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Preface

Bem-vindo ao LAMIR!
jBienvenidos a LAMIR!
Welcome to LAMIR!

LAMIR, the 1st Latin American Music Information Retrieval Workshop, aims to provide opportunities for local
students and researchers to cultivate the Latin American community within the International Society for Music
Information Retrieval (ISMIR) and the Artificial Intelligence (AI) communities. LAMIR is a satellite event of
the ISMIR 2024 conference and part of the KHIPUx 2024 events.

The first edition of LAMIR was held at the Universidade Federal do Rio de Janeiro (UFRJ) in Rio de Janeiro,
Brazil. LAMIR is part of a broader effort of the MIR community to promote diversity by supporting the devel-
opment of new communities interested in MIR and connecting existing communities already working on MIR.
Our community embraces a wide range of scientific disciplines, experience levels, professional affiliations, and
cultural backgrounds. Our organizing team, composed of Latin Americans living and working across South
America, the U.S., and Europe, has been dedicated to making this event a success and warmly welcomes you
to LAMIR!

Scientific Program

The LAMIR scientific program comprised 14 papers, three keynote presentations, one industry talk, and a
tutorial and demo session. A total of 35 papers were registered in the CMT submission system, of which 24
were submitted as complete papers eligible for review. We received submissions from 8 different countries
across three continents. Following ISMIR conference practices, a two-tier double-blind peer-review process
was conducted with 41 reviewers and 5 meta-reviewers. Each paper was assigned to one meta-reviewer and
three reviewers, with replacements found as needed, and ensuring that at least one of the reviewers was a senior
member of the MIR community. Meta-reviewers handled up to 5 papers, while reviewers handled no more
than 2. After the initial review, the Scientific Program and Organizing Committees made final decisions on the
papers. A total of 15 papers were accepted (one later withdrawn), resulting in an acceptance rate of 62.5% (or
42.9% including incomplete submissions and desk rejections).

The Scientific Program Committee woud like to express their thanks to the MIR community of reviewers for
their support of this critical aspect of a successful technical program.

Table 1 summarizes the number of submitted and accepted papers in each subject area (selected by the authors
during the submission process) together with the corresponding proportion of papers in the program. The
accepted papers had a total of 40 unique authors, with an average of 3.1 authors per paper. Of the accepted
papers, 9 (60.%) had at least one student author, and 5 (33.3%) focused on applications to Latin American
Music. Figure 1 shows the distribution of authors by country.

Accepted papers were presented as posters and divided into two sessions, each consisting of seven posters.
The first session focused on Music Analysis and MIR tasks, covering topics such as beat tracking, tempo
estimation, pitch and rhythm analysis, music source separation, and music emotion recognition. The second
session focused on MIR applications, including symbolic style transfer, text-to-music generation, the impact

ix
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Table 1: Papers submitted and accepted by subject area

Primary Subject Area Total Papers Accepted Papers Accepted %
Applications 5 4 26.7%
Computational Musicology 3 1 6.7%
Generative Tasks 1 1 6.7%
MIR Fundamentals and Methodology 4 3 20.0%
MIR Tasks 6 3 20.0%
Musical Features and Properties 5 3 20.0%
Total 24 15
Argentina UK
Canada Portugal

Uruguay
Spain

USA

Brazil

Figure 1: Distribution of Authors by Country

of social media platforms on music popularity, music genre classification, and deep learning models for audio
super-resolution.

Tutorial, Hackathon and Demos

Adapting Deep Learning Models for Latin American Music Tasks with Little Data
Giovana Morais, Richa Namballa, Xavier Juanola, Martin Rocamora and Magdalena Fuentes
https://lamir-workshop.github.io/lamir_hackathon/intro.html

Keynotes

Industry Talk: Igor Gadelha
Head of Machine Learning at Music.Ai
Bridging Research and Real-World Applications in MIR

Keynote Talk 1: Magdalena Fuentes


https://lamir-workshop.github.io/lamir_hackathon/intro.html
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Assistant Professor at the Music and Audio Research Lab and the Integrated Design and Media Program at
New York University
Including Latin American Music in MIR

Keynote Talk 2: Carlos Cancino-Chacén
Assistant Professor at Institute of Computational Perception, Johannes Kepler University Linz
An Al Dress Rehearsal: Exploring Music Performance and Interaction with Computational Models

Keynote Talk 3: Martha Thomae

Postdoctoral Researcher at NOVA University of Lisbon

Digital Images and Symbolic Encoding of Guatemalan Polyphonic Choirbooks: Enhancing Preservation and
Access for Early Music Sources through Digitization and Music Information Retrieval

Music Session

The music program included solo performances and ensemble pieces reflecting the diversity of traditional Latin
American music.

Carlos Cancino-Chacon (Mexico)
Selection of piano works by Manuel Ponce (1882-1948)

Sara Cohen (Brazil)
Selection of piano works by Ernesto Nazareth (1863-1934) and Heitor Villa-Lobos (1887-1959)

Cuarteto Colibriyo (Uruguay)
Selection of Alberto Mastra (1909-1976) and Alfredo Zitarrosa (1936-1989)

Travel Awards

The LAMIR workshop aimed to provide opportunities for local students and researchers to connect and foster
the MIR/AI community in Latin America. Thanks to the generous support of our sponsors, we have offered
financial assistance in the form of travel awards to local Latin American students.

We provided two types of travel awards, each with specific criteria:
1. Author Awards: These are intended for student authors of a paper accepted to LAMIR 2024.

2. Partial Awards (Non-Authors): A limited number of partial travel awards are available for non-author
students who wish to attend and engage in the workshop.

All applicants were required to be enrolled in a degree-granting university or college program for the 2024-25
academic year.

Acknowledgments

We are happy to present to you the proceedings of LAMIR 2024. The workshop program was made possible
thanks to the hard work of many people, including the LAMIR Organizing Committee and Scientific Program
Committee, volunteers and the reviewers, who contributed to make the workshop a success.

We would also like to thank our sponsors, whose generous support made this workshop possible possible:
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Keynote Talks

Industry Talk
Bridging Research and Real-World Applications in MIR

Igor Gadelha
Music.ai

Abstract

This keynote delves into the path from Music Information Retrieval (MIR) research to practical applications,
highlighting source separation as a pivotal technology. With a background in machine learning and sound
engineering, I will discuss the journey of developing and deploying state-of-the-art source separation models,
addressing the unique challenges of making these models accurate, efficient, and accessible to a broad user
base.

A core focus will be on optimizing source separation models for real-time, low-latency edge deployment. I'll
explore the technical intricacies of ensuring these models perform reliably on mobile and constrained devices,
where resource limitations challenge both speed and fidelity. Topics will include the trade-offs and design
considerations in model compression, latency reduction, and maintaining separation quality. This deep dive
will illustrate how we bridge the gap between research and real-world use, making advanced audio separation
tools available for musicians, producers, and listeners on-the-go.

Attendees will gain practical insights into the evolving landscape of MIR technology, as well as strategies for
overcoming the complexities of real-time deployment, positioning source separation as a powerful, accessible
tool in modern music technology.

Speaker Bio

As Head of Machine Learning at Music.Ai, Igor Gadelha leads a team dedicated to advancing Music Infor-
mation Retrieval (MIR) through machine learning. He focuses on developing models for key detection, chord
recognition, beat and downbeat tracking, and source separation for audio stems and lyrics transcription. His
role includes overseeing data collection projects, aligning research with product requirements, and guiding the
technical implementation and deployment of these models. This experience has enabled him to bridge research
and practical application, contributing to the development of more precise and accessible music technology
tools.
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Keynote 1

Including Latin American Music in MIR

Magdalena Fuentes
New York University

Abstract

In recent years, Music Information Research (MIR) has made remarkable advances in developing computational
tools for analyzing, generating, and understanding music. However, there is still a long way to go for MIR tools
developed for Latin American music. This talk will examine some examples of the unique challenges that
Latin American music presents to MIR research, ranging from data scarcity to complex rhythmic, timbral, and
improvisational qualities that defy conventional methods. Specifically, I will highlight the need for culturally
sensitive datasets and models, addressing issues like polyphonic textures with overlapping timbres, genre-
specific rhythmic nuances, and timing (e.g., rubato and microtiming). Additionally, I will discuss the social
importance of adapting MIR tools to underrepresented traditions, including the impact on cultural preservation,
educational resources, and creative exploration for Latin American musicians and researchers. I will conclude
with a look at open challenges in the field, proposing new directions that include low-data learning approaches,
dataset curation, and light-weight models, with the aim to inspire future research for a multicultural MIR
landscape that truly reflects the diversity of global music.

Speaker Bio

Magdalena Fuentes is an Assistant Professor at the Music and Audio Research Lab (MARL) and the Integrated
Design and Media (IDM) Program at New York University (NYU), affiliated with both the Steinhardt School of
Culture, Education, and Human Development and Tandon School of Engineering. Previously, she was a Provost
Postdoctoral Fellow at NYU’s Center for Urban Science and Progress (CUSP) and MARL. She completed her
Ph.D. in Image and Signal Processing at Université Paris-Saclay, and a B.Eng. in Electrical Engineering from
Universidad de la Reptiblica, Uruguay. Her research focuses on machine listening—a field at the intersection of
signal processing and machine learning—where she develops models for understanding natural and everyday
sounds, music, and multimodal data. Magdalena is actively involved with the IEEE Audio and Acoustic Signal
Processing Technical Committee and regularly serves as an Area Chair/Meta-reviewer for ICASSP and ISMIR.
She has held Program Chair roles for DCASE 2021, 2023, and 2025, as well as ISMIR 2025. Her research has
been sponsored by NYU, Google and the NIH.
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Keynote 2

An AI Dress Rehearsal: Exploring Music Performance and Interaction with
Computational Models

Carlos Cancino-Chacon
Johannes Kepler University Linz

Abstract

The way a piece of music is performed is a very important factor influencing our enjoyment of music. A good
performance goes beyond a precise rendering of the score; performers shape aspects like tempo, dynamics, and
articulation to convey emotion and engage listeners.

This talk focuses on a specific area of research: computational models of expressive music performance. These
models aim to codify hypotheses about expressive performance using mathematical formulas or computer pro-
grams, enabling systematic and quantitative analysis. The models serve two main purposes: they allow us to
systematically test hypotheses about how music is performed, and they can be used as tools to create automated
or semi-automated performances in artistic and educational settings.

In this talk, I will explore two key aspects: data-driven approaches to modeling expressive performance and
interdisciplinary collaboration with music cognition to understand how humans interact and develop expressive
interpretations. I will illustrate these aspects through three main topics: (1) Basis Function Models, a machine
learning framework for generating expressive performances based on musical scores; (2) Studying human in-
teraction in musical performance and insights into the development of a real-time automatic accompaniment
system; and (3) The Rach3 Project, an investigation into how pianists learn new music and develop their own
expressive interpretations.

Speaker Bio

Carlos Cancino-Chacén is an Assistant Professor at the Institute of Computational Perception at Johannes Ke-
pler University Linz (JKU), Austria, and the Principal Investigator of the Rach3 Project, funded by the Austrian
Science Fund. The Rach3 Project uses computational, data-driven methods to study long-term music rehearsal,
leveraging advances in Al and machine learning. He previously conducted research at the Austrian Research
Institute for Artificial Intelligence (OFAI) and was a Guest Researcher at the RITMO Centre, University of
Oslo. His research focuses on machine learning models for understanding music performance and listening,
with emphasis on three areas: computational modeling of expressive performance, (real-time) human-computer
interaction in music, and cognitively plausible machine listening. He holds a PhD in Computer Science from
JKU, an MSc in Electrical and Audio Engineering from Graz University of Technology, a Bachelor’s in Physics
from UNAM, and a Bachelor’s in Piano Performance from the National Conservatory of Music of Mexico. He
currently serves as a Member-at-Large on the ISMIR Board and as Section Editor for TISMIR.
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Keynote 3

Digital Images and Symbolic Encoding of Guatemalan Polyphonic Choirbooks:
Enhancing Preservation and Access for Early Music Sources through Digitiza-
tion and Music Information Retrieval

Martha Thomae
NOVA University of Lisbon

Abstract

I will present a pilot project focused on the digitization and encoding of one of six colonial polyphonic choir-
books from the Archivo Histérico Arquidiocesano de Guatemala (AHAG), an archive located next to the
Metropolitan Cathedral in Guatemala City. These choirbooks, copied in the 17th and 18th centuries, primarily
contain Renaissance European polyphonic music written in mensural notation and provide invaluable insight
into Guatemala’s colonial-era musical heritage. To preserve and enhance access to this music, I employed a do-
it-yourself (DIY) book scanner for high-resolution images, optical music recognition (OMR) software trained
for handwritten mensural notation, and an interpreter for mensural notation. Additionally, a music-analysis
tool served as an error checker. 1 will present these tools and their integration into a digitization and music
information retrieval (MIR) pipeline to create both digital images and symbolic scores of the choirbook. The
symbolic scores are encoded in MEI format, a machine-readable standard that allows for the representation of
early music in its original notation. This MIR pipeline can be used to semi-automatically encode other early
music sources in mensural notation from both Europe and Latin America. By relying on open, free, and on-
line technologies, this pipeline remains accessible to projects with limited resources, furthering the project’s
mission of “enhancing access” to early music sources.

Speaker Bio

Martha E. Thomae is a postdoctoral research fellow for the ECHOES project at the NOVA University of Lisbon,
where she leads the development of tools to facilitate the search and analysis of chants encoded in the MEI
music format. She has a PhD and Master’s in Music Technology from McGill University. During her time at
McaGill, she worked as a research assistant for the Single Interface for Music Score Searching and Analysis
(SIMSSA) project, directed by Ichiro Fujinaga.

Most of her research has focused on the preservation and encoding of early music written sources through mu-
sic information retrieval technologies. Her PhD dissertation focused on digitizing and encoding Guatemalan
polyphonic choirbooks from the colonial period, written in mensural notation, using optical music recogni-
tion, automatic voice alignment, and computational error detection. She currently serves as a Co-chair of the
Mensural MEI IG and has served as a member of the MEI Board.



Tutorials

During the first day, we will feature a tutorial-hackathon-demo featuring a a hands-on session focused on MIR
applications in Latin American music. Participants will have the opportunity to work with Latin American
datasets and develop Al tools and data loaders that contribute to the MIR and Music-Al community. The
results of this work will be shown to the other participants in the demo session.
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Session 1: Music Analysis and MIR Tasks






ANALYZING PITCH CONTENT IN TRADITIONAL GHANAJAN
SEPEREWA SONGS

Kelvin L. Walls'
Colter Harper?

Iran R. Roman?
Leila Adu-Gilmore'

Kelsey Van Ert!

! New York University, USA
2 Queen Mary University of London, UK
3 University at Buffalo, USA

ABSTRACT

This study examines the pitch content in traditional Ghana-
ian seperewa (Akan harp-lute) songs, utilizing a unique
dataset from field recordings of the mid-twentieth century.
We selected 71 songs and used Demucs to isolate vocals
from instrumental tracks. We then retrieved the FO con-
tent from these isolated tacks and applied Gaussian Mix-
ture Models (GMM) to approximate musical scales. Com-
parative FO analysis between vocals and seperewa revealed
higher microtonal deviations from equal temperament in
vocal tracks. We also note challenges in using MIR tools
for musical scale approximation in non-Western music.
Our research contributes to the quantitative study of pitch
in traditional music of Sub-Saharan Africa.

1. INTRODUCTION AND MOTIVATION

This paper examines archived recordings of seperewa, a
two-course, six or eight string harp-lute that accompa-
nies sung repertoire in Akan languages [1]. The Akan are
a Ghanaian ethnic and language group that includes the
subgroups of Asante, Fante and Akuampem and make up
nearly half of the country’s population [2]. European doc-
umentation has demonstrated its symbolic importance in
the Asante Empire in the 18th century [1]. Due in part to
to the introduction of guitars from Europe, the seperewa
nearly disappeared by the the mid-20th century, leading to
conservation efforts by Ghanaian musicologists Ephraim
Amu (1899-1995) and J.H. Kwabena Nketia (1921-2019).

We chose seperewa songs because they demonstrate
tuning systems other than equal-temperament (though over
time it has been tuned to align with equal-tempered in-
struments like piano or fretted guitar) [1]. The instrument
is briefly mentioned in literature addressing West African
music; Nketia, however, wrote a comprehensive publica-
tion on seperewa harmony and melody [3]. A more recent

© KL Walls, IR Roman, K Van Ert, C Harper and L Adu-

Gilmore. Licensed under a Creative Commons Attribution 4.0 Interna-
tional License (CC BY 4.0). Attribution: KL Walls, IR Roman, K Van
Ert, C Harper and L Adu-Gilmore, “Analyzing Pitch Content in Tradi-
tional Ghanaian Seperewa Songs”, in Proc. of the Ist Latin American
Music Information Retrieval Workshop, Rio de Janeiro, Brazil, 2024.

study by McPherson and Obiri-Yeboah examines Akan
language encoding in seperewa music [4] Therefore, due
to its cultural significance, studying traditional seperewa
music could shed light on the original indigenous practices
in Africa that made their way to the Americas and shaped
the African diasporic musical practice across the globe.
Musicological research has documented and analyzed
musical and social aspects of traditional music across the
Africa continent, as well as the influences of Western
European religious and military music [5]. In particular,
there is extensive literature focusing on aspects of rhythm
in African music, such as cycle and multidimention-
ality [6-8], as well as musical connections between
Africa and Afro-Latino communities [9, 10]. More recent
developments have employed computer analysis to look at
micro-timing in African drumming to suggest alternative
approaches to meter [11, 12]. However, there is little
research on pitch content in African music that explores
microtonal variance and tendencies outside the Western
equal-tempered tuning system [13]. We seek to redress
this balance by investigating Ghanaian music’s unique
scales. Nketia stated, “seperewa music and Akan songs
in general are based on the heptatonic scale, though there
remains a great deal of variance from Western tuning
systems and tonal logic within this framework™ [1].
Therefore, we examine Akan pitch through the implied
scale and the microtonal content of the seperewa’s song
repertoire. Therefore, our research questions are:

1. Given a known seperewa scale, can we use MIR
methods (such as sounrce separation, FO tracking,
and probability density function modeling) to detect
its presence in the vocal and instrument pitch content
of a seperewa song?

2. How “equal tempered” are the overall scales we ap-
proximate? how microtonally flat or sharp are spe-
cific scale degrees?

3. How similar and different are the scales between the
seperewa and the vocals?

These questions align with our broader goal of decolo-
nizing datasets and studying the effects of music technol-
ogy’s embedded biases (i.e. the equal-tempered system in
synthesis instruments, MIDI protocols, and recording ef-
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fects like autotune) on traditional and popular musics of
the world. In keeping with our decolonizing methods, we
obfuscate the original audio material ! to retain indigenous
intellectual property of this archive. Through collaborative
efforts with the original authors and their communities, we
aim to activate these archives for research in innovative and
transformative ways.

2. ACTIVATING AN ARCHIVAL GHANAIAN
MUSIC DATASET

This study’s dataset is drawn from field recordings col-
lected in the early 1960s by Ghanaian composer and eth-
nomusicologist Ephraim Amu (1899-1995). These record-
ings were part of a larger project by Ghanaian ethnomu-
sicologist, composer, and linguist Dr. J.H. Kwabena Nke-
tia (1921-2019), which began in 1952 and aimed to col-
lect recordings of folklore, music, and poetry in, what was
then, the United Kingdom’s Gold Coast Colony.

These recordings are the earliest known of this impor-
tant endangered music tradition, offering an opportunity to
examine pitch content, as well as melodic and harmonic
structures in music with pre-colonial origins. The impor-
tance of these archival materials are also tied to the lo-
cations in which they are housed and the individuals that
steward those materials. In working with this data set,
we are supporting efforts to not only preserve African cul-
tural heritage but also develop resources and institutions to
house the data in the countries from which they originated.

3. METHODS

The seperewa is traditionally tuned to a heptatonic scale
[1]. For this analysis, we paired MIR techniques with the
informed analysis of an expert plucked string instrument
performer (he/him), ethnomusicologist, and scholar of tra-
ditional Ghanaian music. He provided us with the approx-
imate tuning of the seperewa for each song. Therefore, for
each song we have the seperewa heptatonic scale with a
“tonic” that corresponds to the frequency of an key in an
equal-tempered piano (as identified by the seperewa ex-
pert), and whether the heptatonic scale had major or mi-
nor third and sixth degrees. In this scale, the second was
always major, the fourth and the fifth were always per-
fect, and the seventh was always absent. Note that while
the seperewa has a known tuning, the vocal parts of these
songs can freely sing other notes (such as the tritone or
the 7th) or microtonal inflections around all scale degrees.
Therefore, our analysis does not impose equal-tempered
tuning standards as correct. Rather, we analyze the actual
values performed by these traditional Ghanaian musicians.

3.1 Scale Aproximation Pipeline (SAP).

Our pipeline builds upon other similar ones for FO vocal
analysis [14—16]. Our archive consists of 71 songs. We
use Demucs [17] to split our songs into isolated vocal and

I'the archive granted permission to share some song examples at
seperewa-pitch-analysis.github.io
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instrumental tracks, then CREPE [18] to extract the instan-
taneous pitch content (FO). We drop FO values with a con-
fidence score under 0.8, and convert all values from Hz to
cents to interpret results on a linear scale. We also quantize
FO estimates to the nearest tenth (i.e. 10 bins per semitone
of 100 cents; each bin encompasses 10 cents) to enhance
our analysis of densities.

We determine a track’s scale using the method by Ro-
man et al. [14]. This involves training a GMM to identify
Gaussian components in the histogram of FO values for a
song. These components signify the notes in a track’s mu-
sical scale. We limit our analysis to FO values within a
whole step below and an octave above the known seperewa
tonic. After GMM modeling we also recursively average
components within 50 cents of each other per song. To
calculate how aligned a scale’s components are with equal
temperament, we use the approach described by Roman et
al. obtaining an eg score per song, where a value of zero
indicates the highest possible alignment with equal tem-
perament, and 50 complete deviation from it. Furthermore,
we assign “scale degree” identities to each component by
identifying the tonic based on the known seperewa tuning
and computing the distance of other components to this
tonic anchor. For example, if a component is 930 cents
above the tonic, that component is labeled as a major sixth
with a sharpness of 30 cents.

4. RESULTS
4.1 Finding scales in isolated seperewa & vocal tracks.

Table 1 quantifies how our SAP identified scale compo-
nents. First, the column “No. of songs where in seperewa
tuning” shows the number of times a scale degree (in the
specific quality of major or minor, when appropriate) was
known to be part of the seperewa tuning. This knowl-
edge about the seperewa tuning was provided by the expert
seperewa player that we consulted. Note that the tonic,
major second, fourth, and fifth were part of the tuning in
all songs. The 3rd and 6th were predominantly “major”,
and only a handful of songs featured a “minor” tuning.
Note also how no song featured a seventh in the expected
seperewa tuning, confirming the underlying seperewa hep-
tatonic scale according to the seperewa expert. Similarly,
the minor second and the tritone are never part of the scale.
The next column, labeled “Retrieved”, shows that all scale
degrees known to be part of the seperewa tuning were
found in our corpus, although not in all songs. For ex-
ample, the tonic was found in the seperewa in only two
thirds of the songs, while in the vocals it was found in al-
most all songs. The column labeled as “missing” quanti-
fies the number of songs where a scale degree was known
to be part of the seperewa tuning and was not found by
our SAP. We also quantified the number of scale degrees
found that were “unexpected” since they were not part of
the seperewa tuning. Interestingly, in the seperewa track
(and also in the vocals, although less surprisingly due to
the expressive pitch abilities of the voice) our SAP found
unexpected minor seconds, minor thirds, and minor sev-
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Table 1. Given a known seperewa tuning, which scale components did our scale approximation pipeline (SAP) find?
The third column indicates the number of songs in our corpus where a scale degree (specified by the first two columns)
is part of the known seperewa tuning. The other columns denote the number of times our SAP "Retrieved" each degree,
"Missed" it, or found it although it was "Unexpected" in the seperewa tuning. Results are shown for both seperewa and

vocals. “—" denotes that the scale degree was not part of the known seperewa tuning in any song.
Scale No. of songs where Seperewa Vocals
Degree Quality in seperewa tuning Retrieved Missing Unexpected Retrieved Missing Unexpected
Tonic 71 50 21 0 65 6 0
2nd Minor — — — 19 — — 14
Major 71 39 32 0 49 22 0
3rd Mir?or 3 2 1 17 1 2 26
Major 68 39 29 1 44 24 2
4th 71 47 24 0 55 16 0
Tritone — — — 12 — — 11
Sth 71 58 13 0 61 10 0
6th Minor 3 2 1 6 2 1 8
Major 68 42 26 1 45 23 1
e Ve - - - p - - -
Avg. (std.) 53.25 (£ 29.04) 34.88 (£ 19.86) 1838 (x11.34) 1042 (£ 13.2) 40.25(+£23.39) 13.0(£8.9) 10.75(£13.12)
enths a considerable number of times. It also found un- Seperewa Vocal
expected tritones and sixth. Finally, the bottom row in the - 20 201
table summarizes the average performance of SAP on scale g 15 5]
degree retrieval from seperewa and vocal tracks, also sum- u;
marizing the average number of missing and “unexpected” g 107 104
components. E 4 5]
Together, these results demonstrate that our SAP can -
majorly identify the scale degrees in the known seperewa 05 10 15 20 %0 % 10 15 20

tuning in both the isolated seperewa and vocal tracks.
There are limitations to our approach, however. For in-
stance, the number of missed and “unexpected” compo-
nents is not trivial and deserves attention. In the case of the
SAP applied to the seperewa, we hypothesize that the large
number of missing components could be caused by the im-
perfect separation of the instrumental and vocal tracks by
Demucs. Through manual inspection we found that De-
mucs allows for the seperewa track to leak into the vocal
track, particularly in the lower range of the seperewa. This
causes a considerable amount of seperewa information to
be missing in the instrumental track and could be the un-
derlying factor of the relatively low retrieval of some scale
degrees in the seperewa. In the case of the vocals, the “un-
expected” scale degrees are easily explained by the voice’s
ability to freely show microtonal inflections. The “un-
expected” components in the seperewa can be explained
by voice leakage into the instrumental track. Future work
should look into improving Demucs for the type of record-
ings we used in this study, and better measuring the chal-
lenges of using such model to robustly separate vocal and
instrumental tracks.

4.2 Deviation of scales from equal temperament.

After approximating each song’s scale in the seperewa and
vocal tracks, we measured how much each scale deviates
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€5 (in cents)

Figure 1. How equal-tempered are the scales of songs?
This figure shows the density of the error eg (in cents) be-
tween the equal-tempered scale and the scale we approxi-
mated with our SAP for each song in the corpus. On the
X-axis, an e€g at or close to zero would correspond to an
equal-tempered scale, while higher eg values denote devi-
ation from equal temperament. Separate histograms show
the density of eg for the seperewa and the vocals.

from equal temperament by calculating eg [14]. Fig. 1
shows the distribution of e€g values across all songs, sepa-
rately shown for the seperewa and the vocals, with a mean
of 11.6 (5.07 std.) and 13.67 (4.92 std.), respectively. The
larger mean in the vocal €g is expected given the voice’s
ability to freely represent microtonal inflections that devi-
ate from equal temperament. Also note how the seperewa
has three songs perfectly aligned with equal temperament
(es = 0), while the same is not observed for the vocals. In
general, these results highlight this music’s deviation from
equal temperament.

4.3 Microtonal inflections of scale degrees.

We also wanted to understand the microtonality of individ-
ual scale degrees. Fig. 2 shows the density of each scale
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Figure 2. How microtonally flat or sharp are individ-
ual scale degrees in our corpus with respect to equal
temperament? The density of all scale components found
with our SAP on the entire corpus. The vertical red lines
correspond to a twelve-tone equal-tempered scale. The x-
axis is the frequency distance from the tonic (in cents). The
top plot shows the component density in the seperewa and
the bottom is the corresponding plot for vocals.

degree in terms of distance in cents from the tonic (recall
that 100 cents is one semitone), with red vertical lines ref-
erencing the equal tempered twelve-tone scale. Results are
shown for both the seperewa (top) and the vocals (bottom).

Note the density around 200 cents, corresponding to a
microtonally flat “major second” in both the seperewa and
the vocals. Similarly, a density between 300 and 400 cents
corresponds to a “third” that is between minor and major,
an effect that is more clearly visible in the vocal scales.
Next, there are clear densities around 500 and 700, corre-
sponding to the perfect fourth and fifth, respectively. Fi-
nally, both seperewa and vocals show a clear density cor-
responding to a major sixth (900 cents). These results
give insight into the microtonal tendencies in the individual
scale components in this musical corpus.

4.4 Comparing the seperewa and vocal scales directly.

It is also interesting to directly compare the scale compo-
nents that were common between the seperewa and the vo-
cals in a given song. This allows to answer whether one is
flatter or sharper than the other in general. Table 2 shows
the results of this analysis. Here we observe again that ma-
jor thirds were considerably flatter (negative numbers) in
the vocals. All other scale degrees showed microtonal de-
viations between the seperewa and the vocals, most times
with the vocals being slightly sharper (positive numbers)
than the seperewa.

5. DISCUSSION

This study analyzed the complex relation between indige-
nous Ghanaian musical practices and Western tuning influ-
ences, revealing systematic and structural deviations and
relations to equal temperament. For example, we iden-
tified evidence supporting the existence of a heptatonic
scale in the tuning systems and practice of the seperewa
and the vocal singing that it is usually performed with.
Our analysis highlights the resilience of traditional tun-
ing practices despite the encroachment of Western musi-
cal norms, underscored by the presence of microtonal in-
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Table 2. How flat or sharp is each sung scale degree
compared to the seperewa scale? Comparison of scale
components between Seperewa and Vocals as found in
SAP. Negative average distances indicate the component
was flatter in Vocals than in Seperewa, while positive val-
ues indicate it was sharper. The third column specifies the
number of songs in our corpus where a given component
was found in both the Sperewa and the vocals and were
used for this analysis. All values are in units of cents.

