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Abstract

Automatic music transcription (AMT) is a core task in music information

retrieval, aiming to convert audio recordings of musical performances into

human- or machine-readable score formats. AMT has various applications,

including music search, analysis, tutoring, and generation. While AMT re-

search has traditionally focused on note-level transcription, i.e., generating

mid-level representations such as piano rolls or note sequences, recent years

have seen growing interest in score-level transcription. This seeks to produce

a musical representation that includes not only notes but also rhythm, voice,

and other score annotations.

In this thesis, we present our work on automatic audio-to-score transcrip-

tion for piano performances. We begin by preparing two datasets, each repre-

senting a distinct musical style and level of expressive performance. We then

explore two approaches: pipeline-based methods that first predict a note-level

representation and subsequently convert it into a score-level format; and holis-

tic methods that directly transcribe audio recordings into score format.

For the pipeline-based methods, we focus on the second stage: converting

a note sequence into a score format. We propose a convolutional-recurrent

neural network to track beats and extend the model to predict a MIDI score.

The model outperformed two commercial software solutions, highlighting the

advantage of tracking expressive temporal changes in musical performances.

For holistic methods, we use sequence-to-sequence models, which convert

an audio spectrogram into a symbolic music score representation. We first

explore RNN-based models using a LilyPond score, and demonstrate that

incorporating multitask learning by jointly predicting a piano roll represen-

tation improves model performance. We then examine Transformer models,
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adopting an event-based symbolic score representation. Our results show that

Transformers outperform RNNs, and using a long short-term decoding strat-

egy boosts the model’s capacity in both note-level transcription and capturing

long-term musical features in score-level transcription.

In summary, this thesis presents our exploration towards audio-to-score

piano transcription by investigating two approaches. We hope our work can

inspire future work in AMT and related fields such as music generation, music

education, and performance analysis.
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Chapter 1

Introduction

This thesis describes our work towards automatic audio-to-score (A2S) piano

transcription using deep neural networks. We begin by providing our moti-

vation and aim of our project in Section 1.1. Section 1.2 outlines the thesis

contents and Section 1.3 lists our main contributions in this thesis. Associated

publications with this thesis are provided in Section 1.4.

1.1 Motivation and aim

Automatic Music Transcription (AMT) is a core problem in the field of Music

Information Retrieval (MIR), it is the process of converting music audio into

human or machine-readable music scores using computer algorithms (Benetos

et al., 2019). The use of AMT systems is not limited to creating music nota-

tion from music recordings, but goes to a wider field of music-related tasks.

Automatic music transcription can be used in various applications such as

music analysis, music education, music search/recommendation, and music

generation (creation). Within the field of music information retrieval, auto-

matic music transcription can be considered one of the “enabling” tasks, which

benefits a list of other tasks, including source separation, expressive perfor-

mance analysis, automatic music generation or accompaniment, performance

error detection, and so on.

Research in automatic music transcription dates back to the 1970s, when

the problem was solved using signal processing methods (Klapuri & Virtanen,

19
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1977). In recent years, various methods have been used for automatic music

transcription. Two of the most widely used methods are non-negative matrix

factorisation (NMF) and deep learning. Since the introduction of deep learn-

ing (Goodfellow et al., 2016), there has been a large body of research on deep

learning methods for automatic music transcription. In recent years, convo-

lutional neural networks (CNNs), recurrent neural networks (RNNs), and the

Transformer architecture have been widely used in automatic music transcrip-

tion research (Böck & Schedl, 2012; Sigtia et al., 2016; Carvalho & Smaragdis,

2017; Kelz & Widmer, 2019). Over the years, a larger amount of research work

has been focused on frame-level and note-level transcription, which aims to

get a pianoroll-like output by multi-pitch estimation (frame-level) or a list of

note sequences by including note tracking (note-level). In subsection 2.2.2

of Chapter 2, we explain these tasks in detail within the “traditional AMT

pipeline”.

State-of-the-art note-level piano transcription systems already achieve very

good results (Hawthorne et al., 2018; Kong et al., 2021; Toyama et al., 2023).

As a result, people have been increasingly interested in audio-to-score tran-

scription (A2S) (or complete music transcription in some literature) (Bene-

tos et al., 2019). In audio-to-score transcription, the target is to estimate a

human- or machine-readable music score notation from music audio (Román

et al., 2020). Compared to frame- and note-level transcription, audio-to-score

transcription is an under-explored problem and a challenging task because it

includes transcription subtasks beyond detecting pitch or performed notes, but

includes tasks such as meter estimation, rhythm quantisation, note duration

estimation, key estimation, and voice separation. In Chapter 2, we provide

a closer view of what audio-to-score transcription is all about, including its

limitations and challenges.

In this thesis, we describe our work to explore deep learning methods for

audio-to-score piano transcription. We chose to work on piano music because

note-level piano transcription has already achieved good results (Kong et al.,

2021), allowing an easier move forward, also because compared with other

instruments, there is more data available to support our exploration of deep

learning methods.
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In this work, we aim to address several key research questions in the field of

audio-to-score transcription. Specifically, we are interested in understanding

the gap between note-level and score-level transcription, and in evaluating the

relative advantages and limitations of pipeline-based versus holistic systems.

We also investigate how different input–output representations influence score-

level transcription, and whether multitask learning—jointly training note-level

and score-level transcription—provides measurable benefits. Furthermore, we

seek to explore the role of beat tracking and rhythm quantisation in rela-

tion to score-level transcription, and how these processes can be effectively

integrated. Another line of inquiry concerns the comparative performance of

different sequential modelling approaches, such as RNNs and Transformers,

for this task. Finally, we examine how sequence-to-sequence models handle

long musical sequences, and consider strategies for enabling more robust mod-

elling of long-term dependencies in extended recordings.

To explore these questions, we focus on transcribing audio piano perfor-

mance recordings into the format of a MIDI score (which includes rhythm, key

signature, and time signature annotations), a text-based symbolic music nota-

tion LilyPond (Nienhuys & Nieuwenhuizen, 2003), or an event-based symbolic

music representation. We explore a pipeline-based method which first does

note-level transcription and then convert the transcribed note sequence into a

MIDI score format, using a convolutional recurrent neural network architec-

ture (see Chapter 4), as well as holistic methods which directly convert audio

performance recordings into a score, using sequence-to-sequence models based

on recurrent neural networks and Transformers (Vaswani et al., 2017) (see

Chapter 5). Our study is grounded in two datasets: a collection of expressive

classical piano recordings (the ACPAS dataset) and a corpus of popular music

synthesised from scores (the MuseSyn dataset; see Chapter 3). We employ

the ACPAS dataset to investigate pipeline-based methods, while the MuseSyn

dataset serves as the basis for our exploration of holistic approaches. Across

these studies, we propose several sequential modelling strategies that draw on

convolutional neural networks, recurrent neural networks, and Transformers,

and we evaluate different learning paradigms, including beat tracking, multi-

task learning, and long short-term decoding. Through this work, we aim to
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provide insights that advance the development of audio-to-score piano tran-

scription systems suitable for real-world applications, while also contributing

to and inspiring future research in the broader field of music information re-

trieval.

1.2 Thesis outline

The rest of the thesis is organised as follows:

In the latter part of Chapter 1 (this chapter), we provide an overview of

our main contributions in this thesis and the associated publications.

Chapter 2 provides a literature review of the transcription topic. Although

the thesis topic is audio-to-score transcription, we opt not to exclude literature

on frame-level and note-level transcription, since these serve as the basics of

a complete transcription. In this chapter, we provide a detailed explanation

of the stages of automatic music transcription and relevant sub-tasks. We

also review the relevant datasets and evaluation metrics, as well as recent

advancements in the field, which serve as the basis of this PhD project.

Chapter 3 describes the two datasets we propose and use in this thesis,

namely, the MuseSyn dataset and the ACPAS dataset. These two datasets

represent different music styles and levels of expressive performance, which

is essential in the results analysis in the following chapters. In this chapter,

we describe how the two datasets were collected and created and what is

included in the datasets. We also provide a detailed dataset statistic analysis.

In the conclusion section, we provide a brief discussion on the limitations of

the datasets, while leaving the broader discussion of the limitations and future

work to the last chapter (Chapter 6).

Chapter 4 presents our exploration of pipeline-based methods for audio-to-

score piano transcription. Based on existing methods for note-level transcrip-

tion, we propose a method for converting performance MIDI into score MIDI

based on neural beat tracking. We combine our proposed methods for perfor-

mance MIDI-to-score conversion with an existing audio-to-performance MIDI
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transcription system into an audio-to-score transcription pipeline system. We

evaluate this system on the ACPAS dataset and compare the results with two

public commercial software and two previous statistical methods.

Chapter 5 focuses on holistic methods for audio-to-score piano transcrip-

tion. In this chapter, we focus on the use of sequence-to-sequence models for

audio-to-score piano transcription, considering the music audio spectrogram as

the input sequence and a symbolic score representation as the output sequence.

We first describe our experiments to use multitask learning for audio-to-score

piano transcription, in which we build a model to jointly learn a piano-roll

and a LilyPond-based music score representation. Results show a positive

effect on using multitask learning. Based on these findings, we continued our

exploration by jointly learning a descriptive representation and a prescriptive

representation. We compare the use of recurrent neural networks (RNN) with

Transformers (Vaswani et al., 2017), and show in our results that Transform-

ers outperform RNNs, particularly in the ability to process long recordings.

We propose to use a long short-term decoding strategy, which enhances the

learning of both short-term musical elements (multi-pitch estimation) and

long-term musical elements (metrical alignment in score transcription).

Chapter 6 concludes the thesis. We first provide a summary of the contri-

butions described in this thesis, followed by a discussion on the limitations of

current work and opportunities for future work. In the end, we provide some

remarks about our thoughts on this research topic and our next steps.

1.3 Contributions

The contributions of this thesis can be listed as follows:

Chapter 2 provides a detailed literature review on automatic music tran-

scription, including:

• A tutorial-like introduction to automatic music transcription, with a

special focus on the stages in the traditional transcription pipeline and
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various sub-tasks. We specifically define the pipeline-based methods and

holistic methods for audio-to-score transcription.

• A review of the datasets and evaluation metrics for note-level and score-

level transcription.

• A review of the state-of-the-art methods for automatic music transcrip-

tion.

Chapter 3 describes the two datasets we created in the PhD project. This

includes:

• The MuseSyn dataset for popular piano music, whose musical scores are

collected online from the MuseScore website, and audio recordings are

synthesised from the collected scores.

• The ACPAS dataset for Western classical piano music, which is collected

and cleaned from three classical piano databases.

• We additionally provide a detailed statistical analysis for both datasets.

Chapter 4 introduces our proposed methods for pipeline-based methods for

audio-to-score piano transcription. We include:

• A system for neural beat tracking using convolutional recurrent neural

networks.

• A system for performance MIDI-to-score conversion utilising the beat

tracking system above.

• An exploration of different input encoding methods for MIDI note se-

quences for tracking beats in performance MIDIs.

• A pipeline-based method for audio-to-score piano transcription.

Chapter 5 describes our proposed methods for holistic methods for audio-

to-score piano transcription. The contributions include:
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• We propose the first holistic model that transcribes polyphonic piano

music into both a piano-roll format (corresponding to a descriptive no-

tation of the music audio) and a score in Western staff notation (corre-

sponding to a prescriptive notation of the musical audio).

• We propose a modified score representation based on the LilyPond for-

mat for modelling polyphonic music that learns and predicts seven times

faster and performs better than the LilyPond format score representa-

tion on this model.

• We evaluate the effect of using different input time-frequency represen-

tations, including the Short Time Fourier Transform (STFT), Mel Spec-

trogram, Constant-Q Transform (CQT), Variable-Q Transform (VQT)

and Harmonic Constant-Q Transform (HCQT).

