, one or more hidden layers, and an output layer (Fig. 1). The
specific types of layers included in an ANN are determined primarily by
its intended application. Each layer has unique properties and can be
defined by parameters that rule its behavior. These parameters, referred
to as hyperparameters, are separate from the network’s internal param-
eters (Wang, 2003). More specifically, hyperparameters are variables
that establish the structure and characteristics of a neural network
and are defined before the training phase (Akay et al., 2022). These
may include the output size of a fully connected layer, the dropout
rate in a dropout layer, the choice of activation functions, and more.
Additionally, parameters related to training, such as the number of
epochs, the optimizer, and the initial learning rate, can also be cate-
gorized as hyperparameters. On the other hand, parameters determine
the network’s behavior and are determined during training, where
optimal weights are chosen to minimize the loss function (Aljarah et al.,
2018). Unlike hyperparameters, these parameters rely on the input data
and are exclusively determined by the training process. Overall, the
performance of a neural network is influenced by both its hyperpa-
rameters and parameters. The selection of suitable hyperparameters
can significantly impact the efficiency of the training process and the
subsequent performance of the network.
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Fig. 1. Artificial neural network.

Deep Neural Networks (DNNs) extend the concept of traditional
neural networks by incorporating multiple hidden layers. This in-
creased depth allows DNNs to learn more intricate patterns and rep-
resentations of data (Islam et al., 2023). One of the most significant
advantages of deep neural networks is their ability to process infor-
mation directly without the use of a strong preprocessing of data,
making them particularly well-suited for computer vision tasks (Chai
et al., 2021). For example, in tasks such as image recognition, each
layer can extract progressively more abstract features, starting from
basic edges and shapes in the initial layers to complex objects in the
deeper layers. Additionally, DNNs are highly effective at extracting
relationships between variables that are unseen by humans, making
them well-suited for tasks such as pattern recognition and time-series
forecasting.

3. Recent trends and applications

Automated Machine Learning has gained significant attention in
recent years due to the increasing complexity of machine learning
models. The primary goal of AutoML is to automate the process of
building and optimizing machine learning models, which reduces the
need for manual intervention and accelerates the model development
process (Hutter et al., 2019). This section will explore recent trends
and applications of AutoML, highlighting its potential to revolutionize
various industries and fields (Salehin et al., 2024).

3.1. Interdisciplinary impact of automated machine learning

In the last ten years, the number of publications in the field of
automated machine learning has shown a remarkable growth, as can
be observed in Fig. 2, reflecting the growing interest and advancements
in automated machine learning technologies and methodologies. To
provide further insight, Fig. 3 depicts the distribution of research
publications across various subject areas related to automated machine
learning from 2014 to 2024. Each segment of the pie chart represents
a different field, highlighting the interdisciplinary nature of automated
machine learning research, its impact across diverse scientific domains,
and the interest in investing financially in such a research field.

More in details, AutoML has found numerous applications in the
healthcare industry, particularly in areas such as medical image anal-
ysis and disease prediction (Waring et al., 2020). While much of the
existing AutoML literature has focused on supervised learning, recent
work emphasizes the need for advancements in unsupervised learning,
particularly in anomaly detection. This highlights the importance of
developing automated methods for identifying anomalies, which are
critical across various domains (Bahri et al., 2022). In the field of cyber-
security, AutoML has shown great promises. As cyber threats become
increasingly sophisticated, traditional rule-based approaches are less
effective (Alrowais et al., 2023). AutoML can enhance threat detection
and response by automating the analysis of vast amounts of data.
The financial sector has also benefited from advancements in AutoML.
Machine learning models developed using AutoML techniques facilitate
rapid decision-making and optimization of trading strategies, as dis-
cussed in Larsen and Becker (2021). Another significant application of
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Fig. 2. Publication growth in the field of Automated Machine Learning (2014-2024). Data obtained from the Scopus Database.
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Fig. 3. Distribution of research areas for Automated Machine Learning (2014-2024). Data obtained from the Scopus Database.

AutoML lies in forecasting. AutoML can develop neural network models
that effectively capture relationships between variables so to generate
accurate predictions. This capability is particularly valuable in decision-
making processes and gene regulation, where a good understanding of
the intricate interactions among genes and their regulatory elements is
essential (Zito et al., 2023b).

3.2. Importance of hyperparameter optimization

An interesting aspect to consider is the number of techniques pro-
posed for AutoML that have been published between 2014 and 2024.
Fig. 4 shows the number of research results that addressed two areas of
AutoML: hyperparameter optimization (in blue) and neural architecture
search (in orange). The figure highlights a significant increase in pub-
lications related to hyperparameter optimization, particularly in 2024,
while publications on neural architecture search show a more gradual
rise, peaking in 2023. This comparison underscores the growing interest
and research activity in hyperparameter optimization in recent years.
Hyperparameter optimization is indeed a crucial step in developing
machine learning models, as it involves fine-tuning the parameters that
govern the learning process (Goswami et al., 2023). AutoML has made
significant advancements in this area, employing techniques such as
Bayesian optimization and evolutionary algorithms to enable efficient
and effective hyperparameter tuning (Zhang et al., 2020). Given the
vast search space for optimization algorithms, various solutions have
been proposed in the literature (Yang & Shami, 2020). An example is
found in Morteza et al. (2023), where a hyperparameter optimization
algorithm is used to optimize the demand predictions for a building.
In addition, to simplify the complexity of building machine learning

models, in Li et al. (2022), a framework for AutoML is proposed,
aimed at building blocks to create machine learning models. Another
notable trend in AutoML is Neural Architecture Search techniques. In
recent years, the number of papers published in this area has declined
compared to hyperparameter optimization; this is because NAS are
resource-intensive algorithms due to their automatic design of neu-
ral network architectures tailored to specific tasks (Talbi, 2021a). A
significant challenge in NAS is evaluating candidate neural network
architectures. This evaluation can be resource-intensive with respect to
computational time and hardware resources. Therefore, it is necessary
to adapt strategies to speed up this evaluation process (Prechelt, 1998;
Zito et al., 2024). Some effective strategies include early stopping,
model pruning, transfer learning, and parallel training.

As shown in Fig. 4, several optimization algorithms, in particular
metaheuristic algorithms, are used for hyperparameter optimization in
various application areas (Bibaeva, 2018). We reported some recent
ones in Table 1 along with the year of publication, the specific machine
learning model used, and their strengths and weaknesses. While the
literature on metaheuristics for hyperparameter optimization is exten-
sive, this table emphasizes research that has made a significant impact
in the field. This is clearly shown in Fig. 5, where it is depicted the
trend of applications of metaheuristic algorithms for hyperparameter
optimization, which were published from 2014 to 2024, as obtained
from the Scopus Database. It is well-known that metaheuristic al-
gorithms are commonly used when traditional optimization methods
falter, particularly in high-dimensional spaces where the search for
optimal hyperparameters becomes computationally very expensive. As
demonstrated in recent studies (Saber & Salem, 2023; Salem, 2023),
metaheuristics are well-suited for tackling complex optimization prob-
lems, including photovoltaic cell optimization and the 0-1 knapsack
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Table 1
Recent metaheuristic algorithms for hyperparameter optimization.
Reference Algorithm Application ML model Strengths Weaknesses
domain
Bouktif et al. (2018) Genetic Forecasting LSTM Exploration of search space Parameter sensitivity
Algorithm prevents overfitting;
robustness
Nakisa et al. (2018) Differential Classification LSTM High diversity in finding Premature convergence;
Evolution optimal solutions computationally expensive
Elmasry et al. (2020) Particle Swarm Classification DNN, LSTM Fast convergence Lack of diversity;
Optimization parameter sensitivity
Tsai et al. (2020) Simulated Forecasting DNN Robustness in large search Low convergence rate
Annealing spaces
Turkoglu and Kaya (2020) Artificial Algae Classification MLP Capability in searching Lack of exploration in
Algorithm solutions without reaching high-dimensional datasets
local minimum
Ma et al. (2023) Iterated Local Prediction BiGRU Fast convergence Parameter sensitivity;
Search effectiveness depends on
local search quality
Chen (2024) Tabu Search Regression MLP Efficiency for May require many
high-dimensional datasets; iterations for high-quality
prevents cycling back to solution
previously visited solutions
Sarwar et al. (2024) Ant Colony Classification ResUNet Adapts to dynamic High parameter sensitivity;
Optimization problems; handles high computational cost
large-scale problems
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Fig. 4. Comparison of research fields over last decade (2014-2024). Data obtained from the Scopus Database. (For interpretation of the references to color in this figure legend,

the reader is referred to the web version of this article.)

problem, which is known to be an optimization problem with a high-
dimensional search space. In addition, they find several applications
in real-world scenarios to estimate model parameters and to explore
unknown environments, as demonstrated in Cavallaro, Crespi et al.
(2024) and Crespi et al. (2024).