Scale No. of songs with  Avg. Distance
Degree  Quality comp. in both (+ std.)
Tonic 50 -2.03 (£ 36.8)
ond Minor 7 2.01 (+ 15.21)
Major 30 -1.08 (£ 36.92)
3rd Minor 12 2.2 (£ 24.58)
Major 26 -12.57 (£ 42.13)
4th 37 21.42 (+ 38.65)
Tritone 4 8.67 (£ 30.01)
5th 53 0.67 (+ 32.32)
6th Minor 4 17.92 (£ 32.0)
Major 28 7.08 (+29.11)
7th Minor 11 1112 (£ 45.41)
Major 24 -21.45 (£ 43.59)

flections and the retention of non-equal tempered scales in
both seperewa and vocals. The findings challenge prevail-
ing assumptions about the universality of Western tuning
standards and highlight the importance of context-sensitive
musicological analysis. Future studies should enhance this
research by incorporating statistical testing of the prelimi-
nary observations made here, necessitating a larger dataset
and defined, measurable variables to carry out a statistical
analysis that determines the significance of the trends we
have described.

6. CONCLUSION

Our research contributes to a nuanced understanding of
Ghanaian musical scales, revealing a rich tapestry of sound
that defies simple categorization within the Western equal-
tempered system [13, 19]. By documenting the microtonal
variances and tuning discrepancies in seperewa songs, this
study not only aims at preserving a vital aspect of Ghana-
ian cultural heritage but also fosters a broader apprecia-
tion for the musical diversity that defines the African di-
aspora. This work underscores the necessity of adopt-
ing decolonizing methodologies in musicology, advocat-
ing for a more inclusive approach that respects and ele-
vates non-Western musical forms. Future research should
continue to explore these themes, further bridging the gaps
between traditional African music and its diasporic itera-
tions thereby enriching our global musical heritage.
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ABSTRACT

The MPB Project (from the Brazilian Portuguese Miisica
Popular Brasileira) is a broad corpus study intended to
systematically analyze a large group of musical attributes
(regarding harmony, melody, and rhythm) in order to map
stylistic characteristics of renowned Brazilian composers
of popular music. The present work focuses on the rhyth-
mic structure, describing concisely the scope of the project
and some of the most important elements, like corpora for-
mation, datasets, methodological tools, analytical criteria,
conceptual framework, and some of the results obtained so
far, which in accordance with what we believe would be
the expectations of someone familiarized with the style.

1. INTRODUCTION

It is natural that Brazilian popular music is considered an
attractive and rich subject of study. Especially in recent
times, numerous academic musicological and/or ethnomu-
sicological works have been published with various ap-
proaches, aligned with important contextual, historical, bi-
ographical, aesthetic, social, political, racial, and gender-
related issues [1]. These studies are shedding increasingly
detailed light on this fascinating subject. However, specif-
ically considering the scope of systematic studies in mu-
sic, the field is still in its infancy compared to other ap-
proaches. The present work is part of a larger research,
called the MPB Project,! which is intended to pursue
a rather ambitious goal: to systematically delineate the
contours of the aesthetic-musical context informally re-
ferred to as Brazilian Popular Music, better known by
the acronym MPB (from the Brazilian Portuguese Miisica
Popular Brasileira). The main challenge of this task lies in
defining what MPB actually is. Given that our focus is pri-
marily technical and structural, we do not intend to delve
deeply into the complex issues (especially those related to
social, historical, and political aspects) involved in provid-
ing a general definition. We get around these obstacles

! Webpage in Brazilian Portuguese: https://projetompb.com.br/. Some
publications under the scope of the project are [2-5].

© H. Carvalho, F. Martins, and C. Almada. Licensed un-
der a Creative Commons Attribution 4.0 International License (CC BY
4.0). Attribution: H. Carvalho, F. Martins, and C. Almada, “A Corpus
Study of Rhythm in Brazilian Popular Music”, in Proc. of the Ist Latin
American Music Information Retrieval Workshop, Rio de Janeiro, Brazil,
2024.
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by simply establishing the temporal arc of what we name
“our” MPB common-practice period, which corresponds
to Tom Jobim’s creative life (roughly from 1953 to 1993),
being Jobim widely regarded as one of the most impor-
tant Brazilian popular composers and a pioneer in shaping
the MPB aesthetic. An important and distinctive aspect of
our project is that, unlike most other similar approaches,
the analyzes consider not only the harmonic structures of
the corpora, but also the melodic and, especially, rhythmic
structures. This paper is concerned only with the latter,
and it is organized as follows: Section 2 describes the cor-
pora under analysis, and presents the model employed to
encode rhythmic information; on Section 3 an exploratory
data analysis is presented, together with conclusions drawn
from a musicological perspective; the paper is briefly sum-
marized in Section 4, where future works are also outlined.

2. THE MPB CORPORA

Corpus studies have become one of the most promi-
nent trends in systematic musicological approaches [6-9].
Driven by rapid advances in computational technology and
the development of extensive music databases (particularly
in the form of scores, audio files and MIDI files), these
studies cover a wide range of repertoires and styles. They
are generally aligned with working hypotheses, theoretical
models, and methodologies specifically developed for the
context, and supported by statistical frameworks. Corpus
studies in popular music have also emerged with relative
frequency in recent years, encompassing different musi-
cal genres and styles [10-14], and the MPB Project falls
within the general scope of this trend, though somewhat
unusually, it focuses not just on a single corpus but on
a broad set of them, subdivided into two main groups:
(1) primary, the central focus of the analytical attention,
comprising corpora of individual composers of identical
lengths (50 pieces each), and (2) secondary, the control
group, consisting of three genre corpora (Jazz, Samba, and
Choro, genres that highly influenced the MPB) each also
containing 50 pieces. As mentioned above, a key feature
of our project is that, in contrast to many other compara-
ble studies, our analyses take into account not just the har-
monic aspects of the corpora, but also melodic and rhyth-
mic structures.

In this first stage of the project, we selected 10 com-
posers to form the primary group to initiate the analyti-
cal process. The transcription of musical information fol-
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lows some basic criteria: only the main melodic sections
are transcribed (i.e., any instrumental introductions, inter-
ludes, and codas are omitted); repeats and da capo repeti-
tions are disregarded. In other words, we are interested in
what we call the nominal form of the compositions (their
essential material, in a certain sense), as opposed to their
realized form (the final arrangement). The 10 composers
selected for the formation of the corpora that make up
the primary group in stage one are (listed in the order of
analysis): Antonio Carlos (Tom) Jobim (1927-1994), Ivan
Lins (1945-), Chico Buarque de Hollanda (1944-), Edu
Lobo (1943-), Caetano Veloso (1942-), Djavan (1949-),
Milton Nascimento (1942-), Jodo Bosco (1946-), Gilberto
Gil (1942-), and Rita Lee (1947-2023). This choice was
based on the author’s perception of who are the main com-
posers of the MPB.? Regarding the selection of works
to be included in the 10 MPB corpora, we favored song-
books of scores available in the Brazilian publishing mar-
ket [15-24]. All of the scores undergo a review before
transcription, during which any errors are corrected.

The main distinction between the control group and the
primary group lies in the fact that their repertoires were not
selected from the works of specific composers but rather by
considering the respective genres.? The sources used for
the transcriptions were [25,26]. For Samba, the 50 selected
pieces were transcribed from their recordings.

As the present work concerns only the rhythm, we now
describe the model used to represent rhythmic information.

2.1 Melodic Filtering Model

The foundations for constructing this model, firstly pro-
posed in [2], were established based on three principles:
segmentation, abstraction, and encoding. The first princi-
ple is grounded in the idea that understanding sequential
information requires segmenting it into smaller units, each
with relative autonomy (such as short musical “phrases”)
[27]. In the model, these groups are referred to as words.
Abstraction is an essential stage for any analytical process,
as it allows different structures to be grouped into equiva-
lence classes based on a specific comparison parameter. In
the Melodic Filtering Model (abbreviated as MFM), rhyth-
mic structures are isolated from the melodies under analy-
sis, transforming them into abstract descriptions within this
domain. The strategy consists in determining how the on-
sets of the melodies fall within a grid of 12 equally-spaced
sub-divisions of a beat. The onsets in a beat are encoded in
an alphabet of r-letters, illustrated in Figure 1. In Figure 2
an example of the encoding of a small excerpt is shown.
Note that both the dotted quarter note and the quarter note

2 It is also important to note that this list comprises only the first stage
of the project: overall, the project aims to evaluate a larger group of about
50 composers. Also, the main focus of the project is to analyze composi-
tional aesthetics, implicating that artists that were mostly performers, like
Gal Costa and Elis Regina for example, will be naturally missing.

3 In truth, while the pieces in the Jazz and Samba corpora come from
different composers, the Choro pieces, by methodological decision, are
all composed by Pixinguinha (and occasionally his partner Benedito Lac-
erda). This decision is justified by the fact that Pixinguinha is widely
recognized as the greatest composer of the genre of all time. Therefore,
he becomes a kind of ultimate representative of the style.
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Figure 1. Alphabet of r-letters used in the MFM. The last
four letters (“w”, “x”, “y”, and “z”) are suggestions for
possible “wildcard letters”, which can be adapted accord-

ing to the corpus of interest to the analyst.
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Figure 2. Example of the encoding of a small melodic
segment into r-letters, making the r-word “jbeb”.

are encoded by the same r-letter “b”, illustrating that the
MEFM is sensitive only to attack points.

Note that in Figure 1, the last four letters are high-
lighted. We observed that the r-letters from “a” to “v” are
sufficient to cover almost the entire repertoire of interest.
However, MFM (as well as all the frameworks of the en-
tire MPB project) can also be used to analyze other corpora
of interest. Thus, the analyst could rely on the letters “a”
through “v”, which we believe are sufficient to cover most
rhythmic patterns in popular music repertoires, and would
have many “wildcard letters” as necessary at their disposal
to accommodate less common scenarios. In Figure 1 a sug-
gestion of four wildcard letters is presented.

2.2 The dataset

The application of the MFM to the corpora presented at
the beginning of Section 2 resulted in a total of 11,119 r-
words (groupings of r-letters), stored in a .csv file, whose
structure is illustrated in Table 1. The four columns of
the file contain, respectively: the name of the corpus, the
number of the music, the index of the r-word within the
song, and finally, the r-word itself. The relationship be-
tween the corpus name and the composer’s name, as well
as the song number and its respective title, are provided in
two other .csv files containing the corresponding metadata.
The dataset and Python scripts to reproduce the results pre-
sented in Section 3 are available on a GitHub repository. 4

4 https://github.com/ProjetoMPB/LAMIR2024
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corpus | music | position | r-word
BOSCO 1 1 jjb
BOSCO 1 2 fsb

Table 1. Header and first two rows of the table correspond-
ing to the .csv file with the r-words related to the corpora
analyzed in the first stage of the MPB Project.

3. DATA ANALYSIS

Figure 3 illustrates a bar chart for each of the corpora an-
alyzed in the first stage of the MPB Project, showing the
occurrences of each r-letter in the respective corpus. Re-
garding the most common r-letter, the statistics support the
practical observation that the r-letter “b” (a single attack,
a kind of "tonic degree" rhythmically) is the most promi-
nent in almost all repertoires. Notable are the exceptions
that confirm the basic rhythmic cells of the control group
genres: r-letters “n” (Samba) and “v””’ (Choro), as well as
the high percentage of “b” in Jazz (about twice as much
as in other repertoires). Note also the prominence of *j”
in the corpora of Chico Buarque, Caetano Veloso, Milton
Nascimento, Gilberto Gil, and Rita Lee (in this last one,
the highest percentage of all — 42.5% — almost double the
average for this r-letter).

We can also present the information related to the r-
letters in another way, through the metric profile. This
quantity corresponds to the distribution of rhythmic at-
tacks on the micrometric grid of 12 divisions per beat for
each corpus, and is presented for the analyzed corpora on
Table 2. The metric profile is one of the most important
attributes in highlighting a Brazilian “lineage” in MPB, as
it deals with the essence of its rhythm. Several aspects
deserve commentary: (1) As expected, almost all reper-
toires have position 1 as the most recurrent point, with
notable exceptions being Rita Lee (where point 7 is the
most common) and Samba (where the predominant posi-
tion is 10, the essence of the genre’s syncopation); (2) In
this sense, the corpora of Choro, Jobim, Chico Buarque,
Djavan, Jodo Bosco, and Gilberto Gil could be considered
closest to Samba, given their distributions at this position
(more than 1/5 of occurrences). The Jazz corpus (also
as expected) shows the lowest percentage at position 10,
almost negligible (Milton Nascimento and Rita Lee also
have particularly low percentages at this micrometric posi-
tion); (3) On the other hand, position 7 (which divides the
beat in half) shows a high concentration of attacks in the
Jazz and Milton Nascimento corpora (both very close and
well above the others), and especially in Rita Lee (the high-
est value of all, 48.3%); (4) The positions that contribute
to dividing the beat into three equal parts (5 and 9) show
high distribution in Milton Nascimento and Ivan Lins (on
average, 12% and 11%, respectively), much higher than in
the other repertoires. > These positions are rarely occupied

5 Jobim follows closely after the duo (with an average of 8.6%), which
can be attributed primarily to the composer’s early phase, characterized
by the strong presence of samba-cangoes.
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Figure 3. Bar chart showing the proportion of each r-letter
in each of the corpora analyzed.
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1 4 5 7 9 10
Bosco 305|172 | 6.7 | 179 | 7.1 | 20.5
Caetano || 37.3 | 11.2 | 48 | 27.6 | 4.6 | 14.6
Chico 302 | 173 | 3.2 | 245 ] 32 | 215
Djavan 291 | 177 | 4.6 | 23.6 | 45 | 20.5
Gil 322|172 | 1.6 | 258 | 22 | 21.0
Jobim 332 | 137 | 85 | 152 | 87 | 20.7
Lins 396 | 50 | 11.5 | 234 | 11.8 | 87
Lobo 391 | 96 | 56 | 257 | 56 | 143
Milton 465 | 35 | 6.2 | 328 | 62 | 48
Rita 434 | 2.6 1.1 | 483 | 1.1 34
Choro 449 | 152 | 1.6 | 146 | 1.6 | 22.1
Jazz 599 | 03 | 3.1 |320] 33 1.4
Samba 240 | 278 | 0.7 | 12.8 | 0.7 | 34.0

Table 2. Metric profile by analyzed corpus, in percent-
age. The columns contain only the attack points present
in the corpora. Percentages in bold correspond to the most
prominent attack point on each corpus.

c e g m n p u

Bosco 401 77 |66 |06 |151 |12 | 1.6
Caetano || 1.6 | 11.5 | 39 | 1.3 | 3.0 | 2.1 | 2.1
Chico 321100 | 41|12 |155 |24 |22
Djavan 46 | 9.6 | 73|21 | 104 | 3.8 | 3.1
Gil 27179 | 61|19 | 118 |32 |15
Jobim 25| 47 | 5801|134 |41 |30
Lins 1.0 | 114 |16 | 1.1 | 35 | 26| 13
Lobo 031|111 32|06 | 40 | 1.3 ] 2.1
Milton 02 | 185 | 13|04 | 1.3 |05 0.1
Rita 03271105 ]|01| 04 |05]0.38
Choro 01| 31 (26|01 | 63 |21]83
Jazz - (144 | 0.1 | - - 0.7 | -

Samba 571 69 | 4606|290 | 25|12

Table 3. Distribution of countermetric r-letters by corpus,
in percentage. The most prominent countermetric r-letter
in each corpus is highlighted in bold.

in Samba (less than 1%) and in Choro (on average, 1.5%).

The affinity relationships suggested above are, in a way,
confirmed in Table 3, which details the countermetric r-
letters.® In the corpora where prominence falls on the
countermetric r-letter “e”, we might speculate whether
Ivan Lins and Edu Lobo exhibit a jazz influence in the as-
pect of rthythmic organization. On the other hand, Milton
Nascimento also shows a strong recurrence of this r-letter,
though certainly not only due to jazz influence (which is in-
deed present), but also likely due to other possible sources
(such as folk music, sacred music, or even Beatles songs).
In the case of Caetano Veloso and especially Rita Lee, we
might attribute the results to the connection their music
has with rock and rhythm-and-blues. The corpora of Jo-
bim, Chico Buarque, Jodo Bosco (and, to a slightly lesser
extent, Djavan and Gilberto Gil) clearly suggest a closer
alignment with Samba, denoted by the prominence of the r-

6 For the concept of “countermetric rhythms”, see [28].
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Figure 4. Dendrograms illustrating the hierarchical clus-
tering of the bar charts on Figure 3.

letter “n”, which supports our intuitions about these reper-
toires. In this context, the Choro corpus stands apart, with
a high presence of the r-letter “v”, one of the characteristic
rhythmic cells of the genre. Overall, a pronounced use of
countermetric r-letters (about one-third of the total config-
urations) indicates a high degree of rhythmic syncopation.

Finally, Figure 4 illustrates the dendrograms obtained
as a result of a hierarchical clustering of the bar charts
shown in Figure 3. The symmetrized Kullback-Leibler di-
vergence [29] was computed between pairs of bar charts
in Figure 3, producing a distance matrix which is then
given to an agglomerative clustering algorithm [30]. Thus,
Figure 4 illustrates various possible groupings derived
from the collected data (which can be obtained by consid-
ering distance thresholds), and highlighting the groupings
considering distances smaller than 1.05 bits. This value
was chosen for its parsimony in generating few groups
and for its ability to distinguish Samba and Choro as two
distinct clusters. It should be noted that there is a cen-
tral grouping containing the corpora of Ivan Lins, Edu
Lobo, Caetano Veloso, Gilberto Gil, Djavan, Chico Buar-
que, Jodo Bosco, and Tom Jobim, as well as a grouping
containing Jazz, Rita Lee, and Milton Nascimento. Both
are in accordance with the previous considerations.

4. CONCLUSIONS

In this paper we presented preliminary results within the
scope of the MPB Project, concerning the rhythmic con-
tent of the corpora analyzed so far. The proposed MFM
was shown to be capable of capturing idiosyncrasies of
the composers considered on the first stage of the project,
and also detecting influences of the control group on their
rhythmical aesthetic. These conclusions were obtained by
a careful and extensive examination of the dataset. How-
ever, the application of a hierarchical clusterization tech-
nique was able to reveal an information highly correlated
with the points previously discussed, which indicates that
the proposed framework is capable of assisting in properly
understanding the MPB and individual styles. Future work
includes a detailed statistical analysis of attributes related
to harmony and melodic contour, in order to expand our
analytical description of the MPB style.
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BEAT TRACKING FOR SALSA MUSIC: ADAPTING AND
BENCHMARKING MODELS USING A NEWLY INTRODUCED SALSA
DATASET
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ABSTRACT

This study addresses the challenge of adapting current beat
tracking algorithms, predominantly trained on Western
music, to the rhythmic complexities of Salsa, a genre rich
in syncopations and polyrhythms. Using training meth-
ods that minimise the need for extensive annotated data,
we benchmark the adaptability of two established models:
BeatNet and BockTCN, on our newly introduced beat and
downbeat annotated Salsa dataset. We find that, on Salsa
music, models trained with Salsa largely outperform mod-
els trained without any Salsa, nearly matching the accuracy
of these models on Western music. This research not only
establishes a baseline for beat and downbeat tracking per-
formance in Salsa music but also contributes to the broader
goal of developing more adept music information retrieval
systems. We also contribute a 40-song Salsa dataset for
beat and downbeat tracking research in this genre.

1. INTRODUCTION

Beat tracking is the temporal identification of beats—the
basic rhythmic units of a song. Although it is a skill that
comes naturally for most people [1], automatic beat track-
ing—the computational identification of beats from audio
data—poses significant challenges for computational sys-
tems.

Downbeat tracking involves identifying the first beat of
each measure in a musical piece and requires a deeper un-
derstanding of a song’s musical structure, making it more
challenging for computational models. In the current liter-
ature, downbeat tracking generally yields lower accuracy
than beat tracking.

Current state-of-the-art beat tracking algorithms typi-
cally rely on machine learning models trained on large
datasets predominantly featuring Western musical styles
[2]. These models achieve high accuracy when evaluated
on these same genres. However, their performance on gen-
res such as Salsa remains largely unexplored.

© A. Rapini and A. Jordanous. Licensed under a Creative
Commons Attribution 4.0 International License (CC BY 4.0). Attribu-
tion: A. Rapini and A. Jordanous, “Beat Tracking for Salsa Music:
Adapting and Benchmarking Models Using a Newly Introduced Salsa
Dataset”, in Proc. of the 1st Latin American Music Information Retrieval
Workshop, Rio de Janeiro, Brazil, 2024.
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Salsa music, known for its rich rhythmic structure char-
acterized by syncopations and poly-rhythms, holds signif-
icant cultural importance and enjoys global popularity [3]
[4]. The absence of annotated data for Salsa hinders the
formal assessment and adaptation of these algorithms to
such complex rhythmic patterns.

This study aims to bridge this gap by evaluating the
adaptability of two state of the art beat tracking models:
BeatNet [5] and BockTCN [6], on Salsa music. We intro-
duce a new beat-annotated Salsa dataset and explore train-
ing methods that minimize the need for extensive anno-
tated data.

2. BACKGROUND

Salsa is known for its rich and dynamic rhythmic tapestry,
reflecting the genre’s deep roots in Afro-Cuban musical
traditions, African rhythms, and the cultural fusion brought
about by Latin American communities in New York City
[3] [4]. Central to the genre is the clave pattern, a fun-
damental rhythmic motif that serves as the structural back-
bone, often alternating between 3-2 and 2-3 patterns within
a 4/4 meter. Additionally, Salsa incorporates polyrhythms,
where multiple rhythmic patterns are played simultane-
ously by different percussion instruments such as congas,
timbales, and bongos. This layering of diverse rhythms
results in off-beat accents and irregular syncopations. Fur-
thermore, the variable tempo and expressive timing vari-
ations in Salsa performances add another layer of diffi-
culty, requiring models to adapt to subtle fluctuations and
maintain consistent beat detection. These features are not
often represented in current beat tracking datasets, which
predominantly focus on genres with more straightforward
rhythms typically found in many Western music genres.

Annotating music is a time-consuming and arduous pro-
cess [7]. The temporal nature of music means the manual
annotation process takes at least the length of the annotated
segment, often requiring multiple listens and minor cor-
rections to achieve accurate beat placement. This labour-
intensive process limits the availability of large, annotated
datasets, particularly for genres like Salsa that have been
overlooked in previous beat tracking research.

Addressing this lack of data for genres such as Salsa
is crucial for progress toward music information retrieval
systems that are more representative of diverse musical
genres.
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3. RELATED WORK

The adaptation of beat tracking models to non-Western
musical genres has been a growing focus in Music Infor-
mation Retrieval (MIR), as existing models trained primar-
ily on Western music often struggle with different rhythmic
structures. This section reviews three relevant studies that
address these challenges.

Maia et al. [8] investigated adapting beat tracking mod-
els to Latin American music, specifically Samba and Can-
dombe, using minimal annotated data and computational
resources. They tested strategies including training from
scratch, fine-tuning a pre-trained model, and applying data
augmentation with a TCN model. Their approach demon-
strates the potential for adapting beat tracking models to
under-represented musical genres with limited annotated
data. Building upon their strategies, our work focuses on
Salsa music, which, like Samba and Candombe, features
complex rhythmic structures. We explore similar methods
to evaluate their effectiveness in the context of Salsa.

Fiocchi et al. [9] applied transfer learning to beat track-
ing in Greek folk music by utilizing a deep BLSTM-based
RNN originally trained on popular Western music datasets.
They collected and manually annotated a dataset of Greek
folk music, which includes a variety of rhythms with irreg-
ular time signatures and tempo fluctuations. By freezing
the lower layers of the pre-trained network and retraining
the top layer on the Greek dataset, they achieved significant
improvements compared to models trained from scratch on
the limited data. Their results demonstrate the effective-
ness of transfer learning in adapting beat tracking models
to new genres with limited annotated data. This approach
underscores the potential for leveraging existing models to
handle diverse musical traditions without the need for ex-
tensive new datasets.

Pinto et al. [10] proposed a user-driven fine-tuning ap-
proach for beat tracking, aiming to enhance the perfor-
mance of state-of-the-art models on specific challenging
musical pieces. Their method involves adapting a pre-
trained TCN by fine-tuning it using a small, user-annotated
segment of the target piece. This approach allows the
model to better handle expressive timing variations and
complex rhythms without the need for large annotated
datasets. They demonstrated significant improvements in
beat tracking accuracy across various datasets. However,
their approach is tailored to individual pieces, which limits
its scalability and applicability to genre-wide adaptation.
This raises questions about its effectiveness for broader ap-
plications where generalization across an entire genre is
desired.

These studies provide valuable insights into the chal-
lenges and potential strategies for adapting beat tracking
models to under-represented musical genres. However,
limitations remain in achieving generalization across an
entire genre with minimal annotated data. Our work ex-
tends these efforts by benchmarking multiple models and
training conditions specifically for Salsa.
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4. OBJECTIVES

This study sets out to establish a benchmark for beat track-
ing accuracy on Salsa music by evaluating two state-of-
the-art models, Beatnet and BockTCN, on a newly created
beat-annotated Salsa dataset. This benchmark will allow
future research to measure progress in developing more ef-
fective beat tracking systems for diverse musical genres.

Leveraging techniques such as transfer learning, we
aim to optimise these models for Salsa music despite the
scarcity of annotated data.

Additionally, this research introduces a novel beat and
downbeat annotated Salsa dataset, with the objective of
further improving beat tracking systems for diverse mu-
sical genres.

5. METHODOLOGY

We assess the accuracy of two prominent beat tracking
models: BeatNet and BockTCN, on an unseen Salsa test
dataset created for this study. The models were trained un-
der three distinct conditions:

5.1 Training Data
5.1.1 Other Datasets Used

The non-Salsa music datasets used (referred to as “Oth-
ers”) include: GTZAN [11], Ballroom [12], SMC [13],
Beatles [14] and Rock corpus [15]

We were not able to obtain some of the datasets used
in the original training of the two models, such as the
Hainsworth dataset, due to accessibility constraints.

5.1.2 Salsa Dataset

The Salsa dataset comprises 40 tracks, which were divided
into five folds of eight tracks for training. All tracks were
used for evaluation, following the process described below.

5.2 Training Conditions

Three training conditions were used: (1) ’Others Only’,
using non-Salsa datasets; (2) ’Salsa Only’, training solely
on our Salsa dataset; and (3) ’Fine-Tuning’, training with
’Others’ and then fine-tuning with Salsa data.

We employed 5-fold cross-validation to measure the
average F-measure accuracy of the models on the Salsa
dataset. In each fold, the models were trained on 32 songs
(with 10% used for validation) and evaluated on 8 unseen
songs. This method ensures that every song in the dataset
is used for testing exactly once.

5.3 Model Configurations

In all cases except fine-tuning, the models were trained
with the original parameters presented in their respective
papers or official implementations. For "Fine-Tuning" and
"Salsa Only", we experimented with reduced learning rates
ranging from 1 x 1073 to 2 x 1075, We found that a learn-
ing rate of 5 x 10~ resulted in a stable training process for
both models, with consistent decreases in validation loss.
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Training was conducted for a large initial number of
epochs, and we monitored the validation loss throughout.
The model checkpoint with the lowest validation loss was
selected for evaluation.

The models were implemented using their official
repositories when possible to ensure consistency with the
original designs [16, 17]. Very minor changes were made
to enable training with the datasets at our disposal.

5.3.1 Fine-Tuning Details

For fine-tuning, specific layers of each model were trained
while others were frozen:

* BeatNet: The convolutional layers were frozen, and
fine-tuning was applied to the LSTM layers and the
final layer.

* Bock TCN: The convolutional layers were frozen,
allowing fine-tuning of the Temporal Convolutional
Network (TCN) layers.

5.4 Evaluation Metrics

We used the F-measure [7] as the primary metric to as-
sess beat and downbeat tracking accuracy. For comparison,
we include in Table Table 1 the average F-measure accu-
racy on popular music datasets previously reported for the
two prominent beat tracking models we investigate in this
study. A standard tolerance window of +70 milliseconds
was applied when matching detected beats to the ground
truth, accounting for slight timing variations and reflecting
human perception of beat alignment.

5.5 Creation of the Salsa Dataset
5.5.1 Song Selection

The Salsa dataset compiled for this study consists of 40
tracks, selected to capture a diverse range of eras, regional
styles, sub-genres, tempos, and instrumentation that char-
acterize Salsa music. These tracks span various origins,
with representation from areas such as Puerto Rico, Cuba,
and the United States, and include popular sub-genres like
Salsa Romantica, Salsa Dura, and Cuban Salsa. Release
dates span from the 1970s to the 2020s. Tempos vary from
155 to 246 BPM, with an average around 191 BPM, calcu-
lated from the annotated beat intervals.

5.5.2 Beat Annotation Process

Beat annotations were created using the Sonic Visualiser
software [18]. Each beat was manually placed through a
combination of visual waveform inspection and auditory
analysis to ensure precise timing. Subjective choices were
made regarding the inclusion or exclusion of beats in cer-
tain sections; for instance, intros and outros with ambigu-
ous or free rhythms were sometimes omitted to maintain
annotation consistency.

The Salsa dataset can be accessed publicly via GitHub
github.com/AntoninRap/Salsa-dataset.

6. RESULTS

Our findings reveal that accuracy increases with speciali-
sation and can benefit from the general musical knowledge
derived from training on other datasets. This is an unsur-
prising result to some extent, but it was useful to see that
this consistent improvement could be obtained even with a
small amount of genre-specific training data.

BeatNet | BockTCN
GTZAN | 0.806 0.885
Ballroom | N/A 0.962

Table 1. Reported average F-measure accuracy on popu-
lar music datasets of two prominent beat tracking models.
BeatNet did not report any results for the Ballroom dataset.

BeatNet | BockTCN
Fine-tuned 0.845 0.771
Salsa only 0.855 0.437
Others (base) | 0.560 0.420

Table 2. Average beat F-measure accuracy on the Salsa
dataset of two prominent beat tracking models under the
three training conditions outlined in the Methodology sec-
tion.

BeatNet | BockTCN
Fine-tuned 0.522 0.216
Salsa only 0.516 0.052
Others (base) | 0.215 0.042

Table 3. Average downbeat F-measure accuracy on the
Salsa dataset of two prominent beat tracking models under
the three training conditions outlined in the Methodology
section.

