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Abstract
Making sense of a musical excerpt is an acquired skill that depends on previous musical experience. Having acquired famil-

iarity with different types of chords, a listener can distinguish tones in a musical texture that outline these chords (i.e.,

chord tones) from ornamental tones such as neighbor or passing notes that elaborate the chord tones. However, music-

theoretical definitions of chord types usually only mention chord tones, excluding typical figurations. The aim of this pro-

ject is to investigate (i) how knowledge about (chord-specific) figurations can be incorporated into characterizations of

chord types and (ii) how these characterizations can be acquired by the listener. To this end, we develop a computational

model of chord types that distinguishes chord tones and “figuration tones” and can be learned using Bayesian inference

following methods in computational cognitive science. This model is trained on two datasets using Bayesian variational

inference, comprising scores of Western classical and popular music, respectively, and containing harmonic annotations

as well as heuristically determined note-type labels. We find that the proposed characterization of chords is indeed learn-

able and the specific inferred profiles match previous music-theoretic accounts. In addition, we can observe patterns in

the use of figuration, such as the distribution of figuration tones being related to the diatonic contexts in which chords

appear and chord types differing in their predisposition to generate non-chord tones. Moreover, the differences in

figuration distributions between the two corpora indicate style-specific peculiarities in the role and usage of figurations.

The different patterns of typical figuration tones for specific chord types indicate that harmony and figuration are not

independent.
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Introduction
Listening to, performing, or thinking about music gives rise
to a wide array of experiences that range from basic acous-
tic effects such as roughness, to cognitive aspects such as
expectation and interpretation, to high-level cultural and
social phenomena such as reference and emotional associa-
tion. One such set of experiences arises from the need to
make sense of the auditory input. In general, making
sense of a perceptual input, that is, relating it to known cat-
egories and finding an explanation for how it came about, is
a central task of a cognitive system (Chater et al., 2006;
Kersten et al., 2004). Music is no exception: When a
listener is presented with a musical input, obtaining an
interpretation of this input (consciously or intuitively) is

crucial for the listener’s experience. This includes a wide
range of properties that are not directly represented on the
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musical surface, such as key and meter of a piece (Albrecht
& Shanahan, 2013; Temperley, 2007b), its internal struc-
ture (Abdallah et al., 2016; Herff et al., 2021; Lerdahl &
Jackendoff, 1983; Pearce & Wiggins, 2012; Sears et al.,
2018; White & Quinn, 2018), or even the properties of
underlying musical spaces (Harasim et al., 2021; Hu &
Saul, 2009; Tymoczko, 2011).

One aspect of musical structure that is important for many
styles of Western music is harmony (Aldwell et al., 2011),
that is, the organization of pitches into vertical sonorities
and the succession of these sonorities. Interpreting a
segment of music harmonically consists of matching the
notes observed in the segment with a set of prototypical pitch-
class configurations (chord types).1 The repertoire of chord
types is generally style-specific (although some chord types
can be shared across several styles), and, as such, must be
obtained through some form of learning (Pearce, 2018;
Rohrmeier & Rebuschat, 2012; Tillmann et al., 2000).

Western music theory generally characterizes chord
types through a set of pitch classes (the chord tones, CT)
relative to a reference pitch class, the root (Aldwell et al.,
2011). However, musical segments that instantiate these
chord types usually contain non-chord tones (NCT) as
well as chord tones, which often result from figuration of
the chord tones through, for example, suspensions, neigh-
bor notes, or passing notes (Aldwell et al., 2011).
Figure 1a, for example, shows a dominant-seventh chord
on B resolving to an E minor chord. In addition to the
chord tones (B, D♯, F♯, and A), the musical surface contains
the notes E and C♯, which can be interpreted as a suspen-
sion (the first E), and two neighbor notes (the second E
and the C♯). Harmonic interpretations are often ambiguous.
For example, the B7 chord could also be interpreted as a B
major triad, which would make the A another non-chord
tone, a passing note.

The figurations used to elaborate a chord can be specific
to the chord type: A fourth suspension (Figure 1b), for
example, is more typical for some chord types (e.g.,
major, minor, or dominant-seventh chords) than others
(e.g., augmented triads). However, the precise mechanism
through which figuration tones are selected is subject to
debate and might be different between styles. For
example, neighbor and passing notes in Western classical
music are usually (though not necessarily) related to the
local diatonic context in which a chord appears (Aldwell
et al., 2011). On the other hand, chord-scale theory pro-
poses a more direct relation between individual chords
and the note material that is used, for example, to improvise
over that chord (Levine, 2011; Nettles & Graf, 1997). The
model presented here thus avoids making assumptions
about the choice of figuration tones and aims to shed light
on this question through quantitative evidence.

Consequently, this study addresses the following ques-
tions: How can a listener represent information about
chord types (with both their chord tones and their typical
figuration tones) in a way that they can be linked with the
musical surface (i.e., segments of notes)? How can these

representations be learned from observations? What
would these representations look like when obtained from
real-world data? To this end, a computational model of
chord-type representations is proposed, together with a
learning process that simulates an ideal learner. We investi-
gate the concrete chord types obtained from applying this
model to specific musical corpora, what are typical figura-
tion tones, and how figuration differs between chord types.

We address these questions using Bayesian modeling
(MacKay, 2003), which is an established framework for
the computational-level description of cognitive tasks
(Chater et al., 2006) such as reasoning (Griffiths &
Tenenbaum, 2006; Jaynes, 1988; Oaksford & Chater,
2018), perception (Kersten et al., 2004), and learning
(Gopnik & Bonawitz, 2015; Ullman & Tenenbaum,
2020). It combines a generic inference scheme with a
problem-specific model – a characterization of the relation-
ship between known (observed) and unknown (latent) enti-
ties in the form of a probability distribution. Often, this
relationship is expressed as a generative process by which
the observed entities are “generated” based on the latent enti-
ties. This perspective is useful when the latent entities cause
or explain the observations, which in particular applies to
harmonic types: A harmonic interpretation “explains” the
notes observed in the musical input as either chord tones
of a chord or as figurations. It should be noted that the gen-
erative process is not a model of the compositional process
but rather of the listener’s presumed perspective on the rela-
tion between harmonies and notes. Inference and learning in
the Bayesian framework amount to computing the posterior
distribution over the latent variables. In the present study,
information of the chord instances (notes, chord label, and
the role of each note) are assumed to be (mostly) known,
while the characteristics of each chord type are unknown
and must be learned from these instances.

In addition to the relation to cognitive theory, Bayesian
models have a number of advantages for theory-oriented
corpus research. Bayesian models are very explicit and
can often be derived directly from a set of modeling
assumptions. On the one hand, this makes the variables of
the model interpretable in terms of the model’s domain,
in contrast to implicit models such as neural networks.
This interpretability is exemplified in the Results and
Discussion sections, where the posterior distributions are
directly discussed in musical terms. On the other hand,
the Bayesian approach forces the researcher to be explicit
about the relations between observed data and the “quanti-
ties of interest” for the problem at hand. This facilitates dis-
cussion, criticism, and comparison of proposed models and
can highlight strengths and limitations more directly than a
traditional approach based on operationalization: a model
itself can be considered a step toward a more refined
theory, not just the results that it produces.

