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Abstract

Automated music composition (AMC) aims at applying computer algorithms to
create music. It enables musical novices with limited knowledge to create new music
and helps professional musicians to enhance their creative process. More importantly,
it fosters collaboration between musicians and non-musicians, leading to diverse
applications like music for videos, games, and therapy.

AMC is not a single, monolithic task. In the broadest sense, AMC can be divided
into two main tasks: (1) generation of music structure and melody and (2) generation
of chords and accompaniment. The first task of generating melody is well-studied.
The second task is important for generating music with multiple voices that also
harmonize with each other. Therefore, this thesis focuses on the task of generating
chords and accompaniment given the melody of a target music piece, complete with
its music structure.

A variety of methods have been developed to generate chords and accompaniment,
but they have some shortcomings. Most existing methods are trained on a large
training set of a specific genre such as pop or jazz. To accommodate to different
styles, they need to train a different version of the method on a different style-specific
training set, increasing the total training time. If they are trained on a mixed-style
set that contains examples of various styles, they will mix up the styles and produce
results that are diluted in style. Moreover, existing methods cannot cater to cadence
and voice leading. Many recent deep neural networks (DNNs) for chord generation
are tested on 8-bar phrases instead of complete music pieces. While this makes
testing easier, they cannot handle the global structure of music which lead to better
overall harmonic coherence.

This thesis proposes a method of harmonization called FlexChord that overcomes
the shortcomings of existing methods. FlexChord achieves style specificity by
producing chord progressions that match the style of a selected set of example music,
which can be as little as a single music piece. It applies non-iterative, multi-objective
optimization during chord generation that does not require training. Thus, it can
easily produce chord sequence of a specific style or a custom style. The requirement

of cleaning, annotating and training on large datasets is avoided. In addition,



FlexChord can handle cadence and voice leading effectively. It can generate chords
that match full-length melodies, complete with global music structure.

This thesis also proposes a method called FlexFlow for generating accompaniment
to multi-section melodies using chords generated by FlexChord. It achieves style
specificity by producing accompaniment that matches the style of a selected set
of example music. Thus, it can easily produce monophonic or polyphonic acom-
paniment of a specific style or a custom style. It applies direct optimization during
accompaniment generation that does not require training. The requirement of
cleaning, annotating and training on large datasets is avoided. In addition, it can
handle phrase and section closure. It can also generate complementary or contrasting
sections consistent with the global music structure of the given melody.

FlexChord and FlexFlow show strong performance as flexible methods for har-
monization and accompaniment generation respectively. Both quantitative results
and musiological evaluation show that they perform better than comparable existing
methods. In addition, results of human perception tests show that their generated
chords and accompaniments are better than those of comparable existing methods

and are close to human-composed chords and accompaniments.
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Chapter 1. Introduction 1

Chapter 1

Introduction

1.1 Motivation

Automated music generation (AMG) or automated music composition (AMC)
aims at applying computer algorithms to create music. It enables musical novices
with limited knowledge to create new music and helps professional musicians to spark
new creative ideas by generating a wide range of musical ideas quickly, speeding up
the creative process. More importantly, it can facilitate new forms of collaboration
between musicians and non-musicians resulting in a variety of applications such as
music for videos, games and clinical therapy [HS13].

A variety of methods have been developed to generate music compositions
automatically in the past decade. For example, rules and grammars [HS13; CLC13}
Agu+10; (WC16b|, and Markov models [CC11b; BC15; Mo22| are used to generate
accompaniments, whereas integer programming is used to incorporate constraints
for the accompaniment in the music structure |[CSH18|. Genetic algorithms are
used to generate variations of melody and accompaniment |GJ02; |LT12; KGR1S|.
More recently, deep neural networks are trained to generate music in the style of
Bach [Lial6; HPN17; Hua+17], pop |[Zhu+18; Zhu+20; Che+21; [Rhy+22; |Yi+4-22]
and folk music [ZX21]. More details of automated music generation are available
in [HCC17; BHP20; [Civ+22].

Despite the success of recent deep neural networks (DNNs) for AMC, they still
have shortcomings. For example, they are restricted to training and testing on
8-bar phrases rather than complete music pieces |[BP20]. Thus, they do not handle
global structure of complete music pieces. They lack meaningful controls for a

composer to constrain the music according to a specific style [Dég+22]. According to
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performance studies on deep neural networks for music [Yin+21} [Yin+23|, the state-
of-the-art DNNs tend to produce copies of training examples and their performance
improvement is negligible compared to Markov methods for music generation.

In addition, existing methods typically handle music style at the coarse level
of genre such as pop and jazz. They can generate music for different genres but
not necessarily music that conveys the styles of various composers and emotions.
Most existing methods are trained on a training set of a specific style. Training on a
mixed-style set that contains examples of different styles causes the methods to mix
up various styles and produce results that are diluted in style. To accommodate to
different styles, they need to train a different version of the method on the training
examples of a different style, increasing the total training time needed. Notably,
existing deep neural network methods require human preparation of training sets
and application of iterative optimization during training, which are tedious and
time-consuming. Moreover, they cannot cater to cadence and voice leading, and only
work on 8-bar phrases rather than full-length music pieces. Thus, they cannot handle

global music structure. This thesis research aims to address these shortcomings.

1.2 Research Objectives

The overall research goal is to develop an AMC framework. AMC is not a single,
monolithic task. It consists of several functional components that aim at the four
essential elements of music, namely melody, harmony, rhythm and timbre [HCC17].
In the broadest sense, AMC can be divided into two main tasks: (1) generation of
music structure and melody and (2) generation of chords and accompaniment. The
problems of generating music structure and melody are considered together as a single
task as music structure relates to phrase repetition and contrast in the melody. The
combination of phrase repetition and contrasts lead to sections and overall music form
in complete music. The second task is the generation of chords and accompaniment
that support a melody. The first task of generating melody is well-studied [Jaq+16;
JKWI1T; [Lop+17; |CSG17; Wil+17; JKA17; |Goi+19; [HH20; Hua+20; SGA20;
HBE20; |SW20; |(GDG21};, TT21; |Sab+21; Sut+21; Dai+21]. Therefore, this thesis
focuses on the second task of generating chords and accompaniment given the

melody of a target music piece, complete with its music structure. Chord generation
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Figure 1.1: (a) A series of chords as stacks of simultaneous pitches across time.
(b) Accompaniment as a pitch sequence derived from the same chords.

refers to selecting a series of chords that harmonize with the melody. In contrast,
accompaniment generation produces one or more pitch sequences that support the
melody and maybe derived from target chords. Figure illustrates the differences
between chords and accompaniment.

The chords and accompaniment along with the melody constitute music with
multiple voices. Another related task in the generation of music with multiple voices
is chorale generation. In chorale generation, chords are expanded into individual
notes for each of the four standard voices, namely soprano, alto, tenor and bass,
in traditional chorales [Ebc88|. It is a specific type of accompaniment generation
that has been extensively studied [TA99; HFM91; [PAW-+99; AW04; GMOT7; [YGO7].
Moreover, well established rules in traditional chorale music can be easily enforced
on each individual accompaniment voice to produce chorale music. Hence, chorale
generation is regarded as a simple case of accompaniment generation and is excluded
from the scope of this work.

Other important aspects to consider for AMC are instrumentation and rear-
rangement. Instrumentation is the assignment of instruments to voices or parts
in a composition, while rearrangement is the reassignment of notes in the voices
according to the pitch ranges of the instruments. They are important as the selection
of instruments for rendering musical parts influences the overall timbre and sound
quality of the music that is played. In this thesis, piano is chosen as the target
instrument for a multi-voice composition as it offers a wide range of 88 pitches
that achieves rich sound quality. Other forms of instrumentation such as string
quartet and modern band with unpitched drums may be generalized from piano

accompaniment, and are excluded from this work.
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1.3 Regarding Music Style

In music composition, style is characterized by various elements such as melody,
rhythm, harmony, voice leading, and accompaniment. The concept of style can be
understood at multiple levels. At the coarsest level, style refers to the genre of music
such as pop, jazz and classical. Style can also refer to music in specific historical
periods such as Baroque, Classical, Romantic, etc.

At a fine level, style can refer to the composition style of individual composers.
For example, Beethoven, Mozart and Haydn belong to the Classical period but
their composition styles are very different. For a prolific composer, the style of
different compositions can differ significantly. For example, Chopin’s Mazurkas and
Nocturnes have very different styles. At the finest level, each piece of music can
have a different style. For example, Chopin’s Mazurkas No. 1 and 2 have different
styles even though they are both Mazurkas [Col+11].

1.4 Contributions of Research

This research work aims to achieve style-specific harmonization and accompani-

ment generation. Its contributions include the following:

e Generate harmonization and accompaniment of required style at various
style levels, including custom styles. Existing methods require re-training to

accomodate to new styles.
e Achieve style-specificity using as little as a single example music piece.

e Apply direct optimization that does not require training, thus eliminating the

need to collect, clean and annotate large amounts of training data.
e Handle cadence and voice-leading that are absent in existing work.

e Generate harmonization and accompaniment for full-length melodies, taking
into account global music structure. On the other hand, existing methods

cannot handle global music structure adequately.
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As discussed in Section [1.3] music style is a complex concept. It can be challenging

for a user to provide information of the desired style. This issue will be addressed in
Chapters [4] and [5

1.5 Organization of Thesis

To understand how chords and accompaniment support melody, it is necessary
to first understand the elements of music and structure (Chapter [2). Music ele-
ments such as melody, chords, voices and rhythm are involved in harmonization
and accompaniment generation. The principles that guide quality harmonization
and accompaniment are discussed in Section and 2.4l Related methods for
harmonization and accompaniment generation are reviewed in Chapter [3] Chapter
discusses the proposed method for chord generation and Chapter [5| presents the
proposed method for accompaniment generation. Finally, Chapter [6] outlines the

direction of future work and concludes the thesis.
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Chapter 2

Music Background

2.1 Basic Elements of Music

The melody and accompaniment of a music piece comprise several elements. The
most basic element in a melody is a note, which has three main attributes: pitch,
duration and onset. Pitch is the perceptual property that relates to the frequency
of sound and duration informs the length of time that a pitch is played. Onset
is the starting time of a note. When no note is present, a rest is indicated. Like
notes, rests have varying durations.

In conventional Western musical notation (Fig. [2.1)), a sequence of notes in
a melody can be divided into segments called bars. A bar’s relative duration is
encoded by the time signature, which specifies how many beats are contained in
each bar, and which note value is equivalent to a beat. The actual duration of a bar
is encoded by the tempo, which indicates the number of beats per minute. Melody
is usually perceived by the listener as a distinct entity because of its rhythm and
unique sequence of pitches. Rhythm refers to the pattern of sounds and silences
that occur over time.

Two or more notes played concurrently form a chord. The notes in a chord can
be played sequentially in rising and descending order. They can also be reordered in
different chord inversions. For example, a C major chord consisting for C, E and
G notes can take the root position (C-E-G), 2nd inversion (E-G-C) or 3rd inversion
(G-C-E). These chord positions are labeled as C, C/E and C/G respectively. In
addition, the notes in a chord can be packed tightly in closed position (e.g., C4-E4-G4
in octave 4) or span more than an octave in open position (e.g., C3-G3-E4 across

octave 3 and 4).
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Figure 2.1: Elements of a music piece. They include information about pitch, rhythm,
tempo of the melody and the chords. This is an excerpt from Gymnopedie No. 1 by
Erik Satie.

Figure 2.2: Melody as a single Figure 2.3: Melody with one supporting voice.
voice.

A chord can also be represented by a chord symbol in Roman numeral which
encodes chord types with respect to a music key. For example, I,II,II] are
major chords, 4,141, 7i7 are minor chords, I*, II", III" are augmented chords and
1° 11°,I111° are diminished chords. Note that chord symbols do not indicate the
actual position of a chord. Depending on the arrangement of its pitches, a chord
can be in root position or an inversion.

The notes of a chord sounding together forms harmony and a sequence of chords
in motion forms a chord progression which functions as chordal accompaniment
to the melody. A chord progression of at least 2 chords that ends a phrase or
section (Section of a piece of music is called cadence. Cadences function
like punctuation at the end of phrase, giving music phrases a sense of partial

or full resolution. When chords are present or assigned, notes in the melody or

7
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Figure 2.4: Melody with accompaniment Figure 2.5: Lead sheet containing
of four voices. The accompaniment in- melody and chord labels.
cludes bass and three inner voices.

accompaniment can also be referred to as chord tones, if they share the same
pitch name as a chord pitch, or non-chord tones, otherwise. Non-chord tones that
transition between chord tones are called passing tones.

Voice refers to a sequence of notes. For example, the melody itself is a voice
(Fig. [2.2)). Music that consists of melody alone is monophonic music. Some music
consists of melody and accompaniment that each appears as a single voice (Fig. [2.3)).
Accompaniment can also consist of multiple voices. For example, the music in
Figure [2.4] consists of a melody, bass voice and inner voices that comprises a
sequence of triad chords. This example effectively has 5 voices. A lead sheet is
different from an accompaniment. In a lead sheet, the chords are located at the
beginning of the bars (Fig. [2.5). In an accompaniment, the chords can appear
anywhere that is appropriate.

Voice leading refers to the smooth transition of notes within a voice. According
to the pitch proximity principle [Hur01} Hurl6|, transitions that minimize voice
fluctuation is considered as efficient or good voice leading. Voice fluctuation is the

average difference between the pitches of successive notes in a voice.

2.2 Formal Structure of Music

Music can be organized hierarchically in the form of sections, phrases and bars.
Together, these musical entities make up the formal structure of music with 3 distinct
levels. Figure [2.0] illustrates a music piece that contains two sections. Each section
contains 4 phrases that span 4 bars each. For sufficiently long music, a phrase may
have more than 4 bars and may be organized into sub-phrases. In shorter music,

such as Twinkle Twinkle Little Star(Fig. , a section may contain only one phrase.
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A phrase may be followed by a repeat or a variation of itself, or a contrasting
phrase. A phrase variation resembles the original phrase, with some minor changes
to pitch, rhythm or chord. On the other hand, a contrasting phrase is melodically or
harmonically distinct from the original phrase. A combination of repeating, varying
or contrasting phrases form a distinct section which is typically labeled using letters
(e.g., A, B). The label includes a number if it is a variation of another section (e.g.,
A2). Repeating, contrasting and varying sections are arranged into a music form.

Typical music forms include binary (A B), ternary (A B A) and rondo (A B A
C A). An example of a music piece in binary form is Bach’s Minuet in G major
(Fig. [2.6]), where the opening section is concluded with a contrasting section. On the
other hand, music in ternary form such as Twinkle, Twinkle, Little Star (Fig.
begins with a main theme, transitions to a contrasting section and concludes with
the main theme. Music in rondo form can be viewed as an extension of either
ternary form or binary form, where the main section (referred to as either “section
A” or “refrain”) returns throughout a music piece and is juxtaposed with contrasting
sections (referred to as “section B”, “section C”, or “episodes”). An example of
music in rondo form is Beethoven’s Fiir Elise, where the main theme appears three
times and is separated by contrasting sections.

Existing literature often use the terms short-term structure and long-term struc-
ture to refer to music structures of different length. For consistency, this thesis

proposal uses these terms as follows:
e Short-term structure: relationship between nearby pitches.
e Long-term structure: relationship between music phrases.

e Formal structure: relationship between music sections.
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Figure 2.6: Formal music structure of Bach’s Minuet in G. It consists of two sections,

namely Section A and Section B. Each section contains 4 phrases and each phrase

contains 4 bars. At the phrase level, typical cadences such as Half cadence (HC)

and Perfect Authentic Cadence (PAC) are found at phrase endings.
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Figure 2.7: Collapsed music form of Twinkle, Twinkle, Little Star.
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2.3 Principles of Harmonization

Harmonization or melody harmonization is an important functional aspect of
automated music composition [HCC17]. It is the process of creating chords to match
and enhance a given melody.

The key principles of harmonization include the following:

1. Chord-Melody matching: Chord-melody matching is the process of finding
chords that go well with a melody. The quality of chord-melody matching
is mainly influenced by chord-melody pitch relationships and style-specific
elements aligned with the composer’s preferences. Chord-melody pitch rela-
tionships can be measured in terms of dissonance, a sense of tension caused by
the intervals between chord and melody pitches. The opposite of dissonance is
consonance, which contributes to a sense of resolution. Music that is highly
consonant can be considered boring while prolonged dissonances can be jarring
and undesirable. Good quality chord-melody matching is dependent on the

composer’s preferred balance between dissonance and consonance.

2. Chord Progression, Cadence and Voice Leading: Chord progression refers to
the sequence of chords in music and cadence refers to the two chord progressions
located at phrase or section endings. Voice leading refers to the smooth and
logical movement of individual melodic voices within a chord progression. It
ensures that each voice moves smoothly from one chord to the next, creating
a pleasing and coherent harmonic flow. Cadences and stylistically appropriate

voice leading in bass line contribute to good quality chord progressions.

3. Harmonic Coherence: Harmonic coherence refers to the consistency and logical
flow of chords within a piece of music. It ensures that chord progressions and

voice leading make sense within the context of the melody and the key.

4. Style Specificity: Different musical styles have a specific set of harmonic
conventions and tendencies. Understanding and adhering to these conventions
can help create harmonizations that are stylistically appropriate and effective.

A melody can be harmonized with different chord progressions that reflect

11
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different styles. A composer can choose to harmonize a melody by the chord

progression that suits his preferred style.

By applying these harmonization principles, chords that match and enhances the
melody can be applied to enrich the overall music composition.

In addition, harmonization enhances the music structure in several ways:

1. Phrases and Sections: Harmonization helps to shape the phrases and sections
within a piece. The choice and arrangement of chords can create cadences

(points of harmonic resolution) that mark the end of phrases or sections.

2. Form: Harmonization also helps to enhance different sections of a musical form.
For example, in a typical form like AABA, each section may have a distinct
harmonic progression, with the A sections often sharing a similar harmonic
framework and the B section providing contrast. The choice and progression
of chords in each section contribute to the overall form and provide a sense of

organization and coherence.

3. Contrast: Harmonization can enhance contrasts within music through changes

in harmonic progression that introduces local contrasts between phrases.

4. Development: Harmonization can aid the development of music composition
through the transformation and elaboration of harmonic material such as
chords, chord progressions and voicing. The transformation of relationships
between a series of chords and the music key creates a sense of tonal stability
or instability. In addition, the elaboration of voicings between chords create

variety and interest in music texture.

2.4 Principles of Accompaniment

Accompaniment is the auxiliary part of composition designed to support the main
melody in music. It can consist of one or more voices. Depending on the number of
written voices, the accompaniment can be played by a monophonic instrument like
violin or polyphonic instrument like piano. The key principles of accompaniment

include the following:

12
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1. Accompaniment-Melody matching: Accompaniment-melody matching refers
the degree of match between the accompaniment and the melody pitches.
Like harmonization, the quality of accompaniment-melody matching is mainly
influenced by the pitch relationships between accompaniment and melody, and
the aesthetic preferences of the composer. Accompaniment-melody matching
can be facilitated by generating accompaniment according to the chords that

match the melody.

