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Preface

This book provides an overview on the current progresses and applications exploiting
Artificial Intelligence and Neural Systems for Data Science.

The contributions reported in the book cover different scientific areas. These areas
are closely connected in the themes they afford and provide fundamental insights for
the cross-fertilization of different disciplines.

This book provides an overview on the current progresses inArtificial Intelligence
and Neural Nets in Data Science reporting on intelligent algorithms and applications
modeling, prediction, and recognition tasks and in many other application areas
supporting complex multimodal systems to enhance and improve human-machine
or human-human interaction.

This field is broadly addressed by the scientific communities and has a strong
commercial impact to the extent that it provides sophisticated computational intel-
ligence tools for supporting multidisciplinary aspects of data mining and data
processing and characterizing appropriate system reaction to human interactional
exchanges in interactive scenarios.

The emotional issue has recently gained increasing attention for such complex
systems due to its relevance in helping in the most common human tasks (like
cognitive processes, perception, learning, communication, and even “rational”
decision-making) and therefore improving the quality of life of the end users.

The book account of interdisciplinary aspects in data science research involving
different fields among those mathematics, computer vision, speech analysis and
synthesis, signal processing, psychology, sociology, and advanced sensing. It
provides contributions on their most recent trends, innovative approaches, and future
challenges.

The chapters composing this book were first discussed in regular and special
sessions at the internationalworkshop on neural networks (WIRN2022) held inVietri
Sul Mare from 7 to 9 of September 2022. The workshop hosted the special session
on “Dynamics of Signal Exchanges and Empathic System”, organized by Anna
Esposito, Zoraida Callejas, Marialucia Cuciniello, Antonietta M. Esposito, Gennaro
Cordasco, Nelson Mauro Maldonato, and Francesco Carlo Morabito. The session
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x Preface

emphasized contributions devoted to the implementation of Empathic Systems,
considering that empathy is central for successful social interactional exchanges.

The sessionwas sponsored by twoH2020 funded projects “Empathic” (empathic-
project.eu/) and “Menhir” (menhir-project.eu/), aiming to implement socially and
emotionally believable automatic systems, the Italian Government funded project
SIROBOTICS (https://www.exprivia.it/it-tile-6009-si-robotics/) aiming to imple-
ment social robot assistants for supporting elderly everyday independent living,
and the ANDROIDS project (https://www.psicologia.unicampania.it/android-pro
ject) funded by the program V: ALERE 2019 Università della Campania “L.
Vanvitelli”, D. R. 906 del 4/10/2019, prot. n. 157264, 17/10/2019.

This particular edition of WIRN was important for all the communities since it
was the first after 2 years of silence due to the pandemic COVID-2019. It was then
a very stimulating gathering and represented the end of the pandemic situation.

The book is divided into two parts: one dedicated to neural networks and their
practical applications and the other dedicated to features deriving from dynamics of
signal exchanges for implementing empathic AI systems.

The scientists contributing to this book are specialists in their respective disci-
plines and through their contributions have made this volume a significant scientific
effort. The coordination and production of this book has been brilliantly conducted by
the Springer Project Coordinator Mr.Ramesh Kumaran, the contact the Publishing
Editor Aninda Bose, the Springer Executive Editor Dr. Thomas Ditzinger, and the
Editor Assistant Mr. Holger Schaepe. They are the recipients of our deepest appre-
ciation. This initiative has been skillfully supported by the Editors-in-Chief of the
Springer series Smart Innovation, Systems and Technologies, Profs.LakhmiC. Jain,
and Howlett Robert James, to whom goes our deepest gratitude.