Since the present study investigates the typicality of dif-
ferent figuration tones for different chord types, the model
presented here (a) allows figuration tones to have different
weights (i.e., degrees of typicality), and (b) separates the
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notion of figuration tone and non-chord tone. The latter is
important to capture the situation where a note is a
nominal chord tone (“by name,” that is, its pitch class is
part of the conventional music-theoretical chord type), but
actually results from a figuration in this specific context.
For example, in a dominant-seventh chord, both the
minor 7th and the octave are nominal chord tones and can
occur as such in a score. However, both can also appear
as a neighbor note of the other, and the 7th can even
occur as a passing note that leads into the next chord. The
resulting model thus consists of two independent tone pro-
files (Figure 2) – one for chord tones (generating notes that
are intended to be perceived as part of a chord) and one for
figuration tones (generating notes that are not intended to be
part of the chord) – and each pitch class can have weight in
both profiles. As a consequence, the model does not make
any assumptions about the internal structure of either the
chord tones or the figuration tones (e.g., stacking of
thirds). The relevance of a pitch class for a given chord
type is entirely determined by the data.

Related Work
The model of chord types presented in this study is based on
tone profiles. Tone profiles have a long history in music
psychology as representations of listeners’ knowledge
about abstract tonal hierarchies. Originally established in
the probe-tone experiments performed by Krumhansl and
Kessler (1982), tone profiles have since been used to
describe tonal hierarchies in a variety of styles and tradi-
tions, including jazz scales (Jarvinen, 1995), North Indian
rāgas (Castellano et al., 1984; Finkensiep et al., 2019),
Turkish makams (Gedik & Bozkurt, 2010), and Western
classical and rock music (Vuvan & Hughes, 2021). Tone
profiles are known to reflect the distribution of pitch
classes in pieces and corpora (Huron, 2006; Krumhansl,
1990; Temperley & Marvin, 2008) and have therefore
found computational applications in key finding algorithms
based on template matching (Albrecht & Shanahan, 2013;
Bellmann, 2006; Krumhansl, 1990; Temperley, 1999) or

generative probabilistic models (Temperley, 2002).
Probabilistic models have also been used to infer tone pro-
files in an unsupervised fashion (Harasim et al., 2021; Hu &
Saul, 2009; Moss & Rohrmeier, 2021), simulating how a
listener can learn to distinguish different modes based on
statistical observations alone. Corpus studies have used dis-
tributional tone profiles to investigate the relation between
tonal and metrical hierarchies (Prince & Schmuckler,
2014), the development of major–minor tonality (Albrecht
& Huron, 2014; Harasim et al., 2021), and the transposabil-
ity of tone profiles (Quinn & White, 2017).

In the present paper, the concept of tone profiles is used
to represent knowledge about the tonal structure of chord
types rather than modes, which has precedents in music
psychology (Parncutt et al., 2019) as well as computational
models. Chord-type profiles are a common technique for
chord identification from audio (Demirel et al., 2019;
Fujishima, 1999; Lee, 2006; Oudre et al., 2009), but are
also used in symbolic chord-labeling models (Koops

Figure 1. Examples of figuration in chords. a) A cadence from J. S. Bach’s chorale “Christ lag in Todesbanden” (BWV 278, m. 4). The

dominant chord B7 contains a number of figuration tones (marked in red), including a suspension and two neighbor notes. The 7th of

the chord could also be argued to be a figuration (passing note) of a B major triad. b) A suspended 4th is a typical figuration in some

chord types such as major and minor triads (here Em and B). In other chord types, such as augmented chords (D+), it is less common.

Figure 2. A schematic example of a chord type (a

dominant-seventh chord) as represented in the model. The

chord-tone profile (blue) gives a high weight to the nominal chord

tones (root= P1, P5, M3, m7). The figuration-tone profile

(orange) gives a high weight to pitch classes that are used for

figurations (P4, M2, M6, but also m7 and P1). The x-axis is
arranged according to the line of fifths around the root (P1).

Finkensiep et al. 3



et al., 2020; Temperley, 2009). In a cadence classification
task, Duane and Jakubowski (2018) have used tone profiles
as features that implicitly capture harmonic function and
melodic patterns.

The relationship between chord tones and non-chord
tones is usually not modeled using tone profiles but rather
through a number of properties derived from theoretical
accounts, such as metrical position, duration, and melodic
context. Chuan and Chew (2011) and Hu and Arthur
(2021) have developed NCT-identification algorithms for
melodies that integrate such features using decision trees
and logistic regression, respectively. Ju et al. (2017) use a
neural network-based black-box approach with similar
input features to identify NCTs in homophonic textures.
Several chord-labeling systems have been developed that
incorporate some form of NCT treatment based on a com-
bination of the preceding features and theory-derived
models of chord membership, which is either directly
based on triads (Raphael & Stoddard, 2004; Rhodes et al.,
2009) or on some form of third stacking (Mearns, 2013;
Sapp, 2007; Temperley, 1997). Some of these models
allow the weights of different pitch classes in a chord to
be learned, to some extent. For example, Rhodes et al.
(2009) use a generative probabilistic model of pitch-class
proportions that first decides the proportion of CTs vs.
NCTs (drawn from a Beta distribution) and then assigns
the proportion of root, third, and fifth within the CTs
(from a Dirichlet distribution). It thus resembles our
model in that it contains an explicit decision to generate
NCTs. However, all of the preceding models make assump-
tions about the possible structures of chords (either as fixed
triads/seventh chords or as stacks of thirds), and all of them
assume figurations to be nominal NCTs (i.e., simply the
negative of CTs) and to be equally important or likely.

Method

Bayesian Modeling
The computational experiments performed in this paper are
based on a Bayesian model of harmonic prototypes and
their surface realizations. Bayesian modeling (MacKay,
2003) distinguishes between entities that are observed
(observed variables, in this case the surface realizations

of chords, or generally the data) and entities or quantities
that give rise to these observations but cannot be observed
themselves (latent variables, here the chord prototypes and
their profiles). The goal of Bayesian inference then is to
draw conclusions about the set of latent variables from
the observed variables through the rules of probability
theory. This requires two further ingredients: (a) an
account of how the latent variables influence the observa-
tions, and (b) a quantification of the prior knowledge or
beliefs about the latent variables. The relation between
latent and observed variables is usually described as a gen-
erative process, that is, a sequence of computations and
(probabilistic) decisions that could have produced the
values of the observed variables based on the latent vari-
ables. Mathematically, this process can be summarized as
the probability distribution of the observed variables
given the latent variables p(observed ∣ latent). The prior
beliefs about the latent variables are also characterized
through a probability distribution p(latent) that indicates
the degree of belief that the latent variable have particular
values. In the context of this study, we are mostly interested
in the conclusions that can be drawn from the data and
therefore choose uninformative priors over the latent
variables.

Making inferences then amounts to computing the pos-
terior distribution p(latent ∣ observed) that quantifies the
knowledge about the values of the latent variables
knowing the values of the observed variables. This is
done according to the theorem of Bayes using

p(latent ∣ observed) ∝ p(observed ∣ latent) · p(latent). (1)

In the present case, this means that we infer what to believe
about the properties of different chord types (latent) given
the chord realizations we observe in a corpus.

Model
Adopting the Bayesian framework, this article presents a
minimal probabilistic model that links surface notes, their
harmonic interpretations, and the properties of chord
types, and in particular encodes an explicit distinction
between chord tones and figuration tones. The structure of
the model is based on the following assumptions:

1. Chord types are generally characterized through
their pitch-class content, relative to the root of the
chord. Chord types can feature arbitrary pitch-class
combinations that need not be based on stacks of
thirds, and pitch classes can have different degrees
of importance for the chord type.

