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Abstract

This study introduces a novel generative approach for crafting phrase-oriented rhyth-
mic patterns in jazz solos, leveraging statistical analyses of a comprehensive corpus, the
Weimar Jazz Database. Jazz solos, celebrated for their improvisational complexity, require
a delicate interplay between rhythm and melody, making the generation of authentic
rhythmic patterns a challenging task. This work systematically explores the relationships
among rhythmic elements, including phrases, beats, divisions, and patterns. The generative
method employs a Markov chain framework to synthesize rhythmic divisions and patterns,
ensuring stylistic coherence and diversity. An extensive evaluation compares original and
generated datasets through statistical and machine learning metrics, validating the gener-
ative model’s ability to replicate key rhythmic characteristics while fostering innovation.
The findings underscore the potential of this approach to contribute significantly to the
fields of computational creativity and algorithmic music composition, providing a robust
tool for generating compelling jazz solos.

Keywords: generative music; machine learning; algorithmic composition; statistical
methods; rhythmic patterns; jazz solos

1. Introduction

Jazz is a musical genre celebrated for its improvisational nature, particularly evident
in instrumental solos, where musicians create unrehearsed melodic lines that adhere to
intricate constraints of music theory. These melodic lines, monophonic sequences of notes
and rests, are typically guided by the harmonic framework provided by the underlying
chord progression. While this harmonic structure imposes theoretical constraints, jazz
musicians enjoy considerable creative freedom to explore unconventional melodic and
rhythmic ideas. This delicate balance between constraint and freedom is a hallmark of jazz,
allowing for unique and captivating performances.

The crafting of an engaging jazz solo requires a nuanced interplay between pitch and
rhythm [1]. A melodically innovative sequence of pitches paired with monotonous or
uninspired rhythms fails to captivate audiences, just as a rhythmically dynamic solo with
poor pitch selection may sound incoherent or lack direction. Among these two dimensions,
rhythm often serves as the driving force, providing energy, groove, and syncopation that are
quintessential to jazz. Rhythmic patterns, therefore, play a vital role in shaping the character
and emotional impact of a solo. Recent studies, such as Daikoku’s work on rhythmic pattern
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perception, emphasize the significance of rhythm for cognitive and aesthetic aspects of
music generation, highlighting its importance for jazz improvisation [2].

In jazz soloing, sequences of notes delineated by rests are typically organized into
phrases. These phrases serve as structural units within solos, acting as building blocks that
contribute to the overall coherence and narrative of the performance. Phrases allow for
repetition, variation, and transformation over time, which are key elements in developing
engaging musical content. By focusing on phrases, musicians can explore the interplay
of melody, rthythm, and harmony within smaller, manageable segments, a process that
facilitates both spontaneous creativity and structured improvisation. This phrase-oriented
perspective has been widely recognized as a cornerstone of effective music generation and
improvisation in jazz [3,4].

Despite its importance, rhythm has often been overshadowed by melody and harmony
in generative music research, especially in the context of jazz. This paper seeks to address
this gap by proposing a novel method for generating rhythmic patterns tailored for phrase-
oriented jazz solos. The method leverages a statistical analysis of rhythmic patterns ob-
served in a comprehensive corpus of jazz solos, namely the Weimar Jazz Database [5]. This
database, renowned for its extensive collection of annotated jazz performances, provides a
rich resource for studying the rhythmic and melodic characteristics of jazz improvisation.
By extracting statistical insights from this corpus, the proposed method identifies common
rhythmic motifs and their variations, enabling the generation of rhythmically compelling
and stylistically authentic jazz solos.

The statistical approach presented in this paper emphasizes the balance between
innovation and adherence to stylistic norms. It introduces a degree of unpredictability to
generate fresh and interesting rhythmic patterns while maintaining coherence with the
characteristic structures of jazz. This balance is particularly important for improvisational
genres like jazz, where musicians strive to surprise and engage their audience without
deviating too far from established conventions. By focusing on rhythmic patterns at the
phrase level, this work contributes to the broader field of generative music by addressing a
critical yet underexplored dimension of jazz improvisation.

1.1. Related Work

The Weimar Jazz Database (W]D) [5,6] has become a valuable resource for jazz research.
Researchers have utilized the database to explore various aspects of jazz music, such as
evaluating automated melody extraction algorithms based on jazz improvisations [7],
comparing the improvisatory styles of iconic jazz musicians like Miles Davis and John
Coltrane [8], and investigating metrical dependence in jazz solos [9]. The same authors
conducted a study that focused on the pitch, intervallic, and rhythmic aspects of these
musical motifs [9]. Furthermore, the Weimar Jazz Database has been used in corpus studies
to analyze jazz solos and explore insights relevant to jazz, groove, microrhythm studies,
and music perception [6]. Cross et al. investigated whether licks in jazz solos are metrically
dependent, shedding light on the relationship between interval patterns and metrical
position in jazz music [9]. The Jazz Transformer is a generative model that incorporates
structural events from the WJazzD to induce structures in Al-composed jazz music [10].
The research conducted by [11] emphasizes the importance of pattern recognition in music
and the exploration of music metadata. Ref. [12] introduced a novel time-swing ratio
representation called swingogram, which captures information related to the swing ratio
over time in jazz performances.

In the domain of generative jazz, pioneering work by [13,14] resulted in GenJam, a
genetic algorithm-based system developed to generate jazz solos. The interactive genetic
algorithm maintains hierarchically related populations of melodic ideas that are mapped to
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specific notes through scales suggested by the chord progression being played, simulating
the learning process of a novice jazz musician. This approach was further explored by [15]
in their study on generating four-part harmony using genetic algorithms. GenJam has
been a prominent case study for applying evolutionary computation to improvisation [16].
Ref. [17] also presented a system to produce jazz melodies using a genetic algorithm
and pattern learning based on variable-length chromosomes with geometric crossover to
accommodate the variable length, creating a jazz melody according to the preference of the
user and the training data.

Backman and Dahlstedt presented a system based on probabilistic and evolutionary
strategies to create artificial jazz solos [18]. The generation of the improvisatory material
uses interactive evolution based on a dual genetic representation: a basic melody line
representation with energy constraints and a hierarchic structure of operators that processes
the various parts of this basic melody.

Impro-Visor [19-21] is a music notation program designed to assist jazz musicians
in composing and hearing solos similar to their own. Ref. [22] used deep belief networks
(DBNs), a multi-layered composition of restricted Boltzmann machines (RBMs), to generate
jazz melodies over chord progressions. JazzGAN, a GAN that utilizes recurrent neural
networks (RNNs) to improvise monophonic jazz melodies over chord progressions, has
also been integrated into Impro-Visor [23].

Some generative music methods are not genre-specific. To solve the problem of
insufficient data for automatic generation of jazz, ref. [24] introduced a recurrent variational
auto-encoder as the generative model, using a genre-unspecified dataset as the source
dataset and a jazz-only dataset as the target dataset.

More recently, Row and colleagues introduced the JAZZVAR dataset [25], which
consists of variations found within solo piano performances of jazz standards. The dataset
includes 502 pairs of original and variation performances that were manually extracted
from solo jazz piano performances. Overall, the JAZZVAR dataset provides a valuable
resource for studying variations within solo piano performances of jazz standards.

