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Abstract

Music has always been an essential aspect of human culture, and the methods for its creation and analysis have evolved
alongside the advancement of computational capabilities. With the emergence of artificial intelligence (AI) and one of its
major goals referring to mimicking human creativity, the interest in music-related research has increased significantly. This
review examines current literature from renowned journals and top-tier conferences, published between 2017 and 2023,
regarding the application of Al to music-related topics. The study proposes a division of Al-in-music research into three
major categories: music classification, music generation and music recommendation. Each category is segmented into
smaller thematic areas, with detailed analysis of their inter- and intra-similarities and differences. The second part of the
study is devoted to the presentation of the Al methods employed, with specific attention given to deep neural networks—
the prevailing approach in this domain, nowadays. In addition, real-life applications and copyright aspects of generated
music are outlined. We believe that a detailed presentation of the field along with pointing out possible future challenges in
the area will be of some value for both the established Al-in-music researchers, as well as the new scholars entering this

fascinating field.
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1 Introduction

Music has been a fundamental aspect of human culture for
centuries [1]. It is an universal language that can be
understood by all, serving as a conduit for communication
and the sharing of ideas [2]. Being an essential part of most
people’s everyday lives, music allows them to express
themselves and convey their emotions, whether by com-
posing, performing or listening [3].

With the development of artificial intelligence (Al),
music has become one of the fields in which Al is being
tested and developed. Initially, the problems of represent-
ing music data [4—6] or generating single notes (sounds) [7]
were addressed. In the following years, the range of
problems has been significantly extended, and the most
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popular problems have become generation of larger frag-
ments of music or music classification [8-11]. In recent
years, music recommendation or music search issues have
also gained importance [12, 13]. The increased interest is
related to the growing popularity of various music
streaming services.

In all fields, the performance of Al is steadily improv-
ing, approaching or even sometimes surpassing the per-
formance of humans. At the same time, especially in the
case of music generation, there is a problem of the creation
of objective tools for performance evaluation, which makes
a comparison of Al models significantly more difficult
[14]. Despite the continuous development of Al in the field
of music, there are still unsolved problems or new chal-
lenges arising. Among others, generating long fragments of
expressive music that can imitate humans even in the eyes
of experts is an example of such an unsolved problem.

1.1 Motivation and goals
Music, during both creation and performance, requires

people to use their creativity, as well as the ability to adjust
to the musical rules developed over centuries. Solutions to
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music-related problems that use Al methods help to illus-
trate the level at which the research on human-like Al is
advanced.

The use of artificial intelligence in music has gained
momentum and has been intensively explored in recent
years. With this in mind, it is crucial to systematically
describe the ongoing state of knowledge in this area to
establish a basis for its further development. This review
covers a wide range of music-related problems and
includes topics from various areas of Al applications in
music. The succinct presentation of music-related issues
and their solutions enables efficient comparisons among
various problems and methods and facilitates the identifi-
cation of underexplored research areas or approaches. The
scope of the review also encompasses possible research
paths, open problems and challenges.

1.2 Scope

In recent years, a wide range of musical topics from dif-
ferent fields have been undertaken. This diversity makes it
difficult to divide them into just a few categories. Gener-
ally, the following three groups that cover the majority of
the topics can be distinguished:

e Music classification topics related to recognizing
attributes of music (such as the performer, the com-
poser, a music genre, etc.).

e  Music generation topics related to the artificial creation
of music, including the generation of both sheet music
and generation of audio pieces of various types. The
subject of copyright in relation to the generative models
is also addressed.

e Music recommendation topics related to the recom-
mendation of music based on identified preferences.
Preferences can refer to the context in which the
recommended music is located and/or music content.

When it comes to solution methods, the most popular
technique, that clearly stands out, is neural networks, fol-
lowed by genetic algorithms.

Comprehensive review papers focusing on the use of Al
in music are relatively old and are dated at 2013 [9],
2012 [13] 2008 [12], 2007 [8], or focus on particular areas
or methods [10, 11]. Since then, there have been published
numerous papers worth noticing, presenting various
applications of Al methods in the field. This review brings
together papers published at leading conferences (i.e.
NeurlPS, AAAI, ICML, etc.) from 2017-2023 and in
leading journals (i.e. Proceedings of the IEEE, Artificial
Intelligence, etc.) from 2005 to 2023. Relevant papers
published in other venues are also included. Table 1
summarizes the collected papers relative to years, and
Table 2 lists the conferences and journals considered.
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This survey is continued by reviewing existing topics
and problems in Sect. 2. To increase the practical value of
the paper, the topic of real-world applications is briefly
addressed in Sect. 3. Section 4 categorizes the most com-
monly used methods in solving the presented problems.
Next, Sect. 5 describes challenges that have emerged in
recent years. Finally, Sect. 6 concludes the paper.

1.3 Music representation

Before music data can be used by any algorithm, it must be
represented in an appropriate way that determines which
features can be extracted from a music piece and subse-
quently processed. For this reason, choosing the right
representation can be crucial in solving problems. There
are three most commonly used representations that allow to
obtain different musical properties: waveform model, MIDI
representation and piano-roll representation. Figures 1
and 2 depict different representations of the same piece of
music.

1.3.1 Waveform

Waveform records signal amplitude as a function of time.
An important parameter of the model is the sampling rate,
which is the number of recorded amplitude values per
second (usually, sampling rate is 44.1kHz or 48kHz). Since
a naturally emitted sound is actually composed of several
superimposed sound waves, it is not possible to recover
pitches directly from the signal. The most common repre-
sentation derived from the model is the spectrogram, which
is calculated using the Fourier transform. The model pre-
serves the expressiveness of the music performance.
Waveform and spectrogram representations are presented
in Fig. 2 (bottom and middle part, respectively).

1.3.2 MIDI format

MIDI stores the musical data, not the audio recording itself.
The basic information stored is the pitches of the notes, the
duration of the notes, and when these notes started. In
addition, MIDI can store a lot of detailed information about
notes, such as velocity value (the intensity the note was
played with). With all this information, the MIDI format
also preserves the expressiveness of the performance.

1.3.3 Sheet representation

Sheet representation is the most common method of music
representation. It is created directly by the composer and
does not preserve the expressiveness of the performance in
any way. In some cases, in addition to the notes them-
selves, performance guidelines that the musician should
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Table 1 The number of considered papers grouped by their publication year. Only articles referring to music content are counted, i.e. works
describing machine learning models and/or methods with no direct relation to music are excluded

2023 2022 2021 2020 2019 2018 2017 2011-2016 2005-2010

11 7 21 16 18 12 16 10 10

Table 2 Summa.ry of leading Journals Conferences

conference and journal source

venues. Only articles referring Proceedings of the IEEE AAAI

to music content are counted, . .

i.e. works describing machine Atificial Intelligence LCNN

learning models and/or methods Neurocomputing IJCAI

with no direct relation to music Computer Music Journal ICML

are excluded Journal of New Music Research ISMIR
IEEE Transactions on Neural Networks and Learning Systems ICLR
International Journal of Approximate Reasoning ICONIP
Machine Learning ICCS
Neural Computing and Applications NeurIPS
IEEE Transactions on Evolutionary Computation GECCO
ACM Transactions on Interactive Intelligent Systems KDD
Fuzzy Sets and Systems FUZZ-1EEE

Fig. 1 Sheet representation of
the beginning of W. A. Mozart
Piano Sonata No. 5, KV. 283, 1.
Andante

EURASIP Journal on Audio, Speech, and Music Processing
Advances in Data Analysis and Classification

Cognitive Computation

follow are also included. However, the final interpretation
of these instructions is up to the performer of the piece. An
example of sheet representation is presented in Fig. 1.

1.3.4 Piano-roll
Piano-roll is a simple representation specifying only the

pitches of notes and their arrangement in time. It can be
presented as a two-dimensional graph with pitches of notes

on the vertical axis and time on the horizontal axis. A
played note is indicated by a horizontal line at the height of
the corresponding pitch. In a piano-roll representation, an
expressive aspect that can be preserved, if the resolution is
high enough, is the note’s duration and timing. On the other
hand, too low resolution may corrupt the original data. An
example of a piano-roll representation is illustrated in
Fig. 2 (top part).
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Fig. 2 Three different
representations of the beginning 99
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2 Music-related problems and solutions

One possible categorization of music-related problems is
by the topic addressed. A classification of problems con-
sidered in this review is presented in Fig. 3. A summary of
the number of papers considered for each problem type is
presented in Table 3.

Fig. 3 Groups and subgroups of
music-related problems
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Table 3 The number of papers included in the review, classified
according to the type of problem addressed

Number of papers

Music generation (sect. 2.1)

Music classification (sect. 2.2)

Music recommendation (sect. 2.3)
Other problems (sect. 2.4)

53
26
21
5
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2.1 Music generation

The problem of music generation consists in creating music
in any of its forms i.e. sound, notes or other representation.
Music generation specifically relates to creativity—a very
human ability. For this reason, the problem has attracted a
lot of attention since the onset of AI application to
music [9, 10, 15, 16]. Two aspects of the music generation
should be distinguished. One is generation of new musical
compositions (e.g. generation of sheet music), and the other
one is generation of expressive performance (referring to
already existing works). Both aspects emulate human cre-
ativity process. This section discusses papers that address
various problems associated with the generation of
music—see Table 4 for their summary.

2.1.1 Harmonization and counterpoint generation

This section includes papers revolving around the sub-
ject of harmonization and accompaniment generation.
Problems considered in this area are strongly connected to
music theory, and created solutions are significantly based
on music theoretical principles.

Harmonization [17-19] consists in complementing one
melodic line (sequence of notes) with three remaining
lines. The newly created melodic lines complement the
given one and are played simultaneously with this line.
This makes it possible to consider the problem of harmo-
nization in two perspectives. The first one (horizontal)
refers to melodic lines, and the second one (vertical) to
chords, i.e. notes located at the same time moment in all
four melodic lines. It is crucial that both of these per-
spectives are internally coherent. Figure 4 presents an
example.

The paper [17] approaches harmonization problem
based on Markov Decision Process, where the reward value
is calculated based on the fulfilment (positive reward) or
violation (negative reward) of defined rules drawn from
music theory and musical common knowledge. The reward
is determined for the chord to complete the vertical plane
under the currently considered note from the given melodic
line (the highest one).

In [18] harmonization is split into two subproblems. The
first of them is matching suitable harmonic functions
(defining a possible chord) to the notes given in the lowest
melodic line. The second one is completing the notes in the
remaining melodic lines. The evaluation of both stages is
also based on the principles of music theory.

In [20, 21] only the second part of the division presented
in [18], i.e. creation of new melodic lines based on the
harmonic functions, is considered. The solutions are also
grounded in the music theory, which forms a basis for an
objective function of the implemented evolutionary
algorithm.

Harmonization is also addressed in [19] where, in con-
trast to [17, 18], the evaluation of the created solution is
not only based on rules theory-related rules but also on a
statistical analysis of Bach chords (the evaluation of the
settled consecutive harmonic functions). This analysis
allows determining the frequency of chord sequences in the
chorales, and on this basis, numerical scores are assigned to
these sequences.

A problem similar to harmonization is the generation of
counterpoint or accompaniment [22, 23]. As in harmo-
nization, the task is to create a new melody that comple-
ments the existing melody. In this case, however, a single
melodic line is created, with greater focus on internal
coherence and sound.

An interesting case combining counterpoint creation and
music style transfer is described in [22], where the coun-
terpoint (Western music style) is created for Chinese folk
melodies. The generating model is based on two elements:
evaluation of the Chinese music style (internal evaluation
of the created melodic line) and evaluation of the coun-
terpoint (evaluation of both melodic lines simultaneously).
Similarly to [19], the evaluation is based on the analysis of
Bach chorales (the counterpoint) and additionally the
selected folk melodies (the Chinese style).

In [23], the problem of creating real-time (online)
accompaniment is considered. As in [19, 22], the model
that selects notes for the accompaniment is not based on
music rules, but on a prior analysis of mono- and poly-
phonic music. This preserves both the internal consistency
of the accompaniment and the consistency of the accom-
paniment with the leading melody.

Table 4 Summary of papers

that address various aspects of Number of papers Papers

the music generation problem Harmonization and counterpoint generation (sect. 2.1.1) 9 [17-25]
Non-expressive music generation (sect. 2.1.2, 2.1.3) 18 [26-43]
Expressive music generation (sect. 2.1.4) 10 [44-53]
Other problems (sect. 2.1.5) 10 [54-63]
Performance evaluation (sect. 2.1.6) 6 [33, 64-68]
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Fig. 4 Harmonization problem.

Top melodic line is 4

complimented by the three other
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Harmonization is one of the central problems in
music [17-19, 22, 23]. Consequently, there are established
rules that define the correctness of the created harmoniza-
tions, which can be used when creating models that solve
this problem [17-19]. On the other hand, models can also
be based on the analysis of other works and the relation-
ships between notes or chords that occur there [19, 22, 23].

A problem simpler than constructing entire melodic
lines is the prediction and generation of the chord
sequences [24, 25] (see Fig.5). The problem can be
regarded as a kind of harmonization subproblem (cf. [18])
since it does not deal with the arrangement of particular
notes in melodic lines, but only with their definition.

The work [24] addresses the problem of creating a
chord progression, that is, a smooth (in terms of sound)
chord transition from one key to another. The final choice
of the next chord in a sequence is up to the user, but the
model, on the basis of the already created fragment, pro-
poses several possibilities. The choice of the proposal is
made based on the distances of chords in the created space,
in which harmonically similar chords are located close to
each other.

A similar approach is taken by [25], focusing on the
prediction of the next chord based on the previous eight
chords. In this case, the chord distance metric is con-
structed based on Tonnetz lattice [69].

2.1.2 Composing a music piece

A task more demanding than harmonization or accompa-
niment generation is to create music from scratch. Com-
posing entire pieces additionally requires the creation of a
main melody, which should be both good-sounding and
engaging. Creating such a melody is a much more complex
task than harmonization for both the human and algorith-
mic approaches. This section includes papers revolving
around the subject of generating a single melody line or an
entire music piece in musical notation.

The problem of creating a melodic line has been con-
sidered in many works, e.g. [26-29]. In [27], a melody is
constructed using an evolutionary algorithm, where the
matching function is based on created scoring tables for

T
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consecutive notes. In [26], on the other hand, in addition to
generating a melody, an accompaniment (defined by har-
monic functions) is matched to it. Additionally, the work
attempted to generate music that reflects a particular
emotion, specified by the user. Toward this end, a set of
chords with associated emotions, based on people’s feel-
ings when they listen to them, was generated, based on
expert knowledge.