Caserta, Italy
Mataró, Spain
Reggio Calabria, Italy
Turin, Italy

Anna Esposito
Marcos Faundez-Zanuy

Francesco Carlo Morabito
Eros Pasero

https://www.exprivia.it/it-tile-6009-si-robotics/
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Neural Networks and Related Applications



Chapter 1
Generating New Sounds by Vector
Arithmetic in the Latent Space of the
MelGAN Architecture

Michele Scarpiniti, Edoardo Massaro, Danilo Comminiello,
and Aurelio Uncini

Abstract In this paper, we investigate the exploitation of the latent space of a Mel-
GAN architecture by the vector arithmetic for the generation of new sounds that may
be appealing for musicians, similar to what has already been done in the case of
words and images. Specifically, since the MelGAN uses directly the spectrogram as
input to its generator, we focus our attention on the linear combination of two or three
instrumental sounds. This combination is then fed to the MelGAN generator, and the
produced output will be the new sound with innovative sonority. Some simulations,
performed over different sounds and different combination coefficients, show the
effectiveness of the proposed idea.

1.1 Introduction

In the last few years, researchers have heavily investigated deep learning techniques
for audio and music generation [3]. Although the generation of high-quality audio
samples is a very challenging problem, due to the high temporal resolution and
dependencies at different timescales, recent approaches based on the Generative
Adversarial Networks (GANs) [7] provide excellent results, overcoming those of
more traditional approaches based on recurrent networks, like WaveNet [15].

M. Scarpiniti (B) · E. Massaro · D. Comminiello · A. Uncini
Department of Information Engineering, Electronics and Telecommunications (DIET),
“Sapienza” University of Rome, Rome, Italy
e-mail: michele.scarpiniti@uniroma1.it
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A. Uncini
e-mail: aurelio.uncini@uniroma1.it

© The Author(s), under exclusive license to Springer Nature Singapore Pte Ltd. 2023
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https://doi.org/10.1007/978-981-99-3592-5_1
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4 M. Scarpiniti et al.

A GAN is an architecture composed of two sub-networks: a generator, which tries
to generate high-quality audio samples, and a discriminator that should distinguish
the generator’s fake data from the real input data [7]. GANs have been successfully
used to generate music by using both information from the time domain (like the
WaveGAN) and the time-frequency domain (like the SpecGAN) [4]. Specifically,
this latter is an architecture where the generator and the discriminator are composed
of deep convolutional neural networks (CNNs), known as DCGAN [17], but using
spectrogram inputs instead of normal images.

Other GAN architectures, which have been successfully used for audio gener-
ation, are the GANSynth [5] and the MelGAN [9]. The first architecture models
log-magnitude and phases directly in the spectral domain, by using a sufficient fre-
quency resolution, and produces high-fidelity and locally coherent audio [5]. The
second one uses convolutional architectures in a GAN setup to perform audio wave-
formgeneration by exploiting themel spectrogram inversion [9].Different fromother
similar GANs, the MelGAN generator is fed by the mel spectrogram rather than a
random input sampled by a Gaussian distribution. Very recently, MelGAN has also
been extended to a multi-band approach for high-quality text-to-speech conversion
[21]. A variant of the MelGAN is the MelGAN-VC [16] originally devoted to the
voice conversion problem. This architecture is capable of generating audio frames
longer than the other GANs, since spectrograms are split in shorter segments and
then concatenated before the discriminator. Despite its good results, MelGAN-VC
is quite complex and the training time is very high.

Based on the excellent results obtained by theMelGANon the effective generation
of audio samples, also evaluated by subjective evaluation metrics [9], and the not
prohibitive computational cost, in this paper we adopt the MelGAN to generate new
music samples.

The generator of a GAN picks its input by sampling from a latent space and
creates a relationship between the latent space and the output. Usually, each variable
is drawn from a Gaussian distribution; however, in the case of the MelGAN, the mel
spectrogram is used as the input. The latent space is meaningful, since it contains
all the information needed to represent the original data. Different data points in the
latent space will produce a different output. It could be interesting to navigate such a
latent space. For example, a series of points can be created in the latent space between
the ends of a segment. These points can be used to generate a series of outputs that
show a transition between the two generated ones [17].