Tables Table 2 and Table 3 present the average beat and
downbeat F-measure accuracies, respectively.

BeatNet achieved its highest F-measure when trained
solely on the Salsa dataset (0.855), slightly surpassing its
performance when fine-tuned (0.845). The base BeatNet
model scored significantly lower (0.560). For BockTCN,
fine-tuning resulted in the highest F-measure (0.771), out-
performing the Salsa-only training (0.437) and the base
model (0.420). These results suggest that incorporating
Salsa data enhances beat tracking performance. Beat-
Net benefits more from training exclusively on Salsa data,
while BockTCN shows greater improvement through fine-
tuning.

Both models exhibited lower F-measure scores for
downbeat tracking compared to beat tracking. BeatNet
achieved its highest downbeat F-measure when fine-tuned
(0.522), closely followed by Salsa-only training (0.516).
The base model had a considerably lower score (0.215).
BockTCN’s best downbeat F-measure was 0.216 when
fine-tuned; performance decreased with Salsa-only train-
ing (0.052) and was minimal for the base model (0.0%).
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Fine-tuning improves downbeat detection, particularly for
BeatNet, but overall accuracy remains low. The original
BockTCN Paper does not report any downbeat capabilities
or results. These results were obtained using Ben Hayes’s
Bo6ckTCN implementation [16]

A closer look into individual beat tracking results re-
veals that most models obtain higher accuracy on most
songs in the dataset after training with Salsa specific data.
Specifically, for BeatNet in the "Salsa Only" and "Fine-
Tuning" training conditions, a majority of songs achieved
higher-than-average F-measure scores compared to the
overall average in their respective training conditions. The
average accuracy was brought down by a few songs with
significantly reduced performance. Interestingly, for both
models, these particular songs actually achieved higher re-
sults with the base models and present differences in in-
strumentation compared to the rest of the tracks in the
dataset. We explore these findings in more detail in the
discussion section below.

7. DISCUSSION

This study established a baseline for beat and down-
beat tracking in Salsa music using a new, small-scale
dataset. Our results show that models trained with Salsa-
specific data perform better than those trained on non-Salsa
datasets, and, in the case of BeatNet, outperforms its accu-
racy obtained on Western music genres.

Upon analysing the outlier negative results presented
in Table 4, it became apparent that the results were likely
due to the difference in instrumentation and lack of
strong rhythmic elements rather than the complexity of the
rhythms. For instance, in challenging tracks such as “Ve-
nenosa”, "Es Tu Mirada" and "Juntando Amores" rhythmic
instruments are either less prominent or played more sub-
tly. In “Venenosa”, for example, the rhythm is primarily
carried by a soft Tumbao on the conga, while the piano,
guitar, bass, and vocals dominate the mix. One thing to
note here is that in Salsa, the piano most often functions
as a rhythmic instrument, rather than serving a primarily
melodic role as it does in many Western genres.

"Es Tu Mirada" is widely enjoyed by Salsa dancers
around the world; however, its instrumentation differs
from traditional Salsa music and more akin to fusion of
Cuban pop with traditional Cuban music elements. In this
track, the rhythmic instruments are slightly muted com-
pared to the prominent vocals and bass. Similarly, "Jun-
tando Amores" blends Salsa rhythmic elements with fla-
menco guitar and is characterized by a very fast tempo.
In this track, the rhythmic elements take a backseat to the
prominent guitar. These deviations in instrumentation and
emphasis on non-traditional elements may have impacted
the models’ performance on these three tracks.

The high beat tracking accuracy obtained on most of
the dataset suggests that the models effectively specialized
in traditional Salsa instrumentation. Training on 32 songs
enabled the models to generalize effectively to 8 unseen
songs with similar characteristics, and, notably, this gener-
alization occurred consistently across all five folds in our
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Venenosa | Es Tu Mirada Juntando

Amores
BeatNet Fine-tuned 0.378 0.333 0.387
BeatNet Salsa only 0.324 0.249 0.442
BeatNet (others) 0.634 0.660 0.639
BOckTCN Fine-tuned | 0.416 0.368 0.514
B6ckTCN Salsa only | 0.404 0.463 0.465
B6ckTCN (others) 0.974 0.662 0.657

Table 4. Beat tracking F-measure accuracy on three songs
with outlier accuracies for BeatNet and BockTCN under
the three training conditions outlined in the Methodology
section.

cross-validation. However, the outlier results highlighted
above seem to indicate that the models lost some of their
ability to accurately track beats in songs whose instrumen-
tation differed from traditional Salsa arrangements.

For downbeat tracking, the results are more challeng-
ing to interpret. The F-measure accuracy varies signifi-
cantly—from O to 1—and it is not clear yet why this vari-
ation occurs.

8. FUTURE WORK

The promising results obtained during this study with a
limited amount of data highlight the need for further re-
search. In following experiments we will focus on leverag-
ing large amount of unannotated data, such as dance videos
posted online, through techniques such as self-supervised
learning. Through this research, we hope to further im-
prove beat tracking accuracy by exploring multimodal data
that integrates visual information from dance movements.

9. CONCLUSION

The study demonstrates that fine-tuning beat tracking mod-
els with genre-specific data can significantly improve accu-
racy for Salsa music. It also establishes a baseline for the
performance of beat and downbeat tracking on this genre,
providing a reference point for the efficacy of more intri-
cate future methodologies. This work contributes to the
ongoing efforts to develop beat tracking systems that bet-
ter account for the rhythmic diversity found in global music
genres, and with this objective in mind, introduces a new
beat-annotated dataset of Salsa music.
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ABSTRACT

Choro music is considered the first musical style to orig-
inate in Brazil, dating back to the 1870s. Some historical
recordings from the early 20th century include noise inher-
ent to the process of recording and playing shellac records.
In this work, we investigate the instrument separation task
applied to historical recordings of this Brazilian music
genre, using models originally trained on clean tracks. We
used a choro dataset composed of modern recordings of
songs from the most important composers of this style,
and a 78 RPM (rotations per minute) noise dataset to em-
ulate old choro records. Using an available neural net-
work architecture — Hybrid Demucs — trained to sepa-
rate the characteristic choro musical instruments into the
string, wind, and percussion families without background
noise, we evaluate the separation result in the presence of
different types of 78 RPM noise. Furthermore, we study
the impact of the additive noise on separation when the
signal-to-noise ratio (SNR) ranges from 10 to 40 dB. The
experiments showcase that the model is robust, although
the performance depends on the type and level of noise.

1. INTRODUCTION

The task of music source separation consists in isolating
the sound of each instrument, or a family of instruments,
from an audio mixture (i.e., a track containing various in-
struments playing together) [1-7]. In recent years, deep
learning approaches have achieved state-of-the-art perfor-
mance in music source separation. Various neural network
architectures have been explored for this task, as demon-
strated in previous works [8—12]. We chose to base the in-
vestigation of this work on the Hybrid Demucs model [10],
which uses an encoder-decoder architecture, due to its ex-
cellent performance in instrument separation and the avail-
ability of a model we trained on a dataset of choro music
within our current research.

© P. Donadio, M. Rocamora, and L.W. Biscainho. Licensed

under a Creative Commons Attribution 4.0 International License (CC BY
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In many contexts, isolating the singer’s voice or even
erasing the sound of a specific instrument from a musical
excerpt (preserving the rest of the mixture) are practical
tasks that may help professional and amateur musicians,
music students, audio engineers, musicologists, and re-
searchers. However, most of the works in this area explore
separation on modern recordings, obtained in controlled
studio environments, such as those found in MUSDB [13]
database. The open question of our interest is the effec-
tiveness of these models on historical recordings, i.e., data
extracted from discs where noise is an inherent part of the
recording/reproduction process.

In this work, we explore the traditional musical genre
called choro, which, along with samba, is one of the most
representative elements of Brazilian and Latin American
culture. Historical recordings of choro [14, 15] date back
to the beginning of the 20th century and typically in-
volve groups where a rhythmic and harmonic base of 6-
string guitars, 7-string guitars, cavaquinho, and pandeiro
accompanies soloists playing flute, mandolin, clarinet, or
cavaquinho. This music is instrumental in its conception
(although some choros have received lyrics later) and is
formed through the fusion of various rhythms performed in
a characteristic choro way, such as polka, baido (a rhythm
from northeast of Brazil), waltz, and maxixe (also known
as the Brazilian Tango). It results from a mixture of the
African rhythm lundu with European genres. All these as-
pects introduce different types of challenges. Regarding
rhythm, there are various notions of meter, which may vary
between 2/4, 3/4, or 4/4. In melodic terms, the improvisa-
tional nature of choro allows the soloist freedom to create
melodies in certain musical passages. From a technical
perspective, the timbral overlap of various instruments in-
creases the difficulty of separation. The main composers of
the genre are Ernesto Nazareth (1863-1934), Heitor Villa-
Lobos (1887-1959), Pixinguinha (1897-1973), Jacob do
Bandolim (1918-1969) and Waldir Azevedo (1923-1980).
It is interesting to note that, in most cases, the recordings
have the composers themselves performing as soloists. For
example, Jacob do Bandolim, who was an excellent man-
dolinist; Waldir Azevedo, credited with introducing the
cavaquinho as a soloist instrument in choro groups; and
Pixinguinha, who played both the flute and saxophone, and
is also considered one of greatest musicians in Brazil.
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This study investigates the impact of background noise
present in the original mix on the performance of a musi-
cal instrument family separation system. We utilize a Hy-
brid Demucs model specifically trained on a choro music
dataset composed of 10 albums of modern recordings from
the most prominent composers of the genre. In its orig-
inal form, the model is capable of isolating instruments
into three families: strings, wind, and percussion. We
conduct a series of experiments by adding different lev-
els and types of 78 RPM noise to the mixtures, simulat-
ing the characteristics of old shellac recordings. The noisy
mixtures are then separated by the model and compared to
the corresponding results obtained from clean (non-noisy)
mixtures. In both cases, the separation performance is
evaluated according to the most usual objective metrics
adopted for source separation [16] — signal-to-distortion
ratio (SDR), signal-to-interference ratio (SIR), and signal-
to-artifact ratio (SAR) — supplemented by informal but
careful subjective listening evaluation. The results demon-
strate that the model is robust and can effectively separate
instrument families under most conditions, although the
performance depends on the type and level of noise.

2. METHODS
2.1 The Model

Hybrid Demucs ' (v3) is a neural network that utilizes
convolutional layers as encoder/decoder schema. Its main
highlight is the fact that it receives the input signal simul-
taneously in the time and frequency domains, subjecting it
to 6 encoder layers and 6 decoder layers. The model was
trained for 360 epochs with a batch size equal to 4, using
Adam optimizer and a learning rate Lr = 1074,

The available model has been trained (from scratch) on
a choro music dataset that consists of 10 albums for train-
ing and 2 albums for validation?. Table 1 presents the
number of songs per album utilized for training, validation
and testing the model.

The data structure for each song includes a mixture
(with all instruments playing together) and 4 sources: the
string family (6-string guitar, 7-string guitar, cavaquinho,
mandolin, etc.), the wind family (flute, saxophone, clar-
inet, etc.), the percussion family (pandeiro, reco-reco, tam-
borim, snare drums, etc.), and the “others” family (consist-
ing of instruments that do not belong to the other three
classes). All tracks have a sampling rate of 48 kHz.

In a future publication, we will provide a detailed pre-
sentation of the choro dataset, outlining all stages of track
production for each instrument family and their specific
characteristics, as well as details of the training process.

2.2 The noise dataset

The noise dataset described in [17] comprises various noise
segments extracted from recordings of 78 RPM shellac

I Available at https://github.com/facebookresearch/
demucs/tree/v3

2 The albums mentioned are available for purchase at https://
www.choromusic.com/
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Table 1: List of songbooks in Choro dataset.

Number Songbook # Songs
1 Altamiro Carrilho 13
2 Benedicto Lacerda 12
3 Chiquinha Gonzaga 12
4 Choro Meets Bach 14
5 Ernesto Nazaré 1 11
6 Ernesto Nazaré 2 11
7 Ernesto Nazaré 3 11
8 Inéditos 14
9 Jacob do Bandolim 1 12
10 Jacob do Bandolim 2 12
11 Pixinguinha 12
12 Roda de Choro 12
13 Severino Aratijo 12
14 Waldir Azevedo 1 12
15 Waldir Azevedo 2 12
16 Zequinha da Abreu 12
records. These include electrical circuit noise, ambient

noise, noise caused by the turntable, and clicks. From this
set, we choose 5 noise samples with different characteris-
tics to simulate historical choro recordings; Figure 1 shows
their respective spectrograms. To make the tracks from the
noise dataset compatible with the clean mixtures from the
choro dataset, the noise tracks have been pre-processed:
we took only one of the two original stereo channels, re-
sampled it from 44.1 to 48 kHz (to match the sampling
rate of the choro dataset), periodically looped the noise in
cycles consistent with a 78 RPM recording, and ensured
that both the noise track and the musical track were the
same length. The original noise track titles (with refer-
ences to various metadata) in the original dataset are ex-
tremely long and were shortened to cristree, vucchella, ma-
Journey, springfield, and alacarte for reference. The sam-
ples used in this study are available upon request.

3. EXPERIMENTS

The experiments were conducted to test the separation
models on simulated historical choro recordings. To do
that, 20 tracks were carefully selected from the test set of
the choro dataset to ensure they were free of leakage. One
of the typical characteristics of choro is the rich contrapun-
tal interaction between performers, which is facilitated and
spontaneously captured in studio if the musicians play in
the same space. This usually results in some sound leak-
age from one instrument (or family of instruments) into
the microphone of another. Of course, this effect would
prevent the proper use of the original segregated tracks as
reference signals for evaluating system performance.

To simulate historical 78 RPM noisy recordings, we
combine the clean tracks of choro test set and the 5 pre-
conditioned noise tracks according to

CVnoisy = ﬂ~(G-Npp + Cclean)> (1)
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Figure 1: Spectrogram of the five noise samples selected.

where [ represents the global track gain, G is the gain ap-
plied to the pre-processed noise track Np, to produce the
desired SNR, and C,jean is the track extracted from choro
test set. Noise gains were adjusted to induce SNR val-
ues of 10, 20, 30, and 40 dB for each track. In total, 400
noisy mixtures were generated according to this scheme,
outlined in Figure 2. It should be noticed that the choro
dataset albums used for training were not subjected to any
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pre-selection regarding instrument leakage.

Another key aspect to highlight is the choice to sepa-
rate simulated historical tracks instead of original record-
ings from the early 20th century, which was based on two
main considerations. First, we aim to test the robustness of
the model, i.e., its ability to accurately separate instrument
families in the presence of background noise. To achieve
this, it is essential to vary the types of noise both in terms
of their spectral components and their power levels—an
approach that would be impractical with real recordings,
given the limited availability of such material. Secondly,
to calculate the objective measures commonly used in the
source separation community, it is essential to compare
the separated track with the ground truth, i.e., the isolated
recording of the instrument without noise. Clearly, ac-
quiring such material from original recordings of that era
is practically unfeasible, as technology for multichannel
recording per instrument was not yet available.

To assess the quality of separation, three objective
metrics are widely adopted in the literature: signal-to-
distortion ratio (SDR), signal-to-interference ratio (SIR)
and signal-to-artifact ratio (SAR), defined in [16]. Table
2 presents these metrics computed to compare the perfor-
mances for different levels of SNR. The average value is
calculated considering all the test tracks and all selected
noises. It can be observed that for SNRs of 20, 30, and
40 dB, the separation results are closely aligned with those
obtained from the clean tracks in the last row. This indi-
cates a degree of robustness in the system when processing
noisy recordings. Table 3 addresses the results obtained
exclusively for the SNR of 10 dB. For this case of worst
performance, it is possible to observe the behavior of the
separation for each noise individually. As the values of the
metrics SDR, SIR, and SAR metrics decrease, respectively,
the signal tends to become almost imperceptible, presents
a higher amount of artifacts that mask the original signal,
and the separation is affected by interference from other
families, indicating that the system struggles to differenti-
ate them.

Overall, the separation works well for recordings with
noise. From an auditory perspective, the instrument fami-
lies are separated in a similar way as in the cases of noise-
free tracks for almost all noise types and SNR values, with
the percussion family being the most critical case for low
SNR values.

Lower SNRs tend to impair the separation quality, par-
ticularly for the percussion family. We verified auditorily
that in certain cases, the nature of the noise is very simi-
lar to that of the pandeiro (the primary percussive instru-
ment in the database), especially due to the high-frequency
sound produced by the platinelas (small iron plates). This
is predominantly observed in the cristree and alacarte noise
signals, which contain a considerable amount of informa-
tion above 512 Hz. In contrast, the other noise signals do
not exhibit this characteristic with the same intensity. Re-
flecting the low values in SDR and SAR, a similar behavior
was found through perceptual evaluation.

As for the string family, separation is quite reasonable
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Figure 2: Scheme for preparing the noisy tracks of the test set.

Table 2: Average value of SDR, SIR and SAR for each SNR (considering the 20 noisy tracks in the test set).

Noise STRINGS WIND PERCUSSION

SNR "sprR SIR  SAR SDR SIR SAR SDR  SIR  SAR
20dB 14210 28248 16.104 14.134 24596 15590 5.657 16918 5234
30dB 15777 28298 17.878 15365 25130 17.112 7.176 19231 7.380
40dB 16128 28230 18503 15582 25280 17414 7453 19452 8233
Clean 16,130 28373 18399 15700 25407 17.576 7.6172 19340 8334

Table 3: Average value of SDR, SIR and SAR computed for the 20 noisy tracks in test set with an SNR of 10 dB.

Noise STRINGS WIND PERCUSSION

category SDR SIR SAR  SDR SIR SAR SDR SIR  SAR
alacarte 12749 27398 14309 14.169 24.699 15.617 -0.016 6.042 -6.685
cristree 11.880 27.291 14.128 14.035 25.083 16.023 0.597 7.475 -6.396
majourney  6.264  27.656  9.166  9.545 21.626 10.154 6373 17.835 6.850
springfield  5.663 27.465 8.090 9.935 21.005 10.774 6.077 17.126 6.395
vucchella  5.102  26.898 7.091 10484 20.101 11447 5631 16241 6.122

with an SNR of 10 dB with the alacarte and cristree noises.
This occurs mainly because, for these two cases, the model
extracts some of the noise from the string family and clas-
sifies it as percussion, thus favoring the string metric, at the
cost of impairing the percussion metric.

In the case of the wind family, results for SNR of 30
and 40 dB show little variation for SDR, SAR e SIR val-
ues, indicating that separation is easier for this family. In
many tracks, the system acts as a form of denoiser, par-
tially eliminating noise, particularly during pauses in the
melody played by the wind instrument.

4. CONCLUSIONS AND FUTURE WORK

In this work, we investigate the effects of separating musi-
cal instruments into families on historical recordings of the
traditional Brazilian genre choro. To achieve this, we em-
ploy a deep learning approach using an architecture known
as Hybrid Demucs, trained on a choro database. We use
20 leakage-free test tracks combined with a database of
noise from 78 RPM records to simulate historical record-
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ings, creating different levels of SNR (10, 20, 30, and 40
dB). Finally, we evaluate the results using traditional ob-
jective metrics for music separation (SDR, SIR, and SAR),
in addition to a careful consideration of our own subjective
evaluation.

The results obtained are promising, demonstrating
that the system is robust when dealing with tracks con-
taining additive noise, even though it has been pre-
trained on clean recordings. Some families, such as per-
cussion, face greater challenges in separation at lower
SNRs, while others, such as wind instruments, show
good results across all SNR levels. Some separa-
tion results, as well as the noises used, are avail-
able for listening at https://www02.smt.ufrj.
br/~pedro.donadio/index_Lamir.html.

Several ideas for future work arise from this approach,
with the main one being fine-tuning using tracks with
noise. The expectation is that, in addition to separating
the families, a form of denoising will occur if the noise is
included as training data for the model.
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ABSTRACT

This paper proposes a novel method for musical tempo
estimation by combining mel-spectrograms and mel-
scalograms in a custom three-dimensional image format.
The proposed model consists of a convolutional neural net-
work trained with these images, correlating them with pre-
defined tempo values. The model is trained and evaluated
on widely used databases in the literature and it is com-
pared to the state-of-the-art. Data augmentation was iter-
atively applied during training. The combination of mel-
spectrogram and mel-scalogram data resulted in an accu-
racy 2 improvement. Future work may explore the combi-
nation of additional audio signal representation methods.

1. INTRODUCTION

Musical tempo can be understood as the speed at which
a musical piece is performed, typically measured in BPM
(beats per minute), and its estimation is one of the fun-
damental tasks in Music Information Retrieval (MIR) [1].
Determining the tempo of a musical piece allows for pos-
sibilities such as automatic classification and even au-
tomation of musical accompaniment for live performances.
Since the early research of [2] and [3], the MIR commu-
nity has been conducting researches on tempo estimation
for the past 25 years [4].

Although the works of [1] and [S] have achieved ex-
cellent results, the problem of musical tempo estimation
is still open [4]. Aspects such as evaluation metrics fo-
cused on real-world applications, audio transformations
for relevant feature extraction, and novel machine-learning
methods are still under investigation. Recent studies have
shown significant progress in the field of musical tempo
estimation. Notably, works such as [6, 7] have achieved
promising results using different neural network archi-
tectures, specifically Bidirectional Recurrent Neural Net-
works and Multi-scale Grouped Attention Networks. Ad-
ditionally, several studies have explored self-supervised
approaches, with works like [8—11] achieving results com-
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parable to state-of-the-art methods, despite the challenges
posed by the scarcity of labeled examples. More recently,
the works [12, 13] have improved results in some datasets,
surpassing the state-of-the-art in specific cases by utiliz-
ing Temporal Convolutional Networks (TCNs) trained to
jointly estimate beat, downbeat, and tempo [9, 14].

In this context, this work aims to contribute to the musi-
cal tempo estimation problem by introducing a novel rep-
resentation of audio signals through the creation of a cus-
tomized three-dimensional image. This image combines a
mel-spectrogram in red tones and a mel-scalogram in green
tones, resulting in a unique three-dimensional representa-
tion. The employed database is composed of a combina-
tion of public music signal datasets with tempo annota-
tions. The generated images are fed into a convolutional
neural network (CNN). Given the limited number of ex-
amples available in public datasets, an online data aug-
mentation procedure was proposed to modify real exam-
ples and generate new synthetic ones. Finally, the 5-fold
cross-validation method was used to enhance the statistical
reliability of the proposed model. Our results are compati-
ble with state-of-the-art algorithms.

2. PROPOSED MODEL

The proposed model for tempo estimation involves gen-
erating a custom three-dimensional image from an audio
signal of a musical piece with a predefined BPM tempo.
This image is created by combining a mel-spectrogram in
red tones and a mel-scalogram in green tones. The objec-
tive is to perform supervised learning by training a con-
volutional neural network with the generated images, as
illustrated in Figure 1. Intuitively, the tempo estimation
problem appears to be a regression problem for an integer
value. However, following the approach proposed in [5],
this work treats it as a classification problem, assigning a
class for each integer BPM value within a specific BPM
range.

2.1 Used Datasets

For the model to be capable of generalizing the musical
tempo estimation problem, it must be trained with datasets
that contain examples from various musical styles and dif-
ferent tempo classes. The datasets chosen for this purpose
are LMD Tempo (3611 examples), MTG Tempo (1159 ex-
amples), and Extended Ballroom (3826 examples). These
databases are studied and referenced in [4].
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Figure 1. Simplified diagram of the proposed model.
The audio signal is transformed into a custom three-
dimensional image combining a mel-spectrogram and a
mel-scalogram. This image is used to train the convo-
lutional neural network, which will estimate the musical
tempo value in BPM.

The datasets chosen for model evaluation are widely
used in the literature. This allows us to compare the re-
sults achieved with other publications. Naturally, exam-
ples used in training will not be included in the evalu-
ation sets. The following datasets were utilized: ACM
Mirum (1410 examples), Ballroom (698 examples), Gi-
antSteps Tempo (660 examples), GTZAN (999 examples),
Hainsworth (222 examples), ISMIR2004 (465 examples),
and SMC Mirum (217 examples) [4]. These datasets con-
sist of musical pieces in wav files, each with a predefined
tempo in BPM.

We chose to focus the training on the range where most
examples occur, resulting in classes between 60 and 199
BPM, reducing it to 140 different classes. This range is
referred to as the “sweet octave” by some authors [15], as
it tends to contain more musical pieces than any other in-
terval.

2.2 Audio Signal Representation as Image

Whenever deep learning algorithms are used to solve prob-
lems involving audio signals, signal representation be-
comes a crucial aspect to consider. In this work, an off-
set of 5 seconds was applied to generate the representa-
tions, meaning that the first 5 seconds of the audio signal
were discarded. This step is necessary because the initial
seconds of a musical piece often exhibit different tempo
values compared to the overall excerpt. Subsequently, the
signals were converted to mono (downmixing) and down-
sampled to 11025 Hz, which is sufficient to detect tempos
up to more than 646 BPM [5]. Given that musical tempo
is not an instantaneous feature, the representation must en-
compass a sufficient time span. Therefore, a duration of
11.888 seconds was selected, ensuring that the length of
the audio vector is represented in base 2, optimizing com-
putational efficiency. After downsampling, the resulting
audio vector contains 131072 samples.

The final custom image has dimensions of (256, 40, 2),
representing two matrices of size 256 by 40, where the first
matrix corresponds to the mel-spectrogram and the second
to the mel-scalogram, as illustrated in Figure 2.

2.2.1 Mel-Spectrogram

The mel-spectrogram combines the Short-Time Fourier
Transform (STFT) with a frequency-to-Mel scale conver-
sion, creating a more perceptually relevant representation
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Mel Spectrogram

Mel Scalogram

Mel Spectrogram + Mel Scalogram

Figure 2. Diagram illustrating the creation of the custom
input image for the CNN. The result is a custom image
with dimensions (256, 40, 2) that serves as input to the
convolutional neural network.

of audio. This method was chosen for its widespread appli-
cation in visual audio representation, providing a basis for
comparative analysis. The parameters for the mel STFT,
such as frame length, hop size, and the use of 128 Mel
bands, directly influence the time and frequency resolu-
tion of the spectrogram [16]. In this study, a frame length
of 2048 samples and a hop size of 512 samples were em-
ployed. This configuration ensures a balance between time
and frequency resolution, suitable for the task of tempo
estimation. Figure 3a illustrates a mel-spectrogram gener-
ated from the processed audio signal.

2.2.2 Mel-Scalogram

Wavelets have been widely used in previous studies, such
as [17], and have proven to be an effective technique for
detecting events over time. The wavelet scalogram may
be generated from the pre-processed audio signal vector
by initially applying the Continuous Wavelet Transform
(CWT). Given a signal f(t), its CWT is defined as follows:

W}"(a,ﬂ—;&/o:of(t)w* (taT) dt (1)

where the parameter a (>0) refers to the scale, and 7 repre-
sents the translation or location of the mother wavelet func-
tion ¢ (¢). Both a and 7 € R. The parameter a controls the
dilation/contraction of the mother wavelet function. The
superscript asterisk in ¢ () denotes the complex conju-
gate of the function v (-), and W}Z’ (a, ) is known as the
wavelet coefficient [18].

Several mother wavelet functions can be used in sig-
nal analysis. It is still unknown which continuous wavelet
function performs better for the musical tempo estimation
problem. In this study, the complex Morlet wavelet was
chosen after visually analyzing the mel-scalogram gener-
ated by different wavelet functions. The complex Morlet
wavelet is defined as:

1 2

t e~ B IOt )
Y= s

with B = 6 and C' = 6, where B is the bandwidth and
C is the center frequency. The wavelet scale parameter a
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Figure 3. (a) Mel-Spectrogram and (b) Mel-Scalogram generated from the "trumpet" audio example provided by [19].

was selected to represent the Mel frequencies, using 128
bands to maintain consistency with the mel-spectrogram
generated. A mel-scalogram generated using this approach
can be observed in Figure 3b.

2.3 Convolutional Neural Network: Proposed
Architecture and Training Procedure

The CNN architecture employed by [5] was utilized. This
network achieved good results using mel-spectrograms,
suggesting it might also perform well when trained with
the custom image representation. The distinctive feature of
this architecture is that all convolutions are of the “same”
type, meaning padding is employed to maintain the im-
age’s dimensions with a stride of one. As the filters pos-
sess unit dimensions along the vertical axis, the tensor’s
shape remains unchanged along the time axis, which is
crucial for tempo detection. The CNN architecture used
may be observed in Figure 4. The input is a custom image
with dimensions (40,256,2), where the first channel corre-
sponds to the mel-spectrogram and the second to the mel-
scalogram. Following the input layer are three sequential
convolutional layers with short filters, specifically (1,5,16),
and Exponential Linear Unit (ELU) activation functions.
These layers are inspired by the traditional approach of cre-
ating an Onset Strength Signal (OSS) and then analyzing
its periodicity [S]. All layers in the network begin with
batch normalization, which is crucial for stabilizing the
learning process by normalizing each layer’s inputs.

After the initial convolutional layers, multi-filter mod-
ules are employed, whose structure is shown in Figure
5. These modules aim to reduce dimensionality along the
scale axis, summarizing the information and combining the
signal with a variety of filters capable of detecting tempo-
ral dependencies [5].

The training datasets are unified and randomly divided
into five parts, for use in 5-fold cross-validation. Of these
five parts, four are used for training, and one part is split be-
tween validation and testing, resulting in 80% for training,
10% for validation, and 10% for testing. All tensors are
normalized using the mean and standard deviation before

31

Short Filter Convolutional Layers
Mel Spectrogram - n
+ Batch Norm. Batch Norm. Batch Norm.
Mel Scalogram CONV 1x5x16 CONV 1x5x16 CONV 1x5x16
A0x256x2 ELU ELU ELL

Input:

H—>| H

)

Pooling AVG 2x1 |_|
Multi-filter module

Pooling AVG 5x1
Multi-filter module

Pooling AVG 2x1 | |
Multi-filter module

J

Flatten
Batch Norm.
Dropout 0.5

Dense 64 [ |
ELU

Pooling AVG 2x1
Multi-filter module

Dense 64

ELU Softmax 140

Figure 4. Convolutional Neural Network Architecture di-
agram. Adapted from [5]. It consists of an input layer fol-
lowed by three convolutional layers with short filters and
four multi-filter modules. Finally, the tensor is flattened
and connected to two fully connected layers. The output
layer is a softmax with 140 classes.

model training begins, and a data augmentation strategy
was employed by iteratively compressing and expanding
the custom images along the horizontal axis while keep-
ing the vertical axis unchanged. The modification factor is
randomly chosen from a predefined set of values F,, €{0.8,
0.85,0.9, 095, 1, 1.05, 1.1, 1.15, 1.2}. All data undergo
this data augmentation process.