An intriguing technique for creating melodic line with
harmonic progression was introduced in [29], which
employed Schenkerian analysis [70] as the foundation of
the generation process and mimicked human composition
process. In the initial step, the music’s phrase structure is
devised, and the rhythmic parameters are determined (ei-
ther based on a statistical analysis of the musical literature
or given by the user). Based on those elements, harmonic
progression and melodic rhythm are crafted, which are then
utilized to devise the melody contour and ultimately the
melody itself. All stages are executed through heuristics
(rhythm generation, final melody generation) or the
employment of Probabilistic Context-Free Grammar (har-
monic progression, melody contour), which is based on a
conducted Schenkerian analysis of comparable examples.

An even more advanced problem is addressed in [28].
The task is to generate melody and accompaniment (not as
chord definitions, but in the form of melodic lines), based
on a defined chord progression. The system initially gen-
erates a single melodic line (pitches and rhythm), and then,
based on the created melody, an accompaniment for vari-
ous instruments is generated.

Generating the main melody or a whole piece of music
is a multi-aspect problem. The proposed solutions usually
focus on some of these aspects, as it is hard to take them all
into account simultaneously. An aspect often addressed is
keeping the generated piece in a particular style (e.g. pop
music, music imitating particular composer,
etc.) [28, 30-33]. Another frequently encountered issue is
coherence on the musical structure of the generated piece
itself (the long-term internal consistency of the
piece) [34-36].

[30] focuses on the problem of automatic generation of
pop music (a melody). An important part of the problem is

L 4
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Fig. 5 Chord sequence generation problem. For a given melodic line a sequence of chords is generated
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the initial generation of the description of the song struc-
ture. The structure description contains indications about
repeated sequences in the song (repetition of rhythm or
repetition of both rhythm and melody). Then, based on the
created description and a given chord progression, a mel-
ody is generated.

[31] has at its core the extraction of information about a
particular musical style (experiments have been conducted
on Hungarian folk music). Various properties are extracted
from the melodies of a particular style and based on them a
fitness function is constructed to check the similarity of the
subsequently generated melodies (their representations) to
the selected style. For the created fitness function and the
developed binary representation of the melody, an evolu-
tionary algorithm is run, with the task of finding a repre-
sentation that best reflects the given style.

Similarly to [31], music generation in [32] consists in
adaptation to a particular style. Here, however, the con-
structed model is designed to work closely with the
musician and be able to meet his/her expectations. There-
fore, the style of music is determined by the musician-
composer (a human), who provides a collection of other
pieces that reflect his/her intentions regarding the style of
the generated music. In addition, the task of the musician-
composer is to provide the chord progression to which the
created melody will be matched. From the indicated set of
base songs, two sensibility models are induced, one cor-
responding to the rhythm and the other one to the flow
(motion) of the melody. Using the evolutionary algorithm
and the induced models, a musical template is then gen-
erated, consisting of a description of the rhythm and the
flow of the melody. This template mimics the musical style
of the collection of selected songs. The final step is to add
the pitches themselves to the created template. These pit-
ches are generated using a pitch selection strategy based on
the chord progression provided by the musician-composer.

Generation in a specific style is also undertaken in [33].
Here, the model (variational autoencoder) is taught to
imitate a specific musical genre or composer, according to
the developed similarity measure (based on Mahalanobis
distance) that allows to determine to what extent the gen-
erated pieces actually reflect the characteristic features of a
particular style or genre.

Preserving the long-term structure of the generated
music is the focus of [34-36]. This aspect is addressed
through construction of an appropriate representation of
music data and/or the use of an Al model (e.g. a recurrent
neural network) that allows to notice structural nuances
(also in the temporal context) of the presented data.

In [34], the music is regarded as a sequence of events,
and each event contains information about one note (pitch,
duration, corresponding chord). A neural network model is
developed, which includes multiple hierarchical tiers. Each

tier processes a unique range of event data, and the range
widens as the tiers ascend. This technique effectively
captures the long-term structure at higher tiers and predicts
future events at the lowest tier with conditioning from
higher tiers. The bottom tier implements 1D convolutions
to process events, while all higher tiers utilize LSTM
(Long Short-Term Memory) to handle grouped event data.

In [35] the problem of maintaining the long-term con-
sistency of the generated music is addressed by selecting a
specific architecture of the AI model, which is an autoen-
coder. An important part of the model falls on the decoder,
where decoding process is performed in several steps.
From the input data of the decoder, vectors corresponding
to shorter fragments of the melody are produced. Specific
notes are then reproduced from these vectors. The trans-
ferred vectors together with the information about the
previous note are used to generate the current note.

[36] also considers the aspect of maintaining a coherent
structure of a song. Here too, analogously to [34], music is
considered to be a sequence of events, and the task is to
generate successive events in the sequence (using a trans-
former neural network). An additional element is mod-
elling the expression of the generated music through a set
of appropriate tokens (e.g. representing the velocity of a
note).

Looking at music as a sequence of events is a common
approach [34, 36-39]. In [37, 38], the methods very similar
to [36] are used, i.e. the model (transformer neural net-
work) generates successive events that (sometimes after
aggregation) correspond to notes in a sequence. The model
proposed in [37] additionally allows several notes to occur
simultaneously so that polyphonic music can be generated.
In [38] the introduction of summary tokens related to entire
bars, internally composed of token sequences, is a note-
worthy addition. This adjustment facilitates a modification
of the attention module such that only summary tokens are
analysed for bars that are not structure-related (bars that are
not likely to be repeated), rather than analysing individual
tokens from each bar.

An interesting approach is proposed in [39] where the
authors rely on the observation that music created by
humans often refers to itself (is self-similar). Therefore, the
prediction of the next sound in the sequence can be
strongly based on already generated fragments (motifs).

2.1.3 Generating polyphonic music

A task more complicated than generating a single line
(even with additional chord progression) is polyphonic
music generation. Such music consists of multiple simul-
taneous melodic lines/tracks. Polyphonic music requires
not only consistency within a single voice but also the
concurrent compatibility of all voices. One of the
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convenient data representations for this problem is the
piano-roll, which allows for parallel, yet separate,
descriptions of melodic lines of different voices/instru-
ments. This section discusses papers revolving around the
subject of generating polyphonic music.

In [40], the GAN (Generative Adversarial Network)
model consisting of several parts/branches, each of them
corresponding to one melodic line, is applied. The branches
use the same input data (randomized noise), but process it
separately. The compatibility of melodic lines is assured by
the shared input data. The result is represented by means of
a piano-roll format.

A GAN-based solution similar to [40] is presented
in [41]. In this case, each bar for each instrument is gen-
erated independently. In order to maintain consistency
(within instrument lines and between instruments), a series
of vectors responsible for line consistency are generated
before producing individual bars. While generating a single
bar for each instrument, these vectors are combined with
random vectors to maintain the consistency of the entire
piece.

[42] considers the problem of generation based on an
already existing one of the lines/tracks conditioned
accompaniment generation. Similarly to [40, 41], the
authors use a piano-roll representation. The variational
autoencoder model is used, and in the encoding part, the
tracks are processed separately in the initial layers to
capture their internal characteristics. Then the results of the
separate tracks are combined and processed together,
capturing the features that bind them together into a single
piece. Both the main track and the accompanying tracks are
processed. An input to the decoding part is a vector from a
latent space, from which the melodic lines are generated.
This vector is combined with the embedding created earlier
(via convolutional layers) of the conditioning line. The
decoding method is the reverse of the encoding process.

The work [43] extends the problem considered [42] in
by adding the aspect of dynamics of the generated piece.
The standard piano-roll notation is extended to include
information about the velocity of each note. In addition, the
piece generation process can be influenced by the user by
selecting the initial and the target pattern. Based on these
two patterns, a vector is generated, from which the entire
song is decoded.

In summary, generation of music (its representation)
from scratch can be looked at from various perspectives,
which is clearly reflected in the created models and pro-
posed approaches. The main distinction seems to be
between generation of a single melodic line (sometimes
with added chord progression) [30-32, 34, 35, 39] and
generation of multiple parallel lines [37, 40-43]. On the
other hand, regardless of the number of melodic lines
generated, emphasis is put on different aspects of the
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generated music. The aspects most commonly considered
are generation in a specific style [30-33, 41, 43] and
generation with preserving the long-term structural con-
sistency of the music [34-36, 40-42]. There are also two
views at the music itself. The first one treats music as
sequences of successive events (the appearance or disap-
pearance of a note), resulting in note-by-note genera-
tion [34, 36, 37, 39]. The other one focuses simultaneously
on the entire generated fragment [30-32, 35, 40—-43]. Each
approach is different and requires an appropriate view of
the music data itself (sometimes a significantly different
representation) and a tailored model.

2.1.4 Generation of expressive music and modelling music
expressiveness

Music creation, besides the composition of new pieces, in
the form of sheet music, can also be regarded or manifested
through music interpretation, i.e. translation of already
created notation into sound with the elements of dynamics
and expression added. It is also possible to consider those
two creative aspects simultaneously, that is, to compose
and perform music at the same time (improvisation).
Deciding which aspect of music (from the point of view of
Al) is more demanding is, to some extent, subjective.
However, a frequently presented opinion is that attempts to
imitate (human) improvisation are more challenging [71],
than modelling dynamics and expression for existing notes
(or their representations). Nevertheless, both of these tasks
still require human-specific skills. This section considers
papers focused on music improvisation (i.e. on music
composing and interpreting simultaneously), as well as on
modelling music expressiveness.

One way to model the dynamics of the generated piece
is to adjust its sound volume on the fly. Such an approach is
presented in [44]. The generating module consists of three
parts: the first one deals with the chord prediction, the
second one with a single note prediction, and the third one
with the volume prediction. Each part draws on the results
of the previous one. Thus, the prediction of a pitch (as well
as of the instrument that is to play that sound) is made on
the basis of the already predicted chord. Similarly, the
loudness of an individual note is matched to the already
generated pitch.

Another aspect of modelling the dynamics is its analysis
of already created/played pieces. In [45] a tool for such an
analysis of the recorded music is presented, allowing to
obtain a description of various properties of a given pie-
ce/sound that are responsible for its expression. These
described properties are divided into three groups (rubato,
loudness and timbre) and allow to accurately describe the
change of expression and piece dynamics over time.
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In [46] the expression modelling is carried out using a
set of functions corresponding to individual elements of the
dynamics and expression (e.g. note volume, ornamentation
markings, etc.). The functions created in this way also
allow for an accurate description of the dynamic markings
of the piece, contained in the scores themselves. Three
models (linear, nonlinear and recurrent) are created to
describe the variability of these functions throughout the
piece. Parameters of the models are determined in the
training process, based on the performances of the pieces.
Trained models are able to model the dynamics of a piece
based on its notes.

A similar approach to expression modelling is proposed
in [47]. The process of modelling is based on the
assumption that the expressive elements (volume and
tempo) can be represented by curves, describing their
variation over time. Each such compound curve can be
decomposed into base quadratic curves (second-degree
polynomials). Decomposition of a compound curve is done
iteratively, and during this process parameters of the
polynomials are selected. Prediction of the magnitudes of
the expression elements is performed in the reverse pro-
cess. Its input is a piece representation and the obtained
polynomial functions. The output presents the values of the
expression elements obtained after combining the
polynomials.

An approach similar to [46, 47] is also proposed in [48].
For a pre-defined set of note features (describing expres-
sion), a set of rules is created to describe the mutual rela-
tionships between these notes. Each rule is represented as a
binary vector, and the rules are generated using a sequen-
tial covering algorithm, until all training data are covered.
Based on these rules, the expressive features of each note
(and consequently of the entire piece) are then generated.

In [49], a novel representation of notes (in a piece) is
used. The piece’s musical score is represented as a graph
that models connections between individual notes (played
simultaneously, consecutively, etc.) and coded with Gated
Graph Neural Network [72]. An autoencoder is used to
model the expression, where the encoder part generates a
latent vector based on a coded (embedded) score and
expressive performance features (analogously to [46, 47]).
At the same time, the decoding part is trained based on the
coded (embedded) score, latent (style) vector from the
encoder and initial performance features, which are infer-
red during the decoding to match the given style.

A different variant of the expression modelling problem
is addressed in [50], where the task is to model the
expression according to the user-provided preferences. A
distinction is made between the two layers of expression:
the first one comes from the song itself and the melody
flow (neutral performance), while the second one stems
strictly from the particular performance and depends on the

performer’s emotions that he/she wants to express. The
system’s task is to add the second layer of expression,
having a recording that already contains the first layer as its
input. The notes’ expression is represented using the set of
features analogous to [45-48]. Training of the system
(selection of parameters of the function for feature changes
relative to the neutral performance) is carried out based on
the recordings provided by several musicians who played
the same pieces with different emotions. Ultimately, the
system has the ability to add an expressive (emotional)
sound to the neutral (non-emotional) performance.

Generation of the expressive music is usually linked to
its particular representation (e.g. MIDI). Rarely, as in the
papers [51-53], models are created that operate with sev-
eral representations.

In [53], an autoregressive model is proposed to generate
a waveform. The approach allows to create stylistically
consistent music fragments of about 25 s length (at 16kHz
sampling).

Similarly, waveform generation is considered in [51],
based on a melody representation grounded in MIDI for-
mat. Simultaneously, the model learns characteristics
(timbres) of specific instruments. Once trained, the model
is able to generate a waveform in the indicated timbre
based on presented notes.

Rather than working with symbolic or raw audio rep-
resentations, one may choose to operate on spectrograms.
This approach (working essentially on the image) is uti-
lized in [52]. The generating model consists of two mod-
ules. The first one, based on the piano-roll representation,
performs a transformation to a spectrogram. The task of the
second module is to fine-tune the spectrogram towards
mimicking the natural sound.

In summary, generating expressive music is considered
a human-specific ability. Expression in music can be
divided into two layers, which is reflected in the considered
problems. The first layer comes from the melody
itself [44, 45, 47, 48, 71], whereas the second layer reflects
the emotions of the performer (his/her individual expres-
sion) [50]. Another distinct feature is the approach to
generation itself. Most of the papers deal with the problem
of performance, that is, the creation of an expressive per-
formance from the given notes [46, 47, 49, 51, 52]. A
slightly more complicated problem, which is also addres-
sed, is the problem of improvisation, that is, the simulta-
neous composition of both a melody and its expressive
performance [44, 53, 71]. The last notable classification
reflected in the discussed papers refers to a music repre-
sentation they deal with. The most common are models that
work with symbolic sound representation (e.g.
MIDI) [46-50], for which the expression (and dynamics)
of a piece is described by matching a set of additional
features to the notes that define the expression (e.g.
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loudness, onset time, etc.). The second option, less popular
and more demanding, is to work in the raw audio
domain [51, 53], where sound generation boils down to
generation of a waveform. Such a representation (a
waveform) contains expressive features by itself, so there is
no need for attaching additional elements. The third pos-
sibility, related to a waveform representation, is generation
of a spectrogram [52]. A waveform can be transformed
into a spectrogram, and the reverse process is also possible.
Spectrogram generation can also be looked at as an image
generation process.

2.1.5 Other problems in the area of music generation

Besides the most common music generation problems
discussed above, there are several other related problems
that are too specific to be grouped into broader themes.