Many efforts have been done in the exploitation of the latent space [14, 19, 20] in
different applicative scenarios, like image processing [11], or medical imaging [2].
Some works are also addressed toward the audio generation [1, 8, 18]. In particular,
[1] exploits the latent space in order to detect fake audio samples from the real
ones, by extending the research conducted in [8] on the latent vector recovery by
investigating the inverse mapping of GANs. The authors in [6] exploit the latent
space produced by the WaveNet encoder-decoder architecture. Finally, the work in
[18] proposes a hybrid GAN architecture that allows musicians to explore the GAN
latent space in a controlled manner, and giving an opportunity to specify particular
audio features to be present or absent in the generated audio samples.
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In an interestingly way, the points in the latent space can be combined by using a
sort of vector arithmetic in order to obtain new points in the latent space that, in turn,
can be used to generate new data. This is an interesting idea, and it was used in an
intuitive manner for words and face images. Specifically, [13] show that combining
the latent vector associated with some words will obtain a word conceptually related
to a given simple arithmetic rule. As an example, the authors of [13] show that the
output of the combination “King –Man +Woman” is “Queen”. Similarly, the authors
of [17] provide an example with images: the output of a latent vector obtained as
“smiling woman – neutral woman + neutral man” was an image related to a “smiling
man”.

Motivated by these considerations and examples, in this paper we propose the first
investigation on the possibility of exploiting the vector arithmetic of latent space to
generate new sounds. After the training of a MelGAN architecture, we create new
input vectors as the linear combination of two or three basic sounds, then we put
these combinations in the MelGAN generator input in order to generate new sounds.
We expect that these sonorities could be appreciated by musicians. Although this is
a simple and preliminary idea, the use of vector arithmetic of latent space with the
MelGAN has not been investigated.

The rest of the paper is organized as follows. Section 1.2 describes the proposed
idea in terms of both the used architecture and vector arithmetic. Section 1.3 intro-
duces the experimental setup, while Sect. 1.4 shows the obtained numerical results
by depicting the spectrograms of the generated sounds. Finally, Sect. 1.5 concludes
the paper and outlines some future works.

1.2 Proposed Idea

1.2.1 GAN: Generative Adversarial Network

Introduced in 2014 by Goodfellows et al. [7], GANs are based on the use of two
(deep) competing neural networks. The first network is called the generator and
has the task of generating sufficiently realistic samples. The latter are subsequently
placed in the input to the second network, called the discriminator, which has the
task of comparing the samples obtained from the generator with the real data coming
from the dataset. The output of the discriminator will return a probability indicating
whether the input data is real or not. The training is performed in order that the
generator is able to generate realistic enough data to fool the discriminator, while the
latter has to recognize, in the best possible way, the fake samples from the real ones
(i.e., belonging to the dataset). This process can be summarized in a minimax game
between the two networks. The learning of these networks is therefore unsupervised,
i.e., without the use of a set of real data to control the estimation error. Both networks
are usually implemented by deep neural architectures.
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In the classic GAN model, the input data z to the generator is noisy and belong to
a pz(z) distribution. The generator G(z; θg) is a differentiable function represented
by a deep network with parameters θg . The discriminator D(x; θd) is also a deep
network that returns a scalar: D(x) represents the probability that x comes from the
dataset rather than pz(z). The work done by the generator in generating samples that
are as realistic as possible is equivalent to learning the distribution of the data in
the dataset, that is, making sure that the latter is equivalent to the distribution of the
generator. In other words, it aims to minimize the likelihood that the discriminator
will recognize a false sample generated: log(1 − D(G(z))). The discriminator can
be seen as a classifier that must maximize the probability of assigning the false
class to the samples from the generator and the true class to the samples from the
dataset. Therefore, the total cost function on which to apply theminimax game is the
following [7]:

min
G

max
D

L(D,G) = Ex∼pdata(x) {log D(x)} + Ez∼pz(z) {log(1 − D(G(z)))} .