However, despite the growing interest in using metaheuristic al-
gorithms for hyperparameter optimization, there is a notable lack of
studies that compare the most commonly used metaheuristic algorithms
across various neural network architectures of differing complexities
and tasks. This gap in the literature highlights the need for compre-
hensive analyses that evaluate how different metaheuristics perform in
optimizing hyperparameters for diverse neural network models. In the
next section, we will explore this topic in greater detail so to provide
the reader with a comprehensive overview of which metaheuristic
achieves a better performance while balancing the performance and the
time required to optimize a neural network architecture.

4. Hyperparameter optimization based on metaheuristics

The application of metaheuristics has evolved significantly in recent
years, with numerous studies in literature demonstrating their effec-
tiveness in enhancing machine learning performance (Talbi, 2021b).
Metaheuristic algorithms are designed to be versatile, allowing them to
be applied to a wide range of optimization problems. Solutions are gen-
erated iteratively, with candidate solutions being continuously refined
to achieve optimal or near optimal outcomes (Bianchi et al., 2009). One
of the advantages of metaheuristics is their simplicity, which makes
them suitable for addressing several types of problems (Stork et al.,
2022). Before analyzing the performance of metaheuristic algorithms
for optimizing neural networks, it is essential to define three key
components necessary for employing an optimization algorithm. First,
defining the search space involves specifying the range of possible
solutions that the algorithm can explore. Next, the objective function
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evaluates the quality of the solutions within the search space, guiding
the optimization process. Finally, defining search strategies determines
how the algorithm explores the search space to find the optimal so-
lution. All of these components will be described in detail below.
Fig. 6 depicts how any hyperparameter optimization algorithm works.
Basically, we have an iterative algorithm where at each iteration a
hyperparameter configuration is found based on the search strategy
and, subsequently, it is evaluated and, possibly, updated.

4.1. Hyperparameter search space

Before delving into the details of the various application domains
and the neural network architectures considered in this study, it is
essential to clarify that each neural network employed in a particular
application domain has a unique set of hyperparameters. These hy-
perparameters include both the architectural hyperparameters and the
training settings. In general, these neural networks can be classified as
parametric artificial neural networks, where the characteristics of each
layer and the training settings are treated as variables within the model.
Consequently, we can define a hyperparameter vector, essentially a
collection of values representing these variables (including neural layer
hyperparameters and training settings), that needs to be optimized
through various algorithms. The primary objective of a HPO algorithm
is to find a hyperparameter vector that enables a neural network to
achieve optimal performance.

Formally, a hyperparameter vector is a vector v in which
each element refers to a single hyperparameter of an artificial neural

network. A hyperparameter vector contains two information groups.
The first group contains architecture hyperparameters, whereas the
second group contains training setting. Fig. 7 shows an example of the
representation of a hyperparameter vector and the relative parametric
artificial neural network. In this study, we focus on the case of discrete
optimization. Given that each element of a hyperparameter vector v can
take on a finite set of values, we denote the set of all possible values
that the ith hyperparameter can assume as U;. Thus, a hyperparameter
vector v is defined as v € U, where U = U; x U, X --- x Uy, and k rep-
resents the number of hyperparameters in an artificial neural network.
In this notation, U represents the hyperparameter search space, which is
used by the optimization algorithm to explore various configurations
of the hyperparameters for optimization. Due to the vast size of the
hyperparameter space, Wistuba et al. (2015) has adopted strategies to
effectively navigate and optimize within it.

4.2. Objective function

A hyperparameter optimization algorithm searches a hyperparame-
ter vector for the neural architecture under consideration by employing
a strategy that depends on the type of algorithm itself. To assess the
quality of the hyperparameter vector and determine whether the cor-
responding neural network performs well, an evaluation process must
be conducted. However, during the assignment of hyperparameters to
a parametric neural network, it is possible to encounter an invalid
architecture. In this case, the cost of the hyperparameter vector is set
to be an infinite cost so to avoid it in future selections. Conversely, if
the hyperparameter vector is valid, the evaluation process yields a real
value representing the cost of the solution. The cost is a metric used to
quantify the performance of a neural network and should be as small as
possible. Typically, this value can be equal to the loss value computed
by the loss function. In hyperparameter optimization, algorithms can
utilize multiple objective functions that take various conditions into
account when evaluating a candidate neural network. These conditions
may include loss values, model complexity, the number of hidden
layers, and more (Morales-Hernandez et al., 2022; Smithson et al.,
2016). However, in this study, we focus solely on a single-objective
optimization approach, where the objective function represents the cost
associated with the loss incurred during the evaluation of a neural
network. Algorithm 1 illustrates this process. A hyperparameter vector
is used to configure each layer of the ANN and set the training param-
eters. The resulting ANN is then trained on a training dataset, and its
performance is evaluated using a test set. The cost returned in line 5
is a metric used to quantify the performance of a neural network and
should be as small as possible. Typically, this value can be equal to the
loss value computed by the loss function.
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Algorithm 1: Hyperparameter Vector Evaluation Function

Inputs :
- Aj: a parametric artificial neural network

- v: a hyperparameter vector that is divided into two components: v,,, containing the architecture hyperparameter and v, containing

the training settings
- D: a dataset divided into training set D,,,;, and test set D,,,

Output: cost: represent the error obtain during the phase of evaluation by using the test set

1 Function HPEvaluation(A,,v,D):

net — setNetHyperparameters (A4;,v,,) ;
D,,4in» Dyoss < SplitDataset (D);
train(netiDtrain’Vtrain) 5

cost « eval (net,D,,;) ;

return cost ;

QA U A W N

4.3. Search strategies

Each optimization algorithm employs its own search strategies,
which are influenced by the intrinsic characteristics of the algorithm
itself. However, as mentioned in the Introduction Section and accord-
ing to the reasons explained in Section 3, we focus here exclusively
on metaheuristic algorithms. They are visually categorized in Fig. 8,
where they are divided into two distinct groups: single-solution and
population-based metaheuristics. Additionally, we briefly summarized
them in Table 2 along with some key corresponding bibliographical
references.

The selected algorithms represent some of the most established and
widely recognized approaches in the literature. Given the continuous
growth in the number of metaheuristic algorithms published each year,
it is impractical to include all of them in this study. Recent reviews,
such as Rajwar et al. (2023) and Li et al. (2024), provide a compre-
hensive overview of metaheuristic algorithms, offering a novel taxon-
omy and critical analysis of their proliferation. Additionally, recent
innovations in metaheuristic approaches for NP-hard combinatorial
optimization tasks have been addressed in Abdipoor et al. (2023). In

this study, we have instead chosen to focus on algorithms that leverage
fundamental search strategies common to many others, as discussed
in Section 3. This approach allows us to emphasize foundational al-
gorithms without delving into every existing variation that employs
similar mechanisms. Furthermore, in the context of hyperparameter
optimization, the primary objective is to identify the best hyperpa-
rameter configuration within a predefined amount of time. Unlike
other optimization problems where rapid convergence is critical, the
emphasis here is on achieving the highest-quality solution within the
available time.

When employing metaheuristics for hyperparameter optimization,
the initial step involves representing the hyperparameters as candidate
solutions managed by the metaheuristic algorithm. Each hyperparam-
eter is associated with discrete values, as discussed in the definition
of the Hyperparameter Space in Section 4.1. These discrete values can
be effectively encoded as integers. Therefore, a candidate solution,
which is a hyperparameter vector v, is encoded as an integer vector.
If U; = {u;,up,....u, } represents a finite set of possible values that
the ith hyperparameter can assume, the ith element of the vector is
assigned a value u;; € U;, with 1 <j <n,.
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Fig. 8. Visual representation of metaheuristics algorithms, categorized into two main groups: single-solution and population-based metaheuristics.