An example of such a problem is mixes/mashups cre-
ation, which involves combining several pieces of music
into one piece. One possible way consists in adding smooth
transitions between the pieces [54, 55]. Another possibility
is to use several pieces simultaneously, so that at each
moment the newly created piece is a compilation of a few
pieces [56].

In [55], generation of a medley (combination of several
pieces) is performed by arranging shorter fragments of
mixed pieces in the appropriate order. The model is trained
by sorting short fragments from a single piece, i.e. indi-
cating whether two fragments are consecutive and which
one of them occurred earlier in the piece. Generating a mix
is performed by sorting fragments from more than one
piece.

A similar approach to the mix-generation problem is
presented in [54]. Generation of a mix is based on the
analysis of pieces from an external database. Selecting and
sorting the pieces in the order in which they will be
arranged is based on their similarity (thematic, rhythmic
and instrumental). Likewise, the selection of the point at
which two pieces are combined is made through their
structural analysis. The last step is the transition from one
piece to another. In order to make it smooth, both pieces
are played simultaneously for a certain period. Conse-
quently, it may be necessary to adjust the tempo of the
pieces (slowing down or speeding up one of them) and
adjust the accents. Then the crossfading is carried out, i.e.
one track is gradually muted and at the same time, the other
one is gradually turning up.

In [56], the tracks to be combined are selected from a
database created for this purpose. Each such piece is bro-
ken down into individual tracks (i.e. vocal, bass, percus-
sion). The creation of a mashup begins with a random
selection of the main track (vocal), to which the other two
tracks are then matched. These two tracks (harmony and
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percussion) are selected from the database, and the merge
occurs only if they are close enough (the key for the har-
mony track and the tempo for the percussion track) to the
already selected main track. Merging is accomplished by
aligning the tempo in all tracks and adjusting the key.

Yet another problem of music generation is music style
transfer [S7-60]. It usually does not lead to creation of
completely new pieces, but to modification of existing
pieces through rearrangement. Change in style can be
carried out as a change in the timbre of the piece. In [57] an
autoencoder model operates in the raw waveform domain.
The task of the decoding part is to predict the next frag-
ment of a piece based on the vector embedding of the
previous fragment. The trained model is able to effectively
morph between instruments, which can result in producing
new sounds.

A similar approach is taken in [58], where the model
also operates on a waveform. Using disentanglement
techniques (adversarial training), a separation is made
between the part responsible for the style/timbre of the
instruments themselves and the part responsible for the
pitch. Thus, it is possible to modify the style without
affecting the pitch. This approach allows for a new
instrumental arrangement of the pieces.

Music generation that adheres to a particular musical
style is also undertaken in [59]. The model consists of an
encoder and a decoder. The encoder allows creation of the
embedding of MIDI representation, which includes
expressive properties that define the performance style.
Furthermore, the model allows completion of the perfor-
mance embedding with a melody, facilitating creation of
varied performance styles for the same melody.

In [60], the model operates on a waveform, from which
certain properties describing the piece are extracted,
especially its style/sound (such as mel-spectrogram,
MEFCC, spectral envelope). Style transfer is performed in
the form of an image-to-image translation. The trained
model is able to transfer, for instance, from piano solo to
string quartet or guitar solo.

A problem similar to the style transfer is presented
in [61], where the authors aim to generate new music that
resembles the input music. The MIDI input is analysed in
four aspects: structure, chord progression, melody and
bass. The resulting music is created in four steps, corre-
sponding to each analysed aspect, based on the statistical
analysis of the input.

Another approach to the generation problem is presented
in [62], where the melody is created based on lyrics.
A GAN model is used in the generation process, with three
modules that are responsible for creating individual com-
ponents of the music: pitch sequence, duration sequence
and rest sequence. Each module utilizes the previously
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generated output and the embedding of the syllable for the
current sound generated.

A slightly different problem is discussed in [63], where
music generation is merged with hand movement analysis.
The hand movements serve as input for defining the next
chord within the melody. A selection of admissible chords
is concurrently established, based on the existing part of
the chord progression and music theory. In case an indi-
cated chord is not within the permissible set, the melody
retains the current chord set; otherwise, the chord was
replaced by the one pointed with fingers.

2.1.6 Performance evaluation

A problem related to music generation is evaluation of
model’s performance. This topic is of particular importance
when comparing generative models among themselves.
Here, one of the biggest challenges is identification of an
appropriate metric to assess both the correctness and cre-
ativity of the generated music. This subject has been
intensively addressed in recent years [64], and the related
papers are presented in this section.

A breakdown of existing methods for evaluating model
performance was proposed in [64], where three categories
of metrics were identified: subjective evaluation (listening
and visual analysis), objective evaluation (music domain
metrics, model-based metrics) and combined evaluation
(heuristics).

One of the most popular subjective methods is human
(expert) evaluation [65]. This method, however, does not
scale well, as it requires a lot of time. Furthermore, even
with the selection of experts with many years of experience
and the ability to properly assess the piece under evalua-
tion, the assessment, to some extent, is based on the sub-
jective preferences of the expert. For this reason, there are
attempts to create more objective measures for evaluating
the generated results [33, 66].

An issue raised in [65] is human evaluation of generated
music and the ability to its distinction from the one played
by humans. The authors conducted a survey among more
than 170 people, in which both music-educated and music-
uneducated subjects rated 7 pieces of music (6 generated, 1
played by a human). The evaluations indicated that human-
played music was not rated better than generated one.

If the purpose of the generated music is to affect the
listener’s emotions, it is possible to evaluate the results
using two parameters: valence and arousal [66]. Valence
describes whether the emotion felt is negative or positive,
and arousal refers to the intensity of that emotion. How-
ever, while such an assessment can be made by any person
(not just an expert), it is still prone to the subjectivity of the
evaluating person.

The second (objective) path is to try to create formal
measures of a quantitative nature that can be automatically
calculated. In [33], the proposed measure is based on
similarities to other pieces. It is assumed that training the
model with pieces in a certain style should result in gen-
erating pieces in the same style. Accordingly, the degree of
success of generation can be determined by the degree of
similarity of the generated pieces to pieces from the
learning set. To calculate such a similarity, a measure
based on a dozen high-level properties, such as number of
notes, polyphonic rate, pitch interval range, duration range,
etc., is created. These properties are embedded as a vector,
and the degree of similarity between pieces is determined
using Mahalanobis distance.

The last option is to utilize a combined evaluation.
In [67], four heuristic metrics are proposed for generated
music evaluation, based on the intuition and musical
experience of the authors. The quality of these metrics is
tested by conducting a survey of over 1,000 respondents,
each of whom was tasked with recognizing whether the
piece presented was created by a human or an Al model.
The validity of the metrics is confirmed by comparing their
values with the results of the survey. It is observed that
models that are rated higher by humans (and therefore less
frequently identified as automatically generated music) are
also rated higher in the proposed metrics.

The issue of the usefulness of the generated music is
addressed in [68], where the authors describe a concert
organized in 2017 with the music composed solely or
partly (assisted) by Al

2.1.7 Copyright in music generation problem

One aspect not directly related to the music generation
methods, though closely linked to the results produced by
these (AI) models, is the matter of a copyright for the
generated content. Although relatively young, this problem
is becoming increasingly important as generative models
become more and more popular.

In [73], the authors conducted an analysis of the meth-
ods currently used to protect the copyright of a generated
material. The most significant problem identified is the lack
of unified methods to protect content that can be applied to
various models, since current protection methods are often
tailored to specific model architectures, lacking adaptabil-
ity. A particular challenge is the development of effective
methods to protect music copyright, where popular
approaches such as watermarks are not applicable.

It is also important to consider that copyright legislation
varies from country to country, making it challenging to
develop universal protection methods. This concern is not
only identified by researchers but also by state authorities.
In [74], a legal case is presented to ascertain whether the
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utilisation of in-copyright works as training data for gen-
erative Al systems constitutes a violation of copyright and
whether the outputs of such systems infringe it.

In [75], the legal complexities surrounding Al-generated
music are examined, including debates on copyright pro-
tection and the ownership of rights, as well as the use of
copyrighted material in training Al models. In particular,
the topics of plagiarism and copyright are considered based
on FolkRNN project [76], which utilizes several AI models
trained on tens of thousands of transcriptions of Irish folk
music. In addition, concerns about disruption to musical
traditions and historical links are raised; however, the
potential for enrichment in that area is also acknowledged.
It is noted that existing legal frameworks may need
adjustment to facilitate creative activity and innovation of
the current and prospect Al approaches in this domain.

2.2 Music classification

The second key problem related to Al in music is music
classification. This task can take different forms, but in
general can be stated as determining a particular feature of
a given piece (genre, composer, performer, etc.). Another,
more specific form, is piece recognition, which usually
refers to identifying the author and name of the piece,
sometimes also the performer. An important aspect of this
problem is dealing with distortions that can occur when
music is recorded. Systems for classification/recognition
should work properly despite these inefficiencies. Attempts
to solve the problem have a long history, and include, for
instance, creation of a set of simple rules for musical
performance analysis [77]. As an example, genres classi-
fication problem is presented in Fig. 6. This section
includes papers addressing various music classification
problems, summarized in Table 5.

Fig. 6 Genres classification
problem. AI model allows for
recognition of specific music
genres
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2.2.1 Classification of genres

Classification of a music genre is a very popular task,
resulting in a variety of approaches and solutions published
recently [103]. In addition, some number of related data-
sets have been created, such as GTZAN [104], Ball-
room [105], Extended Ballroom [106] or FMA [107].

The work [78] proposes classification based on sound
waveform representation. From this recording, various
audio features (i.e. fast Fourier transform coefficient, real
cepstral coefficients, zero-crossing rate) are obtained and
used in classification. Importantly, classification is per-
formed not on single frames of the input (about 46ms), but
on features aggregated across a larger number of frames
(up to 600), allowing a longer portion of the song to be
considered at one time. The method achieved an average
accuracy of about 82% on USPOP [108] dataset.

Another possibility is to classify music based on image.
In [79], a special type of neural network architecture
(Conditional. Neural Networks, Masked ConditionalL
Neural Networks) that preserves spatial locality of the
learned features, is used for this purpose. In addition, the
networks preserve temporal relations between frames by
operating on a window rather than an isolated frame.
Consequently, the model is frequency shift-invariant.

A model similar to [79] is presented in [80], also for
classification based on spectrograms. The authors postulate
that not every part of the classified music (so not every
spectrogram fragment) is equally relevant; therefore, a key
part of the model refers to the attention mechanism, which
allows the relevance of the analysed fragment to be taken
into account.

The use of neural networks and spectrograms for clas-
sification is also shown in [81]. An important part of the
model is specially designed loss function, intended to allow
the extraction of deep features from spectrograms. The
proposed solution is tested not only on genre classification
but also on music emotion classification (MERS500
collection [109]).

In [82], the authors note that CRNNs (Convolutional
Recurrent Neural Networks) [110] are often used for music
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Table 5 Summary of papers
that address various aspects of

the music classification problem

Number of papers Papers
Genres classification (sect. 2.2.1) [78-85]
Performer/composer classification (sect. 2.2.2) [78, 86—89]
Recognition of particular music pieces (sect. 2.2.3) 2 [90, 91]
Other problems (sect. 2.2.4) 11 [92-102]

classification, where the recursive part is responsible for
temporal dependencies analysis in a piece (song). They
conclude that the model should perform even better if it
would additionally analyse the frequency and its variabil-
ity. For this reason, a CRNN-TF network is proposed
in [82]. In addition, the problem is extended to include the
ability to predict the song tags (rather than just recognizing
their genre). Experiments demonstrate that CRNN-TF
network outperforms CRNN architecture in this task.

The use of frequency changes for classification is also
considered in [83], where the Bottom-up Broadcast Neural
Network (BBNN) model is created deal with genre clas-
sification problem. Each genre operates on distinct fre-
quency bands and time intervals. BBNN allows for transfer
of multiscale time-frequency information to the decision-
making layers, which is essential for accurate genre
classification.

A comparison of various machine learning (ML) models
in the classification task is presented in [84]. Classification
is approached from two different angles: (1) based on
handcrafted features and classical ML algorithms (k-NN,
SVM, etc.), and (2) using representation learning and
neural networks. Classical ML algorithms used standard
features (i.e. Mel-Frequency Cepstral Coefficients, Statis-
tical Spectrum Descriptors), and neural networks used
spectrograms (Convolutional Neural Network—CNN) or
chord and word sequences (LSTM). The best by far
accuracy is achieved by a CNN architecture. Another
comparison of the models is shown in [85], where classi-
fication models utilizing different types of networks
(CNNs, CRNNs, LSTMs) or their combinations (ensemble
learning with voting) are compared. The experiments show
that CNN models and a model combining CNN and RCNN
perform best.

In summary, various ML models are used to classify
genres of music pieces, but the most popular ones are
neural networks. In this case, the input data are usually a
spectrogram, from which (using an appropriate network
architecture) different types of information are extracted.
Traditional ML models (SVM, k-NN, RT, etc.) rely on
standard features and are less effective than models
implementing (deep) neural networks. Different types of
approaches emphasize the use of different features for the
purpose of classification. Sometimes these are features
extracted directly from the sound waveform (e.g. [78, 84]),

while at other times special attention is given to analysing
the frequency changes in the musical piece (e.g. [82, 83]).

2.2.2 Performer/composer classification

The process of classification of composers (or performers)
involves the assignment of a piece or its performance to the
appropriate composer (or performer). Classification of
performers may in some cases be equivalent to classifica-
tion of genres, if the performers selected for classification
perform different styles of music. However, in case they
perform the same (or very similar) musical pieces, it is
necessary to base the prediction on individual characteris-
tics of each performer (evident in played music) in order to
accurately identify an artist. Various attempts to performer
or composer classification are presented in this section.

Due to certain similarities of the problem to music
classification, the models that are used to classify per-
formers are similar (and sometimes even identical) to those
discussed in sect. 2.2.1 above. An attempt to use the same
model to classify genres and performers is presented
in [78]. The model, described in sect. 2.2.1, when applied
to the performer classification task (and tested on the same
sets as for genre classification) achieved the level of about
68% accuracy.

A relatively rare approach is MIDI-based classifica-
tion [86]. The authors use a collection consisting of two
works by F. Chopin (an étude and a ballad), where each
piece is performed by 22 musicians. Classification features
are based on three values: Inter-Onset Interval, Off-Time
Duration and Dynamic Level. Classification is performed
with an ensemble of small classifiers, where base-level
classifiers are created with linear discriminant analysis and
operate on different features.

A more standard approach is to rely on spectrograms.
In [87] the task is to classify singers. The effect of sepa-
rating the voice from the accompaniment and classification
based on the voice alone is additionally tested, which leads
to an improvement of results compared to the baseline case
(no separation).