Evaluating the performance of tempo estimation models
has a particular challenge. Accuracy 0 is defined as the real
accuracy of the model when the convolutional neural net-
work can predict the exact tempo (I") of the musical piece,
I=T. Accuracy 1 considers values within a 4% precision
window, I' = ' + 4%. This criterion accounts for the fact
that this minimal difference is imperceptible to the human



Proceedings of the 1st LAMIR Workshop, Rio de Janeiro, Brazil, December 9-11, 2024

. CONV [)
1x32x24 l
N
CONV |)
1x64x24 l
N

n CONV
P ) || s | ,
— L — CONCAT. CONV )
Batch l 1x1x36 l
Norm. N —

CoNV |
1x128x24)

)
CONV .
1x192x24[]
N
CONV |

— 1x256x24] |
N

Figure 5. Multi-Filter Module diagram. Its main feature is
parallel convolutions with different filter dimensions. All
activation functions are ELU. Adapted from [5].

ear, and even well-trained individuals may estimate tem-
pos within the same margin of error. Finally, Accuracy 2
also considers the submultiples (1/2 and 1/3) and multiples
(2 and 3) of the actual tempo value, within a 4% precision
window, T’ = (T & 4%) M, where M €1.,1,2,3. These are
known as “octave errors”.

3. RESULTS

3.1 Comparison between Mel-Spectrograms and
Mel-Scalograms

Using only the training datasets, we applied the 5-fold
cross-validation method to evaluate the performance of
mel-spectrograms, mel-scalograms, and the custom image
that combines both. Table 1 presents the Accuracy 2 values
for the validation and test sets, allowing for a clear compar-
ison between the different audio representations.

Table 1. Comparison of Accuracy 2 between Mel-
Scalograms and Mel-Spectrograms

Experiment Validation (%)  Test (%)
Mel-Scalogram 93.5+03 904 £ 1.1
Mel-Spectrogram 94.1 £ 0.4 91.2+0.8
Mel-Spec+Scal 94.2 + 0.6 92.0 £ 0.7

The results show that the mel-spectrogram alone
achieved an accuracy of 94.1% on the validation set and
91.2% on the test set. The mel-scalogram, on the other
hand, reached 93.5% on validation and 90.4% on the test
set, showing slightly lower performance compared to the
mel-spectrogram. However, when both are combined to
create a custom image, the model’s performance improves
further, achieving an accuracy of 94.2% on validation and
92.0% on the test set.

These results suggest that incorporating the mel-
scalogram to complement the mel-spectrogram provides a
richer and more detailed representation of the audio signal,
contributing to improved tempo estimation. The combina-
tion of the two representations appears to better capture
relevant temporal and spectral characteristics, resulting in
greater accuracy in musical tempo prediction.
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3.2 Evaluation of the Proposed Model and
Comparison with the State-of-the-art

In 2020, [4] highlighted the works of [5] and [1] as foun-
dational research in musical tempo estimation. More re-
cently, the works [12, 13] have further refined these re-
sults, surpassing the state-of-the-art in specific datasets
through the use of Temporal Convolutional Networks
(TCNs5s) trained for joint beat, downbeat, and tempo esti-
mation [9, 14].

Table 2 presents a comparison between these state-of-
the-art models and the proposed model, which utilizes a
custom image combining the mel-spectrogram and mel-
scalogram. Note that [13] did not report results for all
datasets, so only the published results are included.

From the table, it is evident that the proposed model
achieves results very close to the current state-of-the-art,
even surpassing some models in specific cases. For in-
stance, while the model excels on the GiantSteps dataset,
achieving an accuracy of 93.4%), it slightly underperforms
on datasets like Ballroom and GTZAN compared to the
most recent state-of-the-art. These results suggest that the
incorporation of the mel-scalogram enhances the represen-
tation, although there remains room for improvement in
certain contexts.

Table 2. Comparison with the State-of-the-Art -
Accuracy 2 (%)

E];ilt‘;‘;'t‘;“ Schr [5] Bick [1] Bick [13] Mel-Spec+Scal
ACM Mirum 974 97,7 97,7 97,4
Ballroom 98,4 98,7 - 94,8
GiantSteps 89,3 86,4 95,8 934
GTZAN 92,6 95,0 93,9 92,2
Hainsworth 84,2 89,2 - 84,2
ISMIR04 92,2 95,0 - 89,2
SMC 50,2 67,3 - 52,5
Combined 92,1 93,6 - 91,4

4. CONCLUSION

This study aimed to introduce a new representation layer
in the image of the audio signal. We observe that the
mel-scalogram, generated from the CWT, improved the
model’s performance when evaluating accuracy 2. By
simply altering the representation of the audio signal
while maintaining the same network architecture, the ac-
curacy 2 values improved compared to those achieved
using only the mel-spectrogram. We can conclude that
the mel-scalogram captures characteristics that the mel-
spectrogram does not, which are crucial for musical tempo
estimation.

The proposed model achieved results comparable to
the state-of-the-art, surpassing some models in specific
databases, such as GiantSteps. Future work could ex-
plore other image generation methods incorporated into
the model’s input as additional layers. Other possibilities
include the use of alternative CNN architectures and im-
provements in data augmentation methods.
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ABSTRACT

Beat and downbeat tracking models are predominantly de-
veloped using datasets with music in 4/4 meter, which de-
creases their generalization to repertories in other time sig-
natures, such as Brazilian samba which is in 2/4. In this
work, we propose a simple augmentation technique to in-
crease the representation of time signatures beyond 4/4,
namely 2/4 and 3/4. Our augmentation procedure works
by removing beat intervals from 4/4 annotated tracks. We
show that the augmented data helps to improve downbeat
tracking for underrepresented meters while preserving the
overall performance of beat tracking in two different mod-
els. We also show that this technique helps improve down-
beat tracking in an unseen samba dataset.

1. INTRODUCTION

Current datasets for beat and downbeat tracking are bi-
ased towards music in 4/4 meter, which do not adequately
address music with different rhythmic structures, such as
jazz, which typically contains 3/4, 12/8, or even 5/4 me-
ters; classical music, typically featuring 2/4, 3/4, 6/8 me-
ters (among others); Turkish Aksak (9/8); Cretan leaping
dances (2/4), or Brazilian samba, which is in 2/4.

Recent advancements in deep learning have shifted beat
and downbeat tracking from traditional signal processing
methods, which use manually crafted features, to data-
driven techniques, such as [1-4]. This exacerbated the bias
towards music in 4/4 because annotating and creating new
datasets for diverse musical meters is both time-consuming
and costly. As many culturally specific music genres fea-
ture meters other than 4/4, this results in a predominance
of mainstream annotated musical data [5]. For example,
in [1] from the 2216 training tracks available, 1120 are in
4/4, 882 do not have beat position annotations, and the re-
maining 214 spans other 4 time signatures. This underrep-
resentation is not a problem for beat tracking, but it affects
downbeat tracking as briefly discussed in [6].
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Recent work has explored methods to minimize the
number of required annotations while still enabling models
to generalize across different music styles [7] and strate-
gies for selecting which tracks to annotate [8]. While this
minimizes the number of tracks and time to annotate, it
does not remove the need for annotation.

Another way to alleviate the need to annotate new data
is through data augmentation. Data augmentation involves
modifying existing data to improve model training, such
as rotating an image in computer vision tasks or adding
noise in audio tasks. In audio applications, [9] proposes a
framework to augment annotated data, which supports op-
erations such as pitch shift and time stretch, and evaluate
it on instrument recognition. They show that even sim-
ple transformations can lead to improvements in the task,
but they should be done carefully (e.g. avoid deforming
the acoustic audio signal too much). In [1] the augmenta-
tion is done by calculating the same STFT with different
hop lengths, which improves the tempo estimation on un-
seen tempo ranges. Finally, [3] proposes augmenting the
dataset by applying Harmonic-Percussive Source Separa-
tion (HPSS), and training the model with both the orig-
inal mel-spectrogram, the harmonic component, and the
percussive component. Inspired by the fact that data aug-
mentation helps models generalize to out-of-domain situ-
ations [1], we explore these ideas in the context of meter
tracking.

In particular, we propose a novel augmentation proce-
dure that uses existing annotated data to enhance the rep-
resentation of underrepresented meters, without the need
for new annotations. We evaluate our approach using two
models, the Temporal Convolutional Network (TCN) [1]
and BayesBeat [10]. We use a test set with unseen me-
ters but seen music genres, and another test set with an
unseen music genre (Brazilian samba) and unseen meter.
Our results demonstrate that our augmentation technique
improves downbeat tracking performance while preserving
the overall effectiveness of beat-tracking methods.

2. METHOD
2.1 Augmentation Procedure

Given a track that is in 4/4, let B = {b1,ba,-- -} be the
beat annotation timestamps and P = {pi,p2,- - } be the
beat position within the bar, where p; € {1,2,3,4}. Let
IBI be the Inter-Beat Interval of B, i.e. IBI = AB.
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Figure 1. Illustration of the 4/4 — 3/4 augmentation of the GTZAN track blues.00009. On the top plot, we have the
original track with the beat timestamps and positions. The middle plot shows the intervals we remove in green. In this case,
we remove every interval from beat 4 to beat 1. Then, we correct the annotation labels and timestamps and remix the track.
On the bottom plot, we have the augmented track, with corrected time displacements.

We denote p* the beat positions we want to keep. For an
augmentation 4/4 — 2/4, p* = {1,2}, and, similarly,
4/4 — 3/4, p* = {1,2,3}. Therefore, we define an
augmentation as keeping positions p; € p*, that is:

B ={by,by,---}if p; € p* 1)
P ={pi,pa,---}if p; € p* )
IBI = {IBI,;_, if p; € p*} A3)

After we remove unwanted beats, we correct the re-
maining beat positions and any time displacements of the
annotations. We do so by taking the first beat timestamp
of B and adding the IBI[i] for every new position. We
denote the corrected beat timestamps as B:

B ={B[i — 1] + IBIi]} (4)
where B[0] = B[0]. Our augmentation procedure is il-
lustrated in Figure 1, and its pseudo-code is provided in
Algorithm 1. While we do not use the remaining values of
B, we still calculate it because beat timestamps and beat
positions do not necessarily start at p; = 1 so it is incorrect
to just do B[0] = BJ0] (see Figure 1 for an example).

Once we have the corrected new annotations, we use li-
brosa’s remix function! to synthesize the augmented sig-
nal. This function receives the original audio and the beat
intervals we wish to keep, mapping the interval boundaries
to the closest zero-crossing in the signal to avoid disconti-
nuities and concatenating them.

We note that, as of now, the beat position removed is
fixed and we do not remove Ist and 2nd beats to keep mu-
sical information related to the downbeat, but these can be
further explored in the future. It is possible to use the same
procedure to augment 4/4 tracks to other time signatures,
such as 5/4, but instead of removing beats, one would re-
peat them. For example, we could repeat the third beat. We
leave the exploration of these scenarios for future work.

'https://librosa.org/doc/0.10.2/generated/
librosa.effects.remix.html
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Algorithm 1 Augmentation Procedure
B+ {bl,bg,"'}
P+ {plap27"'}

> beat timestamp annotations
> beat positions annotations

IBI « {0}
IBI «+ IBI.append(AB)
keep + {} > indices of positions we want to keep

for 7 in length(B) do
if p € p* then
keep <+ keep.append(i)
end if
end for
IBI « IBI[keep]
P « Plkeep]
B < {Blkeep|0]]}
for i in range(1, length(I/\BI)) do
B «+ B.append(BJi — 1] + .@[z])
end for

2.2 Datasets

To create our augmented datasets, we use data from the
Beatles [11], GTZAN [12], and the RWC Classical and
Jazz [13] datasets. The GTZAN dataset consists of 1000
tracks of 30s each and spans 10 different genres. The
rhythmic annotations, such as tempo, swing ratio, and
beat/downbeat positions, were provided by [14] with met-
rical annotations added by [15]. The Beatles dataset con-
sists of 179 songs from the 12 studio albums from The
Beatles. RWC Classical and RWC Jazz consist of 50 tracks
each with variate lengths. All datasets have beat and down-
beat annotations, among others. We discard tracks without
beat annotations.

For the four aforementioned datasets, we have tracks
with no meter annotations. We infer the meter directly
from the beat positions by first calculating the difference
between consecutive p; and identifying the negative dif-
ferences, which indicate the transition between bars, e.g.
[1,2,3,4,1] becomes [1,1,1,—3]. We count how often
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Figure 2. Training and test data distributions by time sig-
nature.

these transitions occur at specific beat positions p;. We
consider the numerator of the meter the most frequent tran-
sition point. The denominator is always 4 for the tracks we
are using in this work. This method does not account for
tracks with internal time signature changes but gives us a
good approximation of the dominant track meter.

While GTZAN and Beatles are more concentrated in
4/4, RWC Classical and Jazz have better representation on
2/4 and 3/4 time signatures. Still, from the 28.41 hours of
audio (1283 tracks) from the datasets, 17.48 hours (1096
tracks) are classified as 4/4, 2.9 hours (87 tracks) are classi-
fied as 3/4, 3.82 hours (59 tracks) as 2/4 and the other 1.21
hours (41 tracks) are spanned between the other 5 time sig-
natures. In this work, we focus on 2/4, 3/4, and 4/4 meters,
leaving the remaining meters for future work.

These datasets give us a reasonable amount of tracks to
train and test the models with the different time signatures.
We create two different datasets to train the models:

Baseline (B) Randomly selected 993 original 4/4 tracks,
which stands for 80% of the whole dataset.

Augmented Full (AugF) Same tracks as B plus their re-
spective augmentations in 2/4 and 3/4. This is
the largest dataset between the three, totaling 2979
tracks.

The test split is fixed for the three experiments, has 20%
of the total tracks and consists only of original tracks. The
split has the 2/4 and 3/4 tracks, plus the remaining 4/4
tracks. As a second and unseen test set, we use the acoustic
mixtures from the Brazilian Rhythmic Instrument Dataset,
BRID [16], which consists of 93 short tracks of samba
(samba-enredo and partido alto). Tempo varies from track
to track, but not within the track. All the tracks are in 2/4.

Figure 2 shows the time signature distribution of the
data. We note here the TCN methods use 20% of the train
split as a validation set, while BayesBeat uses the whole
set as training.

2.3 Meter Tracking Models

To evaluate our augmentation strategy, we train two dif-
ferent meter-tracking models: the TCN and BayesBeat. In
previous works, the two models were shown to be capable
of generalizing to different music corpora [7,17].

The TCN was first proposed to beat tracking in [18], and
then expanded to simultaneously estimate beat, downbeat,
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and tempo in [1]. We use the open-source implementa-
tion provided in [5]. The TCN outputs beat and downbeat
activations (i.e. likelihood of beats and downbeats respec-
tively), which are typically further processed using a Dy-
namic Bayesian Network (DBN) for temporal consistency.

According to [19], the DBN is good at dealing with
ambiguous observations and finds the global best state se-
quence given these observations. [4] argues that the DBN
performs well on most pieces commonly used to train and
evaluate beat tracking systems because those tracks have
common features (e.g., stable tempo, meter in either 3/4
or 4/4) and that the DBN is most likely to mispredict more
challenging data. In preliminary experiments, we observed
that the DBN would improve overall results by 5% (i.e.
similar to the BayesBeat), but as argued in [4] it would ob-
scure the effects of the augmentation. To better analyze the
augmentation effect in the learning of the model we replace
the DBN post-processing with the adaptive thresholding
peak-picking method proposed by [20]% . This method has
a moving window that compares peaks with the median
threshold. We refer to it as TCN-PP. Finally, the imple-
mentation of the TCN in [5] contains tempo augmentation.
We removed this step to make the comparison with the
BayesBeat fairer.

The second model we use is BayesBeat [10], a sta-
tistical method that tracks beat, downbeat, tempo, meter,
and rhythmic patterns. We use the MATLAB implementa-
tion available on GitHub 3. In comparison with the TCN,
BayesBeat has fewer parameters and trains faster. For this
model, we use the default parameters, i.e. two frequency
bands (low and high) and one rhythmic pattern. We refer
to this model as BB.

3. EXPERIMENTS AND RESULTS
3.1 Setup

We start by loading all 4/4 tracks from the datasets dis-
cussed in Section 2.2. We use mirdata [21] to load the
tracks’ annotations. We discard tracks without annotations.
Then, we apply the augmentation procedure described in
Section 2.1 to all 4/4 tracks.

For every model, we evaluate the F-measure and con-
tinuity metrics CMLt, AMLt, CMLc, and AMLc (Correct
and Allowed Metrical Level with and without continuity
required, respectively). We use the implementation pro-
vided in madmom* [22].

In our GitHub repository ° , we have made available the
augmentation and experiments code.

3.2 Results

Table 1 shows the average performance of the models
trained on three different datasets. Overall, the beat met-

2We use the implementation provided in https://www.
audiolabs—erlangen.de/resources/MIR/FMP/C6/C6S1_
PeakPicking.html

3https://github.com/flokadillo/bayesbeat

4https://github.com/CPJKU/madmom

Shttps://github.com/giovana-morais/skip_that_
beat
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Beat Downbeat
F1 CMLt CMLc AMLt AMILc | F1I CMLt CMLc AMLt AMLc
B 0.70  0.53 0.46 0.76 0.61 041 031 0.29 0.49 0.45
BB AugF | 0.71 0.54 0.47 0.78 0.63 0.49 038 0.35 0.60 0.54
B 0.72 042 0.27 0.63 0.36 | 0.36 0.00 0.00 0.29 0.11
TCN-PP | AugF | 0.74 047 0.33 0.64 0.39 | 036 0.01 0.00 0.23 0.11

Table 1. Average results for the models across all time signatures.

rics remained stable across models and datasets, with a 2%
improvement for the TCN-PP model on the AugF dataset,
mainly due to improvements in the 3/4 and 4/4 time signa-
tures. For downbeat, we see that the BayesBeat model ben-
efited from the AugF dataset with an 8% overall improve-
ment. The TCN’s performance does not seem to change on
average, but when looking at a breakdown of the results per
meter we observe some differences, as discussed below.

3.2.1 Results by Time Signature

Figure 3 shows the models’ performance broken down
by meter in the test set, for the two augmented training
datasets. We see an improvement across models in 2/4
and 3/4, with the biggest improvement seen in downbeat
tracking for 3/4 tracks for the BB model. We hypothesize
that this is due to the difference between the time signa-
tures. While 2/4 and 4/4 can be considered similar, 3/4 has
a more distinct pattern. By inspecting examples, we see
that models trained with the augmented datasets misclas-
sified 4/4 tracks as 2/4 and the other way around. Those
errors make sense given the perceptual similarity between
those meters. Besides the F-measure, BB also improves the
continuity metrics, as seen in Table 1, showing that once
the method understands the correct meter, it propagates it
through the track.

Models
BRID (2/4) - ._ EZA TCN-PP
1 BB
2/4 - B
7
- ! | | |
7
i
4/4 -
|

T T T T 1
0.05 0.10 0.15 0.20 0.25

AF1

-0.10  —0.05 0.00

Figure 3. Relative F-measure for downbeat tracking on
test set and BRID. The bars represent the deviation from
the baseline F-measure. Hatched bars represent TCN-PP
results and non-hatched bars represent BB.

3.2.2 Results for BRID

In [7] the authors reported results for a TCN trained only
on Western music on the BRID dataset. The model had an
F-measure of 0.096 and a CMLt of 5.9, demonstrating the
difficulty of generalizing to unseen data. The result had
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an increase of 70% when the authors fine-tuned the model
with only 0.67 minutes of annotated BRID data. They ar-
gued that the difficulty is not only in the meter itself but
also in the acoustic properties of the data. The authors
also report that BayesBeat can achieve similar downbeat
F-measures by being trained from scratch with around 3
minutes of annotated data. We see in Figure 3 that our
models show an improvement of about 5% and 15% with
respect to the baseline without annotating new data when
evaluated on BRID. The improvement for the TCN method
was not as big as the BayesBeat, but in absolute values,
the TCN had a better performance than BayesBeat. The
augmentation was not sufficient to account for the acoustic
properties of the track, which are different from training,
but it improves downbeat tracking without any extra anno-
tated data. This augmentation could be used to annotate
a few minutes of samba to then retrain the models, as a
preprocessing step for the approach in [7].

As one of its main characteristics, samba has a strong
accent on the second beat and the development of contra-
metric structures [7]. In our qualitative analysis, we saw
that offbeat mistakes were the most common in all mod-
els and training data variations, i.e. the strongest beat was
classified as the downbeat, even though it was not.

We provide full results and listening examples in the
accompanying website © .

4. CONCLUSIONS AND FUTURE WORK

In this work, we proposed an augmentation procedure to
increase representation in 2/4 and 3/4 time signatures for
beat and downbeat tracking. We show that the augmen-
tation approach helps models generalize to unseen meters
and datasets but it has limitations for unseen accentuation
and rhythmic patterns. The simplicity of the method leaves
room for exploration in different directions. For future
work, we will explore adding internal meter changes and
augmenting different time signatures. We will also experi-
ment with tracks without voice stems, so the augmentation
cuts are less perceivable, and explore variations of the re-
moved beat positions, instead of removing, e.g., the 3rd
and 4th beats within a bar. Finally, it is worth testing the
effect of the augmentations on deep learning models that
do not rely on the DBN, such as [4], and evaluate whether
the improvement and the generalization to unseen datasets,
such as BRID, remains.

Shttps://giovana-morais.github.io/skip_that_
beat_demo/
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ABSTRACT

Music Emotion Recognition was dominated by classi-
cal machine learning, which relies on traditional classi-
fiers and feature engineering (FE). Recently, deep learn-
ing approaches have been explored, aiming to remove the
need for handcrafted features by automatic feature learning
(FL), albeit at the expense of requiring large volumes of
data to fully exploit their capabilities. A hybrid approach
fusing information from handcrafted and learned features
was previously proposed, outperforming separate FE and
FL approaches on the 4QAED dataset (900 audio clips).
The results suggested that, in smaller datasets, FE and FL
could complement each other rather than act as competi-
tors. In the present study, these experiments are extended
to the larger MERGE dataset (3554 audio clips) to analyze
the impact of the significant increase in data. The best-
obtained results, 77.62% F1-score, continue to surpass the
standalone FE and FL paradigms, reinforcing the potential
of hybrid approaches.

1. INTRODUCTION

Recently, several Deep Learning (DL) approaches have
been proposed to address research problems in Music
Emotion Recognition (MER). These eliminate the neces-
sity of feature engineering efforts since DL architectures
can automatically learn relevant features from the input
data.

However, as pointed out in a previous study [1], the cur-
rent state-of-the-art DL approaches are still underperform-
ing compared to classical MER approaches using hand-
crafted features. The lack of sizeable and quality MER
datasets is part of the problem since DL architectures can
only reach their full potential with a large, representative
set of samples for the problem at hand, which usually takes

© P. L. Louro, H. Redinho, R. Malheiro, R. P. Paiva, R.

Panda. Licensed under a Creative Commons Attribution 4.0 International
License (CC BY 4.0). Attribution: P. L. Louro, H. Redinho, R. Mal-
heiro, R. P. Paiva, R. Panda, “Improving Music Emotion Recognition By
Leveraging Handcrafted and Learned Features”, in Proc. of the Ist Latin
American Music Information Retrieval Workshop, Rio de Janeiro, Brazil,
2024.

redinho@student.dei.uc.pt,
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hundreds of thousands of samples. Furthermore, the fea-
tures learned by a neural network depend on the data pro-
vided. Emotionally-relevant patterns may be missed if they
are rare in the dataset, unlike handcrafted features, which
can target specific characteristics even if they appear infre-
quently, though this might not improve classification per-
formance.

To take advantage of the strengths of both the classical
and DL paradigms, a hybrid methodology was previously
developed and validated on a set of small datasets (con-
taining 1372 samples), showing promising results. This
methodology surpassed all classical and neural network-
based baselines [1].

In this article, we further extend the evaluation of this
hybrid methodology to two new datasets proposed by
Louro et al. [2], containing 3554 samples.

2. RELATED WORK

In this section, we briefly review the state-of-the-art ap-
proaches relevant to this study. Both classical ML and
DL-based methodologies are discussed, concluding with
a summary of the advantages and disadvantages of each.

Seminal works in MER follow a common pipeline.
First, a set of songs is collected and manually annotated
by subjects, followed by the extraction of features relevant
to emotion, and finally, training and evaluating a classifier,
such as Support Vector Machines (SVM) or Random For-
est, to name a few. Feng et al. [3] presents such a pipeline,
with a slight difference regarding the song annotations. In-
stead of manual annotations, these are automatically ob-
tained through predefined intervals of the extracted fea-
tures, e.g., an excerpt with legato as the predominant ar-
ticulation and a slow tempo labeled as sad.

Subsequent works improve on the oversights of this ap-
proach and explore the problem in other directions. Some
of these works include Lu et al. [4], which keep the single
label approach but use a Gaussian Mixture Model to clas-
sify samples based on intensity, timbre and rhythm fea-
tures, and Yang et al. [5], defining MER as a regression
problem to mitigate the ambiguities inherent to the discrete
labels from the previously mentioned approaches.

Recently, Panda et al. [6] proposed a set of new audio
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Figure 1. Hybrid augmented architecture. The architecture can be decomposed into the frontend, or the CNN and DNN
portions where features are learned or processed, respectively, and the backend, further processing the concatenated features

and outputting the predicted quadrant.

features alongside a small but thoroughly validated bal-
anced dataset of 900 song excerpts and a state-of-the-art
methodology focused on classical static MER. There, the
4 Quadrant Audio Emotion Detection (4QAED) dataset
was built with the aid of a semi-automatic approach, build-
ing on user-generated labels from AllMusic, and manual
validation. Features were extracted for each excerpt and
ranked, from which only the top 100 were used to train
an SVM classifier. The observed results are considerably
higher than those previously reported, attaining a 76.4%
F1-score.

As discussed previously, neural networks have the abil-
ity to automatically learn the most relevant features from
the input data. Such an idea is very appealing to any Mu-
sic Information Retrieval (MIR) problem, considering the
hardship of developing and validating features by hand.
To our knowledge, the first application of these models to
MIR was presented by Choi et al. [7]. Here, the exper-
iments used only convolutional layers, learning and pro-
cessing the learned features from Mel-spectrogram repre-
sentations of the considered datasets for validation. Later,
the same authors presented a more complex network, con-
sisting of a convolutional portion for feature learning, and
a recurrent portion for processing time-related features and
performing classification, referred to as Convolutional Re-
current Neural Network (CRNN) [8]. The final system,
trained for multi-label classification, attained a 0.86 Area
Under the ROC Curve (AUC), outperforming the other
proposed architectures.

Several approaches built on this system, iterating
mostly on certain aspects of its architecture. Some of these
include musically-motivated filters applied to the convo-
lutional portion of the network, focusing on finding tim-
bral and temporal information [9], and end-to-end archi-
tectures, which aim to learn the most relevant features di-
rectly from the raw audio waveform [10].

Regarding MER specifically, many works build upon

the previously described system’s pipelines, experiment-
ing with different data representations such as chroma-
gram [11] and conchleogram [12], applying transfer learn-
ing from related tasks such as speech [13], and experiment-
ing with smaller input sizes [14].

This work builds on Panda et al. [6] and Choi et al. [7]
for the FE and FL portions respectively, given their impact
in the field.

3. MATERIALS AND METHODOLOGY

This section describes the methodology followed in this
study, starting with the pre-processing steps, then describ-
ing the architecture details, and ending with the optimiza-
tion strategy.

Dataset Q1 Q2 Q3 Q4 Total
MERGE AudioC 875 915 808 956 3554
MERGE AudioB 808 808 808 808 3232

MERGE Bimodal C 525 673 500 518 2216
MERGE Bimodal B 500 500 500 500 2000

Table 1. Datasets used and their distribution per quadrant.

3.1 Datasets

The methodology was evaluated using two datasets:
MERGE Audio and MERGE Bimodal, which includes a
complete and a balanced collection of samples for each
dataset, detailed in [2]. MERGE Audio contains 3554 and
3232 samples, while the MERGE Bimodal comprises 2216
and 2000 samples. The quadrant distribution of each is de-
tailed in Table 1.

Each dataset entry includes a 30-second audio clip of
the most emotionally-representative part of the song. Sam-
ples were annotated into one of four emotion quadrants
(happy, tense, sad, and relaxed), according to Russell’s Cir-
cumplex model [15]. While the MERGE Bimodal dataset
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includes the full lyrics for each sample, this research does
not explore the lyrical content.

A 70-15-15 train-validate-test (TVT) split was used as
our validation strategy, as recommended in [2].

3.2 Pre-processing Steps

Initially, the audio samples are converted into WAV for-
mat. To obtain Mel-spectrograms, these samples are down-
sampled from 22.5 kHz to 16kHz, as per the methodology
in [1].

The handcrafted features are extracted from all samples
using MIRToolbox [16], Marsyas [17], and PsySound3
[18] audio frameworks, complemented by the novel fea-
tures proposed by Panda et al. [6]. A final set of 1714
features is obtained after performing feature decorrelation,
i.e., eliminating redundant features that would not con-
tribute to increasing the model’s performance.

As for the input data for the CNN portion, the librosa
library [19] is used to obtain Mel-spectrogram represen-
tations. The library’s default settings for the Fast Fourier
Transform window length (2048) and the hop size (512)
are used to generate the spectral representations.