In sum, the particularities of jazz have made it a prominent research topic in the realm
of symbolic generative music. In this sense, from the early days of rule-based systems, such
as jazz grammars [19], passing to machine learning methods such as genetic algorithms [13],
stochastic approaches [26,27], and neural networks [28-30], to the more recent advances in
the deep learning field [31,32], researchers have tried to develop symbolic techniques to
generate jazz solos that use machine learning to mimic human styles [33]. For a comparative
assessment of Markov models and recurrent neural networks (RNNs) for jazz music
generation, the reader is referred to [34].

The comparison in Table 1 shows that while deep neural methods (e.g., GANSs, Trans-
formers) excel at capturing long-term musical dependencies, they demand large train-
ing corpora and computational resources. Evolutionary and grammar-based systems
emphasize interactivity and rule encoding but are less suitable for corpus-driven rhyth-
mic modeling. In contrast, low-order Markov chains strike a balance of interpretability,
computational efficiency, and data efficiency, making them particularly appropriate for
phrase-level rthythmic generation from the Weimar Jazz Database subsets used here.

For a comprehensive review of general-purpose generative music methods beyond
the jazz domain, interested readers are referred to [35].
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Table 1. Comparison of generative approaches for jazz solos found in the literature.

Method

Advantages

Disadvantages

Genetic Algorithms
(GenJam [13,16,17]; [14,15,18])

Flexible; supports
interactive/fitness-driven learning;
handles variable-length structures.

Computationally heavy; requires
careful genotype/fitness design;
results hard to interpret.

Rule-based /Grammars
(Impro-Visor [19-21])

Interpretable; encodes
music-theoretic rules; efficient and
controllable output.

Limited adaptability; handcrafted
rules may not capture subtle
stylistic features.

Neural Nets (DBNs [22]; GANs [23];
RNN/VAEs [24])

Learn latent representations; capture
complex distributions and
long-range dependencies.

Require large data; training
instability (GANs); domain
adaptation complexity (VAEs).

Transformers (Jazz Transformer [10];
deep learning [30-32])

State of the art for long-range
coherence; powerful
sequence modeling.

Data- and compute-hungry; less
interpretable; prone to overfitting on
small corpora.

Stochastic/Markov Models [26,27]

Simple, interpretable, efficient;
effective with smaller datasets;
models local transition stats well.

Limited at capturing long-range
dependencies; higher orders require
more data.

1.2. Research Gap and Motivation

While significant advancements have been made in the field of generative music, par-
ticularly in modeling melodic and harmonic structures, the rhythmic dimension—especially
in the context of jazz improvisation—remains comparatively underexplored. Existing gen-
erative models often prioritize pitch-related aspects, leaving rhythm treated as a secondary
concern or relying on simplistic, quantized approaches that fail to capture the nuanced
phrasing and syncopation characteristic of jazz solos. This oversight is particularly limiting
given that rhythm in jazz serves not only as a temporal scaffold but as a central expressive
force, shaping groove, swing, and emotional contour.

Moreover, most thythm generation methods in the literature operate at a low structural
level—focusing on individual notes or beats—without sufficient consideration for larger
musical units such as phrases. Yet, phrases are fundamental to how jazz musicians organize
and develop musical ideas over time. The lack of phrase-oriented rhythmic modeling thus
represents a critical gap, restricting the potential of generative systems to produce solos
that are both stylistically convincing and musically engaging.

This study is motivated by the need to develop a generative framework that gives
rhythm a more prominent and structured role in the creation of jazz solos. By leveraging
the annotated richness of the Weimar Jazz Database and employing a statistically grounded
Markov chain model, the proposed method aims to synthesize rhythmic patterns that
reflect the diversity and coherence observed in authentic jazz improvisation. The focus
on phrase-level generation seeks to bridge the gap between low-level rhythmic model-
ing and high-level musical structuring, offering a more holistic approach to algorithmic
composition in jazz.

Through this work, we aim to contribute to the broader domain of computational
creativity by highlighting the generative potential of rhythm and demonstrating how
statistical models can yield both stylistic fidelity and creative diversity. This emphasis
on rhythm, particularly in a phrase-oriented context, not only enriches the capabilities of
generative systems but also aligns more closely with how jazz musicians conceive and
perform improvised solos.
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2. Materials and Methods
2.1. The Dataset

To analyze and model rhythmic patterns in jazz solos, we started with an event dump
of the W]D, the Events dataset, containing a list of all 289,000 note events along with
various annotations [5], particularly rhythmical and metrical information as well as phrase
segmentation (manually annotated in the WJD) and metadata. From this, we created
the Phrases dataset, by extracting phrases. Each entry in this dataset provided detailed
information about specific musical events, including their phrase positions, rhythmic
characteristics, performer, style, and tempo. The Phrases dataset was constructed to
capture higher-level rhythmic structures derived from the Events data, and it includes
fields essential for analyzing and modeling jazz phrase structures. From the Phrases dataset,
we further derived the Bigrams dataset, focusing on transitions between rhythmic events
to capture the probabilistic structures in rhythmic generation.

2.1.1. Phrases, Beats, Divisions, and Rhythmic Patterns

For the following, we first need to delineate some basic musical concepts and their
representation as used in the WJD and, consequently, in our datasets:

*  Beats (mapped in blue in Figure 1) provide the foundational temporal structure in the
W]D, indicating the regular pulse over which rhythms are created. Beats are typically
grouped into metrical units, called bars or measures (mapped in purple in Figure 1),
which, in the WJD, are almost exclusively groups of four beats (4/4 m). Beats are
virtual time-points inferred from the musical surface and used by all players as an
internal time reference to coordinate their interplay.

*  Divisions refer to the subdivision of beats into smaller virtual timepoints (tatums), on
which observed events are located. This allows efficient representation of rhythmic
complexity, ranging from straightforward rhythms to intricate, syncopated patterns.
In contrast to many other systems, each beat carries its own optimal subdivision,
instead of imposing a fixed grid across the whole solo. A note event in the WJD is
uniquely annotated with information of the surrounding metrical frame, the position
of the surrounding beat in a bar, and the position in the surrounding beat indexed by
local beat division and position in the local tatum grid (see Figure 1).

e Rhythm Patterns (highlighted in the red box in Figure 1) are our main object of
interest. Each beat in a solo is associated with a certain number of subdivisions, or
tatum positions, depending on its rhythmic complexity. Within each beat, note events
are mapped to these tatum positions. This mapping can be compactly represented as
a binary string, where each position corresponds to a tatum subdivision: a 1 indicates
the presence of an event, and a 0 indicates its absence (see orange arrows in Figure 1).
The length of this binary string reflects the number of subdivisions used in that beat.
A solo can therefore be described as a sequence of these binary rhythm patterns, each
linked to its corresponding beat. If a beat contains no events—such as during a rest or
a sustained note—it is either annotated with a single 0 or omitted entirely.