Similarly to [87], a spectrogram is also used as the input
in [88], where an artist classification model is created
based on the CRNN. The use of CRNN allows considering
the frequency patterns (convolutional layers) and resulting
patterns as temporal sequences (recurrent layers). In
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addition, a visualization of the class separation (classified
artists) is carried out using t-SNE [111].

A similar problem is classification of composers, so
again, it can sometimes be reduced to genre classification
(if each composer represents a different musical genre).
The topic of composer classification (Bach, Beethoven and
Haydn) is addressed in [89], with the help of features
obtained from MIDI representations. Several ML classi-
fiers (decision trees, logistic regression, SVM) are built and
tested based on these features, with the best results
achieved by the SVM classifier.

Since the composer classification problem is similar to
the problem of genre classification, similar (or the same)
methods and models are applied to both problems. Most
often the models are built based on neural net-
works [87, 88] (e.g. spectrogram analysis), or (less fre-
quently) based on properties obtained directly from MIDI
representation [86, 89] or waveform representation [78].

2.2.3 Recognition of particular musical pieces

Another music-related ML task is song recogni-
tion [90, 91], which involves identifying (i.e. matching the
title of) a musical piece on the basis of its characteristic
features.

In [90], the problem of determining the similarity of a
sung song, generally affected by errors (inaccurate singing,
etc.), to a potential corresponding song in a song database
is addressed. A Hidden Markov Model is constructed to
express various types of errors, e.g. transposition, tempo
changes and local errors. This makes it possible to deter-
mine the similarity between songs (and thus a possible
recognition of a given song) even with inaccurate singing.
[91] deals with spectrogram-based recognition (as opposed
to [90] which uses MIDI). Based on the spectrogram of the
input, an audio fingerprint is created and compared with the
track prints in the database. The use of the audio fingerprint
allows for efficient recognition, despite distortions that the
input audio signal (and its spectrogram) may have
undergone.

2.2.4 Other problems in music classification

In addition to the leading music classification tasks, i.e.
classification of genres or performers, or recognition of
pieces, other related problems are also addressed though
with lesser popularity. Several such topics are considered
in this section.

One such problem is determining the degree of simi-
larity between two (or more) pieces of music. This makes it
possible to automatically perform clustering of larger
music collections, which is beyond human
capabilities [92, 93].
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In [92], categorization refers to the leading melodic line
and is performed based on a waveform representation (raw
audio), from which pitches representing the leading
melodic line are extracted. Then, based on the obtained
pitches, similarity matrices are determined for each pair of
songs, and based on them a supervised classification (using
k-NN) or an unsupervised clustering (using spectral clus-
tering algorithm) is performed. The constructed model can
be used for both inter- and intra-style categorization tasks.

The work [93] also focuses on determining similarities
between pieces and answers the following question: “to
which of two (other) pieces a given piece is more similar
to?”. The solution model employs the Restricted Boltz-
mann Machine [112].

A slightly different problem is considered in [94]. The
task is to divide a piece into segments, and the segment
boundaries are determined by changes in musical proper-
ties, e.g. instruments, tonality, tempo, etc. Based on these
properties, it is possible to define various boundaries
between segments, so the constructed model performs
multi-objective  optimization = when detecting the
boundaries.

An auxiliary problem, being often part of other prob-
lems (e.g. [87]), is separation of different tracks in audio.
The problem relates to complex signals resulting from
simultaneous recording of sound from several sources
(instruments, instruments and vocal, etc.). Signal separa-
tion and instrument recognition are approached in [95],
where the task is divided into 3 stages: pitch extraction and
frequency information acquiring, obtaining feature vector
from gathered data, and lastly, instrument recognition.
Neural networks, trained with feature vectors extracted
from sound, are used for instrument recognition. The same
issue is addressed in [96], where spectrogram, tem-
pogram [113] and modgdgram [114] are utilized as inputs
for the Swin-Transformer model [115] to identify musical
instruments. An analogous problem of audio signal sepa-
ration per instrument is of interest in [97], where a model
describing the spectral properties of the instruments,
independent of pitch is proposed. The algorithm matches
recorded discrete frequency spectra with continuous spec-
tra from the model. Since parameters characterizing indi-
vidual instruments are not known in advance, a related
dictionary containing them is created (learned).

Other attempts to solve the source separation problem
are presented in [98—100]. In the first paper, a specifically
designed Deep Representation-Decoupling Neural Net-
work is used for separation. With a spectrogram given as
input, the network uses CNN and LSTM to obtain the
features of audio. The separation module consists of an
MLP group that divides the extracted features into specific
sources. The reverse process is then performed, and the
separated features are independently processed back into
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spectrograms, individual for each source. Another spec-
trogram-based approach is presented in [100]. Similar
to [98], a single input spectrogram is split into individual
spectrograms that correspond to the sources. To tackle the
issue, a U-Net structure that combines CNN (high-resolu-
tion detail recovery) and Transformer (analysis of vertical
and horizontal dependencies) is utilized. [99] also uses
spectrogram as the input data, which is processed using
convolutional layers, dilated-GRU blocks [116] and again
convolutional layers to obtain spectrograms for individual
audio sources.

Another task is addressed in [101], where the authors
conduct the main melody extraction. An important
assumption is made regarding the possible existence of
multiple main melodies, which contrasts with the main
melody’s uniqueness, frequently assumed in other
approaches. The prepared model utilizing MIDI format and
based on Transformer accomplished exceptional efficiency,
classifying notes belonging to the primary melody with
over 97% accuracy. A comparable problem of melodic line
extraction is addressed in [102], where the task is to extract
a sung melodic line from polyphonic music. The solution
utilized both waveform and a combination of frequency
and periodicity [117] as dual representations. The CNN
and LSTM blocks first process these representations indi-
vidually, and subsequently, after feature extraction, merge
them for the final sung pitch prediction.

A related task, situated at the border between audio
recognition and speech recognition, is audio event recog-
nition (the identification of distinctive sounds, such as
those of animals, vehicles, people or nature). A YamNet!
model was developed and pretrained for such a task. The
model was constructed using MobileNet [118] and trained
on the AudioSet [119], which comprises 521 distinct audio
events. The resulting mean average precision was 0.306.

2.3 Music recommendation

Creating recommendation systems is the third major
music-related topic (see Fig. 7). This problem has recently
gained much popularity [12, 13], partly due to the growing
interest in various music-related streaming services. The
basic task of recommendation is to suggest music (usually
songs) to the user in accordance with his/her preferences.
Thus, the problem is to determine the preferences of the
user, both general and moment-specific, and then to select
songs from a pool of music resources that best match these
preferences. The essence of the problem is that the rec-
ommended songs should not only be selected from the
songs that the user has already listened to, but especially

! https://github.com/tensorflow/models/tree/master/research/au-
dioset/yamnet.

from the songs that are available in the pool and with which
the user is not familiar yet. This section comprises papers
that address a variety of problems associated with the
music recommendation, as summarized in Table 6.

2.3.1 Context-based recommendation

Context-based recommendation acknowledges that indi-
viduals’ preferences are subject to change over time, being
influenced by a multitude of factors, including mood, time
of day and other external stimuli. One approach to taking
advantage of those moment-specific preferences is to make
recommendations by analysing the context in which the
recommendation is to be made (e.g. playlist, other users’
behaviour, etc.). This section covers papers related to
music recommendation based on the contextual
information.

This type of approach was proposed in [120], where the
main assumption was that recommendation systems are
limited by a small amount of user-music interaction data.
Therefore, a heterogeneous information graph was
designed based on contextual information: playlists, song
metadata and the above-mentioned interactions. The
resulting graph enabled generation of song embeddings as
a basis for a recommendation system that exploits global
and contextual user preferences. [121] continues [120] this
line of research by introducing a similar hybrid system that
relies on music metadata (tags, text) as well as on context,
which in this case is the playlist and the behaviour of other
users. This time, a heterogeneous information network
(HIN) is applied to combine contextual data and music
metadata. Specifically, [121] proposes a Content- and
Context-Aware Music Embedding (CAME) method, which
extracts a feature representation of songs from HIN. This
allows for highlighting different aspects of a song based on
the surrounding context. CAME obtains feature vectors
from HIN using CNNs with attention mechanism and
creates user preferences that are used for making a
recommendation.

An interesting approach using contextual data is pre-
sented in [122], which addresses the cold-start problem by
analysing information from other users. The problem,
which usually occurs during the first uses of a recom-
mendation system, consists in poor quality of recommen-
dations provided to a user due to the small amount of
information collected about his/her preferences. An
essential aspect of the system is to perform embedding that
depicts the preferences of long-term users. A trained model
can predict such preferences for new users based on data
collected from their first day of using the system, which
facilitates appropriate recommendations.
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Fig. 7 Basic flow of the
recommendation process. Based
on user listening history new
recommendations are proposed

SONGS
LISTENED TO

Table 6 Summary of papers that address various aspects of the music
recommendation problem

Number of papers  Papers
Context-based (sect. 2.3.1) 7 [120-126]
Emotions recognition (sect. 2.3.2) 10 [127-136]
Metadata-based (sect. 2.3.3) 4 [137-140]

Some works on recommendation systems rely primarily
on playlists [123, 124]. [123] describes an approach to
recommend consecutive songs dynamically. Users can
indicate their dissatisfaction with a recommended song by
skipping it, and the next song is selected based on several
heuristics that depend on whether the user accepts or skips
the recommendation after listening. In order to create these
heuristics, fuzzy sets are used, which provide both formal
and intuitive definitions. Authors of [124] perform an
approach similar to [123], claiming that song playlist is a
valuable source of information, providing abundant data
for recommendations, which is often underutilized. The
similarities between songs are determined by creating word
embedding techniques based on lyrics, and the recom-
mendation itself is based on matrix factorization.

Song content can be an equally interesting source of
information when building recommendation systems and is
often used together with contextual information, as shown
in [120, 121]. Some systems are built entirely around this
source of information. For instance, in [125] a convolu-
tional network is proposed that allows both music classi-
fication and recommendation based on the content, where
content features are extracted from spectrograms. For the
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recommendation task, a vector of features is extracted from
the spectrograms and averaged over the entire song, with
song similarity evaluated using cosine distance. Another
example of the use of content for music recommendation
is [126]. In this case, to make recommendations, a deep
neural network is trained using the song’s MIDI data and
the user’s preferences embedding.

In summary, recent years have seen the development of
recommendation systems based on broad sources of
information, as presented in the referenced papers. To
achieve this goal, recommendations utilize not only song
metadata but also song contents [125, 126], play-
lists [123, 124] and details of user-system interac-
tions [122], which are sometimes combined [120, 121] to
enhance recommendation quality.

2.3.2 Recognition of emotions

Every song invokes a specific emotional response in its
listeners. Identifying such emotional responses opens up
many possibilities for music recommendation, as the rec-
ommended songs can be selected based on eliciting similar
emotions. Therefore, recently, several systems have been
developed to recognize [127] and suggest music based on
users’ presumed emotional responses. Various optimization
and machine learning approaches have been applied to
classification and recognition of emotions in music (in-
cluding evolutionary algorithms [128]), but neural net-
works have been by far the most popular one. This section
is devoted to works that address the problem of making
recommendation based on recognition and analysis of
expressed emotions in a music piece.
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The representation of emotions commonly uses Thay-
er’s two-dimensional model [141]. The first dimension,
also known as arousal, corresponds to the energy conveyed
by the music, which permits categorizing music into
stimulating emotions such as joy or anger, as well as
calming ones like contentment or sadness. The second
dimension is valence, which describes the temper associ-
ated with the music. Valence allows classifying emotions
into positive ones like joy or contentment and negative
ones like anger or fear.

This (or similar) model was considered in various
research papers. For instance, the authors of [129]
attempted to build an interpretable emotion recognition
model. Selecting appropriate song features to train the
classifier is a crucial element in building such a model, so
features describing the four primary dimensions of music,
intensity, timbre, rhythm and tonality, were extracted. Each
of these dimensions was then defined by a set of individual
characteristics taken from the music piece, which were
further selected to determine the most significant features
that dictate emotionality. Emotions were classified using
different models, which included k-NN, SVM and logistic
regression. The experiments show that only a small subset
of analysed characteristics significantly affects arousal
determination, while the vast majority of characteristics
make a minor contribution to the determination of valence.

Another approach that uses the above-described two-
dimensional model was presented in [130], where triplet
neural networks (TNN) were implemented to generate
relevant representations while reducing the number of
features simultaneously. The resulting representation could
then be classified via standard classifiers such as
SVM [142] or GBM [143]. Overall, the results show that
TNNs are more effective in feature dimensionality reduc-
tion than PCA [144] or autoencoder [145].

Application of the two-dimensional emotion model is
also demonstrated in [131]. The initial step involves ana-
lysing a photograph of the user’s face to extract their
emotional state. Then, recommendations are made based
on a dedicated dataset [146] that assigns an arousal-and-
valence value to each song. Recommended songs are
chosen using k-NN with Euclidean distance in the arousal-
and-valence space.

The two-dimensional model for describing emotions can
be extended by adding a third dimension, resonance, cor-
responding to the characteristics of the music itself,
including continuity-discontinuity and melodic-harmonic
contrast [132]. In this work, distinctive features were
extracted from the music for each of these three dimen-
sions, and regression models were then trained to identify
each of them. Consequently, a system for song recom-
mendation based on the predicted emotional state of the
listener was developed. For a particular sequence of songs

listened to, a prediction of the listener’s current emotional
state was made, and then a song corresponding to that
emotional state was recommended.

A more comprehensive approach to the problem was
presented in [133], where the authors constructed a rec-
ommendation model based not only on the predicted
emotions of the users but also on their predicted person-
ality. The data were gathered from the WeChat system,
which enabled the examination of several elements that
might be linked to the user’s personality, such as demo-
graphics, social behaviour (which includes WeChat activ-
ity) and the topics of the articles read. The emotional
description itself was inferred in three steps. The first step
determined whether an emotion was positive or negative,
the second one determined the general emotional state
(seven possibilities), and the final one detected a specific
emotion (21 possibilities). Furthermore, a song description
was created, encompassing metadata, acoustic features,
lyrics and an emotional nature (determined primarily from
the lyrics or, in the absence of, also from the acoustic
features). The collected data were used to train a recom-
mendation model in the form of a deep neural network with
an attention mechanism.

An alternative approach to emotion recognition was
presented in [134]. Instead of relying on a two-dimensional
arousal and valence model, specific emotions (anger, fear,
joy, sadness and surprise) were classified. The recognition
model was based on a fuzzy neural network (the ANFIS
model [147]). The results were promising, especially for
the subsets consisting of two or three emotions.

A related problem, the identification of emotions’ cate-
gory, was addressed in [135], where the analysis was
conducted not only on audio but also on video data. Two
distinct CNN models were developed to process the input
material separately. One model classified the input based
solely on audio data, represented as a spectrogram, while
the other model processed the input relying solely on a
sequence of images. In the initial phase, the models were
trained separately and then combined using a Softmax
classifier to form a multimodal classifier. This integrated
model exceeded 88% accuracy in recognizing the class of
emotions.