Data augmentation is also performed on the train set
of each dataset when optimizing the CNN portion. This
is done by applying time shifting (shifts the start or the
end of the audio clip by a maximum of 5 seconds), pitch
shifting (increases or decreases the pitch by a maximum
of 2 semitones), time stretching (speeds up or slows down
an audio clip by a maximum of 50%), and power shifting
(increases or decreases amplitude by a maximum of 10 dB)
to each audio clip. Since each transformation is applied
individually, the train set essentially increases five-fold.

3.3 Architecture Details

The architecture, illustrated in Figure 1, comprises a CNN
and DNN portion for feature learning and processing, re-
spectively, and a smaller DNN portion for classification.

The CNN portion, based on the mentioned work by
Choi et al. [7], comprises four convolutional blocks, each
containing a sequence of Batch Normalization, Dropout,
and Max Pooling layers, ending with a ReLU activa-
tion layer. The last convolutional block does not con-
tain the Dropout layer. The previously discussed Mel-
spectrograms are fed as input to this portion.

The resulting output of both is concatenated at the fea-
ture level before being fed to the classifier, a set of three
Dense layers, with the last one outputting one of the four
quadrants of Russell’s Circumplex model [15]. This way,
the classifier could pick the set of patterns that are most
relevant to the problem at hand.

The CNN portion’s training phase includes synthesized
samples to improve its performance. Therefore, this and
the DNN for feature processing are pre-trained separately,
freezing their weights before training the classification por-
tion.
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Best Hyperparameters

Dataset Batch Optimizer Learning

Size Rate
MERGE 32 SGD le-2
Audio 128 SGD le-2
Complete 16 Adam le-2
MERGE 32 SGD le-2
Audio 128 Adam le-4
Balanced 32 SGD le-3
MERGE 32 SGD le-2
Bimodal 128 SGD le-2
Complete 64 SGD le-4
MERGE 32 Adam le-3
Bimodal 32 SGD le-2
Balanced 64 Adam le-3

Table 2. Optimal hyperparameters per dataset. For each,
the optimal values for standalone CNN and DNN portions
are shown, followed by the final classifier optimization.

3.4 Optimization Strategy

The model optimization was carried out with the Bayesian
optimization approach provided by the Keras Tuner library
[20]. This technique searches for the optimal combina-
tion of hyperparameters within predefined ranges, aiming
to maximize or minimize a specific objective function de-
fined by the user.

The tuner’s objective is to maximize the validation set’s
accuracy. The optimal values for each hyperparameter, in-
cluding batch size, optimizer, and the respective learning
rate, are detailed in Table 2.

The process involves running ten trials, beginning at the
lower end of the specified intervals. For every trial, the
model undergoes training up to a maximum of 200 epochs.
However, an early stopping mechanism fires if the valida-
tion accuracy does not improve for 15 straight epochs or if
the training accuracy exceeds 90%. This approach greatly
decreases the time required for the optimization by reduc-
ing the time spent on hyperparameters that show poor per-
formance, also preventing overfitting.

We used the 70-15-15 train-validate-test (TVT) split de-
fined in [2] as our validation strategy. The resulting models
for each trial are backed up for later usage, including the
evaluation phase, which is discussed next.

In the TVT strategy, the optimization function uses both
training and validation sets to identify the best hyperpa-
rameters. Once the model is trained using these, it under-
goes evaluation on the test set. This evaluation involves
calculating the F1-score, Precision, and Recall by compar-
ing the actual values with the model’s predictions for each
category and assessing the model’s overall performance.

4. RESULTS AND DISCUSSION

The results and gathered insights are presented in this sec-
tion. We begin by highlighting the most relevant results
from the previously presented metrics, followed by a dis-
cussion on the improvements and drawbacks of applying
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Dataset  F1-score Precision Recall
MERGE

Audio Complete 68.84% 69.52% 68.80%
MERGE

Audio Balanced 77.62% 78.11% 77.89 %
MERGE

Bimodal Complete 73.13% 75.45% 74.40%

MERGE 70.00% 69.99% 70.33%

Bimodal Balanced

Table 3. TVT 70-15-15 results for the mentioned datasets

Predicted
Ql Q2 Q3 Q4
Ql | 702% | 109% | 94% | 9.4%
SQ2 | 71% | 921% | 0.8% 0.0%
g Q3| 39% | 2.6% | 55.3% | 382%
Q4 [ 183% | 09% | 21.7% | 59.13%

Table 4. Confusion matrix for MERGE Audio Complete

Predicted
Ql Q2 Q3 Q4
Ql | 779% | 7.6% 3.8% 10.9%
7§ Q2| 60% | 93.2% 0.9% 0.0%
g Q3 | 2.8% 14% | 68.8% | 27.0%
Q4 | 8.4% 0.0% 18.9% | 72.6%

Table 5. Confusion matrix for MERGE Audio Balanced

Predicted
Q1 Q2 Q3 Q4
Q1 | 739% | 5.7% 6.8% 13.6%
Tg Q2| 71% | 92.9% 0.0% 0.0%
g Q3 | 5.7% 0.9% | 58.5% | 34.9%
Q4| 51% 0.0% 23.1% | 71.8%

Table 6. Confusion matrix for MERGE Bimodal Complete

Predicted
Ql Q2 Q3 Q4
Ql | 747% | 5.3% 8.0% 12.0%
73 Q2| 91% | 90.9% 0.0% 0.0%
g Q3 | 3.5% 1.2% | 58.8% | 36.5%
Q4 | 143% 0.0% 30.2% | 55.6%

Table 7. Confusion matrix for MERGE Bimodal Balanced

the hybrid methodology to the MERGE Audio and Bi-
modal datasets.

The best F1-score attained was 77.62% on the MERGE
Audio Balanced dataset, as seen in Table 3. Again, the
model’s performance is shown to be particularly suscep-
tible to quadrant balancing since the lowest result is ob-
served when using the largest but most unbalanced of the
validation datasets.
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From previous experiments and according to the lit-
erature, one of the biggest challenges of audio-only
approaches is to accurately differentiate valence when
arousal is low, i.e., confusion between the third and fourth
quadrants of Russell’s Circumplex model. As observed in
Table 4, this is still present in this model when consider-
ing MERGE Audio Complete, also with some considerable
confusion between the first and fourth quadrants. Using the
balanced counterpart, as seen in Table 5, the confusion is
reduced considerably in the third quadrant. This improve-
ment is very significant given that it is the quadrant that
produces the most confusion, even for human annotators.
The fourth quadrant also improves significantly, a conse-
quence of less confusion with the first quadrant.

There are some caveats to consider, such as the over-
all higher results for MERGE Bimodal Complete against
Bimodal Balanced. Although this contradicts the previous
idea that quadrant distribution is essential for this model,
this could be explained by less disparity between the num-
ber of samples of the third and fourth quadrants compared
to MERGE Audio Complete. This is further corrobo-
rated by the confusion matrices in Tables 6 and 7, as the
most significant difference is the performance of the fourth
quadrant.

5. CONCLUSION AND FUTURE WORK

The Hybrid Augmented methodology is further experi-
mented with in the present study. Due to the promising re-
sults of the fusion of handcrafted and learned features, we
conducted further experiments on larger datasets, namely
the complete and balanced versions of MERGE Audio and
MERGE Bimodal. Each portion of the architecture is
trained independently, first pre-training the CNN portion
for feature learning and the DNN portion for feature pro-
cessing, with additional synthesized samples added to the
optimization phase of the former. The optimal weights for
each portion are frozen, finally optimizing the classifica-
tion portion.

The best result from these datasets is a 77.62% F1-
score, attained with MERGE Audio Balanced. This was
expected since previously reported results indicate the im-
portance of large datasets with even distribution between
quadrants for optimal performance. The confusion matri-
ces for the MERGE Audio datasets further corroborate this
conclusion, as low arousal quadrants are more easily dis-
tinguished in the balanced version of these. There are some
inconsistencies, such as the higher results in the complete
version of the MERGE Bimodal datasets, which may be
due to a smaller gap between the number of samples of the
third and fourth quadrants.

Regarding the methodology, it would be beneficial to
analyze further the impact of new data augmentation tech-
niques applied to the CNN portion of the model. It would
also be beneficial to experiment with optimizing the DNN
portion of the network with the same synthesized data of
the CNN counterpart. Finally, the classifier could be fur-
ther enhanced by including recurrent layers, such as in the
CRNN architecture, to process time-related features from
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the previously processed information.
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ABSTRACT

In this work, we addressed the challenge of style trans-
fer in music, aiming to transform a musical fragment from
one style to another. We used a Variational Autoencoder
(VAE) to encode musical fragments into a latent space, ma-
nipulating them using characteristic vectors of each style.
We focused on four distinct music styles chosen to present
different challenges, comparing two models: one trained
on a general music dataset and another fine-tuned on the
target styles. We also introduced an automatic evaluation
method to assess resemblance to the target style, musical-
ity, and identity preservation. Both models successfully
achieved style transfer with stronger manipulations in the
latent space enhancing style resemblance but reducing mu-
sicality and identity, making this a relevant parametriza-
tion. Fine-tuning offered only slight improvements show-
ing that a single model trained on a large dataset can gen-
eralize to represent multiple styles.

1. INTRODUCTION

The last decade of developments in artificial intelligence
has allowed users to generate music with ease, as contin-
uations of an initial melody in a given style [1], create ac-
companiments to a melody [2] or even generate full audio
songs from text prompts [3,4]. Several of these tools are
usually catered for a general audience, allowing them to
create music with ease and without expert knowledge. Yet,
music creators may desire tools that allow more controlled
manipulation of their compositions, such as making a score
sound more natural, interpolating between musical frag-
ments or generating drum bases for a given melody [5, 6].

With this in mind, in this work we are interested in
the problem of style transfer for symbolic music: change
the style of an existing piece of music in symbolic format
to mimic a specific music style. This problem has been

© L. Somacal, P. Riera, D. Fernindez Slezak and M.

Miguel. Licensed under a Creative Commons Attribution 4.0 Interna-
tional License (CC BY 4.0). Attribution: L. Somacal, P. Riera, D.
Fernandez Slezak and M. Miguel, “Symbolic music style transfer via la-
tent space transformations: model and evaluation”, in Proc. of the Ist
Latin American Music Information Retrieval Workshop, Rio de Janeiro,
Brazil, 2024.
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approached in different ways. Models like Deep]J [7] or
MuseNet [1] generate continuations for an input musical
fragment in a specific style. Others models generate style-
conditioned chord accompaniments for a melody [2, 8, 9].
In particular, we are interested in models that allow for di-
rect manipulation of a music fragment, generating a new
one that maintains the identity of the original while con-
taining features of a target music style.

This task has been approached previously using Gener-
ative Adversarial Networks (GANSs) [10] and Variational
Autoencoders (VAEs) [11]. GANs are models that, given
an input seed, attempt to generate content indistinguish-
able from other examples of a specific domain. In [10],
they train generative models that are conditioned on a mu-
sical fragment and try to generate a new version similar to
the original but resembling the target style. Each model
is designed to translate from a specific source to a specific
target style. VAEs are models that encode a input to a la-
tent space representation and learn to decode the same in-
put from the latent space. These models have been used to
manipulate inputs by decoding modified versions of their
latent space encoding. In [11], they use VAEs to perform
music style transfer. As in [10], they train specific models
that work in pairs of music styles. Moreover, these VAEs
are trained to encode the style of the input as a section of
the latent space, which is then modified to instruct the de-
coder to decode the input in the target style.

In this work, we propose using a VAE approach to
achieve multi-style transfer with a single model. We pro-
pose modifying the fragments by applying characteristic
vectors of a target style to the encoding of the fragment
prior to decoding. This approach is commonly known as
latent space vector arithmetic [12—-14]. Here, we show that
a single model trained with large dataset can perform style
transfer even in styles it was not trained on, as style vectors
of a new style are calculated by applying the pre-trained
encoder to examples of that style.

Evaluation of generative models for creative tasks is of-
ten challenging, as appreciation is aesthetic and therefore
hard to capture. Previous work often uses subjective lis-
tening tests to rate the preference of generated samples of
different models [8, 15, 16]. Other work calculates musical
features on generated and original fragments and compare
their distributions to assess musicality [7], or measure task
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related features (e.g.: chroma in accompaniment genera-
tors [2]). In style transfer, a common approach has been
comparing the predictions of style classifiers between orig-
inal and modified fragments [10, 11, 15].

As part of this work we also present new evaluation
methods to incorporate three distinct aspects of evaluation
for the style transfer task: whether the generated fragment
presents the target musical style, whether the generated
fragment is musical, and whether the generated fragment
still resembles the input. Through these metrics we can in-
spect the effects of the transformation process in various
and possibly conflicting aspects of style transfer.

2. METHODS
2.1 Datasets

We used two different datasets for training and testing the
model. For evaluation, we wanted to have music styles
that would provide different style transfer challenges. In
this work, we define a musical style as any set of abstract
features that are common in a set of musical fragments (see
2.4 for more detail).

For training the model, we looked for a large dataset
of symbolic data. We used the Lakh Midi Dataset [17],
an open dataset of MIDIs with metadata, including style
tags from different databases. We used the style tags
from musicbrainz.org (mb_tags). We then se-
lected MIDIs whose style tags were classic pop and rock,
pop, folk or classical because there were a significant quan-
tity of each (more than 500 for each tag). The MIDI files
in the dataset needed to be adapted to the input format of
our model: extracting a melody and bass track and dividing
them into fragments of 4 bars of % with the semiquaver as
a minimum note (see 2.2 for details). This was done with
MIDI miner [18]. After processing them we obtained a
total of 155,037 music fragments. These were used to train
an initial pre-trained model (named pre).

For evaluation, we used the symbolic dataset of MIDIs
KernScores [19], a library of virtual musical scores in di-
verse symbolic data formats. In particular, we selected 4
styles that have different rhythmic and melodic complexi-
ties. Ordering from least to most complex, our evaluation
styles are: Bach’s chorals, Frescobaldi’s canzoni, Mozart
piano sonatas and ragtimes. We expected that transferring
style between styles of similar complexity would yield bet-
ter results. After balanced sampling of the styles and pro-
cessing them, we obtained 2032 fragments that were split
in train (80%), test (10%) and validation (10%) sets.

To test the generalizability of the pre-trained model
(pre), we used the train and test splits of the evaluation
dataset (KernScores) to generate a new model by fine-
tuning it. We call this model fine. We evaluated both mod-
els by transfering between the evaluation styles using the
musical fragments in the validation set.

2.2 Model and music representation

To transform the style of a song, we propose to adapt the
model from Guo et al. [20]. In this work, they present a
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model for adding or subtracting musical tension to 4-bar
musical fragments. Musical tension refers to a aesthetic
property where music feels "tense" and requires resolution,
achieved by returning to common themes. The model con-
sists of a Variational Autoencoder (VAE) [21] where ten-
sion is changed by moving in the latent vector space. The
original model takes as input a symbolic representation of
the fragment and outputs a fragment in the same represen-
tation plus two additional outputs predicting the musical
tension of the fragment. The input are matrices of 1s and
Os with 64 rows as time units (semiquavers, spanning 4
bars) and 89 columns indicating pitch and note changes
(rhythm). This input is limited to represent two mono-
phonic voices: a melody voice and a bass voice. The 89
columns are divided to represent the two voices: 73 pos-
sible pitches for the melody and 12 for the bass, plus 2
columns for each voice indicating silent time units (rests)
and note onsets (thythm). The two rhythm columns are
used to indicate when the same note is repeated consecu-
tively.

As a VAE, the model consists of an encoder that trans-
forms the input into a latent space and a decoder that re-
constructs the input from this space. The encoder consists
of two bidirectional layers made of gated recurrent units
(GRU) [22]. The first one has 64 x 512 dimensions and
the second one 1 x 512. That is followed by two separated
dense layers (with Linear + RELU activation functions) of
1 x 96, representing the mean and the standard deviation of
the latent space values, respectively. Thus, the latent space
has 1 x 96 dimensions.

After sampling a latent space vector (given the mean
and standard deviation obtained by the encoder), the de-
coder has a repeat vector of 64 x 96, two bi-GRU of
64 x 256 and the output of six dense layers (Linear +
RELU) representing melody pitch (with silence), melody
rhythm, bass pitch (with silence), bass rthythm and two ad-
ditional outputs related to musical tension. In this work we
use the same model architecture without the two additional
outputs. Therefore, the output is equivalent to the input.

2.3 Transfer style models

As stated in section 2.1, we trained two style transfer mod-
els. The model named pre was trained on our subset of
the Lakh Midi Dataset following the procedure and train-
ing parameters from the original model by Guo et al. [20].
The model named fine is the same model as pre, fine-tuned
to autoencode the train subset of the KernScores dataset.

To perform style transfer, we propose modifying the en-
coding of the input fragment m with a style characteristic
vector vs. To calculate them, given the models, we en-
coded all the fragments from the validation split of the 4
evaluation styles in the latent space. We calculate the char-
acteristic vector v, as the average of the encoding of all the
fragments of style s. Thus, given a fragment m of style s;,
if we want to transform it to s;, we encode it into the VAE,
we add v;, subtract v; weighted by a value o between 0
and 1, and finally, we decode this result, i.e.,

ts,,s; (m) = decode(encode(m) + a(v; — v;))

ey
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In equation 1, e parameterizes the strength of the transfor-
mation. During evaluation, we will explore the effect of
different values of the o parameter on the generated frag-
ments.

2.4 Modeling of musical style

We need to characterize the style from a set of pieces in or-
der to measure and determine whether or not they belong
to a style. To do so, we consider the work of Rodriguez
Zivic et al. [23] in which they distinguish compositions
from different western historical periods according to the
distribution of successions of 2 melodic intervals. To de-
fine the aesthetics of the style we can ask, given a melodic
interval z (with x € {—12, ..., 12} semitones), what is the
probability that the next interval is y (with y € {—12, ...,
12}). To compute these probability distributions, we com-
pute for each subset of fragments M, representing a style
5,2 25 x 25 matrix o* (M) where each element o, is the
number of occurrences of the interval y occurring after an
interval . We define the distribution of music intervals in
M, as X¥(Mj), by normalizing o*(m), i.e.,

Ui(MS)
Zz,y Ui(MS)

Similarly, we propose to characterise a style in terms of
the distribution of bigrams of rhythmic patterns. In particu-
lar, we consider the possible patterns that can occur in four
time units. If we note with a 1 when a new note starts (same
or different pitch) and with a 0 otherwise, we have 16 pos-
sible patterns given by the combinations of ones and zeros
in 4-unit arrays. Analogously to the case of the intervals,
to compute the distributions we consider for each subset of
fragments M the matrix 0" (M) with shape 16 x 16 where
each element o7, is the number of times that the rhythmic
pattern x is followed by the rhythmic pattern y. The distri-
bution of rhythmic patterns is notated as X" (Mj).

(M) = )

2.5 Evaluation

We propose three evaluation metrics to assess the quality
of the generated fragment. We will evaluate whether the
generated music fragment has attributes of the target style,
is musical and keeps the identity of the input fragment.

We first look to whether the generated musical fragment
belongs to the target style. To do so, we propose calculat-
ing interval and rhythmic distributions (X* and X", respec-
tively) for a single fragment m (considering M = {m}).
Then, we can measure the distance between a fragment and
a style. In particular, given a distance measure ¢ (in this
case, we use optimal transport [24]), we define the differ-
ence A between fragment and style as:

A(maMs): Z 5(Ek(m)’2k(M€))
ke{i,r}

3

We will consider a transformation to be successful if the
generated fragment m/ is closer to the target style than the
original fragment m, that is:

A(m', M) < A(m, My) 4)
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We want to assess whether the generated fragment re-
mains musical. The concept of musicality is both cultur-
ally universal and varied, making it difficult to formal-
ize [25]. In this work, we assume that there are implicit
rules in the use of melodic intervals and rhythmic patterns
that make a sequence of notes sound musical. We pro-
pose to estimate these rules considering a universal style
formed by the balanced sum of the fragments of the differ-
ent styles of a dataset. Thus, we define the universal style
M, = Mg, U M,, U ..., with M; the subset of fragments
of style ¢. Particularly, we took the same number of frag-
ments of the four evaluation styles. We can then calculate
the distance between a fragment m to M, as we saw in
equation 3 but in this case, we take § as the probability of
sampling m from M,,. Specifically, we define the sampling
probability proportional to

§(m, M,) =Y log(Zh, (M,))ok,(m) ()

where k is ¢ (intervals) or  (rhythmic patterns). Equation
5 considers that each melodic interval and rhythmic pattern
bigram (a’;y) is sampled independently from the musical-
ity distribution ¥%(M,,).

To evaluate the musicality of a fragment, we assembled
a new set of fragments with permutations of the notes of
the original fragment (assuming randomness is detrimen-
tal to musicality). In total, 20 new fragments were created
for each original fragment. Then, we calculate the distance
of each of the fragments with the universal style. We ex-
pect that a musical fragment will be closer to the universal
style than its permutations. Thus, we define the musicality
of a fragment as the percentage of permutations that are
less musical (that are less likely to be sampled from the
universal style distribution).

The third issue to evaluate is the similarity of the trans-
ferred fragment to its original. To do it, we propose to gen-
erate a similarity ranking between the original fragment
against the set composed of the transformed fragment and
all other fragments of the original style. We then consider
that the transformed fragment retained characteristics of
the original fragment the higher it appears in the ranking.
The similarity score is defined as

R(o(m,m'), M™)
gy

(6)

simg(m',m, M) =1 —

M* ={o(m,z)|lx € M\ {m}} @)

The similarity score is 1 minus the position normalized by
the cardinal of the subset. This score is bound to 0 and 1,
being 1 the best value. In equation 6, ¢ is a measure of sim-
ilarity between two fragments and R(x, M) the position of
2 in the ranking generated by M U {z}. As o, we count
for each time instant how many semitones the notes differ
between one fragment and the other. A rest compared with
a note is considered as 12.

To evaluate the performance of our models, we generate
a transformed version of every fragment from the valida-
tion set (10% of the Kern dataset) onto every target style
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different than the fragment’s style. Then we calculate these
metrics on each generated fragment and summarize them
by source-target style pairs.

For the first evaluation, for each pair of source-target
styles we calculate the percentage of generated fragments
that became closer to the target style. In Figure 1 (top),
we present the distribution of these percentages for the 12
style combinations. To evaluate musicality, for each trans-
ferred fragment m’, we calculate the percentage of permu-
tations of the original fragment that are more unlikely to be
generated by the universal distribution than m’, and then
average these percentages per style pair. Figure 1 (mid-
dle), presents the distribution of these percentage values.
Similarly, for the similarity, we plot the distribution of the
values of the function defined in the equation 6. These
evaluations are performed for both models at three differ-
ent transformation strengths (o in equation 1).

3. RESULTS

Comparison between models at different values of « are
presented in Figure 1. In Figure 1 (top) we show the re-
sults for style closeness evaluation. We can see how as «
gets larger, more transformed fragments are closer to the
target style. We observe no noticeable differences between
the pre and fine models, except with the small «, where pre
performs better. In Figure 1 (middle) we present the musi-
cality evaluation. We can observe how musicality degrades
as « increases. A larger « yields a larger transformation,
which may yield less musical results. Nonetheless, most
cases are above 80%. Furthermore, the fine-tuned model
performs slightly better than the pre fine-tuning one. Fi-
nally, Figure 1 (bottom) displays the similarity evaluation.
As in the musicality evaluation, with a large « value the
performance is worse but still good. Likewise, between
the two models, the fine-tuned one is also slightly better
than the other.

4. DISCUSSION

In this paper, we addressed the problem of music style
transfer with symbolic data. We used a VAE ap-
proach where we operated in the latent space using style-
characteristic vectors. We tested performing style-transfer
between multiple styles with a single model. We fur-
ther tested generalization of the approach by comparing a
model trained on a general music dataset and another one
fine-tuned on our 4 evaluation styles. We also evaluated the
relevance of the parameter « that regulates the strength of
the transformation. Furthermore, we proposed evaluating
the performance of the transfer models on three accounts
with three novel metrics: style approach, musicality and
similarity with the original fragment.

Our models managed to generate new fragments that re-
mained musical, kept the identity of the original fragment
and that were also closer to the target style. This happened
for certain values of the transfer strength parameter « (0.1
and 0.5). As expected, we observed that a greater strength
implies more style approach at expense of musicality. This

50

[ pre
mm fine

0.1

alpha
o
[

0.1

0 20 40 60 80
Musicality

1 pre
mm fine

0.70 0.75 0.80 0.85

Similarity

0.90 0.95

Figure 1: Distributions of our evaluation metric scores for
different values of o and the two models: pre (white) and
fine tuned (grey). (top) represents the percentage of gener-
ated rolls that are closer to the target style than the original
roll. (middle) represents the distributions of musicality re-
sults (percentage of randomized rolls that are less musical
than the generated). (bottom) shows the distribution of the
fidelity function (1 being the best score).

shows the importance of the hyper-parameter to calibrate
the results. Moreover, we noticed that the model trained on
a general music dataset was successful even on the distinct
set of evaluation styles. Fine-tuning the model on these
styles only provided marginal improvements. This leads us
to believe that the proposed VAE approach can be used as
a single-model solution for multi-style transfer. Yet, when
observing the performance between specific source-target
style pairs, we noticed performance varied. In particular,
the model struggled to transform between Mozart and Rag-
time, contrary to our expectation that styles with similar
complexity would yield better results.

Future work would benefit from integrating the differ-
ent approaches used in the literature to address the style
transfer task. Firstly, we suggest validating our proposed
metrics with listener surveys. Moreover, it would be valu-
able to compare our metrics with those used in previous
work [8]. Regarding modeling, our transformation method
could benefit from the latent space disentanglement to rep-
resent style as shown in [11], as well as comparing the
style-specific vs. general approaches.

From our results, we believe that latent space manipu-
lation can be a powerful tool to develop models that pro-
vide fine control for composers to experiment, generalize
to multiple styles and are easy to extend.
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ABSTRACT

Analyzing musical influence networks, such as those
formed by artist influence or sampling, has provided valu-
able insights into contemporary Western music. Here,
computational methods like centrality rankings help iden-
tify influential artists. However, little attention has been
given to how influence changes over time. In this pa-
per, we apply Bayesian Surprise to track the evolution of
musical influence networks. Using two networks—one
of artist influence and another of covers, remixes, and
samples—our results reveal significant periods of change
in network structure. Additionally, we demonstrate that
Bayesian Surprise is a flexible framework for testing vari-
ous hypotheses on network evolution with real-world data.

1. INTRODUCTION

In recent years, the study of how artists influence [1,2], col-
laborate [3-10] and sample [11, 12] one another has lead
to valuable knowledge on the evolution of contemporary
western music ' . A large fraction of these studies rely on
social network analysis. Music data is studied via the re-
lationships between songs, albums, or artists in these net-
works, or musical influence networks.

When we look at influence networks evolving (e.g.,
considering the rise of new artists and changes in network
structure), one question arises: considering the evolution
of the network, what was surprising, as time passed. Take
as one example The Beatles. Saying The Beatles are highly
influential nowadays is relatively easy. However, under-
standing The Beatles early in their career may be more
complex. Here, we propose both a formal definition of
Bayesian Surprise [13—15] for rankings in complex net-
works. We aim to answer what is (or was) surprising as the
musical influence network grew.

To perform our study, we explore two human-curated
datasets of music influence. One from the AllMusic
Guide? and another from WhoSampled ? . Our study uses

! A limitation primarily due to available data. However, some excep-
tions exist such as: [7,9, 10]

nttps://www.allmusic.com/

3nttps://www.whosampled.com/
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both datasets via temporal views of Pagerank [16] and Dis-
ruption [17] centrality scores.

Bayesian Surprise allows the testing of multiple hy-
potheses over a time-evolving dataset. We are the first
to show that it provides a principled approach to combine
both centrality scores and multiple hypotheses in a single
measure for music influence — or even social — networks.
Combining different centralities allows for a more expres-
sive analysis, as each has its interpretation. Pagerank may
be seen as an overall influence on an artist. In contrast,
even non-influential artists may be disruptive* [2]. The
framework allows us to combine different centralities and
hypotheses to unveil interesting trajectories of influence.

2. RELATED WORK

In the past, several authors have looked into musical in-
fluence networks. These efforts ranged from looking at
Classical music [5], to Jazz [6, 8], Broadway Songs [9], as
well as Popular Brazilian Music [7, 10, 18]. With regards
to larger and more general datasets, the AllMusic guide
and the WhoSampled website have also been the focus of
several prior endeavors [1,2,19-21].

In these previous efforts, musical influence is captured
by a graph, modeling the network. Here, nodes are either
artists or songs. Edges encode the influence (e.g., sam-
pled, was influenced by, or collaborated with). With these
graphs, social network analysis [22] analysis plays a piv-
otal role in understanding the importance of music.

Most of these analyses, however, fail to capture tem-
poral aspects of the influence network. With this regard,
Andrade and Figueiredo [6] looked into the latent struc-
ture of Jazz collaborations via Markovian models. Even
though temporal ordering is necessary for Markovian mod-
els, the authors do not look into social network properties
over time. Here, Shalit, Weinshall, and Chechik [1] con-
sider time in the evaluation for a method to predict interest,
but no insights into network evolution are provided. Other
authors similarly limit their temporal analyses to overall
descriptive statistics per year [2, 11, 18].

This is the first work to adapt Bayesian Surprise as a
tool that provides insights into network evolution. The
measure can pinpoint each node (artist) point in time where
the topology of the network influenced the artist’s central-
ity. Next, we present the background required to under-
stand our methodology.

4 Disruption focuses on an artist’s capacity of aggregating influence on
itself diverging influence from neighboring nodes.
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3. NETWORKS AND SURPRISE

We now discuss our notation and ranking scores for the
musical influence networks, Section 3.1. We also take the
time to explain Bayesian Surprise and how we adapt it for
rankings in Section 3.2.

3.1 Influence Networks and Centrality

Let G = {V4,&:} be a weighted directed graph. V; cap-
tures the set of nodes, whereas &, captures edges. For both
datasets this graph captures influences across artists. The
subscript ¢ here indicates that our graph is time evolving
in discrete steps (decades or years). In other words, ¢ de-
fines the snapshot time of our graph. Gsp1¢, is the graph of
influences formed up to and including 2010.