*  Bigrams capture local transitions between rhythmic events by considering all pairs of
adjacent binary rhythm patterns within a phrase. Each bigram consists of two consec-
utive rhythm patterns, providing a compact representation of rhythmic progression
across beats. This allows analysis of how rhythmic ideas evolve locally within phrases,
revealing tendencies such as repetition, variation, or syncopated displacement. Bi-
grams are especially useful for identifying characteristic transitions in the rhythmic
language of a performer or style.

*  Phrases are perceptual and productive groupings of sequences of note events that
represent a coherent musical thought or expression (a rhythmic gestalt), spanning a
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variable number of note events, beats, and bars (see Figure 1). Each phrase in our
dataset inherits the contextual metadata from the containing solo, such as tempo,
style, and performer, allowing us to analyze the specific characteristics associated with
various jazz artists and general musical parameters.

¢  Midlevel Annotation is an analytical grouping system, specifically devised for jazz
solos [36]. Its components, the midlevel units (MLUs), describe “playing ideas” that
the soloist uses to create the musical surface. There are nine main categories (1lick,
line, melody, rhythm, theme, void, fragment, expressive, quote), each with distinct
musical and referential characteristics, including different rhythmic designs. The most
common categories, 1ine and lick, differ mainly in their typical length (number of
notes) and, most importantly, the fact that 1ine MLUs have a much more uniform
rhythmic design than 1ick MLUs. A single phrase can consist of one or more MLUs.

Together, phrases, MLUs, beats, divisions, and rhythm patterns provide a structured
framework for analyzing and generating jazz solos at the rhythmic and structural levels.
By modeling these elements, we aim to capture key aspects of jazz rhythm, enabling the
generation of new solos that retain the rhythmic essence of the original performances.
Figure 1 presents an example of a phrase and its corresponding divisions sequence and
rhythm pattern.

0 o sfer £liglE Pefe, | ob =
#ﬁ@u‘ i " ! - e — — | i{) o | ' I

%;L r L3 3o = B
Divisions 2 1 2 1 3 1 4 3 1 5 1 1
AN | A\ | A | /AN JAN| 7h | |

F’attern 01 |1 11 1 101 |1 0111 101 1 01111 1 1)

Beat in bar 4 1 2 3 4 1 2 3 4 1 2 3
Bar 0O Bar 1 Bar 2 Bar3

Phrase 1

Figure 1. First phrase (lick) of the solo “Billie’s Bounce” by Charlie Parker: length (beats) = 12;
rhythmic pattern = 01,1,11,1,101,1,0111,101,1,01111,1,1.

2.1.2. First Level of Detail: Phrases Dataset

The Phrases Dataset provides a foundational level of detail for understanding and
generating jazz solo structures. This dataset, saved in phrases.csv, compiles essential
information on phrase-level features, offering insights into the rhythmic, stylistic, and
performative aspects of each phrase within a jazz solo.

Each entry in the Phrases Dataset represents an individual phrase with attributes
that describe its rhythmic structure, stylistic context, and performer details. The primary
fields included are as follows:

e mlu: This field categorizes each phrase into one or more musical types, such as lick or
line, which represent playing ideas typical in jazz improvisation as described above.

* notes: Counts the number of notes within each phrase, offering a basic measure of the
phrase’s complexity and rhythmic density.

¢  length: Represents the phrase duration in beats, capturing the temporal span and
aiding in comparisons of phrase length across different tempos and styles.

¢ divisions: Specifies the subdivisions within each beat, providing detailed insight into
the rhythmic intricacies, including syncopation and variations in beat subdivision that
are characteristic of jazz.
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¢ rhythm: Encodes the rhythmic pattern of each phrase as a sequence. This field
is crucial for modeling rhythmic patterns and serves as a reference for evaluating
generated rhythms.

Table 2 presents a very small excerpt from the dataset phrases.csv, showcasing a
lick and a line performed by Art Pepper in a COOL jazz style with an UP tempo and
SWING feel.

Table 2. Excerpt of phrases. csv (four licks and two lines).

Bars Start  Start End End

Id Mlu  Style Tempo  Performer  Feel Span  Bar Beat  Bar Beat Notes Length Divisions Rhythm

1.5 lick cooL  up Art SWING 2 16 4 17 1 2 2 4,2 0001,01
Pepper

1.6 lick cooL  ur Art SWING 1 18 1 18 3 4 3 14,1 1,1001,1
Pepper

1.7 lick cooL  ur Art SWING 2 19 3 20 1 5 3 14,2 1,1001,11
Pepper

1.8 line COOL UP Art SWING 2 21 3 22 3 10 5 2,2222 11,11,11,11,11
Pepper

1.9 line COOL UP léef}t)per SWING 2 23 2 24 3 9 6 422,124 0001,01,11,1,11,1001

110 lick cooL  up Ié;;)per SWING 2 25 3 26 4 7 6 222411 01,01,11,0001,1,1

2.1.3. Second Level of Detail: Bigrams Dataset

To encode rhythmic transitions within jazz solos, we constructed the Bigrams Dataset
from the Phrases Dataset. This dataset focuses on pairs of consecutive rhythmic units
within each phrase, referred to as “bigrams”. By examining bigrams, we can analyze the
1st-order Markov transition probabilities based on beat divisions and tatum positions. This
facilitates a more detailed understanding of the rhythmic flow and nuances of jazz phrases.

The Bigrams Dataset is organized into the following fields, each offering insights
into different aspects of rhythmic transition:

*  position: This indicates the bigram’s position within the phrase, allowing for analysis
of how rhythmic patterns evolve from the beginning to the end of a phrase.

e division: This denotes the specific beat subdivision of the first unit in the bigram.
This field provides the initial rhythmic context, capturing where the transition begins
within a beat.

¢  division follower: This specifies the beat subdivision of the second unit in the bigram.
This transition from Division to Division Follower provides insights into how
rhythmic subdivisions are developed or shifted.

e  division bigram: This represents the combined sequence of Division and Division
Follower, encapsulating the entire rhythmic transition within the bigram. This allows
for efficient comparison and analysis of distinct subdivision patterns.

e  pattern: This encodes the rhythmic pattern that encompasses the bigram, allowing us
to contextualize the transition within broader rhythmic motifs.

o  follower: This details the rhythmic position following the bigram.

¢ bigram: This represents the entire sequence of rhythmic events and subdivisions
within the bigram.

Table 3 presents an excerpt from the bigrams. csv dataset, focusing on six consecutive
bigrams extracted from a melodic line performed by Art Pepper in the COOL style and UP
tempo. Each row corresponds to a specific position within the line and provides detailed
information about the musical structure, including the melodic line unit (MLU), division
and its follower, and their paired bigram, as well as the associated rhythmic pattern and
follower sequences represented in binary form.
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Table 3. Excerpt of bigrams. csv (six bigrams of a line).