• We design an event-based symbolic score representation that encodes

both note-level and score-level information, which enables the joint learn-

ing of a performance MIDI and a score MIDI using a sequence-to-

sequence network.

• We use a Transformer decoder for audio-to-score transcription, which

outperforms a recurrent neural network decoder.

• We propose to use a long short-term decoding strategy which enhances

the learning of both short-term musical features in multi-pitch estima-

tion (i.e., pitch, onset and offset) and long-term musical features in

score-level transcription (i.e., metrical alignment).

Chapter 6 provides a discussion on the limitations of current research and

points out opportunities in this research topic.

1.4 Associated publications

In this section, we list the associated publications to this PhD thesis. This

covers the publications that contribute to the main content of this thesis, as

well as other publications from the PhD period that are relevant to the PhD
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topic. We provide a brief description of each publication and how it relates

to this thesis, as well as how the PhD candidate contributed to the publica-

tion. Additionally, we provide the relevant public online code repositories and

datasets associated with the publications.

Below are the associated publications ordered by publication date:

1. Adrien Ycart, Lele Liu, Emmanouil Benetos and Marcus T. Pearce.

“Investigating the perceptual validity of evaluation metrics for automatic

piano music transcription,” Transactions of the International Society for

Music Information Retrieval (TISMIR), 3(1):68-81, 2020.

This is a collaborative work with Dr Adrien Ycart, who was working

on his PhD at that time. This work describes an investigation of the

perceptual validity of the benchmark evaluation metrics for automatic

piano transcription, namely, the F-measure (Hawthorne et al., 2018) via

a listening test, and proposes a new perceptually-meaningful evaluation

metric for future usage. In this work, I mainly collaborated to discuss,

implement, and test the musical features used in developing the proposed

evaluation metric. One of the main findings in this paper, that “onset-

only notewise F-measure is the benchmark metric that correlates best

with human judgement”, is particularly relevant to the result analysis

in this PhD work, where we therefore prioritise onset-only metrics for

model comparison.

The online code repository for the listening test webpage is available at

https://github.com/adrienycart/AMT_perception_website.

A Python implementation of the used music features and the pre-trained

metric can be found at https://github.com/adrienycart/PEAMT.

2. Lele Liu, Veronica Morfi and Emmanouil Benetos, “Joint multi-pitch

detection and score transcription for polyphonic piano music,” in Pro-

ceedings of IEEE International Conference on Acoustics, Speech and

Signal Processing (ICASSP), Canada, Jun 2021.

This paper presents our first working system for audio-to-score piano

transcription during the PhD project. The main contents of this paper

https://github.com/adrienycart/AMT_perception_website
https://github.com/adrienycart/PEAMT
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are described in Section 5.2 of Chapter 5. In this paper, we propose to

jointly do multi-pitch estimation and audio-to-score transcription in a

multitask system. We use a multitask model combined with a convolu-

tional recurrent neural network and sequence-to-sequence models with

recurrent neural networks and attention mechanisms. In this paper, we

propose a reshaped score representation that outperforms a LilyPond

representation in terms of both prediction accuracy and time/memory

resources and compare different input audio spectrograms. Additionally,

we present the first dataset we use in the PhD project, the MuseSyn

dataset, which is a synthesised dataset from collected online musical

scores. The MuseSyn dataset is described in Chapter 3.

The public code repository for the experiments in this paper can be

found at https://github.com/cheriell/ICASSP2021-A2S.

The MuseSyn dataset is available at Zenodo: https://zenodo.org/

records/4527460.

3. Lele Liu and Emmanouil Benetos, “From audio to music notation,” in

Handbook of Artificial Intelligence for Music, E. Miranda (ed.), pp. 693-

714, Springer, 2021 (ISBN: 978-3-030-72115-2).

This is a review book chapter on the automatic music transcription task.

The main text is written jointly by me and my primary PhD supervisor,

Dr. Emmanouil Benetos. This review article contributes to the main

part of the literature review in this thesis in Chapter 2.

4. Lele Liu, Veronica Morfi and Emmanouil Benetos, “ACPAS: A Dataset

of aligned classical piano audio and scores for audio-to-score transcrip-

tion,” International Society for Music Information Retrieval Conference

Late-Breaking Demos Session (ISMIR-LBD), Nov 2021.

In this short paper, we describe our second dataset in this PhD thesis,

the ACPAS dataset. This dataset provides a different perspective than

the MuseSyn dataset by targeting a different music style and level of

expressive performance. The ACPAS dataset features Western classical

music and rich expressive performance and works in this PhD project to

https://github.com/cheriell/ICASSP2021-A2S
https://zenodo.org/records/4527460
https://zenodo.org/records/4527460


CHAPTER 1. INTRODUCTION 28

better understand the model performance in real scenarios. The details

of this dataset are described in Chapter 3.

The dataset is available online at: https://cheriell.github.io/research/

ACPAS_dataset.

5. Lele Liu, Qiuqiang Kong, Veronica Morfi and Emmanouil Benetos, “Per-

formance MIDI-to-score conversion by neural beat tracking,” in Proceed-

ings of the 23rd International Society for Music Information Retrieval

(ISMIR) Conference, Bengaluru, India, Dec 2022. Best paper award

This paper is the outcome of an internship at ByteDance, under the

mentorship of Dr Qiuqiang Kong and my PhD supervisors. In this

work, we focus on the conversion from a performance MIDI into a score

format. We propose to use neural beat tracking for rhythm quantisation

with a convolutional recurrent neural network. This network is further

extended to predict other score components, including key signatures,

time signatures, and hand parts in piano music. The main contents of

this paper are included in Chapter 4 in this thesis. In this thesis, we

further extend the work in the paper to combine the proposed system

with an existing performance MIDI transcription system (Kong et al.,

2021) as a pipeline-based system for audio-to-score piano transcription.

We released our experimental code online at https://github.com/

cheriell/PM2S.

Additionally, below is a list of other publications and pre-print reports

during the PhD time, also ordered by publication date:

1. Lele Liu and Emmanouil Benetos, “Automatic music accompaniment

with a chroma-based music data representation,” DMRN+14: Digital

Music Research Network One-day Workshop, London, Dec 2019.

2. Adrien Ycart, Lele Liu, Emmanouil Benetos and Marcus T. Pearce.

“Musical features for automatic music transcription evaluation,” arXiv

preprint arXiv:2004.07171, 2020.

https://cheriell.github.io/research/ACPAS_dataset
https://cheriell.github.io/research/ACPAS_dataset
https://github.com/cheriell/PM2S
https://github.com/cheriell/PM2S
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3. Lele Liu, Veronica Morfi and Emmanouil Benetos, “Joint piano-roll and

score transcription for polyphonic piano music,” DMRN+15: Digital

Music Research Network One-day Workshop, London, Dec 2020.

4. Giovanni Bindi, Nils Demerlé, Rodrigo Diaz, David Genova, Aliénor

Golvet, Ben Hayes, Jiawen Huang, Lele Liu, Vincent Martos, Sarah

Nabi, Teresa Pelinski, Lenny Renault, Saurjya Sarkar, Pedro Sarmento,

Cyrus Vahidi, Lewis Wolstanholme, Yixiao Zhang, Axel Roebel, Nick

Bryan-Kinns, Jean-Louis Giavitto, Mathieu Barthet, “AI (r)evolution –

where are we heading? Thoughts about the future of music and sound

technologies in the era of deep learning,” arXiv preprint arXiv:2310.18320,

2023.

5. Lele Liu and Christof Weiß, “Utilizing cross-version consistency for do-

main adaptation: A case study on music audio,” in Tiny Papers Track

at International Conference on Learning Representations (Tiny Papers

@ ICLR 2024), May 2024. Notable (oral)

6. Lele Liu and Christof Weiß, “Unsupervised domain adaptation for music

transcription: Exploiting cross-version consistency,” in IEEE Interna-

tional Conference on Acoustics, Speech and Signal Processing (ICASSP),

2025.

7. Ching-Yu Chiu, Lele Liu, Christof Weiß and Meinard Müller, “Cross-

modal approaches to beat tracking: A case study on Chopin Mazurkas,”

Transactions of the International Society for Music Information Re-

trieval (TISMIR), 8(1):55–69, 2025.



Chapter 2

Background

2.1 Introduction

The field of Music Information Retrieval (MIR) focuses on creating methods

and practices for making sense of music data from various modalities, includ-

ing audio, video, images, scores, and metadata (Serra et al., 2013). Within

MIR, a core problem which to the day remains open is automatic music tran-

scription (AMT), the process of automatically converting an acoustic music

signal into some form of musical notation. The creation of a method for

automatically converting musical audio to notation has several uses includ-

ing but also going beyond MIR: from software for automatic typesetting of

audio into staff notation or other music representations, to the use of auto-

matic transcriptions as a descriptor towards the development of systems for

music recommendation, to applications for interactive music systems such as

automatic music accompaniment, for music education through methods for

automatic instrument tutoring, and towards enabling musicological research

in sound archives, to name but a few. Interest in AMT has grown during

recent years as part of recent advances in artificial intelligence and in partic-

ular deep learning, which have led to new applications, and systems, as well

as have led to a new set of technical, methodological and ethical challenges

related to this problem (Benetos et al., 2019).

The topic of this PhD thesis lies within the scope of AMT, where we fo-

cus on the transcription of a single instrument (piano) and a specific output

30
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format (music score notation). Despite this, in this chapter, we present a liter-

ature survey of state-of-the-art research and open topics for AMT in general,

focusing on methods based on AI and deep learning in particular. The focus

of the chapter is on automatic transcription of pitched sounds. For relevant

topics, we refer to a recent review by Wu et al. (2018) on the related task of

automatic drum transcription (ADT); for a detailed look at signal processing

and statistical methods for AMT, we refer to the book by Klapuri & Davy

(2006); for a discussion related to the challenges of AMT methods relying

on signal processing or statistical methods, please see the review paper by

Benetos et al. (2013). A recent tutorial-like overview of both “traditional”

machine learning and deep learning methodologies for AMT is presented in

the survey by Benetos et al. (2019). For this thesis in particular, we also look

into relevant fields such as music encoding and sequential modelling beyond

AMT, since they are relevant to the methods we used.

The rest of this chapter is organized as follows. Section 2.2 provides a gen-

eral overview of the AMT task. subsection 2.2.1 provides a concise definition

of various problems that have been posed under AMT. Section 2.3 reviews var-

ious music encodings. An overview of commonly used datasets and evaluation

metrics in AMT is presented in Section 2.4. An overview of the state-of-the-

art in AMT is presented in Section 2.5, including a more detailed look at

deep learning methods for the task. In Section 2.6, we specifically look into

deep learning methods in sequential modelling. Finally, conclusions are pre-

sented in Section 2.7. Most of this chapter is modified from our previous book

chapter (Liu & Benetos, 2021).

2.2 AMT overview

The first attempts to address the AMT problem date back to the 1970s and

the dawn of the field of computer music (e.g., (Piszczalski & Galler, 1977)),

while the problem faced a resurgence in the mid-2000s with the development

of methods for audio signal processing and pattern recognition, and encoun-

tered a second wave of popularity in recent years following the emergence

of deep learning methods. Irrespective of the methodologies used to inves-

tigate and develop tools and practices for AMT, researchers addressing this
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task draw knowledge from several disciplines, including digital signal process-

ing, machine learning, music perception and cognition, musical acoustics, and

music theory. There are also strong links with other problems both within

and beyond MIR, including optical music recognition (OMR), which is the

counterpart of AMT but for printed music or manuscripts instead of recorded

audio (Rebelo et al., 2012), automatic speech recognition (ASR) and speaker

detection (Yu & Deng, 2015), sound event detection (SED) for everyday and

nature sounds (Virtanen et al., 2018), and object recognition and tracking

in video (Chen, 2016). AMT is also closely related to the fields of music

language modelling and symbolic music processing (Boulanger-Lewandowski

et al., 2012), bridging the acoustic and symbolic domains in music.