2. Rhythm Matching: Rhythm matching refers to the degree of match between
the rhythm of accompaniment and the rhythm of a melody. It determines the
overall pace of music and gives a sense of momentum and drive throughout
a music piece. The quality of rhythm matching is subject to the composer’s

preferences.

3. Harmonic Coherence: Harmonic coherence refers to the consistency and smooth
progression of accompaniment pitches. In accompaniment generation, this
entails producing pitch progressions that support the melody in a way that is

harmonically consistent.

4. Section Closure: Section closure refers to the musical elements that mark the
ends of phrases and sections in the accompaniment, often realized through

sustained pitches with cadences.

5. Style Specificity: Like harmonization, style-specific conventions and tendencies
in accompaniment can vary among different composers. The accompaniment
for a melody is not restricted to one style. A composer can choose to support

a melody by the accompaniment that suits his preferred style.

Applying these principles allows the accompaniment to support and enrich the
melody. In addition, accompaniment enhances the music structure in a manner

similar to chords.

13
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Chapter 3
Related Work

The terms “harmonization” and “accompaniment” refer to different music con-
cepts although some existing works use them interchangeably [Hua+18|. Harmoniza-
tion refers to the matching of chords and melody in terms of their pitch relationships.
On the other hand, accompaniment refers to the one or more voices that support
the melody via chordal harmonization, rhythm and music texture. Hence, this
chapter organizes the related works of harmonization and accompaniment generation
in separate sections. Section discusses existing harmonization methods that
generate chord symbols or collections of pitches as held chords. The related task of
generating additional voices for chorale is omitted. Section discusses existing
methods for generating accompaniment. Most of them take melody and generated

chords as inputs.

3.1 Harmonization

Harmonization methods can be grouped into five categories, namely rule-based
methods, evolutionary algorithms, Markov models, deep neural networks and direct
optimization. The first two categories consist of older methods that are also reviewed

in [MKS16].

3.1.1 Rule-based and Grammar-based Methods

Methods in this category use symbolic rules and grammars to generate a sequence
of chords. These rules and grammars describe the structural relationships between
various music elements including chord-melody matching and chord progression.
They contain music notes and chords as atomic elements. Rules can be combined to

represent long-term and formal structures such as phrases and sections. The rules
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and grammar are manually defined based on one or more music examples. During
chord generation, they are applied to generate chords that match the melody and
chord progression.

Rules and grammars have been used to generate harmony as a sequence of chord
symbols in the style of Palestrina [Agu+10; Ebc88 (GCO7; Gog06; Gwe02; HS13}
HCO05; YT10], Bach [GCO07] and Schoenberg [AMO09]. They are usually discrete
rules [Ebc88|, but can be extended to fuzzy rules [Gwe02; YT10] and probabilistic
rules [Agu+10].

The strength of rule-based and grammar-based methods is their ability to capture
short-term, long-term and formal structures of the example music. In addition, by
constraining the harmony generation system with encoded rules and grammar, note
sequences of similar harmonies can be easily generated.

Despite their strength, rules or grammars tend to be not comprehensive enough
for generating all the cadences or chord sequences for harmonization. Although
the rules and grammar are well defined for certain styles such as popular music
and Bach chorale, they cannot be easily generalized to other complex styles unless
probability is included to make probabilistic or fuzzy rules. Moreover, it is difficult
to determine what combination of probabilities can be added to the rules as they

may also differ between music styles.

3.1.2 Evolutionary Algorithms

Methods that use evolutionary algorithms [GJ02; KGR18; PAW+99; PATW99;
Wig+99] offer some flexibility by maintaining a population of harmonic solutions
to choose from, based on a fitness function. The fitness function describes the
goodness of fit for chord-melody matching and chord progression. They repeat a
cycle of 3 stages, namely evaluation, selection and reproduction with variation. In
the evaluation stage, candidate solutions generated from user-specified examples or
a random process are evaluated using a fitness function that captures chord-melody
matching and chord progression. In the selection stage, a new set of candidate
solutions are probabilistically copied from the old set in proportion to its fitness.
In the reproduction stage, some operators are applied to the set of candidates to

generate new candidate solutions. This three-stage evolution cycle repeats until
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music pieces with high fitness is obtained. For effective evolution, a large population
of possible music of a wide range of varieties is needed.

Methods using evolutionary algorithms differ mainly in the choice of fitness
function. They may include weighted sum of features related to chord-melody
matching, pitch intervals between voices, chord progression between two adjacent
chords [PAW+99; PATW99; (Wig+99| and distance between target music and training
examples |GJ02]. Another variant, known as multi-objective evolutionary algorithm,
involves balancing between two fitness functions [DPZZ20; |[FG11], one for melody
and the other for chords separately. With evolutionary algorithms, new variations
of given music can be produced easily. This is achieved by the re-selection of music
phrases from existing musical pieces for modification, thus retaining short-term and
possibly long-term structure and chord progression patterns.

Evolutionary algorithms have some shortcomings. Firstly, there is no guarantee
that the optimal solution will be found. In fact, they are not able to deterministically
enable harmonic patterns to evolve into concrete formal structures with contrasting
sections because there is no mechanism for constraining musical phrases into a
distinct sections with appropriate cadences. Another shortcoming is the difficulty of
defining an appropriate fitness measure for the overall harmonization result, which

needs to be changed to suit different styles.

3.1.3 Deep Neural Networks

The third category of methods uses deep neural networks to generate a sequence
of chords that fit the chord-melody mapping and chord progressions of training
samples [Che+21; | Ji+23; LRL17; Rhy+22; Sun+21} [Yeh+21]. These neural networks
encode a note or chord as a numeric value. They learn a highly complex nonlinear
mapping between the inputs and corresponding training outputs. During training,
the weights of the neural networks are learnt using stochastic gradient descent and
backpropagation. During the generation phase, the network’s output is synthesized
from the features extracted from the input and the features learned from training
examples by feedforward neuron activation.

Recent families of neural networks used for chord generation include long-short-

term networks (LSTMs), Transformers and variational autoencoders (VAEs). LSTMs
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have cyclical links between neurons that serve as a memory structure and maintain
information in memory for longer periods of time. As a result, longer dependencies
between states can be captured by the neural networks. The LSTM in [ZL21] gener-
ates chords automatically for specific melody segments. The methods in [LRL17}
Sun+21; [Yeh+21| utilize a variant of LSTM model called bidirectional LSTM to
predict a chord for each bar given a melody represented in a pitch-class histogram.
The method in [Yeh+-21] augments the chord information in the training set with sim-
plified harmonic function labels from music theory, whereas the method in [Sun+21]
masks parts of the chord sequence during training to steer the model to generate
new chords at masked positions.

Transformer networks are encoder-decoder models that use attention layers to
relate different positions of a single sequence. This approach improves the networks’
awareness of long-term structure. In [Rhy+22|, Transformer networks are used to
map melody notes to chords which are represented as either polyphonic pitch onset
events or chord symbols. In addition, [Rhy+22] uses a variant of Transformer with
an additional encoder to capture the relationships between melody, chords and music
key. On the other hand, the VAE in |Che+21] learns the mapping between chord
emotion, chords and melody. It generates chords that match the target melody and
emotion.

Using deep neural networks for chord generation can be advantageous in some
settings. Firstly, they do not require much knowledge of music theory. Suitable
chord progressions for a given melody are learnt from existing melody-chord pairs in
the training examples. Secondly, they can sometimes generate unexpected chords
outside the melody key that are still harmonious to the melody [Sun+21].

Deep neural networks have several limitations. Firstly, a large training set is
required to train a deep neural network. This can cause the harmonization styles
of the individual training samples to be mixed and diluted in the harmonization
result. Secondly, chord variety is limited to chord types in training examples. This
is evident in [Sun+21} [Yeh+21] where chord types are restricted to simple triads or
a few seventh chords. Therefore, their chord progressions are stylistically limited.
Moreover, these networks require additional data pre-processing such as transposing
melodies and chords to the C key |[Rhy+22]. Trained networks can only harmonize

a melody with the specific style of the training set. They require re-training or
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fine-tuning to harmonize in other styles [Yi+22].

3.1.4 Markov Models

Like deep neural networks, Markov models [Pac; |[PEBO6; Tsu+17] also learn
chord-melody matching and chord progression from training samples. However, they
require smaller training sets than those used for deep neural networks. They describe
the statistical properties of the change of state that captures the pitch of a note or
pitches of a chord. They typically assume that the current state is dependent only
on the immediately preceding state. They can be extended to higher-order Markov
models that describe the statistical properties of the current state in terms of more
than one past states.

Markov models with observable states are called Markov chains. Since their
states are observable, their state change probabilities can be calculated directly
from the input data samples and represented in a state transition matrix. Markov
chains are used in [CClla; GN21] to generate chords for melody. Their state
transition probabilities are calculated using frequency counts of state transitions
present in the training set. In [CClla], Markov chains are combined with music-
theoretic rules to model the harmonization process. It relies on only a few training
samples that capture a specific style. The chord transition probability in [GN21] is
defined based on neo-Riemannian principles [FM8&1| of music theory and includes
a control parameter for the conservativeness of chord types, defined in terms of
neo-Riemannian chord distances.

Markov models with unobservable states are called hidden Markov models
(HMMs). They capture both state transition probabilities and output probabilities
which are typically estimated based on maximum likelihood approach via algorithms
such as expectation maximization and Markov chain Monte Carlo. HMMs have
been used for several melody harmonization works [KP+23; LJ04; RFV13; |SMBOS§]
to model the relationship between a hidden chord sequence and the observed melody
sequence in training data. They apply the Viterbi algorithm, a kind of dynamic
programming algorithm, to obtain a globally optimal chord sequence from all possible
chord sequences in the training data. Also, these HMMs generate pitches for notes

with fixed durations and do not generate rhythmic variations for the chords. They
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have been used to generate harmonizations in pop and jazz style or a blend of styles
[KP+23].

Methods based on Markov chains are simple and efficient whereas methods based
on hidden Markov models are more complex. Both types of methods can generate
chord variations due to its probabilistic state transition and output production. Low-
order Markov models (e.g., order < 3) can represent local statistical properties, which
enable them to capture new short-term musical structure such as the relationship
between neighbouring pitches.

In theory, high-order Markov models can capture the long-term structure of
chord sequences, but their space and time complexities are too large to be practically
viable. For example, high-order Markov chains produce high-dimensional transition
matrices with many empty entries and they need a lot of training examples to fill the
matrix entries. Moreover, there is no guarantee that the same chord progression can
be reproduced in repeated sections. For the same reason, they are not practically
viable for capturing long-term or formal structure for harmonization. Markov chains
can also work with a single training music piece, but in this case they tend to

produce state transition matrices with many empty entries.

3.1.5 Direct Optimization

Direct optimization methods [KK23; WC16b; Yi4-22| for chord generation pro-
duce chord sequences by directly optimizing an objective function using optimization
algorithms. Typically, they represent a note and a chord as a discrete item, although
continuous numerical representation is possible. For harmonization, they tend to
find the best possible set of chords for a given melody by directly optimizing an
objective function that measures the quality of the generated chord-melody matching
and chord progression. The objective function can include a variety of factors, such
as the harmony, rhythm, and timbre of the chords.

Existing works based on direct optimization include [WC16b| and [Yi+22].
The harmonizer in [Yi+22]| optimizes the weighted-sum of note-level chord-melody
matching and phrase-level chord progression, whereas the harmonizer in [WC16b|
optimizes the weighted-sum of chord-melody matching, chord transition probability

and emotional valence value. The harmonizer in [KK23| uses a heavily parameterised
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scoring function based on expert knowledge to determine the best chord transitions
These methods apply dynamic programming (DP) to solve for the optimal chord
sequence that matches the melody best. Unlike deep neural networks and Markov
models, their DP algorithms do not require training.

Direct optimization is a flexible method. The objective function can be designed
to reflect specific characteristics of the harmonies. For example, the objective
function could favor harmonies that are in a specific key, that have a certain level of
complexity, or that are similar to a particular style of music.

While direct optimization is a powerful technique for harmonization, existing
methods have some limitations. One limitation is that it is difficult to define a
single objective function that generalizes well to various music styles or aesthetic
preferences. For example, in [Yi+22], minimizing the dissonance between the melody
note and the bass note of a chord is suited to pop music that uses basic major
and minor triads. This approach may not be as applicable to jazz, which often
features a mix of dissonant extended chord—such as seventh and ninth chords—as
well as consonant chords. Secondly, a single objective function cannot cater to other
features that are important for harmonization, such as cadence and correspondence
to melody structure. Finally, the harmonization output from direct optimization
is directly dependent on the chord transition model used. Novel chords with other

pitch combinations cannot be generated from direct optimization alone.

3.1.6 Summary

Existing chord generation methods can be compared according to five aspects:
training required, amount of example music needed, style specificity, cadence and
voice leading, and temporal structure (Table . Chord-melody matching and
chord progression are handled by all these methods so they are not included in
the table for comparison. Training indicates whether or not a method has to be
trained with specific training set. Methods that require training include hidden
Markov models and deep neural networks. Markov chains, rule-based methods,
evolutionary algorithms and direct optimization methods do not require training.
Markov chains use chord transition probabilities that are pre-computed from a set of

example music. Rule-based methods require manual creation of rules and grammars.
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Table 3.1: Comparison of methods for harmonization.

Training | Example Style Cadence, Temporal
Methods . . o s . .
required music specificity | Voice leading | structure
Rules & 0 or . short-term,
no difficult no long-term,
Grammars more
formal
Evolutionary . short-term,
Algorithms Ho maty difficult 1o long-term
Deep Neural o man tediows o short-term,
Networks Y Y long-term
Maﬂ.{ov no Lor possible no short-term
Chains more
Hidden 1 or
Markov yes tedious no short-term
more
Models
Direct 1 or . short-term,
. no possible no long-term,
optimization more
formal
Proposed no Lor eas es Sllcl)flrt_tt(jrrr?ll ’
method more Y Y & ’
formal

Evolutionary algorithms require at least one pre-defined cost function for evaluating
chord selection. Existing direct optimization methods apply dynamic programming
to match the chords with the melody.

Example music refers to the amount of example music pieces required for harmo-
nization. They do not necessarily refer to training examples, which imply the need
for training. Rule-based and grammar-based methods may not require any example
music pieces if the rules and grammars are defined based on music theory. Markov
models and direct optimization methods need at least one example music piece as a
reference for suitable chord-melody matching. Evolutionary algorithms and deep
neural networks need many examples. In particular, deep neural networks require
large datasets of more than 500 music pieces for effective training.

Style specificity indicates whether or not a method can generate a chord sequence
that matches a specific music style. Music style refers to different genres of music
such as pop, jazz, hard rock and classical. For rule-based and grammar-based

methods, it is difficult to manually create rules and grammars for various different
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styles. For evolutionary algorithms, it is difficult, if not impossible, to define cost
functions that are specific to a particular style. For Markov chains, it depends
on how the chord transition probabilities are computed. It is easy to compute
chord transition probabilities based on example music of a specific style. On the
other hand, it is difficult to define chord transition probabilities based on neo-
Riemannian principles. Thus, it is possible for Markov chain methods to achieve
style specificity if the correct approach is adopted. Deep neural networks and hidden
Markov models require manual preparation of training examples, which is tedious
and time-consuming. To achieve style specificity, they need to train separate versions
that each handles a specific style. In principle, direct optimization methods can
incorporate reference inputs or constraints in the optimization process to achieve
style specificity. Unfortunately, existing direct optimization methods do not adopt
any approach that can make them style specific.

Cadence and voice leading denote the ability to guarantee specific chord functions
at phrase endings and control over voice leading in a chord sequence. These properties
are based on music theory. In principle, all categories of methods, except deep
neural networks, rule-based and grammar-based methods, can handle cadence as
a hard constraint at phrase ending or section ending. Additionally, they can seek
to minimize voice fluctuation in the process of generating chords. Unfortunately,
existing methods have not considered cadence and voice leading in harmonization.

Temporal structure describes the ability of a method to produce harmony with
regard to short-term, long-term and formal music structure. Most existing methods
are able to generate harmony with short-term and long-term structure. Markov
models are an exception. To handle long-term structures, they require very large
transition matrices that often have too many empty entries, leading to incomplete
results. Besides rules, grammars, and direct optimization methods, other methods
cannot capture and handle global music structure over the entire music piece. They
lack constraints needed to enforce larger structural elements like section boundaries
across chord sequences. A notable exception is the method of [Conl§| that combines
Markov chains with structural rules. This approach allows the method to handle
global music structure.

My proposed method of harmonization overcomes the shortcomings of existing

methods. It applies multi-objective optimization that does not require training.
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Therefore, the costs of cleaning, annotating and training on large datasets are
avoided. It achieves style specificity by producing chord sequences that match the
style of a selected set of example music. In addition, by applying multi-objective
optimization, it can handle voice leading as an additional objective and enforce
cadence as a hard constraint. It can also handle long-term and formal structure of

the given melody according to pre-defined structure labels.

3.2 Accompaniment Generation

Methods for generating accompaniment patterns can be divided into four cate-
gories, namely rule-based methods, evolutionary algorithms, deep neural networks
and hybrid methods. Methods involving chordal accompaniment |[Niu23| are ex-
cluded from this section as it is trivial and does not contain complex textures and
rhythm.

There is a related area called automated accompaniment that involves score
following [BLBO7}; |(GD97} |[Kle05; ODO1; PB05; Rap04} |SOS04]. This category of
works addresses the playback of accompaniment from an existing score that must be
appropriately sped up or slowed down to match the performance of a melody soloist.
Although similar techniques are used to match accompaniment to melody, it does not
create new accompaniment patterns. Hence, works in automated accompaniment

for score following are omitted from this section.

3.2.1 Rule-based and Grammar-based Methods

Methods in this category use rules and grammar to generate accompaniment
that consists of single or multiple tracks. These rules and grammar represent the
musical features that contribute to the rhythmic, textural or emotional aspects of
music accompaniment. They may be manually defined [CLC13; WC16b| or learnt
from a training set [Spa99].

The variability and style specificity of the accompaniment generated by these
methods is highly dependent on the rules and grammars. Some methods rely
on a small set of rules that map music emotion to musical features in existing
accompaniment templates to produce emotional accompaniment [CLC13; [WC16b].

Other works used extensive sets of rules and grammars based on one target style
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such as Bach [Spa99] and pop [SDS10] to achieve multi-track accompaniment.

The advantage of rule-based and grammar-based methods is that accompaniment
targeting pop and classical music can be achieved using rules and grammars guided
by traditional music theory. However, these methods can neither generalize well to
other styles nor allow for personalized styles outside of music theory without any
rule violation [WC16a]. It is difficult to create a comprehensive set of rules that
cover all possible accompaniment styles. While this shortcoming can be overcome
using a probabilistic combination of general and style-specific rules, this approach
requires those probabilities to be learnt [Spa99] or the justification of using manually

selected probabilities [SDS10].