A distinctly different perspective on emotion recogni-
tion was presented in [136]. The emphasis was on the
subjectivity of emotions, leading to uncertain perceptions.
The multi-task learning model was crafted to leverage this
uncertainty, instead of evaluating the emotional state and
perception of uncertainty apart from each other.

To sum up, predicting and recognizing emotions in
music is an intriguing topic as emotions are, by definition,
subjective feelings unique to each individual. Therefore,
the created models tend to focus on predicting specific
properties of  emotions (e.g. arousal and
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valence) [129, 130, 132] and less frequently specific
emotions directly [133, 134].

2.3.3 Metadata-based recommendation

Using a song’s metadata as a basis for recommendation is a
distinct alternative option. The most commonly used
metadata in song recommendations are tags, which are
descriptive keywords that provide information such as the
artist’s name and music genre, among other song details. In
this section, articles approaching the recommendation
problem based on metadata included in a musical piece are
discussed.

An example of a song metadata-focused recommenda-
tion system, where aspects such as duration and loudness
are also considered, is presented in [137]. The model is a
combination of logistic regression and eXtreme Gradient
Boosting (XGB).

Typically, traditional recommendation models employ
tags to describe songs. Yet, a challenge for large song
databases is adding proper tags to all items, which is often
beyond the capabilities of a human. Thus, to support tag-
based systems, models have been developed to automati-
cally generate song tags [138—140]. A model for automatic
generation of song tags based on their content is presented
in [138]. A song is represented as raw audio, preprocessed
using a scattering transform. The tag prediction is per-
formed by a deep neural network (Recurrent Neural Net-
work—RNN with Gated Recurrent Unit — GRU), and the
output of the network determines to which of the 50 pos-
sible tags the song should be assigned. It is noteworthy that
in this case the automatic tagging problem becomes a song
classification problem, where specific tag-represented
classes are assigned to the song.

A similar problem of predicting song tags is considered
in [138]. The proposed model uses modulation filter banks
representation within a convolutional neural network
framework, which facilitates the retrieval of relevant song
features.

Another method for solving the automatic tagging
problem is presented in [140]. The main goal is to improve
the efficiency of recommendation systems for songs with a
limited number of tags, in order to address the cold-start
problem. Therefore, pseudo-tags created based on the
song’s content are introduced for songs with a low number
of real tags. For creation of the pseudo-tags the Mel-Fre-
quency Spectrum is used, which enables an implicit rep-
resentation of content inside tags. As experiments show
that it is possible to alleviate the cold-start problem with a
hybrid recommendation method that leverages both
pseudo-tags and real tags, weighted differently based on
the number of real tags.
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In summary, due to the popularity of tag-based recom-
mendation, one of the key issues is automation of song
tagging [138-140]. Two main approaches to this topic can
be distinguished: assignment of standard tags belonging to
a pre-defined set of tags, based on the song’s con-
tent [138, 139] or creation of novel, unique tags to sub-
stitute (or complement) standard tags [140].

2.4 Other problems

Apart from the three main above-mentioned trends, i.e.
generation (sec. 2.1), classification (sec. 2.2) and recom-
mendation (sec. 2.3), there are several other topics that do
not fit under any of these categories.

One of the less popular, though interesting, research
avenues involves both human vision and hear-
ing [148, 149]. In [148], an endeavour is made to syn-
chronize music (hearing) with its notation (vision)
automatically. The system relies solely on pitch-based
representation, and the solution model considers both dis-
crete (notation position) and continuous (song tempo
tracking) variables. The task is to find the correct position
in a musical score given an audio frame. The estimation of
a score position is carried out using tree search algorithm.
In [149] another pairing of visual and auditory senses is
presented, where the goal is to associate images with a
given song. Separate sets of features are extracted from
both song (MFCC) and image (colour and texture) and
input together into the system.

The detection of music plagiarism is an example of
another less popular music-related topic. The system pro-
posed in [150] uses fuzzy vector-based similarity to iden-
tify plagiarism. The detection process starts with a
transformation of the suspected piece into a vector repre-
sentation, then the search for similar pieces is performed,
and finally, the fuzzy similarity score is calculated. The
system has demonstrated high detection accuracy when
tested on a collection of musical pieces containing con-
firmed instances of plagiarism.

An interesting initial task that can serve as a foundation
for further analysis or data processing is automatic feature
detection. An example of such is proposed in [151], where
extraction is performed using unsupervised training of a
feedforward network with Hebbian learning.

Another topic, the orchestration problem, is quite similar
to the sound source separation, described in sect. 2.2.4.
The objective of the task is to choose a group of musical
instruments with which a music piece would be played. In
the problem, formulation considered in [152], the orches-
tration is established based on a reference sound. Hence,
for a specific sound (timbre) an ensemble of instruments is
chosen, which are intended to recreate the sound as closely
as possible. The problem is developed as an optimization
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task in which the distance between the reference sound and
the selected instrument combination is minimized.

2.5 Summary

Music-related topics form an extensive research field in
which computer science, and artificial intelligence in par-
ticular, can be employed in numerous ways. Each of the
three fundamental areas, i.e. creation, classification and
recommendation, comprises several more specific topics.
Besides these three primary sectors, other specific issues,
not belonging to the mainstream research, can be dealt
with, as well.

Problems, whose solving requires the highest degree of
creativity from a human perspective, are typically found in
the generation area, which can be further divided into two
smaller sub-areas, namely sheet music generation and
audio generation. Sheet music generation is commonly
used for the purpose of generating accompaniment or
harmonization. The accompaniment of a melody is a crit-
ical problem in music, as it can enhance and enrich the
melody’s sound, and its automatic generation can be
helpful, especially for inexpert musicians. The second
subcategory, audio generation, addresses another human
factor, i.e. the performer(s), allowing the audio to be
acquired quicker than in a traditional way (asking the
performer to record the music). It also provides the ability,
if needed, to adjust the music automatically in real time to
specific demands or a context for which the music is
intended.

Music classification has multiple applications too. The
most apparent use case is the automatic organization
(categorization) of extensive music collections. Applica-
tion of Al techniques allows for effective and time-efficient
grouping, based on selected parameters like composers,
genres, performers, etc. Other challenges in this field, such
as automatic plagiarism detection, can also be more accu-
rately solved by Al systems than humans, particularly
when addressing large datasets with pressing time
constraints.

Likewise, solving recommendation problems has clear
benefits. In order to satisfy the users recommendation tools
must be very accurate, due to the massive amounts of
music in streaming services and databases. When it comes
to the quality of recommendations, considering not only the
global preferences of the user but also his/her temporary,
moment-based preferences related to the current listening
session is crucial. One way to approach the aspect of local
preferences in Al recommendation systems is by recog-
nizing or assessing the emotions conveyed by a piece of
music.

On a general note, the diversity of issues constituting the
fusion of AI and music has led to the intensive music-

related research that has been conducted in recent years;
however, there is still ample potential for new ideas and
methods in this area.

3 Real-life applications of Al in music

In the field of using Al in music, the majority of considered
tasks remain within the realm of theoretical considerations,
with few examples of possible real-life applications of the
proposed models. In the context of classification, models
have been developed that allow for automatic clustering of
large music data sets [92, 93]. Similarly, attempts have
been made to perform concerts of Al-created music in the
domain of music generation [68]. Also, there are emerging
works that combine different fields and aspects of real life.
The focus in this section is on these real-life applications of
Al in music.

In [153], an analysis of physiological signals in the
context of a human body’s response to the reception of
different musical genres is presented. The analysis was
conducted with 24 participants listening to 12 pieces from
three musical genres. Four signals (electrodermal activity,
blood volume pulse, skin temperature and pupil dilation)
were measured during the listening session. From each of
these signals, 34 features were extracted, including the
average value of the power, average amplitude change and
fuzzy entropy. Based on these extracted features, an ani-
mation (named Gingerbread animation) was created to
illustrate the change in signal values over time, where each
signal was represented by a different colour. Subsequently,
a classification of this animation was conducted using the
CNN model, resulting in a classification accuracy of a
musical genre exceeding 99%.

A framework for retrieving knowledge from radio music
was created in [154]. There are four primary objectives of
the system: to accommodate the continuous arrival of audio
data (an immanent aspect of radio station music), to obtain
records from the indicated time interval, to enable filtering
based on music content (speech, genre) and to visualize
this information. A significant component of the system is a
layer that enables the user to categorize radio broadcast
segments into specified classes within three areas:
speech/music content, music genre and emotion. Audio
features (spectral centroid, zero-crossing rate, MFCC and
others) are extracted from a given segment, and classifi-
cation is performed (with SVM or neural network) using
these features. The system allows the user to create reports
based on a set of filters of his/her choice. Furthermore, the
data visualization mechanism was designed to facilitate
intuitive analysis of the generated reports. The accuracy of
visualizations was validated through a comparison with the
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calculated Jaccard similarity measure between songs
played at particular radio stations.

One of the most prevalent applications of automatically
generated music is in computer games. An overview of
such methods is presented in [155] and encompasses not
only the use of music as a background for a gameplay but
also the generation of sound effects. Furthermore, a review
of papers dealing with the impact of generated music on a
game assessment by the users is included.

The topic of music generation tested in computer games
is considered in [156], in the contexts of the game of
checkers [157]. The generation system is based on three
steps: chord progression generation, main melody line
generation and accompaniment generation, all of them
implemented using an evolutionary algorithm. The system
allows the adjustment of the sentiment of the generated
music through selection of several parameters, such as
timbre (choice of instruments), thythm and number of
dissonances. In the test of the system presented in [157] the
users were asked to assess the impact of using the system
on their perception of the game.

Another possibility is to use Al to support the music
teaching. In [158] the Al-assisted learning system repre-
sented as a neural network is introduced. The network is
trained on a dataset comprising exercises performed by
musicians and various music-related tasks, accompanied by
feedback from experienced teachers. The system is inte-
grated with the flipped classroom approach, where the
experimental group of students engages with it, while the
control group receives materials via the MOODLE plat-
form. Following the completion of exercises, students from
the experimental group receive detailed feedback on their
work, aiding in error identification and correction. The
system assesses their performance, suggests exercises and
corrects the errors, guiding students towards improvement
and preparing them for subsequent lessons. The results of
this study demonstrate the effectiveness of Al integration
in the flipped classroom model, leading to significantly
higher learning outcomes and increased student engage-
ment in music education (compared to the usage of
MOODLE), based on scores achieved during the final test
held once the tutoring cycle had been completed.

4 Solution methods

A method-oriented perspective presents an alternative
approach to reviewing the current Al research in music. In
the following sections, the extensive and varied use of
different methods in this field is summarized and divided
into several categories, with the main ones being neural
networks (sect. 4.1), evolutionary methods (sect. 4.2) and
others (sect. 4.3). A breakdown of the number of included
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papers according to the methods used is presented in
Table 7.

4.1 Neural networks

The widest and the most popular group are artificial neural
networks, whose undeniable advantage is potential appli-
cability to virtually any problem formulation among those
presented in sect. 2. In addition, many neural network-
based approaches turned out to be state-of-the-art solutions
for many music-related tasks. In what follows, we group
and discuss the papers according to the particular neural
network models they applied. A summary of these papers is
presented in Table 8.

4.1.1 Convolutional neural networks (CNNs)

CNNs (Fig. 8) are well-known to be highly effective in
image processing. Therefore, when applying CNN, the
initial phase usually involves acquiring image data from
the raw music data. One straightforward approach is to
represent the music data as a spectrogram, an image that
depicts the frequency spectrum over time (see Fig. 2). This
section is devoted to CNN-based solutions to various
music-related problems.

Application of CNNs to genre classification was inves-
tigated in [84]. The authors conducted a comparative
analysis of different models’ classification performance
levels, distinguishing those with handcrafted features (k-
NN, RF, SVM) and those based on representation learning
(CNN, LSTM). Besides, various combinations of the above
algorithms were tested, with the final scores obtained either
by means of the sum or product of individual model’s
results, or through a majority vote. The best results were
obtained by a single CNN (using spectrograms) and a
combined product of CNN with either SVM or RF.

In [87] CNN was applied to a singer classification task.
The study evaluated the effect of three loss functions: tri-
plet loss [161], prototypical network loss [162] and gen-
eralized end-to-end loss [163] on the network’s
performance. The CNN model was built based on the
ResNet architecture, and the experiments yielded the pro-
totypical network loss to be an optimal choice for this task.

Table 7 The number of papers included in the review, classified
according to the type of method used

Number of papers

Neural networks (sect. 4.1) 52
Evolutionary algorithms (sect. 4.2) 7
Other (sect. 4.3) 33
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Table 8 Summary of papers that uses various neural networks for music-related problems

Number of papers

Papers

Convolutional Neural Networks (sect. 4.1.1) 12

[51, 56, 81-84, 87, 88, 121, 125, 139, 159]

Recurrent Neural Networks (sect. 4.1.2) 7 [25, 34, 44, 71, 99, 99, 138]

Autoencoders (sect. 4.1.3) 10 [33, 35, 42, 43, 49, 53, 57-59, 80]

Complex models (sect. 4.1.4) 6 [28, 30, 52, 85, 98, 100]

Other models (sect. 4.1.5) 17 [26, 37, 38, 40, 41, 55, 60, 62, 79, 93, 95, 96, 102, 122, 130, 134, 160]
Fig. 8 CNN model scheme. Input Convolutional Pooling Fully connected Output

Data processing is divided into
two stages: feature extraction
(convolutional and pooling
layers) and classification (fully
connected layers)

Classification

Feature extraction

A similar problem was discussed in [81] with a common
ResNet architecture altered by incorporating a specially
designed loss function to facilitate improved music feature
extraction from spectrograms. Instead of a typical softmax
loss, an Angular Margin [164] and Cosine Margin [165]
softmax loss was applied, enabling both intra-class com-
pactness and inter-class discrepancy for genre classification
problems.

A study in [125] employed a basic CNN architecture to
create a classification and recommendation system. The
CNN utilized a spectrogram as input, processed by four
convolutional blocks, followed by a global average pooling
layer and two fully connected layers. Depending on the
task, the approach was executed in two distinct ways: for
classification, an additional output layer of the size equal to
the number of classes was appended; for a recommenda-
tion, the data from each analysed spectrogram of a music
piece were averaged, and then the resultant vector was
compared with vectors of other tracks using cosine
similarity.

Yet another approach was presented in [139], where an
important aspect of the auto-tagging problem in the pre-
processing of the spectrogram data, prior to their input into
the network, was considered. A set of learnable sinc filters
(i.e. removal of all frequencies higher than cut-off value)
parameterized by their cut-off frequencies was used to
preprocess the spectrograms. Once the data had undergone

this preprocessing, they were passed through the CNN/
ResNet classifier.