Table 2
Classification of metaheuristic algorithms into two main categories: single-solution (S1) and population-based (PB).
Algorithm Acronym Category Reference
Iterated Local Search ILS S1 Rego and Glover (2007) and Talbi
(2009)
Tabu Search TS S1 Lai et al. (2018) and Wu et al. (2020)
Simulated Annealing SA S1 Yabi et al. (2024)
Random Search RS S1 Bergstra and Bengio (2012)
Genetic Algorithm GA PB Talbi (2009)
Hybrid Genetic Algorithm HGA PB Gharsalli and Guérin (2019) and Talbi
(2009)
Particle Swarm Optimization PSO PB Tani and Veelken (2024)
Genetic Algorithm with Machine Learning GAML PB Cavallaro, Cutello et al. (2024)
Ant Colony Optimization ACO PB Dorigo and Socha (2018)

4.4. Single solution search

The basic idea of a metaheuristic algorithm based on a single
solution is to modify and improve a single candidate solution at each
iteration. The search process consists of jumping from one feasible
solution to another in the search space. The strategy used to discover
a new solution depends on the chosen type of algorithm.

Iterated local search. An Iterated Local Search (ILS) algorithm is em-
ployed to find a solution to a problem by starting at an initial state
and iteratively improving it until a desired goal state is reached. In the
context of hyperparameter optimization, a state represents a potential
combination of hyperparameters. Consequently, the algorithm begins
with a random hyperparameter combination and, at each iteration, it
transitions between states based on a defined rule that considers a cost
function. For example, hill-climbing algorithms choose a neighbor that
has the lowest cost among all neighbors (Jacobson & Yiicesan, 2004).
A local search algorithm operates by focusing on the current state
and its neighboring solutions, rather than the entire search space. A
neighbor is a potential solution that differs minimally from the current
solution (Rego & Glover, 2007). For a given hyperparameter combina-
tion (candidate solution) v, the neighbors consist of all hyperparameter
combinations that are similar to v, differing by only a few values.
Algorithm 2 shows the pseudocode of a simple version of the local
search algorithm. It starts by generating an initial solution s and then,
iteratively, improves it by randomly generating a neighborhood of the
solution, using a given distance radius value p, and picking the best
solution in the neighborhood. If it is better than the current solution s
according to some objective function f the current solution is updated
to the new solution. The algorithm runs for a given maximum time,
T,

max*

Tabu Search. Tabu Search (TS) algorithm employs a guided local
search procedure to avoid or escape from local optima. It allows moves
that may temporarily worsen the objective function value and rejects
moves to points already visited in the search space using a tabu list (Wu
et al., 2020) of a given constant size L. The algorithm iterates from
one potential solution to an improved solution in the neighborhood
of the current solution, generated using the given distance radius p,
until a stopping criterion, such as an overall limit 7}, is met (Cutello
et al., 2025; Glover, 1986). Unlike other single-solution algorithms, as
highlighted in Fig. 8, TS employs a memory structure, referred to as the
Tabu List, to store previously explored solutions with a size equal to L.
The algorithm runs for a given maximum time, T,,,.. The pseudocode
of Tabu Search algorithm is reported in Algorithm 3.

Simulated Annealing. Simulated Annealing (SA) is a probabilistic opti-
mization algorithm inspired by the annealing process in metallurgy. It
is used to find the global optimum of a function by iteratively exploring
the solution space. The algorithm starts with an initial solution and
progressively modifies it according to a specified distance radius p,
which defines the proximity between two solutions. In each iteration,
the algorithm accepts new solutions that improve the objective func-
tion value. Additionally, it may accept worse solutions with a certain
probability, which decreases over time. This acceptance probability is
determined by the current temperature z. Such a strategy allows the
algorithm to escape local optima and explore a larger portion of the
solution space (Aarts et al., 2006). The pseudocode of the algorithm is
reported in Algorithm 4.

Random Search. Random Search (RS) algorithm explores the solution
space of a problem randomly (Zabinsky, 2011). The Random Search
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Algorithm 2: Iterated Local Search Algorithm

1 Function IteratedLocalSearch(T,,, = 18000, p=2):
s < generate_initial_solution();
while time() < T,,,, do

S « generate_neighbor(s,p)

Select the best solution § € S;

if f(8) < f(s) then

‘ s« 8

end

9 end

©® N o U A W N

10 return s;

Algorithm 3: Tabu Search Algorithm

1 Function TabuSearch (T

max

=18000, p=2, L =10):

2 x* « generate_initial_solution();

3 tabu_list « @,

4 | while time() <T,,, do

5 best_candidate < N one;

6 best_candidate_f = inf;

7 for y in generate neighbor(x,p) do
8 if y not in tabu_list and f(y) < best_candidate_f then
9 best_candidate = y;

10 best_candidate_f = f(y);

11 end
12 end
13 if best candidate = None then

14 ‘ break;

15 end

16 x = best_candidate;

17 if f(x) < f(x*) then

18 ‘ x* = x;

19 end
20 Add (x, best_candidate) to tabu list;
21 if tabu list size exceeds L then

22 ‘ Remove the oldest solutions from tabu list;
23 end
24 end

Algorithm 4: Simulated Annealing Algorithm

1 Function SimulatedAnnealing(T,,, = 18000, p=1, ¢ = 10):

2 current_solution « generate_initial_solution();
3 best_solution < current_solution;

4 i« 0

5 while time() < T,,,, do

6 Generate a new solution s, near current_solution increase all element of p steps ;
7 if f(current solution) < f(best solution) then
8 ‘ best_solution « current_solution;

9 end

10 A « f(Spew) — f(current_solution) ;

11 t—zt/(i+1)

12 if A < 0 or random(0, 1) < e=4/! then

13 ‘ current_solution « sq;

14 end

15 i—i+1;
16 end
17 return best_solution;

algorithm generates and evaluates random inputs to the objective func-
tion until a satisfactory solution is found, or a stopping criterion is met.
This algorithm follows a similar concept to traditional local search, but
with a key difference: at each iteration, a random solution is selected

from the search space without any specific strategy. If this random
solution outperforms the current best solution, it is then considered the
new best solution. The algorithm runs for a given maximum time, 7},,,.
The pseudocode is reported in Algorithm 5.
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Algorithm 5: Random Search Algorithm

1 Function RandomSearch(7,,,, = 18000):

end
return s,;

2 while time() < T,,,, do

3 s « generate_random_solution();
4 if f(s) < f(Spes) then

5 ‘ Spest <~ S5

6 end

7

8

Algorithm 6: Genetic Algorithm

Function GeneticAlgorithm(7,,, = 18000, p,, = 0.4, p, = 0.9, n = 10, tournament_size = 3):

1
2 t < 0;

3 Let P = (I,I,,...,1,) be an initial population of » individuals;
4 FitnessOperator (P®) ;

5 while time() < T,,,, do
6 Select a subset of individuals P* such that P* € P© ;
7 CrossoverOperator (P*, p,.);

8

9

MutationOperator (P*, p,);

FitnessOperator (P*) ;
10 pi+h  p*,
11 t—t+1;
12 end
13 return the best individual in P,

4.5. Population based search

Population-based algorithms evolve a set of candidate solutions,
referred to as a population, to solve optimization problems. Each
individual in the population represents a possible combination of hy-
perparameters, and through various strategies, it either undergoes some
changes, called mutations, or it is combined with other individuals to
generate new individuals. Thus, the population evolves at each iteration
based on a predefined strategy specific to the chosen algorithm. To
avoid the population becoming excessively large, a filtering strategy
is implemented to select candidate solutions.

