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ABSTRACT

The study of the similarity matrix of a song has been a particularly efficient tech-
nique to characterize song structures. This method transforms a song into a matrix
representing the proximity between its different sections and is usually used to auto-
matically detect structural properties such as its verse, its chorus, its tempo, etc. In
this paper, these matrix representations are used not to study the inherent structure
of a song, but to compare them with each other. This allows to create a metric on
songs related to their pattern matrices, on which statistical tools can be applied.
This metric is used to create groups of songs with similar structures and leads to
interesting observations on patterns commonly used by certain artists, for certain
years, and in certain genres. Moreover, this approach also unveils structures used
across different features, such as songs from different decades and genres. Finally,
this metric on songs is evaluated on classification tasks and shows that its interest
lies in its ability to highlight specific behaviours rather than general trends.
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1. Introduction

The study of the structure of music is an enduring question that has been addressed
in many ways in Music Information Retrieval (MIR) research. A common approach
consists of grouping songs according to some dimension, such as genre and year, before
analysing repetitions and common patterns in their composition [Simms, 1996]. This
technique usually requires an in-depth analysis and annotation of the songs using music
theory; examples of this technique can be found in [de Clercq, 2012, de Clercq, 2017],
with the analysis of the structure of rock songs, in [Epstein, 1986], where the struc-
ture of a specific song is being decomposed, or in [Osborn, 2013], where a general
structure is highlighted and corresponding songs are analysed and given as exam-
ples. An alternative approach is using mathematical models to analyse song struc-
tures [Harkleroad, 2006]. The appeal of mathematical modelling is the potential of
highlighting hidden properties that human-based approaches cannot find [Cope, 2009].

When analysing song structures, a common task is the identification of sections
within a song. These sections can appear at different levels: local short motifs, verse
and chorus, or movements. To solve this task, an early method consists of separating
songs into distinct sections by identifying boundary points [Ullrich et al., 2014]. Since
then, new methods have used unsupervised learning applied on sections at various lev-
els of the songs [Buisson et al., 2022] or combined the identification of sections with
other characterisation tools, such as pre-existing classifications or pre-implemented
auto-tagging models, to extract features of the songs [Salamon et al., 2021,
Wang et al., 2021]. A recent line of work [Wang et al., 2022a, Wang et al., 2022b] has
also been focused on describing the sections of a song by using a time-function which,
for every timestamp of the song, provides one of seven possible categories (intro,
verse, chorus, bridge, outro, instrumental, and silence). We refer to [Nieto et al., 2020]
for a survey on section analysis within songs. Finally, it is worth mentioning the
recent development of a structure extracting method applied to symbolic music
scores [Jiang et al., 2022], where the authors use neural networks to create multi-level
groups (such as singleton, pairs, and quadruplets) of bars and help annotate music
scores.

One common approach to analyse music structure which shows promising results is
to use 2-dimensional similarity matrices to represent songs [Foote, 1999]. This method
is based on transforming a song into a matrix, whose entries correspond to the similar-
ities between the different parts of the song. To compute these matrices, the authors
usually use audio files and transform them into sequences of frequencies; they then
compare the frequencies between the different frames to compute the similarity matrix.
The most common task performed using these matrices is the decomposition of songs
into sections [Bartsch and Wakefield, 2001, Bartsch and Wakefield, 2005, Foote, 1999,
Foote, 2000, Paulus and Klapuri, 2006, Paulus and Klapuri, 2009]; however, they can
also be used to extract information from the song [Foote and Uchihashi, 2001], such
as the tempo, or to distinguish the different signals in the song [Rafii and Pardo, 2011,
Rafii and Pardo, 2012], such as background and foreground voices. Similarity matri-
ces have also recently been used to quickly identify different versions of the same
song [Silva et al., 2018]. It is worth noting that, although [Jiang et al., 2022] studies
the structure of songs using symbolic music scores, and similarity matrices are stan-
dard in the analysis of song structure, the combination of these two ideas has not been
done so far.

Since the method described in this article defines and studies a similarity met-
ric on songs, it is worthwhile to compare it with other song clustering techniques.



While there exists a rich literature on defining a measure of similarity for songs,
most of them are based either on a harmonic analysis [Eerola et al., 2001], on
a motive analysis [Cambouropoulos and Widmer, 2000], or a combination of the
two [Pienimiki and Lemstrom, 2004]. These methods can then be further combined
with efficient melodic analysis tools, but none of them base their similarity distances,
and hence their resulting clusters, on overall song structures.

The study presented in this paper is based on the use of similarity matrices with
two novel approaches. First, songs are analyzed not using a music file, but with a
direct digital notation score of the music, using partitions of the different instruments.
This allows a direct comparison of patterns in the song and could open the door
to more complex analysis, for example by combining our method with other tools
analysing similarities between chords. Second, the resulting similarity matrices are
not used to analyse the structure of a specific song but to make a comparison between
each other, calculating the distance on songs based on their patterns. This allows the
characterization of groups of songs with similar structures and highlights common
patterns which may arise by artist, years, or genres.