In [56], the CNN model was utilized to classify mashups
(i.e. mixing two or more songs). The objective was to train
a network to discern whether a produced mashup is
pleasant or unpleasant to hear. The training data included
genuine songs as affirmative samples and inaccurately
developed mashups, regarding the key and tempo matching
between mashup tracks, as negative examples. Two models
were developed to address this problem: the first one took
three separate tracks as input to create the mashup, while
the second one used an already assembled mashup. In the
latter case, the spectrogram underwent processing by sev-
eral convolutional blocks and subsequently, fully con-
nected layers. For the model that dealt with mashup tracks
independently, each track underwent separate initial pro-
cessing by two convolutional blocks and the outcomes
from these blocks were merged and further processed by
another convolutional block and fully connected layers.
Both models performed very well, achieving over 98%
accuracy when classifying mashups.

In [51], a music generation model using the WaveNet
model [166] was presented. Skip connections were exclu-
ded and SeLU was utilized as the activation function in the
final layer. Furthermore, each input channel was processed
by a distinct filter set.

CNN was also utilized in [121], where the model
combined a heterogeneous information network (HIN) with
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CNN embeddings to address the recommendation problem.
The HIN network integrated songs’ data such as tags and
lyrics with contextual information such as user playback
sessions and global preferences. A content- and context-
aware music embedding (CAME) model was developed to
learn feature vectors from the HIN network. To create
these embeddings, CAME applied CNNs with an attention
mechanism. CAME aimed to achieve two objectives: a
structural objective referred to measuring the likelihood of
an edge and a text objective (was related to incorporation
of tags, lyrics, etc.). The model enabled the creation of
embeddings for global and contextual user preferences,
which were further utilized for recommendations.

Besides the use of standard models, extended or modi-
fied CNN models are often utilized, which should, by
design, provide better performance in handling music data.
One example is the convolutional recurrent neural network
(CRNN) employed in [88]. The created model includes 4
convolutional blocks (CNN part) and 2 GRU blocks (RNN
part) and performs exceptionally well in the task of artist
classification.

An analogous extension of the CNN network is used
in [82], where the CRNN in Time and Frequency dimen-
sion (CRNN-TF) model is introduced. This model combi-
nes the advantages of both convolutional and recurrent
networks while exploring spatial dependencies in the time
and frequency dimensions in various directions. An acti-
vation map obtained from the CNN part is converted into
eight sequences by scanning all possible combinations of
the following directions: top to bottom/bottom to top, left
to right/right to left, column-/row-wise. These sequences
are then presented as input into separate GridLSTMs [167].
The resulting outputs from all LSTMs are merged and
processed by a fully connected layer. This model, when
used as a classifier, delivers strong results in tag prediction
task.

Another specific model, presented in [83, 159], is the
Bottom-Up Broadcast Neural Network (BBNN). The
model comprises four components: shallow feature
extraction layers, a Broadcast Module (BM), transition
layers and decision layers. Broadcast Module is created by
stacking Inception Blocks [168] on top of each other,
which enables the development of the learning features
from multiple receptive fields, while the single Inception
Block allows merging convolutions with varying kernel
sizes. All Inception Blocks are also densely connected,
allowing for bottom-up transmission of extracted features
to all blocks in BM, which reduces the network’s sensi-
tivity to frequency shifts in the data. The model is utilized
for the music genre classification problem. In [83], a
modified Inception Block is proposed, and the BM that
uses 6 of these blocks instead of 3 as proposed in [159].
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This modification leads to even higher classification
accuracy, exceeding 97%.

Generally, the employment of convolutional networks is
frequently linked with image processing, and the same
applies to music-related topics, where a crucial component
involves transforming the music data into a spectrogram
image. Nevertheless, unlike regular image data, one of the
dimensions of a spectrogram is time, which retains the
data’s sequential nature. For this reason, when building
CNN models for music-related topics, efforts are fre-
quently made to modify these models to handle the time
dimension, such as employing a dedicated loss func-
tion [81] or incorporating a recurrent component to deal
with sequential data [82, 88].

4.1.2 Recurrent neural networks (RNNs)

Music data, regardless of its representation, are sequential.
Therefore, models developed to solve music-related prob-
lems are typically adjusted to accommodate the temporal
aspect of the data. Among neural network models, the
foremost examples are recurrent neural networks, in which
the output from certain neurons impacts the future input to
those same neurons. The most popular RNN architectures
are Long Short-Term Memory—see Fig. 9 and Gated
Recurrent Unit—see Fig. 10. This section covers various
RNN-based approaches in the field of music.

The use of LSTM was, among others, demonstrated
in [25], for chord prediction. The noteworthy aspect is data
preprocessing and establishing the 20-dimensional chord
embeddings. The authors utilized a model with 2 uni-di-
rectional LSTM hidden layers and a linear output layer to
forecast the subsequent chord based on past chord
sequences.

A model for music generation based on LSTM was also
constructed in [44] and was composed of three modules
focusing on the sequential prediction of chord, note and
volume, respectively. Each module consisted of an
embedding layer that generated a vector representation of
the input, LSTM layers with batch normalization and a
fully connected layer incorporating Softmax activation.
These features enabled the prediction of sequences of
module-specific events.

Yet another LSTM-based model was proposed in [71]
for expressive music generation by means of predicting a
sequence of events. The developed model was relatively
simple, comprising three 512-node LSTM layers with the
input and output representing 413 events in the form of
one-hot encoded vectors.

A more complex model was created in [34], which
utilized a hierarchical recurrent neural network (HRNN)
for event generation. The model was composed of three
hierarchical levels, with the top two employing LSTM cells
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Fig. 10 A scheme of a GRU model. A general flow of the data (Fig. 10a) and a detailed scheme (Fig. 10b)

to capture dependencies over a larger time window and the
bottom one directly focused on event prediction, relying on
the data from the two higher levels and a number of pre-
ceding events. To ensure that the lowest level took into
account the sequentiality of the data, 1D convolution was
used, and the top two levels utilized a 2-layer LSTM, each
with a memory unit size of 256. The prediction module,
which was integrated in the lowest level, contained fully
connected layers for pitch and duration prediction. The
resulting model was able to capture dependencies across
larger time windows (utilizing the upper levels and LSTM
layers) as well as more local dependencies (with the lowest
level).

Models relying on GRU were presented in [99, 138].
In [138], the objective was to predict tags from the mel-
spectrogram data preprocessed with the scattering trans-
form [169] to increase the timescale without an excessive
loss of information. The preprocessed data were then fed
into a deep GRU-inspired network [170]. A 5-layer RNN,
consisting of five stacked GRU layers, was employed, with
the final sigmoid layer performing tag classification.

The authors of [99] drew inspiration from the WaveNet
architecture [166], which employs stacked dilated convo-
lutions, to devise an architecture with dilated GRU [116],
where units receive information from a certain k preceding
steps before, rather than only from the previous step. The
proposed model aimed to integrate recursive layers and
dilated convolutions into a block called a Dilated GRU-
Dilated convolution block (D2 block). The ultimate
architecture was applied to sound source separation task
and consisted of five elements: a convolutional layer, three
D2 blocks and another convolutional layer.

Recurrent architectures are well suited to processing of
music data due to their inherent time dimension. Recurrent
models considered in the literature include mainly
LSTM [25, 34, 44, 71] and GRU [116, 138], two most
popular architectures of this type. From the problem type
point of view, their application includes music genera-
tion [34, 44], tag prediction [138] or separation of audio
sources [116].
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4.1.3 Autoencoders

Another frequently employed neural network model is the
autoencoder (AE), which is composed of two components:
an encoder and a decoder (see Fig. 11a). The encoder
generates an efficient representation of the input data,
while the decoder converts the received representation
back into the form of the encoder’s input. A significant
aspect of the autoencoder’s design entails selecting an
appropriate architecture for both these components to
ensure that the resulting representation of the input data
will be as close to the original input as possible. In addi-
tion, the generation task commonly employs a variant of
autoencoder, known as variational autoencoder (VAE),
presented in Fig. 11b. To properly handle a time dimension
of the music data, an RNN architecture is often utilized for
both the encoder and decoder. Applications of the third
popular type of deep models, i.e. autoencoders or varia-
tional autoencoders, are presented and discussed in this
section.

In [57], the authors use the WaveNet architecture to
develop an autoencoder that facilitates the production of
raw audio. WaveNet allows the prediction of the next piece
of audio based on the input, but the generated audio lacks
long-term structure, which may be enforced through con-
ditioning on temporally aligned features. An autoencoder
eliminates the need for external conditioning, making it a
plausible solution. The encoder produces an encoding of
the input. The decoder is fed with the same input (audio
chunk) as the encoder and with data produced by the
encoder (audio encoding) in order to predict the next
fragment of audio.

VAE is used for generating music in [33], where the
authors apply Deep Recurrent Attentive Writer [171]
(without attention mechanism) relying on the LSTM-RNN

Fig. 11 Schemes of autoencoder
(Fig. 11a) and variational
autoencoder (Fig. 11b)

Encoder

Encoder

architecture [172]. The output is computed sequentially,
enabling local changes to be made in successive time steps.

Another application of VAE was presented in [42] for
generating accompaniment in piano-roll representation. A
coupled latent variable model was proposed to simultane-
ously capture the structure of each track and the joint
distribution of multiple tracks through weight-sharing. The
initial encoder layers process each track, including the
condition track, separately to capture intra-track depen-
dencies. The track outputs are then combined and pro-
cessed by subsequent layers, to capture inter-track
dependencies. The final two layers of the encoder consisted
of fully connected layers which calculated the latent vari-
able. The decoder’s structure was symmetrical to that of
the encoder, i.e. initially, the data were processed together
and then divided into separate tracks and processed indi-
vidually. The decoder’s input was a combination of the
latent variable and the embedded condition track.

In [35], the authors use the model initially presented
in [173], in which the encoding stage is based on a two-
layer bidirectional LSTM network and the decoder’s
architecture is in the form of a hierarchical RNN. At the
beginning of the decoding process, the encoded data are
split with first LSTM network into non-overlapping
sequences, which are then separately decoded using a
second two-layer LSTM.

[49] emphasises the importance of the initial processing
of the data by the Gated Graph Neural Network
(GGNN) [72] in the expressive music performance gener-
ation. The GGNN is used to encode the musical score,
while the LSTM encoder is used to construct the perfor-
mance representation. The decoder generates the desired
performance features based on a coded (embedded) score, a
style vector (generated by the encoder) and initial perfor-

mance features.

tj Decoder

Coded input

(a) Autoencoder model scheme.
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(b) Variational autoencoder model scheme.
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Besides classical RNN models as part of an encoder or
decoder, other architectures are also utilized. In [59], a
Transformer network [174] is employed to build an
autoencoder for music creation in various performance
styles. The encoder consists of six layers comprising a
multi-head relative attention mechanism and a position-
wise fully connected feed-forward network [175]. The
decoder has an identical construction, but with an extra
layer of attention over the encoder outputs. Additionally, it
turned out to be feasible to integrate a second encoder
specialized in melody encoding, excluding the performance
features. Only a combination of the outputs from these two
encoders allows for the generation of the desired results.

In [53], the authors employed an autoregressive discrete
autoencoder. The model includes a quantization module
situated between the encoder and decoder, which processes
the continuous output data from the encoder. A modulator
and autoregressive model build up the decoder, which
utilizes the quantized query to replicate the input data.
Each of the three networks (encoder, modulator, decoder)
utilizes the WaveNet architecture.

The Wasserstein Autoencoder [176] composed of an
encoder and a decoder, both of which utilize the DCGAN
architecture [177] is discussed in [43]. The middle layers
use 256 filters of size 8x8. Quite surprisingly, the model
enables good reconstruction of the training examples
despite a small size of the latent vector, composed of 3
elements only.

An interesting encoder/decoder architecture is presented
in [58], where the underlying concept is to separate latent
factors for a pitch and timbre that could be useful in style
transfer. For this purpose, two models are proposed. In the
first one, based on [178], the encoding is divided between
two distinct encoders. One handles the pitch while the
other manages the timbre and the resulting data form a
matrix, with time being one of the dimensions. The second
model, inspired by [179], utilizes a solitary encoder for the
timbre and skip connections between encoder and decoder
to enable the transmission of pitch data. Since the encoding
focuses solely on the timbre, skip connections are utilized
to convey the pitch information. Moreover, two additional
decoders are trained, to deal with the instrument and pitch
information, respectively.

Yet another encoder/decoder architecture is presented
in [80]. The encoder’s objective is to create a meaningful
representation of a spectrogram, and the decoder’s goal is
to utilize this encoding to determine the music genre label.
The encoder consists of two stacked bidirectional RNN
layers, along with shortcut connections that bypass one
hidden layer. Additionally, an attention mechanism,
implemented with a CNN, is included in the encoder,
parallel to RNN. An attention score vector is then merged
with RNN output and passed to the decoder, which is built

as a softmax classifier that points to the recognized (clas-
sified) music genre.

4.1.4 Complex models

A common approach to challenging problems (whether in
the area of music or other domains) is to generate complex
models often composed of various modules, spanning
multiple architectures like CNN, RNN and others. Such an
approach usually facilitates division of the entire problem
into a set of subproblems, each of them addressed with a
distinct model or technique. The other general approach to
challenging tasks is a mixture-of-experts paradigm, where
several models are used to solve the problem and then their
results are combined for the final outcome. This section
includes papers revolving around solutions based on
combination of multiple models.

The effectiveness of various complex models for music
genre classification was tested in [85]. Two methods were
implemented to assess the efficacy. The first one involved
voting, where the problem was tackled by individual
models and the final category was determined by a majority
vote. The second one used the fully connected layer to
combine the model outputs, and classification was executed
using the Softmax function. Complex models based on the
combination of CNNs and CRNNs (using 1D or 2D con-
volution) were proven to be more effective than individual
model instances.

Combining models for the generation problem was
presented in [30] and divided into two subproblems. First,
a convolutional network was used to generate the music’s
structure (rhythmic and melodic relationships between
bars); then, the second module employed the RNN to
produce the melody itself. The structure-generating module
was built with the Wasserstein GAN within a gradient
penalty framework [180]. A generator, which utilized a
fully connected layer and three 2D convolutional layers,
created the structures from a vector, and a critic (discrim-
inator, whose architecture mirrored the generator’s one)
judged whether a given structure is real or fake. The
melody generation module was based on a bidirectional
GRU and conditioned on the structure generated by the
previous module and chord progression.

The task of generating music was also split into two
subproblems in [28]. The first step involved creation of a
melody (pitches and rhythm) to match a given chord pro-
gression, while the second step entailed producing an
accompaniment for the previously generated melody.
While the solution to the first part involved a model based
on GRU, the second part—generating an accompani-
ment—was implemented as the task of decoding a single
sequence into multiple sequences (multiple instruments).
Initially, the GRU processed a single sequence, which was
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Fig. 12 An example of a
multilayer perceptron model
with two hidden layers

Input

then followed by a designed attention mechanism and a
specifically designed MLP Cell to generate multiple
sequences that were mutually related.