Genetic Algorithm. Genetic Algorithm (GA) operates on the principles
of Darwinian natural selection, simulating the process of natural evo-
lution to find solutions to problems (Plebe & Pavone, 2018). The
algorithm starts with an initial population of n candidate solutions,
which are typically represented as strings of binary digits. The fitness
of each solution, which is a measure of how well the solution solves
the problem at hand, is then evaluated. The algorithm then proceeds to
create a new generation of solutions by selecting the fittest individuals
from the current population and applying genetic operators such as
crossover and mutation to create new offspring. The new generation is
then evaluated, and the process is repeated until a satisfactory solution
is found or a maximum number of generations is reached (Talbi,
2009). In our implementation of a genetic algorithm, we used the
following operators: Tournament Selection as the selection operator,
which randomly selects a subset of individuals from the population and
chooses the best one for the next step; Single-Point Cross-Over where
the selected parent individuals are cut at a randomly selected location,
and the genetic information to the left (or right) of the point is swapped
between the two parent individuals to produce two new offspring. The
mutation operator selects a gene of an individual randomly, represent-
ing a hyperparameter, and changes this value by randomly selecting
another valid value for the specific hyperparameter. The mutation
and crossover operators are applied based on probabilities denoted as
pn and p., respectively. The pseudocode of the genetic algorithm is
reported in Algorithm 6.

Hybrid Genetic Algorithm. Hybrid Genetic Algorithm (HGA), also known
as a memetic algorithm (El-mihoub et al., 2006), is a type of population-
based method that combines a genetic algorithm with other techniques
to improve the quality of solutions. Our version of the hybrid genetic
algorithm uses local search to try to further improve the solutions
obtained by the crossover and mutation operators (Talbi, 2009). In
other words, a local search algorithm, as described in Algorithm 2, is
applied immediately after the mutation operators in Algorithm 6.

Genetic Algorithm with Machine Learning. Genetic Algorithm with Ma-
chine Learning (GAML) is an improvement of GA, proposed in Caval-
laro, Cutello et al. (2024), that use integration of a machine learning
unit can guide the algorithm towards an acceptable solution. The
targeted search of GAML efficiently directs computational resources
towards a neighborhood where an optimal solution is likely to be found.
Indeed, the integration between machine learning and metaheuristics
seems to be a promising approach. These algorithms can automatically
adjust their parameters, allowing for control over the exploration and
exploitation of the search algorithm. As a result, the algorithm can
automatically change the search direction and focus its computational
resources to seek solutions in other areas of the search space where it
is likely to find better solutions (Cutello et al., 2024a). In our exper-
iments, we used the same parameters and configurations as reported
in Cavallaro, Cutello et al. (2024).

Particle Swarm Optimization. Particle Swarm Optimization (PSO) is
inspired by the social behavior of bird flocking or fish schooling (Wang
et al., 2017). In PSO, a group of candidate solutions, known as particles,
traverse the search space to discover the optimal solution. Each particle
adjusts its position based on its individual experience and that of its
neighbors. The number of particles in the swarm is represented by
n_particles. The cognitive parameter, denoted as cognitive, influences
the degree to which a particle is attracted to its own best-known
position. The social parameter, represented by social, determines how
much a particle is influenced by the best-known position of its neigh-
bors. Finally, inertia regulates the balance between exploration and
exploitation of the particles within the swarm. The algorithm aims
to converge towards the global optimum by iteratively updating the
particles’ positions (Shi & Eberhart, 1999). The pseudocode of the
algorithm is presented in Algorithm 7.
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Algorithm 7: Particle Swarm Optimization

1 Function ParticleSwarmOptimization (T,

while time() <T,,,, do

for each particle do

Update particle’s velocity;

Update particle’s position;

Evaluate particle’s fitness;

if particle’s position is better than personal best then
‘ Update personal best;

end

if particle’s position is better than global best then
‘ Update global best;

end

end

ax
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- e
N = O

—
w

end

-
IS

= 18000, n_particles = 10, cognitive = 0.5, social = 0.3, inertia = 0.9):

Ant Colony Optimization. Ant Colony Optimization (ACO) is a part of
the general field of Swarm Intelligence, presented in Colorni et al.
(1992) and Dorigo and Socha (2018). It is an algorithm inspired by
the behavior of real ants, which are known for their ability to find the
shortest path between their nest and food resources. In ACO, artificial
ants are used to construct solutions to a given problem. They move
through the problem space, constructing solutions by making proba-
bilistic decisions based on pheromone trails. These pheromone trails
are updated based on the quality of the solutions found, with better
solutions resulting in higher pheromone levels. This process is repeated
until a termination condition is met, such as a maximum number of
iterations or a satisfactory solution being found. For our case study, we
build a graph where each vertex represents a possible combination of
hyperparameter values, that is a hyperparameter vector. Two vertices
are adjacent if their Hamming distance is 1, i.e. they differ by only one
hyperparameter value. Ants move from one vertex to another based on
the following rule:

p
Tin.
ko ijlij
pi; = — (@)
ZheAdj(i) Tinlin

Here, 7;; represents the pheromone level on the edge (;,u;), and ;; is

the desirability defined as the inverse of the distance, #;; = 1/d;;, where
the distance d,; is calculated as:
d;; = |cost(u;) — cost(u;) 2)

and cost(u;) returns the cost of the hyperparameter vector u;, and it
is computed according to the Algorithm 1. The pheromone guides the
search direction to find a path with the lowest cost. The cost of a path
« is determined as:

3

4.6. Neural networks models and data

In literature, different types of neural network architectures have
been developed for application across different fields. However, in
this study, we selected five representative neural network architectures
that are commonly used in real-world applications such as Forecasting,
Anomaly Detection, and Image Classification. The focus of this study is
not on the methodologies for constructing a neural network or selecting
its layers, but rather on strategies for determining optimal hyperparam-
eters to improve the neural network’s performance. In specific domains
such as the Internet of Things, home automation, and automotive
industries, where simplicity is crucial to minimize power consumption
and energy demands (Profentzas et al., 2021), optimizing the neural
network models through careful adjustment of their hyperparameters
can serve as a valid alternative to improve the performance without
increasing the complexity of such models.
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In the preliminary analysis of how metaheuristic algorithms can
enhance the performance of artificial neural networks through hyper-
parameter optimization, we selected three standard and widely-used
neural network architectures: Multi-Layer Perceptron, Convolutional
Neural Network, and Recurrent Neural Network. As illustrated in Fig.
9, each artificial neural network is represented as a sequence of layers,
with each layer possessing its own unique properties and hyperparam-
eters. Table 3 provides details on the hyperparameters considered for
each type of layer, along with the parameters used during the training
of the neural networks. This information defines the Hyperparameter
Space within which the metaheuristic algorithms operate. Below, we
will provide some details regarding the considered neural network
architectures, as well as the datasets and application domains in which
they have been employed.

4.6.1. Multi-Layer Perceptron (MLP)

A MLP is a type of artificial neural network that comprises multi-
ple layers of perceptrons connected by weighted edges. A perceptron
receives a vector x with m features as input and it produces a single
output value y based on the activation function f(-), which considers
the linear combination of the features x and the weights @ (Goodfellow
et al., 2016). The neural network architecture used in our experiment
is shown in Fig. 9(a) and is applied to a regression task to forecast
Credit Default Prediction, a critical issue for financial institutions that
has been extensively studied in the literature (Yeh, 2016).

4.6.2. Convolutional Neural Network (CNN)

The CNNs are a class of specialized artificial neural network pri-
marily used for image processing. CNNs can learn hierarchical rep-
resentations of images by stacking multiple convolutional layers. The
lower layers capture basic features such as edges and corners, while the
higher layers capture more complex features such as shapes and objects.
By exploiting the spatial structure and locality of images, CNNs can
achieve high accuracy and efficiency in image classification (Indolia
et al.,, 2018). In our experiments, we use the architecture illustrated
in Fig. 9(b) and the MNIST dataset, which contains handwritten digits
from 0 to 9 and is commonly used for optical character recognition
(OCR) tasks (Deng, 2012).

4.6.3. Recurrent Neural Network (RNN)

A RNN is characterized by feedback connections between its units,
enabling it to process sequential data like time-series data (Hewa-
malage et al.,, 2021). RNNs can learn from both current input and
previous output or hidden state. However, RNNs have some limitations
such as the vanishing gradient problem, which hinders their ability
to learn long-term dependencies in the data. To address this issue, a
specialized type of RNN known as Long Short-Term Memory (LSTM)
was developed. LSTM incorporates memory cells that can retain and
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Algorithm 8: Ant Colony Optimization

1 Function AntColonyOptimization(7,
initialization;
while time() < T,,,, do

construct solutions;

update pheromones;

daemon actions;

max

A N N

end

=18000, nants =10, Q=10, a=1, =1, p=0.01):
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Fig. 9. Architectures of artificial neural networks.

