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Abstract

- Hugo Gongalo Oliveira? - Pedro Martins? - Amilcar Cardoso?

The automatic generation of music is an emerging field of research that has attracted wide attention in Computer Science.
However, most works are centered in classical music. This work develops ETHNO-MUSIC, an intelligent system that gen-
erates melodies based on popular music. ETHNO-MUSIC generates melodies with Markov models, which learns from a
corpus of Spanish popular music. Then, given the importance of the lyrics in this context, ETHNO-MUSIC was integrated
with Tra-La-Lyrics, an existing system that generates lyrics following a melody, which has been specifically adapted to suit
this purpose. Several experiments were carried out to evaluate the quality of the results, based on human opinions towards
generated pieces of music and lyrics. Overall, results are positive. Briefly, they reflect that, on the one hand, the melodies
transmit a feeling of Spanish popular music, and on the other hand, the text of the lyrics is related to the topics analyzed,

and the rhythm follows the melodic aspects of the music.

Keywords Computational creativity - Music generation - Lyrics generation

1 Introduction

Popular music has had a great influence in society, since it
has been transmitted orally from generation to generation.
From an ethnomusicological point of view, this music has a
great interest due to its peculiar sound characteristics and the
social context that they represent or have represented. This
kind of music has some particular features that makes them
very different to other genres like classical or jazz music.
They are commonly composed of melodies without musi-
cal accompaniment, with complex rhythms and uncommon
scales (from a classical perspective), rich in ornaments.
Unlike classical music, Spanish popular music is always
linked to a functionality, meaning the purpose for which the
melody was conceived. In this sense, lyrics are essential for
identifying this purpose, i.e. if it is a work song or a love
song. Consequently, most of the existing repertoire include
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the use of lyrics, which in fact, is one of the most important
factors in the popular culture. Although the popular melody
usually follows the lyrics structure and rhythm, it also hap-
pens to the contrary, lyrics that are adapted to a melody cre-
ated beforehand. This case is specially interesting to analyze
what kind of words are chosen to be part of the lyrics, what
topics are more common and how they adapt to the popular
tone.

Years of ethnomusicological education are often required
to master the idiosincracies of the modal system and under-
stand the vocal music in a popular context. Consequently, to
be able to create songs that combine music and lyrics is con-
sidered a challenge, moreover if the creator is based on Arti-
ficial Intelligence. Currently, there are some works centered
in the application of artificial intelligence to generate music
from lyrics. Singh et al. (2017) create narrative-based lyr-
ics, which serve as basis to generate music. Similarly, ALY-
SIA (Ackerman and Loker 2017) is able to generate music
from given lyrics. M.U. Sicus-Apparatus (Toivanen et al.
2013) generates both lyrics and music for art songs. How-
ever, most of the literature reviewed does not construct a
whole system that incorporates music and lyrics generation,
and are centered in one of the process, either music genera-
tion or lyrics creation. Additionally, these proposals usually
generate music following the lyrics structure, whereas in
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this work we pretend to adapt lyrics once the melody is con-
structed and cannot be changed, as it commonly occurs in
the popular tradition. Moreover, the initiatives have usually
focused on the generation of music of a rather tonal/classi-
cal character and, to date, there has been no relevant studies
addressing the generation of Spanish popular music. As we
mentioned, this genre of music differs from the classical
music in many aspects, including the sonority, the sounds
disposition or the rhythmic formulas used.

For this purpose, we present a system capable to generate
music and lyrics whithin a popular context. The contribu-
tion is precisely how the popular music is integrated in two
systems and adapted to generate popular songs successfully.
For this purpose, new melodies are generated following the
style of original Spanish popular songs. These songs have
extracted from multiple sources of traditional music and,
after the analysis, encoding and storage of relevant features,
are used as a training corpus.

Among the different learning models that can be applied
to generate music from a previous corpus (Ajoodha et al.
2015), Markov models (MMs) have been selected due to
their successful application in other related works (Papa-
dopoulos et al. 2016; Whorley and Conklin 2016; Williams
et al. 2019; Pachet and Roy 2011). MMs are trained in a
corpus and then used to generate a new melody that fits the
style of popular songs. The novelty of the present proposal
is that the MMs will allow the participation of users that
will guide the melody and therefore, guide the probabilities
that the MMs calculate to select the notes that will be part
of the melody.

Subsequently, we worked on an integration of Tra-la-
Lyrics (Gongalo Oliveira 2015), which generates lyrics
for a given rhythm in our previous system. This is in line
with recent collaborations between different creative sys-
tems [see, e.g., Znidarsic et al. (2016), Concepcidn et al.
(2018)].

Tra-la-lyrics has been adapted to the Spanish language
through an augmented semantic network and new line tem-
plates, collected automatically from the lyrics of Spanish
popular songs. In most songs, the sentences are connected
through a common subject. To imitate this behavior and set
the generation domain, seed words were carefully selected
according to the common sets that appear in popular songs.

With those initial parameters established, generation of
lyrics can start once the melody is created. Simple heuristics
are applied for setting a suitable division of the music into
phrases, and then lines of text are generated for each part,
while trying to maximize two main constraints: (i) one syl-
lable per note; (ii) stressed syllables matching strong beats
of the melody.

Once the melodies are generated, a listening test was
developed to evaluate the musical quality according to the
Spanish popular music standards and to collect the users’
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opinion about the usefulness of the system to interact with
them and generate music.

Additionally, among the vocal songs generated, some
were selected for another human evaluation. The evaluators
had to score on the one hand, the quality of the melody,
sound and rhythm according to the Spanish popular music
standards. On the other hand, they are also asked whether the
text of the lyrics was within the target domains, and about
the rhythm and its meaning of the lyrics.

The remainder of this paper is structured as follows.
Section 2 starts with a brief overview of related work on
music and lyrics generation. Section 3 describes the gen-
eration process to create popular melodies. Section 4 gives
an overview about the system understood as an integration
of ETHNO-MUSIC and TralLaLyrics, detailed in Sect. 4.1.
Section 5 provides an analysis about the experiments, exam-
ples and evaluation of the system developed. Finally, last
section describes the final conclusions and future work.

2 Related work

Artificial Intelligence (AI) has been widely applied to prob-
lems in very different contexts, such as Biology, History or
Mathematics. With the recent evolution of Artificial Intel-
ligence, the field of Computational Creativity (CC) (Colton
and Wiggins 2012) has attracted the interest of researchers
in Computer Science, Cognitive Sciences and Arts.

Creative systems were developed for different artistic
fields, including the generation of visual arts (Machado
and Cardoso 2002; Colton et al. 2015), narrative (Le6n and
Gervas 2014; Pérez y Pérez 2015; Ontanén et al. 2012),
poetry (Gongalo Oliveira 2017; Lamb et al. 2017), or music
(Zhu et al. 2018; Ajoodha et al. 2015).

Different techniques have been applied for generating
music automatically. For instance, evolutionary comput-
ing has been widely used for generating interesting musical
products, including a chord sequencer (Scirea et al. 2016),
a system to detect motifs Serra and Arcos (2016), or an
accompaniment system based on emotions (Kuo et al. 2015).