In order to conduct a statistical analysis of patterns of songs based on their digital
notation score, a large dataset of songs in that format was required. For this reason,
this article and the code provided hereby also contain a new dataset of 4166 popular
songs in a digital notation score format (GuitarPro format [Guitar Pro, ]), along with
a set of 6 features for each song, further described below. This dataset and some further
information are available on GitHub [Corsini, |.

2-dimensional representation of songs

Consider a song whose structure falls into the typical verse-chorus-verse-chorus-solo-
chorus progression. If comparing the different sections of the song, one could see that
the verses and chorus repeat themselves. Moreover, if possible to quantify the difference
between the sections, one could see that the solo is likely to be more di erent than the
verses and the chorus. Representing these observations into a 2-dimensional matrix
whose entries correspond to the general similarity between sections, something similar
to Figure 1 would be obtained. Now, this representation is not strongly dependent
on the song in terms of notes, chords, or tempo, but rather on its general structure,
making it a useful tool to compare songs based on their pattern structure.

The previous analysis and example use a rather simple approach to divide a song
into large sub-sections: verse, chorus, solo, etc. By doing a finer level of analysis, one
could hope to highlight these macroscopic behaviours, as well as finer sub-patterns.
Overall, the level at which the analysis is done can greatly influence the appearance of
the results. In this study, since the representation is obtained from standard musical
notation scores, a common subdivision is the bar length. The types of results and
figures obtained in this study are summarized in Figure 2, which transforms the song
Beat It by Michael Jackson into a 2-dimensional matrix where each entry de-
scribes the similarity between the bars of the song. Observe that the diagonal (top-left
to bottom-right) is white since it corresponds to the similarity between the same two
bars.

An important property for representing songs into matrices is that it is possible
to transform abstract objects (songs) into mathematical objects (matrices), for which
standard analysis techniques can be applied. This study uses this observation to define
a distance D on songs based on their pattern structure. This distance is meant to
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Figure 1. A possible depiction of a song with the structure verse-chorus-verse-chorus-solo-chorus. White
means that the two sections are the same, dark means that they are very different, and a scale of blue is
used to interpolate in-between. In most songs, the solo is very different from the rest of the songs, whereas
the difference between the verse and the chorus is not as significant. This representation only depends on the
structure of the song and not on its notes, tempo, or genre.

express the similarity of patterns between different songs. Using D, it becomes possible
to identify groups of songs with similar structures.

Having defined D, this study will next extrapolate the statistical properties of song
patterns. In particular, the following questions will be addressed.

Given a song feature, such as year, genre or artist, do there exist specific feature
values with a common pattern structure? Given a feature, what are the feature
values with the least variability in pattern structures?

Given a group of songs with similar patterns, does there exist a corresponding
feature value? Does this group correspond to a specific category of songs?

Finally, this study concludes with an analysis of the ability of D to classify songs
based on their features. In particular, we will see that the results obtained in the pre-
vious section seem to correspond to specific (yet interesting) cases of song similarities,
but that the metric D does not encapsulate further properties of the general feature
space of songs and thus provides poor results on classification tasks. This then con-
firms the goal of this tool and the method developed here: it highlights outliers and
extreme behaviours while being, on average, rather uncorrelated with the features of
the songs.

Methodology

This study aims to better understand the pattern structure of popular music, i.e. songs
that at any point reached the Billboard Hot 100 chart [Billboard, |. To compute the
pattern matrices, all songs were used in the form of Guitar Pro files, which contain a
wide range of information on the song, such as key signature, chords, tempo, standard
notation scores and tablatures, etc; we provide more details on the transformation
of standard music notations into similarity matrices in Section 2 and we refer to the
official Guitar Pro website [Guitar Pro, | as well as the Python library used in this
work [Abakumov, | for more information on the characteristic of the format of files
used here. On top of the Guitar Pro file, each song is defined by 6 features:

(1) artist: the artist of the song.
(2) title: the title of the song.



Figure 2. The representation of the song Michael Jackson - Beat It and its structure decomposition.
The song can be read in two directions: from left to right or from top to bottom, each square representing
the similarity between two bars (see Section 2 for the precise de nition of the matrix and Section 3 for its
re-normalization). Lighter squares correspond to smaller entries in the pattern matrix and darker squares
correspond to larger entries, making the di erent sections of the song visible from the variation of shades.

(3) year: the rst year the song appeared on the chart.
(4) decade the decade corresponding to the featureyear.
(5) genre: the genre(s) of the song.

(6) type: types of genre, obtained from the featuregenre.