Table 3
Neural network hyperparameters.

(b) Convolutional Neural Net-

(¢) Recurrent Neural Network
(RNN)

Layers marked with * indicate those whose hyperparameters are optimized using metaheuristic algorithms.

Layer name Hyperparameter

Possible values

Fully connected
Dropout layer
Activation function
LSTM layer

Output size

Dropout rate

Nonlinear function name
Number of units

From 10 to 200

From 0 to 1

ReLU, LReLU, ELU, Tanh
From 50 to 400

Training setting Description

Possible values

Initial learn rate

Max epochs Maximum number of epochs to use for training
Shuffle Criteria used for data shuffling
Optimizer Solver for training network

Initial learning rate used for training

From 0.001 to 0.1

From 2 to 100

Once, never, every-epoch
sgdm, adam

recall information over extended periods by using gates to regulate
information flow (DiPietro & Hager, 2020). It leverages its internal
state to retain pertinent information from past inputs and outputs,
which is then used to generate the output sequence or classify the input
sequence. The dataset used for this purpose is sourced from Saxena and
Goebel (2008) and pertains to Turbofan Engine Degradation Simulation
while the neural network architecture is depicted in Fig. 9(c).
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4.7. Methodology

To effectively compare various metaheuristics for optimizing the
hyperparameters of neural network architectures, it is essential to
establish criteria that consider two key aspects: the quality of the solu-
tions, evaluated through performance metrics, and the time required
to achieve these performance metrics. The metaheuristic algorithms
are compared by considering the best hyperparameter combination
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Algorithm 9: Method for comparing the results of different metaheuristic algorithms for the same ANN

Data:
- n: number of metaheuristic algorithms under consideration

- Ar: time interval used to check the best solution. It corresponds to the average duration of the evaluation process (Algorithm 1)

- T, all metaheuristics stop within this time

- X: a set of size (1 + |T,,,,/4t]) containing the score vector of all metaheuristics that change over time

- T: a time vector of size (1+ |T,,,,/At]) containing all-time points from 0 to 7},

X <0;

fort < 0;t <T,,;t < t+ At do
x «getCurrentScores (t)
X <« XUfx};

oc and Ar as sample time

/* add x to set X */

fmin < the lowest score obtained taking into account all metaheuristics and runs performed ;
Smax < the highest score obtained taking into account all metaheuristics and runs performed ;
Transform each element of X using Eq. (5) or (4) according to the performance metric used for this ANN ;

1
2
3
4
5 end
6
7
8
9

return (T, X);

found within a fixed amount of time. Additionally, a hyperparameter
optimization algorithm should aim to find an optimal solution by
minimizing the number of evaluations of a hyperparameter vector as
defined in Algorithm 1. The time taken for this evaluation can vary
depending on the complexity of the neural network architecture and
the size of the training set. If a metaheuristic algorithm converges faster
than the others, it can save time and provide a neural network for
immediate use.

Since metaheuristic algorithms may not reach the same solution by
the end of their search process, we examine how the score obtained
by the Algorithm 1 of the best found solution changes over time. For
the metaheuristics based on a single solution, we record the score of
the current solution only if it is better than the previous one. For
population-based metaheuristics, we instead record the score of the best
solution in the current population. Thus, at each time point, we are
able to know the score of the best solution for every metaheuristic al-
gorithm. In our experiments, the score represents a Root Mean Squared
Error (RMSE) for the model MLP and RNN, and classification accuracy
for the model CNN. Considering that the score value can range within a
small interval for a neural network (4,), we decide to use a percentage
value of it instead. Egs. (4) and (5) transform Classification Accuracy
and RMSE (denoted by f), respectively, into percentage values.

’ f_fmin
7= Lm0 4
fé fmax_fmin ()
/ f_fmin

={1-————)-100 5
f% < fmax_fmin> ()

where f,;, and f,.. are respectively the lowest and highest score
reached during the search process for A;, considering all metaheuris-
tic algorithms. Algorithm 9 illustrates in details the procedure for
comparing all metaheuristics for a given ANN. The function getCur-
rentScores (t) returns an n-tuple where each element is associated
with a metaheuristic and represents the score of the best solution
obtained up to t. If multiple runs are performed for a metaheuristic
algorithm, this score is the average of all runs. If the metaheuristic does
not yet have a candidate solution because it is too early, this value is
set to @.

4.8. Results

This section presents a primary comparison between the previously
mentioned metaheuristic algorithms and three different types of artifi-
cial neural networks (i.e., MLP, CNN, and RNN). In these experiments,
the metaheuristics were implemented using MATLAB, and all experi-
ments were conducted on an Intel Xeon 2.40 GHz processor with 16 GB
of RAM. The results reported in this section were obtained using the
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Table 4
Mean of the best score in each experiment after 10 runs.
MLP (1) CNN (1) RNN (})

ACO 0.0999886 0.9850800 16.9978153
GA 0.0999848 0.9992000 16.9473436
HGA 0.0999846 0.9976400 16.6612061
LS 0.0999863 0.9942800 17.8173269
RS 0.0999877 0.9907200 17.8919289
TS 0.0999874 0.9681600 17.7157497

average of the results obtained with 10 runs. Consequently, the total
number of experiments per run is given by:

E=M-D

where E represents experiments, M is the number of metaheuristic
algorithms, and D denotes the number of application domains. Each
experiment corresponds to a unique combination of one metaheuristic
algorithm and one application domain. For each experiment, two types
of information are collected: the best solution obtained at the end of
the algorithm, and the computation time required to obtain the best
solution.

Table 4 shows the mean of the best score obtained in each ex-
periment after 10 runs were performed. Note that the value given for
MLP and RNN represents the RMSE, therefore it must be minimized,
while for CNN it denotes the classification accuracy that we need to
maximize.

As it can be seen by inspecting Table 4, the population-based
metaheuristics seem to have better performances than the ones based
on a single-solution. As a matter of fact, GA and HGA find a solution
of higher quality than the other methods. In addition, HGA is an
improvement of GA, which integrates a local search into the latter.
Therefore, it benefits from both the advantages of a population-based
algorithm and those of a single solution-based algorithm. Considering
that a population-based metaheuristic analyzes many possible hyper-
parameter vectors in the same iteration, a higher number of possible
neural network are tested than in a single-solution metaheuristic. As a
result, this may have had an impact on the quality of the final results
of such an algorithm.

Another aspect to consider is the speed at which an algorithm
achieves the best solution. Indeed, the quality of the solution alone
is not sufficient to evaluate a metaheuristic algorithm. Usually, meta-
heuristic algorithms are used because of their ability to find an ac-
ceptable solution in less time than deterministic algorithms. In many
optimization problems where they are used, computing the fitness of
a feasible solution takes a small or even an insignificant amount of
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Fig. 10. Performance comparison between the metaheuristic algorithms using the three artificial neural networks. The plots were generated using Algorithm 9. Unlike Figs. 10(c)
and 10(d), Fig. 10(b) does not include the results of the Random Search because it returned values over a wide range, making the plot less interpretable. This is evident in Fig.

10(a).

time. In this problem, however, the evaluation of a hyperparameter
vector requires a large amount of time. Therefore, an ideal metaheuris-
tic algorithm should be able to find an acceptable solution with a
few evaluations of the objective function, that is, evaluate a small
number of hyperparameter vectors, since one single evaluation is quite
time-consuming.

The computation time of all metaheuristic algorithms was analyzed
using Algorithm 9 and the results are shown in Fig. 10.

In the case of the Regression Problem, we report the results of the
experiments in Fig. 10(a) considering all algorithms. However, we
underly the fact that all algorithms, except RS, achieve scores close
to 100%. In contrast, RS has a much lower score, making it the least
effective optimization algorithm. This difference occurs because the
“Percentage of the Best Score” is computed using Eq. (5). As a result,
the large gap between the maximum and minimum scores affects the
percentage values for all algorithms. In general, Random Search can
produce highly variable results due obviously to its inherent random-
ness. In some cases, it may perform well, but in others, especially with
limited iterations, it may yield poor results due to the stochastic nature
of these methods. In addition, RS may not effectively navigate the
hyperparameter space to find configurations that minimize these error
metrics, particularly when the relationship between hyperparameters
and the resulting predictions is complex and non-linear, as can be the
case in regression problems with MLP. To make our comparison clearer,
we decided to exclude RS from this analysis. Fig. 10(b) does not include
the results from Random Search because its scores vary widely, which
would make the plot harder to understand. In this updated figure, we
see that the HGA not only achieves the best solution, as shown in Table
4, but also finds better solutions faster than the other algorithms. Its
speed and effectiveness make HGA an excellent choice when used with
an MLP for regression problems.