Position Mlu Style Tempo Performer Division Division_Follower Division_Bigram Pattern Follower Bigram

1 line COOL UP Art Pepper 4 2 [4]2] 1 1 [0001]01]
2 line COOL UP Art Pepper 2 2 [2]2] 1 11 [01]11]

3 line COOL UP Art Pepper 2 1 [2]1] 11 1 [11[1]

4 line COOL UP Art Pepper 1 2 [1]2] 1 11 [1]11]

5 line COOL UP Art Pepper 2 4 [2]4] 11 1001 [11]1001]
6 line COOL UP Art Pepper 4 0 [4]0] 1001 0 [1001|0]

By focusing on rhythmic transitions, the Bigrams Dataset provides a second level of
detail for understanding jazz rhythms at a microstructural level. This dataset is fundamen-
tal for training and evaluating generative models to accurately predict rhythmic transitions,
capturing not only isolated rhythms but also the contextual flow and progression within
phrases. Together with the Phrases Dataset, this dataset enables a comprehensive ap-
proach to modeling and generating realistic jazz solos with authentic rhythmic variations.

For both datasets (phrases and bigrams), we also have the inherited metadata, which
are the following:

e style: This defines the broader stylistic category of the phrase, such as “BEBOP”,
“HARDBOP”, “POSTBOP”, and “COOL”, providing context on the overall aesthetic
and rhythmic tendencies associated with the style.

¢ tempo: This indicates the tempo at which the phrase is performed, with values such as
“UP”, “MEDIUM UP”, “MEDIUM”, and “MEDIUM SLOW”. These tempo categories
impact the rhythmic feel and articulation, as well as the density of notes within
each phrase.

¢ performer: This identifies the musician responsible for the phrase, allowing for an
analysis of how individual performers interpret rhythm and phrase structure within
different tempos and styles.

Several of the features in the dataset, such as position, division, pattern, and bigram, are
treated as categorical variables. At first glance, this could give the impression that these
variables belong to potentially infinite spaces, since some of them are represented as strings
of varying length. In practice, however, all categories are simply defined as the union of
all observed values in the dataset, and therefore remain finite. For clarity, we report the
number of unique categories for each feature. The style covers 4 main categories: POSTBOP,
HARDBOP, COOL, and BEBOP. Tempo is distributed across 4 categories, namely UP,
MEDIUM UP, MEDIUM, and MEDIUM SLOW. The dataset further includes 54 unique
performers, 12 unique values for division, 13 for division_follower, 118 for division_bigram,
180 for pattern, 176 for follower, and 3021 for bigram. While some of these feature spaces are
large and lead to sparsity, this sparsity is intrinsic to the nature of jazz improvisation, where
diversity and variation are central, and our statistical framework is explicitly designed to
handle this richness.

2.2. Statistical Analysis

This section provides an in-depth evaluation of the rhythmic and structural charac-
teristics present in the original corpus, examining both the Phrases and Bigrams datasets.
By conducting statistical tests and exploring various metrics, we aim to gain insights
into the rhythmic patterns, subdivisions, and stylistic variations inherent to jazz solos.
The subsections that follow detail two levels of analysis: Phrases Analysis investigates
phrase-level metrics such as note count, rhythmic length, and stylistic consistency, while
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Bigrams Analysis examines the finer-grained rhythmic transitions between subdivisions
within phrases.

2.2.1. Determining Dependent and Independent Variables in Phrases

To better understand the dependencies among key phrase-level variables, we com-
puted pairwise Cramér’s V values, a statistical measure of association between categorical
variables. This analysis aims to identify which variables are most likely to influence others,
thereby distinguishing dependent from independent factors. Figure 2 presents a heatmap
of the resulting Cramér’s V values for variables such as style, performer, mlu, tempo,

length, divisions, and rhythm. Values closer to 1 indicate a strong association, while values
near 0 suggest independence. These results guide the selection of variables for downstream
modeling tasks by revealing the underlying structure of dependencies within the dataset.

performer style

mlu

tempo

rhythm divisions length

Figure 2. Cramér’s V Heatmap for “style”, “performer”, “mlu”, “tempo”,

1.0

0.8

Cramér's V

-0.4

-0.2

style performer miu tempo length divisions rhythm

”oou ”ou ”ou ”vou

length”, “divisions”,

and “rhythm”.

Strong Associations:

style and performer (Cramér’s V = 0.9166): This strong association suggests
that specific styles are closely linked to particular performers.

style and rhythm (Cramér’s V = 0.9520): A high association indicates that rhythm
patterns are significantly influenced by the style, implying a strong relationship
between these two variables.

performer and rhythm (Cramér’s V = 0.9540): This value suggests that rhythm is
also highly associated with the performer, indicating that each performer likely
follows distinct rhythmic patterns.

mlu and rhythm (Cramér’s V = 0.9789): This near-perfect association shows that
rhythmic patterns are heavily dependent on mlu.

length and divisions (Cramér’s V = 1.0000), length and rhythm (Cramér’s
V =1.0000), and divisions and rhythm (Cramér’s V = 1.0000): These values of
1.0000 indicate perfect associations, meaning that length, divisions, and rhythm
are entirely dependent on each other.

Moderate Associations:

performer and divisions (Cramér’s V = 0.8368): This suggests a strong but not
perfect link between the performer and divisions.
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- mluand divisions (Cramér’s V = 0.9152): This is a high association, indicating
that the mlu variable strongly correlates with divisions.

- tempo and rhythm (Cramér’s V = 0.9601): This strong association implies
that tempo has a significant impact on rhythm, suggesting tempo-specific
rhythmic patterns.

—  performer and tempo (Cramér’s V = 0.4356): This moderate association suggests
that certain tempos are more common among specific performers.

Weak or Low Associations:

-  style and mlu (Cramér’s V = 0.0398): The low association between style and mlu
suggests that these two variables are mostly independent.

- mlu and tempo (Cramér’s V = 0.0659): This indicates a minimal relationship,
suggesting that mlu and tempo vary independently of each other.

—  tempo and length (Cramér’s V = 0.1585): This low association shows that the
tempo does not strongly affect the length.

Justification for Excluding style as a Variable for Generating rhythm:

Despite the high association between style and rhythm (Cramér’s V = 0.9520), other
variables such as length, divisions, and performer demonstrate equally strong
or even stronger associations with rhythm. Since both performer and divisions
are already highly dependent on style (Cramér’s V values of 0.9166 and 0.8320,
respectively), the effect of style on rhythm may be adequately captured indirectly
through these variables. Consequently, incorporating style directly in a generative
model for rhythm may be redundant, as its influence can be represented through
the other strongly associated variables, simplifying the model without sacrificing
predictive accuracy.

2.2.2. Feature Importance Analysis

To determine the most influential variables for predicting both divisions and rhythm

in the dataset, we used a Random Forest Classifier, configured with a test size of 0.2,
100 estimators, and a fixed random seed of 42 for reproducibility. This approach enables a

robust assessment of feature importance by leveraging an ensemble of decision trees, each

trained on a random subset of features and samples. Results are depicted in Figures 3 and 4.

Features

performer

Feature Importance for Predicting 'divisions'

tempo

length

0.0 0.1 0.2 0.3 0.4 0.5
Importance Score

Figure 3. Feature importance for predicting divisions using a Random Forest classifier.



Appl. Sci. 2025, 15, 11058

11 of 30

Feature Importance for Predicting 'rhythm'
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length

divisions
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Figure 4. Feature importance for predicting rhythm using a Random Forest classifier.