However, statistical methods were a preferable tool due
to their ability to learn from the context or the corpus, which
is the case of our proposal. The deep analysis performed by
Whorley and Conklin (2016) about different statistical mod-
els is particularly interesting, as it demonstrates how these
methods are quite succesful in the generation of music and
art. We should also remark that, specifically, Markov mod-
els are very commonly used for generating different kinds
of music (Anton and Trausan-Matu 2018; Pachet and Roy
2011; Papadopoulos et al. 2016). However, they are usually
thought to generate classical or jazz music automatically,
and not as a guide to generate popular songs. Recently, com-
panies as Google have been significantly developed projects
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such as Magenta (Project 2018), which uses convolutional
neural networks to create melodies. Although the deep
learning techniques have supposed a wide improvement in
the community, it commonly requires plenty of data for the
training corpus, and cannot be applied in our problem, as
the amount of melodies that can be used as a corpus are
quite low.

Music generation systems can be adapted and used as
tools to provide new music that accompany given lyrics.
For instance, Monteith et al. (2012) analyze the stresses of
text for obtaining the rhythm, generate several sequences of
pitches for the rhythmic progression, and finally select the
best, according to a set of aesthetic and singability meas-
ures (e.g., low repetition, low octave range, small interval
jumps). ALYSIA (Ackerman and Loker 2017) learns the
relation between music and lyrics from a song corpus, with
a machine learning algorithm such as Random Forests, and
then suggests suitable melodies for a given text. From the
suggestions, the user selects the melody to use.

The generation of song lyrics can also be seen as a kind of
poetry generation, for which there are several computational
approaches, based on broad range of techniques. There are
some works that make use of neural networks for generat-
ing melodies from lyrics in Chinese Bao et al. (2019), learn
higher-level rhyming constraints with generative adversarial
networks Jhamtani et al. (2019) or generate song lyrics in
Korean, with a neural network with a LSTM for maintain-
ing context Son et al. (2019) [see Gongalo Oliveira (2017)
or Lamb et al. (2017) for surveys]. Even though poetic text
typically follows metrical constraints, song lyrics must
address these more tightly because lyrics aim to be sung. In
addition, lyrics should follow syntactic rules and, ideally,
be meaningful under some topic. Works on the generation
of song lyrics for given melodies include the original ver-
sion of Tra-la-Lyrics (Gongalo Oliveira et al. 2007), which
tries to match the stress of the words with the strong beats
in the melody, further adding syntactic constraints and rep-
etition, but without any concerns on semantics. In order to
generate more meaningful text, other systems add semantic
constraints to the previous. This can be made, for instance,
with the help of a semantic network (Ramakrishnan A and
Devi 2010), also the case of the most recent version of Tra-
la-Lyrics (Gongalo Oliveira 2015), word associations (Toi-
vanen et al. 2013), or as semantic relatedness constraints in
a Markov process (Barbieri et al. 2012). In the latter work, a
constraint model is learned from a set of lyrics of the same
author for generating new lyrics in that author’s style. In
recent work (Watanabe et al. 2018), a Recurrent Neural Net-
work Language Model is learned from a large collection of
lyrics aligned to their melodies. As it happens for music
generation, there are also systems that do not generate song
lyrics independently, but may assist in the process of writ-
ing, as they suggest sentences that suit the metre, the rhythm

and rhymes [see, e.g., Abe and Ito (2012); Watanabe et al.
(2017)].

When it comes to the generation of both music and lyrics,
there is not as much work. A common approach is to start
by creating the lyrics and then generating suitable music for
accompaniment. Known systems generate lyrics first and
only then music. One example is the work by Singh et al.
(2017), who integrate a plot generation system and a lyr-
ics generator in the production of narrative-based lyrics. In
that case, lines are generated with a Markov model and a
generate-and-test approach is followed for selecting the most
suitable lines to use in the lyrics, according to rhyme and
sentiment. Suitable melodies may then be generated with a
system such as ALYSIA (Ackerman and Loker 2017). M.U.
Sicus-Apparatus (Toivanen et al. 2013) generates both lyrics
and music for art songs. Lyrics are generated first, by replac-
ing words in fragments of human-created poems, resorting
to word associations for semantic coherence. Music gen-
eration considers the number of syllables, their length and
punctuation signs for the rhythm, and a user-specified mood
for the harmony, created based on second-order Markov
chain selections of regular harmonic patterns expressed in a
given key. A relevant feature, which may improve the con-
nection between music and lyrics, is that the music genera-
tion process has access to the parameters that guided the
generation of the lyrics.

As in the previous, in this work, both music and lyrics are
produced. However, in this case, music is produced first, and
independently of the lyrics. The resulting process is analo-
gous to having two different people composing a song: one
that composes the melody and another the lyrics. Although
other techniques could have been adopted for both music
and lyrics generation, we decided to tackle this goal with
two systems that were familiar to us — ETHNO-MUSIC
and Tra-la-Lyrics 2.0 — and focus on their integration for
the generation of Spanish popular songs. Other reasons that
lead to this decision include the nature of ETHNO-MUSIC,
developed with Spanish popular music in mind, and the ease
of integrating and adapting Tra-la-Lyrics 2.0 to this domain,
given that it is built on top of PoeTryMe, a flexible poetry
generation platform, already adapted to many different sce-
narios, including the generation in three languagues (Gon-
calo Oliveira et al. 2017): Portuguese, Spanish and English.

3 System description

Figure 1 gives an overview of the overall system to create
Spanish popular music.

The system that generates music, ETHNO-MUSIC,
is provided with a memory to store beforehand different
melodies in the popular music style. These music files are
retrieved from a wide variety of popular music melodies
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Fig. 1 Overview of ETHNO-MUSIC

from song books. The selection process is described in
Sect. 3.1. Secondly, these melodies should be correctly clas-
sified, analyzed and encoded to extract the main features
of each song, as explained in Sect. 3.2. The results of the
analysis are used as the training corpus by the Markov mod-
els, which will generate music in the popular style, further
described in Sect. 3.3.

3.1 Musicretrieval

The resulting platform aims at the generation of music based
on the features of the Spanish popular music, where, accord-
ing to ethnomusicologists (Manzano Alonso 2001), three
main factors should be considered:

— Melodic behavior: Unlike the tonal music, which is based
in minor and major modes, Spanish popular music makes
use of seven modes, each built from the seven notes
of the natural scale, starting from different notes. The
modes are: Do Mode, Re Mode, Mi Mode, Fa Mode, Sol
Mode, La Mode, Ti Mode. The melodic behavior consists
of continuous chromatizations and instabilities.

— Rhythm: Popular music usually resorts to uniform beat
due to the syllabic text used in the lyrics, or their func-
tionality, created to dance or to follow rituals.

— Genre: The genre is related to the functionality of the
music, namely the context in which the music has been
conceived. For example, “sevillanas™ are created accord-
ing to a specific dance, “lullabyes” share some common
features in lyrics and music to make children sleepy, etc.
In this sense, we can classify music in different genres,
each one representing their own musical features, such
as sonority, lyrics and rhythm. Some examples are work
songs, love songs, lullabies, wedding songs, sacred
songs, dance music, among others.
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Generally, it is very difficult to understand the specific fea-
tures that some songs can share in popular music, since this
type of music has been in constant evolution due to its char-
acteristic grammar and its oral transmission from generation
to generation. Therefore, folk songs in Spain are as varied
as its regions.