We assume nodes are enumerated, i.e., n; € V; deter-
mines a node n; with each node defining an artist. Edges
are similarly defined, e, € & with e, = (n;, n;) repre-
senting an edge from node n; to node n;. Our graphs are
directed, thus i.e., (n;,n;) # (n;,n;). As we are study-
ing musical influence across artists, we impose that j # 4,
stating that an artist may not influence itself > . Both node
and edge ids are maintained in subsequent snapshots. We
also define edge weights, weight(Gy, ex), the number of
times one artist mentions the other as an influence. Fi-
nally, we note that our graphs evolve cumulatively, i.e.,
weight(Gy, er) > weight(Gy, ex), when t' > t. At each
time-step ¢, nodes are ranked according to Pagerank [16]
and Disruption [17] centrality. That is, each node has a
score s; ; = score(Gy,n;).

The first score, Pagerank [16], outputs a probability dis-
tribution over the entire set of nodes in the network. If
we consider a random walker on the graph, this proba-
bility distribution may be interpreted as the chance a ran-
dom walker “lands” on node n; after sufficient steps. The
walker jumps from node n; to n; with a chance propor-
tional to weight(Gy, ex), where e, = (n;,n;).

Disruption [17], focuses on the capability of a node on
concentrating influence. That is, considering that artists
cite past influences, when some focal artist node, n,, is
mostly cited by-itself it is deemed are more disruptive.
That is, if we consider that for n,, there are some nodes that
reference a’s work and at least one of a’s own influences.
Some other nodes cite only a. When a is cited in isolation,
disruption increases. When it is not, it decreases. The final
score is simply the difference between the fraction of nodes
in each group. Positive numbers indicate more disruption.

3.2 Bayesian Surprise

The basis of our analysis is the measure of Bayesian Sur-
prise [13—15], that we now explain. Consider an arbitrary
dataset D to understand Bayesian Surprise. Now, let us
assume that data points come from some probability distri-
bution x; ~ Dist(#), with 6 being the parameters of the
probability density function (pdf), i.e., p(x | ).

3 In one of our datasets, the WhoSampled data, artists may sample and
cover their own work, and thus we remove this characteristic from graph.
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A major part of statistics is focused on finding the best
parameters 6 for an overall model (pdf) and a dataset.
Assuming that data points are independent, this comes
from maximum likelihood estimation (MLE) is achieved
by maximizing: § = arg maxe HE‘I p(x | §'). Bayesian
Statistics provides an approach to tackle such estimation
problem via the usage of prior distributions over parame-
ters: p(#). By employing Bayes Theorem, we are able to
derive another pdf over the parameter space:

p(D | 0)p(0) _ p(D|0)p(0)
p(D) Jyp(D | 0)p(6)do

Here, p(6 | D) is called the posterior. It states, after ob-
serving the data, what is the probability distribution (which
captures uncertainty) over the parameters.

Bayesian Surprise [13—-15] is defined as a measure of
divergence between prior and posterior distributions. In
other words, it captures surprise as the number of bits in
this divergence. If prior and posterior are close, we are not
surprised after observing the dataset D.

Our focus will be on measuring surprise based on a
node’s relative position in a ranking. Now, consider a rank-
ing such as as,aq,as. Here, some artist a3 was ranked
above all others, and as was ranked above a;. The relative
position of ag is 1, as all other nodes are below it. a; has a
relative position of % and ay has a relative position of %

Our dataset D will thus be the set: {z; = %,xg =
3 23 = 1}. In other words, z; = ﬁj—j, where g, ; is the set
of nodes with a score equal to or greater than node ¢ at time
t, and V| is the number of nodes at time ¢. Being simple
fractions in the [0, 1] range, each one of these values may
be modeled as a Bernoulli distribution, i.e., z; € {0, 1} and
x; ~ Bernoulli(#). To measure surprise, we can employ
the Beta distribution as a prior as it is well known that the
Beta distribution is the conjugate prior to the Bernoulli.

Thus, assume a prior such that § ~ Beta(ay, Bp), with
p(6) being the density function. The prior has parameters,
denominated as hyper-parameters «y and Sy, representing
the hypothesis we use for computing surprise. Being the
Beta the conjugate prior, the posterior is proven to be 6 |
D ~ Beta(agp, Bgp), With p(0 | D) being its density.
Here, ag)p = ag + g1,5- Also, Boip = Bo + (|Vel — 91,4)-

Bayesian Surprise [13—15] thus is computed as the di-
vergence between prior and posterior distributions. A com-
mon choice is to use the Kullback-Leibler Divergence:
p(6|D)

p(0)
Due to the use of conjugate priors, closed-form solutions
for the above measure already exists [15,23,24]. In partic-
ular, ours is the divergence of two Beta distributions [23].

Following the properties of the divergence, surprise will
always be positive. Lower values indicate less surprise, as
we have better priors (or hypotheses) about the data. It
equals zero in the unrealistic setting with a prior perfectly
capturing the posterior. This is unrealistic, as the posterior
itself transforms the prior after observing some data.

Now, the above definition is valid for a single choice
of prior, or hypothesis, as we now call it. We can also

p( | D) =

ey

Dic1(p(6]D) | p(8)) = /0 p(01D) logy PPy g (2)
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Weighted  # Artists ~ # Edges Range A
AllMusic False 32,568 119,961  1940-2019 10
WhoSampled True 166,016 603,487  1940-2019 1

Table 1: Overview of the dataset. A refers to the granular-
ity in years. When A = 10, each snapshot is a decade.

consider a set of hypotheses: H = {6,}. Each hypothe-
sis is a prior distribution: 6, ~ Prior(-). In the case of
the Beta distribution prior, our set will comprise different
choices for the hyper-parameters: oy ¢ and 3p, 9. That is,
0, ~ Beta(ap.g, Bre). Given that divergence is additive
in nature, the overall surprise for various hypotheses is:

7]
Sup(H, D) = Dicr(p(0a]D) || p(6n))

h=1

3

We currently have the required definitions for comput-
ing surprise on music influence networks. Nevertheless,
we point out that these definitions are general enough to be
adapted to different domains of the musical information re-
trieval literature. As stated, we shall compute surprise via
rankings on the network. That is, each artist is ranked ac-
cording to some centrality score. Each hypothesis is a prior
distribution of the position where we expect the node’s rel-
ative to be in the ranking. This expected position comes
from previous snapshots of the network as we now detail.

In this paper, we consider two hypotheses. The first is
called Past Rank. In this hypothesis, we define that for
each node i: a; 9 = ¢;¢—1 and that 8; 9 = |V;_1] — ;0.
Here, the subscript indicates the hypothesis for node ¢ on
timestamp ¢ as a prior over parameters 6. With these hy-
perparameters, the expected value of the Beta distribution
is equal to the relative position of the node on time ¢ — 1.
This comes from the fact that the expected value of the
Beta is: #—‘r%e Thus, Past Rank assumes that the node’s
position will not change from one snapshot to the next.

The second hypothzesis is called Regular Growth. Here,
we state that: cig = gZ—:; And again, By = |Vi—1| — as.
Here, we aim at captufing regularities in changes. To un-
derstand it, observe that fh;—:; captures the rate of change
considering the last two snépshots. Consider, for example,
that this rate of change is equal to two. When we multiply
the rate by g; ;—1, we state that we expect the node to rise
two places. When the rate is below one, the node will fall
in ranking. Thus, this hypothesis places the expected value
of the Beta distribution in the position where we expect the
node to be given the past two timestamps of the network.

4. RESULTS

Our results focus on influence networks. The AllMusic
network is publicly available (see [2])¢. Using a large
seed of 73,000 thousand AllMusic URLs present in Mu-
sicBrainz’, AllMusic’s influence network was captured

Shttps://github.com/flaviovdf/
allmusic-disruption
Thttps://musicbrainz.org/
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Kendall ~ Spearman
AllMusic 0.026 0.036
WhoSampled 0.203 0.290

Table 2: Correlation coefficients between PageRank and
Disruption on the Last Snapshot of the two datasets.

via snowball sampling. After filtering nodes with at least
one edge, the network comprises of 32,568 artists con-
nected by 119,961 edges. Edges capture that one artist
influenced another and were defined by the editors of the
website. In this dataset, each snapshot comprises a decade.

The WhoSampled dataset was provided after an agree-
ment with WhoSampled.com. WhoSampled lists for sev-
eral songs the other songs that either sampled, remixed
or covered it. The provided dataset contained a total
1,250,246 songs. For our study, we aggregate from the
song level to the artist level. That is, we define an edge be-
tween artists that sampled, remixed or covered other artists.
The weight of this edge is the total number of interactions
(samples + remixes + covers). After filtering the data to
consider the same temporal range as AllMusic, we are left
with 166,016 nodes and 603,487 edges.

4.1 Motivating Surprise

With these datasets, we present some motivating examples
of Bayesian Surprise. Our goal here is to show that a single
ranking does not tell the whole story of an artist. By com-
bining several rankings in a principled manner, Bayesian
Surprise mitigates this issue.

Thus, our first results show that Pagerank and Disrup-
tion play different roles when ranking nodes. In Table 2,
we present both Spearman [25] and Kendall [26] correla-
tions of the two centrality scores. Scores were measured
on the last snapshot for each dattaset. Correlations for
both datasets are low, thus showing evidence that Pager-
ank and Disruption scores capture complementary aspects
of the network topology. Such a result motivates the need
to combine both scores. Bayesian Surprise provides a prin-
cipled way to achieve this goal. Next, we further explore
individual trajectories.

In Figure 1, we show three artists their position in the
ranking for WhoSampled. These are three of the most in-
fluential artists both scores. Positions are shown as 1 — 6,
thus higher values indicate higher positions. The figure
shows that The Beatles quickly rises to influence in terms
of Pagerank (Figure 1-a). When we consider Disruption
(Figure 1-b), the band takes some time for the band to rise
to the top ranks of the scores. The Rolling Stones follows
a similar pattern, but with more “jumps”.

It is also interesting how James Brown both rises and
falls in Disruption over time. Eventually, the artist declines
in Disruption but remains stable in Pagerank. Looking at
only one of the scores would only tell part of this story.
Bayesian Surprise can highlight the changes for a single
artist, such as James Brown’s trajectory, by adding several
hypotheses. We further explore this next.
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Figure 1: Comparing the position in rankings. The dashed
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4.2 Making use of Surprise

Next, in Figures 2 and 3, we show the trajectories of four
artists in each dataset as connected scatter plots. Here, the
surprises of the two hypotheses were summed up. To pro-
vide a concise view, we also sum the hypotheses in the
PageRank and Disruption section. The x-axis shows the
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position in Pagerank, while the y-axis shows the position
in Disruption. Surprise is shown by the size of each point.

Starting from Figure 2, some artists such as Bjork are
surprising early in their careers (notice that larger points
are the brighter ones). That is, the artist quickly rises to top
positions in each centrality score. Further movements from
the artist are less surprising, but still highlighted (when we
compare with the size of other artists) as Bjork continues
to rise to the top of PageRank and Disruption rankings.
Artists like Caetano Veloso have smoother trajectories, be-
ing thus less surprising. To understand this, recall both
of our hypotheses are functions of the previous snapshots.
Hypothesis Reg. Growth, in particular, aims at capturing
these smoother transitions. Nina Simone shows an exam-
ple of abrupt transitions being highlighted due to a surpris-
ingly higher disruption later in her career.

In WhoSampled (Fig. 3), we are able to observe more
granular trajectories. The Hip Hop pioneer Grandmaster
Flash provides an example of an initially highly disrup-
tive career that afterwards gains increasing relevance, but
acts as a consolidator. Additionally, his peak and sudden
decrease of disruption are surprising, marking rapid cre-
ation of a large and consolidated stream of artists. Mas-
sive Attack has a somewhat similar trajectory, with most
surprise in its early years, but maintaining some disrup-
tion, likely being sampled by artists that do not sample
its influences. Madonna and Taylor Swift are examples
of artists whose trajectories have peak surprise points after
their initial years in the dataset. Finally, for these examples
changes in Disruption are more highlighted than changes
in Pagerank. Given that these are popular artists, we can
notice that their evolution in Pagerank scores (x-axis) is
quite smooth over time. Thus, they are less surprising.

This is most evident with Taylor Swift, whose trajec-
tory has multiple surprising changes in disruption, denot-
ing points where there is first a wave of artists who are
influenced by her and by her influences (drop in disrup-
tion), and afterward, a wave of artists who are influenced
by her but do not share her influences (increase in disrup-
tion on 6th point in her trajectory). When we look into
Taylor Swift’s disruption values, they are reduced tenfold
from 2011 to 2013 (from 0.1 to 0.01). Later in the dataset,
the artist regains her position.

Our previous results motivate Bayesian Surprise over
alternatives. The trajectories we presented here exemplify
how Surprise can guide the analysis in identifying relevant
phenomena in the evolution of dynamic networks.

5. CONCLUSIONS

In this paper, we derived a Bayesian Surprise mea-
sure based on rankings that was validated on real-world
datasets. Our is the first work to provide this measure for
social networks and for the music domain. Secondly, our
analysis on the temporal nature (via artist trajectories) of
music influence networks provider novel insights into how
influence evolves based on two centrality scores. In par-
ticular, our results help understand music datasets from a
historical perspective.
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ABSTRACT

With over a billion active users, TikTok’s video-sharing
service is currently one of the largest social media web-
sites. This rise in TikTok’s popularity has made the web-
site a central platform for music discovery. In this paper,
we analyze how TikTok helps to revitalize older songs.
To do so, we use both the popularity of songs shared on
TikTok and how the platform allows songs to propagate
to other places on the Web. We analyze data from Tok-
Board, a website measuring such popularity over time, and
Google Trends, which captures songs’ overall Web search
interest. Our analysis initially focuses on whether Tok-
Board can cause (Granger Causality) popularity on Google
Trends. Next, we examine whether TikTok and Google
Trends share the same virality patterns (via a Bass Model).
To our knowledge, we are one of the first works to study
song re-popularization via TikTok.

1. INTRODUCTION

With the rise of novel social media websites, online music
discovery becomes an ever changing ecosystem [1]. While
major players such as Spotify and YouTube Music domi-
nate the market, short video-sharing websites like TikTok,
the focus of this work, also promote music to end users.

As stated, TikTok is mostly a video-sharing service. Af-
ter a user uploads a short video, other users can use these
snippets to create their videos. In TikTok, songs are present
in accompanying video memes or music videos. This phe-
nomenon is a breeding ground for audio to become viral
(and thus popular). Nevertheless, many audio snippets on
TikTok are from major artists and record labels. With the
website becoming a platform for discovering songs from
such artists, a question arises: How do short video-sharing
websites impact the revival of older songs?

To tackle our research goal of understanding TikTok’s
impact on the re-popularization of songs, we perform an
analysis of songs that were (1) released on or before
September 2016 (TikTok’s release date), and (2) trending

© B. Matos, F. Galuppo, R. Cordeiro and F. Figueiredo. Li-

censed under a Creative Commons Attribution 4.0 International License
(CC BY 4.0). Attribution: B. Matos, F. Galuppo, R. Cordeiro and F.
Figueiredo, “I’ve heard this before: Initial Results on TikTok’s impact on
the re-popularization of songs.”, in Proc. of the 1st Latin American Music
Information Retrieval Workshop, Rio de Janeiro, Brazil, 2024.
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Figure 1: Popularity trend for the song “Where is the
Love?” from group ”"Black Eyed Peas” on both Tok Board
and Google Trends. The dates include the peak popularity
for both platofms

on TikTok at some point in time. To define this second
factor, we use data from TokBoard ! .

To motivate our work, we cite examples such as
“Dreams”? by Fleetwood Mac which was released in
1977, and “Where is the Love?” by The Black Eyed Peas? .
This second example is shown in Figure 1. As reported by
news outlets, the viral trend of both songs on TikTok af-
fected the song’s overall popularity online and offline. This
is exemplified in the figure when we see the Tok Board
curve in a rise-and-fall viral trend, whereas the GTrends
curve increased after the song went viral. Motivated by
such examples, our study will mainly focus on answering
the two research questions described below:

RQ1: Is it possible to predict Web search popularity based
on TikTok popularity? Here, we shall employ the Granger
Causality Test [2], in which we evaluate if the TokBoard
popularity curve can predict the Google Trends curve. If
this is so, we have evidence that TikTok is causing Web
search popularity. While this question sheds light on
causality and prediction, we still need to understand the vi-
ral patterns of both websites. This is why we complement
this question with the next one.

RQ2: Do the viral trends of TikTok transfer to Google
Trends? In this question, we shall fit TokBoard and Google

! tokboard.com — A website aggregating popularity data from Tik Tok

2 https://pitchfork.com/news/watch-mick-fleetwood-recreate-viral-
fleetwood-mac-dreams-tiktok/

3 https://newsroom.tiktok.com/en-us/year-on-tiktok-music-2020
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Trend curves with the Bass Model [3]. The Bass Model is
a simple differential equation that captures how products
get adopted by a population. It has two interpretable pa-
rameters to understand virality: (1) Innovation, or who are
the adopters that consume a song without influence, and
(2) Immitation, who are the adopters influenced by others.
After our causal analysis, we aim to understand whether
TikTok trends are reflected in Web searches.

Overall, and to the best of our knowledge, ours is the
first work to look into the popularity of both TikTok and
Web Search based on these two aspects. We also release
all code and data for this paper to foster reproducibility. 4
Before discussing our dataset and results, we take the time
to summarize related work in the next section.

2. RELATED WORK

Several authors have looked into popularity patterns for on-
line music streaming services. As argued by Greenberg et
al. [4], in current times, there is an unprecedented opportu-
nity to investigate the musical listening habits of millions
to increase our knowledge of how we consume music.

Narrowing our focus on the impact of social media on
music listening, datasets such as the million music tweets
and #nowplaying attempted to bridge Twitter and music
listening habits [5,6]. As with other cultural products, mu-
sic is homophilic [7]. The authors of [7] argue that the
usage of social media platforms can exacerbate the spread
of musical content and reduce its impact. Another inter-
esting case study was done by [8]. The authors show evi-
dence of a growth in nostalgic music consumption during
the COVID-19 pandemic [8]. Again, this shows how so-
cial media data is a powerful tool for understanding the
re-popularization of songs. Complementary to the above
efforts, several authors have employed social network anal-
ysis in music. Efforts ranged from looking at Classical mu-
sic [9], to Jazz [10, 11], Broadway Songs [12], as well as
Popular Brazilian Music [13—15].

With TikTok being a rather new social media platform,
relatively few papers have explored its data and associated
phenomena. We now summarize some of these. In [16],
the authors perform a characterization of a thousand videos
from TikTok. Overall, the authors focus on understanding
the types of content shared. Complementary, [17] analyzes
TikTok’s impact on collective action. Here, the authors
present a case study of the #TulsaFlop phenomenon. The
hashtag was associated with a collective action focused
on reducing support for a presidential candidate. Other
authors propose qualitative [18-22] and quantitative [23]
analyses of TikTok.

3. THE TOKBOARD DATASET

Since we aim to understand re-popularization, we focused
on a smaller subset of the dataset, selected to reduce con-
founding influences present in the full dataset. Thus, we
aimed to remove spurious patterns such as (1) several
peaks of popularity, (2) songs not released before TikTok

4 https://github.com/brenomatos/tiktok-lamir
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Figure 2: Popularity of TokBoard Songs

was created, and (3) songs where we have evidence that
TikTok was the driving aspect of popularity.

Our dataset comes from data collected from TokBoard
via a web scraper. Our research group gathered informa-
tion from all 1,989 songs available in the dataset until May
19, 2022. We then queried each song’s name for Google
Trends data displayed on the TokBoard website. This step
captures the song’s popularity online and returns results
for 1,167 songs we further filtered. To ensure comparable
time-series data, we use linear interpolation on TokBoard
curves to filter out any missing data. While interpolation
may add minor artifacts, it maintains continuity without
significant distortion.

In Figure 2, we show the Complementary Cumulative
Distribution Function (CCDF) of the popularity of Tok-
Board songs so far. The y-axis on this plot captures the
fraction of songs with popularity higher than the x-axis.
From the figure, we can see that TokBoard only monitors
highly popular content (the scale of the plot is tens of bil-
lions). Indeed, the least popular song has a popularity of
11,705 streams. The most popular reaches 23,728,600,74 1
(over twenty three billion streams). The first, second,
and third quantiles were 298,574,069, 637,920,946, and
1,380,260,724, showing that we expect popularity in the
hundreds of millions or even billions of streams.

It is essential to point out that even though we collect
hundreds of highly popular songs from TokBoard, not all
of them will be related to our goals. For instance, not all
TikTok songs will be previous hits that went viral in recent
years. Moreover, songs may become popular repeatedly,
exhibiting several viral-like patterns over time [24,25].

To focus on the most prominent period of a song, we
initially filtered TokBoard popularity time series based on
the peak (most popular) day. Thus, we considered points
before and after the peak until the popularity of a given date
was below 5% of the total popularity. This leads to curves
like the ones shown in the Introduction (see Figure 1), and
also exemplified in Figure 3. In this second figure, we
show the time series for “How Bizarre” by OMC (released
in 1995), which was also re-popularized, and “PYRO” by
Chester Young & Castion (released in 2019). Although
”PYRO,” is popular around July 29th, 2022 (it peaks on
TikTok before Google Trends), we must remove it because
it was released after TikTok. Thus, it is not a proper exam-
ple of re-popularization.
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Figure 4: P-values for Granger Causality and Some Examples of Granger Causality

For the above reason, selected songs were released on or
before September 2016, when TikTok was released world-
wide. This was done in a two-fold manner. Initially, we
queried MusicBrainz® for the song’s title as a Release
Group. We only kept songs released as Singles; this is
evidence that the artists deem it good enough to publicize.
Then, we removed singles released after TikTok’s birth.
This left us with 85 songs. Given that MusicBrainz results
may return false positives, using a Fuzzy String Matching
approach ¢ , we matched the MusicBrainz title and artist to
the one title shown TokBoard (that combines both strings
in one, e.g. "PYRO by Chester Young & Castion”). If
both matches were above 50% (in a fuzzy match, 50% of
the smaller string is on the largest), we kept the song. In
the end, this left us with 38 songs. We manually added
songs to this list subsequently, as we now detail.

To increase the above list, we manually searched for
information on each song to extract evidence that TikTok
was a significant influencer on that song’s popularity. To
do so, we inspected results like TikTok’s this year on mu-
sic as well as news outlets” after adding songs from this
manual procedure, reaching 51 songs. Finally, we exam-
ined only songs with at least 20 data points for both time
series, leaving us with 30 songs. This was done to have a
minimum number of data points to execute statistical tests.

5 https://musicbrainz.org/

Shttps://github.com/rapidfuzz/RapidFuzz

7 https://tonedeaf.thebrag.com/5-old-songs-that-tiktok-weirdly-made-
famous-again/

4. UNDERSTANDING THE IMPACT OF TIKTOK

In this section, we showcase our results. We begin by un-
veiling causality using the Granger Causal test. Next, we
look into whether the viral dynamics of TikTok transfer to
Web searchers via a Bass model. The Granger model al-
lows us to identify temporal correlations, while the Bass
model provides insight into the diffusion and adoption pat-
terns of songs within the digital market.

4.1 Granger Causality

To assess causality between time series, we employ the
Granger Causality Test [2]. To understand Granger causal-
ity, let bs(¢) be the popularity of a song on TokBoard.
Moreover, let gs(t) be the popularity of the music on
Google Trends. Now, let us create two models for the pop-
ularity of Google Trends. The first will be based on data
from Google Trends only, whereas the second will explore
both websites. These are as follows:

L
):Z’Ys,l-gs(t_l)_‘_e
Z’Vsl gs t_l +Zﬂsl

Here, L is a fixed parameter capturing how far into the
past we look. Our analysis tests several lag values for a
single pair of time series. We explore L € [1,5] in one to
five days. -y, ; indicates the regression weights for the past

ey

St=D+e (2
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Figure 5: Scatter Plot of Bass Parameters for both websites and Some Bass Model estimation examples.

values of Google Trends, whereas (3, ; are the past values
for TokBoard. Finally, € is Gaussian noise, indicating that
this is an ordinary linear regression model.

If, statistically speaking, model (2) is more accurate
than model (1), we have evidence that the past of TikTok
helps to predict the Web search popularity from Google
Trends. This indicates Granger causality. We determine
that this occurs based on an F-test of the sum of the squares
of residuals in the models. The null hypothesis indicates a
lack of evidence for causality. Thus, when rejecting it, we
have evidence of causality. Figure 4 displays p-value distri-
bution for the 30 considered songs. Note that around 33%
of these p-values are less than 0.1. This denotes good sta-
tistical relevance and indicates some evidence of causality
for exactly ten songs. The figure also shows two examples
of such songs. Overall, this result suggests that Granger
Causality is less present than expected (i.e., on our dataset,
TikTok is able to revitalize 33% of songs).

4.2 Bass Model

Next, we employ the Bass Diffusion Model, proposed by
Frank Bass [26], to understand whether the viral aspects
of songs with Granger Causality transfer across platforms.
The Bass Model is defined as follows:

bs (1)

1 — Bs(t) )

= Ps +qg~Bs(t)

Here, b4(t) is the popularity of the song ar t. Whereas,
B;(t) is the popularity up until, or before, time ¢t. While
we use b (t) and B,(t) for TokBoard, a similar equation is
defined for Google Trends. Finally, ps and g, are estimated
parameters of the model.

Parameter p; measures the innovation. Tn this case, this
is the effect of new adopters. In contrast, ¢, measures how
imitators follow the new adopters’ behaviors, i.e., the influ-
ence caused by the initial adopters. Notice from the equa-
tion that ¢, multiplies the previous adopters; this is why it
captures imitation. py does not depend on past adopters.
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We estimated the Bass Model on the ten songs with
Granger Causality evidence. This was done via a Least
Squares estimation of the parameters on the cumulative
popularity curve. Examples are shown in Figure 5. Note
that we fit independent models for TokBoard and Google
Trends. Finally, we normalized data by dividing by the
sum of popularity. In this case, the cumulative curve cap-
tures the fraction of adopters or listeners. This is a com-
mon practice to fit Bass Models to data. Given that we
only have 20 curve fits (two for each song), we visually in-
spected them. Overall, all the estimations are similar to the
ones shown in Figure 5. This result indicates that the Bass
Model is a suitable approach to analyzing the adoption of
TikTok songs. Overall, the results indicate that a signifi-
cant portion of viral trends observed on TikTok caused an
increase in web search activity, as demonstrated by the sta-
tistical findings from the Granger Causality test. In other
words, the evidence suggests that TikTok plays an impor-
tant role in the re-popularization of songs.

5. CONCLUSIONS

In this work, we present a study on TikTok’s impact on
popularizing songs, namely, its effect on bringing older
songs back to the mainstream, employing both Granger
Causality and Bass Diffusion models to examine TikTok’s
impact on music popularity across platforms. Our find-
ings illustrate that TikTok significantly contributes to the
re-popularization of songs by amplifying their visibility
and engagement, as evidenced by the causality and virality
patterns that often translate into increased web search ac-
tivity. Our results showcase a robust methodology along-
side a first-of-its-kind analysis, offering insights into how
digital platforms can extend the lifecycle of music beyond
traditional release cycles.

For future work, a potential direction is modeling the
economic impact of TikTok trends on streaming and sales
data. Also, we would like to explore the demographic
and geographic variations in TikTok-driven music trends,
which may provide deeper insights into user engagement.
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ABSTRACT

Music digitalization has introduced new forms of compo-
sition known as “musical borrowings”, where composers
use elements of existing songs—such as melodies, lyrics,
or beats—to create new songs. Using Who Sampled data
and Google Trends, we examine how the popularity of a
borrowing song affects the original. Employing Regres-
sion Discontinuity Design (RDD) for short-term effects
and Granger Causality for long-term impacts, we find evi-
dence of causal popularity boosts in some cases. Borrowee
songs can revive interest in older tracks, underscoring eco-
nomic dynamics that may support fairer compensation in
the music industry.

1. INTRODUCTION

Digitization has drastically transformed the production,
distribution, and consumption of music. Advances in data
storage, transmission, and processing technologies have
brought about significant changes in the music industry,
making digital music predominant. This shift has led to
new forms of composition, known as “musical borrow-
ings”, where composers and producers draw on existing
musical influences to create new works, thereby expand-
ing the boundaries of musical genres.

An example of musical borrowing is Beyoncé’s 2003
hit “Crazy in Love” one of her most iconic songs. This
work calls this song a borrowee. The borrowee’s introduc-
tion, marked by triumphant brass, drew significant atten-
tion. The brass section was sampled from The Chi-Lites’
1970s song “Are You My Woman”, here called a borrowed
song. Created in a pre-digital era, the borrowed’s influence
on “Crazy in Love” is evident, although its precise contri-
bution to the song’s success remains difficult to quantify.

We explore three primary forms of musical borrowing:
sampling, remixes, and covers. Sampling, a technique pop-
ularized in the late 1970s, involves using fragments of pre-
existing songs. Widely used in hip-hop, electronic, and
experimental music, sampling allows for creative expres-
sion through the manipulation and combination of different

© G. dos Santos and F. Figueiredo. Licensed under a Cre-

ative Commons Attribution 4.0 International License (CC BY 4.0). At-
tribution: G. dos Santos and F. Figueiredo, “Assessing the Impact of
Sampling, Remixes, and Covers on Original Song Popularity”, in Proc.
of the 1st Latin American Music Information Retrieval Workshop, Rio de
Janeiro, Brazil, 2024.
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tracks. On the other hand, remixes involve transforming an
existing song by altering its structure, rhythm, or effects,
often revitalizing it for new audiences. Finally, covers in-
volve re-recordings that usually offer a fresh interpretation
and sometimes even surpass the original in popularity.

Musical borrowings raise significant legal issues, par-
ticularly regarding the copyright laws that govern these
practices — debates around fair use often center on whether
the borrowing negatively impacts the market for the origi-
nal work. A study titled “Sampling Increases Music Sales:
An Empirical Copyright Study” highlights that, in the U.S.,
the Supreme Court considers the market impact on the
original song as a key factor in determining fair use [1].
The research suggests that digital sampling can boost sales
of the original songs, indicating that musical borrowings
may, in some cases, qualify as fair use. Understanding the
consequences of using samples in original songs can con-
tribute to fairer legal discussions and more informed deci-
sions by musicians and managers.

