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Abstract

In this dissertation, we aim to create an advanced artificial system that enhances its
ability to perceive, coordinate, and analyze music scores generated from human perfor-
mances in real time and revolutionizes online music technique learning. By harnessing
cutting-edge technology, this system aims to improve existing music practice methods
and foster a new era of self-directed learning among students, thereby significantly im-
pacting music education.

Artificial Intelligence (AI) and Human-Computer Interaction (HCI) have signifi-
cantly advanced computer music systems, enabling them to collaborate with humans
across various applications. This dissertation employs various techniques, particularly
machine learning and deep learning algorithms, to offer music students and educators a
more intuitive and effective experience. The research focuses on three main aspects of

human-computer collaborative music practice:

1. Automating music transcription to extract pitch and timing information.

2. Generating real-time performance analysis reports as annotated music scores.

3. Developing practice exercises based on students’ performances while adapting dif-

ferent practice strategies.

We utilize a framewise pitch detection model based on pitch onset predictions to
achieve these goals, allowing a new note to start only when the onset detector confirms
its existence. This integrated approach to improving onsets and offsets aligns better with
human musical perception.

Additionally, we propose a system that facilitates the visualization and comparison
of MIDI files, addressing the abstract nature of MIDI data. Depending on user groups

and tasks, we present various visualizations, including card lists for viewing multiple
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MIDI files, heatmaps for note distribution, a Note Histogram for note occurrence counts,
pitch-time charts, adapted MatrixWave visualizations for note sequences, and diagram
designs for visualizing similarities between pattern representations of sequences [1, 2].
This system is implemented as a browser application and evaluated using a usage sce-
nario, demonstrating its effectiveness for the specified user tasks and highlighting some
limitations.

Finally, we explore the potential of large-scale language models (LLMs) like Chat-
GPT [3], ChatMusician [4], and MusicLang [5] in generating relevant practice exercises
based on students’ performance. Unlike traditional methods requiring deep musical and
statistical knowledge, LLMs enable users to describe their musical desires directly. We
evaluate LLMs’ composing abilities based on their alignment with user input and the
overall quality of their compositions, considering factors like repetitiveness and scale di-
versity. This research aims to underscore LLMs’ strengths, applications, and limitations
in music, paving the way for their expanded role in computer-assisted composition and

the broader music industry.
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Chapter 1

Introduction

Music and Human-Computer Interaction (HCI), known as Music Interaction, have en-
abled computer music systems to interact with humans in various ways [13]. Music
Interaction involves designing, refining, evaluating, analyzing, and applying interactive
systems involving computer technology to facilitate any musical activity, particularly sci-
entific research on different aspects of this topic. “Music Interaction typically involves
collaboration between researchers, interaction designers, and musicians, with individu-

als often able to play more than one of these roles” [14].

1.1 Background and Significance

Al is becoming more advanced with the rapid development of expressive and collabora-
tive music practice via machine learning [15]. This research employs AI, HCI, and music
interaction. Some related interdisciplinary fields include Music Information Retrieval
(MIR), which lies in AI N music, and New Interfaces for Musical Expression (NIME) in
HCI n Music [13, 16].

Studying MIR has greatly promoted the field of automated music transcription and
transformers in machine learning and music. Moreover, music, as an art form integrated
into human society, dramatically influences the industry where it appears. Notably, the
interdisciplinary nature of this dissertation points to possible future directions of Al,

HCI, and Music Pedagogy:



1.1.1 The impact on Al and Machine Learning

The study of musical expression and music information retrieval is at the frontier of ar-
tificial intelligence. It could push the future of intelligent systems to a higher aesthetic
and artistic level. To some extent, musical expression and semantics are subtler and
more subjective than natural language. Professional musicians coordinate their actions
in musical rehearsal to achieve the originality of a repertoire and the best musical ex-
pressions to connect with the audience. The art for the musicians is not only to interpret
the music on their own but also to keep in concert with each other by continuously adjust-
ing music expression like tempo, rhythm, melody, dynamics, etc. This is why musicians
spend much time in rehearsals. One of the main tasks of this research dissertation is to
study different methods of transcribing real-time audio and extracting meaningful mu-
sical information (including, but also in addition to, just the sequence of notes) from the

audio spectrogram.

1.1.2 The impact on HCI

Computers communicating with humans through music rehearsals should provide inti-
mate and natural human-computer interactions. Such systems should not define novel
commands explicitly or employ non-musical interfaces. In other words, human musi-
cians should interact with machines as much as we interact with each other. In this
study, we are attempting to simplify the process of automated music practice by provid-
ing students with instant feedback in the form of annotated music scores that include
comments about pitch, rhythm, and dynamics errors, as well as wrong or missed notes
after practice. We also plan to deliver auto-generated music practice exercises based
on the practiced music for educators and students. These auto-generated practice exer-
cises are personalized, which makes the interaction between artificial music tutors and

musicians more intuitive and practical.



1.1.3 The impact on Music Pedagogy

Technology has dramatically influenced music education and the learning system through-
out history. Intelligent systems have increasingly become better at serving music listen-
ing, e.g., music recommendation systems [17, 18, 19]. However, these systems still need
help to address the needs of music performance and practice since it is difficult to model
and react to human musical expression in real time. Once artificial systems are equipped
to sense and interact with musical expression, they can be incorporated into daily music
practices, serving music educators and students through off-stage rehearsals and even
helping teach music to humans.

A huge gap exists between music practice and data science on music expression in
collaborative music performance.

Dissertation statement: Our goal is to develop and evaluate an intelligent piano
learning and practicing system that detects and responds to music students/teachers,
trains itself based on the user’s performance, and provides instant feedback on pitch,
rhythm, velocity, and dynamics, as well as synthesizing music practice exercises. To
develop such a system, we aim to address the following research questions, which are
designed based on [20], including:

Table 1.1, shows the research questions this dissertation addresses.

Table 1.1. Research Questions and Variables

Section Details

Music Practice Applica-

tions . . L
* Q1: What music practice applications do students use

in their daily practice routines?




Section

Details

Device Interaction

Self-Regulation Strategies

Motivation Levels

Technological Framework

Comparison

* Q2: What is the relationship between technology use

and students’ perceived success, enjoyment, and focus

during piano/keyboard practice?

Q3: What strategies do students employ to self-

regulate and maintain focus during practice sessions?

Q4: What are the characteristics of a personalized mu-
sic practice application, and to what extent does the
application designed for this dissertation incorporate

personalization features?

Q5: How do students perceive their motivation levels

during practice sessions?

Q6: What is the relationship between students’ enjoy-

ment of practice and the guidance provided by technol-

ogy?

Q7: How does the proposed technological framework
for piano/keyboard practice compare to existing meth-

ods regarding accuracy and efficiency?




Section Details

Machine Learning Opti-

mization ) . . -
¢ Q8: How can machine learning algorithms within the

framework be optimized for better prediction and rec-
ommendation accuracy, and how does this optimiza-

tion affect the overall learning experience?

Personalized Feedback

* Q9: What algorithmic approaches can be used to de-
liver personalized feedback to learners, and how can

this feedback be optimized to enhance progress?

Large Language Models
(LLMs) in Music Genera-
* Q10: What LLMs can be employed to generate person-
tion alized practice exercises encouraging consistent prac-
tice, and how can these algorithms be adjusted for op-

timal results?

Variables and Measurement

Independent Variables

¢ Enjoyment level

¢ Type of practice application

¢ Device interaction methods

Self-regulation strategies

* Personalization level of the application




Section

Details

Dependent Variables

Perceived success on piano/keyboard

Enjoyment of practicing

Perceived focus while practicing

Motivation levels

Accuracy and efficiency of practice methods

Prediction and recommendation accuracy

Progress improvement through feedback

Consistent practice results

Methodology

Data Collection

Data Analysis

Surveys and questionnaires

Data from the designed practice application (Pi-

anoMentor)

Quantitative analysis for relationships between vari-

ables

Qualitative analysis for personalized feedback and

self-regulation strategies

Comparative analysis of technological frameworks



Researchers have developed models to automatically analyze music data, such as ex-
tracting symbolic pitch or timbre information from audio data. This has led to technical
advances in music information retrieval and beneficial outcomes in musicology, notably
through large-scale computational analysis [21]. Many Automatic Music Transcription
(AMT) and music generation systems were also developed using machine learning and
deep learning techniques, which the industry is now invested in as part of the wave of
Al [22]. “In particular, learning musical interaction through rehearsal suggests that
a computer system can be trained similarly using computational techniques, especially
machine-learning algorithms” [13].

Independent music practice is one of the essential factors in learning to play any
musical instrument. It is challenging for most young musicians to self-regulate inde-
pendent practice time. Their musical knowledge, skills, and time-management abilities
must be refined enough to achieve effective practice sessions [20]. The research on mu-
sic practice has shown that novice instrumentalists have difficulty budgeting practice
time and selecting appropriate practice strategies [23, 24, 25, 26, 27]. A disillusionment
with independent practice may result in frustration, boredom, and even attrition from
instrumental music [28]. Using specific practice strategies may improve performance
achievement [29, 20] to the point that strategies employed during practice time may
have a more significant influence on performance success than the duration of practice
time [30]. Despite the proven benefits of the strategic practice, research has generally
found that musicians need assistance identifying potential strategies [23, 27]. Addi-
tionally, middle school instrumentalists repeat long music sections without employing
strategic behaviors or organizing their time to maximize effectiveness [23, 26, 27]. Al-
ternatively, middle school musicians may be able to articulate and apply strategies more
effectively when provided with music practice instruction [27]. Most research in this
field is observational [26, 29] or based on self-reports [23]. Therefore, an experimental
design involving a control group is needed to examine the effectiveness of music practice

instruction in an extensive rehearsal.



Despite extensive research on music interaction, science has yet to fully understand
the complex mechanism of sensing and coordinating musicians’ practices by an artificial
system to create meaningful feedback for follow-up practices. We still need to learn about
the structure or computation behind expressive performance and the cognitive strategies
that enable musicians to learn effectively and efficiently from rehearsals. The best way
to understand music interaction as a computer scientist and professional musician is to
examine the limitations of existing research/applications to understand the fundamen-
tals of music practice and develop an artificial system to assist musicians in maintaining
long-term distribution, daily distribution, and interleaving practices. From a scientific
perspective, we can learn more about how humans process, practice, and learn music
through advances in Al and music interaction. From a humanistic perspective, this
work enlightens music educators about their students’ progress while practicing music.
From an application perspective, artificial performers can assist amateurs and profes-
sionals with music practice, on-stage performance, and music instruction. While other
similar existing applications focus on in-line real-time feedback related to the correct se-
quence of notes, they do not provide music-score-based reports on dynamic and rhythm
(note start time and duration) errors. This research takes the next step by providing
musicians with a feedback report as an annotated music score and a recording of their
practices as a resource for other practices and analysis. As another novel part of this
research, students will receive personalized strategic practice exercises based on their

individual learning skills and feedback reports.

1.2 Dissertation Overview

The novel contributions of this dissertation are as follows:

1. Presenting a dataset containing live piano performance recordings, aligned MIDI,
music annotations, and music scores that are orders of magnitude larger than
previous datasets, with rhythm and practice strategies for the MAESTRA and

GiantMIDI-Piano (GP) dataset.



2. Combining a transcription model [11], a MIDI-conditioned Onset and Velocity model
to produce a factorized approach to musical audio modeling capable of generating

coherent piano music scores.

3. Providing instant feedback in music score format by comparing the original MIDI
file with the MIDI file generated based on the player’s audio. Unlike most commer-
cial music practice applications, our research provides music score feedback based

on pitch, rhythm, and velocity.

4. Using an existing transcription model architecture trained on our new dataset,
generating music practice exercises for students based on their mistakes and se-

lected music scores.

5. Capturing recordings of players’ practice performances and allowing the players to
utilize them as resources, allowing musicians to compare their recordings with the
provided feedback and improve. Most of the research/applications in the field do

not provide musicians with access to the recordings of their practice.

We plan to keep the application and dataset open-source so that other computer
science and music researchers can expand upon it. The remainder of the dissertation is

organized as follows:

o Chapter 2: This chapter provides a comprehensive review of the related literature
in four key research areas: AMT, Piano Performance Assessment, the application
of LLMs in Music Generation, and Music Pedagogy for Practice including efficient

and effective music practice.

e Chapter 3: This chapter presents the feature representation utilized in the piano
transcription model referenced in this dissertation [6]. It covers the intermediate
layer between raw audio data and computational models, detailing the processes

of audio-to-MIDI conversion, MIDI file comparison, and feedback generation.



Chapter 4: This chapter outlines the design and development of the web appli-
cation created for this dissertation, focusing on its architecture, functionality, and

user interface.

Chapter 5: This chapter describes the data collection methods and evaluation
procedures employed for the tasks in Chapter 3. It includes detailed methodologies

for data acquisition, preprocessing, and analysis.

Chapter 6: This chapter details the results obtained from the proposed AMT
method. It includes data analysis from the pilot study, the main study, and plans

for further evaluation.

Chapter 7: This chapter reviews the limitations encountered during the research.
It discusses potential challenges, constraints, and areas for improvement identified

throughout the study.

Chapter 8: This chapter concludes the dissertation, summarizing the key findings
and contributions of the research. It also discusses potential directions for future

work and ongoing research opportunities.
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Chapter 2

Related Literature

Playing the piano/keyboard is a valuable skill that positively impacts one’s emotional
and cognitive development. With the growing demand for online education and remote
learning, there is a need for a technological framework to assist with practicing the pi-
ano/keyboard at a lower cost and to personalize the learning experience. In this litera-
ture review, we explore the existing technologies used in practicing the piano/keyboard
and identify the limitations of the existing commercial applications and research in the

field of piano practice.

2.1 The Current State of Computer-aided Music Practice

Several music learning and practice applications exist, from fixed media to free improvi-
sation and piano synthesizers. These systems interact with humans on different aspects
of performance, such as scores, phrases, notes, beats, and rhythm. The broad range
of practice includes Music Minus One (fixed media such as karaoke), score following
and automatic accompaniment (for Western classical music), and human-computer mu-
sic performance (for pop music) [13].

Despite rapid progress in music interaction, there is still a gap between existing
music practice applications/research and musicians’ needs for strategic planning and in-
stant feedback while practicing. Most commercial computer systems for music practice
lack representations and analysis of musical dynamics and rhythm and merely give a
prompt when a note is missed and then are satisfied when that note is played, regard-

less of the duration or dynamics of the notes. Many researchers still adopt the original
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synchronization-oriented accompaniment model. In a professional setting, even the term
“automatic accompaniment” diminishes the collaborative role of performers.

There are many applications to practice music, such as SmartMusic [31], Play-
ground Sessions [32], Simply Piano [33], Flowkey [34], and Yousician [35]. These ap-
plications address the minimum requirements of starting to learn piano. However, such
systems should provide more feedback to the user so that they can be a resource for
music educators and students. One of the main aspects of computer-aided music learn-
ing and practicing applications is to identify problems while practicing and report them
accurately. However, if the musician keeps repeating the same problem, and the appli-
cation reacts similarly, the entire practice process will be less effective. Therefore, the
application should be able to train itself based on individual musicians’ mistakes and
modify the practice exercises for each user.

There is a large gap between music practice and computer music research on collabo-
rative musical performance. This dissertation aims to empower computer music systems
with music intelligence to master expressive musical interactions. We consider aspects
of expressive timing, dynamics, and rhythm techniques to build an application that can

train itself to identify musicians’ musical errors and provide instant feedback for them.

2.2 Overview of the Use of Technology in Piano/Keyboard Practice

The piano or keyboard instruction process traditionally employed an in-person model in
which students met with a teacher in a classroom. The cornerstone of this pedagogy was
grounded on interactive feedback mechanisms, the teacher’s live demonstrations, and
immediate error corrections. However, technological advancements have significantly
altered piano and keyboard education. Over the past few years, online modes of piano or
keyboard learning have gained significant popularity, showing a marked shift away from
the conventional methods of instruction [36, 37].

In piano and keyboard instruction, online learning takes the form of video exercises,
which are becoming increasingly popular. These video exercises are pre-recorded ses-

sions that students can access at their convenience, breaking the temporal and spatial
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barriers that may be present in traditional settings. The main strength of these exer-
cises lies in their structured approach; they are usually designed to deliver a gradual,
step-by-step guide on how to play the piano or keyboard, starting from the most basic
techniques to more complex musical compositions. The most important drawback of this
approach is the absence of real-time interactivity and personalization, the benefits of
which are offered in a traditional face-to-face learning context. This lack of immediate
feedback and personal connection can affect a student’s learning experience, potentially
leading to the perpetuation of uncorrected mistakes or slower progress in their learning

journey.

2.3 Machine Learning in Piano/Keyboard Learning

Machine learning is a branch of artificial intelligence that enables computers to learn
from data without being explicitly programmed. Machine learning has been used in
various fields, including medicine, finance, and transportation. In recent years, machine
learning has been applied to music education, including piano/keyboard learning [38].

One notable application of machine learning in piano/keyboard learning is in music
transcription. Music transcription involves converting audio recordings into sheet mu-
sic. Machine learning algorithms have been developed to transcribe audio recordings of
piano/keyboard playing into sheet music. These algorithms analyze the audio record-
ing and identify the individual notes being played along with their time duration and
dynamics [39].

Another application of machine learning in piano/keyboard learning is in automatic
music generation. Automatic music generation involves using machine learning algo-
rithms to create new pieces of music. Although this technology is still in its early stages,
it could revolutionize how music is created and learned [40].

This literature review discusses four main aspects of our system:

1. Automatic Piano Transcription: Automatic piano transcription involves convert-

ing audio recordings of piano performances into symbolic representations, such as MIDI
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files. This process is crucial for providing accurate and detailed feedback to students
[41].

2. MIDI Comparison for Performance Assessment and Real-Time Feedback: MIDI
comparison techniques are used to assess a student’s performance by comparing it to a
reference MIDI file. Real-time feedback systems help students correct their mistakes
immediately, facilitating more effective practice sessions [42, 43].

3. LLMs in Music Generation for Generating Practice Exercises: Recent advance-
ments in LLMs have shown potential in generating music. These models can create per-
sonalized practice exercises, making learning more engaging and adaptive to individual
student needs [44, 45].

4. Music Practice: Understanding the principles of music practice is essential for
designing an effective learning system. Incorporating pedagogical theories ensures that

the technological framework aligns with proven educational practices [46].

2.3.1 Automatic Piano Transcription Techniques

In the Music Information Retrieval (MIR) domain, AMT emerges as a central challenge,
aiming to convert audio signals into symbolic notations like musical notes or sheet music.
This systematic review accentuates the pivotal role of AMT in music signal analysis, em-
phasizing its importance due to the intricate and overlapping spectral structure of mu-
sical harmonies. Through thoroughly examining existing machine learning techniques
utilized in AMT, we explore the progress and constraints of current models and method-
ologies. Despite notable advancements, AMT systems have yet to match the accuracy
of human experts, largely due to the complexities of musical harmonies and the need
for nuanced interpretation. This review critically evaluates fully automatic and semi-
automatic AMT systems, emphasizing the importance of minimal user intervention and
examining various proposed methodologies. By addressing the limitations of prior tech-
niques and suggesting avenues for improvement, our objective is to steer future research
toward fully automated AMT systems capable of accurately and efficiently translating

intricate audio signals into precise symbolic representations. This study synthesizes the
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Figure 2.1. AMT system [8].

latest advancements and lays out a roadmap for overcoming existing challenges in AMT,
providing valuable insights for researchers aiming to narrow the gap between current
systems and human-level transcription accuracy.

AMT is the process of converting an acoustic signal into its equivalent notation,
pitch, duration, onset and offset time, musical score or sheet, or any other musical rep-
resentation [47, 48, 49, 50, 51]. The applications of AMT include music education (e.g.,
through systems for automatic instrument tutoring), music creation (e.g., dictating im-
provised musical ideas and automatic music accompaniment), music production (e.g.,
music content visualization and intelligent content-based editing), music search (e.g.,
indexing and recommendation of music by melody, bass, rhythm, or chord progression),
and musicology (e.g., analyzing jazz improvisations and other annotated music) [50].

The AMT problem can be divided into several sub-tasks [48, 52]: Multi-pitch de-
tection, Note onset/offset detection, Loudness estimation and quantization, Instrument
recognition, Extraction of rhythmic information, Time quantization, Extraction of veloc-
ity and dynamic

Figure 2.1 (represented in [8]), illustrates the data representations in an AMT sys-
tem. AMT system takes an audio waveform as input, computes a time-frequency repre-
sentation of the audio, outputs a representation of pitches over time in a spectrogram,
and generates a typeset music score [49].

Previous studies have tackled AMT using two main approaches: Non-negative Ma-
trix Factorization (NMF) [563], and Neural Networks (NNs) [54, 48]. NN techniques typ-
ically involve processing spectrograms with various neural network architectures, such

as long short-term memory layers or Convolutional Neural Networks (CNNs). Many
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AMT studies rely on NNs, particularly in the context of polyphonic piano transcription.
One notable model is Google Magenta Onsets and Frames (OaF) [11], which comprises
two components: the onsets head and the frames head. Recent advancements intro-
duce alternative methods to enhance transcription accuracy by reconstructing the input
spectrogram. [55].

Alternative approaches to AMT involve processing mixed signals using multitask
deep learning techniques. This entails separating signal sources before conducting AMT,
which necessitates incorporating a source separation component into the network archi-
tecture. For instance, Cerberus [56] employs three components—source separation, deep
clustering, and transcription heads—within its multitask deep learning model for AMT.
Furthermore, researchers are exploring the application of AMT in multi-instrument mu-
sic transcription, wherein instrument identification is performed as a sub-task using

self-attention mechanisms [57].

Frame-Level Transcription

Frame-level transcription, also called Multi-Pitch Estimation (MPE), estimates the num-
ber and pitch of notes concurrently present in each time frame, typically with a latency
of approximately ten milliseconds [50]. Each frame is usually processed independently,
although contextual information may be considered through filtering frame-level pitch
estimates in a post-processing stage. However, this method does not explicitly model mu-
sical notes or encompass high-level musical structures. Numerous existing AMT tech-
niques operate at this level, including traditional signal processing methods [58, 59],
probabilistic modeling [60], Bayesian approaches [61], Non-negative Matrix Factoriza-
tion NMF [62, 63, 64, 65], and neural networks [66, 67]. Each method presents distinct
advantages and limitations, and research has not yet converged on a singular approach.
For example, traditional signal processing methods are characterized by their simplicity
and speed, demonstrating good generalization across different instruments. Conversely,
deep neural network methods generally achieve higher accuracy on specific instruments

[54].

16



In single-instrument AMT, the process commences with frequency estimation, en-
compassing two subcategories: Fundamental Frequency Estimation (fO estimations) and
Multi-fO estimation. Fundamental frequency estimation involves identifying the funda-
mental frequency of the notes in each time frame. Various methodologies have been
proposed, including template matching, probabilistic algorithms, and salience function
techniques. Some approaches are available for estimating fO in monophonic signals, in-
cluding SWIPE [68], which matches the spectrum of a waveform with a template, and
a probabilistic variant of YIN [69] that decodes a pitch value sequence by using a Hid-
den Markov Model (HMM). The latest and best-performing methods, such as CREPE
[70], employ deep learning techniques, converting input signals into spectrograms and
processing them through CNNs.

On the other hand, Multi-fO estimation, tackles the challenge of discerning multi-
ple fundamental frequencies present in a polyphonic signal, where several notes coexist
within each time frame. Earlier studies in multi-fO estimation either model spectral
peaks or utilize CNNs with constant Q-Transform as inputs to learn salience represen-

tations for estimating fundamental frequencies [71].