On the other hand, if we consider Image Classification (Fig. 10(c)),
we can see that TS initially finds an acceptable solution faster than the
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others, even if such a solution is further improved by HGA and HLS over
time. This shows that although TS does not achieve a better solution
than population-based metaheuristics, it can still be a good alternative
because it balances the quality of the solution with the time required
to achieve it. This is a good aspect since in the application of artificial
neural networks, time is a key factor. In addition, we note that a new
version of local search (HLS), presented in Zito et al. (2023c, 2023d),
performs better than traditional local search.

With regard to Time-Series Forecasting (Fig. 10(d)), TS is confirmed
to be a valid alternative to population-based metaheuristics such as
GA and HGA, as indicated for image classification. Moreover, in this
application domain, it is very close to the solutions of GA and HGA,
which instead obtain the best solution in each domain.

5. Adapting metaheuristics for large hyperparameter space

In the previous section, we focused our analysis on how meta-
heuristics can assist in optimizing hyperparameters for three different
types of common neural networks. In this section, we delve deeper
into evaluating the performance of metaheuristic algorithms as hy-
perparameter optimization tools. We compare their effectiveness using
more complex neural networks that are commonly found in real-world
applications and have a higher number of hyperparameters. We explore
five application domains, listed in Table 5, where neural networks are
used to provide valuable insights when selecting the most suitable hy-
perparameter optimization algorithm based on the application domain
and complexity of the architectures. Nine metaheuristic algorithms, cat-
egorized as population-based and single solution, were used to optimize
hyperparameters for five distinct types of neural networks with varying
levels of complexity.
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Application domain Neural network model

Dataset Ref.

Regression

Binary classification
Image classification
Forecasting

Simple-FCNN

Fully Connected Neural Network (FCNN)
AlexNet (CNN)

Recurrent Neural Network (RNN)

House price

Credit default prediction

MNIST

Turbofan engine degradation simulation data set

Anna Montoya (2016)
Yeh (2016)

Deng (2012)

Saxena and Goebel
(2008)

Anomaly detection AutoEncoder (AE) NLD-KDD Tavallaee et al. (2009)
Table 6 Table 7
Hyperparameters of hidden layers in Simple-FCNN. Hyperparameters of hidden layers in FCNN.
No. Hidden layer Hyperparameters Possible values No. Hidden layer Hyperparameters Possible values
1 Fully connected Output size 25, 50, 100, 150, 1 Fully connected Output size 25, 50, 100, 150,
200, 250, 500, 800 200, 250, 500, 800
Activation ReLU, ELU, Tanh Activation RelLU, ELU, Tanh,
2 Fully connected Output size 25, 50, 100, 150, Linear
200, 250, 500, 800 2 Batch normalization
Activation ReLU, ELU, Tanh 3 Fully connected Output size 25, 50, 100, 150,
3 Fully connected Output size 25, 50, 100, 150, 200, 250, 500, 800
200, 250, 500, 800 Activation RelU, ELU, Tanh,
Activation ReLU, ELU, Tanh Linear
4 Dropout Dropout rate [0,1] 4 Batch normalization
5 Fully connected Output size 25, 50, 100, 150,
200, 250, 500, 800
Activation ReLU, ELU, Tanh,
5.1. Models and data Linear
X X 6 Dropout Dropout rate [0,1]
We now discuss the architecture of the neural networks used for our
analyses that find applications in real-world problems. For each neural
network, we provide a table containing the neural layers along with Table 8

their hyperparameters.

The first application domain we analyzed is in the field of Re-
gression. One example of an application of such neural networks is
in the field of finance, such as forecasting house prices over time in
the market (Anna Montoya, 2016). In this context, the challenge is to
forecast the house price taking into account several factors such as the
building class, type of road access, lot size in square feet, and other
76 features. The neural network architecture denoted as Simple-FCNN
used for this task is shown in Table 6.

In the context of Binary Classification, a fully connected neural
network, denoted with FCNN, can serve as a classifier to discern the
underlying relationship between input features and the binary out-
put classes. The neural network architecture used for this particular
application domain is outlined in Table 7 which shows the hidden
layers along with their corresponding hyperparameters. The dataset
employed for this study is The Miscellaneous Default of Credit Card
Clients Dataset, also known as the PHMO8 Challenge Dataset, which
focuses on the default payment behavior of credit card clients in
Taiwan. This dataset was sourced from credit card customers in Taiwan
and offers valuable insights into the factors that influence credit card
defaults (Yeh, 2016).

For what concerns Image Classification, the neural network archi-
tecture employed is AlexNet, a deep CNN architecture with eight lay-
ers, including five convolutional and three fully connected layers. It
uses ReLU activation, dropout regularization, and data augmentation
to enhance performance and prevent overfitting (Krizhevsky et al.,
2012). Table 8 outlines all the neural layers with their respective
hyperparameters and their possible values.

For Forecasting, we employed a Recurrent Neural Network in the
analysis conducted in Section 4. The choice of recurrent units used
in the RNN is itself a hyperparameter of the neural network and
can include Long Short-Term Memory (LSTM), Gated Recurrent Units
(GRU), and Fully-connected RNN (FCRNN) (ArunKumar et al., 2022).
The dataset used in this study is sourced from Saxena and Goebel
(2008) and focuses on Turbofan Engine Degradation Simulation. The
neural network architecture employed for this purpose is outlined in
Table 9.

Hyperparameters of hidden layers in AlexNet.

No. Hidden layer Hyperparameters Possible values
1 Convolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,3,5 7,11
Activation ReLU
2 Max pooling
3 Convolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,357 11
Activation ReLU
4 Max pooling
5 Convolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,357, 11
Activation ReLU
6 Convolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,357, 11
Activation ReLU
7 Convolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,3,5 7,11
Activation ReLU
8 Max pooling
9 Flatten
10 Fully connected Output size 25, 50, 100, 150, 200,
250, 500, 800
Activation ReLU, ELU, Tanh
11 Dropout Dropout rate [0,1]
12 Fully connected Output size 25, 50, 100, 150, 200,
250, 500, 800
Activation RelU, ELU, Tanh
13 Dropout Dropout rate [0,1]
14 Fully connected Output size 25, 50, 100, 150, 200,
250, 500, 800
Activation Linear

Finally, the last application domain is in the field of Anomaly
Detection. AutoEncoder (AE) is a type of artificial neural network that is
commonly used for anomaly detection due to its ability for dimensional
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Table 9

Hyperparameters of hidden layers in RNN.

No. Hidden layer Hyperparameters Possible values
1 Recurrent Number of units 10, 50, 100, 200,
250, 500
Activation ReLU, ELU, Tanh
Type LSTM, GRU, FRNN
2 Fully connected Output size 25, 50, 100, 150,
200, 250, 500, 800
Activation RelU, ELU, Tanh
3 Dropout Dropout rate [0,1]
4 Fully connected Output size 25, 50, 100, 150,
200, 250, 500, 800
Activation ReLU, ELU, Tanh
5 Dropout Dropout rate [0,1]
Table 10

Hyperparameters of hidden layers in AE.