2. The chord tones and figuration tones of a chord type
are in principle independent and may overlap.

3. Surface realizations of chords (chord instances) are
also characterized through their pitch-class
content. The temporal order and duration of notes

Table 1. Representation of a chord instance as a data point. A

chord-type label (dominant-seventh) is combined with a bag of

notes, given by pairs of pitch classes (relative to the root) and note

types. This example shows the B7 chord from Figure 1.

Chord type Relative pitch class Note type #

m7 unison (= root, P1) chord-tone 3

fifth (P5) chord-tone 2

major 3rd (M3) chord-tone 2

minor 7th (m7) chord-tone 1

fourth (P4) figuration 2

major 2nd (M2) figuration 1
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are not considered, that is, we adopt a bag-of-notes
representation (Harasim et al., 2021).

4. For each chord instance in the dataset, the pitch
class, and the function of each surface note are
observed, as well as the chord type and the root of
the chord. The function of a note can be chord-
tone, figuration, or unknown.

The representation of a chord instance (according to
Assumption 4) is exemplified in Table 1. The pitches of
the notes are expressed as intervals relative to the root
pitch class. We use tonal pitch classes (Temperley, 1997)
to represent pitch classes and intervals, which means that
the difference between enharmonically equivalent pitch
classes is maintained. Furthermore, since two notes with
the same properties are indistinguishable in a bag-of-notes
representation (Assumption 3), it is sufficient to know the
number of notes with the same pitch class and function.
In the following, the bag-of-notes of a chord j will be
denoted as Nj, and its chord type as cj. An entire dataset
D is thus represented by the chord types and notes of all
chord instances in the dataset D = (�c, �N ).2

The form of the latent model variables follows from
Assumptions 1 and 2, and is in line with the established
idea of tone profiles. The relative importance of pitch
classes in a chord type is expressed as a normalized real-
valued vector. The number of components of this vector
corresponds to the number of pitch classes that are consid-
ered. For the present study, we consider a segment of the
line of fifths centered on the unison (root), ranging from a
twice-diminished unison (dd1, or C to C♭♭) to a
twice-augmented unison (aa1, or C to C♯♯), amounting to
29 relative pitch classes in total. Each chord type h is
then characterized through three components:

• a tone-profile vector ϕct
h ∈ R29 for the chord tones;

• a tone-profile vector ϕ ft
h ∈ R29 for the figuration

tones;
• a real number θh ∈ (0, 1) indicating the expected

ratio between chord tones and figuration tones in
surface realizations of this chord type.

The generative process that links the latent chord types and
the observed chord instances is based on a simple decision
process for selecting pitch classes (Figure 3). For every note
in the chord, it is first decided whether to generate a chord
tone or a figuration tone. This decision can be understood as
a flipping a biased coin (Bernoulli distribution) where
the probability of selecting chord-tone is given by the
parameter θ of the current chord type. Depending on the
outcome of this decision, the pitch class of the note is selected
according to the chord-tone profile ϕct or the figuration-tone
profile ϕ ft. The respective tone profile thus corresponds to the
probabilities of a categorical distribution over pitch classes.
Since the type of a note is not always observed, another
binary decision is made as to whether the actual note type
or unknown is returned. Thus the generative process for
note i in a chord of type c can be summarized as:

1. Choose the note type ti based on θc.
2. Choose the pitch class pi based on

ϕct
c if ti = chord−tone

ϕft
c if ti = figuration.

3. Choose whether to reveal the note type (oi).
3

4. Return (pi, ti) if oi = true, and (pi, unknown) if not.

This process is then repeated for every note in the chord.
To generate the entire set of observations, the note-

generating process is embedded into a larger process that
generates each chord. For every chord j, a chord type cj is
selected according to a set of chord probabilities χ. Then,
the number of notes nj in the chord is chosen from a
Poisson distribution with parameter λ.4 Both χ and λ are
global variables that affect every chord in the dataset. The
note-generating process is then repeated nj times to obtain
the notes Nj.

To complete the model, all latent variables require a
prior distribution. The choice of prior distribution is
usually determined through the type of distribution that
the variable is used in. For example, the chord-tone predis-
position θh for a chord type h is used in a binary Bernoulli
distribution and must take a value between 0 and 1. The
prior distribution for each θh is thus chosen to be beta dis-
tribution, which is defined over probabilities, that is, values
between 0 and 1.5 Similarly, the prior distributions for cat-
egorical probabilities (the tone profiles ϕct

h and ϕ ft
h , as well

as the chord-type probabilities χ) are selected to be Dirichlet
distributions (which are defined over probability vectors,
that is, vectors with non-negative entries summing to 1),

Figure 3. The core process used for selecting the notes in a

chord instance of chord type c. For each note, the note’s type
(chord tone or figuration) is chosen according to the chord type’s
θ. A large θ indicates that the chord type is more likely to

generate chord tones. The pitch class of the note is drawn either

from the chord-tone profile or the figuration-tone profile of the

chord type. A pitch class with a higher weight in the profile is

more likely to be selected.

Finkensiep et al. 5



generalizing beta distributions to more than two categories.
Beta and Dirichlet distributions represent the plausibility of
different probabilities (or probability vectors, respectively)
through a weight for each possible outcome category. The
proportions between these weights capture the expected
proportions between the categories, their magnitude reflects
the degree of confidence in these proportions (more on the
intuition behind these weights below). The parameters of
the prior distributions are chosen to be uninformative, not
preferring any pitch class in a tone profile a priori, for
example. A full mathematical specification of the model
is given in the appendix.

Inference
In this study, the main focus is on the latent variables, in
particular the parameters of the chord-tone and figuration-
tone distributions ϕct

h and ϕft
h , as well as the chord-tone pre-

disposition θh for each chord type h given the observed
chords D. In Bayesian inference, these variables cannot
be observed directly (hence “latent”). Instead, the knowl-
edge about these variables that is learned from the data is
represented as a posterior distribution. The type of distribu-
tion of each latent variable corresponds to its respective
prior family in the model, that is, a beta distribution for
θh and Dirichlet distributions for ϕct

h and ϕor
h . An example

of the posterior distributions of θh for various chord types
is shown in Figure 5. For example, the value of θ for a
diminished triad (red curve) is probably close to 0.8.

The posterior distributions of the tone profiles are slightly
more abstract than those of the θs, as they range over high-
dimensional probability vectors instead of scalar values.
However, since these distributions are represented as
Dirichlet distributions, they again have a straightforward
interpretation as tone profiles: A Dirichlet distribution is
characterized by a set of parameters �α, with one component
for each category (i.e., for each relative pitch class). In con-
trast to a probability vector, however, �α is not normalized.
The absolute magnitude of the components of �α influences
the variance of the distribution. Smaller values correspond
to higher variance (less certainty about the true probabilities
of the pitch classes), while higher values correspond to lower
variance (more certainty). Intuitively, theα for a certain pitch
class corresponds to the number of times the corresponding
pitch class has been observed as a chord tone (or figuration)
in the given chord. Normalizing �α yields the expected value
of the Dirichlet distribution, that is, the expected tone
profile. That means that the relative importance of two
pitch classes in �α is equal to the relative importance of
these pitch classes in the corresponding expectedϕ. The pos-
terior distributions of the various chord- and figuration-tone
profiles are visualized through these α values, which can be
seen, for example, in Figure 4.