Note-Level Transcription in Polyphonic Music

The piano is the most thoroughly examined instrument for polyphonic music transcrip-
tion. This prominence owes much to the accessibility of comprehensive datasets and
their percussive onset characteristics, akin to other percussion instruments. Conse-
quently, the primary focus of study for nearly all contemporary [72] end-to-end models,
leveraging Convolutional Neural Networks (CNNs) and Long Short-Term Memory net-
works (LSTMs), lies in multi-fO estimation for piano transcription.

End-to-end models, employing deep neural networks, are pivotal in facilitating AMT.
Nonetheless, certain models necessitate discrete sub-tasks, like utilizing waveform do-
main signals as input for deep neural networks or mandating a pre-processing phase to

convert waveforms into time-frequency representations.
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One noteworthy model developed to tackle polyphonic piano and drums transcrip-
tion is Onset and Frames (OaF) [11]. This model excels in detecting note onsets and
predicting pitches, adaptable for transcribing piano pieces using the MAESTRO dataset
[6] or drums employing the Expanded MIDI Groove (E-GMD) [73] dataset, contingent
upon the dataset used for training.

Spectrograms emerge as the preferred input for these models, showcasing remark-
able AMT outcomes for piano datasets. This preference is underscored by the architec-
ture’s ability to enhance transcription quality through accurate onset predictions tailored
for piano compositions. However, the performance of these models remains untested with

instruments characterized by disparate timbres and onset envelopes.

Stream-level transcription

Multipitch streaming (MPS), or stream-level transcription, is a technique that groups
estimated pitches or notes into streams, where each stream typically represents an in-
strument or musical voice. This technique is closely related to instrument source sep-
aration. Distinguished from note-level transcription, MPS entails a higher degree of
complexity due to the elongated pitch contours of each stream, encompassing multiple
discontinuities arising from silent intervals, non-pitched sounds, and abrupt frequency
shifts.

Timbre is a crucial factor in MPS that is not explored in MPE and note tracking.
This is because notes within the same stream tend to share similar timbral character-
istics, distinguishing them from those in separate streams. Despite the significance of
this approach, the existing literature remains somewhat sparse, with only a handful of
examples such as [74, 64, 75].

As the transcription task becomes more complex from frame level to note level to
stream level, it necessitates incorporating additional musical structures and cues. De-
spite the increasing complexity, the transcription outputs at these three levels are all
parametric transcriptions, which provide a parametric description of the audio content.

A prime instance of such transcription is the MIDI piano roll, serving as an abstraction
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of musical audio that has not yet attained the level of detail found in traditional mu-
sic notation. Although it provides pitch and timing information, it lacks fundamental

concepts such as beats, bars, meter, key, and stream delineation.

Notation-level transcription

Notation-level transcription aims to convert audio files into a human-readable musi-
cal score, necessitating a comprehensive grasp of musical structures such as harmonic,
rhythmic, and stream structures. Prior research in this domain has predominantly fo-
cused on timing quantization and employed deep learning techniques. Some models have
endeavored to address this challenge through end-to-end models that take either a sig-
nal or time-frequency representation as input and output the score of the musical piece.
Conversely, other methodologies concentrate on transcribing from MIDI files to musical
scores.

Two primary methodologies exist for notation-level transcription: the first performs
fO detection, while the second encompasses multi-fO detection coupled with note-tracking
algorithms. The CREPE [70] pre-trained weights are used for fO estimation, and the
model output is then used for note tracking. The proposed methods are tested on multiple
musical instruments with different timbres. The results are compared with the state-of-
the-art Onset and Frames (OaF) [11] model, designed for polyphonic piano transcription,
to evaluate how timbre affects pitch estimation and note tracking. Following meticulous
evaluation, a multi-f0 model is developed to transcribe polyphonic signals from single
instruments across a diverse range of timbral variations.

Table 2.1 shows the comparative performance analysis of the different methods used
in AMT systems, which is adopted and modified based on the paper "An Exhaustive

Review of Automatic Music Transcription Techniques" [48, 76].
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Table 2.1. Comparative Analysis of Different Techniques in AMT.

Author Dataset Classifica- | Transcription Accuracy
tion Method

Ye Wang | Violin tutoring | IMT Human-Computer In- | TP= 83%, FP=

and scenario terface (HCI), Instru- | 28%

Bingjun ment modelling and

Zhang [77] multimedia fusion

Shlomo Musical ex- | IMT Music Structure | Not Specified

Dubnov amples from Analysis using statis-

[78] classical piano tical properties of the

literature signal

J. J. | Classical Pi- | IMT Unsupervised process | 40.5%

Carabias- | ano Midi Page, for multi-scene adap-

Orti et al. | http://www.piano- tive MIDI note spec-

[79] midi.de/ tral patterns

Emmanouil | Isolated piano | IMT Joint multiple-FO es- | 60.5%

Benetos chords from timation

and Simon

Dixon [80]

MAPS database
for training and
recordings from
RWC database,
Disklavier
database and
MIREX multip-

itch estimation

for testing
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Table 2.1 — Continued from previous page

Author Dataset Classifica- | Transcription Accuracy
tion Method

Mohammad| Sample videos | ISMT Piano music tran- | 97.4% key detec-

Akbari including  dif- scription based on | tion Precision

and ferent slow and computer vision

Howard fast pieces of (claVision)

Cheng [81] | music

Yizhar Classical, folk, | GSMT Decision Tree Based | 98.6% key detec-

Lavner pop, rock, metal, algorithm tion Precision

and Dima | new age and

Ruinskiy others.

[82]

2.3.2 MIDI Comparison for Performance Assessment and Real-Time Feedback

This section critically examines research topics in the field of Automated Piano Perfor-
mance Assessment, with a focus on established methodologies. The core areas of in-
vestigation include evaluating dynamics and expressiveness, tempo, and technique on
an individual level, as well as comprehensive performance evaluation using end-to-end

machine learning methods [83, 84, 85, 86].

Dynamics and Expressiveness Analysis Dynamics and expressiveness in music
performance are critical elements that convey a piece’s emotional and interpretative as-
pects. Dynamics refer to the variations in loudness between notes or phrases, which
can significantly influence the perceived intensity and mood of the performance. Expres-
siveness encompasses a broader range of performance nuances, including articulation,
phrasing, and subtle timing deviations that characterize a performer’s unique interpre-
tation. Analyzing these aspects involves examining the amplitude variations and tempo-

ral deviations within a performance, often using machine learning techniques to capture
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and quantify these elements in a manner that aligns with human perceptual judgments

[83].

Tempo Analysis Tempo analysis focuses on the speed at which a piece of music is
performed, a fundamental aspect of musical expression and style. It involves examining
the consistency and variability of the tempo throughout a performance. A performer’s
ability to maintain a steady tempo and their intentional deviations from it can signifi-
cantly affect the overall character of the piece. Machine learning methods can analyze
tempo by tracking beat intervals and fluctuations over time, providing insights into the
performer’s timing precision and interpretative choices. Such analyses help understand
how performers use tempo variations to enhance musical expressiveness and convey

emotional depth [84].

Technique on an Individual Level Analysis Analyzing technique on an individ-
ual level involves examining the specific skills and methods a performer uses to execute
a piece of music. This includes evaluating finger positioning, hand movements, artic-
ulation, and other physical aspects of playing an instrument. Researchers can assess
a performer’s technical proficiency and consistency by capturing detailed performance
data through sensors or video analysis. Machine learning algorithms can analyze this
data to identify patterns and deviations, helping to understand how technical execution
impacts overall performance quality. This level of analysis is crucial for both pedagogical

purposes and for advancing automated performance assessment systems [85, 87].

Comprehensive Performance Evaluation Comprehensive performance evaluation
aims to provide an overall musical performance assessment by integrating various an-
alytical aspects, including dynamics, expressiveness, tempo, and technique. End-to-end
machine learning methods are particularly effective in this context, as they can process
complex and high-dimensional data to yield holistic performance metrics. These meth-
ods typically involve training models on large annotated datasets, enabling the evalua-

tion system to learn nuanced performance characteristics and provide objective, detailed
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feedback. Such evaluations can be used for educational purposes, competition judging,
and personal development, offering performers insights into their strengths and areas
for improvement [86].

Dynamics and expressiveness in piano performance have traditionally been assessed
using signal processing and statistical analysis techniques [88]. However, recent ad-
vancements in machine learning, particularly deep learning models, have enabled more
accurate detection of subtle patterns and nuances [83, 84]. Similarly, tempo assess-
ment has evolved from timing analysis and beat tracking approaches to recurrent neu-
ral networks (RNNs), significantly improving the accuracy of tempo analysis [85, 86].
Technique, a fundamental aspect of piano performance, has been evaluated using mo-
tion tracking and kinematic analysis methods. Recent developments in computer vision-
based methods, like pose estimation, have allowed for a more detailed analysis of piano
techniques [84]. Furthermore, end-to-end machine learning models have revolutionized
the holistic evaluation of piano performance. These models, especially deep learning
ones, can simultaneously assess multiple performance aspects and predict overall per-
formance quality based on learned patterns from large datasets [84]. The field of Au-
tomated Piano Performance Assessment has witnessed substantial progress, driven by
the application of machine learning techniques. Ongoing research in this domain can
transform how piano performances are evaluated, deepening our understanding and ap-

preciation of the art.

Music Visualization/ Representation

Music visualization is a rapidly growing field that seeks to provide visual representa-
tions of musical structures, emotions, and experiences. It serves multiple purposes, from
enhancing the appreciation of auditory art [89] to facilitating music education and anal-
ysis [90]. The advancement of technology has enabled the development of interactive
sound visualization, moving it beyond the purely artistic field to more practical applica-
tions [91]. This section explores the various approaches to music visualization and their

implications for understanding and interacting with music.
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Approaches to Music Visualization

MIDI MIDI (Musical Instrument Digital Interface) is a standard protocol for elec-
tronic musical instruments to communicate with computers and other devices. It allows
for the digital representation of musical performance, including pitch, rhythm, and dy-
namics [92]. MIDI has been widely used in music production and performance, and its
visualization has been explored in various contexts. For example, Zhu et al. [93] pro-
posed a method for visualizing MIDI data using a combination of self-organizing maps

and t-SNE, which enabled the exploration of musical patterns and structures.

Piano Rolls Piano rolls visually represent the notes played on a piano or key-
board instrument. They have been used in various applications, from music education
to music analysis [89]. For instance, Suzuki et al. [94] developed a piano roll-based vi-
sualization system that allowed users to explore music pieces’ harmonic and rhythmic
structures. The system also incorporated user interaction, enabling users to modify the

visualizations based on their preferences and understanding of the music.

Remi The Remi system, developed by researchers at the University of Milan, is a
real-time visualization system that can represent the evolution of a musical performance
by a string quartet [95]. The system uses audio feature extraction to generate visualiza-
tions that provide the audience with a sense of the musical experience. Remi has been
used in live performances and has been shown to enhance the audience’s engagement

and understanding of the music.

LilyPond LilyPond is a music engraving program that generates high-quality
sheet music from a text-based input format. LilyPond’s output can be used for print
and digital music representation, making it a versatile tool for musicians and music re-
searchers [96]. Nienhuys and Nieuwenhuizen [97] discussed the design principles behind
LilyPond and its potential for creating visually appealing and semantically meaningful

music notation.
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Humdrum Humdrum is a software toolkit for manipulating and analyzing sym-
bolic music data. It provides tools for working with various music representation for-
mats, including MIDI, and can be used for various music research and analysis tasks
[98]. Sapp [99] demonstrated using Humdrum for analyzing large music corpora and

visualizing musical patterns and relationships.

Music Visualization and Emotion In addition to representing musical struc-
tures and patterns, music visualization has also been explored to convey and elicit emo-
tions. Liu et al. [100] proposed a method for visualizing the emotional content of music
using color and shape. They found that their visualizations could effectively communi-
cate the emotional qualities of music and enhance listeners’ emotional responses. Simi-
larly, Lartillot et al. [101] developed a system for real-time music visualization to convey
the emotional dynamics of live performances. Their system used machine learning tech-
niques to map audio features to visual parameters, creating immersive and emotionally

engaging visualizations.

Interactive Music Visualization The advancement of technology has also en-
abled the development of interactive music visualization systems that allow users to
actively explore musical data. Itoh et al. [102] presented a system that combined mu-
sic visualization with haptic feedback, enabling users to physically interact with visual
representations of music. Their system aimed to enhance users’ understanding and ap-
preciation of musical structures and emotions. Hirabayashi and Eshima [103] developed
an interactive music visualization system that allowed users to navigate through mu-
sical pieces and explore different aspects of the music, such as melody, harmony, and
rhythm.

Musical data in MIDI format can be represented as time series data as shown in
Figure 2.3, consisting of sequences of note events occurring at different, simultaneous, or
overlapping points in time with varying durations. Researchers have developed various

techniques to process and visualize such data, including abstract object representations
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Figure 2.2. Time series data.

like neural network-generated models [104] and structured text [105]. Aigner et al. [106]
provides a comprehensive overview of approaches for visualizing temporal data.
Visualizing the distribution and uncertainty of polyphonic data has been demon-
strated through simulation using graphs, charts, and geographical mappings [107, 10].
Although music does not inherently have such mappings, researchers have explored vi-
sualizing differences in tonal content influenced by diverse traditions and ethnic back-
grounds [108, 109]. Self-organizing maps have been used to visualize large music collec-
tions [110]. However, visualizing highly multivariate datasets in two-dimensional space
can be challenging, and its feasibility depends on the application area [111]. Three-
dimensional visualizations have been proposed to counteract these limitations [112].
However, they often suffer from visual obstruction and clutter induced by perspective,
as seen in the efforts towards a visualization-enhanced MIDI editor [113, 114].
Highlighting trends and variations in data over time can reveal valuable insights,
such as changes in the importance of themes in textual documents following tempo-
ral events [115]. MatrixWave [116] enables visualization and comparison of event se-
quences, and a variation of this visualization is implemented in this dissertation for rep-

resenting sequences of MIDI events. Visualizing tonality variations over a musical piece
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has been proposed. However, difficulties with key estimation due to unreliable stable key
regions and the need for fine-tuning parameters have been noted [117]. Flowgrams [118]
visualize the dramatic structure of classical music based on changes in loudness, tempo,
and harmony. This research aims for a more generic visualization approach covering
various genres.

The use of various music visualization and representation techniques has led to a
better understanding of the formal structure and emotional content of musical works,
as well as new forms of interaction between humans and machines in the field of music
[89, 90, 91, 92]. From MIDI and piano rolls to more advanced systems like Remi and in-
teractive visualizations, these approaches have demonstrated the potential for enhanc-
ing music education, analysis, and appreciation. As technology continues to advance,
music visualization is expected to play an important role in bridging the gap between
the auditory and visual domains, enabling new insights and experiences in the world of

music.

Segmentation of Musical Data

Identifying similarities within or between time series datasets is crucial for enhancing
visualizations with detected relationships, potentially leading to insights that might oth-
erwise remain hidden during data exploration. Similarities between segments of indi-
vidual objects estimate their overall structure, which can be visualized in an arc diagram
[119]. This dissertation explores a visualization design for individual MIDI files and vi-
sual comparison based on this idea. Various approaches exist for segmenting datasets
from different domains. Vrotsou and Nordman [120] propose an interactive mining ap-
proach for eye-tracking data, using a sliding window to identify patterns made explorable
through an interconnected tree visualization and sequence view. However, they do not
consider events simultaneously, as the human gaze can only focus on one point at a time.
The string-based pattern detection within MIDI files by Cambouropoulos et al. [121]
faces this issue, as the order of simultaneous events should remain consistent across

sequences to avoid interference with matching results. Reducing a musical score to its
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skyline [122] can eliminate many overlaps before applying similarity measures. Instead
of direct similarity detection, Tanaka and Fujii [123] treat segmentation as an optimiza-
tion problem, using vectors to find the optimal combination that covers as many notes of
a song as possible. Their goal is to find the smallest building blocks of a song and motifs,

but their approach leaves room for the configuration of the optimization parameters.

Fundamental Concepts in Visual Comparison

Proper visualization of complex objects is challenging, and comparing multiple objects
adds further complexity [10]. Relationships between objects need to be identified, which
becomes more challenging with increased complexity or number of objects. These chal-
lenges are common in comparative visualizations regardless of data type. Gleicher et
al. [9] present a taxonomy dividing comparative designs into categories of three main
types: juxtaposition, superposition, and explicit encoding. Combining these types yields
six visualization categories, providing context and a common vocabulary for discussing

comparative visualizations:

¢ Juxtaposition

As illustrated in Figure 2.6a, designs within the Juxtaposition category utilize side-
by-side views to facilitate the matching of objects. The viewer is responsible for
identifying connections between these different views. This frequent switching
of focus imposes a load on the viewer’s visual working memory, which is well-
documented in cognitive psychology literature [124]. The effectiveness of such
comparisons is therefore constrained by the viewer’s cognitive capabilities [125].
Moreover, juxtaposition is not scalable, as it necessitates duplicating displays for

each additional object, resulting in significant inefficiencies.

* Superposition

Superposition involves overlaying independent objects within the same visual space,
which can be particularly useful when spatial relationships are a key component

of the data or when the data is highly similar. Figure 2.6b illustrates the effects of
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superposition in diagram comparison. However, this method falters when dealing
with dense data, resulting in significant visual clutter. Techniques such as color
weaving [126] or attribute blocks [127] have been proposed to mitigate these is-
sues, but overlaying data semi-transparently remains a non-scalable solution due

to the blending of colors.

¢ Explicit Encoding

In contrast to juxtaposition and superposition, explicit encoding necessitates prior
knowledge of the relationships between the compared objects and how to compute
them. This approach visualizes a newly created object that encapsulates these
computed relationships, such as the graph depicting sensor reading differences
in Figure 2.6c. The primary focus of such visualizations is on highlighting these
relationships. However, gaining insights into individual objects from aggregated
data can be challenging due to the lack of global context. Consequently, explicit

encoding is often used with other visualization types in multiple or hybrid views.

* Hybrid Visualizations

Gleicher et al. [128] extend this taxonomy to include combinations of the three ba-
sic categories: juxtaposition combined with superposition, juxtaposition combined

with explicit encoding, and superposition combined with explicit encoding. These
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hybrid designs address the trade-offs of their individual components but introduce

higher complexity and greater potential for visual clutter.

2.3.3 LLMs in Music Generation for Generating Practice Exercises

The field of music generation using large language models (LLMs) has seen significant
advancements in recent years, leveraging the capabilities of deep learning and artificial
intelligence. LLMs such as GPT-3, BERT, and their variants have shown promise in gen-
erating not only text but also complex musical compositions. This literature review aims
to provide a comprehensive overview of the state-of-the-art LLMs in music generation,

focusing on various models, their methodologies, and their applications.

SongComposer: A Large Language Model for Lyric and Melody Composition
SongComposer, developed by Ding et al., represents a significant advancement in the
domain of LLMs for music generation by addressing both lyric and melody composition
through a symbolic approach [129]. Unlike models that treat music as quantized audio
signals, SongComposer uses symbolic representations, encoding lyrics and melody at-
tributes (pitch, duration, rest duration) into tuples. This method ensures precise align-
ment and efficient encoding. The model is trained on the SongCompose-PT dataset,
which includes 280K lyrics, 20K melodies, and 15K paired lyric-melody samples. Song-
Composer excels in generating lyrics from melodies, melodies from lyrics, song continu-

ation, and text-to-song creation, outperforming models like GPT-4.

UniAudio: An Audio Foundation Model Toward Universal Audio Generation
UniAudio, introduced by Yang et al., aims to perform multiple audio generation tasks
using LLM techniques [130]. Unlike previous models focused on specific tasks, UniAudio
is designed to generate various types of audio, such as speech, sounds, music, and singing
from different input conditions. Key features include tokenizing different audio types
and input modalities using a multi-scale Transformer model to handle long sequences,

and scaling training to 165,000 hours of audio with 1 billion parameters. UniAudio shows
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strong performance across 11 audio generation tasks and can adapt to new tasks with

simple fine-tuning.

Exploring Variational Auto-Encoder Architectures for Generative Music The
study by Sturm et al. investigates the application of Variational Auto-Encoders (VAEs)
in generative music, systematically evaluating different network architectures, config-
uration parameters, and datasets [131]. This research highlights the impact of archi-
tectural variations, latent space dimensionality, learning rates, and batch sizes on the
quality and variability of the music produced. Additionally, the paper emphasizes the
importance of Explainable Al techniques to interpret how latent space representations
correlate with musical attributes, enhancing transparency and user understanding of

Al-generated outputs.

Mozart’s Touch: A Lightweight Multi-modal Music Generation Framework "Mozart’s
Touch," developed by Ferraro and Lemstrom, introduces a lightweight framework for
multi-modal music generation using pre-trained large models [132]. The framework
leverages transformer architectures, such as GPT models, to generate high-quality mu-
sic across various modalities, including MIDI sequences and audio samples. Despite
using large pre-trained models, the framework is designed to be lightweight, ensuring
efficiency and scalability without compromising output quality. Empirical evaluations
demonstrate the framework’s effectiveness in generating coherent and stylistically con-

sistent music.

MusicBERT: Symbolic Music Understanding with Large-Scale Pre-Training Mu-
sicBERT, presented by Zeng et al., is a pre-trained model designed for symbolic music
understanding tasks such as melody completion, accompaniment suggestion, genre clas-
sification, and style classification [133]. It leverages the OctupleMIDI encoding method,
which represents each note as an 8-tuple, significantly reducing sequence length while

maintaining comprehensive musical information. The model is trained on the Million
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MIDI Dataset (MMD), a diverse collection of over 1 million symbolic music pieces. Mu-
sicBERT’s bar-level masking strategy further enhances its performance by preventing

information leakage and improving the prediction of musical attributes and patterns.

Comparative Evaluation on Melody Generation of Large Language Models Suzuki
et al. conducted a comparative evaluation of LLMs like ChatGPT and Bard in generat-
ing musical melodies, focusing on their ability to match user input and the quality of
the compositions [134]. The study evaluates the models using prompts specifying mu-
sical features and abstract qualities, measuring accuracy, beat consistency, phrase con-
sistency, and subjective metrics such as atmosphere consistency and genre recognition.
The results indicate that ChatGPT outperforms Bard in beat and phrase consistency and
generates more diverse and less repetitive melodies.

The reviewed literature demonstrates significant advancements in the use of LLMs
for music generation, showcasing various innovative models and approaches. SongCom-
poser, UniAudio, and MusicBERT highlight the potential of LLMs in generating coherent
and stylistically diverse music. Additionally, frameworks like Mozart’s Touch and stud-
ies on VAEs and comparative evaluations of melody generation provide valuable insights
into optimizing these models for practical applications. The integration of Explainable Al
techniques further enhances the transparency and user understanding of Al-generated

music, paving the way for future research and development in this field.

2.4 Music Practice

This study followed the Preferred Reporting Items for Systematic reviews and Meta-
Analyses (PRISMA) guidelines [135, 136] to conduct a comprehensive search for rel-
evant literature using the search terms “piano practice” and “music practice” across
six databases: RILM, Semantic Scholar, ERIC (EBSCO), Academic Search Complete,

PsycINFO, and Google Scholar. The wildcard character “practi*” was employed to include

» « » &«

variations such as “practice,” “practise,” “practicing,” and “practising.” This review de-

fines music practice as “individually oriented self-study directed, no matter how strictly,
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toward attaining musical proficiency on an instrument or the voice” [137]. Articles dis-
cussing practice by participants from diverse contexts (e.g., pianists, singers, ensemble
musicians) were included [138].