(1.1)
However, Goodfellow et al. [7] recommend to use the following non-saturating loss
for the generator, which provides better results:

min
G

L(G) = −Ez∼pz(z) {log(D(G(z)))} . (1.2)

Although GANs work well in many situations, they show some limitations, like the
vanishing gradient problem and the mode collapse.

In order to avoid these problems, the loss function is often used as proposed in [10]
for the Least Squares GANs (LSGANs). The cost functions that train the LSGANs
are the following:

min
D

L(D) = 1

2
Ex∼pdata(x)

{
(D(x) − 1)2

} + 1

2
Ez∼pz(z)

{
(D(G(z)) + 1)2

}
,

min
G

L(G) = 1

2
Ez∼pz(z)

{
(D(G(z)))2

}
.

(1.3)

1.2.2 The Used MelGAN

Afamily ofGANsused to generate high-quality audio samples is theMelGAN,which
produces a synthetic audio signal by inverting in the time domain of the spectrogram
generated in the mel scale [9, 21]. This network has a very different structure from
the classic GAN. First of all, the generator input is not noisy but comes directly
from a realistic distribution, i.e., the distribution of the mel spectrograms of the class
to be generated. In addition, three discriminators are adopted. The architecture is
equivalent for each of them; what varies is the type of input: the first discriminator
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Fig. 1.1 General architecture of a MelGAN

works directly on thewaveformgenerated,while the other twowork on downsampled
versions. In this way, each discriminator learns features at different frequency ranges.

Figure 1.1 shows the general architecture of a MelGAN. A complete description
and explanation of the MelGAN can be found in the original paper of Kumar et al.
[9]. In the following, we briefly describe the salient features.

The MelGAN generator is a fully convolutional network, whose input is the mel
spectrogram and whose output is a raw waveform in the time domain. It uses a stack
of transposed convolutional layers to upsample the input sequence, since the mel
spectrogram has a temporal resolution lower than the original audio. Each trans-
posed convolutional layer is, in turn, followed by a stack of residual blocks with
dilated convolution. The use of a spectrogram input is justified in order to ensure the
temporal coherence among adjacent inputs. To this purpose, the residual blocks after
the oversampling are used for ensuring that there is a significant overlap between the
inputs. Furthermore, the kernel size should be chosen as amultiple of the stride value,
in order to avoid artifacts that would compromise the quality of the reconstruction.
Finally, an important role is played by the weight normalization in order to speed up
the convergence of the gradient descent algorithm.

As said before, the MelGAN is implemented by three parallel discriminators
with identical architectures but working at different scales. Specifically, the first
discriminator D1 operates directly on the input audio in the time domain, while
D2 and D3 operate on sub-sampled versions by a factor of 2 and 4, respectively.
The downsampling is performed by the strided average pooling layers. The use of
multiple discriminators is justified by the need to analyze audio at different scales,
so that each discriminator can learn features at different frequency intervals. The
discriminators’ input is windowed in small frames, enough overlapped, in order to
maintain the consistency among them. As for the generator, also the discriminators
use the weight normalization. The detailed model architectures of the MelGAN
generator and discriminator can be found in Fig. 1 of [9].

The training of the MelGAN is performed by the use of a modified version of the
LSGAN loss in (1.3). Specifically, the discriminators are trained by minimizing the
following loss functions that use the hinge version of (1.3):

min
Dk

L(Dk) = Ex {min{0, 1 − Dk(x)}} + Es,z
{
min

{
0, 1 + Dk

(
G(s, z)

)}}
, (1.4)
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∀k = 1, 2, 3, where x is the raw audio input in the time domain, s is the spectrogram
used as input to the generator, and z is an additional Gaussian noise. The generator
is trained by minimizing the following loss function, which is the sum of the single
discriminators’ losses:

min
G

L(G) = Es,z

{

−
3∑

k=1

Dk
(
G(s, z)