Our research aligns with the above discussion, but it
also presents counter-arguments, as we now detail. Specif-
ically, we focus on how the popularity of a borrowee song
(cover, sample, or remix) influences the popularity of the
borrowed song. Data from WhoSampled' 2, a crowd-
sourced website cataloging samples, remixes, and covers,
and Google Trends 3 which measures relative search in-
terest, provide the basis for this analysis.

To effectively measure an effect, we employ two tech-
niques. First, we explore Regression Discontinuity De-
sign [2] (RDD) to measure the immediate causal impact
of the borrowee’s release. Next, we make use of Granger
Causality [3] as a means to understand the lasting impact of
a borrower after release. As an example of a borrowee that
impacts a borrowed song, we show in Figure 1 the song
“Somebody” by Natalie La Rose (released in late 2014)
that sampled “Shots” from LMFAO. Here, we can see that
“Somebody” renews interest in the LMFAO song.

In general, it is important to note that establishing
causality is challenging. Among the approximately 884 in-
stances of musical borrowings analyzed, we identified 182
cases (20%) showing any causal evidence. From these, our
results show that only a fraction of the borrowees (45% or
82 out of 182) have an immediate causal impact via our
RDD study. Out of these, 64% (or 117 out of 182) of these

Uhttps://www.whosampled.com.
2 Our dataset is available at: github.com/uai-ufmg/whosampleddata
3 https://trends.google.com
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Figure 1: Search Interest Over Time for “Shots” (LMFAO)
and “Somebody” (Natalie La Rose). The release month is
the shaded region.

cases show a lasting effect via Granger Causality. It should
be emphasized that this analysis focuses on web search in-
terest, rather than sales metrics. Nonetheless, even with a
relatively limited dataset, we observed some influence of
borrowees on the originals. Thus, we hope that our re-
search sheds light on the actual implications of sampling.

In the following sections, we begin with a review of re-
lated work (Section 2), followed by a description of our
datasets and methodology (Section 3) and our results (Sec-
tion 4). Finally, we conclude with a discussion of our find-
ings and their broader implications (Section 5).

2. RELATED WORK

The term “musical borrowings” defined by Burkholder [4],
refers to the techniques composers use to create music
based on pre-existing melodies or structures. This practice
has been studied not only in music but also in legal con-
texts, especially regarding copyright. Scholars have high-
lighted discrepancies between copyright law and the reali-
ties of musical composition. Arewa [5] critiques copyright
law’s focus on “romanticized authorship”. This assumes
originality and autonomy, disregarding musical borrow-
ing, particularly in genres like hip-hop, where sampling
has raised legal concerns.

Musical borrowing also intersects with social inequal-
ities. Hesmondhalgh [6] explores how white musicians
have historically appropriated works by Black artists, re-
inforcing cultural disparities. This issue extends to non-
hegemonic markets, such as Latin America and Africa,
where musical borrowing can have broader implications.

Analyzing musical influence presents challenges due to
its subjective nature. Shalit et al. [7] tackled this by ap-
plying Dynamic Topic Models to a dataset of over 24,000
songs from 1922-2010, revealing that musical influence
and innovation are not monotonically correlated. The
study identified critical periods of high innovation in the
early 1970s and mid-1990s.

Turning our attention to authors exploring a dataset sim-
ilar to ours, Bryan et al. [8] also explore WhoSampled
data to analyze to characterize networks. The study exam-
ined centrality in a network of 42,447 samples, applying
complex network techniques and power-law distributions
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to measure the influence of songs and artists. Katz Cen-
trality was introduced as a new method to quantify musical
influence, though the author’s study did not directly ad-
dress how sampling affects popularity.

Ortega [9] analyzed cover versions using a network
of over 106,000 artists and 855,000 covers from Second-
Hand Songs, focusing on the impact of covers on popular
music history. Key findings showed genre and language as
primary factors in collaboration and influence.

3. METHODOLOGY AND DATA COLLECTION

Our work focuses on analyzing the popularity of songs in-
volved in musical borrowings over time to measure the im-
pact of the release of a new version on the original version.
To do so, we used a dataset obtained from Who Sampled
containing about 700,000 songs, including samples, cov-
ers, and remixes. This dataset was crawled in 2019, and
we asked WhoSampled for permission to crawl those data.
The website catalogs musical borrowings for more than
975,000 songs from 300,000 artists, contributed by a com-
munity of about 28,000 members and verified by modera-
tors or staff* . In this sense, our original dataset comprises
most of these songs.

The obtained data is structured as a directed graph,
where nodes represent songs and edges represent musical
borrowings, each labeled to indicate the type of musical
borrowing. Since Who Sampled does not provide popular-
ity data or external identifiers, we supplemented the data
with Wikidata® and Google Trends information.

Initially, we resorted to Wikidata to gather unique iden-
tifiers for each song. The song “Clube da Esquina vol.
2” by Milton Nascimento has a Wikidata identifier of
020053386. More importantly, on Wikidata, this song
also has its Freebase® identifier listed: /m/0zjw3z_.
This Freebase identifier was later used for Google Trends
queries. Before describing how we collected time series,
we discuss how we gathered the Freebase id of our songs.

To find song identifiers, we used Wikidata with three
search queries: one with the song title, one with the artist
name, and one combining both. For each, we retrieved the
top ten entities, removed duplicates, and processed entities
in batches of 50 to extract relevant properties.

Several steps were taken to gather the correct IDs, as
now detailed. Initially, it is essential to consider that some
entities returned may not strictly represent a musical work
during the textual search using the song and artist name. To
address this issue, we filtered entities using the “instance
of (P31)” property in Wikidata, selecting those classified
as “musical work (Q2188189)” or subclasses like “‘song
(Q7366)” or composition (Q204370)”. This approach al-
lows us to filter out entities not directly related to musical
works.

From the original 699,123 songs, this filtering reduced
the list to 111,238 entities, of which 66,373 (59.6%) lacked

“ https://www.whosampled.com/about

5 wikidata.org

6 A discontinued ontology that is still used internally by Google Trends
— https://en.wikipedia.org/wiki/Freebase_(database)
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knowledge base identifiers. Focusing on entries with Free-
base IDs, we finalized a set of 44,857 songs.

To ensure collected entities matched songs in our
dataset, we refined them based on the normalized string
similarity between the song and artist names, calculated
separately with the diff1ib library’ in Python. We re-
tained only entries with a string distance above 0.55 for
both names, reducing our dataset from 579,322 to 25,830
songs, representing 4,477 musical borrowings.

With the Freebase identifiers, we accessed Google
Trends using each identifier as a URL parameter®. Our
queries were configured to retrieve the global search in-
terest over time for each song, starting from the inception
of Google Trends in 2004. We successfully retrieved data
for 4,360 songs, each represented as a monthly time series
indicating relative popularity, normalized to peak at 100.

Estimating the causal effects of temporal data is chal-
lenging [10]. Initially, we can point out that several
events may impact popularity (e.g., a song may be sam-
pled twice). Furthermore, other seasonal effects (e.g., a
good year for an artist) may be in place. To reduce this im-
pact, all of our time series were filtered to have 24 points
only, one per month. Twelve of these occurred before the
release and Twelve after. Thus, we shall look at the im-
pact on monthly interest. Moreover, we observed that some
time series contained zero values in all time intervals, indi-
cating the absence of search interest data for these musical
entities throughout the analyzed period. After this last fil-
ter, we were left with 884 borrowings.

After this pre-processing step, we calculated the impact
of the launch on the original in the short and medium term
using RDD and Granger Causality.

4. EFFECT OF MUSICAL BORROWINGS ON
INTEREST IN A SONG

To assess the impact of samples and re-recordings on audi-
ence interest in original music, we explored the hypothesis
that these elements introduce discontinuity in nature. Con-
sidering that the original music already existed before and
so did audience interest, we compared interest in the origi-
nal music before and after the re-recording. This allows us
to estimate the impact of the borrowing on audience inter-
est in the original music.

4.1 Short-term impact

We used the Regression Discontinuity Design (RDD)
method to measure the impact of a sample on the origi-
nal music. RDD is a statistical method that allows us to
estimate the causal effect of a treatment on an outcome
variable when the probability of treatment changes discon-
tinuously around a cutoff point. In this case, the treatment
is the release date of the borrowee song. The outcome vari-
able is the search interest in the original song, the bor-
rowed. The cutoff point separates the observations into

7 https://docs.python.org/3/library/difflib.html
8 https://trends.google.com/trends/explore?q=/m/0zjw3z_
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Figure 2: Distribution of the log-transformed average
treatment effect (ATE) for the 82 statistically significant
musical borrowings.

control and treatment groups. In detail, our RDD was as
implemented as follows:
googletrends(t) ~ 1+t +Tso+t - Liso (1)

In this context, ¢ represents our time variable, shifted so
that the release time of the borrowee occurs at time zero.
This transformation is commonly used in RDD as it simpli-
fies the interpretation of model parameters. The term I;~
is an indicator function that equals one when ¢ > 0 (after
the release) and zero otherwise. Therefore, at t = 0, this
term’s weight reflects the difference in intercepts, known
as the Average Treatment Effect (ATE), which serves as a
causal estimate of the release’s impact. We express this
measurement in relative terms, where 100% indicates a
doubling of the intercept.

Most importantly, we analyzed the ATE estimates only
for regressions that achieved statistical significance at a
level below 0.05. Our final dataset included 884 musical
borrowings, of which 82 (approximately 9.3%) yielded sta-
tistically significant p-values. Figure 2 illustrates the ATE
distribution for these 82 significant borrowings, which we
will discuss next.

We initially point out borrowings with very high or very
low ATEs from the figure. In some cases, this occurred be-
cause the original song had no prior search activity. How-
ever, after the sample’s release, the original song began
to receive increased search interest. Figure 3a shows an
example of this phenomenon. The song with the highest
ATE in our set is “Something’s Got a Hold on Me” by Etta
James, released in 1962, sampled in 2011 by American
rapper Flo-Rida in his song “Good Feeling”. We manu-
ally inspected these extreme events; all were outliers like
this one and we disregarded them.

We thus decided to focus on the non outlier cases,
shown in the center of Figure 2. We begin with an interest-
ing case of a negative ATE. Thus, Figure 3b presents the
RDD analysis of Lana Del Rey’s “Summertime Sadness,”
sampled in “Body Electric,” released five months later on
the EP Paraiso. The ATE of -152% indicates a negative
impact on interest in the original song following the sam-
ple release. We believe that the EP’s marketing and the
similarity between the two tracks may have influenced the
original song’s performance during that period.
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Figure 3: ATE Examples

Figures 3c, 3d, 3e and 3f all show examples of positive
ATE. It is quite interesting that several of these examples
show samples reviving interest in songs released in the late
*70s to late *80s. This shows evidence that, in some cases,
a borrowee may revive interest even in older songs. Never-
theless, we still need to check if this revival is long-lasting.
Figures 3c and 3f show a sharp decay a few months after
the borrowee’s release. This is why we complement this
analysis with our Granger Causality analysis next.

4.2 Long-term impact

Granger causality is a statistical technique that investigates
whether the past of one time series contains valuable infor-
mation to predictthe future of another. Thus, it considers
the lags between observations.

We use the statsmodels [11] library to perform the
Granger causality test, which offers robust statistical tools
for time series analysis. The test involves formulating au-
toregressive (AR) models and comparing them to see if in-
cluding lagged terms from one time series improves the
prediction of another time series.

When applying the Granger test, it is necessary to
specify the max_lag parameter, determining the maximum
number of lags considered. We set the value of max_lag to
10, assuming that the causal relationship between the origi-
nal song and the musical borrowing can be captured within
10 months (from one month to almost a year of maximum
lag). The test is performed by combining two time series
into a complete data frame and running the statistical pro-
cedure. The result of the Granger test is a p-value associ-
ated with the F-test of the sum of squares of the residuals
(SSR F-test) for each lag up to the specified max_lag.

A low p-value (usually less than 0.05) indicates that the
musical borrowing time series contains significant predic-
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tive information about the original song time series. When
this occurs, we have evidence of a Granger Causal rela-
tionship for the time series pair.

After the analysis, we observe that 64% (117) of the
musical borrowings have a p-value below 0.05, establish-
ing that, in most cases, the time series of the new ver-
sion (cover, sample, or remix) contains significant predic-
tive information about the time series of the original song.
This suggests that borrowees generally influence borrow-
ers over more extended periods of time.

5. CONCLUSIONS

This paper estimated causal evidence that musical borrow-
ings impact the popularity of borrowed songs. Our motiva-
tion was delving deeper into the argument that borrowing
(samples, remixes, and covers) increases the popularity of
borrowed songs.

Our findings indicate some causal relationships be-
tween musical borrowings and the popularity of borrowed
songs, though effects vary in strength. When present, a
borrowee song can revitalize interest in older tracks, as
shown by RDD analysis. Notably, sustained impacts as-
sessed via Granger Causality suggest borrowings can have
a lasting influence on original song popularity.

Our work has performed extensive care in collecting
an accurate dataset that links several databases (Freebase,
MusicBrainz, and Google Trends). Nevertheless, this does
not come with some drawbacks. Out of approximately
700,000 songs analyzed, only 884 instances of musical
borrowing were identified. Future work could refine data.

Finally, our results shed light on the complex economics
of borrowings, with implications for fairer compensation
practices [12].
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ABSTRACT

Deep neural networks are the state-of-the-art in several sig-
nal processing tasks, including music genre classification.
However, these networks usually require plenty of train-
ing data and a lot of computational power to be properly
trained. We present four “shallow” neural network ar-
chitectures, for music genre classification tasks. We also
propose a technique of normalization of perceptrons in
fully connected layers that, combined with the intentional
choice of convolutional kernels tailored to leverage the
data structure, appear to facilitate the network extraction of
relevant information. Among the results obtained, the ac-
curacy of the normalized models stands out, which in the
worst studied cases performed similarly to architectures
without normalization. We also demonstrate the promis-
ing performance of the proposed architectures, which, al-
though simple, achieved high prediction accuracy metrics.

1. INTRODUCTION

Musical classification is a collection of problems within
the area of Musical Information Retrieval, which include,
among other tasks, estimating the musical genre from ob-
serving a musical representation (score, audio, or spectro-
gram, for example) [1]. Several approaches have been
proposed to address the issue of musical genre classifi-
cation, including Support Vector Machines [2—4], Multi-
Layer Perceptron [5, 6], Convolutional Neural Networks
(CNN) [1,7, 8], Recurrent Neural Networks [1,9, 10] and,
more recently, Transformers [11]. In this work, we will
demonstrate the feasibility of using neural networks with
fewer parameters (compared to state-of-the-art networks
[11-14]) in conjunction with data augmentation techniques
to solve problems of musical genre classification.

We present four “shallow” neural network architec-
tures based on Convolutional Recurrent Neural Network
(CRNN) [15, 16] and Convolutional Neural Network. We

© N. Matos, H. Carvalho, and C. Zanini. Licensed under

a Creative Commons Attribution 4.0 International License (CC BY 4.0).
Attribution: N. Matos, H. Carvalho, and C. Zanini, ““Shallow” Neu-
ral Network Architectures for Musical Genre Classification”, in Proc. of
the 1st Latin American Music Information Retrieval Workshop, Rio de
Janeiro, Brazil, 2024.
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also propose a technique called Ly normalization of per-
ceptrons in fully connected layers of the network. These,
combined with the intentional choice of convolutional
layer kernels tailored to leverage data structure, seem to fa-
cilitate the network extraction of relevant information con-
cerning the problem of musical genre classification. The
audio signals are presented to the neural networks in their
raw waveform representation, its mel-spectrogram [17] be-
ing computed as a non-trainable layer by properly scaling
the magnitudes of the signal’s Short-Time Fourier Trans-
form (STFT) spectra. After this processing, the audio sig-
nal can be interpreted as an image with time on the hori-
zontal axis and frequency on the vertical one. In this rep-
resentation, the use of vertical “one-dimensional” kernels
(nxm with n > m, where n is the number of rows and m
the number of columns of the kernel) in the convolutional
layers will be explored. The rationale for this choice of
kernels is based on the fact that, by analyzing the spectro-
grams vertically, we jointly observe the frequencies present
at each small interval of time. The chosen database to train
the proposed architectures was GTZAN [18].

The paper is organized as follows: Section 2 presents
the research methodology by describing the proposed ar-
chitectures and Lo normalization technique. A discussion
about the dataset is also presented, indicating the data aug-
mentation process, and displaying the experimental frame-
work employed. Section 3 discusses the results obtained
on the computational experiments. Conclusions are drawn
on Section 4, together with indications of future works.

2. METHODOLOGY
2.1 Architectures

We propose four novel architectures, two CNNs and two
CRNNs. The CNN architectures consist on the classic con-
volutional model with 3 convolutional layers with vertical
kernels (each followed by max-pooling and batch normal-
ization), finishing with 3 fully connected layers. These ar-
chitectures will be referred to as v-kernel and v-kernel-
L2, for the models without and with L, normalization, re-
spectively. The CRNN architectures contain 2 convolu-
tional layers with vertical kernels (each followed by max-
pooling and batch normalization), finishing with either
one recurrent layer (Long Short-Term Memory — LSTM)
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Figure 1. Diagrams of the proposed architectures and
number of trainable parameters.

or bidirectional recurrent layer (BILSTM) [19], followed
by one fully connected layer. These architectures will
be called CRNN and BICRNN, respectively (Figure 1).
Since there is only one fully connected layer on these ar-
chitectures, the Lo normalization is not applied.

2.2 Lo Normalization

During the training process of a neural network for classi-
fication, each hidden layer is trained to find the best non-
linear transformation to a new coordinate system that can
approximately separate each class by a hyperplane, mean-
ing that the observations in the training set are learned to
be mapped to (approximately) linearly separable regions in
the transformed latent space of the last hidden layer with
respect to their classes (Figure 2). In this context, the pur-
pose of Lo normalization of fully connected layers is to
assist the neural network in achieving a coordinate change
in which the classes, in these coordinates, are easier to sep-
arate, as illustrated in Figure 2. The coordinate change per-
formed by Lo normalization is the projection of the outputs
of the fully connected hidden layers onto the surface of a
hypersphere with radius 1. Thus, Ly normalization maps
the neurons far away from the center to a region that is eas-
ier to be linearly separable at the last network layer which
may help to ensure that some data points are not misclas-
sified (Figure 2 panel (d) ).

2.3 Dataset

The dataset employed to train and validate the proposed ar-
chitectures was the GTZAN [18], consisting of 1,000 au-
dio signals, each 30 seconds long, mapped into 10 genres:
rock, jazz, pop, classical, blues, disco, country, hip hop,
metal and reggae. The choice of a small-sized database
is strategic: it justifies the adoption of data augmenta-
tion techniques and also opens the possibility of extrap-
olating the strategies employed in this study to other con-
texts where only limited databases are available (for exam-
ple, regarding under-represented musical genres), or even
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Figure 2. Toy example illustrating the coordinate change
performed by L, normalization. a) Neural network with
the inputs (x’s) and trainable parameters (w’s and b’s). b)
Training set and its two classes (black and gray points).
¢) Training set after passing through the hidden layer of
the neural network with sigmoid activation function. d)
Training set after passing through the hidden layer of the
neural network with sigmoid activation function and Lo
normalization, translating and projecting the data onto the
unit circumference centered at (0.5, 0.5).

to larger databases to introduce robustness into the model
predictions, a point to be further investigated.

However, [20] shows that GTZAN has some problems,
such as duplicate tracks and some labeling errors. Such
problems are very common in classification datasets, es-
pecially in more widely explored contexts such as image
classification [21]. As the dataset is relatively small, these
inconsistencies can negatively affect the performance of
models trained on it. Despite this, the proposed architec-
tures achieved satisfactory results in the process of musical
genre classification, as reported in Section 3.

2.4 Data Augmentation

Since the audio tracks in the dataset are 30 seconds long,
we partition the audio signal into three contiguous 10-
second signals, assuming that this smaller duration is suf-
ficient to identify the genre of a song. This set will be
referred to as C. Subsequently, we apply a pitch shift to
C, increasing or decreasing the pitch of each segment by
a semitone, generating the set Cl,s, such that C' C Cps.
Thus, we have two datasets in total: C' with 3,000 samples
and C,; with 9,000 samples. To ensure a fair comparison
between models, the validation set is only taken from C.
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2.5 Experiments

Each architecture was trained on a subset of each of the
datasets C' and C),4, and a suffix ps was added to the names
of the architectures trained on the latter. We implemented
the proposed architectures on Keras with Tensorflow as
backend, and all architectures were trained in the virtual
environment of Google™ Colab Pro with 28GB of RAM
and an NVIDIA™ V100 GPU. The training time ranged
from 1.5 hours to 2 hours depending on the architecture
with inference times of less than 2 seconds for signals up
to 4 minutes in the free environment of Google™ Colab.
During training, care was taken to ensure that the test set
for the networks trained in both C' and C); was the same
and that there were no excerpts from the same song in the
training and test sets to avoid adding correlation between
the datasets. Mel-spectrogram hyperparameters and mod-
els configurations can be seen on a GitHub repository. !

3. RESULTS

In this section we analyze performance metrics for the pro-
posed architectures, discuss the effects of Ly normalization
on the fully connected layers of the CNN architectures, and
compare the performance of the models when trained on
datasets C' and C).

3.1 Effects of L, Normalization

Figure 3 compares the evolution of categorical validation
accuracy obtained during training of the CNN models with
and without the proposed normalization. Figure 3 shows
that the Lo normalization does not negatively impact the
accuracy of the models, since the solid and dashed lines
show similar behavior. This result indicates that the Lo
normalization can be, at most, “harmless”, at least in the
present scenario. More experiments involving L, normal-
ization need to be conducted to better understand its gen-
eral effects on classification models, especially involving
audio data. A finer comparison between the performance
of the architectures is drawn in Section 3.2.

Uhttps://github.com/Natanael-Luciano/LAMIR-2024.
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3.2 Comparing the architectures

A comparison of the maximum accuracy achieved by each
model can be seen in Table 1. By comparing the perfor-
mance of the architectures trained on the dataset with and
without pitch shift, an increase in accuracy can be observed
on the former case.

Architecture  Accuracy | Architecture  Accuracy
BICRNN 0.67 v-kernel 0.68
BICRNN-ps 0.77 v-kernel-ps 0.72
CRNN 0.63 v-kernel-12 0.63
CRNN-ps 0.76 v-kernel-12-ps 0.70

Table 1. Comparison of the maximum accuracy achieved
by each proposed architecture. The highest values on each
case are marked in bold.

From Table 1 we conclude that the best proposed CNN
and CRNN are v-kernel-ps and BICRNN-ps, respectively.
The confusion matrices of these networks are illustrated in
Figure 4. The architectures frequently confuse rock with
country and blues, and disco with hip hop and reggae.
However, the BICRNN architecture better classifies these
genres, maybe because the v-Kernel architectures works
with local features, while the BICRNN takes into account
the evolution of features. Therefore, from a network view-
point, locally rock, blues, and country may seem similar,
but globally they are quite distinct.

Inputs of different sizes can be given to the BICRNN
architecture. To illustrate its behavior on longer (and dif-
ferent) tracks than those present in the dataset, three sce-
narios were analyzed: the first movement of Beethoven’s
Moonlight Sonata; first 10 seconds and the whole music
The Only Thing They Fear is You (soundtrack from the
game Doom Eternal). Even with the significantly longer
duration of the audio tracks (ranging from five to seven
minutes), the network takes on average two seconds to
perform inference on the machine available for free on
Google™ Colab, which allows for real-time classification
and also for the evaluation of the “evolution™ of its esti-
mated musical genre. Table 2 shows the three most likely
estimated genres for each of these tracks. Although the
classification for the first movement of Moonlight Sonata
is as expected, the classification for Doom Eternal’s sound-
track is not. One possible reason for this is the fact that the
guitar sound in this specific track is created via the modula-
tion of a chainsaw sound, together with plenty of electronic
samples. Despite recognizing the track as metal in an in-
formal hearing, the intense use of samples is quite common
in pop songs, which may explain this misclassification.

3.3 Comparison with other studies

When compared to some state-of-the-art models [11, 13,
14], our better-performing architectures have a lower cat-
egorical accuracy: [11, 13, 14] reports 0.96, 0.89, and 0.9,
respectively, and our better performing architecture is the
BICRNN-ps, with 0.77 (see Table 1). However, when
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Figure 4. Comparison of the confusion matrices of the
best architectures of each type, CNN and CRNN.

considering the complexity of the models under compar-
ison, our proposal are way simpler, and therefore, faster to
train. For example, [11] has about 2,800,000 parameters,
and [13, 14] performs respectively 7 and 5 different fea-
ture extractions, while our largest architecture, BICRNN,
has 460,938 trainable parameters, with the advantage of
receiving as input a raw audio signal and accepting inputs
with any length. Therefore, the importance of using well-
tailored architectures becomes evident, enabling simpler
architectures to perform well in the musical genre classi-
fication problem.

Regarding the metrics used in recent works [22-25] on
large databases such as MSD [26] and FMA [27], there is
a trend towards using the ROC-AUC metric as a validation
measure. The issue with this metric is that it can be high,
but the model may perform poorly on some classes, and
this information can be lost. This is the case in our work,
which achieved an average ROC-AUC (along classes) of
96% with the BICRNN-ps architecture, but had classes
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Moonlight sonata, 1st. movement

Classical Jazz Country
0.88 0.10 0.006
The Only Thing They Fear is You (first 10 seconds)
Pop Metal Rock
0.82 0.15 0.01
The Only Thing They Fear is You (whole track)
Pop Jazz Blues
0.92 0.04 0.02

Table 2. Three genres with the highest probability of allo-
cation for the first movement of Moonlight Sonata, first 10
seconds and whole track The Only Thing They Fear is You.
Highest values and respective classes are marked in bold.

with low accuracy. In comparison, [22-25] report a ROC-
AUC between 0.85 and 0.98, which shows that our best-
performing model is comparable to theirs in this regard.
However, using only the ROC-AUC does not provide in-
formation on which classes the model struggles with.

4. CONCLUSION

The problem of musical genre classification is inherently
challenging due to the high similarity between some gen-
res, for example, rock and metal, and blues and rock, which
can create difficulties even for manual classification. A
classic example in the context of Brazilian music is differ-
entiating pagode from samba.

In this work, we explored the use of “shallow” con-
volutional neural networks (with and without a proposed
technique called Lo normalization of perceptrons in fully-
connected hidden layers), and convolutional recurrent neu-
ral networks. Among the results obtained, the observed
accuracy of convolutional models when Lo normalization
is applied stands out (which in the worst case performed
similarly to architectures without Lo normalization) and an
improvement in the accuracy of the networks when trained
on the dataset with pitch shifts, as illustrated in Table 1.
However, this improvement was unexpected due to the
high similarity of frequencies present in the signals after
the pitch shift, and shows that the proposed architectures
exhibit a degree of robustness to tonal variations, contrary
to the results observed in [28]. Notably, the promising per-
formance of the recurrent architectures stands out, particu-
larly our proposed BICRNN architecture, which, although
simple, achieved high accuracy in evaluation metrics such
as categorical accuracy and was able to better discern sim-
ilar genres, as demonstrated in Figure 4.

Future works include comparing the proposed models
against the state-of-the-art in larger datasets such as MSD
and FMA, checking if the use of data augmentation via
pitch shift during training have the same effect when work-
ing with more genres, and verifying the effects of using our
pre-trained model as a starting point when training in larger
datasets.
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ABSTRACT

Audio super-resolution aims to enhance low-resolution
signals by creating high-frequency content. In this work,
we modify the architecture of AERO (a state-of-the-art
system for this task) for music super-resolution. SPecifi-
cally, we replace its original Attention and LSTM layers
with Mamba, a State Space Model (SSM), across all net-
work layers. Mamba is capable of effectively substituting
the mentioned modules, as it offers a mechanism similar
to that of Attention while also functioning as a recurrent
network. With the proposed AEROMamba, training re-
quires 2-4x less GPU memory, since Mamba exploits the
convolutional formulation and leverages GPU memory hi-
erarchy. Additionally, during inference, Mamba operates
in constant memory due to recurrence, avoiding memory
growth associated with Attention. This results in a 14x
speed improvement using 5x less GPU. Subjective listen-
ing tests (0 to 100 scale) show that the proposed model
surpasses the AERO model. In the MUSDB dataset, de-
graded signals scored 38.22, while AERO and AERO-
Mamba scored 60.03 and 66.74, respectively. For the Pi-
anoEval dataset, scores were 72.92 for degraded signals,
76.89 for AERO, and 84.41 for AEROMamba.

1. INTRODUCTION

Audio super-resolution is a technique analogous to what
is known in signal processing literature as bandwidth ex-
tension [1], whose goal is to reconstruct the upper spectral
content of a low-resolution signal. Since a bandlimited au-
dio signal usually sounds muffled, higher-resolution audio
yields a better listening experience, in general [1].

Since the 19th-century invention of sound recording de-
vices [2], audio signals have been widely used in commu-
nications and entertainment. Technology has evolved to
meet specific application requirements, with telephony pri-
oritizing intelligibility and general audio devices focusing
on fidelity [3]. High-fidelity systems must cover at least

© W. Abreu and L. W. P. Biscainho. Licensed under a Cre-

ative Commons Attribution 4.0 International License (CC BY 4.0). Attri-
bution: W. Abreu and L. W. P. Biscainho, “AEROMamba: An efficient
architecture for audio super-resolution using generative adversarial net-
works and state space models ”, in Proc. of the 1st Latin American Music
Information Retrieval Workshop, Rio de Janeiro, Brazil, 2024.
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the human auditory range of 20 Hz to 20 kHz for tones [4],
though analog audio may face limitations and media degra-
dation affecting this content [5]. In digital audio, compres-
sion lowers transmission and storage costs. Decimation,
which discards samples, needs low-pass filtering to pre-
vent aliasing and reduce the signal’s maximum frequency.
Lossy audio coding, such as MP3 [6], modifies frequency
content based on a psychoacoustic model, mostly affecting
high frequencies and sometimes reducing bandwidth. Au-
dio super-resolution is useful in scenarios requiring miti-
gation of these issues.