We screened the articles following procedures from Littell et al. [139]. A backward
citation search was also performed to find any missed records. We analyzed and summa-
rized the contents of each article based on four main variables: 1) the factors affecting
students’ focus levels during practice, 2) the elements influencing their enjoyment of
practice, 3) their levels of motivation, and 4) their self-regulation capabilities. This com-
prehensive analysis allowed us to identify key patterns and insights that can inform
more effective music practice strategies and improve overall student outcomes. Articles
were coded by topics and entered into a spreadsheet, and meta-codes were used to create
larger categories [140].

The initial search yielded 543,148 records (RILM: 1,340; Semantic Scholar: 524,000;
ERIC (EBSCO): 72 Academic Search Complete: 956; PsycINFO: 280; Google Scholar:
17,500). After removing 330 duplicates, the remaining 2,772 records were screened, ex-
cluding 2,426 irrelevant records. Full texts of 346 records were assessed for eligibility
based on two criteria: (1) availability in full text and in English, and (2) primary focus
on music practice. An additional ten records were found through a backward citation
search, and nine were suggested by colleagues, resulting in 296 records for final analy-
sis. This review included music students from all levels and various music genres. "Rel-
evant studies on the teaching of music practice and intervention studies, such as those
involving Psychological Skills Training (PST) and Physical, Environmental, Task, Tim-
ing, Learning, Emotional, and Perspective (PETTLEP) approaches, were also included"
[135]. The process is detailed in Figure 2.4.

This literature review will focus on three critical aspects of practicing music for skill
acquisition: practice strategies, deliberate practice and engagement, self-regulation and

practice motivation, and effective use of technology.
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Figure 2.4. PRISMA flow diagram illustrating the study selection process.

2.4.1 Practice Strategies

Recent literature has continued to emphasize the importance of practice strategies in

music education. Panadero [141] explored the effectiveness of self-regulated practice
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strategies in piano teaching and found that students who engaged in self-regulated prac-
tice demonstrated better performance and higher levels of self-efficacy. Moreover, Baad-
jou [142] investigated the role of mental practice in brass players, revealing that mental
practice significantly improved performance and reduced performance anxiety.

The role of technology in enhancing practice strategies has also been studied in re-
cent years. Miksza et al. [143], examined digital tools and applications in supporting
practice, finding that they can provide valuable feedback, improve goal-setting, and fa-
cilitate self-monitoring. This suggests that integrating technology can be beneficial in
augmenting traditional practice strategies.

The research highlights multiple pathways leading to effective practice. Coffman
[144] investigated the impacts of physical and mental practice alone, a combination of
both, and motivational control. Participants were motivated to fully engage with a sight-
reading exercise by reading an article on the subject. Pretest and posttest results indi-
cated that physical practice and a combination of physical and mental practice produced
shorter performance times, identifying these methods as the most effective. Despite the
proven efficacy of mental practice, Barry and McArthur [145] observed that many music
teachers did not emphasize it as a viable option for their students. Although classroom
discussions emphasized the importance of practice, explicit instruction on effective prac-
tice methods was often lacking. Liu [146] emphasized that teaching young students how
to practice effectively is a crucial yet frequently overlooked component in the beginning
piano students.

Educators significantly influence students’ ability to structure practice time method-
ically. Barry [147] conducted a study in which students were divided into three practice
groups: instructor-designed, student-designed, and free practice. The findings revealed
that students in both the instructor-designed and student-designed practice groups effec-
tively utilized established practice strategies, correcting more performance errors than
those in the free practice group. Yavuz Selim [148] suggested that piano instructors
should teach practice strategies and goal setting during rehearsals, demonstrating to

students how to apply these methods in their own practice. Further research by Gibbs
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[149] showed that after a series of instructional interventions in their daily piano class,
middle school students could identify more practice techniques and strategies and estab-
lish clearer goals and methods during practice. Consequently, students’ practice sessions
became more thoughtful, deliberate, and beneficial when provided with structured guid-
ance and intervention.

Comprehensive knowledge and understanding of practice strategies are crucial for
determining practice success among piano students. Recent research continues to em-
phasize the importance of structured practice strategies. For instance, a study observed
middle school students during their piano practice sessions and found that those who
employed a variety of verbalized practice strategies showed significant improvement in
their performance [150]. These strategies included memorization, interpretation, and
targeted practice, which were correlated with enhanced skill acquisition and musical
interpretation.

Further studies have highlighted the role of cognitive and aural strategies in prac-
tice. Students with a stronger foundation in musical knowledge and skills tend to im-
plement more advanced and diverse practice methods. This foundational knowledge not
only influences how students interpret and perceive music, but also determines the type
of technological assistance they might benefit from during practice sessions [151].

Moreover, the integration of technological tools in practice has shown promising
results [148]. Recent advancements in educational technology, such as interactive apps
and online platforms, provide personalized feedback and structured practice routines
that align with the students’ learning needs [152]. These tools support the development
of effective practice habits, making practice sessions more engaging and productive.

Musicianship is a lifelong journey that evolves through acquiring and implementing
knowledge, skills, and structured practice. Xiong [153] conducted a longitudinal study
on cognitive changes in high school instrumentalists, revealing that as students mature,
they develop the ability to play by ear and internalize and visualize music. This cog-

nitive growth is significant during the intermediate stages of learning an instrument.
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Additionally, mental rehearsal, specifically aural and creative activities away from the
instrument, plays a crucial role in skill development [154, 155].

Miksza [156] studied college brass players and found that students who incorporated
strategic planning used music technology, such as recordings, metronomes, and tuners,
to stay focused during practice. Furthermore, Miksza [156] explored the relationship be-
tween observed practice behaviors, students’ self-reported practice habits, and the per-
formance achievement of high school wind instrumentalists. The study concluded that
the quality of practice time, rather than the quantity, determined students’ performance
abilities.

For piano students, assigning practice goals often involves setting time-based tar-
gets, traditionally encouraged by music teachers. However, Duke et al. [157] examined
the practice behaviors of undergraduate and graduate piano majors and concluded that
time-based goals are less effective than employing error-correcting strategies. These
strategies include labeling errors, modifying tempos, and repeating specific passages.
The researchers highlighted the need for effective practice models, noting that while
there is broad agreement on the benefits of providing good practice models, few such
models are available [157].

In summary, effective piano practice involves a combination of mental rehearsal,
strategic use of technology, and the application of specific error-correcting strategies.
These practices enhance cognitive growth and skill development, ultimately leading to

improved performance.

2.4.2 Deliberate Practice and Engagement

Deliberate practice [150, 158] remains a critical concept in music education research.
Tan et al. [159], investigated the effects of deliberate practice on the development of
expertise in musicians, finding that deliberate practice was a significant predictor of
skill development and contributed to achieving high levels of expertise.

Engagement in music education has also been the focus of recent studies. Qureshi

[160] explored the impact of collaborative learning on student engagement, discovering
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that collaborative learning activities led to increased engagement and improved learning
outcomes. This research indicates that fostering a collaborative learning environment
can enhance students’ deliberate practice and overall engagement in music education.

The practice behaviors of students are influenced by various factors such as skill
level, age, and the purpose behind the practice [150]. Deliberate practice, as defined
by researchers, refers to structured, planned, and goal-oriented practice activities. Im-
mediate feedback and instruction from supportive environments are crucial for devel-
oping effective deliberate practice. The amount of time spent practicing thoughtfully
and with focus is more impactful than mindless practice sessions. Expert performers do
not possess inherent characteristics; rather, their expertise results from a combination
of environmental factors, supportive instructors or parents, motivation, and deliberate,
thoughtful practice [149].

Deliberate practice is observable across various domains. A meta-analysis found
that deliberate practice accounts for 21% of the variance in performance across sports,
music, games, and education, indicating a strong link between performance achievement
and deliberate practice [161]. A study on university music students revealed a signifi-
cant relationship between observed practice behaviors and performance achievement,
suggesting that strategic, goal-oriented practice leads to higher performance outcomes
[162].

Volitional control plays a vital role in implementing strategies that keep students
on task and goal-oriented, especially when completing assigned homework [163]. Teach-
ers can encourage self-reflection by having students describe their work plans, declare
strategies to stay focused, and reflect on difficulties [164]. Modeling and feedback are
essential for developing these strategies [164]. Self-regulated learners exhibit effective
work habits such as planning, organizing, self-instructing, and self-monitoring during
[164].

Occasional off-task behavior during long practice sessions may provide brief mo-
ments of rest and help maintain interest and motivation. However, challenges such as

fatigue, schoolwork, illness, anger, and hunger can hinder practice self-efficacy and the
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ability to maintain practice schedules, particularly for younger musicians. Clear goal
setting and performance-oriented practice are more beneficial than vague or time-based
goals [149]. Students often struggle to determine appropriate practice strategies and
may lack understanding of when to apply specific strategies for improvement [149].
Implications from research emphasize the importance of reinforcing clear, achiev-
able performance goals during practice sessions and providing students with strategies
to achieve success in their practice. Self-assessment involves recognizing mistakes and

defining criteria for successful goal achievement.

2.4.3 Self-Regulation and Practice Motivation

Piano learners who can independently regulate, monitor, and control their learning are
more likely to persist and succeed. Self-regulated learners possess the knowledge of
when and how to apply their strategies, understand that their performance is linked to
the quality of their effort, and can coordinate actions to control their playing, leading to
faster skill development [165]. These learners also experience a sense of efficacy during
and after practice [166]. However, young piano students initially require support to
develop these self-regulation skills.

Home piano practice involves six dimensions: motive, method, time management,
social process, and the physical environment [165]. This section focuses on young piano
learners’ motivations. Teaching strategies employed by piano instructors significantly
impact learners’ self-regulation. Providing choices in repertoire and appropriate meth-
ods enhances intrinsic motivation and task engagement [167]. When teachers assign
specific pieces, students might practice mechanically from start to finish without correc-
tion. In contrast, when students select pieces they are interested in, they engage more
actively, self-regulate, and employ strategic behaviors.

School environments also influence piano learners’ motivation and self-regulation.
A supportive and positive school culture that values active, high-quality music programs
encourages persistence in piano learning [168, 169]. Schools can facilitate practice and

performance opportunities, further motivating students.
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Through self-regulated learning, young piano students become more autonomous,
with a clearer understanding of managing, reflecting, and motivating their practice
[170]. Autonomy is central to musical development, motivating students to engage in
self-regulated learning [167]. Highly autonomous students engage more effectively in
lessons, ask more questions, exhibit creativity, and interact actively with their teachers
[171]. To foster autonomy, piano teachers should create a supportive, student-centered
learning environment, though this shift in teaching strategy can be challenging for some.

The relationship between practice and motivation is reciprocal. Self-regulatory
strategies are facilitated by self-determined motivation, which in turn enhances self-
regulation [165]. In piano practice, increased motivation leads to more effective practice,
which then further stimulates motivation. Self-determination theory provides a frame-
work connecting motivation and self-regulated learning [167, 172].

Recent research emphasizes the importance of self-regulation and motivation in mu-
sic education. McPherson et al. [173] conducted a longitudinal study on the role of self-
regulation in the development of musical expertise, finding that self-regulated learning
skills were strongly associated with improvements in musical performance over time.
The study highlights the importance of fostering self-regulation skills in music students.

Bonneville-Roussy [174] investigated the role of passion in music students, reveal-
ing that harmonious passion (i.e., a strong desire to engage in the activity) was positively
related to self-regulated learning and achievement. This finding suggests that fostering
a harmonious passion for music can increase motivation and better learning outcomes
[175].

The findings of our study reveal that emotions form a crucial bridge between moti-
vation and practice for upper primary and secondary school students within the context
of piano learning. Students’ emotions can be categorized into positive and negative (see
Figure 2.5).

Positive emotions include confidence, self-control, regulation, and enjoyment. How-
ever, not all participants could maintain positive emotions consistently. Negative emo-

tions such as feelings of burden, frustration, and difficulty in persisting with the practice
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Figure 2.5. Students’ Emotions in Piano Practice

were also observed in the research by Zijia Cheng [176]. External factors like the pres-
ence of parents, practice facilities, and practice content significantly influenced students’
emotions.

A reciprocal relationship exists between piano learners’ emotions and their prac-
tice. Positive emotions often lead to longer and more effective practice sessions. Through
consistent practice, piano students gain confidence not only in their playing but also in
themselves. This confidence fosters a cycle of increased practice and improvement, pro-
moting further progress in piano learning. When students perceive practice as beneficial
for mastering the piano, they are more likely to dedicate time to this meaningful activ-
ity. Achieving excellence in performance fuels their attention to practice, enhancing their
engagement and enjoyment. Additionally, a mutually beneficial relationship exists be-
tween students’ self-control and practice. As students build self-control through practice,
their self-regulating ability improves, further enhancing their practice effectiveness.

Conversely, negative emotions can hinder piano practice. Students who view prac-
tice as burdensome are less likely to persist, often preferring other activities. Even
under parental or teacher oversight, practice driven by negative emotions tends to be
less meaningful and efficient. However, when students have a suitable piano, can choose

whether parents are present during practice, and are interested in their practice content,
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their emotions become positive, fostering a desire for continued practice and ongoing en-
gagement.

Emotions are essential in student motivation. According to self-determination the-
ory, emotions must be considered when developing autonomy [177]. Positive emotions
help students establish effective practice routines, build confidence, and motivate contin-
ued learning. In contrast, negative emotions lead to reduced practice, minimal progress,
and ultimately, abandonment of piano learning. Therefore, emotions are at the core of
motivation.

Motivation, a key dimension of home piano practice, significantly influences student
engagement. Self-determination facilitates self-regulation [165], and emotions act as a
bridge between self-determination theory and self-regulated learning in piano practice.
Autonomy is central to improving self-regulated learning [167, 171], and emotions play
a central role in autonomy [178].

Piano teachers and parents can support students’ emotional processes to enhance
self-regulated learning. By understanding and addressing students’ emotions, teachers
can improve their instructional strategies, fostering positive emotions and internal moti-
vation. A supportive environment, including proper instruments and dedicated practice
spaces, further encourages persistence in piano learning [179]. Schools can also play a
role by facilitating piano learning programs with dedicated rooms and instruments [169].

In conclusion, by leveraging students’ emotions, piano teachers, parents, and stu-
dents can enhance internal motivation and sustained engagement in piano learning.
Emotions effectively connect motivation to practice, and further research into this rela-
tionship can support all areas of music learning by integrating students’ emotions and

motivations.

2.4.4 Effective Use of Technology

Technology has played a significant role in enhancing music instruction and practice for
centuries. Okojie et al. [180] defined technology in educational settings as "a technical

device or tool used to enhance instruction" (p. 66). The modern metronome, invented
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by Dietrich Nikolaus Winkel in 1812, was first utilized by Beethoven in 1817 to indicate
tempo markings on his scores. The 1967 Tanglewood Symposium advocated for the full
incorporation of technology into music programs, specifically the use of recordings of live
performances for young students [181].

Music technology has evolved rapidly, encompassing hardware, software (e.g., Garage-
Band, Audacity), digitized music libraries, and easily accessible music applications on
personal devices and tablets [182]. The advent of cloud and online storage has eliminated
the need for physical storage, providing limitless options for accessing and engaging with
music digitally.

The new generation of autonomous learners defines their learning differently from
most adults due to increased digital literacy [183]. Music educators are responsible for
aligning their curricula with new digital technologies, enabling students to bring their
digital literacy into the classroom without fear of it being undervalued [183]. Metronomes,
tuners, drones, and recordings can be downloaded onto personal devices to aid musicians
in their practice. The convenience of technology allows students to improve their music
learning virtually anywhere and increases their involvement in school music programs.
The Vision 2020: Housewright Symposium on the Future of Music Education empha-
sized the need for music educators to be proficient and knowledgeable about technologi-
cal changes and advancements, and to use all appropriate tools to advance music study
while recognizing the importance of people coming together to make and share music
(National Association for Music Education, 2020).

Music educators incorporate technology into rehearsals in various ways to align with
current music education standards. Music technology applications can foster creativity
through composition, promote critical thinking skills through listening journals, online
discussions, or sharing recordings, encourage communication and collaboration through
group composition projects, and promote cross-cultural skills by learning about music

from different cultures through platforms like YouTube [184].
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Modern music technology extends beyond singular at-home practice aids and in-
cludes music learning applications that teachers can incorporate into the classroom to as-
sist with music learning and comprehension. Gorgoretti [185] found that student music
teachers had positive opinions towards incorporating music technology in the classroom,
stating that it could better motivate their students and create more engaging lessons.
Teachers can properly integrate technology and pedagogy for all students in their class-
rooms as they learn what works best in their instructional practices.

Thompson [186] surveyed principals and teachers of technology-based music classes
and found that comprehensive public high schools in the United States offered music
classes that were technology-based, and that teachers valued music technology because
it was favorable to nontraditional music students. Both teachers and principals advo-
cated for better support and integration of technology into all classrooms, including the
music classroom [186]. A national survey commissioned by Congress in 2018 revealed
that 77 percent of teachers assigned technology-based homework, and according to teach-
ers, 86 percent of their students had little to no difficulty completing technology-based
assignments.

Efforts are made worldwide to train current and future teachers on incorporating
technology into the classroom. Researchers [187] found that many Australian pre-service
teachers did not feel competent in incorporating technology in classrooms and may lack
the necessary skills to best serve all students through technology. Teachers should feel
competent and self-efficacious in their ability to integrate technology into the music
classroom, which can be facilitated through professional development focused explic-
itly on classroom technology integration. A study of K-12 music teachers showed that
teacher knowledge, comfort, and frequency of technology use can increase with training
and workshops. Teachers proficient in technology use are more likely to incorporate it
into the classroom and teach their students how to integrate technology into their own

learning.
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Research has shown that high levels of technology use within the fifth-grade class-
room equate to higher student academic achievement [185]. Early music technology re-
search also found that technology is beneficial in enabling music students to model their
playing after professional musicians’ characteristic sounds on their respective instru-
ments. In a one-factor, posttest-only design, Linklater [149] found that fifth- and sixth-
grade clarinetists who received a videocassette with aural and visual models performed
better on the final etude in the posttest than students who only had an audiocassette
model. Similarly, Hewitt [149] found that while self-evaluation alone was not an effec-
tive tool for improving junior high piano students’ music performance, self-evaluation
combined with recordings and aural models could help young musicians develop inde-
pendent performance skills.

The COVID-19 pandemic provided ample opportunities for teachers to maximize
the use of technology in their curricula. Biasutti, Philippe, and Schiavio [188] found that
during the pandemic, music teachers reorganized their curricula to incorporate technol-
ogy specifically for sharing information, keeping records, teaching, and modeling through
videos, which students also utilized. Kocoglu and Tekdal [189] found that many teach-
ers aimed to put students at the center of the education system to improve learning in
all formats, whether at school or via distance learning, thus shifting away from teacher-
centric instruction. Hash [190] surveyed music directors in Illinois teaching during the
pandemic and found that many teachers allowed students to choose their assignments
while learning from home, resulting in students using technology for performing, listen-
ing, music theory, and less for composition or music history. More experienced teachers
provided opportunities for independent learning and playing activities, increasing indi-
vidual musicianship [190]. While there are currently few studies on the topic of COVID-
19 and its effect on instrumental teaching, research examining how music educators
evolved to meet students’ needs and blend online and in-person learning can be expected
as we continue to navigate the post-pandemic world. Technology has played a signifi-

cant role in enhancing music instruction and practice for centuries. Okojie et al. [191]
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defined technology in educational settings as "a technical device or tool used to enhance
instruction” (p. 66).

The proposed technological framework provides an innovative solution for teaching
and practicing the piano/keyboard online by leveraging machine learning and reinforce-
ment learning, as well as an embedded practice lesson generator that provides person-
alized exercises to improve student skills based on music techniques and dynamics com-
pared to existing research and applications which might focus mostly on the rhythm and
pitch mistakes. The framework has the potential to revolutionize the way piano/key-
board learning is conducted, and it could make learning the instrument more accessi-
ble and affordable for students worldwide. The existing literature shows that machine
learning and reinforcement learning have been successfully applied to piano/keyboard
learning, and the proposed practice lesson generator has the potential to provide a more
personalized learning experience. Further research and development are necessary to
refine the framework and ensure its effectiveness, but the potential benefits make it a

promising direction for the future of piano/keyboard education.

2.5 Limitations of Existing Approaches

Existing papers and models for creating personalized music lesson plans for students
have demonstrated the potential of technology to enhance the music education experi-
ence. However, there are significant limitations in the current approaches, which are as
follows:

Lack of adaptability: Many existing models are based on static rule sets or pre-
defined lesson structures that do not adapt to each student’s learning needs or progress.

Inadequate personalization: Some models lack in-depth data analysis and only rely
on superficial criteria for personalization, such as age, experience, and musical prefer-
ences, without considering the student’s unique learning styles, cognitive abilities, or

emotional factors.
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Limited integration with music education methodologies: Current models are often
designed without a strong foundation in music education theory and practice, resulting
in a lack of coherence with well-established pedagogical strategies.

Insufficient feedback mechanisms: Most existing models lack effective feedback sys-
tems to help students understand their progress, identify areas for improvement, and
receive guidance on addressing their limitations.

Scalability Issues: Many existing models are not easily scalable to accommodate a
wide range of students or adaptable to different musical genres, instruments, or teaching
contexts.

Table 2.2 provides an overview of the commercial applications examined in this re-
search. These applications were evaluated to ascertain our proposed framework’s usabil-

ity, limitations, and efficacy.

2.6 Research Contributions

We propose the Adaptive Music Education System (AMES) model for creating person-
alized music lesson plans to address these limitations. AMES is designed to leverage
machine learning and artificial intelligence techniques to provide a highly adaptive and
personalized learning experience. The model consists of the following key components:

Multimodal student profile: AMES creates a comprehensive student profile by col-
lecting and analyzing data from various sources, including dynamics and performance
metrics. This enables the system to holistically understand each student’s strengths,
limitations, and preferences.

Dynamic lesson generation: The model employs algorithms to generate lesson plans
that adapt in real-time to the student’s progress, adjusting the content, difficulty level,
and learning objectives based on the student’s performance and feedback.

Integration with music education methodologies: AMES is designed to align with
established music education theories and practices, ensuring that the generated lesson

plans pedagogically and effectively address the student’s learning needs.
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Feedback and assessment system: The model incorporates a robust feedback and as-
sessment system that provides students with real-time feedback on their performance,
helps them identify areas for improvement, and offers personalized guidance on address-
ing their limitations.

Scalable architecture: AMES is designed with a modular and flexible architecture,
allowing it to be easily scaled to accommodate a diverse range of students, musical gen-
res, and teaching contexts.

By leveraging advanced machine learning techniques and incorporating a compre-
hensive understanding of music education principles, the Adaptive Music Education Sys-
tem (AMES) promises to overcome the limitations of existing models and deliver highly
personalized and effective music lesson plans tailored to each student’s unique needs

and goals.

49



Chapter 3

Methodology and Algorithms

To address the first research question, we analyze existing research and applications for
practicing piano/keyboard to determine how the proposed technological framework com-
pares to existing methods. Most of the studies used a combination of experimental and
survey research methods to evaluate the effectiveness of the technological framework.
The studies used various metrics to evaluate the framework’s effectiveness, including
accuracy, efficiency, user satisfaction, and learning outcomes. Based on our literature
review, the technological applications for practicing piano/keyboard can potentially en-
hance the learning experience for piano students. Our framework can provide person-
alized feedback, adapt to the student’s learning style, and generate practice exercises
based on the student’s level and progress. However, several challenges must be ad-
dressed to fully assist musicians in self-regulating their practice and identifying techni-
cal mistakes related to music dynamics and expression. These challenges include data
quality, model complexity, and interpretability across different music genres. Addition-
ally, ethical and privacy concerns can be raised regarding the collection of data and the
profiling of users. Figure 3.1 illustrates how the various phases of our system are inter-
connected. The basics of our framework are: (1) The Trained AI Tutor provides a musi-
cal exercise using the Music Learning System (MLS); (2) The learner uses interfaces for
practicing and learning. Then, the learner uploads his/her exercise’s music performance
to the MLS; (3) MLS sends the audio recording to Music Feature Extraction and Critic,

where it is analyzed and further presented to the trained Al tutor for assessment.
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Figure 3.1. Model architecture.