)
}

. (1.5)

Moreover, to further improve the quality of the generator output, an additional fea-
ture matching objective function has been added. This objective minimizes the L1

distance between the discriminator outputs of the real audio and the generated audio,
respectively. It is, therefore, a sort of similarity measure on the discriminator ability
to distinguish real data from fake data:

LFM(G, Dk) = Ex,s

{
T∑

i=1

1

Ni

∥∥∥D(i)
k (x) − D(i)

k

(
G(s)

)∥∥∥
1

}

, (1.6)

where D(i)
k represents the i th layer feature map output of the kth discriminator block,

and Ni denotes the number of units in each layer.
Hence, the objective function to be minimized for training of the generator is the

following:

min
G

(

L(G) + λ

3∑

k=1

LFM(G, Dk)

)

, (1.7)

where λ is a regularization parameter, usually set to λ = 10.
Overall, the MelGAN uses about 4.26 million of parameters, which is lower than

other architectures used for the same purpose, such as the WaveNet.

1.2.3 The Vector Arithmetic in the Latent Space

The aim of this paper is to investigate the vector arithmetic in latent space of the
MelGAN for the generation of new sounds, which may result very appealing for
musicians.

To this purpose, we focus our attention on the linear combination of two or three
basic sounds:

x =
N∑

i=1

αi xi , (1.8)

where xi is the i th chosen input signal, N is 2 or 3 and represents the number of
input signals (i.e., latent vectors), and−1 ≤ αi ≤ 1 is the i th coefficient of the linear
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Fig. 1.2 An overview of the generation of a new sound by exploiting the latent space of a MelGAN
by the vector arithmetic

combination. The combined input x is then fed to the MelGAN generator and the
produced output is the new sound with innovative sonority. An overview of the
generation process of new sounds by exploiting the latent space of a MelGAN by
the vector arithmetic is shown in Fig. 1.2.

1.3 Experimental Setup

In this paper, we have used the large-scale and high-quality NSynth dataset1 intro-
duced in [6]. The NSynth dataset contains 305,979 musical notes, each with a unique
pitch, timbre, and envelope. Each track consists of 4 seconds of monophonic audio
belonging to 11 instrumental classes (generated from commercial sample libraries),
sampled at 16 kHz. The sounds have been generated by ranging over every pitch
of a standard MIDI Piano, as well as five different velocities. Moreover, the note
was held for the first three seconds and allowed to decay for the final second. The
NSynth dataset is already split in the training (289,205 instances), validation (12,678
instances), and testing (4,096 instances) sub-sets.

From theNSynth dataset,we have extracted a training set composed of four classes
(keyboard, mallet, organ, and string), for a total of 88,616 files, corresponding to
more than 98 hours of sounds. Table 1.1 summarizes the used classes, the number
of available files for each class, and the corresponding duration. The related files of
the test set have been used, after the training, as input for the generation process of
the new sounds by exploiting the vector arithmetic in the latent space.

The MelGAN has been implemented in Python by using the PyTorch library.
The audio waveform extraction and the mel spectrogram computation have been
performed by using the librosa library2 [12].

1 Available at https://magenta.tensorflow.org/datasets/nsynth.
2 Available at https://librosa.github.io/librosa/.

https://magenta.tensorflow.org/datasets/nsynth
https://librosa.github.io/librosa/
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Table 1.1 Used classes, number of available files, and time duration (in [hr:min:sec]) for the
training set

Class Files Duration

Keyboard 8,068 08:57:52

Mallet 26,857 29:50:28

Organ 34,301 38:06:44

String 19,390 21:32:40

Total 88,616 98:27:44

All the audio data has a sampling frequency of 16 kHz. The mel spectrogram,
with 80 mel bands, has been computed by using frames of 1024 samples with a hop
size of 256 samples, and a number of FFT points equal to 1024.

