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ABSTRACT

We present a new benchmark dataset of songs with structured in-
formation to be applied in various machine learning tasks. The
data comes from a platform focused on lyrics information, but
contain several other annotations provided by their users. Our
dataset, called 4MuLA (Multitask, Multimodal, and Multilingual
Music Lyrics and Audio features dataset), includes features ex-
tracted from 96,458 songs distributed by 15,310 artists in 76 genres.
In particular, our dataset contains latin music genres that are often
overlooked in other benchmark datasets. For each track, we make
available various acoustic features, extracted tags, and lyrics in
English, Portuguese, or Spanish. With these features, researchers
can use our dataset for, at least, lyrics-, audio- or multimodal-based
genre classification, music and artist similarity, and popularity re-
gression. Moreover, we can perform cross- or multilingual text
analysis on lyrics, such as discourse analysis or measuring the
differences between emotion transmitted by audio and lyrics.
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1 INTRODUCTION

The lack of public datasets is a relevant issue for the Music Informa-
tion Retrieval (MIR) research since its first endeavors. Copyrights,
large volumes of data, and the specific needs of different tasks
are clear reasons for this inconvenience. For instance, datasets for
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tagging and classification may publish the original audio if they
use Creative Commons-licensed music, such as FMA [7] and Ja-
mendo [3]. On the other hand, datasets for cover song identification,
such as DA-TACOS [25], do not have Creative Commons data as an
option since music protected by copyrights are the most commonly
covered.

For this reason, datasets for varied tasks were created. In the
last edition of the International Society for Information Retrieval
Conference, for instance, more than ten novel datasets for specific
tasks were presented [2, 4, 6, 8, 11-13, 15, 18, 21, 23, 25]. However,
it leads to a considerable heterogeneity of quality, organization,
and type of data. These characteristics increase the difficulty in
curate data, reproducing results, and other research and practical
problems.

In this paper, we presented a dataset to be used for different tasks
and applied in varied scenarios. The data comes from a platform
focused on lyrics information but contains several other annotations
provided by their users. Our dataset comprises lyrics from different
languages and audio features of a thousand songs labeled with one
or more genres. The main features of our dataset, which gives it the
name 4MuLA - a Multitask, Multimodal, and Multilingual Music
Lyrics and Audio features dataset — are:

e Multitask: Our dataset has annotations of the genre (multi-
label and ordered by relevance), artist, the similarity between
songs and artists, popularity index. These labels can be used
as the target for many different MIR tasks.

e Multimodal: We make available the lyrics of each song and
various features extracted from the audio. So, researchers or
practitioners may investigate how these modalities comple-
ment each other.

o Multilingual: The lyrics of the songs in our dataset are from
three different languages: English, Spanish, and Portuguese.
This way, it is possible to use multilingual or cross-lingual
techniques, as well as subsets containing one single language.

With these features, researchers can use our dataset for, at least,
lyrics-, audio- or multimodal-based genre classification, music and
artist similarity, and popularity regression. Also, one may be inter-
ested in studying the differences between regional genres, given
we provide features for genres like hip-hop (Northern American),
bossa nova (Brazilian), and salsa (Central/Latin American). More-
over, we can perform cross- or multilingual text analysis on lyrics,
such as discourse analysis or measuring the differences between
emotion transmitted by audio and lyrics.
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2 RELATED WORK

The number of commercial music releases protects by copyrights is
much higher than the number of available music on open reposito-
ries or under Creative Commons license. To build learning models
with functional data generalization capacity, we need to process
the audio signal for the songs, lyrics, and other metadata to extract
relevant features representing the music’s characteristics, but this
is a difficult task due to the limitations of access to music.

We can easily observe these limitations in traditional datasets
(1,9, 10, 24] that have audio files, but do not contain a large amount
of music, concentrate a large part of them in a small standard set of
genres, or do not have a multimodal representation. Besides, these
datasets are usually limited to Western music.

In general, most public music datasets neglect Latin music. In
the absence of datasets that contain Latin songs with information
and quantity that allows a consistent musical representation, some
authors build specific datasets to use in their studies. Usually, these
efforts are limited to one task. Besides, they are specific for Latin
music, i.e., do not include music from other countries in the same
dataset. The BR_Mus [22] is an exception to the latter limitation.
The dataset contains songs from twelve genres, including but not
limited to Brazilian genres.However, the only available metadata
is the genre information, and the dataset only comprises 1,008
recordings.

The Latin Music Database (LMD) proposed by Silla et al. [14]
contains 3,160 pieces of music distributed across ten genres empiri-
cally selected by the authors and labeled by experts. The available
labels represent a small amount of the existing genres.