In order to obtain this information and preserve popular
music, some ethnomusicologists have visited different geo-
graphical zones, transcribing folk songs that people sing in
rituals or traditional holidays. This information was ana-
lyzed, classified and published in songbooks, which often
pass a scientific process to guarantee the quality of the eth-
nomusicologic research. Therefore, the songs used as the
training corpus are extracted from songbooks, recordings
or digital scores published.

By analyzing many of the melodies collected over the
years by different ethnomusicologists and in different songs,
we can draw some conclusions in this regard that allow us
to discern the popular music. According to some authors
(Schindler 1991), in Spanish popular music, work, love
songs and lullabies share features related to the key sig-
nature, thythmic patterns and general sonority or tonality,
which makes them very interesting to use as a corpus in the
development of the learning model. Therefore, in order to
train the MM, melodies related to these genres were col-
lected (Manzano 1990).

3.2 Encoding melodies

In order to represent the information about rhythm and
sonority, the sources must be digitized. But to identify the
popular music, we should not only analyze the particular
duration or pitch. There are other relevant features, such as
the duration of the musical phrases, the degrees in which the
melody reposes (notes with a long duration), and the particu-
lar cadences. Unlike classical music, in popular music the
harmonic tension and the use of the chords degrees are not
particularly relevant, as it does not follow harmonic rules;
they are only used according to the melodic course. Draw-
ing on these properties and also inspired by the concept of
viewpoints exposed by Whorley et al. (2013), the following
features of the popular songs were selected:

— Pitch: musical note. It is encoded with a MIDI Musical
Instrument Digital Interface) number from 0 to 127.

— Duration: rhythmic formula of one note. Each number
represents a whole, a half, a quarter, etc.

— Degree: position of the note within the musical scale.
It can take values from 1 to 7, where 1 means the first
degree, 7 means the last note in the scale.

— First in bar: boolean value which indicates if the note is
the first in a bar or not.
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— Time signature: it is a rate that represents the time signa-
ture of the melody. it consits of two numbers, one for the
numerator, which represents the total number of rhythmic
beats and another for the denominator, which represents
the rhythmic value (whole, half, quarter, etc.) for each
beat.

— Musical Phrase: it represents the position of a note in a
musical phrase. It can take three possible values: 1 if the
note is the first in the phrase, -1 if it is the last one, and 0
otherwise

Currently, there is no standard format that only addresses
these features. However, a wide number of songs is already
encoded as MIDI [files (Jungleib 1996)], due to its avail-
ability throughout the network, the low difficulty in creating
such files based on digital scores, and its structure, which
allows easy access to notes and durations. The files do not
contain the sounds. Instead, they include instructions that
allow the reconstruction of the song by using a sequencer
and a synthesizer that work with MIDI specifications. There-
fore, the files are quite light since they allow to encode a
complete song in a few hundred lines. The mathematical
data inside these files along with a manual analysis have
been used to encode the features above. These data are
finally stored in a spreadsheet file.

3.3 Music generation

Once the files are available, the next step is to extract the
necessary information for the project: notes, durations, bars,
time signature, etc. These data are considered the training set
for the learning model. In the first experiments, we combine
different musical features and check which ones works better
with the Markov models. The Markov model determines the
possible transitions for each state and the initial probabilities
of each one. The time of training was about 3 min.

The Markov models represents a special type of stochas-
tic process in which the probability of an event occurring (in
this case a note or silence with a given duration) depends
only on the n previous events. This feature of limited mem-
ory” is what is known as Markov property. In our case, the
popular music does not have so many musical resources as
classical music, for example, which makes the number of
states of the MM to decrease. We made empirical experi-
ments to study the variability of the music, and according
to that, n was set to 3.

Consequently, the position of the mouse must be trans-
lated into a note and a duration. To do so, the mouse works
as an indicator with two dimensions, and the user can move
it through the screen provided. In this sense, the Y axis was
set to indicate the reference note (higher or lower pitches),
since we intuitively associate “climbing” with higher notes
and “lowering” with lower notes. Likewise, the X axis

indicates a reference duration. On the Y axis, O represents
silence (lowest position of the mouse; while 2 reference
octaves are represented, from the lowest to the highest. On
the X axis, 1 represents the shortest note (sixteenth note) and
16 represents the longest note (round). These delimitations
of the space of reference facilitate the training process of
the model.

In this case, the probability P(f) of each note ¢, to be
selected as the next note in the melody is a linear combi-
nation between the probability P,,(#;) given by the Markov
model and the position of the mouse P, (t;) given by the user:

P@t) =k-Pp(t)+ (1 = k) = Py(t,), €))

where k is the weight of each probability.

Typically, musical and text phrases in Spanish popular
music are quite short in order to make them easier for people
to learn and start singing right away. Therefore, we added a
constraint to keep the musical phrases shorter than 3 bars.
In particular, the system has a fuzzy threshold parameter,
where the probability that long notes appear is increased as
more notes are added to the same phrase while the MM is
running.

Once we selected the notes of the melody, the music gen-
erated by the system will be encoded in MIDI format to use
a standard synthesizer that could be incorporated in the own
computer. We used a standard piano as the synthesis sound
due to its versatility.

4 Integration with Tra-La-Lyrics

The generation of popular Spanish songs results from the
integration of two creative systems: ETHNO-MUSIC, in
charge of generating melodies, and Tra-la-Lyrics (Gon-
calo Oliveira 2015), in charge of generating suitable lyrics.
Figure 2 gives an overview of the resulting generation flow.

As we described in the previous section, music is gener-
ated based on the features of Spanish popular music, which
include the rhythm and the sonority. Initially, the user selects
the musical style (sonority) and the topic for the lyrics gen-
eration. Then, ETHNO-MUSIC generates a new melody
with the user. Once the melody is available, Tra-la-Lyrics is
used for generating lyrics on the desired topic that suit the
rhythm of the melody. Finally, the results of Tra-la-Lyrics
for the melody generated are shown to the user.

4.1 Lyrics generation

Tra-la-Lyrics (Gongalo Oliveira 2015) generates text based
on rhythm, and is currently built on top of PoeTryMe (Gon-
calo Oliveira et al. 2017), a versatile poetry generation plat-
form. Tra-la-Lyrics can thus be seen as an instantiation of
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the latter and shares most of PoeTryMe constituents, includ-
ing the line generation module, which produces semanti-
cally-coherent lines, with the help of a semantic network,
and a grammar with line templates. Furthermore, Tra-la-
Lyrics may follow a generation strategy specifically adapted
to the generation of suitable lyrics for a given melody. For
this purpose, the target melody must be first analysed, in
order to break the melody into phrases (see Sect. 4.1.1), in
case the latter division is not provided, and for representing
the rhythm as sequence of beats (see Sect. 4.1.2).

Input melodies must be represented in the ABC music
notation', which is easily obtained from a MIDI file?. For
producing text that matches the rhythm, the Generation
Strategy (see Sect. 4.1.3) should consider the number of
beats as well as their strength. It will then use the set of
seed words for constraining line generation (see Sect. 4.1.4)
and compose the lyrics, which will consist of a selection of
the best lines for each phrase, out of those generated by the
Line Generation. The following sections describe the previ-
ous modules.