The dissertation is structured into three primary phases: Automatic Piano Tran-
scription, Piano Performance Evaluation, and Development of a Generative Model for
the creation of practice components predicated upon the key signature, rhythm, time
signature, and the evolving feedback of the musicians. Each of these phases is critical in
the progressive development of the dissertation’s central objective, namely the creation
of an innovative tool for piano performance training.

The initial phase, Automatic Piano Transcription, necessitates an intricate task that
is also one of the most vital aspects of this phase - the construction of a holistic and ex-
pansive dataset encompassing a diverse range of piano music. This training for the MLS
dataset is important for several reasons. Firstly, it acts as the foundation upon which the
automatic transcription model will be trained. Secondly, it will be modified iteratively
as part of the machine-learning process, based on continuous inputs and updates from
student rehearsals using the application.

In the development of this dataset, extensive care will be taken to ensure a broad
spectrum of music compositions, in terms of genre, complexity, and stylistic elements,
thereby aiding in the construction of a model that can expand well across various con-

texts of piano music. This comprehensive dataset will not only help the initial model
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training but will also provide a dynamic and adaptable mechanism through which the
model can learn and improve its transcription accuracy. Ultimately, it will serve as a
powerful tool in achieving our overarching objective of creating an effective, efficient,
and adaptive automatic piano transcription system.

In the following section, we will explore tasks related to the initial phase of the
dissertation: “Automatic Piano Transcription”. This includes a discussion on the “Music
Transcription Dataset for Training MLS”, along with an examination and remodeling of

existing methodologies and models for “music transcription”.

3.1 Task 1: Music Transcription Dataset for Training MLS

The MAESTRO (“MIDI and Audio Edited for Synchronous Tracks and Organization”)
dataset [6], contains over a week of paired audio and MIDI recordings from nine years of
International Piano-e-Competition events. The dataset includes annotation of isolated
notes, duration of notes, chords, and complete piano pieces. The MIDI data includes key
strikes, velocities and sustain pedal positions. Audio and MIDI files are aligned with
approximately 3 ms accuracy and sliced into individual musical pieces annotated with
composer, title, and year of performance. We use the set of synthesized pieces as a single

train/validation/test split designed to satisfy the following criteria:

* No composition should appear in more than one split.

* Train/validation/test should make up roughly 80/10/10 percent of the dataset (in
time), respectively. These proportions should be true globally and also within each
composer. Maintaining these proportions is not always possible because some com-

posers have few compositions in the dataset.

* The validation and test splits should contain various compositions. More popular

compositions performed by many performers should be placed in the training split.

Table 3.1 contains aggregate statistics of the MAESTRO dataset.
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Table 3.1. Statistics of the MAESTRO dataset replicated based on Table 1 in paper [6].

Split Performances | Compositions | Duration, hours | Size, GB | Notes, millions ‘
Train 954 295 140.1 83.6 5.06
Validation | 105 60 15.3 9.1 0.54
Test 125 75 16.9 10.1 0.57
Total 1184 430 172.3 102.8 6.18

We first translate "sustain pedal” controls into longer note durations to process the
MAESTRO MIDI files for training and evaluation. Sustain will extend a note until either
sustain is turned off or the same note is played again if that note is active. As a result of
this process, the note durations are the same as those included in the dataset’s text files.

Several datasets containing both piano audio and MIDI have been published pre-
viously, enabling significant progress in automatic piano transcription. Table 3.2 repre-

sents existing piano MIDI datasets.

Table 3.2. Piano MIDI datasets.

’ Dataset ‘ Composers ‘ Works ‘ Hours ‘ Type
Piano-midi.de 26 571 37 Seq.
Classical Archives | 133 856 46 Seq
Kunstderfuge 598 - - Seq.
KernScores - - - Seq.
SUPRA 111 410 — Perf.
ASAP 16 222 - Perf.
MAESTRO 62 529 84 Perf.
MAPS - 270 19 Perf.
GiantMIDI-Piano 2,786 10,855 | 1,237 90% Perf.
Curated GP 1,787 7,236 875 89% Perf.

MAESTRO differs from existing datasets in several properties that affect model
training:

MusicNet (Thickstun et al., 2017) contains recordings of human performances but
separately-sourced scores. As Hawthorne et al. (2018) discussed, the alignment between
audio and score is not entirely accurate. MusicNet offers a greater variety of recording
environments and instruments besides piano (not included in table 3.2).

MAPS (Emiya et al., 2010) includes synthesized audio created from MIDI files en-
tered via the sequencer and Disklavier recordings. As such, the “performances” are not

as natural as the MAESTRO performances captured from live performances. Moreover,
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synthesized audio accounts for a significant portion of the MAPS dataset. Aside from
individual notes and chords, MAPS also contains syntheses and recordings.

Saarland Music Data (SMD) (Muller et al., 2011) contains recordings of human
performances on Disklaviers, but it is 30 times smaller than MAESTRO.

GiantMIDI-Piano is the largest dataset, including 38,700,838 transcribed notes
and 10,855 unique solo piano works composed by 2,786 composers. Table 3.3 represents
the “alignment performance. The median alignment Sj;, Dy, I3 and ER s on the MAE-
STRO dataset are 0.009, 0.024, 0.021, and 0.061, respectively. The median alignment
Sa,Da, I and ERg on the GiantMIDI-Piano dataset are 0.015, 0.051, 0.069, and 0.154,

respectively” [7].

Table 3.3. Piano transcription evaluation on the GiantMIDI-Piano dataset based on [7].

Piano transcription evaluation

D I S ER

Maestro 0.009 0.024 0.018 0.061
GiantMIDI-Piano 0.015 0.0561 0.069 0.154

Relative difference  0.006 0.026  0.047 0.094

The proposed research aims to make a new contribution to the dataset by combin-
ing the MAESTRO dataset and the GIANT-MIDI piano dataset, standardizing the an-
notation, and applying augmentation. The MAESTRO dataset, which contains over 172
hours of virtuosic piano performances captured with fine alignment between note labels
and audio waveforms, is combined with the GIANT-MIDI piano dataset. The annota-
tion of the combined dataset is standardized to produce pairs of audio and MIDI files

time-aligned to represent the same musical events.

Augmentation

Augmentation is a crucial step to increase the diversity of the dataset and improve the
scalability of machine learning models. One common augmentation technique is time
stretching, which changes the duration of the audio without affecting its pitch. This can

be achieved using the following formula:
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y(t)=x(£) (3.1)

where x(¢) is the original audio signal, y(¢) is the time-stretched signal, and « is
the time-stretching factor. Another important augmentation technique is pitch shifting,
which modifies the pitch of the audio without changing its duration. This can be achieved

using the following formula:

t
@)= (—) (3.2)
y x 5

where x(t) is the original audio signal, y(¢) is the pitch-shifted signal, and g is
the pitch-shifting factor. By applying these augmentation techniques to the combined
dataset, we aim to increase its diversity and robustness, leading to improved model per-
formance. The proposed research will contribute to the field of automatic piano tran-
scription by providing a larger and more diverse dataset, standardized annotation, and
augmented data, which enables the development of more accurate and robust machine
learning models for piano music transcription.

In this dissertation, we aim to generate piano transcriptions containing all percep-
tually relevant performance information without considering any prior knowledge about
the recording environment, such as instrument characterization. To achieve this per-
ceptual objective, we need a numerical measure. Poor-quality transcriptions can still
result in high frame scores due to short spurious, and repeated notes. The onsets of
notes are important, but a piece played only using onset information would have to be
entirely staccato or infer note duration. A high note-with-offset score will correspond
to a transcription that sounds good because it captures the perceptual information from
both onsets and durations. A velocity requirement also ensures that the dynamics of the
piece are captured. More perceptually accurate metrics may warrant further research.
This study improves note-with-offset scores, achieves state-of-the-art results for frame

and note scores, and extends the model to transcribe velocity scores.
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3.2 Task 2: Feature Representations Computational Models

In the second task, we focus on feature extraction using and modifying the AMT onset
and frames [11], onsets and velocities [76], and regression [192] methods. As the musi-
cian rehearses along with the application, this task captures and records him/her and
extracts a spectrogram representation of the music practice piece selected by the musi-
cian. The dataset created in task 1 will be used to train the onset, offset, and velocities

model.

3.2.1 Model Configuration

The framewise transcription of piano notes typically involves processing frames of raw
audio and producing frames of note activations. Previous framewise prediction models
[193, 194] have treated frames as both independent and of equal importance, at least
before being processed by a separate language model. A few frames are more important
than others, precisely the onset frame for any given note. Piano note energy decays
starting immediately after the onset, so the onset is both the most manageable frame to
identify and the most perceptually significant.

The framewise note activation detector we use [11] takes advantage of the signif-
icance of onset frames by training a dedicated note onset detector and using its raw
output as an additional input. Additionally, we use the thresholded output of the onset
detector during the inference process, similar to the concurrent research described in
[195]. The frame detector only permits a note to be started if the onset detector agrees
that an onset is present in the frame.

We modify the onset and frame detectors based on the convolution layer acoustic
model architecture presented in [193]. We first compute Mel-scaled spectrograms with
log amplitude of the input raw audio using librosa [196] with 229 logarithmically-spaced
frequency bins, 512 hops, 2048 FFT windows, and 16kHz sampling rate. By presenting
the complete input sequence, we could feed the output of the convolutional frontend into

a recurrent neural network (illustrated in figure 3.2).
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DNN ConvNet AllCany

Input 229 Input 5x229 Input 5x229
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Figure 3.2. Model configuration architecture.

Following the acoustic model, there is a bidirectional LSTM with 128 units in both
directions, followed by a fully connected sigmoid layer with 88 outputs representing each
piano key’s onset probability.

An acoustic model is followed by an 88-output fully connected sigmoid layer in the
frame activation detector. After concatenating the output of the onset detector with that
of the LSTM, a bidirectional LSTM with 128 units is used to calculate the forward and
backward directions. As a final step, an 88-output sigmoid layer is connected to the
output of that LSTM. During inference, we use a threshold of 0.5 to determine whether
the onset detector or frame detector is active.

As batch sizes increase, the training of RNNSs is generally faster and requires more
memory. Splitting the training audio into smaller files could speed up the training pro-
cess. During this splitting, however, we don’t want to cut the audio during notes, because
the onset detector would miss the onset, but the frame detector would still need to predict

the note. With 20-second splits, we achieve a reasonable batch size during training of at
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least eight while forcing splits only in a few places where notes are active. We choose a
zero-crossing of the audio signal when notes are active. The inference is performed on
the original and unsplit audio file.

As a result of the audio processing, the results are spectrogram frames rather than
continuous time labels. Thus, we quantize the labels to compute the training loss. We
use the same frame size as the spectrogram output when quantizing. However, we com-
pare our inference results against the original, continuous time labels when calculating
metrics based on the onset and frames model [11]. Figure 3.3 represents the model’s

architecture replicated based on [11].

| Frame Predictions | | Onset Loss |
1 —1

| FC Sigmoid | [ Onset Predictions |
1 £

| BILSTM | ] FC Sigmoid |
| 3 — i

[ rFosgmod | | BILSTM |
) )

| Conv Stack | [ Caonv Stack J

Log Mel-Spectrogram

—>{CNN| BiLSTM|FCo | onsets

e

—>{CNN| BiLsTM|FCo }—)oﬂsiets

velocity

[ Mel spectrogram l

Figure 3.3. Model architecture [11].

The loss function used in this model is the sum of two cross-entropy losses: one from

the onset side and one from the note side.

Liotal = Lonset + Lframe (3.3)
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Lonser= 3% Y CB (9,0, Ponser(p, 1) (3.4)
P=Pmint=0

The piano roll’s MIDI pitch range is pmin/max, the number of frames is T, the indica-
tor function I ,,¢.¢(p,t) indicates when a ground truth onset occurs at pitch p and frame ¢,
the probability of the model at pitch p and frame ¢ is P,,s.:(p, t) and CE stands for cross-
entropy. Before quantization, note lengths are truncated to min(note —length,onset —
length) to create the onset loss labels. We tested 16ms, 32ms, and 48ms for onset —
length and found that 32ms worked best. Due to the length of our frames, almost all on-
sets will end up spanning exactly two frames, which is not surprising. Labeling only the
frame containing the exact onset is not recommended, as this may lead to misalignment
between the labels and the audio. Before a note could be labeled, we experimented with
requiring it to be present in a frame for a minimum amount of time. However, we found

that the optimum value was to include any presence.
A weighting is also applied to the frame-based loss term L f,4,. to encourage accu-
racy initially. The onset of a note occurs at frame ¢, the completion occurs at frame ¢o,
and the ending happens at frame ¢3. With the weight vector assigning more weights to

the early frames of notes, the model is incentivized to accurately predict note beginnings,

preserving the most important musical events. We defined a raw frame loss as:

Livame= 35 3 CEUframelp, 0P eamelp, 1) (3.5)
P=Pmint=0
where If.qme(p,t) is 1 when pitch p is active in the ground truth in frame ¢ and
Ptrame(p,t) is the probability output by the model for pitch p being active at frame ¢.
One of the most important problems with onset and frames [11] is the complexity
of the methodology and the use of Bidirectional RNN which reduces the efficiency of the
transcription model and makes it impractical for real-time music transcription. There-

fore, by using and remodeling the Onsets & Velocities (O & V) [76] we address the chal-

lenges presented by recent advancements in music transcription. These advancements
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have led to higher performance but also increased complexity due to larger models, addi-
tional components, and new sub-tasks. We aim to simplify this complexity and enhance
understanding in this active field of research.

The primary objective of our work is to achieve real-time capabilities. We examine
the masked loss [y and its impact on time-locality around onsets. This leads us to several
considerations: the significance of onsets, decoder heuristics, and the natural association
of note velocity with onset timing. Based on these insights, we propose a convolutional
end-to-end method for onsets and velocities. This method aims to balance efficiency with
real-time processing capabilities, without sacrificing performance.

We use, Onsets & Velocities (O & V) [76], which features state-of-the-art onset de-
tection performance and establishes a solid baseline for combined onset and velocity
detection on the MAESTRO dataset. This model employs a significantly simplified CNN
architecture, avoiding recurrent layers and utilizing piano rolls at 24 ms resolution. This

design choice enables real-time inference on modest hardware.

Model

Given a waveform x(¢) € RT at 16kHz, we compute its discrete wavelet transform (DWT)
[197] with a Hann window of size 2048, and a hop size 6 = 384 (i.e., a time resolution
of A; = 24 ms based on [76]). We then map it to 229 mel-frequency bins [198] in the 50
Hz-8000Hz range, and take the logarithm, keeping an input representation: A log-mel
spectrogram X (f,t') € R229%T" wwhere T" = %, is the resulting “compact” time domain (see
Figure 3.4).

We compute the first time-derivative X(f,t') := X(f,t')— X(f,# — 1) and concatenate
it to X, forming the CNN input. Using the same A;, we time-quantize the MIDI annota-
tions into a piano roll Ry € [0, 1188xT" , where Ry (k,,t)) contains the velocity if key &,

was pressed at time A;¢), + %, and zero otherwise. .
We modified Onsets & Velocities (O & V) [76] model to highlight the following design

principles:
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a) No recurrent layers: Drawing inspiration from [199] and [76], instead of using
a recurrent neural network, we adopt a CNN architecture consisting of a convolutional
stem and body, followed by a fully connected head. Residual bottlenecks [200] are incor-
porated to enhance the model’s performance.

b) No pooling: As advocated in [201], all residual bottlenecks in the model main-
tain activation shape. The transformation from input to output shape is accomplished
through a single depthwise convolution layer [202], recognized for its efficiency and ef-
fectiveness [203]. Notably, while the convolutions in the input domain (spectrogram)
possess vertical dimensions, those in the output domain (piano roll) do not. This design
choice is based on the assumption that neighboring frequencies exhibit relationships,
whereas neighboring piano keys do not.

¢) Embracing a multi-stage approach inspired by OpenPose [204], the model, re-
ferred to as O & V [76], incorporates a series of residual stages that iteratively refine
and generate the final output. This architectural choice proves advantageous for real-

time applications, as stages can be easily removed without necessitating retraining.
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d) A crucial element of O & V is the Context-Aware Module (CAM) [205]. This mod-
ule, functioning as a residual bottleneck, combines time-dilated convolutions and chan-
nel attention [206]. Taking inspiration from Temporal Convolutional Networks (TCNs)
[207] and Inception [208], aiming to efficiently capture the temporal vicinity of an onset.

e) O & V [76] integrates Sub-Spectral Batch Normalization (SBN) as model regular-
izers, both at the input and before each output. SBN involves employing an individual
Batch Normalization (BN) operation for each vertical dimension. Dropout is introduced
after parameter-heavy layers to enhance generalization, and leaky ReLLUs, are employed
as nonlinear activation functions.

f) Time locality: The time-derivative X is a handcrafted input feature that di-
rectly represents intensity variations. During inference, O & V produces one piano
roll per onset stage (Rf,l),RfJZ),RE?)) and one velocity piano roll Ry. Then, decoder S :=
decyp, ﬂ(Rff),RV) follows a simple heuristic: temporal Gaussian smoothing (smooth) with

variance o2 followed by non-maximum suppression (nms), thresholding p and shifting p,

yielding the predicted score S with note onsets and velocities:

O := {(k,t") : nms(smooth, (RP)) 1 = p}
(3.6)

S 1= (e, By (o, ), At + 1) : (ki ) € O}

The non-maximum suppression (nms) operation involves setting to zero any entry
(k,t) that is strictly smaller than either (k,t+ 1) or (k,£—1). The note events are then
located at the resulting positions and shifted by a constant p. In this dissertation, we uti-
lize specific values for the parameters: 0 =1, u=-0.01s, p = 0.74, determined through
cross-validation on a subset of the MAESTRO validation split (note that this differs from
the test split used for evaluation). Although the optimal p varies during training, we

observed that 0 =1 and = —-0.01s provide stability.
Training

We train the CNN to predict onset probability and velocity jointly via minimization of

the following multi-task loss:
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Lov(1o,, RP,R? R, Ry,,Ry) is defined as:
A A A A 3 A h A
ZLov(Loy, RV, RP RP) Ry, ,Rv) =Y Lpcr(1o, R + A+ Ly(Ry,,Ry),

where

Ly(Ry,,Rv) = (1,,,(Ry, - —log(Ry))(1 - Ry,) - —log(1 - Ry))).

The 1,, and Ry, rolls are modifications of 1, and Ry, where each active frame at (k,
t) is also extended into t + 1 and t + 2 (i.e. note onsets span 3 frames instead of one).
This simple extension is crucial to achieving target performance, and combined with the
decoder, allows to bypass the need for elaborate decoding schemes as the ones discussed
in [192]. The masked loss Ly is a cross-entropy variant of the previously mentioned Ly,
introduced in [192], that encourages to predict the right velocity only in the vicinity of

onsets.

Evaluation of Automatic Piano Transcription

Following the same evaluation procedure as O & F [11], REGRESSION [192] and TRANS-
FORMER [209], and applying standard metrics from [210] implemented in the mir-eval
library [211], we report precision (P), recall (R) and F1l-score for the predicted onsets,
considered correct if they are within 50ms of the ground truth. The onset+velocity eval-
uation, following O & F [11], has an added constraint: the predicted velocity must also be
within 0.1 of the ground truth normalized between 0 and 1. Table 3.4, represents a com-
parison of top-performing models in terms of specifications (number of parameters for
onset+velocity only, architecture and functionality) and performance (precision, recall,

F1-score and MAESTRO version).

3.3 Task 3: Error Visualization Strategies

In the second phase of our research, we delve into developing efficient and practical
methods for evaluating the player’s performance. Our objective is to provide real-time

score visualization for the performance assessment, aiming to propose the most effective
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Table 3.4. Comparison of top-performing models in terms of specifications (number of parameters for
onset+velocity only, architecture and functionality) and performance (precision, recall, F1-score and

MAESTRO version)
Model PARAMS Architecture Onset (%) Onset and Velocity (%) Onset and Frame (%)
P R F1 P R F1 P R F1
O&F [11] 10M BI-RNN 98.27 | 92.61 | 95.32
REGRESSION [192] 12M BI-RNN 98.17 | 95.35 | 96.72
TRANSFORMER [209] - TRANSFORMER - - 96.13
O&V [76] 3.13M CNN 98.58 | 95.07 | 96.78 | 94.58 | 90.07 | 92.78 | 88.58 | 85.07 | 86.78
Our Model (Modified O&V) [212] 3M CNN 98.80 | 95.50 | 97.12 | 88.75 | 93.45 | 92.10 | 91.72 | 90.42 | 90.08

approach within the scope of this study. This phase plays a pivotal role in advancing
our understanding of performance evaluation and enhancing the practical utility of our
research for musicians and music educators.

In task 3, we develop a system to compare the spectrograms and MIDI represen-
tations of the actual music sheet selected for the musician to rehearse with the one
played by the musician. The system uses a combination of supervised and unsupervised
learning techniques to address the research question regarding optimizing the machine
learning algorithms used in the framework. We collect data from the participants’ music
performance and practice sessions to train and fine-tune the machine learning algorithm
in Task 2. We use data augmentation techniques to increase the size and diversity of the
training data. We also use cross-validation and hyperparameter optimization techniques

to evaluate and optimize the performance of the machine learning models.

3.3.1 Music Visualization

In the context of user interaction with the Web application, upon selecting a song from
the start page and transitioning to play mode, there are three ways to visualize mu-
sical notes: classical notation on staves, a block representation replacing conventional
notes, or piano roll notation. Figure 3.5 illustrates a segment of "Comptine d’'Un Autre
Eté" in these three display formats, each depicting four identical bars, providing a clear
comparison of how notes can be perceived differently.

The classical notation, depicted in Figure 3.5a, presents challenges as notes with
flags are not connected, and accidentals are omitted, making it challenging to gain an

overview of which notes need to be played. In contrast, the block notation, shown in
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(a) This figure shows the classical notation, because of the large number of notes it looks rather confusing.
The key signature, the time signature, and ledger lines are missing. Notes with flags are not connected,
if they are located one after the other within a bar, as they would be in sheet music. The melody and
accompaniment are difficult to distinguish.

e {
S R e Y e Y e - e SR e et
o — 4 B_— —

= = =

(b) The block notation is clearer. Accidentals can be recognized pre-attentively by their note names and the
black color. Additionally, the duration of a note and the relation between notes of different lengths can be
seen more quickly than in the classical notation.

() This is the piano roll notation, which also has black colored accidentals. Compared to the block notation
the notes have more space and are not squeezed together so much. But they are not labelled with their
note name, which instead is located on the left edge at the height of the corresponding note.

Figure 3.5. Four bars of “Comptine d’'Un Autre Eté” are represented in the three different display types:
classical notation, block notation, and piano roll notation (the image is taken and modified based on [12]).
Figure 3.5b, offers a clearer view by excluding note necks and emphasizing accidentals
in black. The presence of the clef at the beginning aids in identifying the octave, and
note names facilitate quicker recognition for beginners.

Lastly, the piano roll notation in Figure 3.5¢ provides enhanced clarity due to in-
creased space for individual notes. This variation offers users a more comprehensive

and intuitive visualization of the musical composition.