Given the complexity of the problem of AMT, the overarching task is of-

ten split into subtasks, including pitch/multi-pitch detection (MPE), onset

and offset detection, instrument identification and tracking, meter estimation

and rhythm quantization, estimation of dynamics and expression, and type-

setting/engraving. However, recent advances in artificial intelligence have

promoted the development of “holistic” (or “end-to-end”) methods for AMT,

thus often skipping intermediate tasks or steps and directly producing a tran-

scription in a particular notation format. Figure 2.1 shows the typical stages

of an AMT system for a short excerpt from a Mozart sonata, starting with the

input waveform, the extracted time-frequency representation (in this case a

short-time Fourier transform magnitude spectrogram), the output transcrip-

tion in piano-roll representation, and the output transcription in the form of

Western staff notation.

Despite active research on this problem over the years, AMT is still faced

with several challenges, both technical and ethical. Broadly, the performance

of certain AMT systems can be deemed sufficient for audio recordings con-

taining solo acoustic instruments, within the context of Western tonal music,

assuming a relatively moderate tempo and a level of polyphony around three

to four. Here, the term “polyphony” refers to the maximum number of concur-

rent pitches at a given time instant. The problem of automatically transcrib-

ing audio recordings which contain sounds produced by multiple instruments,

vocals, and percussion with a high polyphony level or a fast tempo, is still rel-
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Figure 2.1: Typical stages of an AMT system: (a) input waveform; (b) time-

frequency representation; (c) output piano-roll representation; (d) output mu-

sic score, typeset using Musescore. The example corresponds to the first 4

seconds of W.A. Mozart’s Piano Sonata no. 11, 3rd movement.
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atively limited. Other factors that can affect the performance of such systems

include the existence of distortions either at the instrumental production stage

or at the audio production/mastering stage, or cases where the performance

or composition in question does not fall under the auspices of Western tonal

music. A relatively new challenge which has emerged with the adoption of

data-driven methods for addressing the task is the bias imposed by the algo-

rithms through the choice of datasets. The fact that most datasets for AMT

include Western tonal music performed by solo piano or other solo Western

orchestral instruments has created certain limits and biases with respect to the

range of instruments or to the range of music cultures and styles that state-of-

the-art AMT systems can support. Limitations of symbolic representations

and encodings for music (MIDI, MEI1, MusicXML, Lilypond (Nienhuys &

Nieuwenhuizen, 2003), etc.) also further constrain the potential of current

AI-based AMT systems to support the transcription of music performances

that cannot necessarily be expressed through Western staff notation or do not

assume 12-tone equal temperament.

2.2.1 Sub-tasks

As mentioned in Section 2.1, AMT is divided into several subtasks, and most

approaches have only been addressing a small subset of these subtasks. Per-

haps the most essential subtask (especially when referring to the transcription

of pitched sounds) is pitch detection, or in the case of multiple concurrent

sounds, multi-pitch detection (MPE). Here, we define pitch in the same way

by Hartmann (1996), where a sound has a certain pitch if it can be reliably

matched to a sine tone of a given frequency at a sound pressure level of 40 dB.

Typically, this task refers to estimating one or more pitches at each time frame

(e.g., at 10ms intervals), where pitch is typically expressed in Hz. Given the

close links between pitch and the fundamental frequency of periodic signals,

this task is often referred to as multiple-F0 estimation. This task is publicly

evaluated annually as part of the Music Information Retrieval Evaluation eX-

change (MIREX)2 task on MultiF0 estimation.

1https://music-encoding.org/
2https://www.music-ir.org/mirex/wiki/MIREX_HOME

https://music-encoding.org/
https://www.music-ir.org/mirex/wiki/MIREX_HOME
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Figure 2.2: (a) The pitch salience representation for the excerpt of Figure 2.1

using the method proposed by Benetos & Weyde (2015); (b) The correspond-

ing binarized piano-roll representation.

It is often useful for multi-pitch detection systems to produce a non-binary

representation of estimated pitches over time, which could be used for pitch

visualization purposes, or as an intermediate feature for other MIR tasks that

rely on an initial pitch estimate (e.g., melody estimation (Salamon et al.,

2014), chord estimation (McVicar et al., 2014)). Often this representation

is referred to as pitch salience, or a time-pitch representation. Figure 2.2(a)

shows the pitch salience representation for the excerpt of Figure 2.1 using the

method proposed by Benetos & Weyde (2015).

Moving on to a higher level of abstraction, which is closer to how humans

might transcribe music, we would need to express notes as characterised by

their start time, end time, and pitch, in a similar way as expressed, e.g., in

the MIDI format. This task is referred to as note tracking, and involves the
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subtasks of onset detection (i.e. detecting the start of a note), offset detection

(i.e., detecting the end of a note), and (multi-)pitch detection. A comprehen-

sive tutorial on signal processing-based methods for onset detection can be

found in a tutorial by Bello et al. (2005). Approaches for note tracking are

publicly evaluated annually as part of the Music Information Retrieval Eval-

uation eXchange (MIREX) note tracking task (MIREX). Figure 2.2(b) shows

the output of the note tracking process by performing simple thresholding on

the pitch salience of Figure 2.2(a).

Over the past decades, research in AMT has been largely focused on frame-

and note-level transcription, i. e., multi-pitch estimation (MPE) which esti-

mates active pitches from a music recording at a given time frame (frame-level

transcription), and note tracking which estimates sequences of note events in

tuples of note pitch, onset, offset, and velocity (note-level transcription) (Bene-

tos et al., 2019). People have developed various methods for the AMT task,

from non-negative matrix factorisation (Smaragdis & Brown, 2003) to deep

learning methods (Hawthorne et al., 2018; Kong et al., 2021; Hawthorne et al.,

2021; Gardner et al., 2022). Recent years have seen a boost in the develop-

ment of note-level piano transcription systems, featuring some milestones in

deep learning-based AMT algorithms. Related works include the onset and

frames framework which uses a multitask learning method that jointly learns

note pitch and onset (Hawthorne et al., 2018), the ADSR framework which

uses an estimated piano attack–decay–sustain–release curve to help with note-

level transcription (Kelz et al., 2019b), the high-resolution piano transcrip-

tion system which uses a new output representation to enable high-resolution

note onset, offset and piano pedal prediction (Kong et al., 2021), and newer

Transformer-based architectures (Hawthorne et al., 2021; Gardner et al., 2022;

Toyama et al., 2023). Although there are still challenges such as dealing with

music transcription with complex instrumentations (including singing) (Bit-

tner et al., 2022; Wang & Jang, 2023), transcribing solo piano recordings into

performance MIDI tracks has achieved promising results.

In addition to the detection of pitched sounds and their timings, a key ele-

ment towards a successful musical transcription is on assigning each detected

note to the musical instrument that produced it. This task is referred to in the
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literature as instrument assignment, timbre tracking, or multi-pitch streaming.

A closely related task in the wider field of MIR is that of musical instrument

recognition from audio, which has received relatively little attention from the

research community (we refer readers to a recent overview by Humphrey et al.

(2018)).

The above-mentioned note tracking task estimates the start and end times

of notes, but in terms of seconds as opposed to beats or any other metrical

subdivision. To that end, the task of rhythm transcription or note value

recognition aims to estimate the metrical structure of the music recording in

question and estimate the note timings and durations in terms of metrical

subdivisions (Cogliati et al., 2016; Nakamura et al., 2017b). By having esti-

mated pitches with their respective timings in terms of meter, one can typeset

the transcribed audio in some form of human-readable music notation, e.g.,

Western staff notation. This is a task that, depending on the complexity of

the music performance in question, might also require splitting the detected

stream of notes into multiple music staves (this is referred to as voice sep-

aration and staff estimation). The process of converting music audio into

staff notation is sometimes referred to as audio-to-score transcription (A2S),

or complete music transcription, taking into account that such a “complete”

transcription might not contain information related to musical instruments,

phrasing, expression or dynamics.

Figure 2.3 shows the rhythm-quantised transcription of the excerpt of Fig-

ure 2.1 in Western staff notation, automatically transcribed using the method

by Benetos & Weyde (2015). While from a first glance there are few similari-

ties with the score of Figure 2.1(d), a close inspection shows that the majority

of pitches have been correctly detected, although their respective durations are

not properly estimated, which can be attributed to sustaining and pedalling

of the piano performance of this piece.

Rhythm quantisation is one of the most essential sub-tasks in converting

a note-level transcription into a score which has been widely discussed in the

literature. Several challenges make this task difficult, including handling ex-

pressive tempo changes and note value detection, since note offset (key release

time) is not always audible, especially when piano pedals are used. It is also
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Figure 2.3: The rhythm-quantized transcription of the excerpt of Figure 2.1,

automatically transcribed using the method by Benetos & Weyde (2015) and

typeset using Musescore (https://musescore.org).

common in piano performances that note offsets are inconsistent with what is

written in the music scores, which happens when performers release the key

earlier or later. Over the years, people have applied different algorithms to

the task. Recent years have seen some advances in statistical methods (Naka-

mura et al., 2017a,b; McLeod & Steedman, 2018b; Nakamura et al., 2018;

Shibata et al., 2021). Nakamura et al. (2017b) proposed an improvement for

rhythm transcription using a merged-output hidden Markov model to solve

the problem introduced by multiple voices. A note value prediction method

using Markov random fields was proposed by Nakamura et al. (2017a). The

two methods were further improved for AMT by combining a multi-pitch es-

timation model (Nakamura et al., 2018; Shibata et al., 2021). McLeod &

Steedman (2018b) proposed a hidden Markov model-based meter detection

method for aligning MIDI performances. In contrast to rhythm quantisation,

score complement spans a wider range of sub-tasks. Hiramatsu et al. (2021)

proposed to use a recurrent neural network (RNN) to joint estimate note val-

https://musescore.org
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Figure 2.4: Overview of the traditional AMT pipeline.

ues and voices from note pitches and onset times, which in combination with

multi-pitch estimation and rhythm quantisation, outperformed previous AMT

methods (Cogliati et al., 2016; Shibata et al., 2021). More recently, Suzuki

(2021) proposed a Transformer-based solution for generating human-readable

scores from quantised MIDI files.

2.2.2 The AMT pipeline

Overall, the traditional AMT pipeline can be divided into two major parts:

1. Audio to performance MIDI transcription (A2PM), or note-level

transcription which targets a note-level output in the form of a perfor-

mance MIDI, and

2. Performance MIDI to score conversion (PM2S), which targets the

conversion from a performance MIDI to a score-level output in the form
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of a musical score.

In Figure 2.4, we present an overview of the traditional AMT pipeline, orga-

nized into two major parts encompassing the sub-tasks detailed in the previous

section (subsection 2.2.1).