The marginal posterior distributions p(ϕct
h ∣ D),

p(ϕft
h ∣ D), and p(θh ∣ D) (for each chord type h) are approx-

imately inferred using variational inference (Blei et al.,
2017). The model is implemented in Python as a

probabilistic program using the Pyro framework
(Bingham et al., 2019). Inference is performed using sto-
chastic gradient descent on the evidence lower
bound (ELBO) between the model distribution and the var-
iational distribution. The parameters were optimized
using the Adam algorithm (learning rate = 0.01,
β1 = 0.95, β2 = 0.999). A full specification of the varia-
tional distribution is given in the appendix.

Datasets and Preprocessing
The data used for training the model are not immediately
available in existing corpora. In particular, notes are not
explicitly labeled as chord tones or figurations. We imple-
ment a music-theoretically inspired heuristic for estimating
this information from existing harmonically annotated
scores. Note, however, that the model described in the sub-
section ‘Model’ is independent from this heuristic and
could be applied to a dataset with manual note-type
annotations.

With this preprocessing step, the model is applied to two
datasets: The first (ABC+) is a collection of scores from
Western common-practice music, professionally annotated
with harmonic labels in a common chord-annotation stan-
dard (Hentschel et al., 2021a, b; Neuwirth et al., 2018).
The second one (EWLD) is a collection of user-submitted
lead sheets (melodies with chord symbols) from a variety
of mostly Western styles (including pop and jazz music)
from the former Wikifonia database (Simonetta, 2018).
While the different types of contents between these datasets
make it more difficult to draw comparative conclusions,
they allow us to apply the proposed model both to the
melodic setting relevant for chord-scale theory and in the
context of classical harmonic theory. The preprocessed
datasets are available online together with the model code
in the supplementary material.

Estimating Note Types. An important part of the preprocess-
ing of the data is in deciding whether a specific note is a fig-
uration or a chord tone. This can to some extent be
estimated automatically from the harmonic ground truth
annotations. In the absence of expert annotations of note
functions, we opt for a simple but transparent process for
estimating note functions that is based on explicit assump-
tions, rather than relying on a more sophisticated but
intransparent estimation method. One of the goals for this
classifier is that the model is (in principle) able to discover
pitch classes as chord tones that are not part of the nominal
chord prototype. This is particularly relevant for the jazz
and pop repertoire, where the differences between chord
types are less clear and, for example, a major chord can
be realized with an added 6th, 7th, 9th or other extensions
(which would then be considered chord tones rather than
figurations). As a consequence, we introduce the assump-
tion that figuration tones always rely on the presence of
an “anchor” chord tone that is within step distance
(seconds or altered unisons). This way, isolated notes
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without neighbors in a chord can be identified as having a
chord-tone function. In cases where notes within step dis-
tance are present, the nominal chord tones of the annotated
chord type are taken into account to distinguish between
chord tone and figuration. This approach is not as precise
as manual annotation, but it provides a balance between
allowing a certain degree of ambiguity and proving
enough information for the model to learn from.

The basic procedure is the same for both datasets: based
on the annotated chord label, a check is made using the
current note, the other notes present in the current chord,
and the nominal chord tones of the present chord type.
For the purposes of this heuristic, “present” means overlap-
ping at some point – a long note that starts during one chord
and ends during another is present in both. Chord labels are
considered to apply to the region between their notated
location and the location of the next label. We assume
that a figuration cannot exist without a chord tone it is
derived from. Thus, if a note has no “neighbor” in the
current chord, it cannot be a figuration and is considered
to be a chord-tone, regardless of its relationship to the
current chord type.6 Further, if a note is not one of the
nominal chord tones, and it has a nominal chord-tone neigh-
bor present, then it is assumed to be a figuration.
Finally, if the current note is one of the nominal chord
tones and has no chord-tone neighbor, it is also encoded
as a chord-tone. All other cases – a chord tone with a
chord-tone neighbor (e.g., a seventh and a root, or a third
and an eleventh in some chord types), or two neighboring
notes neither of which is a nominal chord tone (e.g., a
sixth and seventh degree with neither root nor fifth
present) – are ambiguous and are encoded as unknown
by the heuristic. Table 2 shows a summary of the heuristic.

ABC+Dataset. The first dataset consists of a collection of
harmonically annotated corpora consisting of 535 move-
ments of Western classical music from the Baroque to the
Romantic period. The dataset includes annotations of
Beethoven’s string quartets (Neuwirth et al., 2018),
Mozart’s piano sonatas (Hentschel et al., 2021b), Corelli’s
trio sonatas (Hentschel et al., 2021a), as well as a corpus
of Romantic piano music. These pieces have been harmon-
ically annotated, reviewed, and corrected by music-theory
experts. Table 3 gives an overview of the collections
included in the ABC+ dataset. The full dataset is available
from the preceding references and has been included in the
supplementary material data for convenience.

The harmonic annotation standard used in the ABC+
corpus allows for a wide variety of harmonic annotations,
including suspensions, retardations, pedal points, local
key changes, and various inversions, much of which is irrel-
evant to, or hard to reconcile with the model described
earlier. The preprocessing step thus extracts the chord-type
column from the data, where each chord is given a chord
type from the following chord vocabulary: minor, major,
diminished, and augmented triads; all four combinations
of minor and major thirds and sevenths; the half-diminished,

fully diminished, and augmented sevenths chords; and the
three varieties of augmented sixth chords (Italian, German,
and French). Notably, suspended chords are not considered
to be distinct chord types, nor are inversions of the same
chord type considered distinct from each other. Each note is
encoded as an (tonal) interval class relative to the chord
root, and its note type is estimated according to the heuristic
described in the subsection ‘Estimating Note Types’. In
total, this yields 113,771 chord instances containing a total
of 864,609 notes.

EWLD Dataset. The second dataset is extracted from the
Enhanced Wikifonia Leadsheet Dataset (EWLD,
Simonetta, 2018), which in turn is a subset of the former
Wikifonia database. It contains a collection of user-
submitted transcriptions and lead sheets of pieces from
medieval to contemporary music, with an emphasis on
jazz and pop music, submitted to the now defunct
Wikifonia website. The EWLD is a subset of Wikifonia
that focuses on monophonic scores and has been described
by Simonetta et al. (2018). Discarding pieces with parsing
issues, the dataset consists of 4,859 pieces, containing
188,912 chords with 629,783 notes.7

A major difference from the ABC+ corpus stems from
the fact that the chord symbols of a lead sheet often act as
instructions for how to play an accompaniment, rather
than a music-theoretical interpretation. The annotations in
the EWLD corpus are not reviewed (and thus generally

Table 2. The note-type heuristic used to infer if an encoded pitch

class represents a chord-tone or a figuration, if known.

Current note Other present notes

Resulting note

type

Any No neighbor present chord-tone
Nominal chord

tone

No neighbor that is a

nominal chord tone

chord-tone

Not chord tone At least one neighbor that

is a chord tone

figuration

Otherwise unknown

Table 3. Collections in the ABC+ corpus.