The analysis was conducted in two stages, as summarized in Figures 3 and 4. This
sequential design is motivated by the fact that divisions play a foundational role in
shaping rhythmic patterns and must be generated before rhythm.

1.  Prediction of divisions: First, we trained a Random Forest model to predict
divisions. The feature importance results indicated which variables significantly
contribute to the formation of divisions in the dataset.

2. Prediction of rhythm given divisions: In the second stage, we trained a separate
Random Forest model to predict rhythm, using divisions as one of the predictive
features. By analyzing the feature importances for rhythm, we identified the variables
most critical to defining rhythmic structures once divisions had been established.

2.2.3. Justification for Sequential Generation of Variables

The results from the feature importance analysis support a sequential approach in
generating divisions before rhythm. The high dependency of rhythm on divisions im-
plies that attempting to predict rhythm prior to generating divisions would introduce
inaccuracies and result in less coherent patterns. This sequential generation aligns with
the underlying structure of jazz phrasing, where rhythmic patterns (rhythm) are heav-
ily informed by subdivisions and meter (divisions). Consequently, by first predicting
divisions and then utilizing it as an input for predicting rhythm, we achieve a more
reliable model that reflects the dependencies inherent in the data.

2.2.4. Determining Dependent and Independent Variables in Bigrams

To understand the interdependencies within bigram-level representations of musical
phrases, we analyze the associations between key categorical variables using Cramér’s V.
This statistical measure quantifies the strength of association between pairs of categorical
variables, helping to identify which variables are closely related and which are largely inde-
pendent. Figure 5 presents the pairwise associations, where values close to 1 indicate strong
relationships and values near 0 denote weak or no dependency. This analysis provides a
basis for selecting dependent and independent variables, revealing both strongly coupled
pairs (such as style and performer) and more isolated variables (such as position) within
the context of bigram-based rhythmic modeling.
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Figure 5. Association matrix (Cramér’s V) for categorical variables in bigrams.

e  Strong Associations:

style and performer exhibit a very strong association (0.9205), suggesting that
particular styles are closely associated with specific performers.
division_follower and follower show a high association (0.7900), indicating
that the follower division is strongly influenced by the division_follower variable.
division and pattern also show a significant association (0.7091), suggesting
that divisions are closely tied to specific patterns.

. Moderate Associations:

tempo and performer have a moderate association (0.4150), indicating that certain
tempos may be more common among particular performers.

tempo and pattern (0.2566), as well as division and follower (0.2564), display
moderate associations. This suggests some influence of tempo and division on
pattern and follower, respectively.

mlu and performer (0.2729), as well asmlu and follower (0.2333), show moderate
associations, indicating that mlu values may correlate with specific performers
and followers.

e Weak or Low Associations:

Variables such as position show low associations with most other variables, with
the highest association being 0.1971 with mlu. This indicates that position is
relatively independent in the dataset.

division_follower has weak associations with most variables except for
follower and pattern.

The relationships between style and variables like division (0.0709) and
division_follower (0.0685) are also weak, suggesting minimal dependence.

¢ Conclusion: Overall, the dataset contains both strong and weak associations among
the variables. Strong associations, such as between style and performer or
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division_follower and follower, suggest dependencies that may be useful for mod-
eling. However, variables with low association values, such as position, are rela-
tively independent and might contribute less directly to predictive models targeting
other variables.

2.2.5. Feature Importance Analysis with Random Forest Classifier

To determine the most influential variables for predicting both pattern and division
follower in the dataset, we used a Random Forest Classifier, configured with a test size of
0.2, 100 estimators, and a fixed random state of 42 for reproducibility. This approach enables
a robust assessment of the importance of features using a set of decision trees, each trained
on a random subset of features and samples. Results are depicted in Figures 6 and 7.

Feature Importance for Predicting 'pattern'

performer

Features

division

division_follower

follower

0.0 0.1 0.2 0.3 0.4 0.5
Importance Score

Figure 6. Feature importance for predicting pattern using a Random Forest classifier.

Feature Importance for Predicting 'division_follower"

performer

tempo

Features

division

pattern

0.0 0.1 0.2 0.3 0.4 0.5
Importance Score

Figure 7. Feature importance for predicting division follower using a Random Forest classifier.

2.3. Generative Method

This section details the phrase-oriented generative method for rhythmic patterns,
which forms the core of this paper. As discussed in the previous section, we consider
performer, tempo, and mlu as independent variables. Consequently, it is assumed that these
variables are already defined when generating the rhythmic pattern for a phrase. The
first step involves generating the length (in beats) of the phrase, using the probabilities of
length occurrences conditioned on the given combination of the three initial variables (per-
former, tempo, and mlu). If a predefined target length is specified, this step can be omitted.
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Once the four initial parameters are established, the next step is to generate the
sequence of divisions within the phrase using a Markov chain approach. The first division
in the sequence, called seed division, is randomly selected based on the probabilities of
the first division values in the original dataset for the combination of parameters given.
Subsequent divisions are generated stochastically, using a Markov transition matrix that
encodes the probabilities of division transitions within the filtered portion of the training
dataset (filtered by performer, tempo, and miu). If a “0” division is generated at any step, a
new seed division is selected, and the process continues.

Following the generation of the division sequence, a probability matrix is constructed
based on the filtered dataset and the specific divisions present in the sequence. This matrix
is then used to probabilistically generate the corresponding rhythmic pattern. For each
division in the sequence, a segment of the rhythmic pattern is sampled and appended to
form the full phrase-level rhythmic structure.

Figure § illustrates this process step by step, showing how a division sequence is first
generated using a Markov chain model and subsequently transformed into a rhythmic
pattern sequence. This example corresponds directly to Sample 1 (John Coltrane, Line
Up), where the final output rhythmic patternis [1101, 01, 11, 11, 11], as also shown
in Figure 9. The complete generative method is formally described in Algorithm 1.

Algorithm 1: Phrase-oriented generative method for rhythmic patterns

Input: performer, tempo, mlu, and optionally a target length
Output: Generated rhythmic pattern for a phrase
Procedure:
// Step 1: Determine Phrase Length
if Target length is predefined then

‘ Set length = target length;

else
L Generate length (in beats) based on the probability distribution of length

occurrences for the given combination of performer, tempo, and mlu;

// Step 2: Generate Division Sequence
Initialize division_sequence as an empty list;
Seed division <— Randomly select based on probabilities of first division values in the
filtered dataset for the combination of performer, tempo, mlu, and length;
Append seed division to division_sequence;
for each subsequent division in the sequence do
Generate next division stochastically based on the filtered Markov transition matrix;
if division = 0 then
L Generate a new seed division as the subsequent division;

Append the generated division to division_sequence;

// Step 3: Generate Rhythmic Pattern
Build a probability matrix for rhythmic patterns filtered by division_sequence;
Initialize rhythmic_pattern as an empty list;
for each division in division_sequence do
Generate a piece of rhythmic pattern stochastically;
Append the generated rhythmic pattern to rhythmic_pattern;

// Final Output
Return the complete rhythmic_pattern;
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Figure 8. Step-by-step division sequence and rhythmic pattern generation, exemplified with Sample 1.