Over the years, the first part (audio to performance MIDI transcription)

has been the focus of many research works (Hawthorne et al., 2018; Kong et al.,

2021; Bittner et al., 2022; Yan & Duan, 2024). On the contrary, although

research on the various sub-tasks of performance MIDI-to-score conversion

(PM2S) dates back to earlier decades (Desain & Honing, 1989; Temperley &

Sleator, 1999; Raphael, 2001; Takeda et al., 2002), the first paper that fully

brings the PM2S problem into literature was by Cogliati et al. (2016) much

later, in which the authors worked on converting a performance MIDI record-

ing into a LilyPond score (Nienhuys & Nieuwenhuizen, 2003). The authors

firstly fixed spurious overlapping notes according to a defined note overlap-

ping ratio, then applied a probabilistic model using hidden Markov models

(HMM) based on a tactus-root combination concept (Temperley, 2009) for

meter, harmony, and stream estimation. After that, the note onsets and

offsets are quantised to beat subdivisions. Note spellings and staves are

determined from the predicted harmony and streams. Cogliati further pro-

posed to use a convolutional sparse coding-based multi-pitch estimation and

a Melisma Analyser-based rhythm quantisation method for piano transcrip-

tion (Cogliati, 2018). Alternatively, Nakamura et al. proposed an improve-

ment in the hidden Markov model-based rhythm quantisation method, which

is used to create a complete audio-to-score transcription system in combination

with a multi-pitch estimation system based on probabilistic latent component

analysis (Nakamura et al., 2018). The proposed audio-to-score transcription

pipeline was further improved by Shibata et al. (2021) using a Markov random

field-based rhythm quantisation and deep learning-based multi-pitch estima-

tion.

2.2.3 Holistic approach

Opposed to the traditional AMT pipeline, there are also works that use a

holistic (or end-to-end) approach, which directly transcribes music record-
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ings (or more precisely, in the form of audio spectrograms) into a symbolic

score format (Carvalho & Smaragdis, 2017; Román et al., 2018; Román et al.,

2019; Román et al., 2020). In this scenario, a deep learning network is used

to link the system input and output. A challenge in designing an end-to-

end system is that the input and output of the system cannot be aligned

directly (one is a time-based representation and the other is a representation

in terms of metres or symbolic encoding). As a result, research has focused

on encoder-decoder architectures that do not rely on frame-wise aligned an-

notations between the audio and music score (Carvalho & Smaragdis, 2017;

Nishikimi et al., 2019). In Figure 2.5, we provide an encoder-decoder structure

commonly used in holistic AMT systems. Recent works have shown the poten-

tial of encoder-decoder methods, although their performance on polyphonic

music transcription remains less explored in the literature. In 2017, Carvalho

and Smaragdis proposed a method for end-to-end music transcription using a

sequence-to-sequence architecture combined with CNNs and RNNs (Carvalho

& Smaragdis, 2017). The developed system can output a textual music en-

coding in the Lilypond language from an input audio waveform. However,

the work focused mainly on monophonic music (which showed high-level per-

formance), and only a simple scenario of polyphonic music was tested (with

two simultaneous melodies within a pitch range of two octaves). Another

exploration on singing transcription by Nishikimi et al. (2019) also used a

sequence-to-sequence model. A point worth mentioning is that they applied

an attention loss function for the decoder, which improved the performance of

the singing transcription system. The work, still, focused only on the mono-

phonic singing voice.

Using an encoder-decoder architecture is a simple way of designing end-

to-end AMT systems, but there are also other works using Connectionist

Temporal Classification (CTC). A recent example combines the use of a CRNN

and a CTC loss function (Román et al., 2019; Román et al., 2020). The

CTC loss function enables the system to be trained using pairs of the input

spectrogram and output textual encoding. In that work, a simple polyphonic

scenario is considered where four voices are included in a music piece (in string

quartets or four-part Bach chorales). Still, the problem of end-to-end complete
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Figure 2.5: General structure for an end-to-end AMT system using encoder-

decoder architecture.

music transcription with unconstrained polyphony remains unsolved. Another

limitation among those above-mentioned holistic A2S methods is that they

only output a beat-quantised musical notation, lacking important descriptive

information in music analysis, such as absolute time for note onsets and offsets.

2.3 Symbolic music representations

In this section, we review widely used music score encoding formats along-

side several MIDI-derived music representations. These representations are

pertinent to our thesis as potential candidates for our chosen music score

representation.

2.3.1 Music encoding formats

Widely used music encoding formats include MusicXML, MEI, LilyPond,

**kern, ABC notation, and MIDI. In this section, we provide a brief overview

of several of these formats and examine their applications as discussed in the

literature. Our focus is primarily on music encodings designed for Common

Western Music Notation (CWMN). ABC notation is excluded from this dis-

cussion, as it is primarily suited for monophonic music, which falls outside the

scope of our work. Similarly, a review of MIDI-derived score representations

is deferred to the next section. Figure 2.6 shows the different music encodings

we discuss in this section.
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<measure number="1" width="197.58">
<print>
  <system-layout>
    <system-margins>
      <left-margin>50</left-margin>
      <right-margin>814.84</right-margin>
      </system-margins>
    <top-system-distance>70</top-system-distance>
    </system-layout>
  </print>
<attributes>
  <divisions>1</divisions>
  <key>
    <fifths>0</fifths>
    </key>
  <time>
    <beats>4</beats>
    <beat-type>4</beat-type>
    </time>
  <clef>
    <sign>G</sign>
    <line>2</line>
    </clef>
  </attributes>
<note default-x="80.21" default-y="-50">
  <pitch>
    <step>C</step>
    <octave>4</octave>
    </pitch>
  <duration>1</duration>
  <voice>1</voice>
  <type>quarter</type>
  <stem>up</stem>
  </note>
<note default-x="110.6" default-y="-45">
  <pitch>
    <step>D</step>
    <octave>4</octave>
    </pitch>
  <duration>1</duration>
  <voice>1</voice>
  <type>quarter</type>
  <stem>up</stem>
  </note>
<note default-x="140.99" default-y="-20">
  <rest/>
  <duration>2</duration>
  <voice>1</voice>
  <type>half</type>
  </note>
<barline location="right">
  <bar-style>light-heavy</bar-style>
  </barline>
</measure>

<score>
   <scoreDef>
      <staffGrp>
         <staffDef n="1" lines="5" meter.count="4" meter.unit="4">
            <label>Piano</label>
            <labelAbbr>Pno.</labelAbbr>
            <clef shape="G" line="2" />
         </staffDef>
      </staffGrp>
   </scoreDef>
   <section xml:id="s1">
      <pb />
      <measure xml:id="m4y39m0" right="end" n="1">
         <staff xml:id="m1s1" n="1">
            <layer xml:id="m1s1l1" n="1">
               <note xml:id="nsbw652" dur="4" pname="c" oct="4" />
               <note xml:id="n1nnj7f" dur="4" pname="d" oct="4" />
               <rest xml:id="r1pk78z0" dur="2" />
            </layer>
         </staff>
      </measure>
   </section>
</score>

\new PianoStaff <<
  \new Staff {
    \clef treble
    \key c \major
    \time 4/4
    \relative c' {
      % Measure 1
      c4 d4 r2
    }
  }
>>

*M4/4
*clefG2
*k[] 
=1
4c 
4d  
2r 
=  
*-

(b) MusicXML

(c) MEI

(d) LilyPond (e) **kern

(a) Musical score

Figure 2.6: Different music encoding formats for the same music snippet in

staff notation.

MusicXML

MusicXML3 is one of the most widely used music encoding formats in digital

music. Built on the extensible markup language (XML), it provides a tex-

tual representation of music scores that is both human-readable and machine-

readable. MusicXML supports detailed score annotations, including notes,

3https://www.musicxml.com/

https://www.musicxml.com/
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rhythms, and graphical elements for sheet music (e.g., engraving). However,

it does not encompass every detail in a music score; for instance, it lacks full

layout specifications and support for certain non-standard notations.

Despite its ability to encode rich musical information, MusicXML is rarely

used in deep learning-based music research due to its verbosity, structural

complexity, and redundancy. The format’s non-uniform data structure and

the challenges of parsing its extensive files further limit its applicability in

such contexts.

Music Encoding Initiative (MEI)

The Music Encoding Initiative (MEI)4 aims to create a versatile digital repre-

sentation format for encoding and sharing music documents. Like MusicXML,

MEI uses XML to encode musical scores, metadata, and related information.

However, while MusicXML primarily focuses on Common Western Music No-

tation (CWMN), MEI supports a broader range of musical notations, includ-

ing mensural (Renaissance) and neume (Medieval) systems, as well as con-

temporary scores. This flexibility allows MEI to serve diverse applications,

such as musicology, digital archives, score editing, and computational music

analysis.

Unlike MusicXML, which is designed primarily for the interchange of no-

tated scores between music notation software, MEI addresses more compre-

hensive scholarly needs. These include advanced score editing, detailed meta-

data annotation, and the representation of historical sources. MEI is also

widely used in optical music recognition (OMR), where its structured and

flexible format is ideal for storing and processing OMR outputs. Moreover,

MEI supports the integration of notation with other modalities, such as im-

ages and audio recordings, enabling comprehensive documentation of musical

works and their performance histories.

Despite its advantages, MEI faces similar challenges to MusicXML as an

XML-based format. Its complexity, detailed focus on notation, and verbosity

make it less suited for deep learning applications, which often require simpler,

more streamlined data structures.

4https://music-encoding.org/

https://music-encoding.org/
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LilyPond

LilyPond (Nienhuys & Nieuwenhuizen, 2003) is a text-based music engraving

system that uses a human-readable plain-text format, enabling users to write

and edit music with a simple text editor. It is commonly employed for engrav-

ing scores in Common Western Music Notation (CWMN) across genres such

as classical, jazz, and contemporary music. Its text-based encoding makes it

particularly well-suited for programmatic score generation.

In MIR research, LilyPond has been used for tasks such as automatic mu-

sic transcription (Carvalho & Smaragdis, 2017) and optical music recognition

(OMR) (Schneider et al., 2021). However, its complexity in handling poly-

phonic and multi-instrumental music, along with its primary focus on visual

presentation, can pose challenges for training machine learning models.

**kern

The **kern format, developed as part of the Humdrum Toolkit5, is designed to

represent essential information in CommonWestern Music Notation (CWMN).

It encodes music scores as plain-text symbols, capturing elements such as

pitch, duration, meter, and articulation. Compared to formats like LilyPond,

**kern is simpler, more flexible, and compact, making it well-suited for ap-

plications such as musicology research, computational music analysis, optical

music recognition, automatic music generation, and transcription tasks (Rahal

et al., 2021; Alfaro-Contreras et al., 2024).

However, while **kern effectively encodes a wide range of musical score

elements, it lacks the capability to capture expressive nuances of performance

data. This limitation reduces its applicability for models focused on analysing

or replicating expressive performance features.

2.3.2 MIDI-derived score representations

MIDI-derived score representations are most commonly used in music gener-

ation tasks, from the time-shift representation in (Oore et al., 2018) to newer

5https://www.humdrum.org/guide/ch02/

https://www.humdrum.org/guide/ch02/
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ones by Zeng et al. (2021) and Hsiao et al. (2021). In this section, we go

through some of the MIDI-derived score representations in the literature.

Time-shift representation (Oore et al., 2018)

In this work on piano music generation, a time-shift representation is used to

encode the scores into one sequence. The work considers a MIDI excerpt as a

sequence of events, each from one of the following:

1. 128 NOTE-ON events, corresponding to 128 different MIDI pitches;

2. 128 NOTE-OFF events, one for each MIDI pitch;

3. 125 TIME-SHIFT events, representing time shifts from 8ms to 1s, with

a skip time of 8ms;

4. 32 VELOCITY events, which correspond to a velocity change that ap-

plies to the following notes.

The data representation is designed to model piano performance and thus

does not cover metrical information. All the events in the data representation

are considered as word tokens and converted into one-hot vectors for model

training, ending up with a vocabulary size of (128+128+125+32=)413.