Signal processing-based bandwidth extension methods
included techniques such as nonlinear devices with lin-
ear filtering [1], source-filter modeling [7], codebook map-
ping [8], and spectral-band replication [9]. In the past few
years, solutions based on deep neural networks (DNNs)
became the state of the art in audio super-resolution, rang-
ing from pure feedforward networks that operate on raw
waveforms [10] or in the spectral domain [11] to gen-
erative solutions using Generative Adversarial Networks
(GANs) [12, 13] and, more recently, Diffusion Models
(DMs) [14-17].

The choice of using DMs instead of GANs is generally
justified by training instabilities, suboptimal mode cover-
age, and lack of explainability of GANs, while DMs are
modeled by statistical physics [18]. Even though effi-
cient DMs [19] constitute an active area of research, their
Markov Chain-based sampling requires sequential infer-
ence, which makes parallelization difficult and sample gen-
eration slower compared to GANs. Additionally, narrow
mode coverage is only problematic when diverse data gen-
eration is needed, which may not necessarily be the case
for audio enhancement.

In this context, this work proposes improvements to
the state-of-the-art AERO [13] architecture for super-
resolution by replacing its Attention and LSTM layers with
Mamba [20], a State Space Model (SSM) created for effi-
cient sequence modeling which has shown promising re-
sults when used in speech enhancement [21].

The advantages of this approach are significant: train-
ing requires 2x to 4x less GPU memory, and inference runs
with a 14x speed gain using 5x less GPU, all with an in-
crease in audio quality, as demonstrated by the listening
tests performed.
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2. METHOD

AERO is an audio super-resolution GAN that processes
music and speech signals, inspired by Demucs [22]. Its
architecture is composed of a generator based on the U-
Net, with Attention and BiLSTMs on its last two encoder
blocks, and a MelGAN [23] multi-scale discriminator.

In this work, we propose AEROMamba, in which we
replace all the Local Attention and BiLSTM layers in
AERO by Mamba layers, including them in all encoder
blocks, not only at specific depths. This modification is
motivated by our hypothesis that Mamba can handle both
tasks effectively, since it offers a selection mechanism sim-
ilar to Attention while being also a recurrent network,
as a generalized SSM. Specifically, this selection mecha-
nism works through a parameterization of the SSM matri-
ces in relation to the input, different from the linear time-
invariant formulation. Additionaly, since Mamba exploits
the GPU memory hierarchy to perform computations ef-
ficiently, we aim to yield high-quality samples while also
reducing the use of computational resources in training and
inference. The resulting architecture is shown in Figure 1.

‘ Encoder, ; / Input

iti=0

GELU(Conv1D) ‘

SNAKE(LN(ConviD)) ‘

‘ Mamba ‘

‘ GLU(LN(Conv1D)) ‘

‘ LayerScale ‘
e ]
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‘ GLU(LN(Conv1D)) ‘

‘ LayerScale ‘

Y
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Figure 1. Detail of the AEROMamba architecture: AERO
with BiILSTMs and Local Attentions replaced by Mamba
layers in all Encoder blocks.

‘ Fncud(:r/ﬂ Decoder;

Consistently with the original model, we optimize the
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generator loss

Lg = Lagy + Lyec + >\Lfmap, (D
composed of the adversarial loss L,qv, the reconstruction
108S Lyec, and the features 108S Liap with A = 100. In
addition, the training objective Lp for the discriminator is
the MelGAN hinge loss [23].

3. EXPERIMENTS
3.1 Datasets

The PianoEval data set! was compiled in two segments:
the first segment (training and validation sets) comprises
45 recordings of the Chopin’s 24 Preludes, Op. 28, played
by 33 different pianists (totaling 22 hours), while the sec-
ond segment (test set) incorporates excerpts taken from pi-
ano pieces by Ligeti, Schumann and Barber, performed
respectively by 3 different performers (amounting to 3.5
hours). We also tested our model on MUSDBI18 [24],
which contains 150 songs (10 hours) of musical mixtures
with their isolated stems, using only the mixture tracks. All
files are in WAV format, stereo, sampled at 44.1 kHz.

3.2 Training procedure

Originally, AERO was trained in the upsampling configu-
ration from 11.025 kHz to 44.1 kHz using a specific win-
dow size W = 512 along with three distinct hop lengths:
H = 64, H = 128, and H = 256. Our model also
works in the 11.025-44.1 kHz setting but, since H = 64
or H = 128 settings took impractical training time, our
development concentrated on the H = 256 version.

For training on MUSDBI18, we started with a pre-
trained AERO model (already trained for 696 epochs on
the same dataset) and extended its training for an additional
100 epochs, selecting the optimal model based on the Per-
ceptual Audio Quality Measure (PAQM) [25] score. To en-
sure consistency, AEROMamba was trained for an equiva-
lent number of epochs. The original train/test partition of
MUSDB18 was retained.

In the case of PianoEval training set, we created two
groups: PianoEval-GQ and PianoEval-HQ (with a differ-
ence of 1.5 hours between them) — the first containing all
recordings, and the second contained only tracks recorded
after the 1960s. The motivation for this was to evaluate
whether the greater presence of noise, intrinsic to older
recordings, would be beneficial, adding robustness to the
models, or would harm the quality of the predicted results.
Both AERO and AEROMamba were trained for approxi-
mately 800 epochs, also saving the best model.

All other hyperparameters were configured according
to the default settings of AERO, such as the learning rate
of 3e—4. Both models underwent training on an NVIDIA
GeForce RTX 3090 GPU with the maximum batch size
allowed for each model.

I'The metadata of each recording and code
tory are available in the accompanying website
//aeromamba-super—-resolution.github.io/.

reposi-
https:
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3.3 Evaluation

For the objective evaluation, we employed the Log-
Spectral Distance (LSD) [13] and two distinct percep-
tual quality metrics: PAQM and the Virtual Speech Qual-
ity Objective Listener (ViSQOL) [26]. Furthermore, we
conducted subjective listening tests to provide qualitative
comparisons between AERO and AEROMamba on the
MUSDB18 and PianoEval datasets.

PAQM was used as a validation metric to select the op-
timal model during a training run, with fixed seed and hy-
perparameters. The choice of PAQM as a validation metric
was motivated by the availability of a vectorized imple-
mentation, which is much faster than ViSQOL, and also
to its perceptual motivation, taking into account masking
effects and other auditory modeling aspects [25]. In addi-
tion, ViSQOL (in audio mode) was employed to assess the
quality of the processed signals on a scale from 1 to 5, in
relation to the test sets.

For the listening tests, the opinions of 20 subjects were
compiled regarding the overall similarity of three test sig-
nals, one corresponding to each model and one anchor, in
relation to a known reference. The score was given through
a sliding bar without explicit numerical values, with the
words ‘Exactly the same’ on the right end and increasing
difference indicated by a left arrow. Although the numer-
ical value was not explicit to the subjects, the scale was
defined from O to 100, with a 1-point resolution. A total
of 12 tracks from the PianoEval dataset and 12 tracks from
the MUSDB 18-HQ test set were employed, with each track
being evaluated by 10 subjects. The order of questions was
randomized to mitigate bias.

Test signals were selected to ensure maximum vari-
ety in terms of dynamic range, tempo, spectral content,
and sound intensity. In the case of PianoEval, this was
achieved by selecting four different excerpts from each
composer. For MUSDB18HQ, two pieces were selected
for each genre, namely rock, pop, electronic, hip hop,
world music, and other (an additional pair of songs with
no specified genre). The duration of the signals was set be-
tween 15 and 20 seconds, according to the standards [27]
and providing sufficient listening content for the subjects,
with fade-in and fade-out effects to smooth abrupt starts or
ends when needed.

4. RESULTS

Results and computational performance metrics are sum-
marized in Tables 1, 2, and 3, which make it clear
that AEROMamba (with its corresponding HQ version)
achieved superior performance to AERO objectively and
subjectively, using almost 6x-9x less GPU in inference and
running almost 15x as fast (in addition to training at least
2x faster). These performance improvements are due to
the efficiency provided by the Mamba layer and also to its
ability in sequence modeling tasks. As seen in Table 3,
we were able to build a larger architecture, in the sense of
parameters, that uses fewer computational resources, thus
theoretically being a more powerful model.
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Model MUSDB18

ViSQOL 1t LSDJ| Score 1
Low-Resolution 1.82 3.98 38.22
AERO 2.90 1.34 60.03
AEROMamba 2.93 1.23 66.47

Table 1. ViSQOL, LSD, and subjective scores for AERO
and AEROMamba on the MUSDB18 dataset.

Model PianoEval

ViSQOL 1+ LSD| Score 1
Low-Resolution 4.36 1.09 72.92
AERO 4.38 0.99 76.89
AERO-HQ 4.34 1.04 -
AEROMamba 4.43 0.98 -
AEROMamba-HQ 4.38 1.00 84.41

Table 2. ViSQOL, LSD, and subjective scores for AERO
and AEROMamba on the PianoEval dataset. Models la-
beled with ‘-HQ* were trained on PianoEval-HQ.

According to Mann-Whitney [28] tests on PianoE-
val ViSQOL results, all models when paired with Low-
Resolution scores distribution achieved statistical signifi-
cance with p-value < 0.05, except for AeroMamba. There-
fore, we decided to evaluate AEROMamba-HQ in subjec-
tive tests, together with AERO, due to its higher ViSQOL
score compared to its ‘-HQ’ version. For subjective scores,
all pairs were considered statistically different. Consid-
ering that PianoEval-HQ is 1.5 hours shorter in duration
than PianoEval, we demonstrate a scenario where AERO-
Mamba architecture can attain scores superior to AERO’s
even with a reduced amount of data.

Regarding the results of MUSDBI8-HQ, the same
Mann-Whitney tests reported statistical significance with
p-value < 0.05 between all distribution pairs, both for
ViSQOL and subjective listening tests scores.

For a detailed visualization, we show in Figure 2 the
scores for each track included in the subjective evaluation
procedure, identified by their Id number on the testing in-
terface. It is clear that the negative effect of downsam-
pling is more severe on the MUSDBI18 tracks, while for
PianoEval tracks the improvement of super-resolution is
less pronounced. This is explained by the nature of the
two datasets: while PianoEval content is limited to a sin-
gle acoustic instrument played with varied dynamics and
agogics, MUSDB18-HQ tracks contain a wide range of
electronic sounds and percussion, usually in a heavily sat-
urated mix and high tempo.

As a qualitative illustration, we compare in Figure 3 the
frequency spectra of the enhanced signals for AERO and
AEROMamba-HQ, using Track 22 of PianoEval as a ref-
erence. Evidently, most of the signal’s energy is below 5
kHz, which explains why its low-resolution version scored
above 70. However, there is also clear differences be-
tween the results of two models. AEROMamba produces a
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NVIDIA RTX 3090

NVIDIA RTX 2080 Ti

Method Parameters
GPU Usage (MB) Time (s) GPU Usage (MB) Time (s)

AERO 17091 1.246 16420* - 19,432,958

AEROMamba 3000 0.087 1914 0.063 20,964,190

Table 3. Comparison of GPU usage, inference times for 10 second segments, and number of parameters for AERO and
AEROMamba. *AERO exceeded the GPU memory limit by 5.16 GB.
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Figure 2. Subjective scores per track id obtained (a) on
MUSDBI18; (b) on PianoEval.

greater amount of high-frequency content than AERO. No
visible artifacts are introduced, except for an impulse in-
troduced by AERO at the end of the track due to the abrupt
silence induced by zero-padding (easily avoidable).
Finally, in the case of PianoEval, listeners reported
that AEROMamba was capable of creating more high-
frequency content than AERO, generating a brighter sound
that seemed closer to the original, as discussed above.
However, this same behaviour resulted in the perception of
unexpected artifacts in MUSDB18 evaluation, which led
AERO to be indicated as the best model in four tracks.

S. CONCLUSION

In this work we proposed an efficient neural network archi-
tecture based on a state-of-the-art solution for audio super-
resolution. Our method significantly reduces GPU usage
and offers faster inference without compromising audio
quality. We confirm the superiority of our model to the
baseline both through objective metrics and by evaluating
the subjective quality of our model via listening tests.

For future works, one of the main modifications that can
benefit the usability of the model is to implement a flexible
initial sampling frequency, instead of just 11.025 kHz. In
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Figure 3. Frequency spectra of Track 22 of PianoEval:
(a) original; (b) processed by AERO. (c) processed by
AEROMamba-HQ.

addition, we would like to evaluate whether the models are
invariant to similar instruments, such as the piano and the
harpsichord, to the point of achieving good performance
on one when trained on the other.
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LONG-FORM TEXT-TO-MUSIC GENERATION WITH ADAPTIVE
PROMPTS: A CASE OF STUDY IN TABLETOP ROLE-PLAYING GAMES
SOUNDTRACKS
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Departamento de Informética
Vicosa, Minas Gerais, Brazil

ABSTRACT

This paper investigates the capabilities of text-to-audio
music generation models in producing long-form mu-
sic with prompts that change over time, focusing on
soundtrack generation for Tabletop Role-Playing Games
(TRPGs). We introduce Babel Bardo, a system that uses
Large Language Models (LLMs) to transform speech tran-
scriptions into music descriptions for controlling a text-to-
music model. Four versions of Babel Bardo were com-
pared in two TRPG campaigns: a baseline using direct
speech transcriptions, and three LLM-based versions with
varying approaches to music description generation. Eval-
uations considered audio quality, story alignment, and
transition smoothness. Results indicate that detailed mu-
sic descriptions improve audio quality while maintaining
consistency across consecutive descriptions enhances story
alignment and transition smoothness.

1. INTRODUCTION

Recent text-to-audio music generation models such as Mu-
sicLM [1] and MusicGen [2] are capable of producing
high-quality music in the audio domain that aligns with a
given textual description. These models typically generate
music autoregressively by predicting the next token from
a context window, which limits the size of the signal they
can model. While the context size is limited, these mod-
els can generate longer signals by sliding a context win-
dow through time. Regardless of this capability, they have
mainly been evaluated with a fixed prompt and for rela-
tively short music durations. For instance, MusicGen [2]
was evaluated considering 30-second music pieces, each
generated from a single music description. In this paper,
we are interested in evaluating whether text-to-music mod-
els can maintain music quality while generating long music
pieces, where music descriptions change over time.

It is important to evaluate text-to-music models consid-
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Figure 1. At every 30 seconds of gameplay, Babel

Bardo transcribes the players’ speeches into a text s; us-
ing a Speech Recognition system and uses a Large Langue
Model (LLM) to map s; into a music description d; that
matches the scene described by the players. This music
description is given to a Text-to-Music system that gener-
ates a 30-second piece a; directly in the audio domain.

ering long music pieces (greater than 30 seconds, for ex-
ample) because many music production scenarios involve
music durations longer than one can generate with a single
short audio context window (e.g., pop music composition,
jazz improvisation, soundtrack generation). One key prob-
lem of generating long sequences from a small context is
that a model has to split the generation into multiple parts,
ensuring that the independent parts are smoothly connected
in the final composition. Moreover, one might change the
initial prompt at any time step, steering the composition in
a different direction, and the model must consider both the
previous audio context and the new prompt.

In this paper, we investigate long generation with text-
to-audio models in the context of Tabletop Role-Playing
Games (TRPGs). In this scenario, a music generator takes
speech as input and must generate music that matches the
story being told by the players. We chose this problem be-
cause it inherently poses the challenge of long music gen-
eration, where prompts have to change over time to adjust
for different story scenes. We also use TRPGs as a research
object because TRPG players often enhance their gaming
experience by manually selecting songs to play as back-
ground music [3], which allows us to compare the results
of a generator against a human baseline.
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To investigate the capabilities of current text-to-music
models in generating background music for TRPG stories,
we’ve built a system called Babel Bardo, which is inspired
by Bardo Composer [4], a system that generates symbolic
music by transcribing players’ speeches into text and con-
ditioning an autoregressive model with the emotional tone
of this text, as given by an emotion classifier. Different
than Bardo Composer, Babel Bardo composes music di-
rectly in the audio domain by leveraging a Large Language
Model (LLM) to transform the speech transcriptions into
music descriptions every 30 seconds of gameplay. These
descriptions are then given to a text-to-music model to gen-
erate a piece of music for that current moment of the story.
Figure 1 shows an overview of our system. Babel Bardo is
inspired by Hermannl [5], which uses LLMs and text-to-
music models to generate soundtracks for films.

We compared four different versions of Babel Bardo in
two TRPG campaigns played on YouTube: Call of the
Wild (in English) and O Segredo na Ilha (in Brazilian
Portuguese). The first version is our baseline and uses
the speech transcriptions directly as prompts for a text-to-
music model. All other versions use an LLM to transform
the transcriptions into music descriptions. The second one
follows the Bardo Composer approach and applies an LLM
as an emotion classifier. The music description follows a
template that is adjusted based on the emotion given by
the LLM. The remaining two versions use the LLM to pro-
duce a complete music description; however, one generates
a new description for every transcript, while the other can
just continue the previously generated segment if the scene
hasn’t changed.

We evaluated our models according to audio quality,
alignment with the story, and transition smoothness be-
tween transcriptions. Results suggest that while detailed
music descriptions contribute to improved audio quality,
maintaining consistency across consecutive descriptions
helps achieve smoother transitions between musical seg-
ments. Furthermore, our findings indicate that emotion
serves as an effective signal for aligning generated music
with TRPG narratives.

2. RELATED WORKS

This section reviews audio-based text-to-music models and
previous soundtrack generation approaches, focusing on
background music generation for TRPGs.

2.1 Text-to-Music Models

Text-to-music is the task of generating music pieces from
music descriptions in textual format, e.g., “70s punk rock
song with fast tempo”. In recent years, various neural
models have been proposed to solve this problem in the
audio domain [1, 2, 6]. For example, MusicGen [2] is an
autoregressive transformer that operates on quantized au-
dio units produced by the EnCodec [7] audio tokenizer. It
can be conditioned on textual descriptions using various
text encoding methods (e.g., TS [8], FLAN-TS [9], and
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CLAP [10]), or on melodic structures through an unsuper-
vised approach utilizing chromagram information.

MusicLLM [1] is another text-to-music model that ex-
tends AudioLM’s [11] multi-stage autoregressive model-
ing approach by incorporating text conditioning, which is
achieved by leveraging MuLan [12] to project music and
textual descriptions into a shared embedding space. Mofi-
sai [6] employs a two-stage cascading diffusion approach,
where the first stage utilizes a novel diffusion magnitude-
autoencoding (DMAE) technique to train a music encoder
that compresses audio into a reduced representation. In
the second stage, Mofisai implements text-conditioned la-
tent diffusion (TCLD) to generate this reduced represen-
tation while conditioning on textual descriptions, enabling
the model to produce music that corresponds to given text
inputs. Other examples include commercial models such
as Suno [13], Mubert [14], and Riffusion [15].

2.2 Soundtrack Generation

Soundtrack generation has been investigated in different
mediums such as films [5], video games [16], stories [17],
and others. This problem has been mainly studied in the
symbolic domain. For example, Bardo Composer [4] gen-
erates background symbolic music for TRPGs by tran-
scribing the players’ speeches into text at every time step ¢
and feeding these transcriptions to a music classifier. The
emotion given by this classifier is used to condition an au-
toregressive model that generates music by decoding a se-
quence using a variation of Stochastic Beam Search. Ba-
bel Bardo is similar to Bardo Composer because it also
uses transcriptions of players’ speeches to condition the
music generation. However, it generates music in audio
format by conditioning a text-to-music model with a mu-
sic description at every time step ¢, instead of using a music
emotion classifier to condition an autoregressive symbolic
music model.

Another important related work is Herrmann-1 [5],
which combines an LLM and a text-to-music model to
generate background music for movie scenes. Herrmann-
1 uses BLIP2 [18] and CLIP [19] to extract a textual de-
scription and the affective characteristics of the video, re-
spectively. These characteristics are then provided as in-
put to GPT-4 [20], which generates a description of an
appropriate music with the given characteristics. Finally,
the description generated by GPT-4 is passed to Music-
Gen [2], which produces the background music in audio
format. Babel Bardo is similar to Herrmann-1, because it
also employs an LLM to generate music descriptions for
a text-to-music, however, it takes text as input instead of
videos. Moreover, in Babel Bardo, the music descriptions
change over time, whereas Herrmann-1 uses a single de-
scription for each video.

3. BABEL BARDO

In TRPGs, players collaboratively construct a narrative
through iterative cycles of scene descriptions, decision-
making, and action resolutions. The game master presents
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scenarios and environmental details, to which players
respond by declaring their characters’ intended actions.
These actions are then adjudicated using the game’s rule
system, often involving probabilistic elements, with the
outcomes shaping the evolving storyline and informing
subsequent player choices. This process creates an emer-
gent and interactive storytelling experience.

Babel Bardo generates music for a TRPG story by it-
eratively transcribing the players’ speeches into text and
leveraging an LLM to produce a music description that
is given to a text-to-music model, which in turn gener-
ates a piece of music. Formally, a story can be viewed
as a sequence S = {s, S, ..., S, } of transcriptions, where
each transcription s; is a string generated after ¢ seconds of
gameplay. At each time step, Babel Bardo produces a mu-
sic description d; by asking an LLM to generate one that
aligns with the transcript s;. The music description d; is
then given as input to a text-to-music model that realizes
the described music in audio format a;. The text-to-music
model also receives the previously generated audio a;_1
as a conditional input, so it has to generate a music piece
based on the description d; while continuing a;_;. It is im-
portant to highlight that since we are using an LLM to pro-
duce music descriptions, Babel Bardo supports transcripts
s; in any language.

To illustrate our proposed generative pipeline, consider
the transcription s; = “You see a dragon in front of you. A
battle will start!”. Babel Bardo could produce a descrip-
tion d; = "A grand orchestral arrangement with thunder-
ous percussion, epic brass fanfares, and soaring strings.",
which would be used by the text-to-music model together
with the previously generated audio a;_1 to produce the
current audio segment a;.

We evaluate four different approaches to combine an
LLM and a text-to-music model to generate background
music for TRPGs. All of them start with an initial prompt
to condition the LLM with the generation task: “You are
going to receive a series of Role-playing Game (RPG)
video transcript excerpts from players’ dialogues playing
a campaign”. After this initial setup, each model receives
a sequence of transcripts s;, and each approach employs
the LLM in a different way to generate associated music
descriptions d; = LLM (s;).

Babel Bardo - Baseline (B). In this first version, Babel
Bardo does not use the LLM to generate a music descrip-
tion. Instead, it uses the transcription s; directly as a
prompt to the text-to-music model (d; = s;).

Babel Bardo - Emotion (E). This version behaves sim-
ilarly to Bardo Composer and uses the LLM only as an
emotion classifier. It processes the transcription s; with
the following prompt: “Classify each dialogue into one of
the following emotions: Happy, Calm, Agitated, or Sus-
penseful.” The LLM returns an emotion e;, which is used
to adjust the following pre-composed prompt d; = "Back-
ground music for a Role-playing Game (RPG) dialogue,
with the following emotion: e;". We used these four emo-
tions because Bardo Composer [4] also used them.
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J FAD score
TRPG Babel Bardo Human
B E D DC
COTW 9.66 599 6.25 5.82 3.00

OSNI 9.55 6.11 5.63 513 4.18

Table 1. FAD for each Babel Bardo version in COTW
and OSNI in contrast with Human music, i.e., the original
soundtracks used by the player in both these TRPGs.

Babel Bardo - Description (D). In this third version, Ba-
bel Bardo employs the LLM to generate a description
d; = LLM/(s;) with the following prompt: “For each tran-
script excerpt, describe a piece of background music that
matches that excerpt.”

Babel Bardo - Description Continuation (DC). This last
version is similar to the previous one; however, it allows
the LLM to keep the same description d; = d;_; if the
transcription s; is part of the same scene as s;_1. This is
achieved by producing a description d; = LLM (s;) with
the following prompt to the LLM: “Determine whether this
dialogue is from the same scene as the previous dialogue
and based on this determination, either return the previous
music description or generate a new one”. This version is
intended to help Babel Bardo keep a consistent soundtrack
across a given scene by continuing a;_; without changing
the description.

4. EXPERIMENTS AND RESULTS

We evaluate Babel Bardo ! in the task of soundtrack gen-
eration for two different TRPG campaigns: Call of the
Wild (COTW) and O Segredo da Ilha (OSNI). The for-
mer is a Dungeons & Dragons campaign played in Ameri-
can English and the latter is in Brazilian Portuguese. Both
of them were played on YouTube. We used COTW be-
cause it was also used to evaluate Bardo Composer [4].
We’ve also included OSNI to evaluate Babel Bardo’s per-
formance with a Latin American language. COTW is com-
posed of 11 episodes, with a total of 6 hours and 37 min-
utes of gameplay—each episode is approximately 33 min-
utes long. OSNI is composed of 6 episodes, with a total
of 26 hours and 22 minutes of gameplay—each episode is
approximately 4 hours and 20 minutes long.

We measured the performance of Babel Bardo with re-
spect to three objective metrics: audio quality, alignment
with the story, and transition smoothness between tran-
scriptions. Audio quality was measured using Fréchet Au-
dio Distance (FAD) [21], which compares statistics com-
puted on a set of reconstructed music clips to background
statistics computed on a large set of studio-recorded music.
Following the approach of Hermannl [5], we collected 32
hours of high-quality cinematic soundtracks as reference
studio-recorded music. Alignment with the story was cal-

! github.com/FelipeMarra/babel-bardo
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J Mean KL-Divergence J} Mean Transition KLDs
TRPG Babel Bardo TRPG Babel Bardo
B E D DC B E D DC

COTW 4.84£298 3.34+1.89 4.26+2.65 4.23£2.51

COTW 233+2.1 1.33+1.19 2.4142.27 2.19£1.93

OSNI 5.65+3.23 4.16+2.12 4.854+2.62 4.96+2.86

OSNI 2.11+£1.65 1.37+1.05 1.88+1.47 2.09£1.71

Table 2. Mean/Standard Deviation of KLLD for each Babel
Bardo version in both COTW and OSNI.

culated with the Kullback-Leibler Divergence (KLD) with
respect to the original background music of the campaigns.
The transition smoothness was also computed with KLD,
but by comparing the 10 seconds before and after a transi-
tion t;, as shown in Figure 2.

In our experimental setup, we employed the YouTube
API as our Speech Recognition system, extracting the
transcriptions from the TRPG campaigns. We used Ol-
lama 3.1, with 70B parameters, as Babel Bardo’s LLM for
generating the music descriptions. As our text-to-music
model, we used MusicGen [2] large, with 1.3B parame-
ters. For every transcription s;, we generate a 30-second
long audio signal a;, which is the maximum length Music-
Gen supports. We used the VGGish model for computing
FAD scores. We computed the KL-Divergence with the
PaSST [22] classifier, which was pre-trained on the Au-
dioSet dataset [23]. We fine-tuned PaSST on the MTG-
Jamendo dataset [24] to have a model more semantically
suited for soundtrack classification (e.g., mood, genre, in-
strumentation). We fine-tuned PaSST for a single epoch
with a learning rate of 102,

Table 1 presents the FAD audio quality metric for each
Babel Bardo version and the original music from COTW
and OSNI (Human). For each method, the FAD score is
computed by retrieving a 30-minute window starting at the
same random moment in both the reference background
music and the generated one. This window is then split into
30-second segments. The FAD score is calculated between
all generated samples of a method against the set of ref-
erence high-quality soundtracks. Since the lower the FAD
value, the better, Babel Bardo- DC outperformed the other
methods in both COTW and OSNI. These results suggest
that conditioning MusicGen with more detailed music de-
scriptions results in higher audio quality, both in English
and Brazilian Portuguese stories. It is important to high-
light that even though Babel Bardo- DC had a higher audio
quality than the other versions, it is still not as good as pro-
fessional human musical productions.

Table 2 shows the mean and standard deviation of the
KLD story alignment metric for each Babel Bardo version
in both COTW and OSNI. The means were calculated sim-
ilarly to the FAD scores, but with slices of 10-second seg-
ments, since PaSST is limited to this context size. More-
over, each segment in the original background music had a
respective segment in the generated piece. Babel Bardo -
Emotion outperformed all other methods in both COTW
and OSNI. These results indicate that the emotion of the
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Table 3. Mean/Standard Deviation of transition KLD for
each Babel Bardo version in both both COTW and OSNI.

story is a strong signal for aligning music with TRPG sto-
ries. The lower performance of Babel Bardo - C and Babel
Bardo - DC is probably because Ollama can generate de-
scriptions that trigger high-quality audio but do not neces-
sarily align well with the story.

Table 3 shows the mean and standard deviation of
the KLD transition smoothness metric for each Babel
Bardo version in both COTW and OSNI. These means
were computed as in the previous metric, but comparing
10-second segments before and after a transition point ;.
Babel Bardo - Emotion outperforms all other methods in
both COTW and OSNI. These results suggest that keeping
a consistent music description d; with very little change
over time (i.e., d; = d;_1) helps MusicGen create smooth
transitions between generated audio clips a;. One reason
for these results might be that when the music description
d; is similar to d;_1, MusicGen focuses more on condi-
tioning the new audio sample a; to the previous audio a;_1
than to the new description d;.
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Figure 2. The transition KLD is computed between the 10
seconds before and after every transition moment ¢;.

5. CONCLUSION AND FUTURE WORK

This paper presented Babel Bardo, a system that combines
an LLM and a text-to-music model to generate background
music for tabletop role-playing games. Our goal with Ba-
bel Bardo was to evaluate the performance of text-to-music
models in long-generation tasks. We’ve presented four dif-
ferent versions of the system and evaluated them in two
TRPG campaigns, one in English and another in Brazil-
ian Portuguese. Results showed that while detailed mu-
sic descriptions help improve audio quality, it is important
to maintain consistency across consecutive descriptions to
have smoother transitions. Moreover, emotion is a strong
signal for generating soundtracks for TRPGs.

As future work, we plan to investigate how to maintain
the consistency of the generated music over time while still
using detailed music descriptions. Moreover, we will con-
duct user studies to evaluate the quality of the generated
music with subjective metrics.
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