In another effort to include Brazilian music in open datasets, the
SAMBASET [15] comprises 493 Samba Enredo songs. However, the
dataset is limited to that genre, and the metadata focuses on tempo
identification and beat tracking.

With only Brazilian genres, The Brazilian Music Dataset (BMD)
[16] has 210 songs grouped in 7 genres, some not existing in LMD.
Also, with songs chosen empirically and not available, the set was
developed to compare a model’s performance in solving a classifi-
cation problem using GTZAN [24] as a dataset with “global” genres
and BMD as regional. Disregarding the question of GTZAN being
a dataset with the global representation of genres, the amount of
songs and genres existing in the BMD limits the scope of regional
representation of the dataset.

Using the Brazilian portal Vagalume (c.f. Section 3), Lima et al.[5]
propose a dataset with lyrics information labeled by artists and
genres. The authors provide information on 138,368 Brazilian songs
distributed in 14 genres.

Based on these limitations, we propose a new dataset using com-
mercial music represented by acoustic features, lyrics, metadata,
and categorical labels. Our dataset is composed of western mu-
sic, including American and Latin music, with great emphasis on
Brazilian artists and genres, commonly neglected in digital music
research due to the absence of these genres in traditional datasets.

3 THE DATASET

The main source of data for 4MuLA is the Brazilian music portal
Vagalume. This website, created in 2002, provides thousands of
lyrics, links to YouTube videos, genre information, the similarity
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between songs and artists, among other data. The portal’s users
are responsible for creating and modifying this information, which
implies a data bias that reflects the users’ behavior and demands.
Besides, the company has a public API! to grant access to all the
data.

We make available our dataset in a public repository?, with
instructions for use, logs of changes, download links, metadata, and
code for reproducing the acquisition process.

3.1 Data Acquisition

The data acquisition to build the 4MuLA begins with searching for
all Vagalume artists and information about music. The Vagalume
does not provide the audio of the songs. However, there is a YouTube
video of the song on the lyrics page where we can access the audio.
We make available some acoustic features, identifiers, and names
of the artists and songs, lyrics, genres, related artists, categorical
audio tags, and the artist’s position in the Vagalume ranking.

The artists are grouped by genres or by the initial of their name.
We chose to search using the initials to search for all artists, as we
observed that the same artist might have an affinity with multi-
ple genres. This search strategy using initials eliminated artists’
redundancies and resulted in 177,685 artists.

For the initial version of our dataset, we chose to work with only
songs by artists with some position in the ranking and have lyrics
in Brazilian Portuguese, Portuguese, English, and Spanish. This
selection criterion eliminated 117,247 artists who are not ranked
and other 44,797 artists who do not have songs or their songs have
different languages, not defined by us. The remaining 15,310 artists
have a total of 96,458 songs that make up the dataset. The audio used
in our database comes from a YouTube video the users associate
with each song.

3.2 Features Extraction

Copyrights protect most of the songs in 4MuLA, so we can not
provide the audio of each track in the data set. However, we ac-
knowledge that different MIR tasks or algorithms may consider
various features. Therefore, we provide a set of distinct features
extracted from each recording. Specifically, we offer features that
reveal different characteristics of the songs.

We extracted and made available 128-bins melspectrogram, 20
MFCCs, 12-bin Constant-Q chromagram, tonnetz, and tempogram.
For all cases, we use the Python library Librosa [17], keeping the
default parameter values. Besides, we extracted the 3 top tags using
the neural network for music audio tagging musicnn [20]. For this
purpose, we use 30 seconds of the recording, skipping its initial
15 seconds (as suggested in [19]). In addition to not disrespecting
copyrights, we reduce the space needed to store the data and avoid
the overhead for calculating the features to be used.

Still, recognizing that other researchers may need different fea-
tures extracted from the audio, we can extract additional features
on demand. In this case, we commit to making the new features
available to increase our dataset, so other researchers can also take
advantage of this new data.

Uhttp://api.vagalume.com.br/docs/
Zhttps://github.com/4mulaDataset/4mula
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Finally, we emphasize that both the already available features
and those extracted on demand can not rely on an exact inverse
transform. In other words, we are committed to not providing
features that can undergo the audio reconstruction.

In addition to the acoustic information, we have descriptive
information that can also represent the songs. We make its identifier,
title, language, lyrics, and a list of related songs available for each
song. Regarding the artists, we also have their identifier, name,
primary and related genres organized by similarity to the artist’s
style, related artists, and their position in a popularity ranking.