3.3.2 Performance Analysis

The performance analysis involves the evaluation of various piano performance parame-
ters such as note accuracy, key pressure consistency, and timing consistency [213]. Input
data for all available parameters from the piano are analyzed using machine learning
in real-time to provide feedback on performance. This feedback can be displayed on dig-
ital sheet music and/or graphical representations of chord labels, as demonstrated in
[214, 215]. The processed data is presented in a real-time visualization for students and

teachers, and it can be saved for later replay opportunities. This approach provides an
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additional visual modality to assess the just-performed musical piece or excerpt. MIDI-
based instruments can offer some performance information with detailed visual feedback
[216, 217]. However, well-trained algorithms are required to ensure an accurate evalu-
ation of all relevant performance parameters and an appropriate outcome, which can be
achieved through annotated corpora [215]. Figure 3.6 shows an example of what visu-
alized feedback in the performance analysis scenario might look like. This tool has the
potential to enhance communication between teachers and students, facilitate adjust-
ments to piano playing, and assist teachers in identifying areas for improvement in their

students’ performance.

Figure 3.6. Performance analysis scenario.

3.3.3 Error Visualization

In digital music processing and synthesis, the MIDI format stands as a widely adopted
standard, supported by an extensive community and well-maintained tools for process-
ing and visualization [218]. Additionally, raw audio, represented as a time series, bene-
fits from numerous processing tools, such as the ‘librosa‘library [219]. Furthermore, opti-
cal character recognition (OCR) technologies facilitate the conversion of sheet music into
MIDI files, analogous to how scanned text can be transformed into computer-readable
formats [220].

Utilizing these tools alongside a digital piano, we recorded several sample audio files

and downloaded professional piano performances to generate a variety of visualizations.
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The objective was to discern visual patterns in music, both pleasing and flawed. Initially,
we enhanced an existing tempo analysis algorithm to improve its suitability for classical
and student piano music. By employing the predominant local pulse (PLP) technique
[221], we identified the beat note of each measure and calculated the tempo in beats per
minute (BPM) by measuring the intervals between beats.

The process begins with generating a mel spectrogram from the audio file, from
which we extract the onset envelope, corresponding to the moments when notes are
played [219]. Pulses are detected on this onset envelope, and the peaks of these pulses
mark the beats. However, extracting tempo using PLP can result in values being mul-
tiplied or divided by factors of 2 or 3. To address this, we compared the reference BPM
with the factorized PLP results to derive a more reliable BPM estimate.

Comparing the tempo of a professional performance, such as See Siang Wong’s ren-
dition of “River Flows In You,” with a synthesized version from an online score, revealed
notable differences. The professional performance exhibited dynamic tempo variations,
contributing to a lively feel, whereas the synthesized version remained monotonous de-
spite accurate dynamics in the MIDI file. This comparison underscored the need for
an evaluation method that accommodates both the original intent of the composer and
expressive performance variations. Consequently, we explored Automatic Music Tran-
scription (AMT) algorithms to transcribe student recordings into MIDI files.

Initial experiments with existing AMT models faced challenges, particularly with
source code availability and environment setup. Ultimately, we identified Kwon et al.’s
real-time AMT algorithm [222], which demonstrated high accuracy in live operation but
missed some note offsets when saving recordings as MIDI files. With an onset F-score
of 94.7%, we focused solely on onset detection, assigning each transcribed note a fixed
length, thus achieving accurate transcription of piano recordings.

To compare these transcriptions with reference scores, we utilized dynamic time
warping (DTW) to align note onsets over time [223]. However, aligning chords presented

issues, prompting us to adopt Nakamura et al’s MIDI-to-MIDI alignment algorithm,
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which employs hidden Markov models (HMMs) for high-accuracy note matching and er-
ror identification [224]. Integrating this C++ tool into our Python pipeline using ‘pandas’
facilitated seamless data handling.

With AMT and alignment tools established, we developed an API using Flask, en-
abling users to upload audio recordings and reference MIDI files, receiving annotated
feedback on played notes. This API, alongside our web app built with React, ensures
user-friendly interaction and visualization of annotated sheet music.

To validate our method, we tested it against a dataset containing multiple record-
ings with errors, accurate transcriptions, and reference MIDI scores. Comparative anal-
ysis with Benetos et al. [225] and Wang et al. [226], who employed non-negative matrix
factorization (NMF) for AMT and DTW for alignment, revealed that while our method
achieved a note classification F-score of 95.8%, slightly below Wang et al.s 98.0%, it

offered significant computational efficiency due to pre-trained neural networks.

Evaluation The performance of the proposed error detection and realignment meth-
ods was assessed using several datasets, comparing our results with state-of-the-art al-
gorithms: the NOSW algorithm [227], the GM algorithm [228], and the CJL algorithms
(CJL1 and CJL2) [229]. Table 3.5 summarizes the results of these comparisons across
various datasets.

To benchmark our method, we ran performance error detection on the results pro-
duced by the NOSW algorithm (denoted as the NOSW+ algorithm) and applied the pro-
posed realignment process. Since the GM and CJL algorithms were not directly available
from their authors but their datasets were provided, we applied our method and the tem-
poral HMM to these datasets and compared the accuracies [224].

The GM dataset included seven performances of two excerpts from Chopin’s piano
pieces, totaling 2,815 aligned notes. The CJL dataset comprised 21 pairs of piano MIDI
files, mostly synthetic performances, with a total of 25,656 aligned notes. Additionally,
we tested our method on a dataset of human-played performances that we prepared.

This dataset contained 50 excerpts of classical piano pieces, each played by two different
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pianists, resulting in 43,608 aligned notes. The alignment was performed from score to
MIDI for the GM and our datasets, whereas for the CJL dataset, it was MIDI-to-MIDI
alignment.

The proposed method used a time threshold (A = 0.3 s) for identifying error regions,
where regions satisfying the condition (n,,n, +n.n, +nyn,; > 0) were selected for re-
alignment, and the pairing step was applied before and after the realignment process.

The alignment error rates presented in Table 3.5 demonstrate that the realignment
method significantly improved preliminary alignment results across all datasets. Specif-
ically, for the NOSW+ algorithm, the proposed method reduced alignment errors by 47%,
corresponding to 369 aligned notes. The proposed method achieved the highest accura-
cies for all datasets.

To evaluate computational efficiency, the processing time was measured. The algo-
rithms were implemented in Python and tested on a system with a RTX 3070 GPU and 16
GB memory. For the CJL dataset, the NOSW algorithm took 10 seconds, the performance
error detection took 21 seconds, and the realignment process took 2.2 seconds. In com-
parison, the reported values for the CJL1 and GM algorithms were much more, approx-
imately 350 seconds and 5000 seconds, respectively. Although direct comparisons are
challenging due to different computational environments, the proposed method demon-
strates significant computational efficiency.

To further investigate the impact of the pairing step and conditions on error regions,
we compared the proposed method with and without these modifications in terms of ac-
curacies and processing times across mentioned datasets. The results show that these
modifications not only reduced computation time but also decreased overall alignment
errors. This suggests that realignment via the merged-output HMM can introduce align-
ment errors in certain regions, and the proposed modifications effectively mitigate these
issues.

Error visualization concerns the creation of real-time visualizations of music or spe-
cific music elements (such as melody, rhythm, and harmony) based on sensor, MIDI,

or audio data. These visualizations can serve artistic purposes or provide feedback on
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Algorithm GM data CJLdata | N2kamura, | o data
Eita data
Proposed Model 0.15+0.05 | 0.70 + 0.05 | 0.40 = 0.02 | 0.40 + 0.02
merged-output

TIMMs 0.18 + 0.08 0.79 + 0.06 0.48 + 0.03 0.48 + 0.03
GM 0.28 +0.10 | 8.07T +0.18 N/A N/A
CJL1 N/A 1.49" + 0.08 N/A N/A

NOSW+ 1.46 + 0.23 1.81 + 0.08 0.64 + 0.04 0.64 + 0.04

Table 3.5. Comparison of alignment error rates of different algorithms across various datasets

various aspects of music training [230]. Recently, there have been efforts to develop real-
time applications capable of mapping and visually displaying music [231, 232]. These
applications track selected aspects (such as note onset times or frequency spectrum) of
music production (such as singing or playing an instrument) and present them visually.
AMES application goes beyond tracking auditory output and creates a range of Graphic
annotations choreographed to the music. Based on research that suggests an external
focus of attention can enhance motor performance [233], we propose that such artistic
visualizations could help pianists direct their attention externally to both the visual and
auditory output of their performance. This could be particularly useful when preparing

for concert performances or auditions.

3.4 Task 4: Practice Exercises Generation with LLMs

Controlling harmonic progression, encompassing chords and scales is fundamental to
music generation tasks. Harmonic progression not only shapes the structural foundation
of a song but also profoundly influences its emotional tone and impact. Chords and
scales serve as the building blocks that guide the listener through the musical narrative,
making their accurate generation and manipulation crucial for achieving desired artistic
outcomes.

In this context, we present a novel, efficient method for annotating the chord and
scale progressions of MIDI files. Leveraging MusicLang [5] analysis package, this method

streamlines the annotation process, enabling rapid and precise identification of harmonic
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elements. This approach is designed to enhance the capabilities of music generation sys-
tems, facilitating more sophisticated and emotionally resonant compositions. By inte-
grating this tool into the workflow, researchers and practitioners can achieve a deeper
understanding of harmonic structures, thereby advancing the field of algorithmic piano

practice exercise generation.

3.4.1 Chord Scale Notation

Chord progression refers to both the chords and the current scale. For example, in the
key of C major, the chords are C, Dm, Em, F, G, Am, and Bdim. A progression such as C
Am Dm G can be denoted as I vi ii V in the key of C major. The main points to consider

include:

® The chord degree (I, vi, ii and V)

¢ The scale’s root note : (C)

* The scale’s mode : (major)

Other characteristics of chord progression include the chord inversion and the chord

extensions.

* The chord inversion (examples include C/E, C/G, Dm/F, G/B, or as notated in figured

bass roman numeral notation as 16, 164, ii6, V6)

* The chord extensions (such as C7, Dm(sus4), G13)

Figured bass is a type of musical notation where numbers and symbols are placed
above, below, or beside a bass note. These numbers and symbols, which often include ac-
cidentals, indicate the intervals, chords, and non-chord tones that a musician should play
on instruments like the piano, harpsichord, organ, or lute (or any other chord-capable
instruments) in relation to the bass note. Figured bass is intimately linked with basso

continuo, an historically improvised accompaniment used in nearly all genres of Baroque
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7th chords with Figured Bass

root first second third
position inversion inversion inversion

given bass line # T T ff f

with figured bass = ° —s —o — i
7 6 4 4
5 3 2

realization

figured bass symbols 7 6 4 4
used most often 5 3 2
complete figured 7 6 6 6
bass symbols 5 3 4 4
Y 3 3 3 2

Figure 3.7. Figured bass notation with roman numeral analysis.

music (circa 1600-1750), though it is rarely seen in contemporary music. This notation
system is also referred to as thoroughbass.

Other methods for representing chords include traditional staff notation, prevalent
in classical music; Roman numeral analysis, frequently used in harmonic analysis; chord
letters, sometimes found in modern musicology; the Nashville Number System; and var-
ious chord names and symbols used in jazz and popular music (e.g., C Major or just C; D
minor, Dm, or D; G7, etc.). The figured bass notation is represented in diagrams 3.7.

Identifying the chord and scale progression of a song is one of main steps in au-
tomatically generating a practice exercise based on the particular piece. However, this

task presents several challenges:

* Variation in Chord Duration: Chords can have varying durations within a

piece, necessitating the accurate identification of potential chord changes over time.

* Multiple Scale Correspondence: A single chord may correspond to several dif-

ferent scales, making the task of identifying the correct scale complex.

* Distinguishing Notes: It is essential to distinguish between passing melody

notes and chord tones in a manner that replicates human perception of harmony.
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To address the challenges posed by chord change detection and scale selection, we

propose the following simplifications:

* Single Chord per Bar Assumption: To simplify the detection of chord changes,
we assume that each bar contains only one chord. While this approximation might
overlook bars with multiple chords, it effectively emphasizes the primary chord

within each bar.

* Focus on Two Modes: We limit the potential scales for each chord degree to two
modes: the major scale (e.g., in C major: C, D, E, F, G, A, B) and the harmonic
minor scale (e.g., in C harmonic minor: C, D, Eb, F, G, Ab, B). These modes are pre-

dominantly used in figured bass notation, making them suitable for our analysis.

* Restriction to Unaltered Scale Degrees: We restrict the scale degrees to the
first seven notes of the scale without alterations. This approach deviates from
traditional Roman numeral analysis but significantly simplifies the potential scale
options for each chord. For instance, in C minor, the chord Bb major (typically
analyzed as (bVII)) is instead treated as the dominant (V) of the relative major

scale, Eb major.

These simplifications streamline the analysis process, making it more manageable

while retaining the essential characteristics of the musical structures.

3.4.2 Chord Scale Detection

We propose a robust and straightforward algorithm designed to identify the chord scale
progression within a song. The algorithm comprises the following key steps:

Step 1: Extract Chroma Vectors for Each Bar

Instead of directly inputting raw musical notes into the algorithm, we first extract the
chroma vectors for each bar. This involves determining the distribution of the notes

(i.e., the relative frequency of C, C#, D, D#, E, F, F#, G, G#, A, A#, and B) within each
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bar. Consequently, this process yields a 12-dimensional vector representing the note
distribution. Prior to this extraction, any percussive elements are removed to ensure

they do not interfere with the harmonic content analysis.

Step 2: Query the Most Probable Chord Scale

With the chroma distributions for all bars obtained, the next step is to identify the most
likely chord scales for each bar independently. This identification is performed by calcu-
lating the correlation between the chroma vectors and a pre-defined template database.
Each chord, along with its possible root position extensions, is associated with a specific
chroma vector that accentuates the notes of the chord and its corresponding scale to vary-
ing degrees. To enhance the accuracy, a prior probability is applied to each chord scale
to reflect its likelihood of occurring in a typical song. The chord scales with the highest
adjusted correlation are selected as potential candidates for each bar. This method may
yield multiple candidates per bar, especially when chroma vectors correspond closely
with multiple chord scales. For example, a chroma vector resembling that of a C major
chord in a C major scale may also be similar to a C major chord in an F major scale,
particularly if the bar lacks distinguishing notes like B or Bb. This technique provides a

robust estimate of the possible chord scales.

Step 3: Extract Maximum Probability Sequence

Once a list of candidate chord scales for each bar is compiled, the goal is to determine
the most probable sequence of these chord scales across the entire song. This problem
is redefined as a Sequence Alignment or Edit Distance problem and is addressed using
a dynamic programming algorithm. The primary objective is to minimize the number of
modulations or changes in scale. Sequences with fewer modulations, such as a transition
from i/C major to ii/C major, are generally more probable than those with more drastic
changes, like i/C major to i/D minor. A notable feature of this approach is the treatment
of changes to relative majors or minors as non-modulations due to their shared notes

and frequent occurrence within the same piece. This nuanced calculation allows us to
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from musiclang import Score

score = Score.from_midi(’data/bach_847 .mid’)
chords = score.to_romanntext_chord_list ()
print(chords)

Output:

Ce, U, ’164/iv’, ’ived4’, 1, ’IVE/IIT, *vii%64/V’, ’i6/v’, ’vii%64/IV’,
16/iv’, 'vii%64/I1T, *16/1II, 7', 'vii%/IIT’, °I/IIT, 'vii%/VII’, ’ii%’, ’ii%2’,
vi2/IIl, VI, ’ii%/v’, ’i64°, ’i64’, ’i64’, ’i64’, 'V7’, ’i64’, ’'iv64/v’, 'I/V’,
TV, 'V2', ’16°, vii%/VIT’, vii%6’, 'vii%/VII, ’1i64/I1T’, ’viio’, *vii%/IIT,
T, ’ive4’, ’i64(sus2), ’'iv’, ’iv/v’, ’viio7/v’, *vi/III’, 'V43’, ’i64(sus4)’,
'11%6°, ’164°, "VA43/IIT’, I/IIT, 'vii%/IIT, vi/IIT, "V65/IIT, ’ii%7/v’, ’i6/v’,
vii%65/1V’, ’iv64/v’, 'V65/VITL’, 'ii%7T’, ’1i%2/iii’, /11T, *I/IIT, *vii%7/11T,
’164°, ’'164(sus4)’, ’'i64°, ’V164’, 1, "ii%7T’, ’164/T’)

Table 3.6. Chord progression, bar by bar, of a MIDI file presented in the standard Roman numeral
notation.
efficiently solve for the sequence that minimizes modulations while aligning closely with

the identified chord scale templates.

Step 4: Determine the Inversion (Bass Note)

The final step of this analysis involves determining the inversion of each chord by iden-
tifying the bass note within each bar. This is accomplished through a simple algorithm
that finds the lowest note within the bar that belongs to the chord and labels the chord’s
inversion based on this note. For instance, if the lowest note in a C major chord is a G, the
chord is labeled as C6/4 (second inversion). This step ensures a complete and accurate
representation of the chord progression, including its harmonic structure.

Chord progression, bar by bar, of a MIDI file presented in the standard Roman
numeral notation is shown in table 3.6. If you don’t care about the scale, you can also

display the chords in the standard notation:

3.4.3 Evaluation

To evaluate the performance of LLM models, we constructed a validation set comprising

1000 classic songs, none of which were used during the training phase. For testing, we
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from musiclang import Score

score = Score.from_midi(’data/bach_847 .mid’)
chords = score.to_chord_repr ()

print(chords)

Output:

Cm Fm/C Fm/C Cm AbM/C F#dim/C Gm/Bb Edim/Bb Fm/Ab Ddim/Ab
EbM/G Cm Ddim EbM Ab Cm7/Bb AbM Adim Cm/G Cm/G Cm/G G7
Cm/G CM Gm G7/F Cm/Eb Adim Bdim Cm G Cm/Eb Adim Bdim/D
Fm/C Bdim Ddim CM Fm/C Csus2/G Fm Cm F#o0 Cm G7/D Csus4/G
Ddim/F Cm/G Bb7/F EbM Ddim Cm Bb7/D Am7b5 Cm/G Gm/G G7/A
Dm7b5 Fm7b5/Eb Fm EbM Dm7b5 Cm/G Csus4/G Cm/G AbM/Eb Cm
Dm7b5 CM/G

Table 3.7. Chord progression, bar by bar, of a MIDI file presented in the standard ABC notation.

randomly segmented several songs into 5 to 10 sentences. The objective evaluation was
focused on measuring the similarity between the generated output and the ground-truth

samples.

3.4.4 Melody Generation

For the evaluation of melody generation, we employed the metrics proposed by Song-
MASS [234, 235], which include Pitch Distribution Similarity (PD), Duration Distri-
bution Similarity (DD), and Chord Progression Distribution Similarity (CD). To ensure
consistency, we applied post-processing to harmonize the note pitch and duration time.
Specifically, we aligned the mean pitch of both the ground truth and generated notes
through addition. For duration, we calculated the average time ratio between the gener-
ated music and the ground truth and scaled the timing accordingly. By setting the beats
per minute (bpm) to 60, we converted 1/16 second into 1/16 notes, facilitating a more
consistent comparison.

Table 3.8 summarizes the comparison of different methods for melody and chord
progression evaluation:

From the table 3.8, it is evident that MusicLang outperforms other methods in terms

of all metrics for melody and chord progression evaluation. The PD and DD values for
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MusicLang are the highest, indicating that it generates melodies with pitch and dura-
tion distributions most similar to the ground-truth samples. Additionally, MusicLang

achieves the highest CD value, suggesting superior performance in chord progression

generation.
Method Melody Chord Progression
PD(%) 1 | DD(%) 1 CD(%) 1
GPT-3.5 (OpenAl, 2022) 40.65 47.53 91.78
GPT-4 (OpenAl, 2023) 38.00 49.39 93.70
LLaMA 2 42.10 48.70 92.75
ChatMusician 45.80 50.25 90.65
MusicLang 51.87 58.19 97.56

Table 3.8. Comparison of different methods for Melody and Chord Progression evaluation
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Chapter 4

User Interface and Experience Design

In this chapter, we discuss the design of the user interface for our application. We start
by describing the requirements we set for our system. Then, we talk about the two modes
we considered for the application. Next, we explain how the notes are displayed. Finally,

we describe how we show errors in the application.

4.1 Requirements

As piano beginners often cannot rely on their hearing to detect mistakes, we have de-
veloped a system specifically designed to support them. This system aids in identifying
errors during solo practice when auditory cues might not be sufficient. Additionally, it
can serve as a valuable tool for piano teachers. The creation of such a visualization
system involves multiple distinct components.

Our system is engineered to display both the intended musical piece and the actual
performance. It provides visual cues to indicate deviations from the original composition.
A key feature is its ability to compare multiple attempts, enabling users to identify and
focus on error-prone sections of the piece. This comparison not only aids in targeted prac-
tice but also in tracking and displaying progress over time, which is crucial for sustaining
motivation.

During the course of our research, we have consistently revised and improved the
software’s design. The initial focus was on integrating traditional staff notation into the

note display. Subsequently, block and piano roll notations were incorporated. The user
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interface, too, has evolved alongside these developments. The subsequent sections will

offer a comprehensive explanation of every component of our system.

4.2 Modes

In our system, we have delineated two distinct modes: recording new performances and
analyzing performances. Upon launching the application, users have the option to se-
lect a song from the database as represented in Figure 4.1 and then choose between
“Play Mode" for practicing and recording, and “Analyze Mode" for reviewing their per-
formances. “Analyze Mode" also allows users to compare multiple recordings simultane-
ously, enabling them to track their progress.

Typically, a user would start by selecting a song they wish to practice. In “Play
Mode", they would rehearse the song at various tempos, evaluate their performance, and
eventually play at the original tempo. Once satisfied, they can save this rendition and
switch to “Analyze Mode". This mode offers insights into their current performance rela-
tive to previous attempts. The user interfaces for these two modes will be elaborated in

the following sections, providing a more detailed understanding of their functionalities.

4.2.1 Play Mode

In play mode, the user can view the selected song, play it in at different speeds, and
analyze it in detail at the end of each attempt. If the song was played in its original
tempo, it can be saved and compared with other recordings in the analysis mode. This
mode can be reached by selecting a song on the start page and clicking on the play button.

At the top of the screen there is a toolbar Figure 4.3 where various settings can be
made. Directly below it the song is displayed in the block notation (Figure 4.2). On the
right side of the UI the toolbar shows the title of the selected song. Below is a metronome
field, an information field for the current recording, the color legend as a separate field,

and a field with further options (as shown in Figure 4.3).
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Learmnasong Freeplay Tra

Learn a song

Select a song, choose your settings, and begin learning

Q Search Songs by Title or Artist + Add New

Title v Al Length Source
0 Sole Mio Eduardo Di Capua 01:40 midishare
“Tis the Month of Our Mather Louis Lambillatte 00:25 midishare
“le petit negre” Claude Debussy 0132 midishare
(CVe Ia) Luna Mezzo Mare Unknown 01:06 midishare
10 Easy Pieces, 52.39 Bela Bartok 02:25 midishare
11 Bagatelles, Op.119 Luehwig van Besthoven 0118 midishare
11 Bagatelles, Op.119 Luehwig van Beethoven 0159 midishare
12 bar blues Lessans - Blues 00:22 midishare
:jzp_zt:des in All the Minor Keys. Charles-Valentin Alkan 0417 midishare
:jzp_zt;‘des Al Charles-Valentin Alkan 04:07 midishare
12 Valses nobles, D.963 Franz Schubert 00:41 midishare
IRETE S BB e e 00:40 midishare

maman", K.265/300e

0000 021 @

o

Figure 4.1. User Interface of the play mode. Music search tool and falling note visualization.
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Figure 4.2. Music block notation

Toolbar

In the proposed system’s toolbar, functionalities are systematically categorized into sev-
eral sections. The initial button, symbolized by a musical note, serves as a navigational
tool, redirecting users to the song selection interface on the home page. Following this,
are the ‘Play’ and ‘Analyze’ buttons. The current mode is indicated by a grey highlight
on the respective button, while the alternate mode can be selected by clicking the other
button.