The reason for considering the year and decade of rst appearance on the chart rather
than the actual release date is to focus on the evolution of patterns through popular
taste, rather than when the songs were actually written and produced. The last feature,
type, corresponds to general genres likerock', “pop', or “hip hop', as well as genre
adjectives, such asexperimental', “classical, or “psychedelic! The full list can be found
in [Corsini, ] in the le dataset/types.json , while the 10 types corresponding to the
most genres can be found in Table A3; this table can give an idea of what the values
of the feature genre and type look like.

Dataset

For this article, a new dataset of 4166 songs in their symbolic music scores format
along with the 6 previously described features was created. The dataset was collected
using the Billboard Hot weekly charts dataset [Miller, ], which includes the rst four
features. A program [Corsini, ] went through the songs of this dataset and collected
the available Guitar Pro les online (exploring [Ultimate Guitar, ]). The genre feature
was computed by searching for the song properties oiWikipedia [Wikipedia, ] and
the type feature was generated using theyenre feature. For more details on how the



feature values oftype were generated, or about this dataset in general, see Appendix A
or [Corsini, ].

Throughout this process, a lot of automation was used and this dataset may contain
noise from any of the following steps:

Errors in the original Billboard Hot dataset.

Wrong song downloaded.

Bad Guitarpro le: fewer instruments, only partial song coverage, not the original
version, and mistakes in the writing process.

Mismatched genres.

For each such step, human-based controls were put in place to reduce noise. Among
these steps, the one which was the most di cult to control was the third step, related

to the direct quality of the les. However, this type of noise should only concern a
small portion of songs and will not strongly in uence the analysis and the results.

2. The pattern similarity matrix

Let S be a song divided into its ordered sequence dfbars: S = (By)1 k b *. The pat-
tern similarity matrix P (or simply pattern matrix ) is obtained by de ning a distance
dpar ON bars, used as the entries oP:

Pk, = dpar(Bk;B):

If the song is composed of di erent instruments, the pattern matrix will be computed
by summing the contributions of the di erent instruments:
X , .
Pk, = dbar B(I)§B‘(I) ;
i2Ins(S)

where Ins (S) is the set of instruments of S and Bl((i) is the k-th bar of instrument i.

Distance of similarity on bars

In order to de ne dyar, bars need to be transformed. The choice of transformation is
to consider them as vectors of sizes, where s is the number of time subdivisions in
the bar. In other words, a bar B is de ned as a sequencd3 = (N¢)1 ¢ s where each
elementN; corresponds to the note whose onset is at timég, and s corresponds to the
product of the smallest note length (from the whole song) and the ratio of the bar
time signature. An example of such representation can be found in Figure 3, using the
main ri of Seven Nation Army by White Stripes

Let B=(N{)1 + sand B =(Ny)1 s be two bars. A de nition for dyg is to count
the number of di erences betweenB and B:

X
dpar (B; B) = (N¢; N 5
1ts

1 It is worth noting that the bar decomposition is not unique; for example, one bar of 4 =4 can also be seen
as two bars of 2=4. This could be a problem if the le is poorly written and/or if the songs are composed of
complex meters, but is mostly irrelevant in the case of popular music, usually encoded by a standard 4 =4 time
signature.



Figure 3. The representation of the four bars ( B1;B2;B3;Ba) into four vectors of size s = 16. This choice
for s follows from the smallest subdivision being a sixteenth note (due to the dotted eighth note) and the bars
having a time signature of 4 =4, meaning that there is at most 16 4=4 = 16 notes in each bar. For each time
t 2f1;:::;16g, the entry t of the vector corresponds to the onset of the note being played at time t, and is
empty otherwise. A special letter, R, is used for a rest.

where

8
< 0 if N and N are the same
(N;N)=_ 1 ifexactlyone ofN and N is empty
2 otherwise:

The reason for this de nition of dy;; and is that, each time the onset of a note
is being played in one of the two bars, it adds one to their distance, except if the
same note is being played at the same time in the other bar. From this de nition,

of notes per bar.

In the de nition of dyar, it is assumed that the two bars have the same sizs. This
does not necessarily follow from the previous de nition ofs, but can be obtained by
normalizing the two bars using the smallest note subdivision and the longest time
signature ratio. With this de nition, if the two bars have di erent time signatures,
then the matrix representation of the bar with a smaller time signature ratio has
empty entries past the last time of the bar. This makes every note played at the end
of the other bar count as one in the distancedy,,. We provide an example of the
computation of dy,r for two bars with di erent time signatures in Figure 4.

Figure 4. An example of two bars with di erent time signatures. If computing dpar for this pair of bars, the
result would be 1 since the rst four notes are the same and the last note of the second bar corresponds to a
time which does not exist in the rst bar. This choice comes from the fact that longer bars are usually used

to extend a previous pattern (and similarly, shorter bars are usually used to reduce a previous pattern). This
choice, however, does not have a signi cant e ect on the results since most of the songs considered here have
a classical 4=4 time signatures.

To further illustrate how dp,, is computed, we provide in Appendix B a few special
cases: when the two bars have di erent time signatures, how rests are dealt with, and
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