Composer Collection

Beethoven String Quartets

Piano Sonatas

Chopin Mazurkas

Corelli Trio Sonatas

Debussy Suite Bergamasque

Dvorak Silhouettes

Grieg Lyric Pieces

Liszt Années de Pelerinage

Medtner Tales

Mozart Piano Sonatas

Schumann Kinderszenen

Tchaikovsky The Seasons
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less reliable), and the annotation standards and choices in
this corpus vary much more widely than in the ABC+
corpus. The chord labels in the EWLD corpus lack the
extraneous information of the ABC+ corpus, are generally
less strictly applied, and not always interpretable.
Moreover, the MusicXML standard allows for a large
chord vocabulary, with essentially unbounded additions,
subtractions, and alterations of arbitrary scale degrees, as
well as alternate bass notes and inversions. As an additional
preprocessing step, we condense this variety down to the
following vocabulary of 25 chord types, by only consider-
ing the kind element of the MusicXML harmony ele-
ments, ignoring modifications. The resulting chord-type
vocabulary therefore corresponds to the set of permitted
values for the kind element, consisting of:

• the four triads (major, minor, diminished, and aug-
mented) and the power chord (omitting the third);

• the suspended fourth and second chords (both
replacing the third);

• major-, minor-, and dominant-seventh chords, as
well as their diatonic extensions to 9th, 11th, and
13th chords (non-diatonic extensions such as
7♭9 or ♯11 are not considered);

• augmented, half-diminished, and fully diminished-
seventh chords, as well as the minor triad with a
major seventh;

• major and minor sixth chords.

Out of these, there are very few exemplars in the data of the
major and minor 13th chords in particular, with the major–
minor, power, and the minor and dominant 11th chords also
rarely appearing. There are no instances at all of the major
11th chord in the data.

Results and Discussion
In this section, we will summarize and discuss some obser-
vations that can be made from the inferred parameters. The
exact numeric results of our experiments are provided in
human- and machine-readable form in the supplementary
material. Plots of the parameters that are not discussed
here are included in the data repository.

Chord Profiles
The posterior distributions of the chord tones ϕct and figu-
ration tones ϕft are shown in Figure 4 for the chord types
common to both corpora. Each bar shows the Dirichlet
parameter that corresponds to a certain pitch class in a
certain chord type (either as a chord tone or as a figuration)
and expresses the prevalence of that pitch class in chords of
that type. The true (but unknown) pitch-class probabilities
within a chord type can be seen as a draw from this
Dirichlet distribution. Since Dirichlet distributions with
large parameters have a low variance, the true probability

distributions are expected to have the same proportions as
the posterior, but at the same time the magnitude of the
parameters expresses the model’s uncertainty about these
proportions. As a consequence, frequent chords generally
have larger parameters (resulting in low variance and high
certainty) than rare chords (higher variance, lower cer-
tainty), because seeing more examples of a chord type
leads to higher confidence in the underlying pitch-class
probabilities. Therefore, Dirichlet parameters can be under-
stood as the combination of a set of proportions over pitch
classes (i.e., a tone profile) and a measure of certainty about
these proportions.

The posterior chord profiles inferred from the ABC+
corpus (left column of Figure 4) show a strong prevalence
of the chord tones as predicted by the theoretical definitions
of the chord types. For example, the major triad has large
chord-tone parameters for the root, the major 3rd, and the
perfect 5th, but small parameters for all other chord tones.
The figuration tones are distributed around the chord
tones, forming a bell-like shape on the line of fifths (omit-
ting the chord tones) for most chord types, a pattern that is
typical for tonal music (Moss et al., 2022). At the same
time, figuration and chord tones are often (but not
always) mutually exclusive, that is, most pitch classes
have a clear interpretation as either chord or figuration
tone, especially when the pitch class is rather common in
the chord type. Together, both observations suggest that
in a common-practice setting, figurations are mostly taken
from the diatonic context in which the chord occurs, exclud-
ing the chord tones themselves. Diatonic collections form
contiguous segments on the line of fifths, and most chord
types can be associated with several diatonic collections.
This is particularly visible with chord types that are often
borrowed in a parallel key, such as the dominant-seventh
chord on V (borrowed in minor) or half-diminished chord
on II (borrowed in major). Both profiles use the minor
and major versions of the second and the sixth as figura-
tions, where one pair comes from the “native” key and
the other pair from the parallel key. The combination of
several diatonic segments around the chord tones then
could give rise to the bell-shaped distribution of figuration
tones: the central pitch classes are more common because
they are shared between different diatonic contexts associ-
ated with the chord types.

It remains unclear whether certain figuration tones are
specific to a chord’s type as such, or whether figurations
are generally drawn from the local key in which the chord
appears (which in turn is correlated with the chord, as
chords usually depend on their tonal context). The latter
interpretation is consistent with the traditional view that fig-
uration in classical music is mainly a result of contrapuntal
elaboration, for which the mode is the main organizational
principle (Aldwell et al., 2011). A few exceptions to the
general diatonic bell shape (e.g., a strong m2 for the half-
diminished chord) could point to chord-specific figuration
tones, but in many cases the prototypical figuration tones
of a chord type are at the same time in the center of its
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Figure 4. The posterior distributions of the chord tones ϕct (blue, left-leaning bars) and figuration tones ϕft (orange, right-leaning

bars) of the chord types that are common to the ABC+ (left) and EWLD (right) corpora. Pitch classes are ordered according to the line

of fifths and expressed as intervals relative to the root (P1, unison). (continued)
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possible diatonic contexts (such as the fourth in the
dominant-seventh chord), which makes it difficult to distin-
guish between the two explanations.

The chord profiles of the EWLD corpus show similar
patterns (e.g., the prevalence of the theoretical chord
tones) but with some notable differences to the ABC+
corpus. For instance, figuration tones are not mutually
exclusive with chord tones. In fact, most of the common

figuration tones have a similarly high weight when occur-
ring as a chord tone, while the nominal chord tones also
have a certain prevalence as a figuration tone (though
usually not as high as a chord tone). This failure to
clearly separate the classes might be due to the data consist-
ing of melodies, which usually do not cover all chord tones
of a harmony and preferable move in steps. Thus, the heu-
ristics that were used to estimate the type of a note will

Figure 4. Continued.
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identify fewer clear cases and rather report an “unknown”
note type, from which the model cannot learn the difference
between chord and figuration tones. In addition, there might
be an effect due to the different role of chords in pop and
rock music compared with classical music, with a more
flexible coordination between melody and harmony
(Temperley, 2007a) and less strong tonal hierarchies
(Vuvan & Hughes, 2021).

Most of the common chord types in the EWLD corpus
exhibit a similar pattern for figuration tones as in the
ABC+ corpus, that is, a continuous line-of-fifths region
around the chord tones. However, in many cases, the span
of figuration tones is more narrow and less bell-shaped
(e.g., for dominant-seventh, minor-seventh, half-
diminished, or major-seventh chords), which indicates
that chords are more strongly tied to a single fixed diatonic
collection than in the ABC+ corpus. This phenomenon
could be linked to the chord-scale idea from jazz theory,
which links certain chord types to fixed, local scales
rather than an overarching mode that is shared by several
chords (Levine, 2011; Nettles & Graf, 1997). A related phe-
nomenon can be observed for the symmetric diminished
and diminished-seventh chord, which rather than a diatonic
region uses an octatonic scale as the reservoir for figura-
tions. This is consistent both with chord-scale theory and

with the application of Tonfeld theory to jazz harmony
(Rohrmeier & Moss, 2021). Both observations together
suggest that the relation of harmony and figuration differs
between classical and jazz/pop styles: Whereas classical
styles are rather flexible in associating chord types and dia-
tonic contexts, using the same chord types on different scale
degrees or even borrowing from other modes, pop and jazz
more strongly associate chords with fixed scales. While this
finding seems to be at odds with the melodic-harmonic-
divorce hypothesis (Temperley, 2007a), it should be
noted that the EWLD corpus mixes different styles that
might follow different principles.