Simulations have been carried out by using a computer equipped with an Intel®

Xeon 4110 CPU @ 2.10 GHz, with an NVIDIA Tesla V100 SXM2 32GB GPU.
The MelGAN has been trained by using the Adam algorithm with a learning rate

η = 10−4, and the other parameters set to β1 = 0.5 and β2 = 0.9, respectively. The
mini-batch size is set to B = 16, while a total of 1,800 epochs has run.

1.4 Simulation Results

In this section, we show some simulation results obtained by exploiting the vector
arithmetic in the latent space of the used MelGAN (refer to Eq. (1.8)). In order to
provide a visual representation of the obtained audio signals and to evaluate the
differences with respect to the original sounds, we show the spectrograms of the
involved signals.3

In order to investigate our idea, we randomly extract from the test set four files
from each class, denoted as the name of the class followed by an integer number (e.g.,
Organ 1, Organ 2, Organ 3, Organ 4, String 1, String 2, etc.). Similar experiments
have been performed in the latent space of an autoencoder in [6].

The first set of simulations aims at verifying the quality of the reconstruction (i.e.,
the spectrogram inversion performed by theMelGANgenerator). To this purpose, the
selected test sounds have been converted into the mel spectrogram representations
and then used as input to the generator. Figure 1.3 shows an example of spectrograms
of two original sounds and the corresponding generated ones. Specifically, this figure
shows the spectrograms related to the String 1 and Mallet 2 sound files. Figure 1.3
highlights that the reconstructed signals are very similar to the original ones, since
the main spectral lines are preserved in the generated spectrograms. This fact could
be also confirmed by a listening test. However, it should be noted that the Mallet
2 sound has a slightly lower quality, since it presents a sort of noisy distortion in

3 Spectrograms and sound files of all the simulated cases are available at the following link: https://
github.com/mscarpiniti/LatentSound.

https://github.com/mscarpiniti/LatentSound
https://github.com/mscarpiniti/LatentSound
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Fig. 1.3 Comparison between the spectrograms of a original “String 1” sound, b generated “String
1” sound, c original “Mallet 2” sound, and d generated “Mallet 2” sound

the background, although acceptable. Good results have been obtained also for the
Keyboard and Organ classes.

In the second set of simulations, we explore the latent space of the MelGAN by
the vector arithmetic. Specifically, we perform the linear combination of three test
files and use this combination, after the mel spectrogram extraction, as input to the
MelGAN. Due to length constraints, in this paper we show only three cases.

The first case is regarding the linear combination: “Mallet 2 – String 1 +Keyboard
1”. The resulting spectrogram is shown in Fig. 1.4a. Different from the case of
words or images, it is quite difficult to have an intuition on what this output should
sound like. However, we can argue that, since both the spectra of String 1 and
Keyboard 1 (which is an acoustic Piano sound) present similar spectral lines, the
output spectrogram should appear “similar” to that of theMallet 2 sound, at least at
the lower frequencies due to the increasing differences between Piano and strings
sounds at the higher ones. Moreover, the output should present more variability than
the Mallet 2, due to an oscillating characteristic of String 1. This intuition is really
observable in the corresponding spectrogram in Fig. 1.4a.
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Fig. 1.4 a Spectrogram of the first combination: Mallet 2 – String 1 + Keyboard 1; b Differences
between the simple mixing of the three considered sounds and the related sound generated by the
MelGAN

In order to highlight the differences between such a generated output and the
simple mixing of the same sounds, Fig. 1.4b shows the spectrogram of the mixed
signal (i.e., the spectrogram evaluated on the input space). As can be seen from Fig.
1.4b, the two spectra are very different, and also the produced sound is different,
highlighting the effect of the MelGAN generator. In fact, while the input sounds like
a pure combination (i.e., like the three instruments playing at the same time), the
output presents very peculiar features, and it sounds like a new and unheard sonority,
as a “synthetic” sound produced by a sort of electronic device.