In [52], a music generation task was approached using
spectrograms and image generation techniques. The prob-
lem was separated into two stages: firstly, an initial spec-
trogram from a piano-roll depiction was produced, and
secondly, the spectrogram was refined. The first stage was
resolved by employing an encoder/decoder architecture
that utilized convolutional networks, with skip connections
included between the encoder and decoder. Both the
encoder and decoder were composed of 5 layers and
implemented 1D convolutions. The second component of
the model, used for the spectrogram refinement, consisted
of four layers of Multi-Band Residual Blocks (MRBR).
Each MRBR divided the spectrogram into 4 parts and
processed them with additional convolutional layers. The
spectrogram refinement component was trained with
residual learning [181].

A complex architecture was also used in [98] for audio
source separation. The music data, represented in the form
of a spectrogram, was initially divided into overlapping
batches. Each batch was processed by CNN layers (di-
mension reduction) followed by LSTM (feature extrac-
tion), akin to CRNN architecture. To break down the
extracted features into separate sources, a decoupling
component consisting of a collection of multi-layer per-
ceptrons was employed. After decoupling, the opposite
process occurred, in which distinct features were processed
by LSTM and CNN layers in order to regenerate the
spectrogram for each individual audio source.

An analogous audio source separation issue was
addressed in [100] utilizing a complex model, with U-Net-
like architecture that merged CNN and Transformer. The
model’s input was a single spectrogram with mixed
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sources, and the resulting output generated a set of spec-
trograms, each of them representing one source. Due to the
large size of the input spectrogram, three CNN blocks
(each consisting of two convolutional layers, a leaky ReLU
and a Batch Normalization) were first used for its down-
sampling. Then, it was processed by 5 Transformer blocks,
followed by a CNN for a high-dimensional data recon-
struction. Each Transformer block employed a specifically
designed stripe-wise self-attention mechanism for captur-
ing long-term data dependencies.

4.1.5 Other models

In addition to the continued use of the most prevalent
neural network models, a variety of other models have also
been employed. These, less typical solutions are discussed
in this section.

One of the simplest and oldest neural network models is
a feed-forward network (a Multilayer Perceptron—MLP),
depicted in Fig. 12. Despite its simplicity, the model can be
effectively applied to solving even complex tasks, such as
those related to music [95]. MLP was used in [122] for
music recommendation, where embeddings of various
attributes related to music preferences (such as searched
songs, artists and played songs), as well as user demo-
graphics (age, country of origin, etc.) were collected and
concatenated into a single vector. An MLP network was
then developed to predict new user preferences based on
this vector. The network comprised 3 hidden layers fea-
turing 400, 300 and 200 neurons, respectively, and the
output layer included an embedded representation of the
predicted preferences.

In [93], a Restricted Boltzmann Machine (RBM) [112]
was utilized. RBM is a classical two-layer model that
predicts the probability distribution over a set of inputs.
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The constructed model addressed the inquiry “is x more
akin to y than z,” in which X, y and z represented musical
compositions. Two extensions of the standard RBM model:
ConditionalL Neural Network (CLNN) and Masked CLNN,
used to tackle the problem of frequency shifts in spectro-
grams, were proposed in [160] for audio classification.
A Masked CLNN model was also used in [79] to solve the
problem of music genre classification.

Another model, a Transformer network [174], has
recently gained popularity due to its ability to process
sequential data, rendering it useful for music-related
problems. In a generation problem explored in [26], a
Transformer network was adapted with an additional 4
self-attention layers and 8 multi-head attention modules.

Another Transformer-based approach was described
in [37] where the authors’ primary objective was to employ
compound words instead of individual tokens to represent a
song. Tokens that defined a single music event (such as
pitch and duration) were grouped into a single supertoken
and fed as input to the network, allowing for a condensed
representation of the entire song. Additionally, distinct
feed-forward heads for various token types were used as
part of the network construction.

A comparable technique utilizing the Transformer net-
work and token aggregation was introduced in [38]. The
original Transformer model underwent alterations to
effectively grasp the underlying relationships between bars
through modifying the attention module. The tokens pre-
sent in a single bar were amalgamated into a summary
token, with the attention module using either individual
tokens (fine-grained attention) or summary tokens (coarse-
grained attention) to the structure-related and other bars,
respectively. Structure-related bars were determined based
on the likelihood of a bar repetition during creation.
Another Transformer-based model (the Swin-Trans-
former [115]) was utilized in [96] for instrument recogni-
tion based on three representations: spectrogram,
tempogram [113] and modgdgram [114]. The input was
divided into non-overlapping patches, from which an
embedding was created. These embedded patches were

Fig. 13 A scheme of GAN
model with a generator
producing new data and a
discriminator trying to
distinguish the real data from
the artificially produced

subsequently processed by two Swin-Transformer blocks
and merged prior to processing by the last two Dense
Layers that were employed for instrument classification.

A Generative Adversarial Network [182], presented in
Fig. 13, is another commonly used architecture in music
generation problems. Using a GAN involves parallel
training of two networks: one (a generator) focusing on the
generation task and the other one (a discriminator) learning
to differentiate between real and fake objects. Typically,
both networks have symmetric architectures. The genera-
tor’s objective is to create objects that would deceive the
discriminator, while the discriminator’s task is to differ-
entiate between the actual and artificial objects (generated
by the generator network) with the highest possible
accuracy.

GANs were applied in [41] to a problem of generating
multi-track piano-roll representations. The authors intro-
duced three approaches. The first one utilized a jamming
model based on several generators, each dealing with one
track and being completely independent of the others. The
second one used a single generator simultaneously for all
tracks, while the last one was a hybrid model that utilized
multiple generators that not only took the intra-track but
also the inter-track information as its input.

An extension of the GAN architecture was presented
in [62] as a Conditional-Hybrid GAN. The model’s pur-
pose was to generate a sequence of successive sounds
conditioned on lyrics. Three separate modules with the
same structure generated a pitch, a duration and a rest
information, respectively. A module utilized the previously
generated element and the next syllable embedding (con-
ditioning) to process it through the Relational Memory
Core (RMC) [183], which enabled modelling of long-term
dependencies. The discriminator analysed the combined
pitch, duration, rest and syllable embedding, also with a
single RMC block.

GAN architecture was also presented in [60] for music
style transfer. The Relativistic Average GAN [184] was
utilized as a model’s skeleton. In a standard GAN setup,
the generator was trained to deceive the discriminator,

Real data
samples

Discriminator | Real/fake

Generator
Backpropagation
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while the discriminator was trained to determine if music
belongs to a desired style (target domain).

In [40], the authors endeavoured to address the chal-
lenge of extracting temporal features from GANSs, an issue
particularly salient in music. To this end, an attention
mechanism was incorporated into the model. The music
was generated in a piano-roll format, separately for each
track, in a distinct branch, based on a shared vector pro-
duced by the core generator. The attention mechanism was
added to the end of each branch, and the resulting outputs
were combined to create a multi-track representation.

An interesting method for addressing an emotion pre-
diction in music was outlined in [130], wherein a triplet
neural networks (TNN) [185] architecture was used to
construct a meaningful low-level representation that was
applied directly to the prediction task. TNN utilizes three
inputs: an anchor, positive samples and negative samples,
with the positive input belonging to the same class as the
anchor, and the negative input assigned to a distinct class.
The network’s task is to produce a representation that
minimizes the distance between the anchor and the positive
examples and maximizes the distance between the anchor
and the negative examples. By doing so, vectors from one
class are positioned closely together in the created space,
while also ensuring that different classes are separated
from each other. In [130], these representations were uti-
lized by classic regression algorithms.

The same topic of emotion recognition was presented
in [134] and was addressed using an Adaptive Neuro-
Fuzzy Inference System (ANFIS) network [147]. The
ANFIS model comprised five layers, utilizing both adap-
tive nodes (parameters that were tuned during training) and
fixed nodes (parameters that were not altered during
training) [186]. The model aimed to perform classification,
based on a set of properties extracted from .mp3 files,
through a fuzzy inference.

In [55], a similarity embedding network was utilized to
create music medleys, i.e. combinations of several music
pieces, by determining the chronological order of two
music fragments. The model was based on the Siamese
network [187], which permits two inputs to be processed
simultaneously. In the first segment of the model, the
Siamese network extracted attributes from the inputs and
generated a similarity matrix. This matrix was then pro-
cessed using a series of convolution layers, to ascertain
whether the input fragments were in the correct order. The
model was trained by providing positive examples (in the
correct order) and negative examples (incorrect order or
examples not adjacent in the timeline) as the input.

An interesting model that simultaneously operates on
two representations was introduced in [102]. A waveform
and a combined frequency and periodicity representa-
tions [117] were utilized for the extraction of the sung
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melody. Initially, both representations were processed
separately using convolutional layers and an LSTM block.
These representations were then combined and jointly
processed by a specially developed Gated Attentive Fusion
Module, consisting of a GRU and self-attention. Finally, an
MLP classifier was used for a sung pitch classification.

4.2 Evolutionary algorithms

A popular class of algorithms, also applied to music-related
problems, are Evolutionary Algorithms (EAs)[188]. EAs
are primarily implemented in optimization tasks, seeking to
transfer processes observed in natural evolution to artificial
intelligence. EA operates by maintaining a number of
possible solutions to a specific problem and applies an
evaluation function to determine if solution x surpasses
solution y. Then, with the processes of selection, mutation
and crossover (suitably chosen for the problem) applied to
the maintained solutions, a search through the space of all
solutions is conducted to pursue the top-rated solution. EAs
have been used in the field of music for many years [16] to
solve both engineering (such as sound synthesis) as well as
creative problems (like music generation). This section
includes various examples of EA application to musical
problems that can be defined as an optimization problem.

In [48], an algorithm for modelling expressive music
performance is presented, where the fundamental concept
is to devise a collection of rules that precisely depict
deviations from the music score in expressively played
music. The performance is evaluated by different criteria,
including note length ratios (longer, shorter, much shorter),
pitch and Narmour’s group [189]. A specific coding system
is used to create rules, which are then represented in a
binary form. An evolutionary algorithm is employed to
search for highly accurate rules over the training dataset.
Using the sequential covering algorithm, a set of rules to
describe expressive performance is created. One rule, cre-
ated with EA, is added at a time, and the rule selection is
repeated until the entire training set is covered.

The work [27] presents the use of an EA to produce
music, where the goal is to create 16-measure pieces of
music. However, the solution representations (chromo-
somes) vary in length: each chromosome contains a
sequence of pitches in the melody, with each pitch having
an assigned duration. Therefore, the representation of
multiple shorter musical notes is lengthier than that of
fewer, longer music notes, although the overall duration of
all pieces remains constant at 16 measures. To address this
challenge, a geometric crossover [190] is applied. The
evaluation function utilizes tables to score pairs of pitches
relative to the chords. The sum of scores for all pairs
determines the overall score for each chromosome (can-
didate solution).
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One possibility for EA application is to use it for multi-
objective optimization, where the objective is to optimize
more than one goal. In [19] this method is applied to the 4-
voice music generation problem. This approach involves
the simultaneous optimization of two aspects: the melodic
flow and the harmonic quality. The former is optimized
based on the relationships between notes, and the latter is
evaluated with the function derived from the principles of
the harmony theory.

In [94], a multi-objective optimization is utilized for the
selection of features that enable proper segmentation of a
music piece. The paper considers three possible types of
boundaries: instrumental change, tempo change and key
change. To address this topic, different measures including
accuracy, recall and F-measure are used for the algorithm’s
performance evaluation. Based on these measures, several
scenarios are defined which consist in optimizing two
particular measures (e.g. maximizing the F-measure for
one boundary and minimizing the recall for the other
boundaries, to increase the likelihood of predicting a
specific boundary and simultaneously reduce the chances
of detecting boundaries of a different type). For the set of
pre-defined music features, a multi-objective EA is applied
to select the subset most suitable for music segmentation.

A certain extension of EAs is Memetic Algorithms
(MAs), which additionally incorporates a local optimiza-
tion mechanism as a component of a space search strategy.
This method was applied in [18] for the unfigured bass
harmonization. The harmonization process was divided
into two main stages: the first one involved generating
harmonic functions for a given melodic line (the figuration
step) and the second one consisted in its harmonization
based on the generated functions. In the first step, dynamic
programming was used with tables defining the quality of
connections between specific chords. The second step was
divided into two sub-steps. Firstly, an EA was used to
search the space of four-voice compositions and identify a
suitable melody subspace. Then, the identified subspace
was searched using local optimization techniques such as
tabu search [191], simulated annealing [192] and variable
neighbourhood search [193]. A solution was assessed
based on the analysis of the associations between chords
and notes, using a specific set of rules.

An effort to develop an algorithm that can reflect the
requirements of the user in the music generation problem
was made in [32]. Based on a training dataset (created by
the user), a collection of patterns (both rhythmic and
melodic) was developed and utilized, with use of symbiotic
evolution [194]. One notable distinction in the symbiotic
evolution algorithm is the preservation of two populations:
one that contains individuals with partial solutions and
another that contains completed solutions, which are
combinations of partial solutions. Looking at a piece of

music as a combination of motifs, the symbiotic evolution
was easily applicable. Through evolution melodic tem-
plates were generated, describing the melodic and rhythmic
properties, but not specific pitches, which were generated
using a specifically designed heuristic algorithm.

4.3 Other approaches

In addition to the most commonly used methods (neural
networks and evolutionary algorithms), there are yet other
approaches to solve music-related problems. This section
presents examples of such less popular methods.

A population-based technique similar to EAs is the
Artificial Immune System (AIS). Two examples of using
AIS have been presented in [24, 152]. Both systems were
based on opt-aiNet [195], which can generate multiple
solutions for a multimodal fitness function optimization.
This property has been taken advantage of in [24], where
the authors aimed to create a chord progression, in col-
laboration with the user. Based on the defined fitness
function, the two previous chords, and using chord dis-
tances in Tonal Interval Space [196], various chords were
generated by the system, as a pool of candidates for the
final selection made by the user. In a very similar way (by
means of generating a pool of possible solutions), opi-aiNet
was used in [152] for the problem of creating music
orchestrations.

Another interesting approach is ensemble learning,
which relies on employing multiple algorithms simultane-
ously to tackle a given problem. It is common to use either
a parallel or sequential approach for ensemble learning,
where either the learning of individual algorithms is inde-
pendent of each other or the relationships between algo-
rithms are exploited. Ensemble learning has been applied
to classification tasks in [78] and [86]. In [78], the topic
concerned the classification of performers and music gen-
res, with small decision trees (in the extreme case with only
two leaves) serving as individual algorithms. In [86],
classification of performers was addressed through
ensemble learning, where a single classifier was created
using linear discriminant analysis based on selected music
features.