REMI representation (Huang & Yang, 2020)

This work proposes to use the Revamped MIDI-derived events (REMI) to

represent MIDI data following the way humans read the scores. They define

the representation as events including:

1. 32 NOTE-VELOCITY events, where the velocity for notes is quantised

into 32 bins;

2. 128 NOTE-ON events, each one corresponds to a MIDI pitch;

3. 64 NOTE-DURATION events, corresponding to different note durations

from a 32nd note to two whole notes;

4. one BAR event and 16 POSITION events, where each bar is divided

into 16 bins;
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5. TEMPO events corresponding to tempo changes from 30 to 209 bpm;

6. 60 CHORD events, each representing a different chord change.

All the described events in one music excerpt are combined into a sequence,

where each bar has a BAR event followed by several groups of metrical

and note events. Metrical events follow the order of POSITION, CHORD,

TEMPO events, where applicable, and note events are added in the order

of NOTE-VELOCITY, NOTE-ON, NOTE-DURATION. Compared to the

Time-shift representation proposed by Oore et al. (2018), REMI representa-

tion covers more information for music scores, including metrical information.

It is also proven to be faster in learning and is better for expressive pop piano

composition.

MuMIDI representation (Ren et al., 2020)

This Multi-track MIDI (MuMIDI) representation is specifically designed for

multi-instrument accompaniment generation. In order to model the depen-

dencies between different instruments, the data representation puts score in-

formation for multiple instrument tracks into one sequence. This is different

from what most multi-instrument accompaniment systems do. They tend to

generate scores for different instruments separately. MuMIDI representation

is composed of the following symbols:

1. <Bar> and 32 <Position> symbols, where each bar is divided into 32

bins and note onsets are quantised to the nearest bins;

2. 84 <Chord> symbols, considering 12 chord roots (C, C#, D, D#, E, F,

F#, G, G#, A, A#, B) and 7 chord qualities (major, minor, diminished,

augmented, major7, minor7, half diminished);

3. 6 <Track> symbols for different instrument tracks;

4. note symbols including <Pitch>, <Velocity> and <Duration>, which

are jointly predicted in one time step;

5. Meta symbols, including tempo and style.
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This representation is similar to the REMI representation, both of which have

notes encoded by their velocity, pitch and duration and have similar metrical

symbols (bar and position) as well as the chord symbols. However, since

the score information for multiple instrument tracks is squeezed into a single

sequence, the sequence will be very long, and this will make it harder for

models to learn. To shorten the sequence length, the paper proposed to predict

the three note attributes in one time step. More specifically, they take the sum

of the embeddings of the three note symbols as the embedding for the note, and

use this embedding as the input to the token embedding for the corresponding

time step. For prediction, they use multiple softmax matrices to generate

the corresponding attributes for each time step. To better model the long-

term dependencies, the work makes use of a recurrent Transformer encoder

and recurrent Transformer decoder architecture similar to the Transformer-

XL architecture (Dai et al., 2019). This allows the model to deal with an

unlimited length of sequences. It turns out that the MuMIDI representation

predicts more consistent harmonies than the REMI representation for multiple

instrument tracks.

Compound Word representation (Hsiao et al., 2021)

This score representation is an upgraded version based on the REMI repre-

sentation and the MuMIDI representation. Similar to the two, the Compound

Word representation group the tokens into two types of “Compound Words”:

Metrical-related word and Note-related word. A Metrical-related word covers

a BAR token or a group of POSITON, CHORD and TEMPO tokens (if there

are chord and tempo changes, otherwise they are set to IGNORE). A Note-

related word is composed of a group of PITCH, DURATION and VELOCITY

tokens. At each time step, the model predicts one “Compound Word” and

this will not only greatly shorten the sequence length, but also offer a chance

to explicitly take into account the different types of tokens. To better model

the different token types, the work defines the data representation as having

7 tokens per time step, one family token corresponding to Metrical-related

or Note-related symbols, three tokens for Metrical-related tokens and the re-

maining 3 tokens for Note-related tokens. For each time step, there will be at
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least 3 empty tokens, which are set to be IGNORE.

To better model the type-specific information, 7 embedding layers and 7

feed-forward heads in the Transformer model are added to the different types

of tokens. The embeddings for each of them are concatenated to a larger

embedding vector to be used as the input for each time step. In order to

better constrain the prediction of only Metrical-related or Note-related tokens,

the model predicts tokens for each time step in two stages: first predict the

family token, and then it predicts the CompoundWord tokens given the family

token. By using the Compound Word representation, the models converge 5-

10 times faster than during training, compared to models using REMI or

time-shift representations, with comparable quality in generated music.

OctupleMIDI encoding (Zeng et al., 2021)

This paper develops MusicBERT, a large-scale pre-trained model for music

understanding. The data representation OctupleMIDI encodes music into

a sequence of 8-element octuples, where each element represents one of the

different characteristics of a musical note. Each of the eight elements is one

of the following:

1. 254 TIME-SIGNATURE elements, the denominator is a power of two

in the range of [1, 64] and the numerator is an integer in the range of [1,

128]. The duration of a bar is limited to no more than two whole notes.

and otherwise it will be divided into several equal-duration bars;

2. 49 TEMPO elements, quantised from tempo values in the range of [16,

256]. The tempo values are in a geometric progression instead of an

arithmetic progression;

3. 256 BAR elements and 128 POSITION elements. This supports music

pieces with up to 256 bars. A granularity of a 64th note is used to

represent the onset time of notes, starting from 0 in each bar, which

corresponds to a total of 128 POSITION elements to represent positions

within a bar no longer than two whole notes;

4. 129 INSTRUMENT elements;
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5. 128 PITCH elements and 128 PITCH-PERCUSSION elements;

6. 128 DURATION elements, where a high resolution is used when the note

duration is small and a low resolution is used when the note duration is

large. For percussion instruments, the duration is set to be 0;

7. 32 VELOCITY elements, which are quantised with an interval of 4 in

the range of [2, 126].

By covering the eight characteristics in a single time step, the work greatly

reduces the length of a music sequence. OctupleMIDI encoding is four times

shorter than the REMI representation and two times shorter than the Com-

pound Word representation. It is also note-centric and can be easily adapted

to cover more/less information on demand.

Since there are a lot of repetitions in the metrical-related elements, the

paper proposed a bar-level masking strategy, which masks all the tokens of

the same type in a bar to get rid of information leakage and help with effective

representation learning.

2.4 Datasets and Evaluation Metrics

2.4.1 Datasets

As there is an increasing amount of exploration on deep learning methods for

AMT, people are using larger datasets to train and evaluate the systems they

developed. In the following, we review datasets that are commonly used for

AMT problems in the literature:

• RWC dataset (Goto et al., 2003)

The RWC dataset is a comprehensive collection of 315 musical pieces

divided into six subsets, featuring a wide range of instruments such

as guitar, vocal, drums, piano, trumpet, clarinet, and more. It encom-

passes diverse music styles, including classical, royalty-free, popular, and

jazz. The dataset consists of real recordings with non-aligned MIDI files

for most subsets. For the classical subset, an enhanced version called
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SyncRWC provides automatically aligned MIDI annotations, making it

particularly useful for tasks requiring precise synchronisation.

• MAPS dataset (Emiya et al., 2010)

The MAPS dataset focuses exclusively on piano music and includes both

classical pieces and non-musical material such as individual notes and

chords. It features 30 compositions rendered across nine different piano

synthesisers in the MUS subset. The dataset contains both synthe-

sised and real piano recordings, offering a rich resource for piano-based

studies. Additionally, rhythm and key annotations are provided in the

extended A-MAPS dataset, enabling advanced analysis of piano perfor-

mances.

• Bach10 (Duan et al., 2010)

The Bach10 dataset consists of 10 real recordings of four-part J.S. Bach

chorales. The dataset includes individual instrument stems for violin,

clarinet, saxophone, and bassoon, along with fundamental frequency

(F0) annotations. Its compact size and detailed labelling make it a valu-

able resource for studying polyphonic music, especially in the context of

classical chorale-style composition.

• MedleyDB (Bittner et al., 2014)

MedleyDB comprises 196 royalty-free music tracks featuring a variety

of instruments, including piano and vocals. The dataset is notable for

its provision of individual stems for each instrument in the recordings,

enabling detailed analysis and separation studies. Moreover, 108 of the

tracks include melody annotations, making this dataset particularly use-

ful for tasks like melody extraction and multi-instrument music analysis.

• MusicNet (Thickstun et al., 2017)

The MusicNet dataset includes 330 classical music recordings performed

under various conditions. It features multiple instruments such as piano,

violin, and clarinet. Labels in the dataset are aligned using dynamic

time warping and manually verified by trained musicians, resulting in

a high-quality resource with an estimated labelling error rate of just
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4%. MusicNet’s detailed annotations and diverse recordings make it a

significant dataset for classical music analysis and modelling.

• GuitarSet (Xi et al., 2018)

GuitarSet is a collection of 360 real recordings focused on popular music

styles. The dataset exclusively features guitar performances, offering a

rich resource for studying this instrument in depth. Its comprehensive

scope makes it ideal for tasks like transcription, modelling, and style

analysis specific to guitar-based music.

• MAESTRO (Hawthorne et al., 2019)

The MAESTRO dataset is a large-scale collection of piano performances

drawn from e-piano competitions, with a total duration of 201.2 hours

across 1,282 pieces. The dataset primarily features classical music and

provides high-quality recordings with fine temporal alignment. Its exten-

sive size and detailed annotations make MAESTRO a valuable resource

for tasks such as piano transcription, generation, and performance anal-

ysis.

• Slakh (Manilow et al., 2019)

The Slakh dataset contains 2,100 synthesised tracks spanning various

musical styles, including classical and popular music. It features multiple

instruments such as piano, guitar, bass, and drums. The dataset is

synthesised using MIDI data from the Lakh MIDI dataset, offering a

controlled environment for studying music transcription, generation, and

source separation in multi-instrument contexts.

• ASAP (Foscarin et al., 2020)

The ASAP (Aligned Scores and Performances) dataset is a collection of

piano performances aligned with their corresponding musical scores. It

includes recordings of classical piano pieces with detailed performance

data such as tempo, dynamics, and expressive timing. The dataset

contains 236 distinct musical scores and 1067 performances of Western

classical piano music from 15 different composers. It provides precise
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alignments between the audio and the symbolic score, making it a valu-

able resource for tasks like automatic music transcription, performance

analysis, and expressive modelling. Its emphasis on alignment and ex-

pressive features sets it apart as a significant contribution to piano-based

music research.

Although there are plenty of choices of AMT datasets, there are relatively

more datasets for piano transcription (given the ease in automatically export-

ing MIDI annotations from acoustic pianos when using specific piano models

such as Disklavier or Bösendorfer), but much less for other instruments, es-

pecially non-Western instruments. The biggest challenge of collecting AMT

datasets is that annotating music recordings requires a high degree of music

expertise and is very time-consuming. Also, there might not be enough music

pieces and recordings for some less popular traditional instruments when a

large dataset is needed. Moreover, human-annotated transcription datasets

are not guaranteed to have a high degree of temporal precision, which makes

them less suitable for model evaluation on the frame and note level. Su &

Yang (2015) proposed four aspects to evaluate the goodness of a dataset: gen-

erality, efficiency, cost and quality. They suggest that a good dataset should

not be limited to a certain music form or recording conditions, should be fast-

annotated, should be as low-cost as possible, and should be accurate enough.

Because of the difficulty in collecting large human-transcribed datasets, re-

searchers have used electronic instruments or acoustic instruments with sen-

sors that can directly produce annotations (e.g., electronic piano, MAESTRO

dataset), or synthesised datasets (e.g., Slakh) instead of real recordings. The

use of synthesised recordings greatly speeds up dataset collection, but on the

other hand, could introduce some bias in model training, limiting the gener-

ality of the developed AMT system.