3.2.2 Evolutionary Algorithms

Evolutionary algorithms for accompaniment generation [Dos05; LT12| rely on one
or more fitness functions to generate and evaluate newly generated accompaniment
variations to suit an existing melody. The fitness function describes the goodness
of fit for accompaniment-melody matching. Similarly to evolutionary algorithms
for harmonization, they repeat a cycle of evaluation, selection and reproduction
with variation. In the evaluation stage, candidate solutions generated from user-
specified examples or a random process are evaluated using a fitness function that
captures accompaniment-melody phrase matching. In the selection stage, a new
set of candidate accompaniment phrases are probabilistically copied from the old
set, in proportional to its fitness. In the reproduction stage, some operators are
applied to the set of candidates to generate new candidate accompaniment phrases.
This three-stage evolution cycle repeats until the accompaniment with high fitness
is obtained.

Evolutionary algorithms for accompaniment generation differ mainly in the choice
of music theory rules that inform the fitness function. In [Dos05], the fitness function
evaluates the match between drum grooves and a non-melodic phrase to produce a
drum accompaniment. In |[LT12], three fitness functions are designed to generate
the chordal accompaniment, bass part and final chord arrangement. The first fitness
function determines chord tone, non-chord tone and rests for the given melody as

the main chordal accompaniment. The second fitness function utilizes the chord
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information from the chordal accompaniment to generate a matching bass line. The
last fitness function determines the basic chord arrangement to be used among four
templates, given the chordal accompaniment and bass part.

With existing evolutionary algorithms, accompaniment variations with short-
term and long-term structure can be obtained by exploring various combinations
of accompaniment phrases that match the given melody. However, there are some
shortcomings. Firstly, there is no guarantee that the accompaniment progression is
smooth across phrases. Secondly, it is difficult to encourage correspondence between
the accompaniment and the formal structure of melody as these fitness functions do
not consider music structure. Finally, it is difficult to define an appropriate fitness

function that covers a set of music rules that suit various accompaniment styles.

3.2.3 Deep Neural Networks

Deep Neural Networks (DNNs) for generating accompaniment [Hua+-17; Hsi+21}
LWY18; LY18 Wan+20a; WMX24; |Yi+22; Zhu+18; |Zhu+20] have gained traction
in recent years. Similar to their application in chord generation, the DNNs for
accompaniment generation encode notes and chords as numeric values, and generate
polyphonic accompaniment output. During training, they learn a highly complex
non-linear mapping between melody and one or more accompaniment tracks, using
stochastic gradient descent and backpropagation. During the generation phase,
features extracted from the input and the features learned from training examples
are processed via feedforward neuron activation to generate polyphonic output.

Families of DNNs used for accompaniment generation include Convolutional
Neural Networks (CNNs), Generative Adversarial Network (GANs), Transformers
and Diffusion models. The CNNs for accompaniment generation applies cross-
correlation on polyphonic training examples to generate accompaniments in Bach
style [Hua+17]. GANs simultaneously train two neural networks with existing music
and random noise to synthesize new music that closely resemble training examples. In
[LWY18; LY 18], GANs are used to generate polyphonic accompaniment that matches
a given lead sheet melody, whereas the GAN in [Zhu+20| generates multi-track
accompaniment for melodies targeting pop, classical and jazz styles but require re-

training to switch between styles. Transformer networks incorporate a self-attention
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mechanism that relate different positions of a single sequence in its encoder and
decoder. In |Hsi+21], Transformers are used to generate accompaniment from lead
sheet and corresponding polyphonic piano arrangements in an autoregressive manner.
[Zhu+18] also use a similar attention mechanism but with significantly fewer neurons
to generate multi-instrument accompaniment in pop style. More recently, [WMX24]
proposes a hierarchical approach for accompaniment generation using a four-level
cascaded diffusion model. This method first captures the global song structure, then
generates lead sheets, and finally produces full piano accompaniments that align
with the input melody and chords. By conditioning each stage on the previous one,
the method ensures coherence between the accompaniment and melody, chords and
music structure.

The major strength of DNNs is that the compositional principles of accompani-
ment such as texture and voice leading need not be explicitly defined to generate
polyphonic accompaniment. This is because the relationships between melody and
single or multi-track arrangements are captured implicitly as learnt weights during
training. With a large training set representing the target accompaniment that
belong to a particular genre or similar accompaniment styles, trained DNNs can
generate accompaniments variations in the desired style.

DNNS5 for accompaniment generation have several shortcomings. DNNs require
large training sets, which can be expensive to collect and annotate [JYL24]. Due to
the complexity of DNNs, they require a large amount of time to train. DNNs generate
accompaniment in the style present in their training set. If the training set includes
a mixture of musical styles, the results generated by DNNs can become stylistically
diluted, lacking a clear stylistic identity. They require re-training or fine-tuning
to harmonize in other styles [Zhu+420]. DNNs cannot directly generate structured
accompaniment that corresponds to the input melody structure. They require other
methods to impose structural constraints [Wan+20a; |Yi+22]. Recently, [WMX24]
proposed a hierarchical cascaded diffusion model that introduce structure. However,
it does not necessarily enforce harmonic coherence throughout the generated output.
Moreover, the approach suffers from low interpretability, lacks integration of music-
theoretic principles, and is primarily trained on pop music, limiting its ability to

generalize to other musical styles.

26



Chapter 3. Related Work 27

3.2.4 Markov Models

Only one existing work uses Markov model to generate accompaniment [Mo22].
It consists of two hidden Markov models (HMMs). The first HMM generates the
rhythm of accompaniment given an input melody. The second HMM generates a
chord sequence given the generated accompaniment rhythm. Finally, the Viterbi
algorithm is applied to produce a sequence of accompaniment phrases, based on a
set of example accompaniment phrases, that match both the generated rhythm and
generated chord sequence

The main advantage of HMMs is that it can generate appropriate output se-
quences after being trained on large set of training examples. However, HMMs are
unable to generate accompaniment with long-term or formal structure, unless the
training set contains long-term phrases. In addition, high-order HMMs require large
transition matrices that can contain many empty entries. Consequently, there is no

guarantee that a complete accompaniment solution can be found.

3.2.5 Hybrid Methods

This category of methods combines deep neural networks (DNN) with other
methods to generate accompaniment for melody. The method in |LZ22] consists of
a DNN and a HMM. The DNN takes the melody as input and generates a sequence
of chords labels. The HMM takes the generated chord labels as inputs and generate
accompaniment. In contrast, the method in [Zha+24; ZX21| uses a HMM followed
by a DNN. The HMM uses the Viterbi algorithm, a variant of dynamic programming,
to produce a globally optimal sequence of chords for the given melody. The DNN
is trained on pairs of reference accompaniment and chords. During the generation
phrase, the DNN takes a reference accompaniment, reference chords and chords
generated by the HMM as input and rearranges the accompaniment to suit the
generated chords.

These hybrid methods leverage the strengths of both approaches: HMMs ensure
globally consistent and musically plausible chord progressions by explicitly modeling
chord transitions over time. DNNs learn complex, high-dimensional mappings from
chord and melody inputs to actual accompaniment notes, capturing subtle stylistic

nuances such as rhythmic patterns, voicing preferences, and textural variations
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directly from the training data without relying on hand-crafted rules. As a result,
hybrid methods achieve better harmonic coherence than pure DNN methods and
greater stylistic diversity than rule-based methods.

Nevertheless, hybrid methods still have shortcomings. Due to the use of DNNs,
the tedious and expensive process of collecting large training sets, and the time-
consuming training procedure, cannot be avoided. HMMs also require training

although it can be done with smaller training sets.

3.2.6 Summary

Accompaniment generation methods can be characterized according to seven
aspects, namely, training required, amount of example music needed, style specificity,
section closure and temporal structure (Table [.2). Chord-melody matching and
rhythm matching are handled by all these methods, so they are not included in the
table for comparison. Training indicates whether or not a method has to be trained
with a specific training set. Methods that require training include hidden Markov
models and deep neural networks. In contrast, rule-based and grammar-based
methods do not require training, but require manual creation of rules and grammar.

Ezxample music refers to the amount of example music pieces required for ac-
companiment generation. They do not necessarily refer to training examples, which
imply the need for training. Rule-based and grammar-based methods may not need
any example music piece if they are defined based on music theory. Markov models
need at least one example music that encapsulates suitable accompaniment-melody
matches. Evolutionary algorithms and DNNs need many examples for accompani-
ment generation. In particular, DNNs require large datasets of more than 500 music
pieces for effective training.

Style specificity refers to the ability of a method to generate accompaniment that
matches a specific music style. For rule-based and grammar-based methods, it is
difficult to manually create rules and grammars for various accompaniment styles.
For evolutionary algorithms, it is difficult, if not impossible, to define cost functions
that are specific to a particular accompaniment style. Deep neural networks and
hidden Markov models require manual preparation of training examples, which is

tedious and time-consuming. To achieve style specificity in accompaniments, they

28



Chapter 3. Related Work 29

need to train separate versions that each handles a specific style.

Section closure refers to a method’s ability to generate accompaniment endings
that clearly mark the end of a melodic phrase or section. Rule and grammar-based
methods can define note durations and harmonic resolutions to achieve this. However,
existing evolutionary algorithms, Markov models, and deep neural networks lack
direct control over closure that matches formal music structure. As a result, the
presence of closure is not guaranteed.

Temporal structure refers to the ability of a method to produce accompaniment
with regard to short-term, long-term and formal music structure. Most existing
methods can generate accompaniment with short-term and long-term structure.
Markov models are an exception. To handle long-term structure, Markov models
require very large transition matrices that may contain many empty entries, leading
to an incomplete results. Besides rules and grammars, other methods cannot handle
formal music structure.

My proposed method for accompaniment generation overcomes the shortcomings
of existing methods. It applies direct optimization that does not require training.
It achieves style specificity by producing accompaniment that matches the style
of a selected set of example music. In addition, it can handle phrase and section
closure. Therefore, the costs of cleaning, annotating and training on large datasets
are avoided. It can also handle long-term and formal structure of the given melody

according to pre-defined structure labels.

3.3 Performance of Deep Neural Networks for
Music Generation

Two studies have been conducted to compare the performance of deep neural
networks and Markov models in generating monophonic and polyphonic music. They
investigate the quality of generated 30-second melodic phrases [Yin+21; [Yin+23|
and polyphonic music in the style of a classical string quartet [Yin+23].

The study by [Yin+23| indicates that existing deep neural networks show negli-
gible or no improvement in performance compared to Markov models in terms of
stylistic conformance to a target music style. For instance, according to |CL17|, the

stylistic conformance ratings achieved by the MAIA Markov model is comparable
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Table 3.2: Comparison of methods for accompaniment generation.

Training | Example Style Section | Temporal
Methods . . s
required music specificity | closure | structure
Rules & 0 or . short-term,
no difficult yes long-term,
Grammars more
formal
Evolutionary . short-term,
Algorithms 1o maty difficult 1o long-term
Deep Neural . short-term,
Networks yes many tedious no lone-term
(DNN) &
Hidden Markov 1 or
Models yes more tedious no short-term
(HMM)
DNN .
+ HMM [LZ22] yes many tedious no short-term
HMM .
+ DNN [zX21] yes many tedious maybe | short-term
Proposed no Lor eas es Sift_‘zgga
method more Y Y &
formal

to those achieved by the state-of-the-art DNNs such as MusicVAE [Rob+18| and
Music Transformer [Hua+18]. Consistent with the results of [Hua+18], the study
reported significantly higher stylistic conformance ratings for human-composed music
compared to auto-generated music.

The authors of [Yin+21] identified a noticeable lack of originality in the music
generated by deep neural networks. They define originality as the degree to which
an algorithm copies from example music pieces on which it is trained. To assess
originality, the authors conducted tests on melodies generated by Music Trans-
former [Hua+18] and MAIA Markov model |[Rob+18|. They also established a
baseline as the degree of copying in human-composed melodies with respect to an
existing set of melodies. Test results revealed that 2-bar and 4-bar melodies gener-
ated by Music Transformer exhibited a lower degree of originality compared to the
baseline. In contrast, the melodies produced by MAIA Markov model demonstrated

similar levels of originality to those of human composers. Further analysis indicated
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that the Music Transformer tended to reproduce exact copies of training phrases,
particularly when the network was trained for a long period of time.

Both studies conclude that the performance of existing deep neural networks in
terms of stylistic conformance and originality are no better than that of a well-trained
Markov model. They advocate caution to the prevalent view of deep learning as the

primary approach to automated music generation.
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Chapter 4

Harmonization

The goal of this research consists of two parts, namely harmonization and
accompaniment generation. This chapter presents a method for harmonization
called FlexChord that is completed as the preliminary work of the thesis. In
automated music composition, music needs to be represented in a form that facilitates
computation. Thus, this chapter begins with the computational representation of

music elements.

4.1 Representation of Music Elements

A melody consists of a sequence of notes and rests. A note has a pitch value
that is encoded as a MIDI note number ranging from 0 to 127, which corresponds to
C1 and G9 respectively. A rest has no pitch value. Nevertheless, for computational
convenience, a rest is often represented by the pitch value of 0. This is acceptable
because pitch value 0 has very low frequency and is rarely used in music. The
melody also includes other attributes, including key in major or minor mode and
time signature S.

The relationship between two pitches can be described and measured in several
ways. The signed difference between two pitches p and ¢ is called pitch difference
dy:

dp(p,q) = g —p. (4.1)

With p and ¢ in MIDI note numbers, this difference measures the number of semitones

between p and ¢. The pitch interval 6(p, q) between pitches p and g is defined as

9(p,q) = |p — ¢q| mod 12.
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Figure 4.1: Step function of a melody. Sustained pitches are highlighted in red.
Horizontal lines that are not highlighted indicate rests.

Two pitches that are separated by exactly one octave share the same pitch class,
which is an integer between 1 and 12. Thus, pitch class pc of pitch p is computed

as

pe(p) = p mod 12. (4.2)

In computation, melody is typically represented as a step function (Fig. of
m pitches over integer time index ¢ = 0,...,m — 1. Each pitch p; at time index 7 is
encoded by a MIDI pitch number. A change of pitch corresponds to a pitch onset.
Rests are represented separately outside the step function. The horizontal part of
a step function between a pitch onset and an immediately following onset or rest
corresponds to the duration of the pitch.

The objective of harmonization is to generate a chord at each strong beat to
match the pitch sequence and structure of a given melody. Let j denote strong beat

index, for 7 =0,...,n — 1. It is related to time index 7 by

[ 2 S = {2/a4/a),
J = imt(i/af), {3 i S = {3/4,6/8), (43)

where  is the number of pitches per unit duration and S is the time signature of
the melody. The unit duration is the duration of 1/4 note for melodies with time

signature S of 2/4,3/4 and 4/4, and the duration of 1/8 note for 6/8 melodies.
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The number 3 can be 4,8,16 or 32. Therefore, Equation gives 1 strong beat
per bar for 2/4 and 3/4 music and 2 strong beats per bar for 4/4 and 6/8 music.
With strong beat index j, the melody is organized as a sequence of fragments h;,
J=20,...,n— 1. Each fragment h; contains pitches pug;, ..., Pag(j+1)-1. It has a
structure label \; that takes the value of ‘P’, °S’, or * " respectively for end of phrase,
end of section which is also end of phrase or neither. A phrase is a 4-bar or 8-bar
sequence that is no longer than a section. For a fragment h; that is not the end of
phrase and section, and repeats an earlier phrase hj exactly, its A\; = j'.

The objective of harmonization is to produce chords ¢;, each consisting of multiple
pitches g;x, for K =1,...,k, where k is the number of pitches or voices in the chord.
Chord ¢; at strong beat j is matched to fragment h; of the melody, and it is held
(i.e., kept unchanged) for the duration from i = a5 to a3(j + 1) — 1. Thus, it is

required that m = afn. Only chords ¢; have onsets; the others are sustained.

4.2 Problem Formulation

Harmonization is the process of forming chords to support and enhance a given
melody. It needs to fulfill various aspects namely style-specific chord progression,
chord-melody matching, cadence, and voice leading. These aspects are formulated

as computational objectives and constraints.

4.2.1 Chord Progression and Harmonization Style

In music theory, chord progression is one of the key elements that convey
harmonization style [Ran99]. It is noted that chord progression alone may not be
sufficient for differentiating music styles such as Baroque, Classical and Romantic.
Nevertheless, it can differentiate between pop and jazz, and between high-tension
and low-tension harmonization. It can also characterize the styles of specific music
pieces.

Let ¢ and ¢ denote consecutive chord pairs in a reference music, where ¢
immediately follows c. Then, chord transition probability P(c’|c) can be computed
by measuring the frequency of occurrence of chord pair (¢, ) in the reference music.
These transition probabilities form the chord transition model C' that captures the

style of the reference music. Therefore, a user can easily specify music style by
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Table 4.1: Pitch dissonance depends on pitch interval.

Pitch Interval | Pitch Dissonance | Example:
0(p,q) d(p,q) p=C
0 0 C
1, 11 1 C#, B
2, 10 0.8 D, A#
3,9 0.5 D#, A
4,8 0.4 E, G#
5,7 0.3 F, G
6 0.7 F#

providing one or more reference music pieces of the desired style. There is no need
for the user to provide detailed information that describe the desired style. Given
the user’s choice of reference music, it is easy to apply a simple preprocessor to
derive the chord transition model from the reference music.

The chords in chord transition model C' are represented by Roman numerals
(Section . This representation is independent of music key and actual chord
positions. Thus, the chord transition model C' can be applied to the harmonization
of melodies of any key. In contrast, most neural network methods represent each
position of the same chord (e.g., C-E-G, E-G-C) as a different chord. [Yi+22] also
uses Roman numerals to represent chords, but it limits its chord types to major and

minor triads. In contrast, this research work uses all chord types.

4.2.2 Chord-Melody Matching

Music perception studies point to the match between a chord c¢; and a melody
fragment h; as the amount of dissonance between their pitches [Hur94; TDSG18].
According to Huron’s study [Hur94], the dissonance value d(p, ¢) between two pitches
|p — ¢| mod 12 (Table [4.1]). The

higher the dissonance, the less harmonious are p and ¢ when they are played together.

p and ¢ depends on their pitch interval 6(p,q) =

A similar concept can be defined for the dissonance d(h;, ¢;) between fragment

h; and chord ¢;. It is measured by the average dissonance between their pitches:

Z Z d pza QJk for Di 7& rest, (44)

pi€h; GjkEC)

d(h
(hse1) = 7, ||cj|

where |h;| and |¢;| are the total number of pitches in melody fragment h; and chord

c; respectively. [Yi422| uses the same concept but with slightly different dissonance
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values.

4.2.3 Cadence

In music theory, cadence refers to melody or harmony at the end of a phrase or
section that creates a sense of full or partial resolution [Ran99|. Different cadences
create different senses of resolution. They help to clarify the overall hierarchical
structure of music [Tem11].