4.1.1 Phrase breaker

In PoeTryMe, a generation strategy selects and organizes
lines, produced by the Line Generator module, according to
a given form. These lines are coherent textual fragments end
their end is a suitable place for rhymes. For poems, the form
is given by the number of stanzas, lines and target lengths.
Yet, given a melody, the limits of lines have to be provided

L http://abenotation.com/.
2 Using, e.g., a UNIX binary such as midi2abc.
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or identified automatically. In this work, simple heuristics
were applied for the latter purpose, based on the lengths of
the longest pause (LP) and longest note (LN): the melody is
split after pauses that are LP/3-long or longer and notes that
are LN/2-long or longer, if resulting phrases have at least
minP notes. Phrases with more than maxP notes go through
the same splitting process until they have less than maxP
notes. These heuristics are similar to the LBDM algorithm
for music segmentation (Cambouropoulos 2001), but only
applied to rhythm, rather than pitch segmentation.

4.1.2 Rhythm analyzer

The rhythm analyzer is the same as in the original version
of Tra-la-Lyrics (Gongalo Oliveira et al. 2007). It is based
on the dot system (Lerdahl and Jackendoff 1983), which
sets the metrical accents of each beat inside a bar, and thus
the strengths of each note, according to their position. The
first beat of each bar is always the strongest. Strengths are
then distributed according to the beats (stronger) and down-
beats (weaker), depending on the time signature. In fact, Tra-
la-Lyrics only considers those that are substantially stronger,
when compared to the remaining, as actual strong beats. For
instance, in a 4/4, those will be the first and the third crotch-
ets, in a 6/8 the first and the fourth quaver, but in a 3/4, only
the first crotchet is used as the only strong beat.

4.1.3 Generation strategy

Similarly to other instantiations of PoeTryMe, lines are pro-
duced with a generate-and-test approach. Briefly, for each
line in the poem structure, textual fragments are retrieved
from the Line Generation module. This strategy is respon-
sible for selecting the fittest fragments for each line, from
a maximum of n retrieved fragments per line. The fitness
function is based on features that are relevant to the rhythm.
More specifically, it has penalties for:

— the difference between the number of syllables in a tex-
tual line and the number of notes in the musical part («);

— unstressed syllables in strong beats (f);

— stressed syllables in weak beats (y);

— words interrupted by a pause (6).

In order to increase the chance of rhymes, there is a bonus
for each pair of nearby lines with the same termination (e),
unless they end with the same word, which results in another
penalty (). This function is summarized in Eq 2.

Fitness(liney=e¢—-(C+a+f+7y+96) 2)


http://abcnotation.com/
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Fig.3 Melody with two 7-note phrases (pl and p2) with the strength of each beat (s’ for stress, ‘w’ for weak)

4.1.4 Line generation

PoeTryMe has line generation modules for producing text
fragments in Portuguese, English and Spanish, based on a
semantic network and a grammar with templates, tightly
connected to the relation types in the network. Towards
generation within a semantic domain, the network is first
constrained by a set of seed words, which will select a sub-
network that sets the generation domain. Line generation
involves selecting an edge in this subnetwork (e.g., a-rela-
tion-b), which represents a relation instance, and using its
arguments for filling the placeholders of a suitable textual
template. For instance, the following relations:

— computer usedFor work; guitar usedFor music; hat used-
For shade)

Could be used with the following rules:

— usedFor — choose the best [argl ] for your [arg2]
— usedFor — if you need [arg2], i’ll be your [argl]

Given the kind of text to generate, it made sense to use the
Spanish instantiation of PoeTryMe (Gongalo Oliveira et al.
2017), though with some additions that enable the genera-
tion of more varied lines. In this instantiation, semantic rela-
tions were originally acquired from the Spanish wordnet,
in the Multilingual Central Repository (Gonzalez-Agirre
et al. 2012), which covers mainly synonyms and hypernyms,
while lines of the generation grammar had been extracted
from an anthology of about 400 Spanish poems. For this
work, the semantic network was enriched with relations
between two Spanish words in the most recent version of
ConceptNet (Speer et al. 2017). Moreover, for the creation of
the grammar, a set of about 280 Spanish popular song lyrics,
transcribed for this purpose, was exploited, in addition to the
400 poems, thus increasing variation in the produced text.
To complete the adaptation, lyrics had to be generated with
seed words related to concepts typically invoked in Spanish
popular lyrics.

4.2 Example
Figure 3 shows a simple melody, with a 6/8 time signature,

which would have two parts (marked with pl and p2) with
seven notes each, split by a rest. For each note, the strength

of the corresponding beat is also marked, based on the 6/8
time signature — s stands for stressed and w for weak beats.
Now suppose that:

— We would like to generate a line for the first part with the
topic amor (love);

— With the semantic network in Figure 4 and a grammar
that we omit (used rules can be inferred from network
and the produced lines);

— Using the following parameters for the fitness function:
a=1,=05,y =0.1

The Line Generator could start, for instance, by producing
the following line:

® una calentura 'y un amor
To obtain its rhythm, this line is split into syllables:

® Uu-na ca—len—tu-rayuna—mor—)s W W W S W S W W
S

When matching the rhythm of this line with the rhythm of
the musical phrase, there are three syllables more than the
target rthythm, plus one weak syllable in a strong beat and
one strong syllable in a weak beat. Not considering poten-
tial rhymes, the fitness would thus be: 2 + 0.5 + 0.1 = 3.6.
The Line Generator would then keep on producing lines, for
which fitness would be computed. The line with the lowest
score is always kept to be used in the lyrics.

espanto

hypernym-of

sentimiento emo:

hypernym-of

hyperonym-of

hypernym-of

_calentura

hypernym-of

synonym-of

said-about

carifoso

said-about

Fig.4 Part of a semantic network, with the words and relations used
for generating the example line
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Here are a few examples of other lines that could be gen-
erated, their rhythm pattern and fitness score:

— con emociones temo y con espanto suspir
—S WW S WSWWSWSWWS w86
— como un amor de sentimiento
—->S WWSWWWS w25
— celeste prenda de cielo
—W S WS WWSs w—1.6
— olalla carifiosa en lo amor
—W S WWSWWWTWTW s—58

The generation of lines would stop once the maximum num-
ber of generations is reached or when a line with a score of
0 (or lower, if rhymes are considered) is produced. The fol-
lowing is an example of such a line for this example:

— ansias de mi emocion
->s wwswws—00

The generation of lines for the remaining phrases would fol-
low the same procedure. In the end, there will be a line for
each phrase of the melody.

5 Results and discussion

The evaluation of the resulting system is twofold. On the
one hand, we aim to validate the usefulness and the quality
of the overall system to generate such kind of music. On the
other hand, we aim to validate the musical and lyrics results,
meaning the vocal songs generated can follow the style of
the Spanish popular music.