2.4.2 Evaluation Metrics

Frame- and note-level transcription metrics

Beyond collecting datasets, model evaluation is another important process in

developing methodologies for AMT problems. Evaluating a music transcrip-
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tion can be difficult since there are various types of errors, from pitch errors

to missing/extra notes, and each has a different influence on the final evalua-

tion of results. Currently, common evaluation metrics for AMT systems focus

mainly on frame/note level transcriptions (Bittner & Bosch, 2019; Bay et al.,

2009; Bosch et al., 2016; Kelz et al., 2016; Hawthorne et al., 2018). Much less

work has been done on stream and notation level transcriptions (McLeod &

Yoshii, 2019; McLeod & Steedman, 2018a; Molina et al., 2014). In the 2019

annual Music Information Retrieval Evaluation eXchange (MIREX), there

are three subtasks (MIREX) for music transcription for pitched-instruments -

multiple fundamental frequency estimation on frame level, note tracking, and

timbre tracking (multi-pitch streaming).

Common multiple fundamental frequency estimation methods (Bay et al.,

2009) calculate frame-wise precision (P ), recall (R) and relevant F-measure

(F1 score, F1) values. The three scores are defined as:

P =
TP

TP + FP
(2.1)

R =
TP

TP + FN
(2.2)

F1 =
2× P ×R

P +R
(2.3)

The TP , FP , and FN values correspond to true positives, false positives

and false negatives respectively, and are calculated from all pitch values and

time frames in the piano roll. There are also other methods for evaluating

frame-wise transcription, such as separating different types of errors (e.g.,

missed pitches, extra pitches, false octaves) in multiple F0 estimation. A type-

specific error rate is proposed by Poliner & Ellis (2007), where the authors

defined a frame-level transcription error score combining different error types.

Separating different error types can help with analysing the limitations of

music transcription systems.

Note tracking problems usually define transcription results as sequences

of notes, characterised by a pitch, onset and offset. A tolerance is defined

to allow small errors in onset times since it is difficult to estimate the exact

time when building an AMT dataset as well as transcribing music with an

AMT system. A common tolerance is 50ms, which is used in the MIREX
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note tracking subtask. There are also some other scenarios where offset times

are included (e.g., a 20% tolerance for offset (Benetos & Holzapfel, 2013) and

a tolerance of the larger one in 20% of the note length and 50ms (Cogliati

et al., 2017)). For any of the above scenarios, note-level precision, recall and

F-measure are calculated for a final evaluation. Similar to frame-level F0

estimation, researchers have attempted to include error types in evaluation

metrics (Molina et al., 2014).

There are fewer works on multi-pitch streaming. The evaluation for multi-

pitch streaming uses similar metrics like precision and recall. Gòmez & Bonada

(2013) proposed a simple method of calculating accuracy and false rate to

evaluate voice streaming applied to A Capella transcription. In 2014, Duan

et al. (2014) used a similar evaluation method to calculate a more general

multi-pitch streaming accuracy. The accuracy is defined as:

accuracy =
TP

TP + FP + FN
(2.4)

Another work by Molina et al. (2014) proposed to include types of errors in

streaming process, and used a standard precision-recall metric.

Score-level transcription metrics

Recent years have seen some introduction of evaluation metrics for complete

music transcription, given a recent increase in methods that directly transcribe

audio to music scores (Cogliati & Duan, 2017; McLeod & Steedman, 2018a;

McLeod & Yoshii, 2019). A recent approach for evaluating score transcrip-

tions is proposed by McLeod & Yoshii (2019), which is based on a previous

approach called MV2H (representing Multi-pitch detection, Voice separation,

Metrical alignment, note Value detection, and Harmonic analysis) (McLeod

& Steedman, 2018a). According to this metric, a score is calculated for each

of the five aspects, then the scores are combined into a joint evaluation follow-

ing the principle that one mistake should not be penalised more than once.

More recently, Nakamura and Hiramatsu have proposed MUSTER, which is

an edit-distance-based metric for evaluating score-level transcription in Mu-

sicXML format (Nakamura et al., 2018; Hiramatsu et al., 2021). Similar to

the word error rate (WER) used for evaluating automatic speech recognition
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systems, MUSTER introduces six sub-metrics (i.e., pitch error rate, missing

note rate, extra note rate, onset-time error rate, offset-time error rate, and

voice error rate), where each sub-metric evaluates a specific aspect of the

music score.

While most evaluation metrics are based on music theory and simple sta-

tistical analysis, there are some metrics that contain some considerations of

human perception of music transcriptions. In 2008, Daniel et al. (2008) ex-

plored the differences of some error types in AMT from the aspect of human

perception, and proposed a modified evaluation metric that weights different

error types.

2.5 State of the art

In this section, we look into state-of-the-art methodologies for AMT, mainly

focusing on Neural Network methods. The section will be structured as fol-

lows. In subsection 2.5.1, we provide an overview of the development and

common methods for AMT, followed by subsection 2.5.2, where we discuss

Neural Network methods used in AMT. The following sections cover more

specific topics within AMT: we give a review on multi-task learning methods

for AMT in subsection 2.5.3; and the use of music language models and related

works are covered in subsection 2.5.4.

2.5.1 Overview

As the field of MIR has evolved over the past 20 years since the inception of

the International Symposium on Music Information Retrieval (ISMIR), so has

the topic of AMT. Roughly, proposed methods for AMT in the early 2000’s

made use of signal processing and statistical machine learning theory (Klapuri

& Davy, 2006). Following the seminal paper by Smaragdis & Brown (2003)

on the potential of non-negative matrix factorisation, when applied to the

problem of AMT, a series of different methods were proposed for AMT that

made use of matrix decomposition approaches. In the early 2010’s, following

the rise of deep learning methods and the paper by Humphrey et al. (2018)

advocating for the use of deep learning methods for MIR, neural network-
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based methods started being widely used for AMT and are still in use to

date.

In terms of AMT subtasks to be addressed, the vast majority of meth-

ods have been and still do focus on (framewise) multi-pitch detection, with a

smaller proportion of methods focusing on note tracking or rhythm transcrip-

tion/typesetting. Due to the emergence of end-to-end deep learning methods

for AMT, an increasing trend towards systems producing higher-level rep-

resentations (such as outputs in MIDI format or in staff notation) can be

observed (Benetos et al., 2019). The problem of timbre tracking/instrument

assignment is, however, still under-explored.

Current literature for AMT includes a mixture of deep learning and ma-

trix decomposition approaches, with deep learning methods currently being

used in the majority of scenarios. Compared to other tasks in MIR, a large

proportion of methods still employ matrix decomposition approaches (Bene-

tos et al., 2019), due to their ability to work with limited data, fast learning

and inference, and due to the models’ interpretability. The remainder of this

chapter will focus more on neural network-based methods for AMT, due to

their increasing popularity in the research community and also due to certain

methodological challenges when using deep learning methods for AMT that

are still to be addressed.

2.5.2 Neural Networks for AMT

Research in AMT has increasingly been relying on deep learning models,

which use feedforward, recurrent, and convolutional layers as main architec-

tural blocks. An early example of a deep neural model applied to AMT is

the work of Nam et al. (2011), which uses a Deep Belief Network (DBN) in

order to learn representations for a polyphonic piano transcription task. The

resulting learned features are then fed to a Support Vector Machine (SVM)

classifier in order to produce a final decision. Another notable early work that

made use of deep neural architectures was by Böck & Schedl (2012), where

the authors used a bi-directional Recurrent Neural Network (RNN) with Long

Short-Term Memory (LSTM) units, applied to the task of polyphonic piano

transcription. Two points are particularly worth mentioning for the work by
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Böck & Schedl (2012): (i) the use of two STFT magnitude spectrograms with

different window sizes as inputs to the network, in order to achieve both a

“good temporal precision and a sufficient frequency resolution”; (ii) The out-

put is a piano-roll representation of note onsets and corresponding pitches,

and does not include information on note durations/offsets.

A first systematic study towards the use of various neural network ar-

chitectures for AMT was done by Sigtia et al. (2016). The study compared

networks for polyphonic piano transcription that used feedforward, recurrent,

and convolutional layers (noting that layer types were not combined), all using

a Constant-Q Transform (CQT) spectrogram as input time-frequency repre-

sentation. Results by Sigtia et al. (2016) showed that networks that include

convolutional layers reported the best results for the task, which is also in line

with other results reported in the literature, and with current methodological

trends related to neural networks for AMT. The ability of Convolutional Neu-

ral Networks (CNNs) to function well for tasks related to multi-pitch detection

and AMT stems from the useful property of shift-invariance in log-frequency

representations such as the CQT: a convolutional kernel that is shifted across

the log-frequency axis can capture spectro-temporal patterns that are common

across multiple pitches.

Following the work by Sigtia et al. (2016), Kelz et al. (2016) showed the

potential of simple frame-based approaches for polyphonic piano transcription

using an architecture similar to the architecture proposed by Sigtia et al.

(2016), but making use of up-to-date training techniques, regularizers, and

taking into account hyper-parameter tuning. The “ConvNet” architecture

(Kelz et al., 2016) can be seen in Figure 2.7.

An influential work that used CNNs for multiple fundamental frequency

estimation in polyphonic music was the deep salience representation proposed

by Bittner et al. (2017). Contrary to most methods in AMT that produce a

binary output, the model (Bittner et al., 2017) produces a non-binary time-

pitch representation at 20 cent pitch resolution, which can be useful for both

AMT applications and for several downstream applications in the broader

field of MIR. A particular contribution of this work was the use of a Harmonic

Constant-Q Transform (HCQT) as input representation; the HCQT is a three-
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 + MaxPool (1*2)

Dense Layer (512)

Dense Layer (88)
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Figure 2.7: Model architecture for the convolutional neural network by Kelz

et al. (2016) for polyphonic piano transcription. The depicted network corre-

sponds to the “ConvNet” architecture by Kelz et al. (2016).

dimensional representation over frequency, time and harmonic, produced by

computing several versions of the CQT by scaling the minimum frequency

used by a harmonic. Figure 2.8 shows the pitch salience representation for

the Mozart excerpt of Figure 2.1, computed using the deep salience method

(Bittner et al., 2017).

The ability of CNNs in learning features in time or time-frequency repre-

sentations keeps them still active in the AMT literature. This includes the

work of Thickstun et al. (2017) that was carried out as part of the Music-

Net dataset, and compared feedforward and convolutional networks learned

on raw audio inputs, as opposed to having a time-frequency representation

as input. It is worth noting, however that convolutional, and more broadly

neural networks, when trained for AMT as a multi-label classification task,

face the issue that they appear to learn combinations of notes exposed to them
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Figure 2.8: Pitch salience representation for the excerpt of Figure 2.1, using

the deep salience method (Bittner et al., 2017).

during training, and are not able to generalise unseen combinations of notes –

the so-called entanglement problem as discussed by (Kelz & Widmer, 2017).

2.5.3 Multi-task learning methods

Recent research in machine learning has focused onmulti-task learning (Ruder,

2017), where multiple learning tasks are addressed jointly, thus exploiting task

similarities and differences. In the context of AMT, multi-task learning has

been shown to improve transcription performance in certain cases. Tasks

related to AMT, such as note-level transcription, onset detection, melody es-

timation, bass line prediction and multi-pitch detection (sharing chroma and

rhythm features) can be integrated into one model that would exploit task

interdependencies.

In the “Onsets and Frames” system by Hawthorne et al. (2018), which is

currently considered the benchmark in automatic piano transcription, the au-

thors used a deep Convolutional Recurrent Neural Network (CRNN) to jointly

predict onsets and multiple pitches. The onset detection results are fed back
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into the model for further improving frame-wise multi-pitch predictions. The

Onsets and Frames model was further improved in the work of Kim & Bello

(2019), which addresses the problem of expressing inter-label dependencies

through an adversarial learning scheme.