In practice, it remains difficult to define a fixed set of cadences across multiple
music styles |Cap04]. A simplified approach is to refer to cadence as specific chord-
pairs at the end of a phrase or a section. Each chord pair (¢, ¢’) in chord transition
model C' is given a structure label that takes the value ‘P’, ‘S’ or ¢ 7, as defined
for melody fragments h; (Section . Structure labels are provided by user with
help of a melody structure analysis tool [DZD20]. Then, cadence can be handled by

matching melody fragments labeled ‘P’ and ‘S’ to chord pairs with the same labels

(see Section for details).

4.2.4 Voice Leading

Voice leading refers to the interaction of individual voices that creates harmony
[Hurl6]. It is an important aspect of music where multiple voices play supporting
roles in held chord generation. According to the pitch proximity principle, a chord
progression that minimizes voice fluctuation has a good or efficient voice leading,
which improves the coherence of the music [Hur0O1} Hurl6]. The voice fluctuation
between two successive chords can be defined as the average distance moved by the
implied voice parts between them. For two chords ¢; = {qi} and ¢;-1 = {qi—1.1},

the voice fluctuation d; between them is defined as

0 =Y lagin — qi—14] (4.5)
k=1

4.2.5 Constraint and Optimization Objectives

The conditions of harmonization discussed in the previous sections are translated
into two hard constraints of cadence and phrase repetition, and three optimization

objectives:
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1. Chord progression and style matching:
Harmonization style is captured in the chord transition model C'. By maxi-
mizing the chord transition probability P(c;|cj_1) of the selected chords c;,
for j =1,...,n — 1, the generated chords c; follows the style of C'. Note that

chord ¢y has no previous chord.

2. Chord-melody matching:

By minimizing overall chord-melody dissonance D:

n—1

D = Z d(hj, Cj), (46)

=0
the generated chords will match the melody well in terms of harmonization.
3. Smooth voice leading:

Minimizing overall voice fluctuation A produces smooth chord voices:

For held chords, voice fluctuation ¢; can also be defined between the chords at
successive strong beat indices 7 — 1 and j because the chords between them

remain unchanged.

4.3 Multi-Objective Optimization

4.3.1 Overview

In general, a problem with multiple objectives cannot be perfectly solved by
optimizing all the objectives simultaneously. A principled way of handling more than
one objective is to apply multi-objective optimization [Ehr05; Mie99|. This family
of methods generalizes the optimality condition of single-objective optimization to
the condition of Pareto optimality. A Pareto optimal solution is a solution such
that no objective function can be further improved without compromising other
objective functions. A multi-objective optimization problem can have many Pareto
optimal solutions. The set of all Pareto optimal solutions defines the Pareto front.
A good method should be able to produce all possible Pareto optimal solutions, for

example, by varying internal parameters randomly.
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One commonly used approach for multi-objective optimization, called linear
scalarization, combines multiple objective functions into a single function by a
weighted sum. Then, the single weighted function is optimized using standard
methods. This approach is used by many solution methods including Markov models
and deep neural networks. Despite its simplicity, it has an inherent shortcoming—
it cannot produce some Pareto optimal solutions when the Pareto front is non-
convex [Ehr05; |[Mie99]. In other words, these methods can miss many good solutions
regardless of how well they are designed and trained.

An alternative to linear scalarization is the lexicographic method [Ehr05; Mie99).
It first minimizes the most important objective function. If this step produces a set of
optimal solutions, then it looks for solutions in the set that minimizes the next most
important objective function. This procedure is continued until a unique solution
remains or after all objective functions have been optimized. A shortcoming of the
lexicographic method is that less important objective functions are minimized only
when there are multiple optimal solutions or ties. If there is no tie, less important
objective functions are never minimized—they are effectively ignored. In addition,
lexicographic methods can only produce a very small subset of solutions on the
Pareto front.

The lexicographic method can be slightly modified to overcome its shortcom-
ings [Mie99|. In each step, instead of looking for solutions that minimize an objective
function, it looks for solutions that are good enough, i.e., solutions that are close to
and including the minimum of the objective function. The bounds that specify close-
ness are manually set. When the bounds are small, the Pareto solutions obtained
are very near to the minima of the first few objective functions. On the other hand,
when the bounds are large, the Pareto solutions are far from the minima of the
first few objective functions and nearer to those of the last few objective functions.
Therefore, by varying the bounds, the modified lexicographic method can produce
all solutions on the Pareto front [Leo24].

In the harmonization problem formulated in Section [4.2] time is discretized into
integer index 7. Strong beat index j is an integer and a chord is a discrete item.
In other words, the solution space of harmonization is discrete. Therefore, the
algorithm for solving the harmonization problem has to be a discrete optimization

algorithm. Standard constrained optimization methods for the continuous domain
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are not applicable.

4.3.2 FlexChord Harmonization

FlexChord (Algorithm [1]) adopts a discrete version of the modified lexicographic
method (Lines 3-4, 14-15). Its overall structure is to assign a chord to the first beat
of each fragment and hold the chord for the duration of the fragment length of a3
by repeating the same chord without onset (Line 17). The first chord of the melody,
with j =4 = 0, is set to a chord ¢ from the chord transition model C' having a high
transition probability and low dissonance with the first fragment hy (Lines 2-5).

For a fragment h; at j > 0, several cases are considered. If h; is just before a
phrase or section ending labeled ‘P’ or ‘S’; a chord-pair (¢, ¢’) that matches structure
label A1 and has the lowest combined dissonance is chosen. Chord c is assigned to
¢j, and ¢ is assigned to ¢;+1 (Lines 6-10). These steps satisfy the cadence constraint.
Chord c¢; is set at a position with the least voice fluctuation and c;1; is set at the
root position as cadence. The actual chord is determined by the chord’s Roman
numeral and the melody’s key. For example, chord I is C major chord for C major
key, G major chord for G major key, etc.

If A\, is an integer j’, it means that fragment h; repeats h; exactly. So, chord ¢;
is copied to chord ¢; (Line 11-12). This method generates the same chord sequence
for repeated phrases and takes care of the long-term structure of repeating phrases.
An alternative to this approach is to begin each phrase in the same manner as the
beginning of melody (Lines 2-5). Then, being deterministic, FlexChord will generate
the same chord sequence for the repeating phrase. This approach sacrifices the voice
leading at the beginning of the earlier repeated phrase.

Otherwise, K chords having the largest transition probabilities are selected
(Line 14). This step maximizes chord transition probability (Objective 1). Among
these K chords, the chord ¢ with the least dissonance is selected (Line 15). This
step minimizes chord-melody dissonance (Objective 2). When K = 1, the algorithm
ignores Objective 2. When K = N, it ignores Objective 1. A good balance between
Objectives 1 and 2 is found with 1 < K < N. This balancing of Objectives 1 and 2
are also applied to the first chord at j = 0 (Lines 3-4). A chord selected in Line 15

can have several chord positions (Section 2.1). Line 16 sets chord ¢; at a position of
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¢ that minimizes voice fluctuation (Objective 3). Objective 3 is omitted at end of
phrase and section to cater to cadence. Therefore, FlexChord performs modified
lexicographic optimization of 3 objective functions and 1 constraint.

Note that the chord transition model C' can be prepared from a large set of
reference music pieces (Section or a single reference music piece (Section [4.4.5).
A small reference set may contain chords without pairing to other chords. Such
chord-pairs are assigned 0 transition probability in the chord transition model. Thus,
the chord transition model contains all possible pairings of chords for each chord
type present in the reference set. Chord-pairs with 0 transition probability may be
selected if it is among the top K pairs with the highest transition probability. This

ensures that the selection of top K chords in Line 3 and 14 is always successful.

Algorithm 1: FlexChord Harmonization
Input: Melody M, style-specific chord transition model C.
Output: Chords ¢;, i =0,...,m — 1.
1: for j=0,1,...,n—1do
2: if j =0 then
3: Select K chords with the largest transition probabilities to any
chord.

4: Among K chords, select chord ¢ with the least dissonance d(hq, ¢).
D: Set cg at the root position of c.
6: else if \;;; = ‘P’ or ‘S’ then
T Select a matching chord-pair (¢, ¢) with the lowest combined
dissonance.
8: Set ¢; at the position of ¢ with the least voice fluctuation 9.
9: else if \; = ‘P’ or S’ then
10: Set c; at the root position of ¢
11: else if \; is an integer j' then
12: Set ¢; = cjr.
13: else
14: Select K chords with the largest transition probabilities P(c|c¢j_1).
15: Among K chords, select chord ¢ with the least dissonance d(h;, c).
16: Set ¢; at the position of ¢ with the least voice fluctuation 9.

17: Set ¢; =c¢;q,i=afj+1,...,a8(j+1)— 1.
18: Set chord onset for chord c;.
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4.3.3 Analysis of Time Complexity

FlexChord runs for exactly n iterations, one for each strong beat index j, to
produce n chords. In each iteration, lines 3, 4, 14 and 15 perform discrete search
for appropriate chords. Discrete search can be implemented in several ways with
different time complexity. Linear search has a time complexity of O(NN), where N is
the number of chords in the chord transition model C'. Indexed lists of chords sorted
in decreasing order of transition probability has time complexity of O(1). Lines 3
and 14 select K chords among all chord types in the chord transition model C, and
Lines 4 and 15 select one chord among the K chords. Since K is a small constant
parameter, it has no significant effect on time complexity. Line 7 selects a chord
pair with appropriate structure label. The number of chord pairs with structure
labels is small compared to all possible pairings of chords. It is estimated to be of
order O(N). Therefore, the time complexity of FlexChord is either O(nN) or O(n)
depending on the implementation of discrete search.

The number of iterations n depends on the length of the melody. In the
experiments (Section , the value of n ranges from 16 to 124. The number of
chords N in the chord transition models used in the test is less than 100 (Table [4.2)).

Therefore, the actual execution time of FlexChord is very short.

4.4 Experiments and Discussions

This section presents two types of tests: short-phrase test and full-length test.
Short-phrase test is used for quantitative evaluation of FlexChord’s performance
compared to two existing deep neural network methods (Section [4.4.2)). Both

short-phrase test and full-length test are used for musicological evaluation.

4.4.1 Data Preparation

Two public datasets, namely Chord Melody Dataset (CMD) |[Hiel9] and Hook
Lead Sheet Dataset (HLSD) |[And21] were adapted for the harmonization task.
The original datasets contain a mixture of pop, jazz, classical and new age music.
Algorithms that are trained on these datasets could produce arbitrary results that
reflect a mixture of genres as opposed to a specific target genre. To avoid such

confusion, two large sets of songs of distinct genres, namely pop and jazz, were
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extracted from the combined pool of CMD and HLSD resulting in 1000 pop songs
and 266 jazz songs respectively. This selection of songs catered to a substantial
number of training examples for a fair comparison with recent deep neural networks.
A smaller set of 30 pop songs randomly selected from the pool was also prepared in
order to assess if there were any performance differences between the use of small
and large pop datasets.

Jazz songs were selected to contrast with pop songs due to their greater chord
and harmonic complexity. They contained extended chords and frequent key changes.
In contrast, pop harmonies consisted of triads or basic seventh chords and were less
adventurous with chord progressions.

The deep neural networks that were used for comparison worked only on songs
with 4/4 time signature. Thus, only such songs were selected for testing. Similar to
existing work, their tempo was set to 120 beats per minute and they were transposed
to all 12 music keys to ensure that the neural networks could handle test melodies
of various keys. Each song was encoded in step-function representation with number
of pitches per unit duration g set to 16. A chord was sampled every half bar over 8
bars of music.

Songs for each dataset were split into 8-bar phrases. 8-bar phrases were used
because existing neural networks were trained and evaluated on 8-bar phrases. With
8-bar phrases, deep neural networks could be trained with shorter training time and
facilitate easier quantitative evaluation.

Each dataset was split into training, validation (i.e., fine tuning) and testing set
at the ratio of 8:1:1. Subsets for neural network training and validation consisted
of 8bar phrases with an overlap of 2 bars. On the other hand, subsets for testing
consisted of 8-bar phrases aligned to phrase boundaries without overlap. For testing,
cach 8-bar phrase in the test set was assigned a structure label where \; = ‘P’ for
Jj=7,15and A; = * 7 otherwise. Table summarizes the statistics of the prepared
datasets.

FlexChord does not require training. The training set was used to build the chord
transition model of FlexChord and the testing set was used for performance testing.
The validation set was not used by FlexChord. For the chord transition model, all
chords were represented by Roman numerals. The Roman numerals were captured

at the root position, ignoring the actual inversions. Chord transition probabilities
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Table 4.2: Summary statistics of the datasets used for harmonization.

Dataset Number of | Number of Number of
Songs 8-bar phrases | unique chord types

Pop-S 30 2867 43

Pop-L 1000 81,625 70

Jazz-L 266 17,969 71

were computed from the frequency of occurrence of consecutive chord-pairs in the
training set. Structure labels were assigned to the chord-pairs as described in the

previous paragraph.

4.4.2 Quantitative Evaluation

(a) Test Procedure

The objective of this test is to investigate the performance of FlexChord (FC).
For comparison, a handicapped version of FlexChord called FC— was also tested.
In essence, FC— is FC without Lines 6-12. That is, FC— does not handle cadence
and is unaware of structure labels. In addition, FlexChord was compared with
two well-known deep neural networks, namely VTHarm by Rhyu et al. [Rhy+22]
and DAT-VAE by Zhao et al. [ZXW22]. Both neural networks have different
architectures but use similar loss functions for harmonization. They were trained
on the same datasets (Section with published training parameters [Rhy-+22}
ZXW22|.

VTHarm is a Transformer-based neural network that minimizes chord repro-
duction error. It also minimizes the Kullback-Leibler (KL) divergence between the
learned distribution and target Gaussian distribution of chords. Like the standard
Transformer, it has a self-attention mechanism that functions as a weighting scheme
for capturing chord similarity at different time points within the sequence. It also
has an additional encoder that encodes melody and chords, along with the melody’s
key signature.

DAT-VAE encodes the melody and chords with a variational autoencoder
network (VAE). The VAE aims to minimize a loss function that consists of 2 terms,

namely chord reproduction loss and KL divergence between the learned distribution
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and target Gaussian distribution of chords. Additionally, it has a preprocessor neural
network (DAT) that is trained to map all 12 transpositions of melody to the melody
of a canonical key. DAT’s goal is to normalize the key of the melodies so that the
whole DAT-VAE can learn to generate suitable chord progressions regardless of the
actual key of the melody.

The training objective of VTHarm and DAT-VAE focuses on reproducing training
chords and modeling the Gaussian distribution of chords. They do not explicitly
maximize chord transition probability and minimize dissonance between the gen-
erated chords and the melody. In addition, they use different training inputs and
architectures to handle melodies in different keys. VI'Harm is specifically trained
with melody-chord pairs along with the melody key signatures. It also integrates a
self-attention mechanism that considers chord similarity with other chords in the
sequence. In contrast, DAT-VAE does not require melody key signatures at training.
Instead, its DAT network normalizes the input melodies to a canonical key.

Both VTHarm and DAT-VAE were trained on the training set, fine tuned using
the validation set, and then tested on the testing set. FC and FC— used the chord
transition model derived from the training set (Section . They were tested on
the testing set without requiring training and fine tuning. The number of candidate
chords K was set to 5 for both variants. This procedure was repeated for each of
the three datasets of Pop-S, Pop-L and Jazz-L.

The experiments were conducted on a MacBook Pro equipped with a quad-core
Intel Core i7 processor at 2.2 GHz and 16GB of RAM. The average execution time
per test song was 0.09 s, 0.34 s and 0.35 s for FlexChord, VTHarm and DAT-VAE

respectively.

(b) Quantitative Test Metrics

Note that a melody can be harmonized with different chord sequences to produce
equally good results. There is no one chord sequence that is better than the others.
Therefore, there is no ground truth for performance evaluation.

For objective comparison between FlexChord and neural networks, a set of simple

but musically meaningful metrics were identified:

e Voice Fluctuation V
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V is the average voice fluctuation in the chord sequence (Eq. [4.5). A low V
value means that voices in successive chords have lower pitch difference. This
enhances the smoothness of chord progression. The value of V ranges from 0

for no difference to x, which depends on the actual pitch difference.

e Fraction of inverted chords IC
IC is the fraction of inverted chords in the chord sequence. A high IC value
means that a large variety of chord positions beside root position exist within
a chord sequence. The presence of chord inversions create movement and they

encourage lower voice fluctuation V. The value of IC ranges from 0 to 1.

e Chord histogram entropy H

H is the amount of entropy (or disorder) in a chord histogram. It is defined as:

N
H=> pylogps, (4.8)
K

where p;, denotes the probability of the k& bin of the histogram and N is the
total number of chord types present in the sequence. It ignores inversions and
the order of chords produced. A higher H indicates a wider variety of chords

used. The value of H ranges from 0 to 2 or more.

e Dissonance D

The average dissonance D between melody notes and chords is defined as:
1
D= ﬁzd(hﬁcj% (49)
J

where d(hj,c;) denotes the average dissonance between pitches of melodic
fragment h; and chord ¢; (Eq. . Using dissonant chords around a specific
melody note can draw attention to it, adding richness to the overall harmony.
The lower the D the more harmonious is the match between the chord and
the melody. Nevertheless, the appropriate level of dissonance depends on the

target music style. The value of D ranges from 0 to 1.

e Chord pitch ratio RO
This metric counts the ratio of chord pitches n. to non-chord pitches n,, in the
melody fragment h; in relation to its assigned chord c;:

N

Ne + Ny,

RO =

(4.10)
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This metric measures the harmony between chord and melody. The higher the
RO, the better is the match between the chord and melody. The value of RO

ranges from 0 to 1.

e Chord pitch ratio R1
R1 is similar to RO, except that proper non-chord pitches are counted as chord
pitches. This metric is usually called chord tone to non-chord tone ratio in
the literature [Yeh+21]. A proper non-chord pitch is a non-chord pitch p; that
is within two semitones of its subsequent pitch p;. ;.

Ne + 1y
b
Ne + Ny,

Rl = (4.11)

where n,, is the number of proper non-chord pitches. The higher the R1, the
better is the match between the chord and melody. The value of R1 ranges
from 0 to 1.

Among these metrics, V, IC and H measure chord diversity, while D, RO and R1
measure chord-melody match. In particular, H and R1 are part of the canonical
metrics [Yeh+21] used in existing DNN-based harmonization works [Rhy+22|. The
remaining metrics in [Yeh+21] are omitted because they are related to H and R1.
Metric R1 uses the concept of proper non-chord pitch that is not defined in music
theory. Therefore, the alternative RO is included along with R1. The additional
metrics V, IC and D are included to contrast the performance of FlexChord and
DNNSs.

(c) Quantitative Comparison of Various Methods

Table tabulates the quantitative results of all the methods. FC— achieves
the lowest voice fluctuation V indicating that it produces chords with the smoothest
voices. This is because it directly minimizes voice fluctuation (Lines 8, 16). On
the other hand, FC has a slightly higher V than does FC— because it enforces the
cadence constraint that fixes chords in root position at phrase or section endings
(Lines 9-10). Unlike the FC variants, VT Harm and DAT-VAE do not have V scores
because they do not produce chords with actual pitch values. Instead, VT Harm
produces chord labels in root position while DAT-VAE produces a set of pitch classes

without chord position information.
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Table 4.3: Quantitative evaluation for chord diversity and chord-melody match.

