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1 Introduction

For some time now, musicologists studying pre-
modern Europe have been examining the ques-
tion of regional and contextual influences on vo-
cal melodies (Huglo, 1999; Haggh, 1996; Kruck-
enberg, 2006; Dobszay, 2017). Since a large
amount of digital data from different research
projects is available (Dvořáková et al., 2026), there
is significant potential for computational analy-
sis. However, previous computational approaches
to medieval melodies often focus on isolated fea-
tures, like modality, or rely on purely descriptive
statistics (Cornelissen et al., 2020; Helsen et al.,
2023; Hiley, 2017; Weiss, 1964; Hughes, 2017;
Eipert and Moss, 2023). While descriptive anal-
yses can identify associations between variables,
they cannot explain the underlying mechanisms by
which these melodies were formed and transmit-
ted. Here, we present initial steps towards devel-
oping a generative model for pitch sequences in
monophonic medieval chants as functions of both
musical and contextual parameters, learnable from
data. Our main contribution is a model that simul-
taneously integrates multiple metadata covariates.
Instead of providing a purely descriptive analysis
or focusing solely on mode, we aim to model the
data-generating process itself.

2 Model

We assume an overall model structure comprising
several subcomponents, or submodels. The cen-
tral part is a Markov model of order n − 1 (also
called an n-gram model; Manning and Schütze,
2003) over a pitch alphabet of size V . It con-
sists of a starting pitch (or reference pitch) π and
a matrix A that guides transitions to subsequent
pitches. Both π and each row At of the transition
matrix A ∈ RT×V

≥0 , |At| = 1, are samples from
a Dirichlet distribution. The starting pitch x0 is

drawn from a categorical distribution, parameter-
ized by π. Each subsequent pitch xt, t = 1, . . . , T,
again follows a categorical distribution, parame-
terized by At−1, where t − 1 is the state of the
previous pitch. The model is fully specified by

At ∼ Dirichlet(α)

π ∼ Dirichlet(β)

x0 ∼ Categorical(π)

xt+1 = Categorical(At),

with hyperparameters α = β := (1, . . . , 1) = 1V .
To capture the complex interactions of extra-

musical influences, we conceptualize our ap-
proach as a hierarchical generative model. In this
framework, the specific contextual and musical
entities act as distinct submodels. For instance, a
regional submodel and a modality submodel each
provide specific parameters that condition the base
Markov model. A preliminary DAG of the causal
paths of the parameters on the Markov model is
shown in Figure 1. The categorical variables in
the DAG are used as predictors, which in turn pa-
rameterize the hyperparameters α and β.

3 Musical content

Modality Modality is a concept that originated
in the Middle Ages and was used to group struc-
turally similar songs (Atkinson, 2009). In Figure
2, a chant characteristic for mode 7 (later called
G-mixolydian) is shown. However, this notion of
mode as structural similarity holds only for pro-
totypical and not all examples. In later theoreti-
cal writings, the final note (‘finalis’) is often seen
as decisive for the mode class (McAlpine, 2004).
However, it has recently been shown that the re-
mainder of a chant melody is also strongly influ-
enced by mode, as chant embeddings segmented
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Figure 1: Example of a causal Directed Acyclic Graph (DAG) of the different influences on the melody:
Date and Region influence Mode; Genre influences Text; Genre and Text influence Segmentation. All
of them have direct or indirect influence paths to the Chant melody.

Figure 2: A transcription of a characteristic mode 7 chant. Source: https://cantusdatabase.
org/chant/638421.

by n-grams yield better classification results than
final pitch and ambitus only (Cornelissen et al.,
2020). Nakamura et al. (2023) use a mixture
Markov model in which multiple mode-dependent
pitch transition matrices are inferred. This model
is close to ours here, but is limited to mode alone
as influence on the pitch sequence. One reason
mode has such a pervasive influence on melody
may be that it operates partly through a shared
vocabulary of reusable melodic segments (Helsen
et al., 2023). Lanz and Hajič jr (2025) provide sup-
port for this view by showing that an unsupervised,
memory-optimal segmentation of chant melodies
achieves state-of-the-art mode classification, sug-
gesting that melodic segments carry mode-specific
information.

Text In the Middle Ages, the lyrics of chants had
a significant influence on melodies (Treitler, 2003,
p. 17), e.g. they provide structure, as melodic end-
points coincide with semantic units of the lyrics.
Additionally, different metrical structures of lyrics
can influence melodic emphasis and thus the prob-

ability of pitch transitions. Finally, semantic inter-
pretation of lyrics can also influence melodies.

Furthermore, the same text is often accompa-
nied by different melodic variations in different
manuscript traditions, reflecting the influence of
geographical and temporal transmission on pitch
sequences. (Eipert and Moss, in press). These
variants can be systematically recovered through
sequence alignment and phylogenetic inference,
constituting another source of structured variation
that our generative model aims to capture.

4 Contexts

Liturgical Function & Genre Most chants
come from Christian liturgical sources, and they
are to be performed in liturgical rituals. This in-
fluences melodies, e.g., their lengths and com-
plexity (Hiley, 2009): antiphons, for instance, are
structurally simpler and shorter than responsories,
implying different distributions of pitch transi-
tions.

https://cantusdatabase.org/chant/638421
https://cantusdatabase.org/chant/638421


Regionality The melodies’ processes of trans-
mission are complex: from Rome to the Frank-
ish Empire, spreading further and further east,
and then back to Italy (Planchart, 2017). These
transmissions influence the melodic forms, partly
due to transmission errors, because regional actors
have an interest in leaving their own mark or be-
cause of the change of political borders (Eipert
and Moss, 2026). This, alongside church reg-
ulations, resulted in interesting constellations in
which a basic corpus of songs was handed down
virtually unchanged, with only minor regional
variations. Regional influence, therefore, depends
on genre.

Date In most cases, we can only approximate
the creation date of manuscripts by codicologi-
cal analysis of their material. It is difficult to
approximate the date of origin of the chants be-
cause the manuscript’s age provides only an up-
per bound on the time a chant existed. Ballen
et al. (2024) address this problem by applying Di-
vergence Time Estimation (DTE) to a Bayesian
phylogeny of chant melodies. With this method,
they separate the evolutionary rate from time in the
branch lengths of the inferred tree and assign prob-
ability distributions over dates to ancestral nodes.
Chant manuscripts can be understood as incom-
plete snapshots of a musical culture at a specific
point in time and place. To retrieve and orga-
nize this temporal and contextual metadata sys-
tematically across sources, we can rely on the
Cantus Database (Lacoste, 2022), which provides
the most extensive digital collection of Gregorian
chant with source-level provenance and dating in-
formation.

5 Conclusion

Melodies of Gregorian chant are shaped by the
rich interplay of musical and contextual factors
that have so far only been studied in isolation.
While deep learning architectures like the Trans-
former represent state-of-the-art techniques in se-
quence modelling, their black-box nature obscures
the explicit musical mechanisms we aim to in-
vestigate. Bayesian methods allow us to pre-
serve interpretable causal structures. In our ongo-
ing research, we propose a hierarchical generative
model that integrates these influencing factors–
modality, text, segmentation, ritual function, re-
gionality, and date–as explicit covariates to moder-
ate a Markov model of pitch transitions. Using this

model, we can reveal causal structures that purely
descriptive methods cannot access. For example,
by conditionalizing the text, the model can isolate
residual regional melodic variations that cannot be
explained only by textual structure. Similarly, the
model can reveal whether melodic fragments of a
particular pattern are stable in different regional
traditions, or whether parts of what appear to be
pattern vocabulary are regional products, which
only becomes apparent when both covariates are
included.
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