J=UP

Figure 9. Sample 1-John Coltrane, Line Up, generated rhythmic pattern: 1101,01,11,11,11.

From a musical perspective, low-order Markov chains provide a desirable balance
between predictability and variability. First-order transitions capture local dependencies
between adjacent divisions or rhythmic patterns, enabling stylistically coherent outputs,
while still allowing for enough stochasticity to generate creative variation. Higher-order
models, on the other hand, tend to reproduce longer deterministic subsequences from the
training data, thereby reducing generative novelty and potentially leading to overfitting.
Conversely, purely random or uniform selection mechanisms neglect stylistic coherence
altogether. Therefore, the adoption of low-order Markov chains is not only computationally
efficient and data-appropriate, but also musically aligned with the objective of generating
coherent yet varied rhythmic sequences.
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3. Results

Before generating new phrases, the original datasets (phrases and bigrams) were
randomly shuffled and split into separate training and test sets. The original phrases
dataset was divided into phrases_train. csv containing 80% of the records (5246 entries)
and phrases_test.csv containing the remaining 20% (1312 entries). Similarly, the bigrams
dataset was split into bigrams_train. csv with 52,297 records and bigrams_test.csv with
13,075 records.

The training subsets were used to train the generative method described in Section 2.3.
Once trained, this method was used to generate a new dataset of phrases for evaluation
purposes. To ensure a fair comparison, the size of the generated dataset matches that of the
test dataset.

In the remainder of this section, we present a statistical validation of the generative
method by comparing the generated data to the original test sets. Following the quantitative
assessment, we showcase a selection of listenable jazz solos generated by the model to
illustrate its musical effectiveness and stylistic plausibility.

3.1. Phrases Statistics: Test vs. Generated

Table 4 presents a comparison of descriptive statistics between the test and generated
datasets, focusing on the notes (number of notes per phrase) and length (duration in beats)
features. The means are nearly identical for both features—16.36 vs. 16.31 for notes and 8.40
for length in both cases—indicating that the generative model accurately reproduces the
average phrase size and duration found in the original data. The standard deviations are
also closely aligned, suggesting that the generative model maintains the same variability
as the original dataset. Minimum and maximum values match exactly, showing that the
generated data spans the same range as the original. The percentiles (25th, 50th, and
75th) further confirm this correspondence, though a slight deviation appears in the 75th
percentile of length (12 vs. 11), hinting at a modest tendency toward slightly longer phrases
in the generated data. Overall, these statistics suggest that the generated phrases exhibit
strong statistical similarity to the original phrases in terms of both note count and temporal
structure. This alignment supports the model’s ability to replicate key surface-level features
of the original corpus.

Table 4. Comparison of descriptive statistics between original and generated data for the notes and
length features.

Notes Length
Original Generated Original Generated
Mean 16.36 16.31 8.40 8.40
Std. Dev 10.85 10.79 5.37 5.36
Min 1 1 1 1
25th Percentile 8 8 4 4
Median 13 13 7 7
75th Percentile 23 23 11 12
Max 48 48 25 25

Figure 10 presents a comparison of the distributions of key features between the
test and generated datasets. Subfigure (a) shows the frequency of phrases per performer,
ordered in descending order of occurrence. The generated data successfully mirrors the
overall distribution, suggesting that the model captures performer-specific stylistic tenden-
cies. Subfigure (b) displays the distribution of phrase lengths in beats, where a close match
can be observed, with both datasets exhibiting a similar range and modal values. Subfig-
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ure (c) focuses on the MLU (line and lick), showing strong alignment between datasets.
Finally, Subfigure (d) compares the distribution of tempo values, revealing that the gener-
ative model effectively maintains the temporal context of the original phrases. Together,
these plots provide evidence that the model retains crucial categorical and numerical
distributional properties from the source material.

Frequency Comparison of Length

Frequency Comparison of Performer 010 —riginal

»»»»»»»»

nnnnnn

(a) (b)

Frequency Comparison of Tempo

Frequency Comparison of Miu

Frequency

Figure 10. Frequencies comparison in phrases between original (test) and generated data.
(a) Performer (ordered by frequency descending). (b) Length. (¢) MLU. (d) Tempo.

3.1.1. Statistical Tests for Notes in Phrases

To assess the similarity between the test and generated datasets for the variable notes,
we performed three statistical tests: T-test, Kolmogorov-Smirnov (KS) test, and Mann—
Whitney U test. The results are as follows:

e T-test: t-statistic = 0.2430, p-value = 0.8080. Since the p-value is greater than 0.05, we
conclude there is no significant difference in the means of notes between the test and
generated datasets. This indicates that the generative model produces phrases with a
similar average number of notes.

e KS-test (Kolmogorov—-Smirnov): KS-statistic = 0.0061, p-value = 0.9998. The high
p-value suggests no significant difference in the overall distribution of notes be-
tween datasets. This result implies that the generative model closely replicates the
distribution of notes.

e Mann-Whitney U: U-statistic = 18,429,602.5000, p-value = 0.8829. The p-value further
confirms no significant difference in the ranks of notes values, indicating similar
distributions and order between the test and generated datasets.

Figure 11 presents a comparative evaluation of the notes variable between test and
generated phrases. The left panel shows a KDE (Kernel Density Estimate) plot, highlighting
the distribution similarity between the original dataset (blue) and the generated dataset
(red). The right panel presents boxplots for both datasets, illustrating comparable medians,
interquartile ranges, and the presence of outliers. The analysis demonstrates that the
generative model closely replicates the statistical properties of the original data in terms of
the number of notes per phrase.



Appl. Sci. 2025, 15, 11058

18 of 30

KDE Plot: notes

Boxplot: notes

0051 [ Original

[ Generated

0.04 A

0.03 4

Density

0.02 4

0.01 4

0.00

50 A

40 1

304

notes

204

10 4

0 10 20 30 40 50
notes

Original Generated
Source

Figure 11. Comparative evaluation of the notes variable between original (test) and generated phrases.

3.1.2. Statistical Tests for Length in Phrases

As before, to assess the similarity between the test and generated phrases datasets

for the variable length, we performed the same three statistical tests: T-test, Kolmogorov—-

Smirnov (KS) test, and Mann—-Whitney U test. The results are as follows:

o T-test: t-statistic = —0.0673, p-value = 0.9463. The p-value is well above 0.05, showing
no significant difference in the means of length between datasets. This suggests that

the generative model produces phrases with lengths close to those of the original data.
¢ KS-test: KS-statistic = 0.0056, p-value = 1.0000. This high p-value suggests that the
distribution of 1length is nearly identical between the test and generated datasets.
*  Mann-Whitney U: U-statistic = 18,392,262.0000, p-value = 0.9629. The p-value further
supports that there is no significant difference in the distribution ranks of length

values between the datasets.