Bittner et al. (2018) proposed a multi-task model that jointly estimates

outputs for several AMT-related tasks, including multiple fundamental fre-

quency estimation, melody, vocal and bass line estimation. The authors show

that the more tasks included in the model, the higher the performance, and

that the multi-task model outperforms the single-task equivalents. In another

recent work (Kelz et al., 2019a), the authors designed a multi-task model with

CNNs which enables four different transcription subtasks: multiple-f0 estima-

tion, melody estimation, bass estimation, and vocal estimation. Results on

the method proposed by Kelz et al. (2019a) showed an overall improvement

in the multi-task model compared to single task models.

2.5.4 Early-stage music language models

Inspired by work in the field of speech processing, where many systems for Au-

tomatic Speech Recognition (ASR) benefit from language models that predict

the occurrence of a word or phoneme (Jurafsky & Martin, 2008), researchers

in MIR have recently attempted to use Music Language Models (MLMs) and

combine them with acoustic models in order to improve AMT performance.

While the problem of polyphonic music prediction using statistical machine

learning models (such as n-grams and hidden Markov models) is not triv-

ial, the emergence of neural network methods for high-dimensional sequence

prediction has enabled the use of MLMs for polyphonic music.

One of the first works to use neural network-based MLMs for polyphonic

music prediction and combine them with multi-pitch detection was carried out

by Boulanger-Lewandowski et al. (2012). The MLM was based on a combi-

nation of a recurrent neural network with a Neural Autogressive Distribution

Estimator (NADE). The same RNN-NADE music language model was also

used by Sigtia et al. (2016), which was combined with a CNN as the acous-

tic model, showing that the inclusion of an MLM can improve transcription

performance.
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It was shown, however, that the MLMs which operate at the level of a

small time frame (e.g., 10 msec) are only able to produce a smoothing effect

in the resulting transcription (Ycart & Benetos, 2017). More recently, Wang

et al. (2018) used an LSTM-RBM language model as part of their proposed

transcription system, but each frame corresponds to an inter-onset interval

as opposed to a fixed temporal duration, resulting in improved transcription

performance when using note-based metrics. Finally, Ycart et al. (2019) com-

bined an LSTM-based music language model with a feedforward neural blend-

ing model, which combines the MLM probabilities with the acoustic model

probabilities. In line with past observations, the blending and language mod-

els work best when musically-relevant time steps are used (in this case, time

steps corresponding to a 16th note).

2.6 More on Deep Learning in Sequential Problems

In this section, we discuss a little more about the use of sequence-to-sequence

models and attention mechanisms in sequential problems, since they play a

crucial role in the development of our proposed methods. We will briefly intro-

duce basic sequence model structures, including sequence-to-sequence models

and the attention mechanism.

2.6.1 RNN-based sequence-to-sequence models

Recurrent neural networks are limited to pre-aligned input and output se-

quences, but in a more general situation of sequence transduction, we need

to deal with non-aligned input/output sequence pairs, and sometimes even

free-length output sequences. To solve this problem, people have proposed

different approaches. One of the early solutions was the sequence “Trans-

ducer” proposed by Graves et al. (2006) and later improved by Graves (2012),

which uses connectionist temporal classification (CTC) to label non-aligned

sequences. A null symbol is used in an intermediate stage to link an aligned

output to the final non-aligned output sequence. Thus, this method is limited

to labelling a monotonic sequence, and the output sequence cannot be longer

than the original aligned sequence.
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Another solution fits a more general situation of free-length sequence trans-

duction. Sutskever et al. (2014) proposed the use of a sequence-to-sequence

(seq2seq) model. The seq2seq model uses two RNN networks, one as an en-

coder, another as a decoder. The encoder maps an input sequence into a

fixed-dimensional latent vector, and the decoder decodes the vector into an

output sequence. This architecture is proven to be useful in many appli-

cations, including machine translation (Sutskever et al., 2014; Bahar et al.,

2018; Luong et al., 2016), automatic speech recognition (Bahar et al., 2019),

syntactic constituency parsing (Vinyals et al., 2015), image captioning (Zhao

et al., 2016) and automatic music transcription (Ullrich & van der Wel, 2018;

Nishikimi et al., 2019). It is worth mentioning that Sutskever et al. (2014)

found that by reversing the order of the input sequence, the system’s perfor-

mance can improve markedly, since the operation introduces many short-term

dependencies between the input and output sequences. The seq2seq model

has been shown to be effective in improving transcription performance. How-

ever, it is still a challenge to improve the performance of the seq2seq model,

especially for long sequences.

2.6.2 Early-stage attention mechanisms

Following the seq2seq model, people have proposed to use attention mecha-

nisms to improve model performance. This early-stage exploration of atten-

tion mechanism brings wide discussions in the community and were explored

in various tasks.

Chorowski et al. (2014) proposed content-based alignment methods to con-

nect input and output sequences. This idea was further explored by Bahdanau

et al. (2015), where a penalty was applied to alignments that map to pre-

considered inputs, preferring monotonic alignment.

Following this, the addition-based attention was proposed by Bahdanau

et al. (2015), and became widely used before the multi-head self-attention

mechanism in the Transformer architecture was introduced (Vaswani et al.,

2017). To deal with long utterances, Chorowski et al. (2015) further extended

the original content-based mechanism to be location-aware, or more precisely,

to take into account the alignment in the previous time steps. In the same
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year, Chan et al. (2015) proposed a “Listen, Attend and Spell” model that

uses a pyramid structured bi-LSTM encoder (Listener) and an attention-based

decoder (Speller) for character-wise speech recognition.

Later, attention and related ideas were further used in various tasks. Ba-

har et al. (2018) proposed a two-dimensional sequence-to-sequence model to

model the dependency between input and output sequences, and tested it in

machine translation and automatic speech recognition tasks. Beyond sequen-

tial problems, the idea of “attend” to some parts of data was also used in

computer vision (Zhang et al., 2019). Attention has become a commonly used

mechanism in neural machine translation (Bahdanau et al., 2015), automatic

speech recognition (Chorowski et al., 2014, 2015), sentiment analysis (Shen

et al., 2018), and automatic music transcription (Nishikimi et al., 2019).

2.6.3 Multi-head self-attention and the Transformer architec-

ture

A general attention mechanism for modelling dependencies between input and

output sequences usually uses query, key, and value representations to calcu-

late a context vector that indicates how much attention the current output

should pay to each input position. This is further extended into multi-head

self-attention by Vaswani et al. (2017).

In the self-attention setting, for an input sequence representation H, the

model computes a query matrix Q = HWQ, a key matrix K = HWK , and

a value matrix V = HW V , and then uses scaled dot-product attention to

calculate the attention weights,

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V. (2.5)

The resulting weighted sum gives a context-aware representation at each time

step. Multi-head self-attention computes this operation in parallel with mul-

tiple parameter sets,

headi = Attention(QWQ
i ,KWK

i , V W V
i ), (2.6)

and then combines them as:

MultiHead(Q,K, V ) = Concat(head1, . . . ,headh)W
O. (2.7)



CHAPTER 2. BACKGROUND 65

In the Transformer architecture, attention is not only used between en-

coder and decoder, but also within the encoder and decoder as self-attention

layers combined with feed-forward networks. At the same time, they choose

to calculate not only one set of attention weights, but multiple sets of atten-

tion weights within each self-attention, to allow a word to attend to different

words in a sentence.

The idea of multi-head self-attention is further explored in various works,

such as (Shen et al., 2018; Salazar et al., 2019; Yang et al., 2019; Voita

et al., 2019). Shen et al. (2018) proposed DiSAN, which uses directional

self-attention to model token dependencies without RNN/CNN recurrence.

Salazar et al. (2019) applied self-attention networks to CTC-based speech

recognition, showing that self-attention can be used as an acoustic sequence

model in end-to-end automatic speech recognition. Yang et al. (2019) pro-

posed convolutional self-attention networks, combining convolutional layers

and self-attention to capture both local and global dependencies. Voita et al.

(2019) analysed multi-head self-attention in neural machine translation and

showed that a subset of specialised heads contributes most of the useful be-

haviour, while many other heads can be pruned with limited performance

degradation.

Recent AMT studies have also seen an increased use of the Transformer

architecture. For note-level piano transcription and multi-instrument tran-

scription, Hawthorne et al. (2021) proposed a sequence-to-sequence Trans-

former for piano transcription, Gardner et al. (2022) extended this direction

to multi-instrument transcription, Toyama et al. (2023) introduced a hier-

archical frequency-time Transformer to model dependencies across both fre-

quency and time axes, and recent systems further adopted this architecture

(Yan & Duan, 2024; Chang et al., 2024). For audio-to-score transcription,

(Alfaro-Contreras et al., 2024) proposed to use the Transformer architecture

for polyphonic music transcription.

2.7 Conclusions

AMT is a core problem in the field of Music Information Retrieval (MIR),

and has attracted a lot of attention during the past few decades. In this
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chapter, we review and discuss some of the main topics within the problem of

AMT. We make a concrete definition of the problem of AMT, and describe

the main subtasks in the AMT process (see subsection 2.2.1). We also in-

troduce the problem of complete transcription, which refers to the process of

converting music audio into a music score representation. We review com-

monly used datasets and evaluation metrics for AMT (see Section 2.4), and

look into the state-of-the-art methodologies used in AMT (see Section 2.5).

Current research on AMT has focused on methods using neural networks with

promising results. We look into several topics in particular, including the use

of commonly used neural network architectures, the use of multi-task learn-

ing methods, the use of music language models, and methods for complete

transcription.



Chapter 3

Data Collection and Prepara-

tion

3.1 Introduction

Due to several difficulties in dataset collection and annotation mentioned in

subsection 2.4.1 of Chapter 2, we worked on preparing data for audio-to-score

piano transcription as a first step of our project.

In this chapter, we will introduce the two datasets we prepared and used

during the PhD project: 1) the MuseSyn dataset (Liu et al., 2021b) and 2)

the ACPAS dataset (Liu et al., 2021a). For reproducibility purposes, we have

made both datasets accessible online:

• MuseSyn dataset: https://zenodo.org/record/4527460

• ACPAS dataset: https://cheriell.github.io/research/ACPAS_dataset

We decided to collect the two datasets because at the time of starting this

PhD project, there were no publicly available datasets that provided music

score ground truth for score-level transcription tasks. Previous research either

used internal datasets or synthetic datasets from musical scores (Carvalho &

Smaragdis, 2017; Nakamura et al., 2018). The two datasets we collected rep-

resent different music styles and levels of expressive performances. Here, we

consider music tracks with “expressive performance” to be those performances

67
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with tempo and dynamic changes, whether introduced by real human perfor-

mance or by editing to simulate real human performance. In this scenario, the

MuseSyn dataset contains only music pieces collected and synthesized from

music scores. So, it does not contain any “expressive performance”. The

MuseSyn dataset is composed of popular music and a few simplified classical

music pieces without expressive performance, and the ACPAS dataset covers

classical music with expressive performance. The difference between the two

datasets allows us to better investigate the ability of the transcription systems

at different levels of transcription difficulty.

In the remainder of this chapter, we describe the dataset contents in Sec-

tion 3.2 and the dataset statistics in Section 3.3. Lastly, conclusions follow in

Section 3.4. Associated publications with this chapter are (Liu et al., 2021b)

and (Liu et al., 2021a).