No. Hidden layer Hyperparameters Possible values

1 Convolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,3,5 7,11
Activation ReLU

2 Dropout Dropout rate [0,1]

3 Convolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,35 7,11
Activation ReLU

4 Deconvolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,3,5 7,11
Activation ReLU

5 Dropout Dropout rate [0,1]

6 Deconvolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,3,5 7,11
Activation ReLU

7 Deconvolutional Filters 8, 16, 32, 64, 128, 256
Kernel size 2,357, 11
Activation ReLU

reduction and data compression. It consists of an encoder network that
compresses the input data into a lower-dimensional representation, and
a decoder network that reconstructs the original input data from the
compressed representation (Yang et al., 2022). The AutoEncoder learns
to accurately reconstruct the input data, capturing the underlying
patterns and features of the normal data. AutoEncoders are effective
for anomaly detection because they can capture complex patterns and
relationships in the data, making them sensitive to deviations from
normal behavior (Chow et al., 2020). To optimize the hyperparameters
of an AutoEncoder whose architecture is described in Table 10, we used
the NSL-KDD dataset (Tavallaee et al., 2009), which is an improved
version of the KDD CUP 99 dataset for intrusion detection. The dataset
comprises various types of attacks that can compromise the security
of a computer network by unauthorized individuals. It consists of 41
features, 125,973 records in the training set, and 22,544 records in the
test set. The attack classes are divided into four different categories:
U2R (User to Root), R2L (Remote to Local), Probe (surveillance), and
DoS (Denial of Service) (Cavallaro et al., 2023).

In addition to the hyperparameters of the neural network architec-
ture, we include other hyperparameters used for setting the training
process and which are reported in Table 11a. By considering that
each application domain has different metrics to evaluate the resultant
neural network as reported in Table 11b, we regard a performance
metric as a value that allows us to determine the goodness of a solution,
that is, the hyperparameter vector.

5.2. Complexity analysis

When attempting to apply the metaheuristics described in Section 4,
we initially observed poor performance. This was attributed to the
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lower convergence rates of the optimization algorithms and the high
computational costs associated with evaluating candidate solutions.
The dimensions of the search space for these algorithms, as presented
in Table 12, indicate the scope within which they search for optimal
hyperparameter combinations to enhance performance. The size of the
search space is directly influenced by the number of hyperparameters
considered in a neural network. The selected neural networks, known
for their complexity and practical applications, present significant chal-
lenges in this context. Evaluating combinations of hyperparameters can
be time-consuming, particularly given the complexity of the neural net-
works and the expansive nature of the search space. The dimensionality
of the hyperparameter search space significantly affects the conver-
gence of a metaheuristic algorithm. The complexity of metaheuristic
algorithms can be analyzed by examining both population-based and
single-solution approaches.

In population-based metaheuristic algorithms, such as Genetic Algo-
rithm and Particle Swarm Optimization, a group of candidate solutions
(the population) evolves over iterations. The time complexity of these
algorithms is influenced by several factors. First, the population size
plays a crucial role; a larger population can improve exploration of the
search space but increases computational costs. The time complexity
is clearly Q(n - g), where n is the population size and g is the number
of generations (Omidvar et al., 2022). Since each candidate solution
must be evaluated, we need to consider the computational cost of
the objective function and the number of hyperparameters involved.
If evaluating one single solution takes 7'(m) time, where m is the size of
each individual in the population, the overall evaluation cost becomes
O(n - g-T(m)).

Conversely, single-solution metaheuristics like Simulated Annealing
or Tabu Search focus on iteratively improving a single candidate solu-
tion. It can be noted that the time complexity is O(g - T(m)), where g is
the number of iterations, m the size of a solution and T'(m) is the time
taken for each iteration’s evaluation. Single-solution methods often
evaluate a limited number of neighboring solutions at each iteration,
which can reduce computational costs compared to population-based
methods. However, this approach may limit their ability to escape local
optima.

5.3. Methodology

To address the challenges posed by the extensive search space
and high computational demands, we implemented several techniques
aimed at accelerating the search process. A key strategy involved
adopting a parallel evaluation approach, whereby multiple candidate
solutions are evaluated simultaneously whenever feasible. This method
leverages each core of the CPU to process evaluations of hyperpa-
rameter combinations, thereby reducing the overall time required for
algorithm evaluation. This parallel evaluation strategy was employed
across all previously described metaheuristic algorithms, albeit with
variations in implementation. In population-based metaheuristic algo-
rithms, individuals within the population whose fitness values had not
yet been determined were evaluated concurrently at each iteration.
Conversely, in single-solution metaheuristic algorithms, the approach
varied based on the specific strategies employed. For example, in iter-
ated local search or tabu search, which uses neighborhood structures,
all candidate solutions were evaluated simultaneously. The effective-
ness of this parallel evaluation approach is contingent upon available
hardware resources: more CPU cores facilitate a greater number of
simultaneous evaluations. All algorithms were implemented in Python,
and experiments were conducted on an Intel Xeon 2.40 GHz processor
with 8 cores. The machine learning framework used for this analysis is
Keras, a widely recognized tool in the field.

5.4. Results
The first challenge is to determine which algorithm can find the op-

timal hyperparameter combination for a neural network in the shortest
possible time. All algorithms were tested by using the same maximum
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Table 11
Training details.

Intelligent Systems with Applications 26 (2025) 200532

(a) Training setting.

Training setting

Possible values

(b) Loss functions for application domains.

Application domain

Loss function

Batch size
Shuffle
Optimizer
Learning rate
Max epochs

16, 32, 64, 128

Yes, No

SGDM, ADAM, RMSprop
0.001, 0.01, 0.1

5, 10, 20, 40, 50, 100

Regression

Binary classification
Image classification
Forecasting
Anomaly detection

Mean absolute error
Binary cross-entropy
Categorical cross-entropy
Mean absolute error
Categorical cross-entropy
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Fig. 11. Comparison of performance metrics over time for different metaheuristic algorithms across various application domains. Each subfigure highlights the evolution of fitness

values for a specific neural network model.

time, which served as the stopping criterion for the search process. We
used a time limit equal to five hours. The reason why the algorithms
were let run for such a maximum time is that in real applications
we need an optimized neural network within a certain amount of
time. Obviously, a longer time allocation typically results in a more
optimized neural network.
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Table 13 displays the average performance metric across the runs
for each neural network model considered. Note that the performance
metrics given for the models RNN and MLP, that are associated with
the application domains Forecasting and Regression respectively, rep-
resents the Mean Squared Error (MSE), instead for the other models
they denote the accuracy. As it is possible to see, in those cases
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Table 12
Search space size.

Neural network model Hyperparameters Search space size
Simple-FCNN 12 5.9720E+07
FCNN 12 1.4156E+08
AlexNet 22 4.8373E+15
RNN 14 1.3437E+09
Autoencoder 17 1.0498E+12

where the search space is larger, such as with AutoEncoder models,
RS appears to be the preferred method for selecting hyperparameters
for the neural network. Random Search explores the search space ran-
domly, increasing the likelihood of discovering an acceptable solution.
However, this approach may not always be the optimal choice due to its
purely random approach. On the other hand, for other applications, a
single solution approach performs better compared to population-based
algorithms such as genetic algorithms and their variants, ACO and PSO.
Specifically, Iterated Local Search employs efficient search strategies
that enable the algorithm to obtain a hyperparameter configuration
with the highest accuracy in complex neural network as AlexNet, which
has a vast search space and high complexity compared to other neural
networks discussed here.

5.5. Statistical analysis

In analogy to Section 4, the computation time of all metaheuristic
algorithms was analyzed using Algorithm 9, and the evolution of the
performance metric over time is illustrated in Fig. 11. In addition to
the conclusions drawn in the previous section, it is evident that all
algorithms tend to converge towards a good solution, although some
algorithms are more efficient than others. For instance, ILS along with
TS are particularly effective in identifying the optimal hyperparameter
configuration that maximizes the performance of the optimized neural
network. One of the challenges in hyperparameter optimization is that
different hyperparameter configurations for a given neural network
can yield similar fitness values, which may mislead the optimization
algorithm. This issue is well-known in the field of hyperparameter
optimization, and it can be observed in the curves presented in those
figures. Clearly, this is an ongoing challenge that deserves further
investigation in the future (Bischl et al., 2023). In this regard, this study
could serve as a foundational reference for a more detailed analysis of
this problem in the future.