The evaluation of its musical results is the remaining chal-
lenge because of the inherent subjectivity of human listen-
ers (Pearce et al. 2002). However, the involvement of users
in the evaluation is essential to demonstrate the usefulness of
our work, as the system is thought as a tool to generate music
with lyrics. Consequently, the musical results should also be
acceptable for our potential users or listeners from a popu-
lar musical point of view. In fact, for an evaluation of the
final results, most works use objective measures and some
optimization method without human evaluation at all, while
a few use a human expert to evaluate the results. Lopez-
Ortega and Lopez-Popa (2012) discuss the quality of the
system theoretically applying some creative concepts, such
as deliberation and spontaneity. Herremans and Sorensen
(2013) presented an exhaustive statistical experiment to vali-
date the efficiency according to the rules established in the
system. Delgado et al. (2009) conducted a preliminary lis-
tening test to evaluate their application. Pearce and Wiggins
(2007) proposed a listening test and a study with statistical
measures. Collins et al. (2016) also performed a listening
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test and a comparative study between the present system
and a previous work. Therefore, in this work, we will also
perform a listening test in which expert users are involved,
followed by a statistical analysis and a comparative study to
demonstrate the goals previously exposed.

For the generation of the music, 280 popular songs were
selected. All of them make use of similar rhythm patterns,
covering time signatures 2/4, 3/4, 4/4 and 6/8. Each song
consisted of 3 or 4 musical phrases with similar length, and
they are constructed following two possible scales. There-
fore, we divided the corpus in Mi mode with possible modi-
fications of this mode in its evolution to E minor and La
mode with possible modifications to evolve to A minor.

The melodies have been encoded according to the Sect. 4
and saved in an Spreadsheet with all the properties. These
features were the training corpus for the Markov model. The
memory of the MM, which corresponds to the number of
states that it can remember for the future generation of the
melody, was empirically set to 3. During the generation pro-
cess, each iteration of the system consists of adding a new
note to the melody. It is iterated until the system decides to
stop.

In this section, we first describe the evaluation about the
performance of the system to generate music in Sect. 5.1.
In a second stage, we produced several songs to perform
a listening test and retrieve a subjective evaluation of the
popular music and the lyrics generated. This evaluation and
the discussion is described in Sect. 5.2. Finally, in order to
know the popular features that they contain and how they
were generated, some of the examples produced are shown
and analyzed in Section 5.3.

5.1 Analyzing the interaction with the user

In the original ETHNO-MUSIC, during the generation pro-
cess, each iteration of the system consists of adding of a new
note in the melody assisted by the mouse position and the
MM, and it is iterated until the user decides to stop.

In order to assess the quality of the music, a listening test
was designed in which 10 melodies generated by the sys-
tem were chosen. There were 5 melodies of La mode and 5
melodies of Mi mode. Additionally, 4 melodies have a time
signature of 6/8, 3 of 3/4 and 3 of 2/4.

We follow Berenson et al. (2012) theory to measure the
statistical conditions of our listening test. The confidence
level refers to the probability of success in the estimation,
and is set to the standard for most statistical analysis, 95%.
The standard error is related to the distribution and the devi-
ation of the parameters measured in the test. In percentages,
for this listening test we have a relative standard error of
21.18%, which can be considered admissible for such sub-
jective tests.
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Table 1 Statistics resulting from 2

s X M, M,
the listening test results

Melody 6.238¢—04 4 4
Sound 2.136e—-02 4 4
Rhythm 5.641e—-03 4 3

The listening tests always include some level of subjec-
tivity, as usually depends on the culture or even the mood
of the people involved. To minimize the subjectivity of our
evaluation, we looked for expert users in Spanish popular
music. They have studied Ethnomusicology or Musicology,
or are very familiar with the Spanish tradition due to their
background (for example, teachers of traditional instru-
ments, or musicians of Spanish folk music). Their back-
ground makes the results more reliable, as they are asked to
evaluate more “objective” features (considering that music
and art in general, are very subjective fields). These objec-
tive features include similarity between the music generated
and the Spanish popular music style, similarity of lyrics, or
significance, always from the popular music perspectives.

Finally, 21 expert users in ethnomusicology were
selected. They had at least four years of experience working
in Ethnomusicology or Musicology, or have finished their
music studies in those degrees less than one year ago. Alter-
natively, we also contacted people that worked as a musi-
cian of Spanish folk music or teachers that teaches Span-
ish traditional instruments, and they are familiar with the
Spanish tradition. These experts were asked if they think the
melodies generated follows the standards of popular music
according to the following items:

— Melody: how pleasant is the melody?

— Sound: how well does the melody, in some way, give a
feeling of the popular style of the songs?

— Rhythm of the melody: how well does the rhythm suit the
popular music style?

They should evaluate the quality in a 5-point Likert scale,
where 1 means “Very poorly” and 5 means “Perfectly”.

For such categorical data, we use the chi-square test to
prove that the results reflect the quality of the melodies
according to the subjective ratings given by the listeners.
It is important to note that we can get very subjective rat-
ings since all listeners can have different interpretations of
the musical pieces and different musical tastes. Thus, we
considered the analysis of the median M, and the mode M,
a useful step.

Table 1 collects statistical values calculated from the data,
namely the p-value for the chi-value y? the median M, and
the mode M. The statistical analysis suggests that the sys-
tem can generate melodies with a good musical quality and
that captures the style of the Spanish popular melodies. The

Table 2 Final statistics after the users finished testing the system

Easy to use Interface Control Overall
Quality Ratings
Mode 4 3 4
Median 4 3 4 3

majority of listeners think the values are “Good” (accord-
ing to the M) and the median indicates at least half of the
ratings obtained are scored as “Good” or even better in both
items. The mode for the rhythmic aspects shows most users
thought the rhythm is average. The rhythm is quite diffi-
cult to capture, even when the user tries to make changes
throught the device, as the the melodies in popular music
often use very regular figures and it is difficult to extract
new ones. However, the results are also quite positive, as
half of the scores obtained are above “Fair "according to
the median.

In this part, we also aim to validate the usefulness of the
system. For this purpose, a total of 15 users were selected
to test the system. Each user generated 10 melodies and
then were asked for their experience with the system. They
answered a questionnaire about whether the system is easy
to use, the interface conforms to the real movements of the
device, as well as the overall score for the system and pos-
sible suggestions. All the questions could be rated from 1
(“Completely disagree”) to 5 (“Completely agree”). Table 2
shows the mean scores for all these questions.

The Table 2 shows that the general satisfaction degree
is quite high, with a mode of 4 and median value of 3. The
users consider the system to be very easy to use even for
people without any musical training (with a median and a
mode of 4), although the interface could be improved (mode
and median of 3). Some users have suggested the addition
of a complete score with notes and rhythms instead of only
listening to the final sounds and see the score at the end of
the generation process.

5.2 Analyzing the melody and lyrics

For the generation of lyrics, melodies were split into phrases
using minP = 8 and maxP = 16, because Spanish popular
songs typically use lines of 8 or 16 syllables. Given their
commonality among Spanish popular music, the domains
of sleep (common in lullabies) and love (used in love songs)
were used for lyrics generation, and represented by the fol-
lowing groups of seed words:

— Sleep: dormir, cuna, bebé, panial, noche, mamd, coco,
suefio, sofiar, estrellas, luna (in English, to sleep, cradle,
baby, diaper, night, mummy, poo, dream, to dream, stars,
moon);
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Table 3 Comparison between our proposal and other proposals

ETHNO- ALYSIA Singh

MUSIC et al.