3.3 DPossible Applications

Our dataset allows researching on varied tasks from this data and
metadata, which give 4MuLA the multitask character. For instance,
the genre information will enable us to study novel models to
recognize music genres automatically. Other labels, such as the
artist performing the song, can also be used to target classification
tasks.

We can also develop regression and clustering techniques using
4MuLA. For example, the artist’s ranking metadata can represent
the target attribute for the regression task. Grouping music by
content or metadata and analyzing the factors that led to such a
partition can help gain insights into the relationship between music
and artists.

Finally, the similarity between artists and songs is another meta-
data that serves as a basis for some tasks, such as creating machine
learning models to estimate the similarity between these entities.
Researchers interested in visualization or complex network analysis
can also use the similarities included in 4MuLA.

We recall that every task associated with the 4MuLA, including
those presented in this section, can potentially be performed using
the lyrics, the audio features, or taking advantage of its multimodal-

ity.

4 EXPLORATORY DATA ANALYSIS

Each song in 4MuLA has up to six genres ordered by their relevance,
assigned according to the artist’s genres. For the sake of simplicity,
we refer to the first of these labels as the main genre. To explore
4MuLA data, we start by analyzing the data based on the genres
linked to each recording. In total, we have 76 different genres that
label 15,310 artists and 96,458 songs. Figure 1 and Figure 2 show
the number of artists and songs, respectively, in each genre, sorted
by the number of occurrences.

In both cases, it is possible to observe the significant dominance
of some genders. Notably, the charts’ left part is dominated by
Gospel/Religious, Sertanejo (a popular genre in the Brazilian coun-
tryside), Rock, Pop, and, curiously, Unknown genre. We can also
notice that the number of unlabeled artists is very prominent in the
first position (Figure 1). However, the number of Gospel/religious
songs is much higher than any other genre (Figure 2). We can see
that our dataset comprises several artists with unknown genres
but with relatively few songs each. On the other hand, the gospel
artists in our dataset have a large average number of songs.

Figure 3 reports the ranking score, regarding the relevance of
the songs by each genre.
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Figure 3: The artist rank distribution in each genre.

The presentation order of genres in Figure 3 follows the same
sequence as shown in Figure 2. However, it is not possible to see a
clear pattern between consecutive boxplots. This observation shows
that the number of songs is not directly related to the relevance of
each genre. For instance, the soft rock appears in the 47th position
but has scores concentrated in lower values than religious music,
in the first position.

Finally, we recall that we can represent our data by graphs where
the vertices represent the artists (or the songs), and an edge is
inserted between node A and B if B appears in the list of the most
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related node to A or vice versa. Thereby, we can study its local
characteristics, that is, how it relates to its neighbors. Table 1 shows
information from the top ten artists with the highest degree in the
artist graph, which average degree is 12.8618. The relative degree
is the proportion of the degree in the whole graph.

Table 1: Summary of the nodes representing the ten artists
with higher absolute degree.

Artist absolute degree relative degree betweenness closeness
Adele 1440 0.094 0.123 0.361
Luan Santana 989 0.065 0.050 0.339
Jorge e Mateus 820 0.054 0.034 0.333
Paula Fernandes 720 0.047 0.034 0.329
Glee 719 0.047 0.029 0.330

Katy Perry 676 0.044 0.021 0.329
Bruno Mars 592 0.039 0.022 0.322
Rihanna 567 0.037 0.017 0.323
Lady Gaga 537 0.035 0.017 0.324
Gusttavo Lima 525 0.034 0.015 0.317

This type of analysis may lead to the observation of some interest-
ing factors. For example, recall Figures 1 and 2. In Sertanejo, which
appears with a large number of artists and songs, it is common for a
few artists to gain much fame and others not to be very successful,
which can be seen by the wide distribution of their ranks in Figure 3.
Consequently, these less successful artists are commonly compared
with more prominent artists, causing the famous ones to have a
higher degree in the similarity graph. This observation explains
because Table 1 presents several artists of this genre: Luan Santana,
Jorge e Mateus, Paula Fernandes, and Gusttavo Lima.

5 FINAL REMARKS

As an alternative to music data limitations for research, this work
presents a new dataset with musical information in different modal-
ities with implications in various tasks and applications. We also
described and explored the organization of data, revealing some of
its possibilities.

As future work, we intend to establish strong baselines for the
tasks we can perform using 4MuLA. For this, we will apply well-
known algorithms for each task and make available the results in
4MuLA’s repository and scientific publications. Besides, we will
maintain the evolution of 4MuLA. Every new version of the dataset
will create a separate subset to avoid overwriting stable versions
and, consequently, maintain the reproducibility property.
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