Another difference between the ABC+ and the EWLD
corpus is an increased use of enharmonic equivalence in
the latter, which can be observed most strongly for chords
that are symmetric under enharmonic equivalence, that is,
(full-)diminished and augmented chords. While the corre-
sponding profiles for the ABC+ corpus mostly use a
single enharmonic interpretation of a pitch class (e.g., a
diminished seventh rather than a major sixth in the full-
diminished chord), the EWLD profiles allow for the enhar-
monic equivalents of the classically preferred variants. For
example, the profiles of the diminished and full-diminished
chords are almost symmetric around the root for the EWLD
corpus, while the corresponding profiles for the ABC+

Figure 5. The posterior distributions of the predisposition to generate a chord tone, for common chord types. The x-axis ranges are
chosen to visually align corresponding chord types between the datasets (the highlighted regions cover the same range).
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corpus are strongly asymmetric. This phenomenon could
point to an increased importance of enharmonic equiva-
lence in the EWLD repertoire, or be an artifact of less reli-
able source data.

Degree of Figuration
A phenomenon that can already be observed from the chord
profiles is that the general prevalence of figurations varies
between chord types. The predisposition of a chord type
to generate figurations occurs explicitly in the model (as
1− θh) and can thus be quantified exactly. Figure 5
shows the posterior distributions of θh for most of the
common chord types of both datasets (excluding the rare
minor-major-seventh and augmented-seventh chords). For
the ABC+ corpus, the chord types seem to form several
groups. Two factors seem to influence the degree of figura-
tion: First, triads tend to have more figurations (lower θh)
than seventh chords; and second, chords associated with
dominantic functions (dominant-seventh, diminished, and
full-diminished) tend to have more figurations than chords
associated with subdominantic functions (minor-seventh,
major-seventh, and half-diminished). The cluster in the
center of the range (major, minor, dominant-seventh, and
full-diminished) seems to result from a combination of
these factors. There are several possible explanations for
this phenomenon. Triads might exhibit a higher degree of
figuration simply because they have fewer chord tones, so
a larger set of pitch classes from the tonal context is avail-
able as figuration tones. Dominants have a critical function
in tonal music as preparing motion to the tonic, which is
particularly visible in the context of cadences. Figurating
the dominant can increase its tension (e.g., by delaying)
and sense of forward motion (e.g., through passing
motions), while figurating the tonic in the same way

would be in contrast to the sense of arrival and stability it
represents. There are a number of typical figurations of
dominant chords that fulfill this purpose, such as 4 and 6–
4 suspensions, 8–7 passing motions, and anticipations.
Moreover, the dominant is a point of increased attention
and figurations might be more noticeable at such a point,
so a composer might prefer to add figurations where
they are noticed. In line with that, dominants may also
occupy longer spans of time than other chord types (e.g.,
due to effects of harmonic rhythm), and thus naturally
produce more figuration. The augmented chord, on the
other hand, allows for almost no figuration and thus
does not follow the pattern mentioned earlier. This may
be due to the instability of the chord in relation to the dia-
tonic system: If figurations are added to an augmented
chord, it becomes difficult to identify as an augmented
chord, since most neighbors would allow for a reinterpre-
tation of the chord as a minor or major triad, or as a
seventh chord.

The EWLD corpus exposes a similar grouping of chord
types, although the level of figuration is generally higher
(note the different x-axis ranges in Figure 5), which may
be due to the observed notes being taken from melodies
instead of full textures. The central region is still occupied
by the chord types with mostly tonic and subdominantic
functions. A notable difference to the ABC+ corpus is
that diminished and full-diminished chords are now much
less figurated (similar to augmented chords), while the
dominant-seventh chord takes the place of the diminished
triad as the most-figurated chord type. As a consequence,
all symmetric chord types are now separate from the
central cluster and seem to form their own cluster of less-
figurated chord types. This may be due to a different use
of the chords in the genres found in the EWLD corpus com-
pared with the styles in the ABC+ corpus, but it might also

Figure 6. The clustered-θmodels with the highest probability for the ABC+ and EWLD datasets.
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be a consequence of a different use of chord labels as
instructions for musicians rather than descriptions or inter-
pretations (as in the ABC+ corpus). A possible explanation
of this difference is that – in the voice-leading music of the
ABC+ corpus – dominant-seventh and (full-)diminished
chords occur in similar contrapuntal contexts and are thus
treated similarly. In contrast, if the focus is on the specific
sound of a chord, diminished chords may be perceived as
more dissonant and unstable compared with dominant-
seventh chords and are thus figurated less (as in the
EWLD corpus). In general, however, it is unclear whether
the differences between the corpora can be fully explained
by stylistic differences since the material (melodies vs. full
scores), the purpose of chord labels, and the annotation or
transcription procedures and goals differ as well.

To further investigate the idea of different groups of
chords that exhibit a similar amount of figuration, the orig-
inal model was extended to a clustered model, where differ-
ent chord types share the same θ if they belong to the same
cluster (all other variables staying the same, in particular the
tone profiles ϕct and ϕft remain separate for each chord
type). A number of candidate models were selected
through a hierarchical clustering procedure, starting with
one cluster per chord type (of the types shown in
Figure 4), iteratively merging the two most similar clusters
and refitting the model, until all chords are assigned to a
single cluster. All of these candidate models were then com-
bined into a meta model, in which the choice of model is
represented by a categorical variable M. The generative
process then first chooses the model (i.e., the clustering)
from a uniform prior, and then proceeds as before. We
approximate the posterior model probabilities as

p(M ∣ �N , �c) (2)

using the same variational inference method as before, but
keeping the posteriors of all model parameters fixed, only
optimizing the posterior probabilities of the model choice.
From the model probabilities, we can directly compute
the Bayes factors between pairs of models,8 but for the
present case it suffices to look directly at the posterior

probabilities. Since the posterior model distribution in
Equation 2 marginalizes over the model parameters, it
automatically penalizes models with more parameters in
a principled way.

Figure 6 shows the two cluster models with the highest
posterior probability. Both datasets prefer a model with
five clusters with a high probability (0.98 for ABC+, 0.76
for EWLD, Figure 7). For ABC+, the clustering simply
groups together the chord types that were closest in the
unclustered model, without any obvious theoretical
meaning of the resulting clusters. For EWLD, the clusters
are similarly evenly distributed but correspond much
more to the functional role and relative consonance of the
chord types. Whether the particular grouping of these
inner clusters is theoretically significant, remains unclear,
especially when comparing the clusters to the individual
posteriors shown in Figure 5. The differences between the
corpora are in line with the observation made previously
that the role of chord types might have changed in jazz
and pop, with the figuration of a chord depending more
on its inherent sound qualities and less on its contextual
function. That being said, the significance of the cluster
assignments should not be overestimated, as our experi-
ments have shown that the clusters are very sensitive to
changes in the underlying data, much more so than the
chord profiles.

Conclusion
In this study, we presented a model that describes how an
idealized listener could represent and learn the properties
of chord types in terms of chord-tone and figuration-tone
distributions, based on a generative probabilistic model.
Using this model, we obtained chord profiles for two data-
sets, describing the figuration properties for a number of
chord types in different styles. Preliminary analysis sug-
gests that figuration in classical styles might be related to
diatonic contexts, while in jazz and pop styles the choice
of figuration tones could be more strongly tied to the
chord itself. Furthermore, chord types differ in their

Figure 7. Posterior probabilities of the different cluster models.
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disposition to be figurated, with dominant chords showing a
greater prevalence of figurations than non-dominant chords.