+TralaLyrics (2017)
Lyrics and music generation X X X
Includes folk songs X - -
Generating music before lyrics X - -
Learning Machines X X X
Use of Markov models X - X
Interaction with the users - - X

Use of Spanish language X - -

— Love: amor, novia, moza, mozo, bella, belleza, feliz,
alcoba, morena, guapa, sonrisa, ojos, bonito, bonita
(in English, love, girlfriend, girl, lad, beautiful, beauty,
happy, bedroom, brunette, pretty, smile, eyes, pretty).

For each selected melody-domain pair, 20 lyrics were gener-
ated. Yet, in the end, the system only selected the lyrics with
higher scores on the rhythm for inclusion the validation set.
Each line was the fittest of 5000 (n = 5000) and the follow-
ing parameters were empirically set for the fitness function:
a=1,=05y=016=03,e=2,{=1

Finally, as we stated in Sect. 2, the system proposed share
multiple features with other works, but also present some
differences that are important to highlight. There are two
specific proposals, AIYSIA (Ackerman and Loker 2017) and
Singh et al. (2017) that have points in common, such as the
application of learning techniques and the generation of lyr-
ics and music as a process. To compare the features of the
three systems and highlight the differences among them, a
qualitative comparison is shown in Table 3.

The three systems are centered in the generation of lyrics
and music altogether. However, only the proposal system
generated lyrics according to a predefined melody, instead
of using the lyrics as the basis to create a new melody. Addi-
tionally, both ETHNO-MUSIC and Singh et al. (2017) pro-
posal make use of MMs with successful results according to
the evaluation performed. However, our proposal includes
important novelties, such as the use of Spanish language
and the use of a new corpus of folk songs, unlike the rest
of the works, which are centered in English classical and
pop music. The techniques applied are related to machine
learning.

5.2.1 Listening test
Once designed and implemented, we got insights on
the validity of the new automated composer. Due to

the inherent subjectivity of human listeners, this kind
of evaluation remains a challenge for music composed
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automatically (Pearce et al. 2002). The same happens
for creative text. Following other examples of subjective
evaluation by a group of human listeners [e.g. Delgado
et al. (2009); Pearce and Wiggins (2007); Collins et al.
(2016)], who perform listening tests, we follow a similar
approach for evaluating the musical results and the lyrics
of the system.

The listening test was designed with 8 melodies gener-
ated by the system. Although the melodies can follow seven
diatonic modes, we selected the two modes which appear
in the Spanish culture more frequently, namely Mi Mode
and La Mode. It is important to note that both modes show
a similar behavior, making pauses in 4th, 3rd or 2nd notes
of the scale, or containing only a limited tessitura around
5-6 notes. Therefore, the melodies selected should show
this behavior. Additionally, we have to take into account
that the Mi mode is more frequent than La mode in Spanish
popular music. Therefore, for the listening test, we selected
2 melodies in La mode and 6 in Mi mode, both with limited
tessitura and similar behavior.

Additionally, the melodies can have different time signa-
tures. Among the possible options, Spanish popular music
commonly has times of 6/8, 4/4, 3/4 and 2/4. Therefore, we
selected melodies with those time signatures to analyze pos-
sible variations of lyrics according to different rhythmics.
Finally, we selected one in 6/8, three in 4/4 and two in 3/4
and 2/4.

Finally, the melodies should reflect different aspects of
the topics “love” and “sleep”. For each of the melodies, two
lyrics were generated, one in the topic love and another on
sleep. Among them, 8 songs were selected for the listening
tests, 4 of them related with love, and the rest with sleep.

A total of 17 users with musical knowledge about popular
music (more than 4 years of experience in popular music,
or students of Musicology) were asked to answer and online
form with questions about the melodies generated and how
they follow the standards of popular music according to the
sonority and the rhythm. There were questions targetting the
melody, the lyrics, and both. More precisely, the melodic
line could be played by a piano, the lyrics were shown below
in text, and there was also a picture with the score with lyrics
included, as shown in Fig. 5.

The following questions were made for each song and
were answered in a scale from 1 to 5, where 1 means Very
poorly and 5 means Perfectly.

1. Melody: how pleasant is the melody?
Sound: how well does the melody, in some way, give a
feeling of the popular style of the songs?

3. Rhythm of the melody: how well does the rhythm suit
the popular music style?

4. Rhythm of the lyrics: how well does the text suit the
rhythm of the original melody?
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Fig.5 Screenshot of the valida-
tion form to analyze melody
and lyrics

Evaluation Form

You will hear 8 excerpts of 8 musical songs generated in the style of Spanish popular music. You
should evaluate the aspects required (melody and lyrics) from 1 to 5, according to your opinion.
Thanks a lot for your help.
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y alli triste cantaba

cunay nacimiento

mi s - mar om0 quie-re sem - -

hijas del suefio somnoliento
periodos y periodos

sofiar y fantasear

mi inventar no quiere sofiar
dormido si queréis dormir
mi sofiar no quiere sentir
durmiendo si queréis dormir
mi sofiar no quiere sentir

Is the melody pleasant?

Very poor

Subject: how is the text related to any of the following
topics: work, love?

6. Meaning: how much sense does the text of the lyrics
make? Is it possible to, somehow, interpret it?
7. Opverall quality: in general, what is the quality of the

melody plus lyrics?

For such categorical data, we use the median and mode
values to show that the results reflect the quality of the
melodies according to the subjective ratings given by the
listeners. It is important to note that we can get subjective
ratings since all listeners can have different interpretations
of the musical pieces and different musical tastes.

1

@)

2

o O O O

Very good

We expect the system to reflect the perceptual quality of
the melodies according to the popular songs style. Likewise,
we wanted to verify the quality of the lyrics according to the
positive ratings given by the listeners. Table 4 presents the
answers given for each assessed item (question), as well as
their mode (M) and median ().

The table shows a varied range of ratings, which confirms
that assessing the resulting songs is a subjective task. Yet,
for each assessed items, there is majority of 4 s and a few 3
s, which means that, overall, the results are positive.

More than the 54% of the responses evaluated the melody
as “Good” or even better. That means the users found the
melody pleasant when they listened to it. The 60% of the
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Table 4 Overall validation

Item Rating M, M,
results for the 10 assessed songs
1 2 3 4 5
Melody 0 13 42 47 18 4 4
Sound 3 41 59 13 4 4
Rhythm (Melody) 0 8 47 52 13 4 4
Rhythm (Lyrics) 2 45 41 24 3 4
Subject 5 12 25 53 24 4 4
Text Meaning 20 6 32 50 11 4 4
Overall Quality 1 14 52 41 12 3 3

users considered that the music adapts to the popular music
standards well or very well, as does the melodic rhythm,
where the 54% of the users evaluated this item as good or
very good.

The item more frequently rated with 1 (very poor) is the
text meaning, which we consider to be the most challeng-
ing. Yet, overall, this item still got a positive median and
mode. It was by a low margin, but the mode of the rhythm
of the lyrics is in the middle of our scale, which shows that
not all the lyrics match the rhythm perfectly. In fact, while,
in some cases, it is matched almost perfectly, in other cases
many words that do not match the rhythm. We will show this
phenomenon with the examples in Sect. 5.3.