Chord diversity Chord-melody
match

Dataset | Method v, ICt Ht D) ROt RI1T
VTHarm | NA 0.00 1.15 | 6.81 080 1.23
DAT-VAE | NA  NA 146 [ 4.25 0.63 0.63
Pop-S FC— 0.66 0.61 1.57 | 5.02 0.86 1.12
FC 0.90 048 1.74| 501 0.88 1.15
VTHarm | NA 0.00 1.72 | 644 083 1.24
DAT-VAE | NA  NA 144 [ 4.36 0.57 0.57
Pop-LL FC— 0.69 0.52 1.44 | 5.10 0.89 1.32
FC 097 044 1.68 | 521 088 1.31
VTHarm | NA 0.00 2.09 | 7.27 081 1.23
DAT-VAE | NA  NA 200 | 4.55 0.55 0.55
JazzL FC— 0.63 0.63 1.57 | 5.75 0.88 1.42
FC 0.96 053 1.91 | 575 0.88 1.41

FC— consistently achieves the highest number of inverted chords IC because
it inverts chord positions to minimize voice fluctuation (Line 8, 16). Unlike FC—,
FC needs to satisfy the cadence constraint that fixes chords in root position at
phrase or section endings (Lines 9-10). Hence, its IC scores are lower than those of
FC—. Since VIT'Harm and DAT-VAE do not produce chords with chord position
information, they do not have IC scores.

FC— consistently achieves low chord histogram entropy H for all test sets,
indicating its narrow range of chords used. It chooses the most frequently used
chords by maximizing chord transition probability (Lines 3, 14), thus restricting its
choices of chords. In contrast, by catering to cadence, FC can select chords that do
not necessarily have the largest transition probabilities. Thus, it has a slightly higher
H compared to FC—. Unlike the FC variants, both DAT-VAE and VTHarm do
not explicitly maximize chord transition probability. Instead, they minimize chord
reproduction error and KL divergence between the learned and target distributions.
Their H scores appear to depend on the training and testing sets. In particular,
VTHarm achieves the lowest H score for Pop-S but the highest H score for for Pop-L
and Jazz-L. On the other hand, DAT-VAE’s H score is similar to that FC— for
Pop-S and Pop-L, but similar to that of VI Harm for Jazz-L.

FC and FC— have very similar dissonance D scores. Both FC and FC— balance
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between the maximization of chord transition probabilities (Lines 3, 14) and the
minimization of dissonance (Lines 4, 15). DAT-VAE has the lowest D because it does
not need to handle chord transition probability. By minimizing chord reproduction
error and KL divergence of chord distributions, it could choose chords with the
lowest dissonance. In contrast, VI'Harm has a self-attention mechanism that allows
it to choose less frequently-used chords. Being less frequently-used, these chords
tend to have large dissonance. Therefore, VI Harm has the largest dissonance D
compared to all other methods.

Chord pitch ratio RO is a measure that is negatively correlated to dissonance D
because more chord tones leads to lower dissonance. The FC variants have similar
large RO for their small D. In contrast, the RO scores of VI Harm and DAT-VAE
seem to be positively, rather than negatively, correlated to their D scores, scores,
which is counter-intuitive. In particular, DAT-VAE has the lowest D and lowest RO
among all methods, whereas VI'Harm has the highest D and relatively high RO.

R1 is expected to be larger than (or equal to) RO because it counts proper
non-chord pitch as chord pitches. All methods exhibit this property. Thus, RO
could replace R1 as a better performance metric because it does not require proper
non-chord pitches, which is a concept that is not defined in music theory.

Overall, FC achieves the best performance compared to other methods. It caters
to cadence by sacrificing chord diversity slightly (slightly small H). It chooses chords
with smooth voices (small V) and relatively low dissonance (small D), indicating
good chord-melody matching. Although deep neural networks may excel in an
individual metric, they do not handle cadence and voice fluctuation. Moreover,
their D and RO scores have a relationship that is opposite to the expected negative
correlation. There is noticeable difference when FC is applied with Pop-S compared
to Pop-L, but the difference is not significant. This indicates that FC’s performance

is stable even with a small reference set.

4.4.3 Musicological Evaluation

(a) Musicological Evaluation of Various Methods

Figure [4.2] illustrates the chords generated by various methods for the first 8 bars
of Colors of the Wind, a song in the testing set. Note that VIHarm and DAT-VAE
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Figure 4.2: Chords generated by various methods for Colors of the Wind.

generate chord pitches without information of exact chord positions. For display
purposes, their chord labels are inferred from the generated pitches and their chords
are shown in root position. The human-composed (original) chords of Colors of the
Wind are included to serve as a reference for evaluation.

The figure reveals that FC and FC— produce chords that are stylistically similar
to the original chords of Colors of the Wind. They include F and C, the tonic and
dominant chords, that form the harmonic foundation for the melody, which is in the
key of F major. Furthermore, they include the relative minor chord Dm, which is
integral to the original harmonization. Dm shares two pitch classes, namely F and
A, with the F chord. This commonality ensures smooth transitions between major
and minor chords within the key.

Yet, FC and FC— remain creative in how the same chords are differently applied
to phrase and section endings indicated by P’ and ’S’. For example, both FC and
FC— reproduce the original Dm chord in bar 8. However, in bar 4, FC uses Dm,
while FC— uses F to conclude the phrase. Although both FC and FC— do not use
the original Am chord in bar 4, their chord choice remains harmonious with the
melody.

Figures [4.2] also illustrates how FC handles cadence. For instance, FC produces
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the chord transition Dm-Dm in bar 8, which is identical to the original chords. Its
bass notes descend relatively smoothly. In contrast, FC— is unable to consistently
produce cadences because it does not handle cadence during chord generation. For
example, in bar 4, it produces Dm—F chord transition, which is not a proper cadence.

VTHarm produces a chord progression that noticeably deviates from the original
chord progression. It produces Bbmaj7 twice with unexpected chord progressions
that are not found in the original chord sequence. In bars 1 and 2, the chords
change from Bbmaj7 to Gm to Bb, resulting in a harmonic shift that may sound
unusual compared. Moreover, the tonic F chord found in bar 1 of the original chord
sequence is absent in the chord sequence of VI'Harm. In fact, without the melody,
it is difficult to determine the key of VTHarm’s chord progression.

Similarly, DAT-VAE introduces surprising progressions that include Csus4 and
GT7. Nevertheless, it fares slightly better than VT Harm since it reproduces the
tonic F chord in bar 1 that reinforces the melody’s key. However, the sequences of
Csusd — G7 — C and Csus4 — D are disruptive to the overall chord progression. The
Csus4 chord introduces tension and creates a sense of expectation for resolution. In
the Csus4 — G7 — C progression, although Csus4 resolves to C, G7 introduces an
additional layer of complexity and shifts the harmonic focus away from the melody
key. Similarly, in the Csus4 — D progression, Csus4 creates a suspension that disrupts
the smooth flow of the progression and leads to an unexpected harmonic shift when
it moves to D.

These examples show that the harmonization results of VI'Harm and DAT-VAE
can diverge from the intended pop style and melody key. This could be due to their
training on a diverse collection of pop music, diluting the style specificity of the
generated chord sequence. In other words, their results may not be harmonically
coherent. This disparity underscores the complexity of capturing the nuances of pop

harmonization.

4.4.4 Listener Study

A listener study was conducted to compare the perceived harmonization quality
of various methods. 27 participants aged 18 to 65 years (average age = 39.2 years,

SD = 13.2 years) were recruited via CloudResearch. All participants reported
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having at least five years of music training and being able to play the piano. Each
participant was presented with two 8-bar songs with chord accompaniment. One of
the pair was either the human-composed harmonization (HC) or FlexChord’s result.
The other was a result of either VI'Harm or DAT-VAE. The participant was asked
to pick the one that was more harmonious. In addition, the participant was asked
to rate how harmonious each song was on a 5-point Likert scale. The ratings were
used to verify whether the participant’s choice was consistent with the ratings. To
reduce listener’s fatigue, each participant repeated the above procedure for only 40
pairs of songs.

As discussed in Section [£.4.2] there is no ground truth in harmonization. A
HC chord sequence does not serve as a ground truth but is used to verify whether
the participants’ evaluation are reliable. For example, if the participants judge
HC chords to be less harmonious than a DNN result, it does not mean that HC
chords are less harmonious than DNN chords in reality. Instead, it means that the
participants do not understand harmonization well and therefore, the participants’
evaluation is unreliable. On the other hand, if the participants judge HC chords
to be more harmonious than the DNNs results, it means that the participants’
evaluation is reliable. Therefore, FlexChord is not compared with HC chords, which
helps to reduce listener’s fatigue.

The participants’ assessments were grouped into one of the following cases:

e H+: Human-composed harmonization is more harmonious than DNN’s result.
e H—: Human-composed harmonization is less harmonious than DNN’s result.
e F+: FlexChord’s result is more harmonious than DNN'’s result.

e '—: FlexChord’s result is less harmonious than DNN’s result.

Table [d.4] tabulates the participants’ assessments. A large majority of participants
judge the human-composed harmonizations as more harmonious than those of
VTHarm and DAT-VAE (68.3% and 74.7% respectively). This expected result
indicates that the participants understand and appreciate harmonization. Among
them, DAT-VAE’s results are the least harmonious. Similarly, most participants

judge FlexChord’s harmonizations to be more harmonious than those of VI'Harm
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Table 4.4: Results of the listener study on harmonization.

| Cases | VTHarm | DAT-VAE |
H+ 179 (68.3%) | 195 (74.7%)
H— 83 (31.7%) | 66 (25.3%)
F+ 158 (60.3%) | 159 (60.9%)
F— 104 (39.7%) | 102 (39.1%)
H+ and F+ | 124 (47.3%) [ 132 (50.6%)
H+ and F— | 55 (21.0%) | 63 (24.1%)
H— and F+ | 34 (13.0%) [ 27 (10.3%)
H— and F— | 49 (18.7%) | 39 (15.0%)

)
Total votes | 262 (100%) | 261 (100%) |

and DAT-VAE (60.3% and 60.9% respectively), with DAT-VAE results being the
least harmonious. In addition, more participants judge both the human-composed
and FlexChord’s harmonizations to be more harmonious than those of the DNNs
(47.3%, 50.6%), compared to the other three cases. The results of this listener study
show that FlexChord’s harmonizations are better than those of the DNNs, and
its quality compared to that of DNNs is close to the quality of human-composed

harmonization compared to DNNs’ results.

4.4.5 Flexible Harmonization Style

(a) Harmonization with Various Styles

FlexChord (FC) can generate various harmonization styles for the same melody
by using chord transition models of the corresponding styles. To test FC’s flexibility
beyond pop style, the alternative style should be distinct enough to highlight
differences in chord types and demonstrate style-specific characteristics. One such
style is jazz. Jazz harmony is characterized by more chromatic movement, where
notes often shift by small intervals. It frequently incorporates extended and altered
chords such as ninths, elevenths, and thirteenths, creating richer textures and more
tension. In contrast, pop music typically relies on simpler triads and conventional
progressions, favoring clear cadences and predictable resolutions.

To evaluate FC’s ability to generate quality jazz harmonizations without training,

a test using jazz melody was conducted using a chord transition model derived from
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Figure 4.3: Human-composed and FC jazz chords for Israel.

Jazz-L. examples. It involved generating a jazz harmonization for the jazz song
Israel. Figure illustrates the jazz chords generated by FlexChord for bars 17-24
of the song. It shows how FC’s chord progression includes chromatic movements
that add harmonic richness and tension. It also employs the classic 1i7-V-I(maj7)
progression (C#m7-F3-B(maj7) in bars 18-19, 22-24), which is a hallmark of jazz.
This progression creates a strong sense of anticipation and resolution, with the ii7
chord leading smoothly to the V chord before resolving to the I chord. Moreover, FC
introduces chromatic transitions to chords like VII, vii and vi (G¢, G#m and A¢m in
bars 19-21) or their seventh extensions. These transitions, achieved by minimizing
voice fluctuation, demonstrate FC’s ability to produce style-specific jazz harmonies
while maintaining harmonic coherence with a jazz melody.

Section [4.4.3] presents the harmonization of the first 8 bars of Colors of the Wind
in pop style. FlexChord is also able to harmonize the same melody in various styles.
Figure |4.4] shows chords generated using two chord transition models: one based
on jazz and the other based on the folk songs of Constantinidis, a Greek composer.
It shows how FlexChord adapts its output to reflect each style’s unique harmonic
characteristics. The jazz version enhances the pop version (Figure with seventh
chord extensions, such as ii7, 117, iii7 and vi7 (Gm7, G7, Dm7, Am7). It also features
chromatic voice leading in the transitions between chords. For example in bar 2 to 3,

the chord progression moves from G7/F to Gm/F and then Am7/E. This sequence

93



Chapter 4. Harmonization 54

P s
Py P P . P P B Ll e, . 2 o erlem
Melody%:'b%wuwi P Al LT ST UTrT gt -
% \ n = i i !
L4 L4
F Dm7/F G7/F Gm7/F | Am7/E Dm7 Dm 7 Dm7 7/ G7/D Dm7 Gm7/D Am7/C| Dm /.
e B—5 g % £ 28 1e o |2 £ s ¥ ——p PR
FC Gaza) g = T £ 2 > 2 2 =2 2 o> 2 2
T T T T T T T T T I T T
B),
F F BYF BYF | AwE Dm7 | AmEAm | Dm7a C7Bb | By, B ¢ Dmic|B¥D g,
z z % 2 z z z B £ 2 £ £ 3 6% % g
FC B> 2 2 > o Z 2 i i f T T } } t T
(Greek) =% } } } T - T + + . . . .

1 2 3 4 P
= o |
5 | IV | | I |
T | A | | VA | T 1
P9) - f ‘ i 14 i T
Human: F 7/ Fmaj7 VA Fé6 /. Gm7 Cc7
FC (pop): F Dm/F C/E F Dm/F F Bb/F F
FC (jazz): F /. D7 AmT7/E Gm7/F AmT7/E Gm7/F c7
FC (Greek): F /. D7 BbMaj7/D Gm/D An/E BbMaj7/p F
6 7 8 'S’

5
*#bﬁ:‘?
—-2 S ';':Q_'i
[ £ L [ |7 A Il el | IV Py Ty
LA Il Il Il T "4 Il |l T I/ o
J ‘ N — ' 4 - ' '
_— ‘

Human: Gm7 7/ c7 7/ Gm?7 c7 Fdim7 C7
FC (pop): C/E Bb/D o] 7/ Gm/B) 7/ Bb F
FC (jazz):C7 Gm7/D Am7/c 7/ Gm7/D C17 Gm7/D C17
FC (Greek): Bb/F VA Am/E /. Bb/F C7/E BbMaj7/r F

Figure 4.5: Harmonization of La Vie en Rose in various styles.

creates smooth chromatic movement in the form of small pitch change of F to E in
the bass and B to Bb to A in the inner voice. In contrast, the Constantinidis version
generally avoids the dominant C chord except for bars 5 and 7 which are not phrase
or section endings. This creates a slightly unresolved tension typical of modal music.

Figure presents harmonizations of the first 8 bars of La Vie en Rose using
three distinct chord transition models, namely pop, jazz, and a folk-based model
derived from the songs of the Greek composer Constantinidis. All three versions
begin with the same chord and their subsequent chords reflect chord transitions
specific to their models. The human-composed chord sequence includes a mix of
basic triads and extended chords (e.g., sevenths, ninths). In contrast, the pop version
contains mostly simple triads and their inversions, yielding harmonizations that are
more direct and repetitive in structure. The jazz version introduces more complex
chords, often with added sevenths or altered tones, leading to denser and more
chromatically varied sequences. In contrast, the Greek version tends to repeat bass

notes and uses non-standard chords like BoMaj7 in bars 2, 4, and 8. It creates a
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Figure 4.6: Spooky chords for Hall of the Mountain King.

slightly unresolved tension and voice leading typical of modal music.

(b) Custom Harmonization Style

FlexChord can generate harmonizations in a custom style using as little as
a single example music piece. This is achieved by creating a customized chord
transition model, where chord transitions and probabilities are manually defined
based on the example piece. This approach enables FlexChord to produce custom
style harmonizations without the need for additional training.

To test FlexChord’s ability to harmonize in a custom style, Hitchcock’s Psycho
was selected as the reference music for generating spooky style. Chord pairs were
extracted from Psycho and chord transition probabilities were computed for the
spooky chord transition model.

Figure illustrates the result of harmonizing the first 8 bars of In the Hall
of the Mountain King with the spooky chord transition model. Compared to the
original harmonization, FlexChord generates a higher concentration of dissonant
chords, similar to style of Psycho. For instance, the A#dim and F37 chords in bars
2 and 6 clash with the melody’s natural notes, intensifying the overall tension. In
contrast, the original chords are triads such as Bm, Ci, and D which are more
consonant with the melody.

To further demonstrate that FlexChord can create different emotional styles
from only one reference piece, two additional styles were constructed, a happy style
and a sad style. The happy style was based on a short example that mainly used
major chords, while the sad style was created from an example that featured more
minor chords. Custom transition models built from these examples were used by

FlexChord to harmonize the first four bars of Ode to Joy. As shown in Figure [4.7]
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Figure 4.7: Happy and sad sounding accompaniments by FF.

the happy version includes major chords such as C, G, and F, which give the melody
a bright and cheerful character. In contrast, the sad version uses minor chords like
Am and Dm, producing a more somber and darker sound. These results show that
FlexChord can use a single reference piece to generate harmonizations with clearly

different emotional qualities.

4.4.6 Full-Length Test

(a) Test Procedure

The objective of this test is to assess FlexChord’s ability to generate harmo-
nization across extended musical structures. Both FC and FC— were executed on
the full song of Colors of the Wind that includes diverse melodic variations and
intervals. For comparison, VITHarm and DAT-VAE were executed on consecutive

8-bar phrases of Colors of the Wind after being trained on the Pop-L training set.

(b) Musicological Analysis and Discussions

Figure |4.§|illustrates selected fragments of the test results as it is too long to show
all 62 bars of Colors of the Wind. For all methods, the results for the first 8 bars are
identical to those of the short-phrase test (Fig. . With the exception of bars 10,
15 and 16, the melody of section is repeated exactly in section . For FC, the
chords of are also repeated exactly in , due to the enforcement of repetition
constraint (Algorithm 1, Lines 11, 12). Both section and constitute the
verse of the song. Slight variations of this verse can also be found in sections @,
and .

The chord transitions to section (bars 16 to 17) of FC and FC— create a

relevant major-major contrast from chord F to Am. Both chords share two pitches,
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Figure 4.8: Test results of the full song of Colors of the Wind.

which are A and C. VT'Harm transitions from chord to chord Bb, resulting in a
subtler major-to-major contrast. Both chords also share two pitches, which are
D and F. However, DAT-VAE does not create contrast when transitioning to .
Instead, it produces repeated chords of Dm—Dm.