Another important aspect to consider when comparing algorithms,
in addition to the goodness of the solution, is their reliability. Since
they involve random components that influence the search process,
it is impossible to control the outcomes beforehand. The randomness
in the search strategy employed by metaheuristic algorithms leads to
variations in results across multiple runs of the same algorithm. To
address such a variability, each algorithm is run 10 times to assess its
reliability compared to others. A statistical analysis is then carried out
in order to demonstrate which algorithm is more reliable than others.
We stress the fact that by reliability of an algorithm we mean its ability
to obtain the same results, that is the hyperparameters combination for
a neural network, over independent runs, where each run is initialized
with a different random seed. In other words, reliability corresponds
to the precision of an algorithm, and it is inversely proportional to
the degree of dispersion of an algorithm running several times. In
statistics, the degree of dispersion is measured by the InterQuartile
Range (IQR), which is, specifically, the difference between the third
quartile (Q3) and the first quartile (Q1) in a set of values that represent
the best fitness obtained by the algorithm in each run. Lower IQR
values indicate less variability in the quality of the solution produced
by each run and therefore more homogeneity of the solutions. Higher
IQR values, instead, suggest greater variability and, as a consequence, a
lower reliability of the algorithm (Zambrano-Vega et al., 2017). Indeed,
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the fact that such an algorithm can reach a solution better than the
solutions obtained by other algorithms with a low IQR, it might simply
be due to randomness, and it is, clearly, a probabilistically unlikely
event. By calculating the average IQR value for each algorithm across
all models, we can create a ranking of the algorithms based on these
criteria and match this ranking with that obtained in the previous
paragraph.

Thus, let us now analyze the dispersion of the algorithms so to
measure their reliability. To conduct this analysis, we used box plots
that display the performance metrics achieved by each algorithm in a
specific application domain. Fig. 12 illustrates the box plots for various
application domains. Each plot visually represents the distribution
using key values such as the minimum, first quartile (Q1), median, third
quartile (Q3), and maximum. It is evident that algorithms such as RS
and ACO exhibit a high degree of dispersion compared to others. The
dispersion levels of the other algorithms, instead, vary depending on
the application domain in which they are applied. For example, SA and
PSO show high dispersion in image classification due to the numerous
hyperparameters of models such as AlexNet, making them less suitable
for large search spaces. On the other hand, SA and PSO demonstrate
the lowest dispersion in anomaly detection, although they still fall short
of the performance achieved by RS and ACO in terms of performance
metrics. To determine which algorithm performs the best across all
models in the provided dataset, we can analyze the interquartile range
values for each of them and compare their overall performance. In
Fig. 13, we can observe that population-based algorithms generally
exhibit a wider range of performance, as indicated by their larger
interquartile ranges compared to single solution-based algorithms. For
example, algorithms like ACO, GA, and PSO show relatively higher
IQR values across different models, suggesting greater variability in
their performance. On the other hand, single solution-based algorithms
like ILS, RS, and TS tend to have smaller IQR values, denoting a
more consistent performance within the dataset. These algorithms may
converge more quickly to a solution but might struggle in exploring a
diverse solution space when compared to population-based algorithms.

6. Discussion of results

Our study delved into the application of metaheuristic algorithms to
the optimization of the hyperparameters of artificial neural networks.
Through a series of experiments across various application domains,
the behavior and reliability of different metaheuristic algorithms were
explored. Given the vast number of potential hyperparameter combi-
nations for parametric artificial neural networks, deterministic methods
cannot efficiently identify the optimal combination within a reasonable
amount of time. We compared two classes of metaheuristics population-
based and single solution-based for hyperparameter optimization of
artificial neural networks. Each algorithm was run for the same amount
of time equal to five hours. The challenge of our experiments was to get
the best configuration of hyperparameters within this amount of time.

The obtained results show that population-based metaheuristics,
particularly GA and its hybrid version HGA, excel in optimizing neural
network models such as Multi-Layer Perceptron, Convolutional Neural
Network, and Recurrent Neural Network with a few numbers of hy-
perparameters. This is because population-based algorithms operate on
multiple individuals simultaneously, ensuring a diverse set of solutions
within a population and enabling exploration of different regions of the
search space. As future work, to improve the efficiency and reliability
of population-based algorithms, following the work in Cutello et al.
(2010a), we can make use of the concept of entropy to study their
effectiveness and infer specific convergence properties.

Conversely, when dealing with neural network models with an
extensive hyperparameter space (see Section 5), single solution algo-
rithms demonstrate superior performance in optimizing neural net-
works and algorithm reliability. Examples are Tabu Search, Iterated Lo-
cal Search, and Random Search. Among these, random search emerges
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Table 13
Average performance metrics of metaheuristic algorithms across different neural network models.
Model RS ACO GA GAML HGA ILS PSO SA TS
AE (1) 0.9884 0.9665 0.9265 0.9299 0.9308 0.9333 0.9239 0.9171 0.9325
AlexNet (1) 0.7619 0.4417 0.8973 0.9793 0.9820 0.9843 0.5435 0.6212 0.9837
RNN (1) 0.1692 0.2096 0.1782 0.1786 0.1641 0.1707 0.1745 0.1875 0.1616
FCNN (1) 0.8186 0.8188 0.8186 0.8185 0.8189 0.8191 0.8184 0.8181 0.8188
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Fig. 12. Box plots illustrating the reliability and variability of metaheuristic algorithms across different application domains.

as the preferred optimization method for neural network architecture
optimization, especially in scenarios with large search space sizes.
Random search facilitates solution diversification and exploration of
high-dimensional search spaces. However, it is essential to note that
while random search is effective in many cases, it may not always be
the optimal choice. Indeed, from the statistical analysis, we concluded
that random search could not be reliable due to its inherent random na-
ture. For example, in image classification applications utilizing AlexNet
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on the MNIST dataset, along with ACO, PSO, and SA showed a low
reliability, likely due to the high number of hyperparameters in the
neural network.

7. Future work

As a future line of research, we propose to analyze another well-
known metaheuristic based on population, namely Immune Algorithms.
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Fig. 13. Interquartile range comparison of algorithms across neural network architectures.

These algorithms represent a well-established population-based meta-
heuristic (de Castro & Timmis, 2002), which takes inspiration from
observing the dynamics of the immune system through which it effi-
ciently carries out detection, recognition, and learning tasks. A special
class of immune algorithms are those based on the clonal selection
principle (Cutello et al., 2010b; de Castro & Von Zuben, 2002; Timmis
et al., 2008), which have been shown to be reliable and efficient for
purely mathematical or applied optimization problems (Stracquadanio
et al.,, 2015) and for which many interesting problems, in the initial
configuration, arise such as the setting of the age assignment at birth
for each individual, see Vitale et al. (2019) for instance.

In addition, we aim to analyze the significance of hyperparameters
in neural networks. Hyperparameters play a crucial role in determining
the performance and stability of these models. By understanding how
different hyperparameter settings affect outcomes, we can gain valu-
able insights that enhance the effectiveness of algorithms across various
applications. Moreover, a thorough analysis of hyperparameters can
help reduce the search space during optimization. By identifying which
hyperparameters are most influential, we can focus our search efforts
on the most significant configurations, thereby improving efficiency
and reducing computational costs.

It is essential to recognize that HPO primarily focuses on fine-
tuning the hyperparameters of a model without altering its underlying
architecture, which remains fixed. In contrast, NAS algorithms are
designed for scenarios where the architecture of the neural network
needs to be automatically generated based on the data. While both
approaches aim to improve model performance, HPO is concerned
with optimizing a predefined neural network architecture, whereas
NAS generates an entirely new architecture from scratch. Additionally,
NAS can also optimize hyperparameters, as demonstrated in Zito et al.
(2024). As a direction for future research, we plan to investigate
several NAS algorithms and compare them with metaheuristic-based
hyperparameter optimization techniques.

8. Conclusions

In the present work, we investigated the application of Automated
Machine Learning techniques for the selection of appropriate machine
learning models tailored to specific tasks. Our findings highlight the
critical role of hyperparameter optimization in enhancing the perfor-
mance of neural networks, enabling these models to fully leverage their
capabilities. This optimization is especially advantageous in scenarios
with hardware resource constraints, where the performance and the
efficiency of the model are very important.
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We demonstrated the effectiveness of metaheuristic algorithms in
hyperparameter optimization, providing insights into key implemen-
tation details such as solution representation, evaluation metrics, and
strategies for accelerating algorithm convergence. Given the extensive
search space of hyperparameters in neural network architectures, often
reaching up to 103 in real-world applications, our study underscores
the necessity for robust implementation mechanisms including the
parallelization methods discussed in this article.

Overall, our work contributes to the growing body of knowledge
on AutoML and metaheuristics, offering practical approaches that can
significantly improve model selection and performance in diverse ap-
plication domains.
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