Figure 12 shows a comparison of the 1length variable between original test and gen-
erated phrases. The left panel presents a KDE plot, showcasing the distribution overlap
between the original dataset (blue) and the generated dataset (red), indicating similar
statistical properties. The right panel displays boxplots for both datasets, illustrating the

central tendency and variability. The results suggest that the generative model maintains

a comparable distribution for phrase lengths, with minimal discrepancies between the

two datasets.
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3.1.3. PCA-Based Analysis of Notes and Length in Phrases

To conclude the statistical evaluation of the phrase generation method, Figure 13
presents a PCA (Principal Component Analysis) projection of the original and generated
phrases based on the variables notes and length. The scatter plot illustrates the distribution
of data points in a reduced two-dimensional space, where blue points correspond to
the original dataset and red points to the generated dataset. The substantial overlap
between the two distributions indicates that the generative model successfully captures
and preserves the underlying structure of the original data in terms of phrase characteristics.

PCA Projection of Original vs. Generated Phrases (Notes and Length)
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Figure 13. PCA projection of the original (test) and generated phrases, based on the variables notes
and length.

3.2. Bigrams Statistics: Test vs. Generated

From the generated phrases dataset (phrases_generated. csv), we extracted the cor-
responding bigrams dataset (bigrams_generated.csv). This section presents an eval-
uation of the generated bigrams by comparing them with the test bigrams dataset
(bigrams_test.csv), which contains the 20% of the original data reserved for testing
and not used during model training.

Figures 14-21 show the frequency comparison of the top 95% most frequent values
for the variables pattern and division follower across different tempo and MLU cat-
egories. Each row represents a distinct tempo-MLU pair: UP, MEDIUM UP, MEDIUM,
and MEDIUM SLOW. For each pair, the left plot illustrates the distribution of pattern
values (Figures 14, 16, 18 and 20), while the right plot displays the distribution of division
follower values (Figures 15, 17, 19 and 21). The visualizations highlight notable simi-
larities between the test and generated datasets, suggesting that the generative method
accurately captures the distributional structure of these variables across different rhythmic
and temporal contexts.
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Figure 14. Pattern (UP).

Frequency Comparison of Top 95% Division_follower by MLU (Tempo=UP)
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Figure 15. Division follower (UP).

Frequency Comparison of Top 95% Pattern by MLU (Tempo=MEDIUM UP)
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Figure 16. Pattern (MEDIUM UP).
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Frequency Comparison of Top 95% Division_follower by MLU (Tempo=MEDIUM UP)
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Figure 17. Division follower (MEDIUM UP).

Frequency Comparison of Top 95% Pattern by MLU (Tempo=MEDIUM)
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Figure 18. Pattern (MEDIUM).
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Figure 19. Division follower (MEDIUM).
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321

. Statistical Tests for Pattern in Bigrams

We conducted statistical tests to evaluate the similarity between the test and generated

datasets for the variable pattern. The following results were obtained:

T-test: t-statistic = —0.0943, p-value = 0.9249. Since the p-value is greater than 0.05,
there is no significant difference in the means of pattern between the datasets. This
suggests that the generative model is producing patterns with similar average values
as the original dataset.

KS-test (Kolmogorov—Smirnov): KS-statistic = 0.0174, p-value = 0.9777. The p-value
indicates no significant difference in the overall distribution of pattern between the
test and generated datasets, suggesting that the generative model closely replicates
the original distribution.

Mann-Whitney U: U-statistic = 1,133,057.0000, p-value = 0.5512. The p-value suggests
no significant difference in the ranks of pattern values, indicating that the generative
model produces a similar distribution and order of patterns.
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Moreover, Figure 22 presents the analysis of the variable pattern for the original
test and generated datasets. The left panel shows a KDE plot comparing the density
distributions of the original test (blue) and generated (red) datasets, demonstrating strong
alignment in the overall shapes and spreads. The right panel presents a boxplot of pattern,
highlighting similarities in medians, interquartile ranges, and the distribution of outliers
between the two datasets. These results indicate the generative model’s ability to replicate
the statistical properties of pattern effectively.
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Figure 22. Evaluation of the variable pattern for the original test (blue) and generated (red) datasets.

3.2.2. Statistical Tests for Division_Follower in Bigrams

As for the pattern_encoded variable, we also conducted statistical tests to evaluate
the similarity between the test and generated datasets for the variables division_follower.
The following results were obtained:

e T-test: t-statistic = 0.2752, p-value = 0.7832. The p-value indicates no significant
difference in the means of division_follower between the datasets, showing that the
generative model approximates the average values of the original dataset.

o KS-test: KS-statistic = 0.0261, p-value = 0.6897. This result indicates no significant
difference in the overall distribution of division_follower, suggesting that the gen-
erative model is producing values with a similar distribution to the original data.

e Mann-Whitney U: U-statistic = 1,131,436.0000, p-value = 0.5988. The p-value suggests
no significant difference in ranks, further confirming the similarity in distribution and
order of division_follower values between the original test and generated datasets.

Moreover, Figure 23 presents the evaluation of the variable division_follower for
the test and generated datasets. The left panel shows a KDE plot comparing the den-
sity distributions of the original test (blue) and generated (red) datasets, indicating close
alignment in their shapes and spreads. The right panel presents a boxplot of the same
variable, illustrating similarities in medians, interquartile ranges, and the distribution of
outliers between the two datasets. Overall, the results demonstrate the generative model’s
effectiveness in reproducing the statistical properties of division_follower.
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Figure 23. Evaluation of the variable division_follower for the original test (blue) and generated
(red) datasets.

3.3. Generative Music Solos Examples

To complement the statistical evaluation, we present a set of illustrative examples
demonstrating the generative model’s output in a musically meaningful form. These
examples highlight the model’s ability to reproduce stylistically coherent jazz rhythmic
phrases under varying conditions of tempo. The harmonic context for each example was
generated using the method proposed by Raposo and Soares [37], which produces plausible
jazz chord progressions. The accompanying bass lines were created by arpeggiating
the notes of the underlying chords, providing harmonic grounding and forward motion.
Melodic solo lines were constructed using arbitrary sequences of chord tones to maintain
harmonic coherence.

Most importantly, the rhythmic patterns of the solos were generated using the method
presented in this paper, showcasing the model’s effectiveness in producing realistic and
stylistically appropriate jazz rhythms.

3.3.1. Example 1 (300 BPM)

The example solo presented in Figure 24 was generated at a fast tempo (300 BPM),
highlighting the model’s ability to maintain rhythmic coherence and stylistic integrity even
under high-speed conditions. The solo features syncopations, rests, and phrase groupings
that reflect common rhythmic practices in bebop and hard bop styles. The full arrangement,
including accompaniment, can be listened to at https://musescore.com/user/101346721/
scores /26537644 (accessed on 12 October 2025).

3.3.2. Example 2 (200 BPM)

The example solo presented in Figure 25 was generated at a medium tempo (200 BPM),
allowing for more space between phrases and a different rhythmic feel. In this example,
the generative model produces longer note durations, smoother transitions, and occasional
anticipations, illustrating its adaptability across different rhythmic contexts. The complete
audio, including harmonic and bass accompaniment, can be heard at https://musescore.
com/user/101346721/scores /26538247 (accessed on 12 October 2025).
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Figure 24. Solo example 1 (300 BPM). It can be heard in context with accompaniment at https:
/ /musescore.com/user/101346721/scores /26537644 (accessed on 12 October 2025).