The worst rated item ended up being the overall quality,
which, on the one hand, is a bit surprising, because it we
would expect it to be roughly an average of all the other
items. Yet, we may also see this as a result of summing all
the issues identified in the previous items.

In order to check the impact of the seed words used for
the generation on the lyrics, Table 5 presents the validation
numbers according to the semantic domain. Results are com-
parable for all items but for the rhythm of the lyrics. Accord-
ing to these results, the rhythm of the lyrics generated in the
‘sleep’ semantic domain is worse than those generated in the
‘love’ domain. This suggests that the selection of the seeds
does not have an impact on the meaning only, but also on
the rhythm, even if indirectly, because seeds will constrain
the semantic network, which is tightly related to the gram-
mar. For instance, if selected seeds are not present in many
relations, are only present in relations of a few types, or in
relations of types for which the grammar does not have many
patterns, the generation space might become too limited,
making it difficult to find suitable fragments for every pos-
sible rhythmic sequences.

5.3 Examples
Figures 6 and 7 show examples of two generated songs,
selected from the validation samples. We selected those ones

that present different popular features, like different time
signatures, scales and lyrics.

@ Springer

For each example, we present the score, the Spanish lyrics
assigned to the corresponding notes, the same lyrics alone
and a rough English translation for them. All the melodies
generated share representative features of popular music,
such as the constant repetition of pitches and the limited tes-
situra. Additionally, to some extent, lyrics match the rhythm
and use a varied range of words related to the selected topics.

The melody in Fig. 6 shows a limited tessitura, as the
notes only go from E to B. The rhythmic formulas are very
repetitive and centered on the syllabic text that accompa-
nies the melody, instead of showing complex rhythm fig-
ures. The melody usually makes pauses on the second and
third degrees, which is typical of modal music, unlike tonal-
ity, where pauses are usually produced on fifth and tonic
degrees. The melody represents a good example of popular
music, as the median and modes obtained in the listening test
of 4, even if it is not very pleasant according to the evalua-
tions, with a mode and a median of 3.

Lyrics for this song were generated with the sleep-related
seeds, which is clear by the presence of words like cuna (cra-
dle), dormir (to sleep), suefio (dream) or sofiar (to dream),
from the seed set, and also other related words, such as som-
noliento (sleepy), dormido (asleep), durmiendo (sleeping),
or sentir (to feel, an hypernym of to dream). The previous
are used in semantically-coherent textual fragments. This
item was very well rated by the listeners, with a median and
a mode of 4.

On the rhythm, all but two notes are assigned to a single
syllable. Exceptions occur in the word som-no-lien-to and
in one of the occurrences of so-fiar, for which the two last

Table 5 Validation of the lyrics for the 10 assessed songs, according
to the semantic domain

Item Sleep Love

M, 0 M, d M, 0 M, d
Rhythm (lyrics) 3 3 4 4
Subject 4 4 4 4
Text meaning 4 4 4 4
Overall quality 3 3 3 3
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Fig.6 Song in Mi mode, with < =100

Spanish lyrics on the domain 4 - - - - — ] —
‘dormir’ (sleep), including e e e J e e e e e e e S e S = 1
rough English translation ¢ v a - lli tris-te can- -ta - ba cu -na y na - c¢i - mien - - to

hi - jas del sue-fio som-no liento pe -rio - dos y pe ri - o - dos so - fiar
) e— , r v - '
VA 1 1 - X 1 1 1 i 1 |
@5 s © d - ” ) o o - o
o
y fan-ta - se - ar mi in - ven - tar no quie - re sonar dor-mi -do si que
9 f— T P— T T | X |
r ] 1 1 1 1 1 1 1
L’TP LS o o - - ™ —¢g - . . o .
L
reis dor - mir mi S0 far no quie re sen tir dur
9 ” Y - * T Y
o - 1 1 1 » 1 I 1 1 - 1
(3) . e e e | p— o e e —— |
" mien-do si que - reis dor - mir mi  so - far no quie-re sen tir
y alli triste cantaba, cuna y nacimiento and there (he) was sadly singing, cradle and birth
hijas del suefio somnoliento daughters of the sleepy dream
periodos y periodos periods and periods
sofiar y fantasear of dream and fantasy
mi inventar no quiere sofiar my inventing does not want to dream
dormido si queréis dormir asleep if you want to sleep
mi sofiar no quiere sentir my snoring does not want to feel
durmiendo si queréis dormir sleeping if you want to sleep
mi sofiar no quiere sentir my snoring does not want to feel
Fig.7 Song in Mi mode, with e —FF ———
Spanish lyrics on the domain s > L — - -
‘amor’ (love), including rough ¢ . — .
> g g a-mo-ro - sa e-res del-ga-da co-mo el tri-go a- -mor - - y a-li

English translation

1 T T T T T 1 1 1 1 1 I T 1Y T ]
1 ;I 1 1 1 1 1 1 ; 1 1 1 1 ]
— A—1 e e —
tris - te can - ta- -ba mo - za y me - nor - mo - Zo se - rd a -
1 1 1 1 T 1 T 1 1 1 1 1 1 T 1 T 1 1 1 T T 1 1 1 1 1 I ]
1 1 1 1 1 1 ]l
quel mas-cu-li-no de tu fe-liz ma-tri-mo - nio haz tam-ba-le-ar los cer-cos de mis o-cu-

la-res o - jos al ro-ciar-le con e-lla a - - pues-ta y in-te-re - sa- -da

cer-ca mi fe-liz de tus fe - - - li-ces ro-jos en el ca-mi-lle-ro de su en-car-ga - da

lovi hin like wh
amorosa eres delgada como el oving you are thin like wheat, my

. love
trigo amor N .
y alli triste cantaba, moza y menor andr:if:gf sadly singing, girl and

mozo sera aquel masculino de tu
feliz matrimonio

haz tambalear los cercos de mis
0oScuros ojos

al rociarle con ella apuesta e in-

boy will be that male of your
happy marriage

shake the edges of my dark eyes

by spraying her with it pretty and

teresada interested
cerca mi feliz de tus felices rojos (you're) close, my happy, to your
happy reds

/ illero d d. . )
en el camiilero de su encargada in your attendant’s stretcher.
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Fig.8 Song in La mode, with
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y alli triste cantaba, discipulo y seguidor

no sé qué amarte, amor

y alli triste cantaba, discipulo y seguidor

a tus aras y altar
amante y amor

syllables are assigned to the same note. Furthermore, only
a minority of unstressed syllables matches strong beats,
namely the last syllable of nas-ci-mien-to and the first sylla-
ble of in-ven-tar. This is partially compensated by the pres-
ence of rhymes in nacimiento/somnoliento, fantasear/soriar
and sentir/dormir. These issues are also perceived by the
listeners, therefore a lower score has been obtained in the
rhythm of the text, in particular, a mode and a median of 3.

In the melody of Fig. 7 the rhythm which accompanies
the lyrics is quite repetitive. This fact is also perceived by the
user, and consequently both the median and the mode for the
rhythm of this song are 3. However, the melody behaves like
the popular music, with rests in the second and third degrees,
a typical feature of modal (and popular) music, in this case,
of the Mi Mode. In this excerpt, the evaluation of this item
obtained a median and a mode of 4.