Subsequently, the toolbar offers a range of visualization options. The ‘Falling Notes’
feature is designed specifically for beginners who may lack foundational skills in sight-
reading and music notation. This feature has potential future applications as an aug-
mented reality tool for musicians to practice specific music scores. Another visualization,
‘Sheet Hero’, employs block notation to enhance rhythm reading experience.

In the final section of the toolbar, additional settings vary depending on the selected
visualization type and error analysis method. The first two buttons enable users to toggle
the visibility of both ground truth and live notes. The ‘Compare’ button initiates a visual
comparison between the ground truth and live notes within the note display. Following

these, the block and piano roll display options allow users to switch between displaying
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Settings Speed Hands v lization

100% ~ et @D ® Falling notes
208eM v

Track configuration

Figure 4.3. User Interface of the play mode. In the toolbar, various settings can be made, such as
changing the note display or activating compare mode, and the name of the selected song is displayed.
The main part of the view is the note display, in this case in the block notation. Below the song’s name is
the metronome, where the tempo can be adjusted and an acoustic signal can be switched on and off.
There is also the color legend, which provides information about the colors in the note display. Next
comes an information view of the currently running recording, with the option to discard or save it. At
the very bottom, there is a field in which further settings can be made.
note names or graphical notes with note heads and stems, or alternatively MIDI num-
bers. A color adjustment button is also available, which becomes active when relevant
for the visualization. This feature adjusts the color scheme for erroneous notes from red
to yellow, enhancing visibility for color-blind users. Finally, the Key Signature setting
is an invaluable tool for teachers and students, facilitating practice of the same music

piece in various intervals and key signatures, thereby enriching their understanding of

intervals and music theory. Figure 4.3 illustrates these toolbar options.

Color Legend

The color key within the note display interface illustrates the significance of different
color codings used. When displaying live notes exclusively, they are presented in blue,
with the legend labeling them as ‘Current Recording’ in a matching blue hue. In the
‘Compare Mode, a color gradient is utilized to depict the temporal discrepancies between
notes, with each color in the gradient being clearly defined in the legend. In scenarios
where discrepancies in piano roll notation are illustrated using a heat map approach,
the legend provides explanations for the three distinct colors employed. Figure 4.4 rep-

resents a visual representation of these color legend settings.
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Figure 4.4. Color Legend

4.2.2 Analyze Mode

In ‘Analyze Mode’, users have the capability to compare all saved recordings with the
ground truth. This mode allows for the selection and simultaneous display of either a
single recording or multiple recordings. While its structure mirrors that of the ‘Play

Mode’, there are a few distinct differences in its components.

Similarities and Differences with Play Mode

In the Analyze Mode, the interface features a toolbar akin to that in the Play Mode,
complete with setting buttons and the song title. A key difference is the renaming of the
“Show Live" button to “Show Recording(s)". The left side houses the note display, flanked
by sections for the color legend, recordings, and additional options. For an in-depth
description of the toolbar, color legend, and options, refer to the Play Mode section. When
selecting multiple recordings without activating the comparison tool, each recording is
distinguished by a unique color, with the color legend clarifying the association between

colors and recordings.
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Recordings

This section enumerates all recordings of the chosen song in a tabular layout, encom-
passing six columns for each recording. The first column includes a checkbox to select
a recording. Subsequent columns display the recording’s date and time. The “Missed
Notes" column quantifies the notes omitted during play, whereas the “Extra Notes" col-
umn tallies additional notes played that do not align with the ground truth. The “Actual
Speed" column compares the BPM of the ground truth with the BPM deduced from the

recording. The last column denotes the recording’s duration in seconds.

4.3 Display Types

In this section, we discuss which display types we would like to use to display the mu-
sic sheets including the modern staff notation, the block notation, and the piano roll

notation.

4.3.1 Modern Staff Notation

The inclusion of modern staff notation as a display type was a crucial aspect of our de-
sign, recognizing its widespread use among piano players for learning and performing
songs. Throughout this dissertation, this notation is also referred to as ‘classical nota-
tion’. Despite the limitations of the MIDI file format, which Ludovico (2017) highlights
as not being a notation format, we have incorporated this display type into our system.
Asillustrated in Figure 4.5, notes are rendered on the staves according to their start
times, with the stave lines functioning as a timeline. Notably, when sequential notes
within a bar have flags, these are not merged into a connecting bar. Additionally, when
recorded notes are displayed, the ground truth notes are made transparent to facilitate
differentiation between the recorded and original notes. The system also allows for the

selection of the number of bars to be displayed side by side, ranging from 1 to 4.
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Figure 4.5. The C major scale in modern staff notation.
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Figure 4.6. The C major scale in block notation.

4.3.2 Block Notation

The block notation implemented in our system draws inspiration from the ‘enhanced’
notation used by Yousician [35]. This notation can be seen as an intermediary between
classical and piano roll notations, offering a user-friendly approach for individuals who
are not yet proficient in reading standard musical notes. In this format, notes are rep-
resented as blocks positioned on the staves, aligning with where a note head would typ-
ically appear in classical notation. Each block is clearly labeled with its corresponding
note name. As an alternative to displaying note names, the blocks can also be depicted
in a form that emphasizes the duration of each note through the use of bars.

Figure 4.6 demonstrates the appearance of these block notes. They are designed in
white with a black border and are labeled with their note names on the left side. To

distinguish accidentals, apart from the sharp sign in their labels, they are colored black
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Figure 4.7. The C major scale in piano roll notation.

with white note names. When displaying recordings, the ground truth notes are fore-
grounded only by their frame and name, while the recorded notes are depicted directly

onto the staves, sans frames.

4.3.3 Piano Roll Notation

In our system, the piano roll notation is utilized, wherein notes are represented as rect-
angles. Natural notes, which are devoid of accidentals, are delineated with a black border
and feature a light-grey, nearly white, filling. In contrast, accidentals are depicted at half
the height of natural notes and are rendered entirely in black, as illustrated in 4.7. This
notation diverges from classical and block notations by not being positioned on staves,
but rather within a coordinate system.

The Y-axis of this system represents the range of pitches used in the song, displaying
only the necessary pitch range. It begins with the song’s lowest pitch at the bottom,
extending to the highest pitch at the top, encompassing all intermediate pitches. Users
have the option to label the ticks either with note names or their MIDI numbers.

On the X-axis, time is represented in seconds, with the width of each note rectangle
corresponding to its duration. Bar lines are also integrated to facilitate visual alignment
with musical bars. Initially, varying shades of grey were used to differentiate each bar.
However, to avoid interference with the color perception in error visualization, this was

replaced with a plain white background, supplemented with subtle bar lines.
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When displaying recordings alongside ground truth notes, the filling of the ground
truth notes is reduced. For instance, in the case of three recordings, the ground truth
note filling is reduced to a quarter of its normal height, with each recording’s note also
occupying a quarter of this height. The ground truth note is then drawn in the remaining
quarter, while its border remains unchanged. An exception to this is in the heat map
visualization, which will be discussed later, where ground truth notes are only outlined,

without any filling.

4.4 Error Visualization

This section outlines the various methods of error visualization developed in our study.
Our color-based approach was significantly informed by Tim Levine’s (2020) paper on
color utilization in illustrations and pertinent chapters from Claus’ (2019) "Fundamen-
tals of Data Visualization". A key consideration in our color selection was ensuring ac-

cessibility for color-blind individuals.

4.4.1 Heat Map

The heat map visualization is distinct from other types in that it consolidates all se-
lected recordings for comparison with the ground truth notes. The system evaluates
each pitch over time, assessing the frequency of its occurrence across the recordings.
This frequency is visually represented by the height of color blocks along the timeline.
Initially, we encoded frequency through the opacity of blocks, but this proved challeng-
ing in distinguishing between different colors of the same opacity, as shown in Figure
4.8. The color coding is based on the presence of a pitch in the ground truth at a given
time. Black coloration indicates the pitch aligns with the ground truth, yellow signifies
the pitch is within a threshold range but not exactly in alignment, and red is used when
the pitch is not found near the expected time. Unplayed areas in both the recording and
ground truth are left uncolored. Figure (a) shows the original heat map with opacity rep-
resenting note frequency, while Figure (b) depicts the revised heat map using bar height

for this purpose.
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(a) Old heat map visualization with opacily as (b) New heat map visualization with bar height as
representation of frequency of notes played at that  representation of frequency of notes played at that
time. time.

Figure 4.8. Heat map visualization applied to the same recordings. The diminishing volume of black in
each note indicates progressively less accurate hits for each subsequent note.
Figure 4.8 demonstrates the heat map on the first four notes of the C major scale
using six recordings. The decreasing bar heights reveal a consistent reduction where all
six recordings align with the ground truth. Additionally, there is a noticeable trend of

notes being played progressively later and held for longer durations than intended.
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Chapter 5

Data Collection and Evaluation

The purpose of the study outlined in this chapter is to evaluate the efficacy of the de-
signed piano practice application on self-regulation, motivation, and enjoyment among
beginner piano students. We conducted pilot and main studies involving music and mu-
sic education students at Auburn University, employing a mixed methods approach that

combined both quantitative and qualitative research techniques.

5.1 Research Design

This study utilized a mixed methods research approach, an important strategy that
blends qualitative and quantitative techniques. Understanding this approach is essen-
tial, and we begin with a brief overview of its foundations and how it is applied in our
research. Mixed methods represent the third major research approach, alongside quan-
titative and qualitative methods. This approach is based on the philosophy of pragma-
tism, which values multiple perspectives, positions, and both qualitative and quantita-
tive viewpoints [236].

In their analysis of 19 definitions of mixed methods research, Johnson et al. [236]
identified five key themes. First, "mixing" refers to combining qualitative and quan-
titative methods. Second, the timing of this mixing can occur during data collection,
analysis, or throughout the entire research process. Third, the research scope is broad.
Fourth, the rationale for mixing methods is considered. Finally, the orientation of the
research is discussed, whether the research question drives the method choice or the

researcher’s preferences influence the approach.
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Johnson et al. summarize mixed methods research as:

"...an intellectual and practical synthesis based on qualitative and quanti-
tative research; it is the third methodological or research paradigm (along
with qualitative and quantitative research). It recognizes the importance of
traditional quantitative and qualitative research but also offers a powerful
third paradigm choice that often will provide the most informative, complete,

balanced, and useful research results." [236, 149]

Moreover, Greene et al. [237] identify five reasons for combining quantitative and
qualitative research: triangulation, to improve validity by addressing method and in-
quirer bias; complementarity, to enhance the interpretability and meaningfulness of
findings; development, to leverage the strengths of each method; initiation, to increase
the breadth and depth of results; and expansion, to broaden the scope by using the most
appropriate methods [237].

Pragmatism is the most fitting philosophical approach for mixed methods research
because it is outcome-oriented, focusing on actions, situations, and the consequences
of inquiry. This aligns with the researcher’s goal to let the research questions guide
the methodology. According to Creswell and Poth [238], researchers with a pragmatist
worldview will "use multiple methods of data collection to best answer the research ques-
tion, employ multiple sources of data collection, focus on the practical implications of the
research, and emphasize the importance of conducting research that best addresses the
research problem" [238].

The characteristics of a pragmatist researcher are:
1. No commitment to a single system of philosophy and reality.
2. Freedom of choice regarding methods, techniques, and procedures.

3. Utilization of multiple approaches to data collection and analysis, rejecting the

notion of a single best method.

4. Belief that truth is what works at the moment.
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5. Research driven by practical questions of "what" and "how," with a focus on the

consequences.

6. Understanding that research takes place within social, historical, political, and

other contexts.

5.2 Procedures

This mixed methods study employed the design described by [239], wherein both qualita-
tive and quantitative data were collected within a similar timeframe. The data were an-
alyzed separately and then compared at the conclusion of the analysis. This design was
particularly suitable given the simultaneous data collection, initially gathering qualita-
tive data through questionnaires followed by quantitative data from a smaller sample.
Integration of the qualitative and quantitative data was achieved by merging the
two datasets for comprehensive analysis and comparison. The findings were presented
using a narrative approach, which involves reporting both qualitative and quantitative
results within a single report or a series of reports. Specifically, a weaving approach was
employed, wherein the findings were organized based on emerging themes or concepts.

The full data analysis plan is detailed in Table 5.1.

5.3 Quantitative Data Collection

Before obtaining IRB approval, we sought permission to work with students from the
Auburn University piano studio, as well as those studying music and music education.
Quantitative data were gathered using survey instruments administered via Qualtrics.
The Prior Experience Survey collected baseline data on students’ use of music-related
technology, interaction with personal devices, self-regulation strategies, and levels of
motivation. Following the intervention, the usability testing survey aimed to measure

the effectiveness of the designed application for this research.
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Table 5.1. Research Questions and Analyses

Research Question

Individual Vari-
ables

Analysis

1. What music practice applications do students
use in their daily practice?

Prior Experience
Survey Question-
naire Table 5.2:
questions 5-7, 19,
and 20

Frequencies
Descriptive
Statistics

2. In what ways do students interact with their
devices during their practice time?

Prior Experience
Survey Question-
naire Table 5.2:
questions 20-21

Frequencies
Descriptive
Statistics

2.1 What is the relationship between how stu-
dents interact with their device and their per-
ceived success on piano/keyboard, their enjoy-
ment of practicing, and/or their perceived focus
while practicing?

Prior Experience
Survey Question-
naire Table 5.2:
question 21

Frequencies
Descriptive
Statistics,
Spearman’s
Rho, Cross
Tabulation

3. What are the methods in which students em-
ploy self-regulation strategies to remain focused
in their practice?

Prior Experience
Survey Question-
naire Table 5.2:
questions  8-12,

22, and 23

Frequencies
Descriptive
Statistics

3.1 What are the characteristics of a personal-
ized application, and how personalized is the
music application designed for this dissertation?

Usability testing
Table 5.3 open-
ended questions
18-25

Qualitative:
Content
Analysis

4. How do students feel about their levels of mo-
tivation while practicing?

Prior Experience
Survey Question-
naire Table 5.2:
question 24

Frequencies,
Descriptive
Statistics

4.1 What is the relationship between how much
the students enjoy practicing and how technol-
ogy guides students while practicing?

Prior Experience
Survey Question-
naire Table 5.2:
question 24

Descriptive
Statistics,
Spearman’s
Rho

The data were analyzed using the Statistical Package for the Social Sciences (SPSS)

toward technology in their learning processes.

software. Descriptive analyses summarized key demographic and practice-related char-
acteristics of the participants, and frequencies were calculated to understand the dis-
tribution of responses for each survey item. Additionally, Spearman’s rho assessed cor-
relations between ordinal variables. This thorough analysis provided a comprehensive

understanding of the intervention’s impact on students’ musical practices and attitudes

There were no known risks to participants who completed the survey.

92




5.4 Prior Experience Survey Instrument

A survey was designed using Qualtrics to align with the research focus and questions,
titled "PianoMentor: Technology Use in Keyboard Practicing: A Mixed-Methods Study."
The Prior Experience Survey comprised five sections: Demographics, frequency of music
technology use, types of music technology used, self-regulation and music practice, and
goal setting and motivation. It was distributed to music and music education students
at Auburn University. The survey was intentionally crafted to be easily comprehensible
and limited to 24 questions to maintain participant focus and minimize measurement
error.

The survey included multiple-choice questions, Yes/No responses, and two types of
Likert-type scales: 1 (Yes) to 4 (No) and 1 (Always) to 5 (Never). The Demographics sec-
tion gathered information on age, gender, ethnicity, and the duration of time spent on
their instrument. The second section assessed whether students kept a personal device
during practice and how often they used different types of technology during practice.
The third section addressed the types of music-related technology students use and their
attitudes towards music technology as a practice aid. The fourth section explored stu-
dents’ ability to manage distractions from cell phones or tablets. The final section focused

on performance goals and motivational interest in instrument practice.

Table 5.2. Prior Experience Survey Questionnaire

Part 1: Demographics

Q1. What is your age? (Fill in)

Q2. How many years have you played the Piano/Keyboard? (Select range)
Q3. What is your gender assigned at birth?

- Male

- Female

- I prefer not to respond.

Continued on next page
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Table 5.2 — continued from previous page

Part 1: Demographics

Q4. What is your ethnicity?

- Asian

- Black/ African

- Caucasian

- Hispanic/ Latinx

- Native American/ American Indian
- Pacific Islander

- I prefer not to respond.

Frequency of Music Technology Use

Q5. Do you use music apps or tech for practice? (Yes/No)

Q6. Hours per week using music tech for practice (Select range)

Types of Music Technology Used

Q7. Select the music apps/tech you use MOST often (Select all that apply from
list)

Q7_other. Other music apps/tech used (free response)

Self-Regulation and Music Practice

Q8. I follow a routine for my practice sessions (Likert scale 1-5)

Q9. I have strategies to stay focused during practice (Likert scale 1-5)
Q10. I assess my own playing and progress (Likert scale 1-5)

Q11. I am consistent with my practice routine (Likert scale 1-5)

Q12. What affects your practice consistency? (Free response)

Goal Setting and Motivation

Q13. How often do you set specific practice goals? (Likert scale 1-5)

Continued on next page
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Table 5.2 — continued from previous page

Part 1: Demographics

Q14. I feel motivated to achieve my practice goals (Likert scale 1-5)
Q15. Does technology help you achieve your practice goals? (Free response)
(How?)

Q16. What types of practice goals do you set? (Free response)

Q17. Do you keep your personal device with you when you practice?

- Always

- Most of the time

- Sometimes

- Never

Q18. How often do you use music technology when you practice?

- Always

- Most of the time

- Sometimes

- Never

Q19. Which of the following music apps/tools/programs do you use while
practicing? (Select all that apply)

Q20. Of the music technology listed below, which do you use the most?
Q21. Please select the response that most accurately describes your use of
music technology:

- helps me improve on my instrument.

- helps improve my overall musicianship.

- allows me to enjoy practicing my instrument more.

- helps me to stay more focused while I practice.

Q22_a. I keep my device on "Do Not Disturb," "Silent," or "Airplane Mode"

when I practice. (Yes, Mostly Yes, Mostly No, No)

Continued on next page
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Table 5.2 — continued from previous page

Part 1: Demographics

Q22_b. I use my personal device to keep up with my practice time. (Yes, Mostly
Yes, Mostly No, No)

Q23_a. I take breaks from practicing to check for text messages and phone
calls on my device. (Yes, No)

Q23_b. I take breaks from practicing to check my social media notifications
(TikTok, Instagram, Snapchat, etc.) on my device. (Yes, No)

Q23_c. I take breaks from practicing to play games on my device. (Yes, No)

Goal Setting and Motivation

Q24_a. I set goals for myself when I practice.
- Always

- Sometimes

- Never

Q24_b. I enjoy practicing my instrument.

- Always

- Sometimes

- Never

Q24 _c. I feel motivated to practice my instrument.
- Always

- Sometimes

- Never

5.5 Quantitative Data Analysis

Survey responses were downloaded from Qualtrics and imported into SPSS software

for data analysis. Descriptive statistics, primarily frequencies and percentages, were
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utilized to obtain a clear understanding of participant responses. Frequencies and per-
centages were calculated for Research Question 1 (What music practice applications do
students use in their daily practice?).

For Research Questions 2 (In what ways do students interact with their personal de-
vice during their practice time?) and 2.1 (What is the relationship between how students
interact with their device and their perceived success on piano/keyboard, their enjoy-
ment of practicing, and/or their perceived focus while practicing?), frequencies and per-
centages were also calculated. A Spearman’s Rho correlation coefficient was then used
to explore the relationship between technology use, musicianship, and practice time.

Frequencies and percentages were calculated for Research Questions 3 (In what
ways do students employ self-regulation strategies to remain focused in their practice
while using technology?) and 3.1 (What are the characteristics of a personalized applica-
tion and how personalized is the music application designed for this dissertation?).

Additionally, for Research Question 4.1 (Is there a relationship between how much
students enjoy practicing and the number of times they feel unmotivated while prac-
ticing?), frequencies, descriptive statistics, and a Spearman’s Rho correlation coefficient
were used to examine the relationship between enjoyment of practice and frequency of

feeling unmotivated.

5.6 Usability Testing Data Collection and Analysis

Qualitative data was collected to gain deeper insights into the participants’ experiences
and perceptions of using the designed piano practice application. This data was gathered
through a series of open-ended questions and Likert scale items included in the post-
survey instrument administered via Qualtrics. The survey questions aimed to capture
detailed responses regarding the impact of the application on practice habits, goal setting
and motivation, technology usage, self-regulation, and overall app evaluation. Table 5.3
represents the questions related to the usability testing of PianoMentor, the designed

application for this research.
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5.6.1 Practice Habits

Participants were asked about the impact of the application on their practice routines,
focus, self-assessment, and consistency. Responses were analyzed to identify common
themes. Many participants agreed that the application helped their practice routine (Q1)
and assisted in maintaining focus during practice sessions (Q2). For example, one par-
ticipant noted, "The application helped me stay on track and focus on my weak points,"
highlighting the application’s role in improving practice quality. Additionally, responses
to the open-ended question (Q5) about specific features improving practice consistency
revealed that tools such as practice timers and progress trackers were particularly ben-

eficial.

5.6.2 Goal Setting and Motivation

Questions related to goal setting and motivation (Q6-Q9) provided insights into how fre-
quently participants set practice goals and their motivation levels while using the appli-
cation. Participants reported varying frequencies of goal setting, with some setting goals
consistently while others did so occasionally. Many participants agreed that the appli-
cation motivated them to achieve their practice goals (Q7). For example, a participant
mentioned, "The goal-setting feature kept me motivated and gave me a clear direction,"

emphasizing the motivational impact of the application.

5.6.3 Technology Usage

Participants’ usage of personal devices and music technology features within the appli-
cation was explored through questions Q10-Q15. Most participants reported frequently
using the application’s music technology features (Q10). The open-ended responses (Q12-
Q15) highlighted how these features contributed to their improvement, focus, and enjoy-
ment of practice sessions. For instance, one participant stated, "The playback feature
allowed me to hear my mistakes and correct them," illustrating the practical benefits of

the application’s technology.
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5.6.4 Self-Regulation and Music Practice

Questions Q16-Q18 focused on self-regulation and the enjoyment of practicing with the
application. Many participants reported setting goals regularly (Q16) and enjoying their
practice sessions more while using the application (Q17). The Likert scale responses
indicated that the application contributed significantly to their motivation to practice

(Q18), with participants appreciating the structure and feedback it provided.

5.6.5 App Evaluation

The final set of questions (Q18-Q25) assessed the usability and overall impact of the ap-
plication. Participants rated various aspects such as ease of use, focus, self-assessment
assistance, consistency, and overall satisfaction (Q19). Open-ended questions (Q19-Q25)
solicited feedback on useful features, confusing aspects, areas for improvement, and inte-
gration with teacher guidance. Participants generally expressed positive feedback, not-
ing that the application’s intuitive design and helpful features enhanced their practice
experience. Suggestions for improvement included adding more customizable options

and integrating teacher feedback capabilities.