Section also contains the chorus of the song, with the melodic climax located
in bar 17 and its partial resolution in bar 18. The tension leading to the climax is
built by the ascending pitches F-A—C in bar 16, which leap to F in the next octave,
followed by descending notes into bar 18. FC follows the same trend by selecting
chords that initially create dissonance with the melody, followed by chords that are
consonant with the melody. For example, in bar 17, the pitch E of chord Am clashes
with the melody pitches F and D, producing a high dissonance. This is followed by a
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F-Dm cadence in bar 18, which is consonant with the melody. Thus, FC effectively
builds tension to the climax and then resolves it. The results of VT Harm follow
the same trend but uses the chord transition Bi—Am instead to build and release
tension.

In contrast, the results of FC— do not follow the same trend. While FC— builds
tension to the climax using the same chords as FC in bar 17, it does not release
tension due to its lack of handling cadence in bar 18. At bar 18, it repeats the Dm7
chord and transitions to another seventh chord (Gm7). The results of DAT-VAE go
against the melodic trend. It repeats the Dm chord in bar 17 which is consonant
with the melody transitions to Gm—Bbaddz4 that are dissonance with the melody.

The chord transitions to (bars 43-44) of FC and FC— are B+-C and F-C
respectively, producing a clear major-to-major contrast. In contrast, VI'Harm does
not feature any chord contrast in the transition from F to F. DAT-VAE generates
an F to F+ transition, which introduces a chromatic shift. This transition is
harmonically incoherent with the key of F major and the pop style because F+
chord creates an unexpected dissonance.

Colors of the Wind ends in bar 62 with the F note. Interestingly, all methods
generate the F chord or a chord rooted in F. In particular, FC, FC— and VTHarm
generate an F to F chord transition. On the other hand, DAT-VAE generates the
chord G7 which contains the pitch F, followed by chord F. This shows a general

agreement among the methods that F is an important note to include in the chord.

4.4.7 Summary

Quantitative results illustrate the strengths of FlexChord for short phrases. It
directly minimizes voice fluctuation to produce chord progression with smooth voice
leading (small V). It excels in generating a large number of inverted chords (large
IC) and caters to cadence by sacrificing chord diversity (small H) slightly. It chooses
chords with relatively low dissonance (small D) and achieves a favorable ratio of
chord tones to non-chord tones (large R0), indicating good chord-melody matching.

Musicological evaluation shows that FlexChord achieves style specificity by
producing chord sequence that matches the style of a selected set of example music.

It produces a pop chord sequence that is similar to the human-composed chord
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sequence, but remains creative in how the same chords are used as cadences to mark
phrase and section endings. Although FlexChord does not always reproduce the
original cadence, the alternate cadence that FlexChord selects remains harmonious
with the melody.

The listener study results reveal that most participants judge FlexChord’s
harmonizations to be more harmonious than DNN harmonizations. In addition,
more participants judge both the human-composed and FlexChord’s harmonizations
to be more harmonious than those of the DNNs, compared to the other cases. This
indicates that FlexChord’s harmonizations are better than those of the DNNs, and
are close to those of the human-composed harmonizations.

Additional tests results show that FlexChord is flexible at various style levels.
Custom or specific styles are explored using a chord transition model of the required
style, without the need for training on large datasets. Tests using a jazz chord
transition model show that FlexChord can generate high-quality jazz chord sequences
that maintain harmonic coherence with the melody. In a separate test, FlexChord
uses a custom chord transition model derived from a single example piece. It
successfully generates a custom style harmonization that incorporates more dissonant
chords than the original, effectively conveying tension.

Full-length melody test shows that FlexChord can produce harmonically coherent
chord progressions that match a full-length melody, complete with global music
structure. Chord repetitions and key-relevant chords are used to ensure consistency
among chords and effective matching with the melody. In addition, FlexChord
generates cadences that result in the tension and resolution needed for contrasting
sections. Overall, FlexChord shows promise as a flexible harmonizer that can create

pop and jazz chord sequences for complete songs.
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Chapter 5

Accompaniment Generation

Accompaniment is the auxiliary part of composition designed to harmonically
and rhythmically support the melody in music. A critical aspect of generating a
good accompaniment is to match the accompaniment to the chord sequence that
defines the harmonic structure of the music. Matching the chord sequence ensures
that the accompaniment is harmonically consistent and in alignment with the
melody. The rhythmic part of the accompaniment, which guides timing, duration,
and placement of notes, is equally important. Without harmonic and rhythmic
support, the generated accompaniment may become inconsistent or misaligned with
the melody, undermining musical coherence.

This chapter presents a method for accompaniment generation called FlexFlow
that builds upon the harmonization result of FlexChord. It begins by introducing
the computational representation of musical elements necessary for style-specific

accompaniment generation.

5.1 Representation of Music Elements

As described in Section 4.1, the melody M is represented as a sequence of pitches
p; over time index ¢ = 0,...,m — 1. It is organized into melody fragments h; with
strong beat index j = 0,...,n — 1. Each melody fragment h; is associated with a
chord ¢; that is either set manually or generated by FlexChord. It has a structure
label \; that takes the value of ‘P’, “S”, or * ” respectively for end of phrase, end of
section or neither. If fragment h; repeats an earlier fragment h; exactly, then its
structure label A\; = j'. In addition, fragment h; has a section label that indicates
its section type according to the melody’s music form such as A B, A B A and A B
A C A (Section 2.2).
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The objective of accompaniment generation is to produce, for each melody
fragment h;, an accompaniment fragments g; of the same length. For ease of
discussion, let’s consider the case of monophonic accompaniment where g; contains a

single sequence of pitches. Extension to polyphonic accompaniment will be discussed

in Section £.3.21

5.2 Problem Formulation

Accompaniment generation involves creating harmonic and rhythmic support for
a given melody. It must address several key aspects, including accompaniment style,
pitch progression, accompaniment-chord matching, accompaniment-melody matching
and closure. Rhythmic pattern plays a secondary role because accompaniment
typically contains regular rhythmic pattern. Thus, this thesis considers only rhythmic
pattern at the end of phrases and sections that indicate closure. Other possible

rhythmic patterns are highlighted in Section

5.2.1 Accompaniment Style

The style of an accompaniment is captured by the reference accompaniment
phrases. Let F' denote a reference accompaniment phrase. It contains one or more
reference accompaniment fragments f;, for [ = 0,...,7 — 1. The number of reference
fragments 7 typically takes the value of 1, 2, 4, 8, 16, etc. A reference fragment f;
has the same length as a melody fragment h; and a target accompaniment fragment
gj. Reference fragments are related to target fragments by a specific correspondence

between them:

[ = j mod . (5.1)

In particular, fy corresponds to g;, for j = 0,n,2n,..., fi corresponds to g; for
j=Ln+12n+1,..., etc.

For a melody with multiple sections such as A B A, the melody of section B
is composed to contrast that of section A. To reflect the stylistic contrast between
section A and section B, two contrasting reference accompaniment phrases F, and
Fy, are needed to support the two sections. There are many possible choices of

contrasting reference phrases F, and Fy, each conveying a different accompaniment
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style. Therefore, the stylistic choice of reference phrases should be left to the user
to decide.

The simplest way for a user to specify accompaniment style is to provide one
or more reference music pieces with accompaniments of the desired style. The
contrasting reference phrases can come from different sections of a single reference
music, or from different reference music pieces. The length 7 is also specified by the
user. For simple accompaniment with repeating rhythmic pattern, 1 can be as small
as 1 or 2. For more interesting and complex accompaniment, 1 can be larger, up to
the length of a melody phrase. Given the reference music and the user’s choice, it is
easy to apply a preprocessor to extract reference accompaniment phrases from the

reference music.

5.2.2 Pitch Progression

The style of a reference accompaniment is conveyed in its pitch progression and
rhythmic pattern. FlexFlow keeps the rhythmic pattern, i.e., pitch onset pattern,
of a reference accompaniment fragment unchanged in the target accompaniment
fragment, except for closure (Section . It changes only the pitch levels in the
target accompaniment fragment while retaining the pitch progression of the reference
accompaniment fragment.

Pitch progression can be characterized in two ways, yielding detailed property
and overall property. Detailed property of pitch progression is characterized by two
factors, namely pitch direction and pitch difference. Let p; denote a non-rest pitch in
reference accompaniment fragment f;. Then, its pitch direction is sign(p; —p;—1) and
pitch difference is |p; — p;_1|. Suppose reference fragment f; corresponds to target
fragment g;. To preserve the detailed property of pitch progression, the pitches in
fragment g; should follow the same pitch directions and similar pitch differences as
those in fragment f;.

Overall property characterizes the shape of pitch progression or pitch con-
tour. [CZB+21] demonstrates that the shape of pitch contour can be captured
by the Discrete Cosine Transform (DCT) of the pitch sequence. The first DCT
coefficient represents the overall pitch level of the pitch sequence. The next three

DCT coefficients form a 3D vector that represents the overall shape of pitch contour
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that is independent of the overall pitch level. Two fragments with similar pitch
contours have similar DCT wvectors. The difference in DCT vectors is used to

measure the consistency of generated accompaniment fragments in the same melody

section (Section [5.4)).

5.2.3 Accompaniment-Chord Matching

Matching of accompaniment to chord progression is important for ensuring har-
monic coherence of the generated accompaniment. A key principle of accompaniment-
chord matching is that most, if not all, accompaniment pitches should be chord
pitches, which anchor the harmonic structure in music. Non-chord pitches, such as
passing or suspension notes, may be used sparingly to introduce tension or variation.
Excessive use can weaken harmonic coherence and disrupt the relationship between
accompaniment and melody [FW13; [Smi+18]. In FlexFlow, accompaniment-chord
matching is achieved by ensuring that all pitches of accompaniment fragment g;
are chord pitches with respect to their associated chord c;. Allowance of non-chord

pitches is achieved by accompaniment-melody matching (Section |5.2.4)).

5.2.4 Accompaniment-Melody Matching

Music perception studies point to the match between an accompaniment frag-
ment g; and a melody fragment h; as the amount of dissonance between their
pitches [Hur94; [Hur06; [ TDSG18|]. The dissonance between two pitches p and ¢ is
a function of their pitch interval 0(p,q) = |p — ¢| mod 12 (Section 4.2.2). Lower
dissonance value corresponds to higher harmonic coherence when the pitches are
sounded together.

A similar concept can be defined for the dissonance d(h;, g;) between melody
fragment h; and accompaniment fragment g;. It is measured according to the
dissonance between the pitches p; of melody fragment h; and the pitches 7 of

accompaniment fragment g;:

d(hj7g.7) = Zd(piﬂ";)afor pivrg 7£ rest, (52)
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5.2.5 Closure

The melody of a phrase or a section is often ended by a sustained pitch with an
appropriate duration. These sustained pitches give a sense of partial or full closure,
analogous to comma and period in English sentences. They help to punctuate a
melody and clarify the organization of phrases and sections in the melody’s music
structure [Tem11]. In the same way, the generated target accompaniment should
end with sustained pitches at the end of selected phrases and sections to provide a
sense of closure. The durations of the sustained pitches should match those in the
melody. Phrase and section ending that requires closure is labeled with structure
label \; = ‘C’. Structure labels are provided by user with help of a melody structure
analysis tool [DZD20].

5.3 Algorithm Design

The proposed algorithm FlexFlow generates accompaniment by modifying ref-
erence accompaniment to match the melody and the chords. It produces target
accompaniment that is harmonious with the melody by minimizing the overall

dissonance D between the target accompaniment and the melody:

n—1

D=7 d(hj,g5). (5.3)

j=0
To capture the style of the reference accompaniment, FlexFlow keeps the pitch
directions identical between the reference and target accompaniments, and minimizes
the differences in pitch intervals between them. In addition, it uses appropriate

sustained pitches at phrase and section endings to provide closure.

5.3.1 FlexFlow Accompaniment Generation

The overall structure of FlexFlow (Algorithm 2) is to use a reference accompa-
niment fragment f; to generate the corresponding target accompaniment fragment
gj. The first step in Line 1 is to determine the accompaniment octave in which
the target accompaniment lies. The general guideline is that the accompaniment
pitches should lie in an octave that is lower than the melody pitches when both

parts are played on a piano. Separating the accompaniment pitches and the melody
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Figure 5.1: Transposition of reference accompaniment fragment. The lowest pitch of
chord F is 53 in octave 3, and the lowest pitch (red note) of the reference fragment
is 48 in octave 3. For the target accompaniment to be one octave below the melody,
a transposition interval 48 — 53 4+ 12(1) = 7 is applied. Thus, the reference fragment
is transposed up by 7 to the target fragment to match the melody and chord F.

pitches into two different octaves helps to differentiate the audio qualities of the
accompaniment and the melody. Depending on the pitch ranges of the melody and
the reference accompaniment, the accompaniment octave can be set at 1 or 2 octaves
below the melody. The actual choice of octave is to be decided by the user.

Next, Line 3 selects the reference accompaniment phrase F' that matches the
section label of melody fragment h;. Line 4 selects from phrase F' the accompaniment
fragment f; that corresponds to melody fragment h; in accordance with Eq. [5.1}

Lines 5 and 6 perform pitch transformations to ensure harmonic coherence
between the accompaniment and the melody and the associated chord. Line 5
transposes reference fragment f; to target fragment g; by matching the key of
melody M and chord c¢;, in the appropriate accompaniment octave. The pitch
interval 6 of transposition is calculated as the difference between the lowest pitch
q in chord ¢; and the lowest pitch r in reference fragment f;, adjusted to fit the
accompaniment octave:

0=r—q+12c, (5.4)

where ¢ > 1 is dependent on the pitch ranges of the melody and the reference
accompaniment. Typically, c = 1 or 2. Then, the target accompaniment pitches

ri in fragment g; is computed by subtracting the transposition interval 6 from the

reference pitches r; (Fig. [5.1).
ri=r;,—0. (5.5)

Line 6 adjusts selected pitches in the target accompaniment fragment g; to their
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nearest desired pitches while preserving their pitch directions. Two adjustment

options are available:

1. Adjust to chord pitch:
Non-chord pitches r; with respect to the associated chord c; are selected. Each
selected pitch 7} is adjusted to the nearest chord pitch in ¢;, in the same pitch
direction as its corresponding reference pitch r;. This adjustment ensures that
all adjusted accompaniment pitches are chord pitches with respect to chord ¢;,
and they preserve the pitch directions and pitch differences in the reference

accompaniment.

2. Adjust to reduce dissonance:
Accompaniment pitches 7} that are dissonant with the corresponding melody
pitch p; are selected. An accompaniment pitch r; is considered dissonant
with p; if d(p;, ;) > 0.4. Each selected pitch r} is adjusted to the nearest
pitch such that dissonance d(p;, ;) < 0.4 while retaining the pitch direction
of its corresponding reference pitch r;. This adjustment ensures that all
accompaniment pitches are not dissonant with their corresponding melody

pitches.

Pitch adjustment for option 1 is performed as follows. A pitch r; may be set in

one of three octaves, namely r;,r. + 12 and r; — 12. With respect to the pitch

1)

-

ri + 12 leads to a rising pitch, r; — 12 leads to a lowering pitch, and 7. leads to

Tis T
either rising, lowering or level pitch. There is no need to consider octaves further
than £12 because the goal is to choose the nearest pitch. A triad chord has three
pitches, and there are altogether 9 candidate pitches to choose from. A 7th chord
has four pitches, and there are altogether 12 candidates pitches to choose from.
Thus, the adjustment of pitch 7} is to find, among these candidate pitches, the
one that has the same pitch direction as reference accompaniment pitch r;, and is
nearest to 7} in terms of pitch difference. Then, pitch 7. is changed to the chosen
candidate pitch level. Pitch adjustment for option 2 is performed in a similar way;,
except that low-dissonant pitches are considered instead of chord pitches (Fig. .
Alternatively, pitch adjustment can be applied only to onset pitches, with pitch

direction and pitch difference defined for consecutive onsets. Then, non-onset pitches
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Figure 5.2: Pitch adjustment in accompaniment. Rows 2, 3, 4 and 5 illustrate,
respectively, target accompaniments after transposition, adjustment to chord pitches,
adjustment to minimize dissonance and adjustment to reduce dissonance while
keeping many chord pitches. The red notes in row 3 denote non-chord pitches that
are adjusted to chord pitches, and those in row 4 and 5 denote pitches adjusted to
reduce dissonance.

i that follow an onset pitch are set to the same adjusted pitch level as the onset
pitch.

Option 1 ensures that all accompaniment pitches are chord pitches regardless of
the melody pitches. So, the dissonance between accompaniment and melody may
be higher than 0.4. On the other hand, option 2 ensures that the accompaniment is
harmonious with the melody regardless of the associated chord. Consequently, some
accompaniment pitches may be non-chord pitches and may not fit the melody mode.
Therefore, option 1 and option 2 are conflicting options. One way of balancing
option 1 and option 2 is by relaxing them as follows. First, apply option 1 to obtain
only chord pitches in the accompaniment. Next, identify the accompaniment pitches,
which are now chord pitches, with dissonance > 0.5 compared to their corresponding
melody pitches. Then, adjust these pitches to the nearest pitches with dissonance
< 0.5 while preserving their pitch directions. This method retains a small number of
non-chord pitches while keeping the overall dissonance < 0.5. Fig. row 5 shows
that the accompaniment pitches belong to the major mode despite allowing some
non-chord pitches.

Lines 7 and 8 adjust the last pitch onset and its duration in target fragment g,

with structure label A; of ‘C’ to provide closure. For example, the melody always
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Figure 5.3: Section closure in accompaniment. This closing section labeled ‘C’ ends
with a sustained pitch. Thus, the target accompaniment ends with a matching
sustained pitch (red note). Its pitch value is set to the root pitch of chord F, while
preserving the pitch direction of the corresponding reference pitch.

ends with a sustained pitch at the end of a song (Fig. . The sustained pitch,
along with its onset time index, is copied to the target fragment, and the pitch level
is set to the bass pitch in the associated chord c¢; while retaining pitch direction.
This pitch adjustment is also applied to the end of a phrase if the melody ends a
phrase with a sustained pitch.

In general, the rhythmic pattern of the generated accompaniment can be adjusted
as well. However, pitch adjustment is more critical for ensuring that the generated
accompaniment matches the target chords and harmonically supports the melody.
The listener study results (Section indicate that listeners are more sensitive to
dissonant harmony than to minor rhythmic variations in the accompaniment. Thus,
only simple adjustment of rhythmic pattern for closure is considered. Other possible
ways of adjusting rhythmic pattern are highlighted in Section [6.1]

Lines 9 and 10 handle repetition. When the structure label \; is an integer j', it
indicates that the melody fragment h; is an exact repetition of an earlier fragment
hjr. In this case, the accompaniment fragment g;s is copied to g;.