3.3.3. Example 3 (148 BPM)

The example solo presented in Figure 26, was generated at a slower tempo of 148 BPM,
providing space for greater rhythmic nuance and expressive phrasing. This example
demonstrates the model’s capability to produce relaxed, swing-inspired patterns that
balance syncopation with sustained notes. The rhythm exhibits characteristic features
of medium swing jazz, including offbeat accents and varied note groupings. The full
version, including accompaniment, can be heard at https:/ /musescore.com /user /101346
721/scores /26538610 (accessed on 12 October 2025).

3.3.4. Supplementary Examples

A set of generated solos for popular jazz standards is included as MIDI files in the
Supplementary Materials (see Table 5). These examples allow experienced jazz listeners to
assess the stylistic coherence and rhythmic plausibility of the generated solos, providing
a qualitative evaluation of the model’s output across different tempos. The MIDI files
represent performances by a jazz ensemble trio—upright bass, piano, and tenor saxophone.
While the files are computer-generated and not performed by humans, which may influence
the realism of the instrumental interpretation, they nevertheless convey the human-like
feel and stylistic character of the generated solos.
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Table 5. Generated jazz solos included as Supplementary MIDI files.
Jazz Standard Tempo (BPM) Supplementary MIDI File
Autumn Leaves 75 GenJazz_075bpm_Autumn_Leaves.mid
Misty 90 GenJazz_090bpm_Misty.mid
Blue Bossa 120 GenJazz_120bpm_Blue_Bossa.mid
So What 140 GenJazz_140bpm_So_What.mid
Take The A Train 160 GenJazz_160bpm_Take_The_A_Train.mid
Caravan 180 GenJazz_180bpm_Caravan.mid
Donna Lee 200 GenJazz_200bpm_Donna_Lee.mid
Giant Steps 260 GenJazz_260bpm_Giant_Steps.mid
J=200 . ym y
e e e e e s = iiriie
L 3 J
3
’ L;; Iéllihr:;'rll I ® o | Y . -I.\‘ P .| m HE
? === e e et et Pt -
Y] = 0 I A= Iy = & o
3
3
—3
Ioﬁ | —~ 2 ® 1
e —
d ¥ I 1 1
- 3 —
3
~ r35
“s e bt sy
I "4 ™ I va = S z ﬂ_&“_—m
\dll | - L = 1 - I I | AN | ‘ 07 \rl'l
|- 3 —
“ { — 1
| A .
[ ——— . E——
D ! I e

Figure 25. Solo example 2 (200 BPM). It can be heard in context with accompaniment at https:
/ /musescore.com/user/101346721/scores /26538247 (accessed on 12 October 2025).
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Figure 26. Solo example 3 (148 BPM). It can be heard in context with accompaniment at https:
/ /musescore.com/user/101346721/scores /26538610 (accessed on 12 October 2025).

4. Discussion

The statistical evaluation of the generative model provides a detailed understanding of
its ability to replicate essential characteristics of the original dataset. By employing rigorous
statistical tests—including the T-test, Kolmogorov—Smirnov (KS) test, and Mann-Whitney
U test—the analysis assesses the degree of alignment between the generated and original
data in terms of central tendency, distribution shape, and rank-based similarity. These com-
plementary tests offer a robust and multifaceted perspective on the model’s performance.

For the variables notes and length, the results reveal no statistically significant differ-
ences between the generated and original datasets. This suggests that the model effectively
captures the note density and phrase durations characteristic of the original jazz solos.
Similarly, the variables pattern_encoded and division_follower, which reflect rhythmic
motifs and structural transitions, also show no significant differences across all tested con-
ditions. These findings indicate that the model successfully replicates both local rhythmic
detail and higher-level temporal structure.

A direct comparison with existing methods was not conducted, as—to the best of our
knowledge—no prior work focuses exclusively on rthythm generation for jazz solos. While
some generative systems explore melody, harmony, or multi-dimensional music generation,
rhythm is often treated as a secondary feature rather than a standalone creative axis. Our
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work therefore fills an important gap by emphasizing rhythm generation as an independent
and central objective in the context of jazz improvisation.

To complement the statistical analysis, we also provide audio examples of the gener-
ated phrases. While subjective, these examples offer an opportunity for musical and artistic
evaluation, inviting listeners to assess the stylistic plausibility and expressive qualities
of the outputs. Despite these encouraging results, some limitations remain. The current
evaluation framework focuses on statistical similarity rather than musical expressiveness
or creative value, which are inherently subjective and harder to quantify. Additionally, the
model does not yet incorporate rest positions between phrases, an essential element for
achieving natural phrasing and articulation in jazz. Furthermore, the analysis is limited
to a specific subset of variables—mainly rhythm-related—leaving expressive dimensions
such as dynamics, articulation, and microtiming unaddressed.

Future work will aim to address these limitations and extend the model’s capabilities.
Planned developments include the integration of rest handling to produce more natural and
expressive rhythms, the addition of a pitch-generation module to enable full solo creation,
and the modeling of expressive parameters such as dynamics, articulation, and phrasing.
To evaluate the artistic quality and creative potential of the generated material, we also
intend to conduct user studies involving both expert musicians and general listeners. These
efforts aim to bridge the gap between statistical fidelity and artistic expression, ultimately
contributing to a more musically meaningful approach to generative jazz solo creation.

5. Conclusions

This study presented a novel generative method for creating phrase-oriented rhythmic
patterns in jazz solos, grounded in a thorough statistical analysis of the Weimar Jazz
Database. By modeling the intricate relationships among rhythmic elements such as
phrases, beats, divisions, and patterns within a Markov chain framework, the proposed
approach successfully synthesizes rhythmic sequences that maintain stylistic coherence
and diversity.

The comprehensive evaluation, combining statistical analyses with illustrative musical
examples, demonstrated that the generative method produces rhythmic patterns that are
both realistic and musically convincing. These results indicate that the model successfully
captures the essential rhythmic characteristics of jazz solos, while still allowing for creative
variation. While it might seem that the method merely reproduces dataset statistics,
generating coherent and stylistically plausible jazz rhythms at the phrase level is far
from a trivial task. To the best of our knowledge, this specific problem—modeling and
generating phrase-level rhythmic structures in jazz solos using a statistically principled
approach—has not been previously addressed. The ability of our method to produce
novel, musically coherent rhythmic patterns that retain the stylistic characteristics of the
original dataset represents a meaningful contribution, both from a methodological and a
creative perspective.

Overall, this work contributes a valuable tool for computational creativity and algorith-
mic music composition, offering promising applications in jazz generation systems. Future
research may explore extending this framework to incorporate melodic and harmonic
dimensions, further enriching the authenticity and expressiveness of generated jazz solos.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/app152011058/s1, GenJazz_075bpm_Autumn_Leaves.mid, Gen-
Jazz_090bpm_Misty.mid, GenJazz_120bpm_Blue_Bossa.mid, GenJazz_140bpm_So_What.mid, Gen-
Jazz_160bpm_Take_The_A_Train.mid, GenJazz_180bpm_Caravan.mid, GenJazz_200bpm_Donna_Lee.
mid, GenJazz_260bpm_Giant_Steps.mid.
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