Table 5.3. Survey Questions and Response Options

Part | Question Response Options

1 1. The application helped my practice routine. * Strongly Disagree
* Disagree

* Neutral

* Agree

* Strongly Agree
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Part | Question Response Options
2. Did the application help you stay focused dur-
1 * Strongly Disagree
ing practice sessions?
* Disagree
* Neutral
* Agree
* Strongly Agree
3. The application assists you in assessing your
1 ¢ Strongly Disagree
own playing and progress.
* Disagree
* Neutral
* Agree
* Strongly Agree
4. The application helped me maintain consis-
1 * Strongly Disagree
tency in my practice sessions.
* Disagree
* Neutral
* Agree
* Strongly Agree
5. What specific features of the application im-
1 open-ended
proved your practice consistency?
6. How frequently did you set specific practice
2 Always - Never
goals using the application?
7. Were you motivated to achieve your practice
2 ¢ Strongly Disagree

goals while using the application?

* Disagree
* Neutral
* Agree

* Strongly Agree
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Part | Question Response Options
8. In what ways did the application contribute to
2 open-ended
your motivation to achieve practice goals?
9. What types of practice goals did you find most
2 open-ended
conducive to achieving with the application?
10. How often did you use music technology fea-
3 * Always
tures within the application during practice?
* Most of the time
* Sometimes
* Never
11. How did the music technology features within
3 the application contribute to your improvement on | open-ended
your instrument?
12. Did using the application’s music technology
3 open-ended
features enhance your overall musicianship?
13. To what extent did using the application’s mu-
3 sic technology features help you enjoy practicing | open-ended
your instrument more?
14. How did using the application’s music technol-
3 open-ended
ogy features impact your focus during practice?
15. How often did you set goals for yourself when
4 * Always
using the application for practice?
* Sometimes
* Never
16. How much did you enjoy practicing your in-
4 Likert scale 1-5
strument while using the application?
17. To what extent did the application contribute
4 Likert scale 1-5

to your motivation to practice your instrument?
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Part | Question Response Options
18. On a scale of 1 to 5, rate the following aspects
5 of the application’s usability during your practice | ® Ease of use
sessions: ¢ Ability to stay focused
* Assistance in self-assessment
* Contribution to consistency
* Overall satisfaction
19. Which features of the application did you find
5 open-ended
most useful for your music practice, and why?
20. What aspects of the application were confus-
5 open-ended
ing or need improvement?
21. How did the application impact your focus and
5 consistency during practice sessions compared to | open-ended
your usual routine?
22. How could the application be improved to bet-
5 open-ended
ter support your self-directed learning?
23. Did the application help you achieve your
5 open-ended
practice goals? Please explain.
24. Would you want the application integrated
5 open-ended
with your teacher’s guidance? How so?
25. Do you have any other suggestions to improve
5 open-ended

the application experience?

5.7 Population and Sample

The target population for this study comprised undergraduate and graduate music and

music education students at Auburn University. This specific population was selected

due to their extensive knowledge and experience with musical instruments, practice
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techniques, self-regulation, and time management skills. Their advanced expertise in

these areas made them particularly suitable for the research objectives of this study.

5.8 Validity and Reliability

An extensive literature review was conducted prior to developing the survey to enhance
understanding of existing research and applications. Content validity was strengthened
by integrating insights from the literature review into the survey questions [240]. Ex-
pert feedback was solicited using the Delphi method to further ensure content and face
validity. Experts provided analysis on the clarity of terminology, language, and poten-
tial technological barriers, leading to modifications in the survey questions to improve
understanding.

In qualitative research, validity is often synonymous with "trustworthiness," which
denotes the quality and rigor of a study. Validity criteria are based on four pillars:
credibility, transferability, dependability, and confirmability. Credibility was established
through my experience as a former piano teacher and my understanding of student inter-
actions and experiences in this environment. Transferability was ensured by comparing
quantitative survey data with qualitative interview data, demonstrating how the quali-
tative findings can be applicable to broader contexts while maintaining context-specific
richness, despite not being generalizable [241]. Dependability was achieved through the
Delphi method and thematic analysis, along with maintaining a methods journal to align
survey questions with the research objectives.

Bracketing, defined as setting aside "existential assumptions made in everyday life
and in the sciences" [242], was employed to maintain neutrality while acknowledging
personal biases and prejudices [241].

To address the first research question, a mixed-methods approach will be used to
compare the proposed protocol to existing methods regarding usability, accuracy, and ef-
ficiency. A randomized sample size of 14 participants, selected from graduate and under-
graduate music students interested in the pilot study, was conducted. Both quantitative

and qualitative data were collected through surveys, observations, and usability testing
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questionnaires. The study compared the accuracy and efficiency of the proposed techno-
logical framework to existing methods by analyzing pre- and post-test data. Additionally,

participants’ satisfaction and engagement levels with both methods were compared.
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Chapter 6

Results

This study was designed to learn how students use and interact with technology while
practicing their piano/ keyboards, and in much broader terms, to understand students’
abilities to self-regulate their practice and learning specifically regarding the use of the
designed piano application. We implemented a convergent mixed methods design in the
execution of this research. Quantitative data were collected via the use of an online
survey. Qualitative data were collected through Zoom sessions. All participants in this
study were students in music and music education at Auburn University. A total of 23
students participated in the study. After screening, 14 responses in the Prior Experience
Survey were found to be complete and valid, and 17 responses in the usability testing of
the designed application were deemed valid. Due to the small sample size and nature of
the dataset, generalizing the significant results was impossible. We used the following
questions to guide both the design of the survey and the structure of the usability testing

questionnaire:

* 1. What music practice applications do students use in their daily practice?

¢ 2. In what ways do students interact with their personal device during their prac-

tice time?

e 2.1. What is the relationship between how students interact with their device and
their perceived success on piano/keyboard, their enjoyment of practicing, and/or

their perceived focus while practicing?
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— Null Hypothesis (H,): Students who use their personal devices for struc-
tured practice do not report higher perceived success and enjoyment compared

to those who use their devices for unstructured activities.
— To test this hypothesis, you would need to collect data on:

* Type of device use: Structured practice vs. unstructured activities.
* Perceived success: How successful students feel in their practice sessions.

* Enjoyment: How much students enjoy their practice sessions.

¢ 3. What are the methods in which students employ self-regulation strategies to

remain focused in their practice?

— Null Hypothesis (H,): There is no significant (p > .05) correlation between
the use of practice-specific apps and the students’ perceived focus during their

practice sessions.
— To test this hypothesis, you would need to collect data on:
* Use of practice-specific apps: Whether and how often students use apps
designed specifically for practice.
* Perceived focus: How focused students feel during their practice sessions.
— Null Hypothesis (H,): Students who use technology to monitor their prac-

tice progress do not exhibit higher levels of self-regulation and practice focus

compared to those who do not use such technology.
— To test this hypothesis, you would need to collect data on:

* Use of technology to monitor practice progress: Whether and how stu-

dents use technology to track their practice time, set reminders, etc.

* Levels of self-regulation: How well students manage and regulate their

practice habits.

* Practice focus: How focused students are during their practice sessions.
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* 4. How do students feel about their levels of motivation while practicing?

— Null Hypothesis (H,): Students who incorporate a variety of technological
tools into their practice routine do not report higher levels of motivation com-

pared to those who rely solely on traditional methods.
— To test this hypothesis, you would need to collect data on:

* Use of technological tools: Whether students use a variety of technological
tools in their practice routines or rely on traditional methods.
* Levels of motivation: How motivated students feel during their practice

sessions.

* 4.1 What is the relationship between how much the students enjoy practicing and

how technology guides students while practicing?

6.1 Quantitative Survey Data

Twenty-three consent forms were obtained from the potential participants. After a thor-
ough review, it was determined that fourteen of the responses to the Prior Experience
Survey were fully completed with all the requisite information, and seventeen partici-
pants fully completed the usability testing survey. The following sections present the
details of the students who participated in the study and a demographic breakdown of

the participants.

6.1.1 Survey Section 1: Student Demographics

The survey was distributed to all students who consented to participate, totaling 14
individuals. For clarity and to provide a comprehensive overview of the results, all par-
ticipants were included in the quantitative data analysis. The demographic details are
presented in Table 6.1. The highest percentage of responses (73%) came from students
aged 18 to 23 years. The majority of respondents identified as White (71.4%), followed by
Asian (21.4%). It is noteworthy that a significant portion of participants (64.3%) reported

having over six years of experience with their instrument.
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Characteristic n| %
Grade
Age (in years)
18 2 | 14.3
19 2 | 14.3
20 3 214
21 1] 71
22 1] 71
23 2 | 14.3
29 1|71
31 1|71
40 1|71
Ethnicity
White 10 | 714
African/Black 1] 71
American
Asian American 3 | 214
I prefer not to answer | 0 0
Other 0 0
Arab American 0| 0.0
Indigenous 0| 0.0
LatinX 0| 0.0
More than one 0| 00
ethnicity
Years Playing Piano
Less than 1 year 1] 71
1-2 years 3 | 214
3-5 years 1|71
6 years or more 9 | 64.3

Table 6.1. Demographic Breakdown of Participants

Following the demographics section, a question was included to determine whether
students would proceed with the remainder of the survey. The students were asked,
"Do you use a personal device while practicing?" Personal devices were defined as cell
phones, tablets, iPads, Chromebooks, or laptops. Participants who selected "no" were
directed to the end of the survey. All participants (n = 14, M = 1.00, Mode = 1.00, SD =

0.00) responded "yes" to this question.
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How many hours per week do you use music technology for practice (Select range)

Mean = 4
Std. Dev. = 2.219
N=14

Frequency

] 2 4 6 8 10

How many hours per week do rou use music technology for practice
(Select range)

Figure 6.1. Hours per week for practice

6.1.2 Survey Section 2: Frequency of Music Technology Use

Section 2 of the survey determined how often students incorporated music technology in
their practice. The survey defined music technology as a metronome, tuner, SmartMusic,
a drone or sustained note, recordings of music or other musicians, or websites such as
YouTube, Sight Reading Factory or MusicTheory.net. This question required a yes/no
response. The majority of the students (77.8%) answered “yes” (M = 1.21, SD = .42).
Then students were asked how often they incorporated music technology into their daily
practice. More than half of the participants (M = 4, SD = 2.219) said they incorporated

music technology most of the time. Figure 6.1 and Table 6.2 illustrate their responses.

Hours per week for practice n| %
(Select range)

0-1 hours 4 | 28.6
2-3 hours 31214
4-5 hours 4 | 28.6
6-10 hours 21 14.3
16-20 hours 1] 7.1

Table 6.2. Weekly Hours Using Music Technology for Practice
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6.1.3 Survey Section 3: Types of Music Technology Used

Section 3 of the survey was designed to investigate the types of music technology most
frequently utilized by piano students during their practice sessions. Specifically, the
goal was to identify the practice applications most commonly employed by the students.
The findings revealed that the majority of students use technology primarily for finding
sheet music, metronomes, tuners, and composition tools. Notably, only two participants
mentioned using piano practice applications, which were predominantly for tracking and
recording purposes. Consequently, the use of piano practice applications for assessment
and self-regulation of practice exercises appears to be limited. This indicates a need for
open-source applications, such as the one designed in this research, to be accessible to
students to aid in the self-regulation of their practice routines.

Participants were asked to select all forms of music technology they incorporate into
their practice. The options provided included: metronome, tuner, SmartMusic, drone,
video player, recording devices or applications, music reading websites, use of recordings
for listening, none, and other. The responses were coded, and the "Count Values Within
Cases" procedure in SPSS was utilized to determine the number of options selected by

each participant. The findings are presented in Table 6.3.

What music technology n| %
do you use the most?

Metronome 10 | 714
Video Players 2 | 14.3
Tuner 1|71
Recording Devices 0| 0.0
Music Reading Websites 0 | 0.0
SmartMusic 0 | 0.0
Drone 0| 0.0
Other 1] 71

Table 6.3. Usage of Different Music Technologies by Piano Students (n = 14)

Furthermore, students were asked to identify the type of music technology they used
most frequently. A significant majority (57.1%) reported using a metronome most often.

Participants who selected "other" provided the following responses: "timer," "tracker,"
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"non

"Soundbrenner," "Total energy (tuner, metronome, recording)," "andante (practice log),"
"Pro Metronome," "IMSLP," "MetroTimer," and "Tonic (practice log)."

The subsequent section of the survey was designed to gather participants’ percep-
tions of how technology aids in the development of their practice and musicianship. Par-
ticipants were asked if they believed that technology had helped them improve on their
instrument. The results were positive, with 42.9% (n = 6) responding "yes" and 57.1%
(n = 8) responding "mostly yes." Additionally, half of the participants (n = 7) answered
"yes," and the other half answered "mostly yes" to whether they felt music technology

had improved their overall musicianship. The full results for this section are displayed

in Table 6.4.
Prompt n| %
Music technology helps me improve on
my instrument.
Yes 6 | 429
Mostly yes 8 | 57.1
Mostly no 0| 0.0
No 0| 0.0
Music technology helps me improve my
overall musicianship.
Yes 7 | 50.0
Mostly yes 7 | 50.0
Music technology helps me enjoy
practice more.
Yes 6 | 429
Mostly yes 5| 35.7
Mostly no 2| 14.3
No 1|71
Music technology helps me stay
focused.
Mostly yes 6 | 42.9
Yes 5| 35.7
Mostly no 2| 14.3
No 1|71

Table 6.4. Participants’ Perceptions of Music Technology
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Figure 6.2 presents Spearman’s rho correlation coefficients between different state-
ments regarding the use of music technology and its perceived benefits by the partici-
pants. The correlations are evaluated to understand the relationships between different

aspects of music technology use and its impact on practice.

Improvement on Instrument and Overall Musicianship
* Correlation Coefficient: 0.825%*
* Significance (2-tailed): < 0.001
* N:14

¢ Interpretation: There is a strong, positive, and statistically significant correla-
tion (r =0.825, p < 0.001) between participants feeling that using music technology
helps them improve on their instrument and improves their overall musicianship.
This indicates that those who believe technology aids their instrumental improve-

ment also strongly believe it enhances their overall musicianship.

Improvement on Instrument and Enjoyment of Practice

Correlation Coefficient: 0.405

Significance (2-tailed): 0.151

e N:14

Interpretation: There is a moderate positive correlation (r = 0.405) between the
perception of improvement on the instrument and enjoyment of practice. However,
this correlation is not statistically significant (p = 0.151), suggesting that the per-
ceived improvement on the instrument might not be strongly linked to increased

enjoyment of practice among the participants.

Improvement on Instrument and Focus during Practice

¢ Correlation Coefficient: 0.130
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¢ Significance (2-tailed): 0.657

e N:14

¢ Interpretation: There is a weak positive correlation (r = 0.130) between the per-
ception of improvement on the instrument and staying focused during practice.
This correlation is not statistically significant (p = 0.657), indicating a negligible
relationship between these variables.

Overall Musicianship and Enjoyment of Practice

¢ Correlation Coefficient: 0.163

* Significance (2-tailed): 0.577

* N:14

* Interpretation: There is a weak positive correlation (r = 0.163) between the per-
ception of improved overall musicianship and enjoyment of practice. This correla-
tion is not statistically significant (p = 0.577), suggesting a minimal relationship

between these variables.

Overall Musicianship and Focus during Practice

¢ Correlation Coefficient: 0.001

e Significance (2-tailed): 0.997

e N:14

¢ Interpretation: There is an extremely weak correlation (r = 0.001) between the
perception of improved overall musicianship and staying focused during practice.
This correlation is not statistically significant (p = 0.997), indicating no meaningful

relationship between these variables.
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Correlations

improve on my overall enjoyment
instrument. musicianship. level

Spearman's rho  overall musicianship. Correlation Coefficient 825"
Sig. (2-tailed) <001
N 14
enjoyment level Correlation Coefficient 405 163
Sig. (2-tailed) 151 577
N 14 14
focus level Correlation Coefficient 130 .001 .002
Sig. (2-tailed) 657 .997 993
N 14 14 14

** Correlation is significant at the 0.01 level (2-tailed).

Figure 6.2. Correlation Table for the Use of Music Technology and Its Perceived Benefits

Enjoyment of Practice and Focus during Practice

¢ Correlation Coefficient: 0.002
* Significance (2-tailed): 0.993
e N:14

* Interpretation: There is an extremely weak correlation (r = 0.002) between the
perception of enjoyment of practice and staying focused during practice. This cor-
relation is not statistically significant (p = 0.993), indicating no meaningful rela-

tionship between these variables.

The most notable finding is the strong and statistically significant correlation be-
tween the perception that music technology helps improve instrument skills and overall
musicianship. Other correlations, such as those related to enjoyment of practice and
focus, show weak and statistically insignificant relationships. This suggests that while
music technology is perceived as beneficial for skill improvement, its impact on enjoy-

ment and focus is less clear among the participants.

6.1.4 Survey Section 4: Self-Regulation and Music Practice

The questions in Section 4 focused on self-regulation and student practice time, specifi-

cally in relation to the use of music technology. A significant portion of students (35.7%)
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indicated that they do not place their phone on “silent,” “do not disturb,” or “airplane
mode” while practicing. Conversely, a majority of the students (42.9%) reported using
their personal device to track their practice time (M = 2.67, SD = 1.23). Notably, only
28.6% of participants (n = 4) indicated that they do not use their device for this purpose

(M = 2.15, SD = 1.22). The complete set of responses is presented in Table 6.5.

Prompt n| %
I keep my device on “Do Not Disturb,” “Silent,”

or “Airplane Mode” while I practice.

No 5| 35.7
Yes 31214
Mostly yes 4 | 28.6
Mostly no 2| 14.3
I use my personal device to track my practice

time.

Yes 6 | 42.9
No 4 | 28.6
Mostly yes 21143
Mostly no 21143

Table 6.5. Participants’ Practices with Personal Devices

We asked the participants specifically about their use of their personal devices dur-
ing practicing to answer a phone call (M = 2.29, SD = .65), respond to a text (M = 2.08,
SD =.71), use Snapchat (M = 2.92, SD = .28), use TikTok (M= 2.85, SD = .36), use Insta-
gram (M = 2.92, SD = .28) or Facebook (M = 3.00, SD = 0.00). Table 6.6 shows the full

responses to personal device use while practicing.

6.1.5 Survey Section 5: Goal Setting and Motivation

The final research question sought to determine if there was a relationship between how
much the students enjoyed practicing and the number of times they felt unmotivated
while practicing.

The results of the survey indicate that out of the 14 students who responded to
the questions pertaining to goal-setting and motivation, 100.0% of the participants re-
sponded that they either “always” or “sometimes” set goals for their practice (M = 1.54,

SD = .50), 100.0% stated that they either “always” or “sometimes” enjoyed practicing
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Device Activity n %
Answer a phone call

Sometimes 7 | 50.0
Never 5 | 35.7
Always 2 | 143
Check and/or respond to a text

Sometimes 7 | 50.0
Never 4 | 28.6
Always 3 | 214
Open Snapchat

Never 12 | 85.7
Sometimes 2 | 14.3
Always 0 0.0
Open TikTok

Never 12 | 85.7
Sometimes 2 | 14.3
Always 0 0.0
Open Instagram

Never 12 | 85.7
Sometimes 2 | 14.3
Always 0 0.0
Open Facebook

Never 14 | 100.0
Sometimes 0 0.0
Always 0 0.0

Table 6.6. Participants’ Device Activities While Practicing

their instrument (M =1.31, SD = .49) and only one participant (2.1%) expressed never

feeling motivated to practice (M = 1.58, SD = .54). Table 6.7 shows the full responses.

Statements n| %
I set goals for myself when I practice.

Always 8 | 57.1
Sometimes 6 | 42.9
Never 0| 0.0
I enjoy practicing my instrument.

Always 9 | 64.3
Sometimes 5| 35.7
Never 0] 0.0
I feel motivated to practice my instrument.

Sometimes 8 | 57.1
Always 5 | 35.7
Never 1] 7.1

Table 6.7. Participants’ Responses to Practice-Related Statements
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Correlations

| set goals for I enjoy
myselfwhen | practicing my
practice instrument
Spearman’s rho | enjoy practicing my Correlation Coefiicient -.023
Instrument Sig. (2-tailed) 939
N 14
| feel motivated to practice Correlation Coefficient 061 528
my instrument. Sig. (2-tailed) 837 016
N 14 14

* Correlation is significant at the 0.05 level (2-tailed).

Figure 6.3. Correlation Between Enjoyment and Motivation to Practice

We ran a Spearman’s rho correlation on participants’ enjoyment of practice and their
feelings on being motivated to practice. We found a moderate correlation between the
two variables (r = .628, p < .05). Figure 6.3 shows Spearman’s rho correlation analysis

results.

6.2 Organization

The findings presented in this section are organized by emergent themes. In general,
four main themes surfaced: (a) Practice Habits, (b) Goal Setting and Motivation, (c)
Technology Usage, and (d) Self-Regulation and Music Practice. In some cases, a large
idea or theme was divided into multiple sub-categories for better organization of data.

Participant quotes are used throughout to support each of the themes.

6.2.1 Practice Habits

Table 6.4 presents Spearman’s rho correlation coefficients between different statements
regarding the use of our designed application and its perceived benefits by the partici-
pants. The correlations are evaluated to understand the relationships between various
aspects of application use and its impact on practice routines.

The table presents the results of Spearman’s rho correlation analysis, examining the
relationships between three key aspects of musical practice: having a practice routine,
staying focused during practice, and assessing playing and progress. The correlation co-

efficients, significance levels, and sample sizes (N) are provided for each pair of variables.
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First, the correlation between having a practice routine and staying focused during
practice is moderately strong and statistically significant at the 0.05 level (r = 0.558,
p =0.020). This suggests that students who maintain a regular practice routine tend
to stay more focused during their practice sessions. The correlation between having a
practice routine and assessing playing and progress is also significant at the 0.05 level
(r=0.502, p =0.040), indicating that those with a structured practice routine are better
at evaluating their playing and progress.

The strongest correlation observed is between maintaining consistency in practice
sessions and having a practice routine, with a coefficient of 0.692 and a significance
level of 0.002, indicating a very strong and statistically significant relationship. Ad-
ditionally, maintaining consistency in practice sessions is significantly correlated with
staying focused during practice (r = 0.489, p = 0.046) and assessing playing and progress
(r=0.628, p =0.007). These results suggest that consistent practice not only supports a
structured routine but also enhances focus and self-assessment during practice. Overall,
the findings highlight the importance of a structured and consistent practice routine in
enhancing various aspects of musical practice.

The most notable findings are the strong and statistically significant correlations
between the belief that the application helped the practice routine and the perceptions
that it helped maintain consistency in practice, and between the belief that the appli-
cation assists in assessing their own playing and progress and maintaining consistency
in practice sessions. Moderate correlations with statistical significance were also found
between the application helping the practice routine and both staying focused during
practice and assessing playing and progress. Other correlations, such as those related
to staying focused during practice and assessing playing and progress, showed weaker
and statistically insignificant relationships. This suggests that while the application is
perceived as beneficial for improving practice routines and maintaining consistency, its

impact on staying focused and self-assessment is less clear among the participants.
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Correlations

assessing
practice stay focused playing and
routine. during practice progress
Spearman's rho stayfocused during Correlation Coefficient 558"
PISEIER Sig. (2-tailed) 020
N 17
assessing playing and Correlation Coefficient 502 311
progress Sig. (2-tailed) .040 224
N 17 17
maintain consistency in Correlation Coefficient 6927 489" 628"
A Sig. (2-tailed) 002 046 007
N 17 17 17

* Correlation is significant at the 0.05 level (2-tailed).
** Correlation is significant atthe 0.01 level (2-tailed).