FlexFlow runs for exactly n iterations, one for each strong beat index j, to
produce n accompaniment fragments. Each iteration performs a bounded set of
operations. Line 3 selects a reference phrase with a matching section label from a
small set of reference phrases. Line 4 selects a corresponding reference fragment in
the reference phrase. This selection can be achieved by direct access through the
correspondence between the target fragment index j and reference fragment index [
(Eq. . Line 5 performs transposition of a3 pitches in a fragment. Line 6 adjusts

fewer than a3 pitches in a fragment. Each adjustment chooses an appropriate pitch
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Figure 5.4: An example of polyphonic accompaniment. Each stack of notes is a
poly-pitch that contains one or more pitches.
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from a small set of candidate pitches. These small numbers are independent of the
number of fragments n, and they can be regarded as constant. Therefore, the time

complexity of FlexFlow is O(n).

Algorithm 2: FlexFlow Accompaniment Generation

Input: Melody M, chords ¢;, reference accompaniment phrases {F'}.
Output: Target accompaniment G.

1: Determine the accompaniment octave.

2: for j=0,...,n—1do

3: Select the reference accompaniment phrase F' that matches the section
label of melody fragment h;.

4: Select the reference accompaniment fragment f; in F' that corresponds
to melody fragment h; (Eq. [5.1)).

5% Transpose reference fragment f; to target fragment g; by matching the

key of melody M and chord c;.
6: Adjust selected pitches in g; to their nearest desired pitches while
retaining their pitch directions.

7. if \; = ‘C’ then

8: Adjust the last pitch onset and its duration in target fragment g;,
if needed, according to those in the melody fragment h;.
9: else if \; is an integer j' then
10: Set g; = gjr.

5.3.2 Extension to Polyphonic Accompaniment

In music theory, a polyphonic music consists of several lines of melody called
voices. The simultaneous sounding of multiple voices enrich the texture of the
music. In contrast, a monophonic music consists of only one singe melody line. The
discussions in the previous sections focus on monophonic accompaniment. This

section illustrates how to extend FlexFlow to handle polyphonic accompaniment.
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Polyphonic music such as chorales and quartets is organized into separate lines,
one for each voice [HPN17; [Yin+23]. In contrast, the polyphonic accompaniment
considered in FlexFlow is not necessarily organized into separate lines (Fig. .
Instead of organizing a polyphonic accompaniment into multiple lines, it is more
appropriate to organize the pitches that appear at the same time index as a poly-
pitch. Then, a polyphonic accompaniment can be represented by a single sequence
of poly-pitches, each containing one or more pitches.

The central idea of extending FlexFlow to polyphonic accompaniment is to
characterize each poly-pitch by a representative pitch. Then, a polyphonic accompa-
niment can be regarded as a monophonic accompaniment by FlexFlow. This concept
is adopted in FlexFlow in the following ways.

After transposition, each poly-pitch is adjusted according to either option 1,
option 2 or the balanced version of options 1 and 2 (Fig. . To avoid duplicate
pitches within a poly-pitch, any candidate pitch that causes potential pitch collisions
is not considered for pitch adjustment.

Figure illustrates an interesting example. The poly-pitch in beat 3 that is
adjusted to chord pitches happen to have low dissonance. Therefore, options 1, 2
and the balanced option all produce the same result for beat 3. On the other hand,
they produce different results for beat 4.

5.3.3 Comparison to Existing Methods

Before comparing the performance of FlexFlow (FF) with comparable existing
methods, namely AccoMontage and Whole Song Generation, it is useful to discuss
the similarities and differences between them.

AccoMontage (AM) |Zha+24] is a hybrid method that combines hidden Markov
model (HMM) and variational autoencoder (VAE). The HMM applies dynamic
programming to select an accompaniment phrase from a reference set to pair
with each melody phrase. It performs the selection by matching the rhythm and
chords of the accompaniment phrase to those of the melody phrase. The selected
accompaniment phrases are refined by the VAE, which is trained to minimize
accompaniment reproduction loss and the KL divergence between the learned

distribution and target Gaussian distribution of accompaniment, conditioned on
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Figure 5.5: Poly-pitch adjustment in accompaniment. Rows 2, 3, 4 and 5 illustrate,
respectively, target accompaniments after transposition, adjustment to chord pitches,
adjustment to minimize dissonance and adjustment to reduce dissonance while
keeping many chord pitches. The red notes in row 3 denote non-chord pitches that
are adjusted to chord pitches, and those in row 4 and 5 denote pitches adjusted to
reduce dissonance.

matching the chords of the melody.

Whole Song Generation (WSG) [WMX24]| is a series of cascaded diffusion models
that generate structured music across multiple levels, ranging from phrase structure
labels to melody phrases, chords, and individual accompaniment pitches. The
diffusion models aim to denoise the input to reproduce the training accompaniment.
WSG is trained to produce accompaniment phrases that capture both fine-grained
pitch relationships and the broader music structure.

During accompaniment generation, AM, WSG and FF adopt similar two-stage
approach: (1) reference accompaniment selection, and (2) pitch adjustment. In
Stage 1, AM selects accompaniment phrases from a reference set provided by the
user. If the reference set contains only one reference phrase, then AM uses the
same reference phrase for all melody phrases. WSG takes a user-specified reference
phrase as input and uses it for all melody phrases. Another WSG setup supports
external control for different melody sections. However, this WSG setup is not
publicly available. FF uses a single reference accompaniment phrase provided by the
user. Alternatively, a user can provide different reference phrases to FF for different

melody sections.
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In Stage 2, AM applies VAE to adjust pitches of the selected reference phrases
to match the melody and its associated chords. The reference phrases with pitches
adjusted are the generated accompaniment. WSG applies diffusion method to
adjust the pitches of the selected reference phrase to match the melody. Chords
are handled as part of the diffusion process. FF transposes the selected reference
phrase according to the bass pitches of the melody chords, and then adjusts the
accompaniment pitches to match the chords and, optionally, to reduce dissonance
with the melody, while preserving the pitch directions and pitch differences of the
reference phrase.

In summary, AM, WSG and FF all require user specified reference accompaniment
phrases. They differ primarily in the way they adjust the pitches of the reference
phrase to match the melody and the associated chords. AM and WSG adjust
pitches using trained neural networks. On the other hand, FF performs direct,
specific adjustment of individual pitches, conditioned on matching chords, reducing

dissonance and preserving pitch directions and pitch differences.

5.4 Experiments and Discussions

This section presents two types of tests: single-section test and full-length test.
Single-section test is used for quantitative evaluation of FlexFlow’s performance
compared to two existing methods, namely AccoMontage (AM) [Zha+-24] and Whole
Song Generation (WSG) [WMX24] (Section [5.3.3). Both single-section test and

full-length test are used for musicological evaluation.

5.4.1 Data Preparation

Two public datasets, namely Pop909 [Wan+20b] and Wikifonia-Music-Text
(WKF) [WMX24] were used for the accompaniment generation task. Pop909 contains
lead sheets with polyphonic piano accompaniments in pop style. It contains 857
songs in 4/4 time, sufficient for training deep neural network methods. In contrast,
WKF contains lead sheets without accompaniment for many genres. Due to the
lack of associated accompaniment, it is unsuitable for training. 80 pop songs were
selected from WKF to serve as testing examples.

Pop909 and WKF contain songs that are organized into multiple sections. Each
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Table 5.1: Summary statistics of the datasets used for accompaniment generation.

Number of | Number of
Dataset
Songs Phrases
Pop909 857 11,041
WKF 80 189

section contains 2 to 16 phrases. Each phrase consists of 8 to 32 fragments, in
multiples of 8 fragments. Only songs with 4/4 time signature were used because
the DNN method of WSG works only on songs with 4/4 time. Each fragment has
a length of half a bar. Similar to existing work, their tempo was set to 120 beats
per minute and the songs were transposed to all 12 music keys to ensure that WSG
could handle test melodies of various keys. Each song was encoded in step-function
representation with number of pitches per unit duration g3 set to 16. Recall that the
desired stylistic contrast between the generated accompaniments in different melody
sections should depend on user’s preference (Section . To eliminate subjective
variability, quantitative evaluation was performed only on the main section, i.e.,
section A, of the songs.

The Pop909 dataset was split into training and validation sets and WKEF' served
as the testing set. This resulted in a training, validation and test set ratio of 10:1:1.
Training and validation are required for AM and WSG. In contrast, FlexFlow does
not require training. Thus, FlexFlow does not require training set and validation
set. It uses testing set for performance testing. Table 5.1 summarizes the statistics

of the prepared datasets.
5.4.2 Quantitative Evaluation

(a) Test Procedure

The objective of this test is to evaluate the performance of FlexFlow (FF). Three
versions of FF, which use different pitch adjustment options, are compared. FF1
applies pitch adjustment option 1 to obtain chord pitches and FF2 uses option 2 to
minimize dissonance between accompaniment and melody. FF1.5 balances option

1 and option 2 to combine their advantages. In addition, FlexFlow was compared

with AccoMontage (AM) and Whole Song Generation (WSG).
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As discussed in Section[5.3.3, FF and AM can use multiple user-selected reference
phrases, whereas the publicly available WSG supports only single reference phrase.
For fair comparison, all methods are restricted to use a single common reference
accompaniment phrase for the whole melody. Thus, the reference set of AM was
restricted to contain a single reference accompaniment phrase. To emulate the
selection of appropriate reference phrase by a human user, a separate AM was run
on the testing melody, and the reference phrase selected by this AM for the first
melody phrase was used as the common reference phrase.

The experiments were conducted on a MacBook Pro equipped with a quad-core
Intel Core i7 processor running at 2.2 GHz and 16GB of RAM. The average execution
time per test song for FlexFlow, AM, and WSG was 0.19 s, 4.47 s and 4.56 x 10% s,

respectively.

(b) Quantitative Test Metrics

For objective comparison between FlexFlow and existing methods, a set of simple

but musically meaningful metrics were identified:

e Bass hit ratio B
An accompaniment fragment g; should be set at the right pitch level to
harmonize with the melody according to its associated chord ¢;. This is
achieved when the fragment’s lowest pitch is the same as the bass pitch of its
associated chord, a condition called bass hit. Let n, denote the number of
fragments that achieve bass hit and n denote the total number of fragments in
the song. Then, the bass hit ratio B measures the fraction of fragments that
achieve bass hit:

Ny

B = (5.6)

n

A higher B value indicates better match between the accompaniment and the

associated chords. The value of B ranges from 0 to 1.

e Chord pitch ratio RO
This metric measures the ratio of chord pitches n. to non-chord pitches n,, in
the accompaniment fragment g; with respect to the associated chord c;:

Te

RO = )
Ne + Ny,

(5.7)
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It also measures the harmony between the accompaniment and the associ-
ated chord. The higher the RO value, the better is the match between the

accompaniment and the chord. The value of RO ranges from 0 to 1.

e Dissonance D

The average dissonance D between melody and accompaniment is defined as:
1
D=— > d(hj, g;), (5.8)
J

where d(h;, g;) is the dissonance between the corresponding pitches of melodic
fragment h; and accompaniment fragment g; at the same time index ¢ (Eq. .
The lower the D value, the more harmonious is the match between the accom-

paniment and the melody. The value of D ranges from 0 to 1.

e Contour Difference C
Contour difference measures the consistency between the generated accom-
paniment phrases in a melody section. It is based on the difference in pitch

contour between corresponding fragments ¢ and ¢’ measured in terms of their

DCT vectors v and v’ (Section [5.2.2)):
¢(g,9) = llv ="l (5.9)

Contour difference is the average difference over all pairs of corresponding

accompaniment fragments in the same section S:

1 /
C=15p > é(g,9). (5.10)

9,9'€S

The lower the C value, the more similar is the contours of accompaniment
phrases. For two contours that are an exact transposition of each other, C

= 0. For two different contours, C can be higher than 100.

e Contour Difference C’
This metric is a variant of contour difference C. It excludes fragments at the

end of a phrase or a section that are adjusted to ensure proper closure.
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Table 5.2: Quantitative evaluation of accompaniment generation methods.

Accompaniment | Accompaniment Contour

-chord match -melody match Difference
Method | B? ROT Dl CJ ¢l C/cl
AM 0.67 0.93 0.40 20.81  26.77  90%
WSG | 0.43 0.60 0.46 262.68 24531 93%
FF1 1.00 0.99 0.39 15.22 9.54 63%
FF1.5 | 1.00 0.85 0.34 35.03 2740  78%
FF2 1.00 0.71 0.32 39.31 3139 80%

(c) Quantitative Comparison of Various Methods

Table tabulates the quantitative results of all the methods. All FF variants
achieve the perfect bass hit ratio B of 1.0, indicating that the accompaniment
fragments are set at the bass pitches of their associated chords. This is achieved by
Line 5 of FF algorithm that transposes the accompaniment fragments so that the
fragments’ lowest pitches are the same as the bass pitches of their associated chords.
In contrast, WSG achieves the lowest B value because its multi-stage diffusion
method cannot simultaneously handle the properties of music structure, melody and
chords well. AM achieves a slightly higher B value than does WSG because it is
trained to generate accompaniment conditioned on the associated chords.

In theory, FF1 should achieve the perfect chord pitch ratio RO of 1.0 because it
sets all accompaniment pitches to chord pitches. Instead, test result indicates that
FF1’s RO is very closer to but not exactly 1.0. This is due to a small amount of
held pitches that cross fragment boundaries. Held pitches are chord pitches with
respect to the chords of the preceding fragments. As they continue unchanged across
fragment boundaries, they may not be chord pitches with respect to the chords of the
succeeding fragments. FF2 minimizes dissonance instead of keeping chord pitches
and FF1.5 balances the option of keeping chord pitches and reducing dissonance.
Therefore, among the three variants, FF2 achieves the lowest B value. AM generates
accompaniment fragments conditioned on the associated chords. Since this condition
can only be imposed as a soft constraint in neural network, AM achieves the second
highest RO value, just lower than that of FF1. In contrast, WSG achieves the lowest
RO because its multi-stage diffusion model cannot match the chords well.

All methods achieve an average dissonance D of 0.46 of less, indicating that their
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dissonance is low. This is due to the methods’ matching of accompaniment phrases
to melody phrases. FF2 achieves the lowest D value because it explicitly minimizes
dissonance between the accompaniment fragments and the melody fragments. FF1
keeps chord pitches instead of explicitly minimizing dissonance. Since chord pitches
tend to have low dissonance with the melody, FF1’s D value is lower than those
of AM and WSG. FF1.5 balances between keeping chord pitches and reducing
dissonance. Thus, its D value is in between those of FF1 and FF2.

Test results about contour difference C indicate that FF'1 best retains the contour
of the reference accompaniment phrase in the generated accompaniment phrases.
In other words, FF1 best maintains consistency among generated accompaniment
phrases, which is important for preserving the style of reference accompaniment.
By reducing dissonance, FF1.5 and FF2 cause more changes to phrase contours,
resulting in larger C values. AM retains the reference contour well, and achieves
the second highest C value. In contrast, WSG does not impose consistency in the
generated accompaniment phrases. Consequently, it has very high C value compared
to the other methods.

To handle closure, FF variants adjust the rhythmic pattern of the accompaniment
fragments at the end of phrase and section with the structure label of ‘C’. This
adjustment is expected to change the phrase contours and results in higher contour
difference. By discounting closing fragments, C’ values give better indication of how
well the methods maintain consistency in the generated accompaniment. In direct
correlation to the C values, FF1 has the lowest C’ value, whereas WSG has the
highest C’ value. AM, FF1.5 and FF2 have roughly the same lower C’ values than
does WSG.

The ratio of C'/C indicates the amount of phrase and section closure handled
by a method. FF1 explicitly handles closure and achieves the lowest C'/ C ratio of
63%. FF1.5 and FF2 also explicitly handle closure. Nevertheless, their effects are
less apparent due to their larger C values. In comparison to FF1, they achieve a
higher C’'/ C ratio of about 80%. AM and WSG have very high C’/ C ratios of 90%
or more. This indicates that AM and WSG do not handle closure well.

In summary, FF1 has the best overall performance, with AM and FF1.5 following
closely behind FF1. Indeed, the polyphonic accompaniments generated by FF1

sound more harmonious than those of FF1.5 and FF2 because the pitches generated
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by FF1 are chord pitches. When these pitches appear in a poly-pitch, they sound like
a regular chord, providing harmonious support to the melody. FF variants achieve
good performance because the accompaniment generation algorithm can perform
fine-grained adjustment of individual pitches in the generated accompaniment. AM
applies VAE to adjust pitches to match melody and chords. WSG uses diffusion
models to perform overall pitch adjustment, which lacks fine-grained control for
simultaneously handling multiple conditions of pitch progression, accompaniment-

chord matching, accompaniment-melody matching and closure.

5.4.3 Listener Study

A listener study was conducted to compare the perceived accompaniment quality
of various methods. 40 participants aged 18 to 65 years (average age = 41.6 years,
SD = 11.8 years) were recruited via CloudResearch. All participants reported
having at least five years of music training and being able to play the piano. Each
participant was presented with two 8-bar songs with polyphonic accompaniment.
One of the pair was either the human-composed (HC) accompaniment or the results
of FlexFlow with option 1 (adjust to chord pitches). The other was a result of either
AM or WSG. The participant was asked to pick the one whose accompaniment was
more harmonious with the melody. In addition, the participant was asked to rate
how harmonious each song was on a 5-point Likert scale. The ratings were used to
verify whether the participant’s choice was consistent with the ratings. To reduce
listener’s fatigue, each participant repeated the above procedure for only 20 pairs
of songs instead of 40 pairs as in Section because it takes longer to listen to
accompaniment results.

As discussed in Section [4.4.2] there is no ground truth in harmonization. A
HC accompaniment does not serve as a ground truth but is used to verify whether
the participants’ evaluation are reliable. For example, if the participants judge
HC accompaniment to be less harmonious than a DNN’s result, it does not mean
that HC accompaniments are less harmonious than the DNNs’ accompaniments.
Instead, it means that the participants do not understand accompaniment quality
well and therefore, the participants’ evaluation is unreliable. On the other hand, if

the particpants judge HC accompaniment to be more harmonious than the DNNs
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Table 5.3: Results of the listener study on accompaniment generation.

\ Cases \ AM \ WSG ‘
H+ 61 (49.2%) | 87 (70.7%)
H- 63 (50.8%) | 36 (29.3%)
F+ 70 (56.9%) | 84 (68.3%)
F— 53 (43.1%) | 39 (31.7%)
H+ and F+ | 38 (31.2%) | 67 (55.4%)
H+ and F— | 23 (18.9%) | 20 (16.5%)
H— and F+ | 31 (25.4%) | 16 (13.2%)
H— and F— | 30 (24.6%) | 18 (14.9%)

Total votes [ 122 (100%) | 121 (100%) |

results it means that the participants’ evaluation is reliable. Therefore, FlexFlow is
not compared with HC accompaniment, which helps to reduce listener’s fatigue.

The participants’ assessments were grouped into one of the following cases:

e H+: Human-composed accompaniment is more harmonious than DNN’s result.
e H—: Human-composed accompaniment is less harmonious than DNN’s result.
e F4: FlexFlow’s result is more harmonious than DNN’s result.

o F—: FlexFlow’s result is less harmonious than DNN’s result.