The model that was used in this study was designed as a
simplifying approximation to how chord types relate to
pitch classes. In general, the relation between harmonies
and surface notes is more complex, involving rhythm and
meter, the sequential order of notes, and the association
of figuration notes with the notes that are being figurated.
Generative Bayesian models can serve as a principled meth-
odology for investigating the inference and learning in the
context of complex structures, whether for statistical pur-
poses or as models of cognition. As the present study has
shown, the use of probabilistic programming as a language
to express probabilistic models makes it possible to move
beyond standard models and implement precise and theory-
driven model assumptions.

As a consequence, hypotheses about the way figurations
are organized may be implemented by adding structure to
the model that reflects these hypothesized relations. For
example, the idea that figurations are determined by a dia-
tonic context may be expressed by a model that explicitly
selects figuration tones from diatonic collections (or, more
generally, other structured pitch collections such as
Tonfelder, Rohrmeier & Moss, 2021) instead of a categor-
ical distribution that assumes no relation between pitches.
The rather simplistic model presented here can serve as a
baseline against which to compare models that make addi-
tional structural assumptions. Bayesian modeling may also
be applied to different learning problems, by both adding
and removing information in the data. Removing informa-
tion leads to un- or semi-supervised settings that, for
example, do not assume the chord labels or even the
number of chord types to be given. Such a model would
explore the types of chords that emerge from the dataset,
simulating how a listener implicitly learns to identify har-
monic categories without explicit instruction (Harasim
et al., 2021; Hu & Saul, 2009; Moss & Rohrmeier, 2021).
On the other hand, a more realistic model of figuration
requires adding information such as temporal properties
of notes, the octaves in which they occur, or the notes
that are present before and after the chord.

Finally, the precise relationship between latent entities
such as harmonies and the musical surface remains to be
described. A generative model that also takes into account
the exact placement of notes, contrapuntal structure,
motivic phenomena, and other musical parameters would
clarify the way in which harmonic types influence the
surface on one hand (at least within one style or family of
styles), and on the other hand explain how listeners poten-
tially learn, represent, and recognize harmonic types.

Acknowledgments
The authors would like to thank the members of the Digital and
Cognitive Musicology Lab as well as the anonymous reviewers
for their valuable feedback on this project and the manuscript.

Action Editor
Frank Hentschel, Universität zu Köln, Musikwissenschaftliches
Institut

Peer Review
Maximos Kaliakatsos-Papakostas, Hellenic Mediterranean
University, Department of Music Technology and Acoustics
One anonymous reviewer

Contributorship
The Bayesian models were developed and implemented by CF
after discussions between all authors. Data preprocessing was
jointly implemented by PE, SK, and CF. The paper was mainly
written by CF with contributions from the other authors, except
for “Related Work” (written by CF and SK) and “Datasets and
Preprocessing” (mainly written by PE).

Declaration of Conflicting Interests
The authors declared no potential conflicts of interest with respect
to the research, authorship, and/or publication of this article.

Ethical Approval
This research did not require ethics committee or IRB approval.
This research did not involve the use of personal data, fieldwork,
or experiments involving human or animal participants, or work
with children, vulnerable individuals, or clinical populations.

Funding
The authors disclosed receipt of the following financial support for
the research, authorship, and/or publication of this article: This
project has received funding from the European Research
Council (ERC) under the European Union’s Horizon 2020
research and innovation programme under grant agreement no.
760081- PMSB. This research was supported by the Swiss
National Science Foundation within the project “Distant
Listening - The Development of Harmony over Three Centuries
(1700-2000)” (Grant no. 182811). The authors also thank Mr.
Claude Latour for generously supporting this research.

ORCID iDs
Christoph Finkensiep https://orcid.org/0000-0002-7002-6586
Petter Ericson https://orcid.org/0000-0002-8722-5661

Data Availability Statement
The datasets used in this study can be obtained as described in their
respective publications: The EWLD dataset can be obtained at
https://zenodo.org/record/1476555. The ABC+ dataset is avail-
able at https://github.com/DCMLab/dcml_corpora and https://
github.com/DCMLab/romantic_piano_corpus. The preprocessed
source data as well as the obtained results are available at
https://github.com/DCMLab/probabilistic_harmony_model/. This
repository also records the exact versions of the ABC+ data that
have been used for this article.

Supplemental Material
Supplemental material for this article is available online.

14 Music & Science

https://orcid.org/0000-0002-7002-6586
https://orcid.org/0000-0002-7002-6586
https://orcid.org/0000-0002-8722-5661
https://orcid.org/0000-0002-8722-5661


Notes
1. In the following, we will use the term note to refer to specific

pitched events in a segment of music. The term pitch refers to
an abstract, a-temporal property (e.g., the pitch of a note),
whereas pitch class refers to the octave-equivalent aspect of a
pitch. “C4” is a pitch while the pitch class “C” stands for a C
in an unspecified octave. The term chord tone is commonly
used for notes, pitches, or pitch classes that “belong” to a specific
chord or chord type, and we follow this convention analogously
with non-chord tone, figuration tone and tone profile.

2. We use vector notation �x according to the conventions in prob-
abilistic modeling, where it can mark collections of variables.
For example, the set of latent variables in a Bayesian model
is sometimes denoted as �z, although the variables can be of dif-
ferent types and do not form a vector. Where used, the set of
included variables is provided in the context.

3. The probability for revealing or hiding the note type does not
affect the other parameters and is therefore arbitrarily set to
0.5. The corresponding factor in the model cancels out when
computing the posterior.

4. Since the Poisson distribution ranges over non-negative inte-
gers (including 0), 1 is added to the chosen value, as a chord
cannot have 0 notes. Since nj is always observed, the choice
of distribution for this variable is arbitrary and does not
affect the other variables. It is only included to obtain a fully
generative model.

5. The mathematical reason to choose a beta distribution for θh is
that the beta distribution is the conjugate prior to the Bernoulli
distribution, which means that the posterior distribution of θh
will again be a beta distribution. The same is true for categor-
ical distributions with Dirichlet priors, as well as Poisson distri-
butions with gamma priors.

6. The assumption that a note that occurs without neighbors is a
chord tone is made to allow a profile to learn chord tones that
are not explicitly mentioned in the theoretical description of
the chord. Otherwise, the profiles would simply recover the the-
oretical definition of a chord type with its nominal chord tones.

7. Owing to licensing issues, we cannot provide the full source
data in the supplementary material. However, we provide the
preprocessed data together with a list of all EWLD files that
were used. Access to the source dataset can be requested at
https://zenodo.org/record/1476555

8. The Bayes factor is the likelihood ratio between two models,
which in this case is equivalent to the ratio of the models’ pos-
terior probabilities because of the uniform prior over the
models.
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Appendix

Complete Model Specification
The model used in this study consists of two parts: the
priors of the latent variables and the generative process
that links the latent variables to the observations. Let H
be the set of unique chord types in a given corpus, and P
the set of possible pitch classes. The priors of the latent
variables are then defined as follows:

1. Choose the chord probabilities χ ∼ Dirichlet|H |(0.5).
2. Choose the note rate λ ∼ Gamma(3, 1).
3. Set the note-type observation probability ω := 0.5.
4. For each chord type h:

a. Choose the probability of generating a chord
tone θh ∼ Beta(1, 1).

b. Choose ϕct
h ∼ Dirichlet∣P∣(0.5).

c. Choose ϕ ft
h ∼ Dirichlet∣P∣(0.5).