Some algorithms are better suited for certain types of
problems. An instance of such an algorithm is k-Nearest
Neighbours (k-NN) [197], which is usually used for solv-
ing classification or recommendation problems [92, 140].
In [140], a suitable music representation was established,
and the recommendation method relied on k-NN retrieval
with Cosine similarity used as a distance measure. Simi-
larly, in [92], the k-NN algorithm was utilized to catego-
rize music. The collection of songs was -classified
according to an extracted melodic line, and pairwise sim-
ilarities were determined, resulting in a similarity matrix.
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The quality of the similarity matrix was assessed by
through the N-fold k-NN classification [198].

Certain topics can be formulated as regression problems.
In [46], linear regression was proposed as a means of
modelling expressive features (in addition to nonlinear
models such as feed-forward and recurrent neural net-
works). Expressive properties were modelled using a linear
function also in [50], where the differences between neu-
tral performance and performance with specific intentions
(soft, hard, dark, light, etc.) were considered. Created
models, which described alterations in selected expressive
qualities, enabled the possibility to convert neutral per-
formance to performance with a specific intention. The use
of logistic regression in classification was demonstrated
in [129], where among various simple classifiers, the
penalized logistic regression model produced the best
results for emotion classification in music. Logistic
regression was also applied in [89] for composer classifi-
cation, but, in this problem setup, was outperformed by the
SVM [142].

In several works [17, 22, 23, 90], reinforcement learning
(RL) [199] is utilized, especially Markov Decision Pro-
cesses (MDPs) [200] and Hidden Markov Models
(HMMs) [201]. In [17], a MDP was constructed to model
chord progression for automatic harmonization, with the
reward function either derived from classical harmony
theory or inferred from a specific set to achieve a certain
style of harmonization. Specifically, in the conducted
experiments, the reward function was based on the studied
expectations of the chord progression [202].

Similarly, the authors of [90] utilized HMMs to assess
the similarity of sung music to its potential original com-
position. Since human singing (or humming) is susceptible
to errors, it was necessary to take this into account during
model development. The probability of a selected target
matching a given sung query was defined as the likelihood
of generating that query from the target, which was cal-
culated as a product of probabilities of transitions between
successive hidden states defined by different types of
possible query alterations. For the real-time creation of an
accompaniment [23], deep reinforcement learning was
employed. The use of RL in accompaniment production
facilitated generation of extended and coherent phrases, as
the agent aimed to maximize long-term rewards instead of
optimizing individual steps. The model comprised two
parts: the generation agent, which utilized the actor-critic
model with generalized advantage estimator [203] and
neural network-based reward model. The generation agent
sequentially produced notes, aided by a human input and
the reward agent allocated a score for each note consider-
ing both the horizontal and vertical perspective.

In [22], a specific style transfer task problem was
undertaken: for a provided Chinese folk-style musical
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piece, an automatic Western-style counterpoint was gen-
erated using RL. The developed model comprised a gen-
erator module adapted from [203], focused on maximizing
long-term rewards. The reward module was composed of
two sub-modules: the inter-rewarder, which assessed the
quality of Western style counterpoint, and the style-re-
warder, which modelled the patterns of Chinese folk songs.
The style-rewarder was also updated through inverse
reinforcement learning [204] during generator training,
while inter-rewarder remained unchanged during the whole
process.

Algorithms utilizing various distance or similarity
measures are commonly employed for classification pur-
poses. In [149], a system illustrating sound through images
used Dynamic Time Wrapping [205] to assess the simi-
larity of extracted music (MFCC) and image (colour and
texture) features.

A similar technique was employed in [150] for detecting
plagiarism, where music was first transformed into a vector
and then a fuzzy similarity was computed to determine
whether a melody was plagiarized. A system developed for
objective assessment of automatically generated music also
relied on distance measures [14]. Based on the character-
istics of the produced music and the music from the
training dataset, the quality of the generated music was
assessed by examining the distances within the produced
set (generation consistency) and between the produced and
training sets (generation efficiency).

Yet another possible approach to various music-related
tasks is to utilize heuristic or probabilistic algo-
rithms [29, 54, 61, 123]. The benefit of such solutions lies
in their adaptability to any problem type.

In [123], a heuristic was developed to suggest songs
based on fuzzy sets. [54] focused on generating musical
mixes. The model created mixes by blending songs from
the database, using techniques such as beat tracking,
selecting cue points and matching.

A music generation problem is addressed in [29] by
combining a heuristic with a probabilistic approach,
grounded in statistical analysis of a set of classical musical
pieces. A music construction process involves several
steps, analogous to human music composition. Firstly, the
phrase structure and rhythmic parameters are selected.
Next, a melodic rhythm is created based on these selec-
tions. These steps are implemented by drawing one of the
possibilities present in the set on which the generation was
based. Harmonic progression and melodic contour are
created with the aid of a Probabilistic Context-Free
Grammar based on conducted Schenkerian analysis [70] of
other pieces in the dataset. Lastly, the pitch selection for
the melody is determined using heuristics. A probabilistic
approach is also presented in [61]. The task of generating
music as an imitation of a given input is divided into 4
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parts: structure creation, chord progression, melody and
bass. Structure creation and chord progression are based on
statistical analysis of the input and the aforementioned
classical music dataset. Melody and bass are created by
recognizing patterns in the input using heuristics and
applying them to a new song.

Finally, there are a number of works that apply partic-
ular methods that are tailored to a specific problem repre-
sentation. In [45] fuzzy techniques were applied to assess
the music expressivity. The evaluation involved examining
rubato (changes in rhythm), loudness and timbre. A tree
search algorithm utilizing only pitch content was employed
in [148] to solve the challenge of aligning audio with sheet
music. An intriguing solution to the problem of recom-
mendation was presented in [120], where music data were
represented using a heterogeneous information graph.
From this constructed graph, it became feasible to obtain
low-dimensional representations of music, from which the
user’s preferences (both global and contextual) were
inferred, and used for making a recommendation after-
wards. Yet another approach to the recommendation, based
on matrix factorization algorithm [206], was presented
in [124], where songs were coded using Song2Vec
method [207].

5 Summary and challenges

According to the presented categorization of topics (gen-
eration, classification, recommendation), gauging the
quality of the outcomes, and comparing the efficacy of the
methods across various models is the most extensive in
classification-related tasks. Regardless of a particular sub-
problem, such as classification of genres or composers,
evaluating the method’s effectiveness is commonly based
on labelling performance.

Generally speaking, it is reasonable to conclude that the
problem of classifying music genres has been tackled quite
successfully. Representative results from multiple experi-
ments on various datasets are presented in Table 9. It
should be underlined that the datasets include varying

numbers of genres, ranging from 6 in the BRMD dataset to
16 in the FMA dataset. The results demonstrate that the
problem of genre classification can be solved quite effec-
tively with an accuracy exceeding 90% (93% [80],
98% [83]), even when dealing with numerous genres (13
and 10, respectively).

Similarly, the quality of composer/performer classifica-
tion was evaluated in several papers. For the artists’ clas-
sification the artist20 dataset [210] was used in [88], with
an F1 score of 0.937. Likewise, in [78], the artists were
classified on the USPOP dataset [108] (about 59% accu-
racy). In [86], the performers were classified using the
Vienna4x22 Piano Corpus collection [211] with around
70% accuracy.

While the presented results can be generally considered
as promising, regardless of the classification problem, there
is still room for improvement, especially in the context of
composer/performer classification. Furthermore, it is worth
noting that a relatively rarely addressed topic is the clas-
sification directly related to music expression (e.g. recog-
nition of performers of purely instrumental pieces) or
compositional style (e.g. recognition of composers of
purely instrumental music of a similar character).

Generally, it is more challenging to evaluate the results
obtained for music generation-related tasks. For this rea-
son, attempts are usually made to asses generated music in
two ways: statistically or human-based. When conducting
statistical or numerical evaluations, it is typical to utilize
standard metrics or sometimes develop custom ones. If
music generation is based on modelling specific parameters
(such as loudness or note duration), or if the notes/chords
themselves are generated without audio [18], it is possible
to use recall and precision metrics (to evaluate these
selected parameters) in relation to a test dataset. Some-
times, statistical analysis is also performed (in both audio
and note generation settings), through comparison of
selected statistics (e.g. pitch range, note density, number of
notes per bar, rhythmic properties, etc.)
[14, 22, 26, 28, 30, 33, 59].

The other popular way of evaluation involves human
users/experts and can be carried out in two ways:

Table 9 Genre classification

. . Ballroom Extended Ballroom Homburg GTZAN FMA BRMD
accuracy from different articles,
referring to various datasets: [160] ~90% ~60%
Ballroom [105], Extended
Ballroom [106], 80] ~93% ~90%
Homburg [208], GTZAN [104], [82] ~T72% ~65%
FMA [107], BRMD [209] [81] ~75%
[83] ~98% ~ 4%
[84] ~78%
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Table 10 A breakdown of the various methods used in evaluation of the results of generative models

Evaluation method Number of papers

Papers

Objective 8 [14, 18, 22, 26, 28, 30, 33, 59]
Subjective Theoretical 4 [18, 20, 21, 24]
Listening 19 [17, 18, 22, 23, 26, 30, 34, 35, 42, 44, 51-53, 58-60, 66, 68, 71]

theoretical evaluation (more common in note generation)
and listening-based evaluation. The main challenge of
human evaluation is the subjectivity of the process, whe-
ther executed by an expert or an amateur. To increase
objectivity, the assessment is usually conducted by dozens
of people, and their ratings are averaged. Theoretical
evaluation is primarily used for generating notes, including
accompaniment, harmonization and chord progres-
sions [18, 20, 21, 24]. Its purpose is to assess (usually by a
music expert) how well the generated music adheres to the
theoretical principles of the music. However, it is chal-
lenging to thoroughly carry out the evaluation and consider
all the theoretical nuances, given the number and diversity
of rules and potential deviations from them, resulting from
the overall primacy of the sound over the theoretical cor-
rectness. For this reason, supplementary listening evalua-
tions are also often conducted [17, 18, 22, 23,
26, 30, 34, 35, 42, 44, 51-53, 58-60, 66, 68, 71]. Most
commonly, individuals with varying levels of expertise in
music are presented with a set of questions, typically
answered on a Likert scale [212]. For amateur evaluations,
background information pertaining to the respondent’s
musical knowledge (such as whether they have experience
playing an instrument) may also be collected before the
essential questions are asked [22, 23]. The questions
themselves typically focus on aspects such as musicality,
fidelity, quality, smoothness, reality, integrity, etc., of the
generated music. Table 10 presents a breakdown of the
papers by the evaluation method used.

Evaluating computer-generated music, particularly
when comparing different models is also challenging. On
the one hand, constructing and utilizing metrics that are as
objective as possible facilitates the straightforward evalu-
ation and comparison of various generating models [14].
However, metrics based on statistical properties and dis-
tance-based metrics relative to the training and test datasets
fail to provide a comprehensive assessment, e.g. in terms of
musicality and integrity. On the other hand, evaluations
made by humans, which are inherently subjective, are
lacking a standardized reference point (such as fragments
of music to compare), which, for obvious reasons, is
practically impossible to define. It is also worth noting that,
while objective evaluation methods are sometimes
employed, the majority of the papers still utilize subjective/
human evaluation techniques, as evidenced in Table 10.
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An area that has witnessed significant development in
recent years is the generation of expressive music, which
aims to imitate human musical performance. However,
current expressive music models are mainly developed
without considering the unique aspects of an individual’s
performance style, which presents an intriguing challenge.
Furthermore, there are occasional mentions in the literature
about combining or transferring various musical genres,
but such topics remain underexplored and present an
interesting research avenue [23, 58, 60].

For the recommendation task, the commonly used
metrics are precision, recall, F1 and  hit
rate [120-122, 124, 126, 132, 133, 140], which are calcu-
lated based on the coverage of the recommended tracks to
listened tracks. The AUC-ROC metric [137-139] is also
used for the auto-tagging problem. For the recognition/
prediction of emotions in music, which is closely linked to
recommendation problem, standard metrics can be used
quite effectively. If a given emotion (or a group of emo-
tions) is recognized [128, 147], one can apply the accuracy
measure to assess the model’s quality. Classic regression
evaluation metrics (such as RZ, explained variance score,
etc.) are often used [129, 130, 132, 136] when making
emotion prediction with a regression approach, especially
when it is based on Thayer’s emotion model [141].

While evaluation of recommendation models using
popular metrics is feasible, comparing them with each
other is not always straightforward. In the case of recom-
mendations based on the recognition of emotions, one of
the problems is identification of specific musical emotions
that could be used to train the models. Such a selection is
highly subjective, as it is usually performed by people. The
absence of standardized and acknowledged datasets makes
comparing models even more challenging.

A similar issue, i.e. the absence of standardized datasets,
is apparent in the traditional recommendation problem, as
well, particularly in the task of forming a dynamic playlist.

High-quality recommendations are definitely needed in
the face of ever-growing music databases (e.g. streaming
services). While classical recommendation problems have
been studied quite extensively, the problem of recom-
mending music based not only on the listener’s global
preferences but also on the context of a playlist sequence is
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gaining popularity and undoubtedly deserves further
exploration [120, 121, 124].

6 Conclusions

Music has been a fundamental aspect of human culture
throughout history. As one of the Arts, it has consistently
been inextricably linked to the creativity of both the artist-
creator and the artist-performer. Therefore, with the
development of artificial intelligence, research has begun
on the possibilities of its application in music-related
problems. In this paper a categorization of the researched
problems (classification, generation, recommendation) is
provided, along with its further division into subgroups,
and in each of these subgroups the currently addressed
topics are discussed. For each of these topics, a description
of the problem and proposed solutions is presented, along
with a discussion of the relevant papers addressing the
topic. Among all the considered topics, the problem of
expressive music generation seems to be the most chal-
lenging, mainly due to its strong connection with creativity,
which is generally perceived as a typically human trait. The
associated problem of objective evaluation of the generated
music also poses a significant challenge with regard to the
assessment of results of different models and the possibility
of their cross-comparison. Another area that has gained
importance in recent years is the problem of copyright in
the context of generative models. In the field of music
recommendation, an intriguing approach is the utilization
of contextual information (e.g. recently listened songs) to
generate targeted recommendations that account for both
the user’s needs and their current mood. Presented prob-
lems are further supplemented with examples of real-life
applications, including those related to music education.

Additionally, the classification of applied methods
(presented independently of the addressed tasks) illustrates
that neural networks, particularly deep learning models, are
the most popular and the most effective approaches. It is
also worth noting that the employed methods utilize state-
of-the-art solutions derived from other fields, e.g. Trans-
former models are used in the problems of music genera-
tion or music classification.

The problems, methods and outcomes discussed in the
paper demonstrate the range of research in the field of
music Al applications, emphasizing its diversity, and
showing that artificial intelligence has the potential to
surpass humans in many of these research tasks. At the
same time, there is a vast range of issues that still require
innovative approaches and pose a challenge for contem-
porary music Al research, especially in the field of music
expressivity and contextual music recommendation.
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