Figure 6.4. Correlation between Application Use and Practice Benefits

6.2.2 Goal Setting and Motivation

The correlation analysis in Table 6.8 examines the relationship between the frequency
of setting specific practice goals using an application and the motivation to achieve these
practice goals while using the application. Spearman’s rho, a non-parametric measure
of rank correlation, was used to assess the strength and direction of this association.
The results indicate a significant and strong positive correlation (r = 0.653, p = 0.004)
between the two variables, based on a sample size of 17 participants. The positive direc-
tion of the correlation suggests that as participants more frequently set specific practice
goals using the application, their motivation to achieve these goals also increases.

The p-value of 0.004 is less than the threshold of 0.01, confirming that the observed
correlation is statistically significant. This implies that the relationship between the fre-
quency of setting specific practice goals and the motivation to achieve them is unlikely to
have occurred by chance. These findings highlight the potential efficacy of the application
in enhancing users’ motivation by encouraging the setting of specific practice goals. The
significant positive correlation underscores the importance of incorporating goal-setting
features within practice applications to enhance user motivation and improve practice
outcomes. The application appears to be effective in not only helping users set specific
goals but also in motivating them to accomplish these goals, thereby facilitating a more

structured and productive practice regimen.
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Correlations Set Goals | Motivated
Set Goals 1.000 .653**
.004
Motivated .653%* 1.000
.004
N 17 17

Table 6.8. Correlation between Setting Goals and Motivation
** Correlation is significant at the 0.01 level (2-tailed).

How frequently do | Frequency | Percent | Valid Percent | Cumulative Percent
you think you

would set specific

practice goals

using the

application?

Valid

Sometimes 2 11.8 11.8 11.8
About half the time 1 5.9 5.9 17.6
Most of the time 11 64.7 64.7 82.4
Always 3 17.6 17.6 100.0
Total 17 100.0 100.0

Table 6.9. Frequency of Setting Specific Practice Goals Using the Application

The qualitative responses to the question "In what ways did the application con-
tribute to your motivation to achieve practice goals?" reveal several key themes related
to goal setting and motivation. Many respondents highlighted the application’s suitabil-
ity for beginners, noting its potential for helping users learn new songs and basic skills.
Users appreciated the application’s orientation towards novice musicians, as reflected in
comments such as, "This application seems like it would be fun to utilize as a beginner.
It lays out kind of like Guitar Hero where you don’t have to have a strong knowledge
of where pitches are on the staff." Additionally, visual feedback emerged as a significant
factor contributing to motivation, with respondents mentioning that real-time feedback
and progress tracking helped them stay motivated by clearly showing their performance
and areas needing improvement.

The novelty of the application also provided an engaging and motivating experience
for users. Respondents found the app’s new and unique approach to practice to be a

refreshing change from traditional methods, as indicated by comments like, "It was great
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practice since it was something new that I had never done." The inclusion of updated and
relevant content, such as contemporary songs, further motivated users to practice. One
respondent noted, "The application motivated me to play because I took piano lessons
as a child, and it has updated songs on the app." Moreover, the application’s game-like
features, reminiscent of popular music games like Guitar Hero, enhanced motivation by
making practice sessions enjoyable and engaging. This gamification element was praised
for increasing internal encouragement and making the practice feel naturally addictive.

The ability to receive real-time feedback and track progress was frequently men-
tioned as a motivating factor. Respondents appreciated the increased interaction with
music provided by the application, which they felt was more stimulating than traditional
paper scores or non-interactive digital scores. For instance, one user stated, "There is
more stimulation found within the application than in traditional paper scores or non-
interactive digital scores. This allows for more interaction with the music aside from
simply reading it." The simplicity of the application also streamlined the goal-setting
process, making it easier for users to set and achieve specific practice goals. Addition-
ally, users provided constructive feedback on how the application could be improved, such
as allowing songs to be imported from platforms like YouTube to broaden the app’s ap-
peal. Overall, the qualitative analysis indicates that the application effectively enhances
motivation and goal setting through various features, while also highlighting potential

areas for further development.

6.2.3 Technology Usage

The qualitative responses to the question of how the application contributed to motiva-
tion and goal setting reveal several key themes related to the use of technology in music
practice. These themes include the utility of practice tools, the provision of instant feed-
back, the role of visual aids, and the application’s game-like features. Together, these
elements highlight the multifaceted ways in which the application enhances user en-

gagement and motivation.
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Many respondents emphasized the usefulness of the application’s practice tools in
enhancing their musicianship. Features such as the ability to slow down pieces, play and
record tools, and a variety of practice settings were frequently mentioned as beneficial.
One participant noted, "The ability to slow down pieces is very useful for getting to
learn without rushing," while another highlighted the range of tools available, stating,
"The music technology features within the application contribute to my improvement
because it has the practice tools, play and record tool and feedback." These tools were
seen as particularly helpful for beginners, with one user explaining, "The features of this
application assisted in helping me begin to master the process of the beginning stages of
learning to play the piano."

The provision of instant feedback was another prominent theme, with users finding
it highly motivating and beneficial for their learning process. Comments such as "Instant
feedback makes learning a lot more worth it, because not only is the feedback from the
sound, but also visually" and "Being able to see the feedback and accuracy report in real
time really helps motivate to see which goals are completed and which ones are still
waiting to be completed" illustrate this point. This immediate response allowed users to
identify mistakes and areas for improvement quickly, enhancing their practice sessions’
efficiency and effectiveness.

Visual aids and the game’s design elements were also frequently mentioned as en-
hancing the user experience. The application’s resemblance to games like Guitar Hero
was noted for making practice sessions more engaging and less daunting. One partici-
pant remarked, "It has the similar feel to Guitar Hero, which was a game that enhanced
hand-eye coordination through music. This game-like feature makes it feel naturally
addictive because hearing your notes and familiar tunes increases your internal en-
couragement." Additionally, the onscreen keyboard and falling notes visualization were
highlighted as helpful for understanding and predicting musical challenges. Users ap-
preciated these features for their ability to make learning interactive and enjoyable, as
evidenced by the comment, "Seeing the falling down notes helped a lot to turn learning

the songs into a game. That really keeps my attention very well."
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The application’s design also played a significant role in helping users maintain fo-
cus during practice sessions. Features like cognitive offloading, which reduced the cogni-
tive load by simplifying the visual layout, were particularly appreciated. One respondent
noted, "The clean layout and cognitive offloading with the simple space made it easier to
focus." The real-time, personalized feedback also contributed to sustained focus by pro-
viding clear and immediate information on performance, allowing users to stay engaged
and motivated throughout their practice. This was summarized well by a participant
who stated, "It helped me stay pretty focused because I was on a computer and didn’t
have distractions from notifications."

Overall, the qualitative analysis of the technology usage theme reveals that the
application’s practice tools, instant feedback, visual aids, and game-like features signif-
icantly contribute to enhancing user motivation and engagement. These elements col-
lectively provide a supportive and interactive environment that facilitates goal setting
and sustained practice, particularly for beginners. Additionally, the feedback suggests
that while the application is effective in improving practice routines, there is potential

for further development to cater to more advanced users and expand its applicability.

6.2.4 Self-Regulation and Music Practice

The Spearman’s rho correlation table 6.10 explores the relationships between three key
variables: the frequency of goal-setting using the application, the enjoyment of practicing
the instrument with the application, and the extent to which the application contributed
to motivation. The analysis uses Spearman’s rho to measure these associations.

1. Frequency of Goal Setting and Enjoyment of Practice

* Spearman’s rho Correlation Coefficient: 0.362

Significance (2-tailed): 0.153

* N:17

Interpretation: There is a moderate positive correlation (r = 0.362) between how

often users set goals and their enjoyment of practicing the instrument using the

123



application. However, this correlation is not statistically significant (p = 0.153),
suggesting that the relationship is not strong enough to be considered meaningful

in this sample.
2. Frequency of Goal Setting and Motivation to Practice

¢ Spearman’s rho Correlation Coefficient: 0.420
¢ Significance (2-tailed): 0.093
e N:17

* Interpretation: There is a moderate positive correlation (r = 0.420) between how
often users set goals and the extent to which the application contributed to their
motivation. This correlation approaches statistical significance (p = 0.093), indi-
cating a trend that more frequent goal-setting may be associated with increased

motivation, but it is not definitive within this sample.
3. Enjoyment of Practice and Motivation to Practice

* Spearman’s rho Correlation Coefficient: 0.823**
e Significance (2-tailed): <0.001
e N: 17

¢ Interpretation: There is a strong positive correlation (r = 0.823) between the
enjoyment of practicing the instrument and the extent to which the application
contributed to motivation. This correlation is statistically significant (p < 0.001),
indicating a robust and meaningful relationship where higher enjoyment of prac-

tice is strongly associated with increased motivation.

The analysis reveals that while there are moderate positive correlations between
goal-setting frequency and both enjoyment and motivation, these relationships are not
statistically significant. However, there is a strong and significant positive correlation
between enjoyment and motivation, suggesting that users who enjoy practicing with the

application are also more likely to feel motivated.
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Correlations Set Goals | Enjoy Practice | Motivation
Set Goals 1.000 .362 420
.153 .093

Enjoy Practice .362 1.000 .823%**
.153 <.001

Motivation 420 .823%* 1.000
.093 <.001

N 17 17 17

Table 6.10. Correlation between Goal Setting, Enjoyment, and Motivation
** Correlation is significant at the 0.01 level (2-tailed).
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Chapter 7

Limitations and Discussion

The evaluation of our visualization system demonstrates its capability to support the
user groups described in Section 4.1. While the comparative visualization of multiple
MIDI files within the scope of this research is supported, the evaluation also revealed
instances where the designs fail to convey information as intended. This section brings
attention to the identified limitations of the visualization system. An explanation is pro-
vided alongside an appropriate showcase. We discuss the findings and suggest possible

approaches towards overcoming the limitations.

7.1 Conceptual Limitations

This section points out limitations induced by the conceptual factors involved in the
system design process. The chosen level of granularity at which MIDI files are processed
plays an important role here. It impacts possibilities for visualization design as well as

the capabilities of segmentation techniques.

7.2 Main Focus on Individual MIDI Notes

The visualization system presented in this research is mainly built around processing
MIDI files as a series of individual note events occurring over time. Considering such
small entities of very fine granularity and high quantity greatly limits the design space
for visualizations. Summarizing chunks of note events for further processing can pro-

vide additional possibilities for meaningful visual representations. These chunks could
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include chords, beats, or entire verses. The channel heatmap from Section 5.2 provides
an example of how larger entities can yield additional insights. Figure 5.12 also shows
the potential benefits for comparative visualization of a multitude of MIDI files using Arc
Diagrams. Some of the other limitations described in this chapter might be mitigated by

further pursuing the idea of larger musical constructs as well.

7.3 Insufficient Segmentation

Segmentation of music still poses a rather ill-explored research area. In the process
of this research, two approaches towards segmentation have been explored: applying
string matching algorithms to music [121] for the detection of similarities, as well as
treating segmentation as a set partitioning problem [123] aiming for optimal coverage
of a piece by vectors with motifs. Segmentation should allow the detection of common
patterns within and between MIDI files, which could be used to build more powerful vi-
sualizations. Both of the explored solutions encountered issues related to the processing
of individual note events. The string matching algorithms struggled with correct inter-
pretation of simultaneously occurring events, while the efficiency of set partitioning was
strongly impacted by the large number of possible combinations of notes. Introducing
an intermediate step, where chords are extracted from the MIDI file first, would likely
improve the quality and efficiency of the results.

With better-performing segmentation algorithms in place, we also suggest revisiting
and improving on the efforts towards a visualization of MIDI of single or multiple files
using Arc Diagrams. These visualizations could benefit greatly from better segmentation

techniques resulting in better readability through reduced visual clutter.
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7.4 Limitations to Visualizations

The evaluation of the implemented system shows the capabilities of the applied visual
representations in the context desired by the defined user tasks. It also revealed in-
stances where the designs do not perform as intended. We point out and discuss these

limitations in the following.

7.5 Lack of Functionality in Music Expression

One of the significant limitations of our system is its lack of functionality in visualizing
musical expression. Dynamics such as crescendo, diminuendo, and rubato are critical el-
ements of piano performance, but our current approach does not effectively capture these
nuances. This limitation is particularly important for applications focused on beginner
piano students, as these expressive elements are often introduced at the intermediate to
advanced levels of piano education. Enhancing the system to include the visualization
of dynamics and expressive timing could provide more comprehensive support for music

educators and students.
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Chapter 8

Conclusion and Future Work

This dissertation details the development of a prototype tool aimed at enhancing piano
exercises through error visualization. Our primary objective was to harness visual aids
to facilitate the learning process for piano beginners, recognizing that visual percep-
tion is a dominant sensory system in learning. To lay the groundwork for our research,
we provided essential music theory knowledge, an overview of the MIDI standard, and
basic information about the piano. Prior to conceptualizing our tool, we conducted an
extensive review of existing literature and available visualization systems in practicing
piano. Our focus was to understand the documented benefits of visual aids in instrumen-
tal learning, existing types of visualizations, and considerations unique to this mode of
learning. Studies we reviewed demonstrated that visualization positively impacts learn-
ing speed and motivation. Using these studies and various existing design concepts as
benchmarks, we developed an application that facilitates practice, recording, and com-
parison of performances against previous attempts and a predefined standard (ground
truth).

The application operates in two modes: Play and Analyze. These modes allow for
the display of notes in classical, block, or piano roll notations. We designed three distinct
error visualization methods. The first involves displaying selected recordings alongside
ground truth notes in different colors for each recording. The second method highlights
errors by comparing recording notes with ground truth notes, where the color of the
notes indicates the time interval differences. The third method, exclusive to piano roll

notation, utilizes a heat map visualization to represent the alignment of recording and
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ground truth notes over time. We implemented our prototype as a web application using
React, WebMIDI API, and D3 visualization library.

This concluding chapter encapsulates the primary insights and contributions de-
rived from this interdisciplinary research, which spans computer science, music peda-
gogy, and human-computer interaction (HCI). The research aimed to develop and eval-
uate an intelligent piano learning and practicing system that bridges the gap between
traditional music practice and emerging Al techniques, particularly focused on the use
of Al in collaborative performances. By leveraging advanced machine learning and Al
methodologies, this study addresses critical aspects of automatic music transcription
(AMT), personalized feedback systems, and real-time error visualization, thereby set-

ting a new benchmark in the integration of technology into music education.

8.1 Phase One: Automatic Music Transcription

The introduction of the revised Automatic Music Transcription model marks a signifi-
cant advancement in the field of music transcription. This real-time convolutional model
excels in note onset detection even when deployed on modest hardware. By achieving
state-of-the-art results with a reduced model size and temporal resolution, the research
has established a strong baseline for onset, frame, and velocity detection. This enhance-
ment not only improves the efficiency and accuracy of music transcription but also makes
the technology more accessible for various applications, including educational tools and
music production software.

Future work in this area is poised to further refine the model’s capabilities. Efforts
will focus on reducing the receptive field, which is expected to enhance the model’s pre-
cision in detecting note offsets and pedal actions. Additionally, expanding the training
dataset to include a wider variety of instruments will improve the model’s versatility and
robustness. These advancements will contribute to the development of a comprehensive
and highly accurate music transcription system that can cater to diverse musical styles

and instruments.
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8.2 Phase Two: MIDI Comparison

The development of an elite piano performance assessment method represents a leap for-
ward in music education technology. By detecting note errors with remarkable precision,
the method facilitates a more nuanced and effective evaluation of piano performances.
Accessible through both an API and a web app, this technology is designed to integrate
seamlessly into existing music tutoring systems, thereby enhancing their functionality
and appeal. The reduction in computation time is a key feature, making real-time feed-
back possible and significantly improving the learning experience for students.

This phase has not only addressed the technical challenges associated with MIDI
comparison but also laid the groundwork for future enhancements. By focusing on com-
putational efficiency, the research ensures that the assessment method can be deployed
on a wide range of devices, from high-end workstations to everyday laptops. This scala-
bility is crucial for making advanced music education tools available to a broader audi-

ence, including under-resourced schools and individual learners.

8.3 Phase Three: Practice Exercise Generator

The practice exercise generator developed in this phase offers a novel approach to mu-
sic practice by allowing users to manipulate score parameters. This includes adjusting
chord and scale progressions and influencing the melodic content of individual voices.
The improved Byte Pair Encoding (BPE) tokenization and enhanced model controlla-
bility through precise score analysis and melodic normalization introduce a significant
inductive bias. This innovation enables the generation of practice exercises that are tai-
lored to the specific needs and skill levels of individual users, thereby making practice
sessions more effective and engaging.

Looking ahead, the plan to train a transformer model on this framework promises
exciting developments. By generating music that adheres to predefined prompts, the sys-
tem will be able to create customized practice exercises that align with the learner’s goals

and preferences. This approach not only enhances the educational value of the exercises
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but also makes the learning process more enjoyable. The potential to revolutionize music
practice through personalized and adaptive exercises underscores the significance of this

research in the broader context of music education.

8.4 Key Contributions

The research presents several pivotal contributions:

1. Development of an Intelligent Piano Learning System: The proposed system
is capable of real-time feedback generation, MIDI file comparison, and the synthesis
of personalized practice exercises. This technology provides a framework for detecting
and responding to students and teachers, offering instant feedback and personalized
guidance tailored to individual learning trajectories.

2. Comprehensive Dataset for Automatic Music Transcription: By amalgamating
the MAESTRO and GIANT-MIDI piano datasets and incorporating data augmentation
techniques, the research significantly enhances the dataset’s scale and diversity. This
comprehensive dataset facilitates the development and evaluation of more accurate and
efficient AMT models.

3. Advanced Machine Learning Models for AMT: The study introduces a convolu-
tional end-to-end model specializing in onset and velocity transcription, which avoids
recurrent layers and embraces a multi-stage approach. Key features include the inte-
gration of context-aware modules and sub-spectral batch normalization, propelling the
model to achieve state-of-the-art results in frame and note transcription, along with ve-
locity score transcription.

4. Innovative Error Visualization Techniques: The research proposed novel methods
for error visualization in music performance evaluation, such as heat maps and real-
time score visualization, which are essential for both artistic practices and educational
feedback systems.

5. Mixed Methods Research Approach: The adoption of a mixed methods approach,
incorporating both qualitative and quantitative techniques, provided a holistic evalua-

tion of the piano practice application. This methodological rigor ensured reliability and
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validity in assessing the impact of the application on users’ practice habits, motivation,

and self-regulated learning strategies.

8.5 Implications for Music Education

The findings highlight several vital implications for music education:

1. Enhanced Musicianship and Learning Experiences: The intelligent piano sys-
tem’s ability to offer real-time feedback and personalized practice schedules promotes
self-regulated learning and allows students to engage in focused, effective practice ses-
sions. This synergetic blend of AI and music pedagogy supports cognitive growth and
skill development.

2. Increased Motivation and Engagement: The use of technology in music prac-
tice—such as interactive music visualizations and personalized feedback—significantly
enhances students’ motivation and enjoyment. The research underscores the recipro-
cal relationship between engagement and learning efficacy, advocating for the strategic
integration of innovative technological tools in music education.

3. Potential for Cross-Cultural and Collaborative Learning: The intelligent system’s
capability for personalized instruction fosters a more inclusive and adaptive learning en-
vironment. This potential broadens the scope for cross-cultural music education, allow-
ing for tailored teaching methods that cater to diverse student backgrounds and learning
preferences.

4. Professional Development for Music Educators: The research also highlights
the necessity for ongoing professional development for music educators in integrating
technology into their teaching practices. By equipping educators with the knowledge and
skills to effectively utilize advanced technologies, the study emphasizes the potential for

elevating instructional quality and student learning outcomes.
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8.6 Limitations and Future Work

While the research made substantial strides, several limitations and avenues for future
research were identified:

1. Scalability and Generalization: Although the proposed system demonstrated effi-
cacy in a controlled environment, future work should aim to evaluate its scalability and
generalization across diverse educational settings and student demographics.

2. Further Enhancement of AMT Models: Continuous improvement of AMT mod-
els remains imperative. Future research should explore innovative architectures and
advanced data augmentation techniques to further refine transcription accuracy and ef-
ficiency.

3. Broader Integration of LLMs and Explainable Al: Expanding the utilization of
large language models (LLMs) in music generation and incorporating Explainable Al
techniques could enhance the transparency and user comprehension of AI-generated mu-
sic, fostering greater acceptance and trust among educators and students.

4. Expanding Error Visualization Techniques: Developing more sophisticated er-
ror visualization tools that can effectively represent complex musical constructs such
as chords and harmonies will provide deeper insights into performance evaluation and
identification of specific areas for improvement.

In conclusion, this research offers an extensive exploration into the convergence
of technologically enhanced music education. By developing an intelligent piano learn-
ing system underpinned by state-of-the-art AI and machine learning methodologies, the
study presents a pioneering approach to music practice and pedagogy. The key con-
tributions, practical implications, and identified limitations lay the groundwork for fu-
ture exploration and continued advancements in this interdisciplinary field. Ultimately,
the research underscores the transformative potential of integrating emergent technolo-
gies into music education, paving the way for more personalized, engaging, and effective

learning experiences for music students worldwide.
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8.6.1 Augmented Reality Integration for Practice exercises

As a novel extension, exploring the integration of augmented reality (AR) into our system
offers exciting possibilities. We envisage an AR version where musicians can engage
with auto-generated practice exercises , enhancing their rehearsal experience. This AR
environment would provide an immersive, interactive platform for musicians to practice
with virtual guides, augmenting their learning and practice sessions. Such a feature
could adapt to the user’s skill level and learning pace, dynamically generating practice
sessions based on their progress and areas of difficulty. This integration not only has the
potential to revolutionize the way musicians rehearse but also opens avenues for further
research in the application of AR in music education.

We aim to generalize the proposed approach to diverse piano performances, includ-
ing variations in hand positions and playing styles, while enhancing robustness against
occlusions and complex finger movements. An interesting direction would be to integrate
audio-based analysis for fingering extraction, as this could provide complementary infor-
mation to the video-based approach, thereby increasing accuracy and reliability. Addi-
tionally, exploring real-time fingering extraction during live performances holds promis-
ing potential for interactive and educational applications.

Incorporating augmented reality (AR) and virtual reality (VR) technologies could
revolutionize the usability of the system. For instance, AR could provide real-time visu-
alization of fingering suggestions overlaid on a physical keyboard, enabling pianists to
practice more effectively. This real-time feedback system could be especially beneficial
for beginners, who often struggle with finger placement. VR could offer immersive piano
learning experiences where users interact with a virtual instructor capable of provid-
ing immediate fingering corrections. These applications can significantly enhance user
engagement and learning outcomes, making piano education more accessible and enjoy-
able.

However, the study’s reliance on publicly available YouTube videos presents limi-

tations due to potential variations in video quality, camera angles, and hand visibility,
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all of which can negatively impact the system’s performance. Additionally, depending
on MIDI files for the accuracy of played notes introduces challenges, as inaccuracies in
these recordings may lead to errors in fingering extraction. It is essential to develop
more robust methodologies to align video and MIDI data accurately to mitigate these
issues.

Deep learning models are susceptible to inherent biases in the training data, which
may limit their generalizability. Future research should focus on creating more diverse
and representative datasets, encompassing different piano styles and player demograph-
ics. Improved data collection methods and refining pose-estimation models to handle
high-speed movements and low-quality video conditions could significantly elevate the
dataset’s quality and the system’s reliability.

Another important area for future research involves refining neural models to con-
sider previous fingering predictions, thereby potentially producing more accurate results.
Sequence tagging models specifically trained on the generated dataset could also be ex-
plored to assess their performance improvements. By addressing these limitations and
leveraging AR/VR technologies, future work can significantly advance the field of auto-
mated piano fingering detection, making it a valuable tool for both educators and learn-

ers in the realm of music.
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