Lyrics for this song were generated with the love-
related seeds, which results in the presence of words
like amor (love), moza (girl), mozo (boy), ojos (eyes),
feliz (happy), both in the seed set, and other related words
such as amorosa (lovely), matrimonio (marriage) or
apuesta (pretty, synonym of bella). The relationship between
the lyrics and the seed is quite accurate, as the results of the
listening test demonstrated, with a median and a mode of 4.

On the rhythm, there are no notes with more than one
syllable but there are three with none. Of those, two are tied
to the previous, and thus considered by the Tra-la-Lyrics as
their extension. Therefore, the only issue on this aspect is the
word me-nor, which has two syllables that spread by three
notes. We do not see this as critical, as it could by fixed at
singing time, for instance, by repeating the last syllable in
the third note. On the other hand, for this melody, the system
struggled to match strong beats with stressed syllables, as
there are several unstressed syllables matching strong beats,
namely, the the first and third syllables of a-mo-ro-sa, the
first of del-ga-da, me-nor, se-rd, ma-tri-mo-nio, the third of
tam-ba-le-ar, the first of ro-ciar-te, a-pues-ta, in-te-re-sa-da,
fe-liz, the first and third of fe-li-ces, the third of ca-mi-lle-ro
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and there was sadly singing
disciple and follower

and there was sadly singing
disciple and follower

to your altars and altar
lover and love

and the fourth of en-car-ga-da. The number of issues is also
due to the time signature of this music, 6/8, for which, appar-
ently, it was more difficult to find textual fragments with
matching rhythm. Despite the previous issues, three rhymes
are present in amor/menor, teresada/encargada and ojos/
rojos.

The melody of the third example, in Fig. 8 is generated
in La mode, unlike the Examples 1 and 2. Therefore, even
though the behavior is similar, the sonority is different and
more similar (auditively) to tonality. It shows a limited
tessitura but wider than the other examples, as the notes
go from E to C. The melody usually makes pauses in the
first degrees but avoids Sth and 4th degrees, which are fre-
quently used in tonality. The behavior of the melody is quite
good according to the listening test, with a median and a
mode of 4. However, the rhythm obtained a median of 4,
which means that at least half of the listeners considered the
rhythm good or very good. However, the mode value is 3.
Some users could have perceived that the rhythmic formu-
las are very repetitive and centered on the syllabic text that
accompanies the melody, instead of showing some complex
rhythm figures.

Lyrics for this song were again generated with the love-
related seeds, which results in the presence of words like
amor (love) and other related, such as amarte (loving you),
amante (lover), or discipulo (disciple, hyponym-of mozo).
Again the evaluation of this item demonstrate the good rela-
tionship between lyrics and seeds, with a median and a mode
of 4.

On the rhythm, there are no notes with more than one
syllable nor syllables that need to spread among more than
one note. Rhythm is matched more tightly than the previ-
ous example, as all the syllables matching strong beats are
stressed. The results in this particular case are slightly better,
with a median of 4 and a mode of 3.

Furthermore, as both the previous examples, these lyr-
ics use the pattern “y alli triste cantaba...”. This happens
for a series of reasons, including that this pattern has eight
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syllables, a common length for musical phrases in Spanish
popular music and half the value of minP, which becomes
closer to minP with its variable part (in this case, moza
y menor); and it can be used for three different semantic
relations. More precisely, the original text the pattern was
extracted from was y alli triste cantaba, noche y dia and, in
our semantic network, the words noche (night) and dia (day)
are connected by three different relations, namely:

— dia hypernym-of noche
— noche part-of dia
— noche antonym-of dia

6 Conclusions

This paper presents ETHNO-MUSIC, an intelligent sys-
tem to compose melodies using a common device such as
a mouse to control the duration and the pitch of the gener-
ated notes. The melodies adapt to user preferences through
the indications given by the position of the mouse in an
interface. Additionally, it presents an integration of ETHNO-
MUSIC and Tra-La-Lyrics to add lyrics to the melodies also
following the style of the Spanish popular music.

As a first step, the proposed approach retrieves a set of
MIDI files from which some musical features are extracted.
A Markov model is then trained with the data of the collec-
tion of music, and the transition probabilities of this model
are modified according to the control device to generate a
melody that respects these “controlled” probabilities.

To deploy the system, an application has been devel-
oped that could be described as a controllable intelligent
sequencer, since on the one hand it learns to generate
sequences from sets of examples and on the other it admits
the direct intervention of the user to guide the process of
generation of the melody.

The results of the different experiments carried out
emphasize the importance of user preferences in the melody
generation. However, despite the users’ indications, we do
not avoid to follow the standards of the popular music in the
generation process. In fact, the user has an essential role to
guide the generation process and adapt the melody to his
preferences with the mouse.

Evaluation aimed to demonstrate that both the melody
and the lyrics share common features with the original Span-
ish popular music. For this purpose, a new listening test was
performed to retrieve users’ opinion on the quality of musi-
cal features such as the sound, the rhythm and the melodical
behavior, and the quality of the rhythm and semantics of
the lyrics. The results revealed positive aspects about the
melody and the lyrics.

Although there are some open issues in current state of
the art, the main goal of this work was the application of

different techniques to create popular songs, which is a nov-
elty by itself. Additionally, the process of generating lyrics
from melodies is quite novel, and has been carried out with
interesting results. Finally, the use of MMs as a complement
to help the users through a musical composition has been
scored as quite interesting, as the users feel included in the
composition process, and they are an essential part to create
new melodies, preserving the Spanish popular music style.

The results also assisted us to identify some limitations
that should be addressed in the future, for a new version of
the system.

In order to improve the automatic generation of music, it
would be interesting to capture other important character-
istics of the extracted melodies as they can be either musi-
cal phrases or harmony. We can study the possibility of
introducing this information in the system to generate more
phrasal music. There are few approaches that can be adapted,
for example the use of n-grams(Whorley and Conklin 2016),
or the generation of structural trees that control the tension
surface and the phrases (Lerdahl and Jackendoff 1983).

Regarding the music with lyrics, it would be interest-
ing to test singing voice synthesis software for singing the
generated songs, which could possibly make the validation
clearer. The results have shown the rhythmic patterns in the
lyrics could be improved. Therefore, alternative strategies
could be tested for matching the rhythm. In a future, an evo-
lutionary strategy, available in the same platform, could be
tested for lyrics. However, its fitness function would require
new work, as it requires new parameters about music and
lyrics, and a new configuration. Moreover, user interaction
for the composition of the lyrics may be provided with Co-
PoeTryMe (Gongalo Oliveira et al. 2019), a user interface
for the co-creation of poetry and song lyrics with PoeTryMe.
It would be just a matter of adding the generated melodies
to those available and, possibly, changing the Spanish gram-
mars. By the way, being based on PoeTryMe, Co-PoeTryMe
already enables the generation in other languages, namely
Portuguese and English.

Given the importance of lyrics in popular music for eth-
nomusicologist studies, a deeper analysis of popular songs
and their lyrics should be addressed in order to improve the
vocabulary and semantics of the lyrics generator.
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