Table indicates that a large majority of participants judged human-composed
accompaniments to be more harmonious than WSG’s results, and roughly equal
number of participants judged either human-composed accompaniments or AM’s re-
sults as more harmonious than the other. These results indicate that the participants
understand and appreciate accompaniment. Therefore, the listener test results are
reliable. Most participants judged FF’s results to be more harmonious than those of
AM and WSG (56.9% and 68.3% respectively). Moreover, most participants judged
both FF’s results and human-composed accompaniments as more harmonious than
those of AM and WSG (H+ and F+ case). These results indicate that FF’s results
are better than those of AM and WSG, and its quality compared to that of DNNs is

close to the quality of human-composed accompaniment compared to DNNs’ results.
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The listener study results are likely due to the following reasons. The accompa-
niments are polyphonic. In a polyphonic accompaniment, the pitches that appear
at the same time sound like chords. The participants, who play piano and have
at least 5 years of music training, are more sensitive to the pitch harmony than
the matching of nuanced rhythmic patterns between the accompaniment and the
melody. As shown in Table [5.2] FF1’s results contain only chord pitches, AM’s
results contain some non-chord pitches, and WSG’s results contain many non-chord
pitches. Therefore, FF1’s results are judged to be more harmonious than those of
AM and WSG. The human-composed accompaniments may contain roughly equal
amount of non-chord pitches compared to AM’s results, and fewer non-chord pitches
compared to WSG’s results. Therefore, the human-composed accompaniments are
judged as equally less harmonious as AM’s results and more harmonious than WSG’s

results.

5.4.4 Musicological Evaluation of FlexFlow Variants

Figure [5.6| shows the accompaniment generated by the FF variants for bars 9 to
16 of Sentimental Me, a song in the testing set. All FF variants preserve the style of
the reference accompaniment by maintaining similar pitch direction and syncopated
rhythmic patterns. For instance, the first two bars demonstrate an upward pitch
direction and a syncopated rhythmic pattern that closely match the reference style.

The accompaniment of FF1 contains only chord pitches, resulting in minimal
dissonance between accompaniment and melody pitches throughout the piece, except
for bars 15 and 16 where a notable clash occurs. In bars 15 and 16, the chord
pitch E in the A major chord clashes with the melody pitch F across six beats.
FF2, on the other hand, ensures that accompaniment-melody dissonance < 0.4,
which causes slight change to the pitch contour. Bar 10 highlights this difference,
showing low dissonance pitches that create tension while avoiding direct clashes
with the corresponding melody pitch at each time point. However, the sequence
of poly-pitches, which sounds like a sequence of chords, tend to lack harmonic
coherence. For example, the sequence moves from an augmented chord (Bs—D-F%)
to an F major chord, then quickly shifts to an F minor chord within two bars. This

change from augmented to major to minor within a bar adds confusion to the mode
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Figure 5.6: Accompaniment of Sentimental Me by FF variants.

of the bar, which makes the chord progression less harmonically coherent.

FF1.5 balances the options of keeping chord pitches and reducing dissonance. For

example, bar 10 contains a poly-pitch (F-G—Cg) with greater chord pitch dissonance

than the surrounding consonant poly-pitches based on Eb major and C major chords.

Notably, bar 11 resolves this harmonic tension with F major chords, unlike the

sequence of dissonant poly-pitches produced by FF2 for the same melody bar. This

example shows that dissonant poly-pitches are usually undesirable, unless they

are required for specific styles, such as the spooky style of Hall of Mountain King

(Section |4.4.5(b)). Note that these observations apply to polyphonic accompaniment

but not monophonic accompaniment because monophonic accompaniment is a
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For this comparison test, AM, WSG and FF were applied to the song Sentimental
Me with the following structure: A8, A8, B8, A8. It begins with two sections of

FF1
FF1

WSG
Each section consists of 8 bars. Section A and Section B should have contrasting

Figure 5.7: Accompaniment generated by various methods for Sentimental Me. This
Section A, followed by a contrasting Section B, and ends with a final Section A.

figure illustrates bars 1-8 of the first Section A.
sequence of single pitches rather than a sequence of chords. In other words, FF1 is

more appropriate for polyphonic accompaniment, whereas FF1.5 and FF2 may be
5.4.5 Musicological Evaluation of Various Methods

appropriate for monophonic accompaniment.



83

Chapter 5. Accompaniment Generation

C7

Gm7

. | —“ N L) | mL LWJ —\- b L
ol e -;7 Ha — H_ b o\\_ 1\‘1 o TT7% N ey N
= i |
ol /‘J 4 e - b | 4 N ;\u- 3 N
sl T =l w e 8! .‘HJ. N =i ?h.Mv "
.L.- AL .AMEHV | 4 i fu N fiaw N Vj
[ | 1] | 1] BEREA) [
e N ] | L,
%A T B & -
S e T TTee Al el (N
SORUL TR SN (WY T o L s nw il
‘F% . _ VN i RN » |
[Ta | QT TN B e Aila ‘\Mi ' J%J? m e N
N L1 (L i n e i o 1] | . 3 il
bR ol v
-~ {\ggv e :::.WMMV L il i
~ frew B\, s s N uwwqg o A e k\ﬂ hi N
~ | HTs 4 o ™ a1l ﬁ iy .muq«ﬂ il
B —y o i N
- TaM~< TN T e | o 1] | ) M~ |
Il 3 TR o — TR N
y | 3 ﬁ\ ™ S i ™ 9 s
|3 LI ) [[Tone Al o A A "
$ L T ﬁ. T ﬁ- e ﬁ i
. | a1 9 1l I ™ ST ST
LLH L e L1 b | k. 3 A, Ik,
v O e T e
™ B il Ik ku-;. i, Pun&' Y ku-.ﬁ L
18| TN S| 19— [ [7TTTe IIIA e 7 e il
H Y Y i
s N - ... -b# B QUL TR T [TTM TS TIRes T
[TT® -~ [TH I TTTOR T ~
M = N I
[TTS™~c M| TP Y [T b | TTTO A~ [TTTTT® TTTW o 7998 i
Ir
“RN | ﬂ- 3 T i il I M 3
T~ ST~ | T [T en e I ; Alas. LU, 2= UKL ||
H LH \,ﬁv « [ v T [ LS8
rii SO SE S N B o T
—Te| i & T 3 T 1Ll T h
N e ’ I
19| [T ~c <aTR|~e TTEM T \\\.%ir TR " Ih Ly ljii
o 1T i n g il 1 i
N e N NI Nt N Nt 4
nvﬁv < npl nvﬁv n nvﬁv mpl uJnu_g‘v < ey, nv% np/ < n
= =

E:

<

<

<

|
Figure 5.8: Accompaniment generated by various methods for Sentimental Me. This

figure illustrates bars 9-16 of the second Section A.

reference accompaniment phrases. To emulate the selection of reference phrases by

a user, a separate AM was run to select the reference phrases from a reference set.

Then, the first reference phrase selected for the first Section A and Section B were

used as the common reference phrases for the test. These two reference phrases each

has a length of 8 bars.

Figures 5.7 and [5.§|illustrate bars 1 to 8 of the first Section A and bars 9 to 16 of
the second Section A, respectively. Note that WSG does not generate accompaniment

result for the first melody phrase. The accompaniment of WSG in Fig. is the

actual reference phrase for Section A. This reference phrase is characterized by a

regular rhythmic pattern of eighth notes across the phrase. The bass pitches often
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alternate between a chord pitch and its octave. Comparing Fig. and [5.8 it
is clear that both AM and FF1 preserve the style of the reference phrase well in
their accompaniment phrases in both Section A. They successfully reproduce the
regular rhythmic pattern of eighth notes and octave bass pattern, while matching
associated target chords. This contributes to stylistic consistency across phrases of
accompaniment across both Section A. In contrast, WSG’s accompaniment diverges
from the style of the reference phrase. For example, its accompaniment in bar 9
does not follow the accompaniment style of bar 1. Instead, it seems to continue with
the style of bar 8, not knowing that bar 9 begins the second Section A. WSG alters
the pitch progression and rhythm of the reference phrase significantly. In particular,
it introduces syncopation in bar 9 by omitting pitch onsets at strong beats, thus
shifting the expected rhythm emphasis.

Figure [5.9 illustrates bars 13 to 16 of Section A, followed by bars 17 to 20
of Section B. Comparing Fig. 5.9 with Fig. [5.8] reveals that the accompaniment
style of Section B differs from that of Section A. Both FF1 and AM can reproduce
the contrasting styles of the reference phrases between Section A and Section B.
However, their treatments of harmonic contrast differ. The bass pitch of FF1’s
accompaniment progresses from A to D, which conforms to the V- cadence and
enhances the harmonic distinction between Section A and Section B. FF1 achieves
this by ensuring bass hit, i.e., the lowest-pitch of accompaniment fragment is the
same as the bass pitch of the associated chord. On the other hand, AM produces
a bass pitch A that is sustained from bar 16 to bar 17, as the chord transits from
A major to D minor. As pitch A appears in both A major chord (A-C4-E) and
D minor chord (D-F-A), it reduces the perceptual salience of harmonic contrast.
The publicly available WSG does not support specification of different reference
phrases for different sections. Thus, it uses a single reference phrase to generate the
accompaniment of both Section A and Section B, without injecting contrast.

Figure [5.10] illustrates the last four bars of the song. FF1 produces a final F
major chord that is held from bar 31 to bar 32, with the same duration as the
melody note. This sustained chord that matches the sustained melody note provides
a clear closure to the song. In contrast, AM continues the regular rhythmic pattern
without noticeable change of rhythm, making the accompaniment sound open-ended.

WSG produces a held chord from bar 31 to bar 32. In addition, it injects a short
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Figure 5.9: Accompaniment generated by various methods for Sentimental Me.
Bars 13-16 belong to the second Section A and bars 17-20 belong to Section B.

sixteenth-beat chord at the end of bar 31. This creates a slight sense of tension

before the song ends, disrupting closure. Moreover, the pitches of the last poly-

pitch (C-F-G-Bb) do not match the F major chord exactly. Thus, they undermine

harmonic coherence.

In summary, FF1 preserves coherence of accompaniment within and between

sections of the same type while allowing for contrast in accompaniment across

sections. It ensures proper section closure, and conforms to the cadence at the end of

section. AM also preserves coherence within a section and allows for contrast across

contrasting sections. But, it does not ensure proper section closure and does not
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Figure 5.10: Closing accompaniment generated by various methods for Sentimental
Me.

conform to cadence. WSG cannot preserve coherence within and between sections
of the same type. The WSG setup with external support may be able to allow for
contrast across contrasting sections. Like AM, WSG does not ensure proper section

closure and does not conform to cadence.

5.4.6 Accompaniment in Various Styles

Figure illustrates FlexFlow’s ability to generate accompaniment based on
different reference accompaniment that reflect the folk, classical and jazz genres.
The reference phrases are taken from Greensleeves (Row 2), Mozart’s Sonata No.
16 (Row 3), Bach Prelude in C (Row 4) and Girl from Ipanema (Row 5). Despite
the diversity in pitch progression and rhythmic pattern between the reference
phrases. By generating accompaniment that matches the specific reference phrase,
FF1 consistently generate accompaniment that matches the specific style of the
reference. For example, Fig. row 2 illustrates a slow folk style, row 3 illustrates
a slightly faster classical style, and row 4 illustrates a fast-paced baroque style. Row
5 shows FF1’s flexibility in adapting to jazz idioms, producing a bossa nova-style
accompaniment with syncopated chord rhythms and a characteristic bass pattern.

Figure further demonstrates FlexFlow’s ability to generate accompaniments
with distinct moods for the same melody. By pairing different target chords with

appropriate reference accompaniment phrases, FF1 creates versions that sound clearly
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Figure 5.12: Happy and sad sounding accompaniments by FF.

happy or sad. The happy version features major chords and a dense arpeggiated

pattern, resulting in a lively feel, while the sad version uses minor chords and slower

paced accompaniment, resulting in a more somber mood. These results indicate

that FF1 can control the mood of an accompaniment through changes in the target

chords and reference style.
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5.4.7 Summary

Quantitative results illustrate the strengths of FlexFlow for phrases within a sec-
tion. It directly caters to strong chord bass progression with high bass hit ratio (high
B). It achieves high chord pitch ratio (large R0), indicating good accompaniment-
chord matching. It chooses chord pitches with relatively low dissonance (small D).
It maintains consistent phrasing within sections by achieving low contour difference
(small C and small C’) and low contour difference ratio (small C/C’).

The listener study results reveal that most participants judge FlexFlow’s ac-
companiments to be more harmonious than AM and WSG’s accompaniments. In
addition, more participants judge both the human-composed and FlexFlow’s accom-
paniment to be more harmonious than those of AM and WSG, compared to the
other cases. This indicates that FlexFlow’s accompaniments are better than AM
and WSG, and are comparable to those of the human-composed accompaniments.

Musicological evaluation shows that FlexFlow and its variants achieve style
specificity by producing accompaniment pitches that match the style of a selected
set of reference music. It produces a pop accompaniment that is similar to the
reference example, but remains creative in the choice of pitches that maintain
pitch direction and pitch difference of the reference. FF1 is more appropriate
for polyphonic accompaniment, whereas FF1.5 and FF2 may be appropriate for
monophonic accompaniment.

FlexFlow achieves stylistic consistency across phrases of the same sections, both
rhythmically and harmonically. It achieves clear section contrast across distinct
sections by producing bass pitch progression associated with the target chords while
preserving the rhythmic pattern of the reference phrase selected for each section.
Although the current version of FlexFlow does not change the rhythm of the reference
phrase except for section closures, the pitches that it generates support the melody
harmonically and contribute to a clear sense of structure and resolution.

Additional tests results show that FlexFlow is flexible at generating accompani-
ments of various styles for the same melody. By using reference phrases that capture
a specific style for each section, FlexFlow can generate accompaniment without the
need of training on large datasets. Moreover, by carefully selecting reference phrases,

a user can effectively control the rhythmic pace of the accompaniment, allowing it to
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adapt to different melodic rhythms while maintaining harmonic coherence. Overall,
FlexFlow shows promise as a flexible accompaniment generator that can create pop,

jazz and classical accompaniment for structured melodies.
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Chapter 6

Future Work and Conclusion

6.1 Future Work

The proposed methods of FlexChord and FlexFlow generate stylistically consis-
tent and harmonically coherent chords and accompaniments for melodies. Given
user-specified desired styles of chord harmonization and accompaniment, FlexChord
and FlexFlow can generate the chords and accompaniment that match user’s desired
styles without the need of learning from training examples. Nevertheless, there are

enhancements that can be made to FlexChord and FlexFlow.

6.1.1 FlexChord

One possible enhancement is to enable key modulation within and across melody
sections. Currently, FlexChord harmonizes melodies with a fixed key, which limits
its ability to follow melodies that shift in pitch center over time. Extending the
method to detect and adapt to key changes would allow it to better match the style
and structure of longer and more varied melodies.

Another possible enhancement is to enable non-uniform chord rhythms. Chords
are presently placed at regular strong beats, independent of the rhythmic structure of
the melody. Adjusting chord placement to match melody rhythm, accented notes or
phrase boundaries could produce harmonization that match the pacing and phrasing
of the melody.

A futher extension invovles chord blending, where transition between chords are
smoothed through shared pitches. Without blending, the chord set is limited to

those defined by the reference chord transition model, limiting harmonic variety.
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Incorporate chord blending would allow novel chords to be produced based on the

reference chords and enable smoother chord progressions.

6.1.2 FlexFlow

FlexFlow retains the rhythm of a single reference phrase throughout each section.
Introducing rhythmic adaptation would allow the accompaniment to vary its pacing
or thythmic density based on the melody, while still maintaining stylistic consistency
with the reference phrases.

Another direction for future work is accompaniment style blending. Each section
in FlexFlow is guided by a single reference phrase. Allowing for multiple references
or interpolation between reference examples could introduce smoother stylistic
transitions and finer-grained control over accompaniment. This approach contrasts
with methods that produce stylistic variations without adhering to the structure of
the melody.

Another practical extension is the introduction of explicit user controls over
aspects such as rhythmic density, voice thickness or stylistic emphasis, while matching
the melody structure. While reference phrases provide indirect control, providing
configurable parameters would offer greater flexibility and enable users to tailor
the generated accompaniment for applications including interactive media and

therapeutic settings.

6.2 Conclusion

Automated music composition (AMC) is an important topic that consists of two
main tasks: (1) the generation of music structure and melody, and (2) the generation
of chord and accompaniment. Since melody generation is well studied, this thesis
focuses on the second task of generating chords and accompaniment.

This thesis has presented FlexChord and FlexFlow, two complementary methods
for generating style-specific chords and accompaniments for melodies that overcome
the shortcomings of existing methods. FlexChord produces matching chords at
strong beats while FlexFlow generates monophonic and polyphonic accompaniment
to match the chords, according to the melody and its structure. The structured

accompaniment preserves chord bass progression of the target chords as well as
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rhythmic patterns and pitch progressions from reference phrases. FlexChord and
FlexFlow apply direct optimization without the need of learning from large amounts
of training examples. Therefore, they can produce chords and accompaniments that
match different reference styles flexibly and efficiently.

Quantitative results and musicological evaluation show that both methods suc-
cessfully produce style-specific chords and accompaniment without the need to train
on large datasets. They generate chords or accompaniment that match the style of a
selected set of reference music, which can be as little as a single music piece or phrase.
They are capable of handling full-length melodies with multiple sections, supporting
global music structure by maintaining section-level consistency and introducing
section contrasts where appropriate. Results of human perception tests show that
their generated chords and accompaniments are better than those of comparable
existing methods and are close to human-composed chords and accompaniments.

Note that harmonization and accompaniment generation are discrete problems
because pitch, chord and time index are discrete. Moreover, the dissonance of
two pitches sounding together does not follow a monotonic relationship of their
pitch interval. In particular, two pitches that differ by a semitone, the smallest
possible pitch interval, have the largest dissonance. For chords and accompaniment
to harmonize well with melody, they need to have low dissonance with melody
pitches. Both FlexChord and FlexFlow applies discrete optimization that handles
pitch, pitch dissonance and hard constraints precisely. These algorithms produce
valid solutions that satisfy all hard constraints and are locally optimal with respect
to their optimization objectives.

On the other hand, DNNs essentially perform approximation by learning to
generate outputs that are as close as possible to the training outputs. They can
only handle soft constraints in the form of weighted sum of loss function. Their
outputs are floating-point values that must be rounded to integers to produce actual
pitches or to determine whether a pitch is active. For example, given a melody pitch
64, rounding an accompaniment pitch 64.5 down to 64 results in zero dissonance,
whereas rounding up to 65 introduces a dissonance of 1. Thus, they are not as
precise as FlexChord and FlexFlow in handling pitches and dissonance. They cannot
enforce hard constraints exactly and are brittle, as small variations in input or

rounding can lead to suboptimal outputs.
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In summary, this thesis contributes to the growing field of automated music
composition by showing that style-specific harmonization and accompaniment can
be achieved through structured, reference-based methods. The results underscore
the importance of modeling not just harmony and rhythm but structure and style-

specificity, both of which are essential to producing coherent and expressive music.
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