For all categorical parameters we use an uninformative
Dirichlet prior (Jeffreys’ prior) where the hyper-parameter
�α is a vector with one component per category and a
value of 0.5 in each component. The prior Beta(1, 1) for
each θh corresponds to a uniform distribution between 0
and 1. Since it is always known whether a note type is
observed (chord-tone or figuration) or not
(unknown), the variable oi is an observed variable and
ω can take an arbitrary value without affecting the other
parameters. Likewise, λ is conditionally independent from
the other parameters since the number of notes in each
chord is observed, so the choice of p(λ) and p(nj∣λ) does
not affect the rest of the model.

The generative process of the data consists of a process
that generates individual chords by repeatedly selecting
notes. Let j be the index of the current chord instance,
and H and P as above:

1. Choose the chord label cj ∼ Categorical|H |(χ).
2. Choose the number of notes nj ∼ Poisson(λ)+ 1.
3. For each note i ∈ {1, . . . , n}:

a. Choose the note type t ji ∼ Bernoulli(θcj ).
b. Choose the pitch class depending on the note

type:

pji∼
Categorical|P|(ϕ

ct
cj
) if tji=chord−tone

Categorical|P|(ϕ
ft
cj
) if tji= figuration.

{
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c. Decide whether to observe the note type:
o ji ∼ Bernoulli(ω).

d. Return
(p ji, t ji) if o ji = true
(p ji, unknown) otherwise.

{
4. Return the generated pitch × type pairs as a bag/

multiset.

This process is then repeated for each chord in the dataset.
The full model including priors is summarized in Figure 8.

Details of the Inference Procedure
The model contains the following latent variables:

• �ϕ ct = {ϕct
h ∣h ∈ H}

• �ϕ ft = {ϕ ft
h ∣h ∈ H}

• �θ = {θh|h ∈ H}
• �t = {tji ∣ j ∈ {1, . . . , C}, i ∈ {1, . . . , nj}}
• λ (global note rate)
• χ (global chord-type distribution)

where C is the number of chord instances in the corpus. The
posterior distribution of the latent variables is thus given by

p(�ϕ ct, �ϕ ft, �θ, λ, χ, �t ∣ D), (3)

that is, the distribution of all latent variables is given the
observed dataset D. Since this distribution cannot be

computed exactly, it is approximated through variational
inference (Blei et al., 2017). Variational inference uses an
approximation to the posterior called the variational
family, which is a simpler type of distribution qπ with
parameters π that can be adjusted to approximate the true
posterior distribution as closely as possible. This adjust-
ment of parameters is usually done via gradient descent
on an objective function that measures the KL-divergence
between the variational distribution and the true posterior:

KL(qπ(latent) ∥ p(latent ∣ observed)). (4)

For this project, the variational family qπ relies on a mean-
field approximation, which assumes the posterior distribu-
tions of each variable to be independent, effectively ignor-
ing correlations between the latent variables. As a
consequence, q can be decomposed as

q(�ϕ
ct
, �ϕ

ft
, �θ, λ, χ, �t)

= q(λ)q(χ)
∏
h∈H

q(θh)q(ϕ
ct
h )q(ϕ

ft
h )

( ) ∏C
j=1

∏Nj

i=1
q(tji)

( )
,

(5)

where H is the number of unique chord types in the dataset; C
is the number of chord instances; andNj is the number of notes
in chord j. The subdistribution for each latent variable has the
same type as the corresponding prior distribution, that is

• gamma distribution for λ
• beta distribution for each θh

Figure 8. A factor graph of the chord model. Variables are shown in circles (grey if observed), the distribution a variable is drawn from

is indicated by an arrow between the parameters of the distribution and the sampled variable. A rounded rectangle denotes that several

copies of the included variables exist, one for each chord type, chord instance, or note (corresponding to “for each” statements in the

generative process). Dashed rectangles indicate the choice of parameter based on another variable, e.g., the choice of the chord type

cj determines which ϕct
h (or ϕ ft

h ) is used to generate a note, namely ϕct
cj (or ϕ

ft
cj ).
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• Dirichlet distributions for χ and each ϕct
h and ϕft

h

• Bernoulli distribution for each tji.

The parameter set π then consists of the combined parame-
ters of the subdistributions in Equation 5.

Since the final parameter values are quite large and the
ELBO gradient is rather flat once the parameters have the
correct proportions (but not magnitude), this algorithm can
take a lot of time to converge when started from parameters
close to 0 (i.e., using the parameters of the priors). However,
since we use conjugate priors in the model and the corre-
sponding distributions in the variational family, we can ini-
tialize the parameters of q with estimates of the final
parameters based on conjugacy. For some of the latent vari-
ables (λ and χ), the posterior parameters can be computed
exactly from the data since they are conditionally indepen-
dent from the other variables and have true conjugate
priors. The other parameters are not conjugate due to the
presence of unknown note types. They can be initialized
approximately by observing only the notes with known
types: The Dirichlet parameters for each ϕct

h and ϕ ft
h are ini-

tialized with the counts of known chord tones and figuration
tones, respectively. The beta-distribution parameters for each
θh are estimated by counting the total number of known
chord tones and known figuration tones for each chord
type. During training, these parameters adapt to account for
the presence of unknown note types, while the exactly initial-
ized parameters for λ and χ do not change at all. As a result,
the model converges relatively soon after ca. 200 iterations
on both datasets (we use the parameters after 350 iterations
to guarantee convergence). Because of this, we do not use
subsampling but evaluate the full dataset in each iteration,
which reduces the variance of the stochastic gradient and sta-
bilizes the parameters of the converged model.

Marginalization of Discrete Latent Variables
Discrete latent variables often pose a challenge for the infer-
ence process. In this model, this affects the note type t and
the choice of observation o. Fortunately, both t and o can be
marginalized out analytically, effectively removing them
from the model without affecting the other variables or

the outcome. The generative process of single notes
resembles a multinomial distribution over pairs of pitch
classes and note types, except for the involvment of t and
o as additional variables. Since those variables are
Bernoulli-distributed, the probabilities of the different pos-
sible pitches pi for note i can be computed as

p( pi,chord−tone∣c) = p(oi =true)·
p(ti = chord−tone∣c)·
p( pi∣c,chord−tone)

= ω · θc · ϕct
c pi

,

p(pi, figuration∣c) = p(oi = true)·
p(ti = figuration∣c)·
p(pi∣c, figuration)

= ω · (1− θc) · ϕ ft
c pi

,

p( pi, unknown∣c) = p(oi = false)·∑
t

p(ti = t∣c) · p( pi∣c, t)

= (1− ω) · (θcϕct
c pi

+ (1− θc)ϕ ft
c pi

).

Thenote-generationprocesscan thusbe replacedbyamultino-
mial over P × {chord-tone,figuration,unknown},
where the combined parameters ϕc can be expressed in
terms of ϕct

c , ϕ
ft
c , θc as

ϕc = ω · (θc · ϕct
c ◦ (1− θc) · ϕ ft

c )
◦ (1− ω) · (θc · ϕct

c + (1− θc) · ϕ ft
c ),

(6)

where ◦ denotes vector concatenation and ω is the probability
that the note type is observed. As a result, the generative
process for notes can be simplified as:

1. Choose the chord type c ∼ Categorical(χ).
2. Choose the number of notes n ∼ Poisson(λ)+ 1.
3. Choose note counts N ∼ Multinomial(ϕc, n).
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