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ABSTRACT

This late-breaking demo explores the potential for topic
models to discover scale systems in triadic corpora repre-
senting both the common-practice and popular music tra-
ditions.

1. INTRODUCTION

Triadic corpora associated with common-practice music
typically include annotations for both key and mode, but
those associated with popular music generally eschew
modal or other scalar annotations due to the difficulty of
the task [1, 2]. As a result, recent attempts to model var-
ious aspects of harmonic organization in popular music
necessarily conflate several scale systems [3, 4]. Never-
theless, several music-analytic studies over the last few
decades have explored recurrent modal and pentatonic pro-
gressions in popular music using close-reading methodolo-
gies (e.g., [5, 6]). Studies examining the aeolian cadence,
♭VI-♭VII-i, and the double-plagal cadence, ♭VII-IV-I, pro-
vide two obvious examples (e.g., [5, 7]). How, then, might
we identify the scale systems reflected in these harmonic
progressions using computational methods?

This late-breaking demo explores the potential for
topic models from natural language processing to discover
the scale systems reflected in harmonic annotations from
common-practice and popular music corpora. To that end,
Section 2 describes the Latent Dirichlet allocation (LDA)
architecture. Section 3 evaluates the performance of LDA
as an unsupervised classifier for major- and minor-mode
excerpts in common-practice music, and then explores the
topics identified in a corpus of contemporary popular mu-
sic using the same model pipeline. Finally, Section 4 offers
avenues for future research.

2. TOPIC MODELS

Topic models attempt to derive thematic topics from a col-
lection of text documents, of which LDA is perhaps the
most well-known example [8]. Space limitations preclude
a formal description of the method, but in short, LDA is a
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Data set Npieces Nexcerpts Style

ABC 70 473 CP
BCMH 100 408 CP
TAVERN 27 119 CP
McGill Billboard 738 NA popular
RollingStone-200 200 NA popular

Note. CP = common-practice.

Table 1. Data sets and descriptive statistics for the corpus.

generative probabilistic model that represents each docu-
ment D as a mixture of latent topics θ1, ..., θD, and each
topic K as a mixture of words φ1, ..., φK . LDA then
models each topic-word distribution using a sparse Dirich-
let prior based on the assumption that only a small set of
words have high probability. For our purposes, the appeal
of LDA is thus that it might analogously model a collection
of harmonic annotations as a mixture of underlying scale
systems, and each scale system as a mixture of chords. In
this way, a piece could reflect a mixture of scale systems
resulting from tonicizations, modulations, modal mixture,
and the like.
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Figure 1. Bar plots of the scale-degree content reflected in
the top 20 chords from each topic in the common-practice
corpus.
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Figure 2. Bar plots of the scale-degree content reflected in the top 20 chords from each topic in the popular corpus.

3. EXPERIMENTS

3.1 Corpora & Evaluation

Table 1 provides descriptive statistics for the data sets in
this study. The common-practice corpus (N=197) consists
of three data sets of Roman numeral annotations: the An-
notated Beethoven Corpus (ABC) [9], the Bach Melody-
Harmony Corpus (BCMH) [10], and the Theme and Vari-
ation Encodings with Roman Numerals (TAVERN) data
set [11]. To effectively model chord symbols reflecting
the major and minor modes, each piece was additionally
divided into shorter excerpts based on annotated changes
in mode (N=1000). The popular music corpus (N=938)
consists of two data sets of chord annotations: the Rolling
Stone Corpus (RS-200) [2], and the McGill Billboard data
set [1]. 1

To assess model performance, each corpus was divided
into a 50/50 train/test split stratified by data set, with the
train split used to identify the number of topics K based
on estimates of model perplexity [12]. 2 Classification per-
formance for the common-practice corpus was then esti-

CP Popular
Major Minor Mixolydian Major Aeolian

I i I I i
V V IV ii7 ♭VII
V7 V7 V vi7 ♭VI
I6 i6 Id7 ii7 ♭III
IV iv vi iii i7

V(64) V(64) V7 V7 Ip

V6
5 V6 IVd7 vi7 iv

V6
5 iv6 VI64 iii7 v

V4
2 ♭VI ii IM7 iv7

vi V6
5 ♭VII I6 v7

Note. CP = common-practice. d7 = dominant seventh; M7 = major
seventh; p = power chord (i.e., with missing fifth).

Table 2. Top 10 chords for topics from each model.
1 Due to differences in the encoding schemes across data sets, we

converted the chord symbols from each data set into a single, standard
Roman numeral representation scheme (for further details, see [3]).

2 Perplexity was measured for between 1 and 10 topics using 10-fold
cross-validation within the train split, again stratified by data set. The
highest Ki was selected that significantly differed from Ki−1 using a
two-sample t-test with Bonferroni correction.

mated using the weighted F1-measure. 3 Finally, to iden-
tify the underlying scale system, topic model scores were
assigned to the chord members from the top 20 chords in
each topic. These scores were then weighted based on each
chord member’s role within the chord (root, bass, other)
in order to maximize the resulting scale-degree distribu-
tion’s correlation with the corresponding goodness-of-fit
key profile [13]. 4

3.2 Results

LDA produced two topics that significantly reduced model
perplexity for the common-practice corpus (p = .016).
Classification based on topic assignment also produced a
weighted F1 estimate of .929. Shown in Figure 1, the opti-
mized weights for the top 20 chords from both topics were
significantly correlated to the corresponding goodness-of-
fit key profiles (optimized weights: major – root = .02; bass
= .92, other = .06; minor – root = .02; bass = .84, other =
.14). For both modes, privileging the bass voice in the final
scale-degree distribution maximized the correlation coeffi-
cient.

LDA produced three topics that significantly reduced
model perplexity for the popular corpus (p = .047). Shown
in Figure 2 and Table 2, the top 20 chords from topic 1
are primarily triadic and reflect scale-degree content from
the mixolydian mode (e.g., Id7 and ♭VII). By comparison,
topic 2 features diatonic seventh chords and scale-degree
content from the major (or ionian) mode. Finally, topic 3
clearly represents the aeolian mode, but may also reflect
harmonies associated with (minor) pentatonic scales [5].

4. CONCLUSION

Future research could refine the current approach by ex-
ploring coherence measures for the estimated LDA topics
(e.g., UMass), or by examining other hyperparameter set-
tings (i.e., α and β). Nevertheless, given the success of the
model architecture employed here, topic modeling may be
an essential first step in future studies of triadic harmony.

3 Since LDA outputs a probability distribution over topics for each
excerpt, excerpts in the test split were assigned the topic label that re-
ceived the highest probability estimate in the distribution.

4 Code is available for download at https://github.com/
PeARL-laboratory/ScalesinPop
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