For the second combination, we adopt the idea in (1.8), and we use some param-
eters αi set to values different from the unit. Specifically, we exploit the following
combination: “Keyboard 1 + 0.4×Organ 2 – 0.4× String 4”. That is, we use the
following combination parameters: α1 = 1, α2 = 0.4, and α3 = −0.4. In this case,
as shown by the spectrogram in Fig. 1.5a, the sound is more rich. This behavior is
due to the fact that each of the three considered sounds is composed of many spectral
lines with different densities. Exploiting this combination, the generator will produce
a sound with a spectral content that takes into account all the frequencies in each
single signal.

Finally, the third combination is “0.4×Organ 3 – 0.4× String 1 + 0.9×Organ
1”. That is, we use the following combination parameters: α1 = 0.4, α2 = −0.4, and
α3 = 0.9. In this case, all the coefficients are different from the unit. The spectrogram
obtained by the MelGAN generator exploiting such a combination is shown in Fig.
1.5b. Since Organ 1 and Organ 3 are two organ sounds with different frequencies,
their combination should produce a richer spectral content. However, the subtraction
of the String 1 sound, in some way, tends to cancel the contribution in certain bands.
Figure 1.5b confirms this simple intuition.
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Fig. 1.5 a Spectrogram of the second combination: Keyboard 1 + 0.4×Organ 2 – 0.4× String 4;
b Spectrogram of the third combination: 0.4×Organ 3 – 0.4× String 1 + 0.9×Organ 1

Results obtainedwithmanyother combinations yield similar considerations. From
this simple set of simulations, we can conclude that the exploitation of the vector
arithmetic in the latent space of the MelGAN, similar to the case of words and
images, can produce interestingly new sounds that could be considered appealing
from musicians.

1.5 Conclusion

In this paper, we have proposed a preliminary investigation on the possibility to
exploit the latent space of the MelGAN by the vector arithmetic, similar to what
has already been done in the case of words and images, in order to generate new
interesting sonorities, which may sound appealing to musicians. Specifically, since
theMelGANuses directly the spectrogramas its generator input,we construct a linear
combination of two or three basic sounds. The output produced by the MelGAN to
this input represents the new sound. Different cases, by using different sounds and
different combination coefficients, show the effectiveness of the proposed idea. The
obtained log mel scale spectrograms are also shown. In future work, we will analyze
the effect of different types of (nonlinear) combination and the use of a greater
number of basic sounds. Moreover, we will exploit the results that may be obtained
by other GAN architectures, which will be released in the next future.
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Chapter 2
Graph Neural Networks for Topological
Feature Extraction in ECG Classification

Kamyar Zeinalipour and Marco Gori

Abstract The electrocardiogram (ECG) is a dependable instrument for assessing
the function of the cardiovascular system. There has recently beenmuch emphasis on
precisely classifying ECGs. While ECG situations have numerous similarities, little
attention has been paid to categorizing ECGs using graph neural networks. In this
study, we offer three distinct techniques for classifying heartbeats using deep graph
neural networks to classify the ECG signals accurately. We suggest using different
methods to extract topological features from the ECG signal and then using a branch
of the graph neural network named graph isomorphism network for classifying the
ECGs. On the PTB Diagnostics data set, we tested the three proposed techniques.
According to the findings, the three proposed techniques are capable of making
arrhythmia classification predictions with the accuracy of 99.38, 98.76, and 91.93%,
respectively.

2.1 Introduction

One of the biophysical signals that may be monitored using special equipment from
the human body is electrocardiography (ECG). It stores crucial information about
how the heart functions and whether it is affected by aberrant conditions. Cardiol-
ogists and medical practitioners frequently utilize ECG to check heart health. The
difficulty in recognizing and classifying diverse waveforms and morphologies in
ECG signals, like with many other time-series data, is the fundamental issue with
manual analysis. This task would take a human a long time to complete and is prone
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