3.2 Dataset content

3.2.1 MuseSyn dataset: A dataset synthesised from piano

sheet music collected at the MuseScore website

MuseSyn is a dataset (Syn)thesized from piano sheet music collected from

the (Muse)Score website1. Due to the lack of automatic music transcription

datasets that provide music score ground truth on both physical and musical

time, we collected 210 scores of popular or simplified classical piano music in

MusicXML format, converted them into MIDI files, and synthesized the audio

recordings using the MIDIs. Some examples of the music pieces we collected

include “All Falls Down” by Alan Walker, “A Sky Full of Stars” by Coldplay

and a simplified piano version of “Canon in D”. For efficient conversion from

MusicXML to MIDI format, we use the Batch Convert plugin for MuseScore.2

During the synthesis process, we used four piano models provided by the

Native Instruments Kontakt Player3 in order to provide some variations in

1MuseScore sheet music for piano: https://musescore.com/hub/piano
2Batch Convert plugin: https://musescore.org/en/project/batch-convert
3Kontakt 6 Player: https://www.native-instruments.com/en/products/komplete/

samplers/kontakt-6-player/

https://musescore.com/hub/piano
https://musescore.org/en/project/batch-convert
https://www.native-instruments.com/en/products/komplete/samplers/kontakt-6-player/
https://www.native-instruments.com/en/products/komplete/samplers/kontakt-6-player/
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the piano font and allow training and evaluation on different piano fonts. The

synthesized audio recordings are in .flac format, with a sample rate of 44.1kHz

and a bit depth of 16 bits. To speed up the synthesis procedure, we used the

python-reapy4 package to automate the music synthesis using Reaper5. The

code of our automatic synthesis pipeline has been made available online for

reuse at https://github.com/cheriell/MuseSyn-dataset-synthesis.

The MuseSyn dataset contains music pieces organised in three formats:

1) .flac audio recordings; 2) MIDI scores; and 3) MusicXML scores. As the

audio files were synthesised directly from the scores, they are synchronised

in physical times. It is important to mention that these audio recordings

have a constant tempo and lack dynamics, as they are a direct synthesis of

the music scores. The MuseSyn dataset comprises music scores presented

in piano grand staff format, encompassing diverse key and time signatures.

The dataset includes notes limited to semibreve, minim, crotchet, quaver,

semiquaver, and demisemiquaver. To keep the scores simple, the scores do

not contain grace notes, triplets, arpeggios, or trios. We manually checked

each collected music score to remove them if there were any.

We adopt a training/validation/testing ratio of 8:1:1 for dataset splitting,

resulting in 168 pieces for training, 21 pieces for validation, and 21 pieces

for testing. Each music piece is assigned to one subset only to avoid overlap

between subsets. During the synthesis process, we utilize four piano fonts, of

which three piano fonts are assigned for training and validation, while all four

piano fonts are used for testing.

As MuseSyn is entirely synthetic, there is a risk of overfitting to its syn-

thetic profile. Models trained on this dataset may not generalise well to real-

world performances, which contain expressive timing and dynamic variations

absent from MuseSyn. To compensate for this limitation, we introduce the

ACPAS dataset, which includes both synthesised and real expressive piano

performances, allowing models to be further trained and evaluated in more

realistic conditions.

4python-reapy: https://pypi.org/project/python-reapy/
5Reaper: https://www.reaper.fm/

https://github.com/cheriell/MuseSyn-dataset-synthesis
https://pypi.org/project/python-reapy/
https://www.reaper.fm/
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3.2.2 ACPAS dataset: A dataset of aligned classical piano

audio and scores

ACPAS is a dataset of Aligned Classical Piano Audio and Scores for Audio-

to-Score (A2S) transcription research. It is created from three sources: 1)

the ASAP dataset (Foscarin et al., 2020); 2) the MAPS (Emiya et al., 2010)

dataset, with score annotations provided in the A-MAPS dataset (Ycart et al.,

2018); and 3) the Classical Piano MIDI (CPM) database (Krueger, 2018).

The reason we collected data from multiple sources is to cover more music

performances which are available in the ASAP dataset, and data with accurate

annotations for model evaluation which can be obtained from the MAPS and

CPM sources. While all the pieces in the ACPAS dataset consist of expressive

performances, the ones from the ASAP dataset comprise real performances,

and the ones from the other two sources are manually tuned performances by

musicians, aimed at simulating human-like performance.

Here we present a summary of the three data sources utilized to compile

the ACPAS dataset:

• ASAP dataset. The ASAP dataset (Foscarin et al., 2020) is a dataset

of aligned music scores and performances with downbeat, beat, time

signature, and key signature annotations. The dataset offers 1067 mu-

sic performances in both audio and MIDI formats, along with 236 dis-

tinct music scores provided in MIDI and MusicXML formats. The per-

formances and scores are aligned at beat level. Music performances

are collected from the MAESTRO dataset v2.0.0 (Hawthorne et al.,

2019) which are performed by pianists in the International Piano-e-

Competition. Music scores are written by amateur musicians. Beat and

downbeat annotations are created from an automatic annotation work-

flow based on alignment and mapping algorithms with a final manual

correction step.

• MAPS dataset. The MAPS dataset (Emiya et al., 2010) is a dataset

with 270 MIDI-annotated piano recordings from 158 distinct music scores.

The MIDI files are obtained from the CPM database, which will be de-

scribed in the next paragraph. The recordings are partly synthesised
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with different soundfonts and partly recorded from a Yamaha Disklavier.

The original MAPS dataset contains several subsets, including isolated

notes and monophonic excerpts, random chords, common chords, and

pieces of music. In our work, we merely take the data from a subset

of pieces of music. Nonetheless, the MIDI annotations available in the

MAPS dataset are restricted to physical time only, which does not meet

the needs of our audio-to-score transcription task. Consequently, we opt

to utilise the MIDI scores from the Augmented-MAPS dataset (Ycart

et al., 2018), which provide rhythm, time signature, and key signature

annotations for the music pieces in the MAPS dataset.

• Classical Piano-Midi Page. The classical piano Midi (CPM) database

(CPMDatabase, 2021) is a set of MIDI performances of 337 classical pi-

ano music pieces manually tuned on music scores to simulate human-like

performances. As a result, the MIDI files can work as a score-level an-

notation of the piano performances. A part of the musical pieces from

the CPM database was incorporated into the MAPS dataset. However,

the CPM database has been continuously updated by its creator over

the years, so some of the pieces are now different from the versions used

in the creation of MAPS. We thus include all up-to-date pieces provided

in the CPM database in our ACPAS dataset.6 We further synthesise

these pieces using different piano fonts to introduce greater variability

in the audio samples.

To address the absence of audio recordings in the CPM database and ex-

pand the sampling space, we generate audio recordings by synthesising each

MIDI performance gathered from the aforementioned sources. We use the

same automatic synthesis pipeline used in the creation of the MuseSyn dataset.

During the synthesis process, we introduce randomness by selecting one of the

four piano fonts available in the Native Instrument Kontakt Player. We apply

random adjustments to the piano fonts to create variations in hardness or

softness across performances. Additionally, we incorporate a level of rever-

beration to simulate real recording conditions. This combination of random

6Accessed in August 2021. A copy of the accessed version is available at

https://github.com/cheriell/ClassicalPianoMIDI-dataset

https://github.com/cheriell/ClassicalPianoMIDI-dataset
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choices and adjustments enhances the diversity and realism of the generated

audio recordings. The synthetic audio recordings are rendered into monaural

.wav files with a sample rate of 44.1kHz and a bit depth of 16 bits.

Combining data from all the aforementioned resources, we draw a dataset

with 497 distinct music pieces and 179.8 hours of 2189 audio performances.

Owing to the diverse data sources, the music performances can be categorised

as either genuine human performances (sourced from the ASAP dataset) or

synthesised performances with carefully crafted tempos and dynamics to em-

ulate human-like renditions (derived from the MAPS dataset and the CPM

database). The music audio recordings in the dataset are a combination of

real audio recordings sourced from the ASAP dataset and the MAPS dataset,

as well as synthetic recordings generated both from the MAPS dataset and

through our own synthesis process. The expressive timing deviations present

across the ACPAS dataset provide a more challenging scenario for transcrip-

tion systems to handle. They allow models to learn to handle expressive

performances and enable a more realistic examination of transcription system

capabilities in real-world scenarios.

The ACPAS dataset comprises several components for each music perfor-

mance. These components include: 1) audio recording of the performance, 2)

MIDI performance recording, 3) MIDI score, and 4) a TSV annotation file con-

taining beat, downbeat, time signature, and key signature annotations. For

performances from the MAPS dataset or the CPM database, the MIDI perfor-

mance and MIDI score are combined into a single MIDI file, annotated with

temporal and dynamic changes. For performances from the ASAP dataset,

the MIDI scores are adjusted to match the annotated beats, key, and time

signatures by updating the tick and tempo in the MIDI files. This allows

direct use of the MIDI scores as ground truth for certain audio-to-score tran-

scription evaluation metrics (e.g. the MV2H metric (McLeod & Steedman,

2018a; McLeod, 2019)).

The alignment between performances and symbolic scores operates at dif-

ferent levels depending on the data source. For performances from the MAPS

dataset and the CPM database, the alignment is exact: these performances

are MIDI files manually tuned from musical scores to simulate human-like
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performances rather than genuine live recordings, so performance and score

correspond perfectly. For performances from the ASAP dataset, the alignment

may contain errors arising from two sources: (1) these are real human piano

performances which do not always strictly follow the written score, owing to

expressive interpretation choices and performance errors; (2) the alignment be-

tween performance and score is produced by automatic alignment algorithms,

which are imperfect and can introduce additional mismatches.

The TSV annotation file provides synchronised beat and downbeat an-

notations for both the music performance (audio and MIDI) and the score

(MIDI). The format of the TSV file is similar to that in the ASAP dataset,

containing a list of beat times and their corresponding labels, including beat

annotation (e.g., “b” for beat, “db” for downbeat, and “bR” for an estimated

beat with rubato), time signature annotation in string format (e.g., “4/4”),

and key signature annotation as the number of sharps (positive) or flats (neg-

ative). These metadata annotations are carried over directly from the source

datasets; no independent re-validation was performed during dataset con-

struction, so their accuracy relies on the source datasets. Unlike the MuseSyn

dataset, the ACPAS dataset encompasses a wide range of notes and playing

techniques commonly found in classical music.

We divide the ACPAS dataset into a Real recording subset and a Synthetic

subset. The Real recording subset covers 578 real recording performances from

two sources: 1) the two real recording subsets, namely “ENSTDkCl” and

“ENSTDkAm”, sourced from the MAPS dataset and the corresponding MIDI

scores from the A-MAPS dataset, and 2) the performances from the ASAP

dataset with audio recordings from the MAESTRO dataset. The Synthetic

subset consists of 1611 performances with synthetic audio recordings derived

from three distinct sources: 1) Performances from the synthetic subsets within

the MAPS dataset, accompanied by MIDI scores from the A-MAPS dataset;

2) MIDI performances and scores sourced from the ASAP dataset. The audio

files are synthesised from performance MIDIs using Native Instrument Kon-

takt Player; and 3) MIDI performances and scores sourced from the CPM

database. The audio files are synthesised from performance MIDI using Na-

tive Instrument Kontakt Player.
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We established a pre-defined training/validation/testing split for the AC-

PAS dataset, ensuring that there is no overlap of music pieces among the

splits throughout the entire dataset. To achieve this, we consider existing

train/test splits from the MAPS and MAESTRO datasets. The provided

split guarantees that no test piece from the MAPS and MAESTRO datasets

is included in the training or validation split of the ACPAS dataset. This

strategic approach allows models trained on the ACPAS dataset to be effec-

tively evaluated using the test sets of MAPS and MAESTRO. In particular,

we designate the test set of the MAPS dataset to consist of the two real record-

ing subsets, “ENSTDkC” and “ENSTDkAm,” which are commonly used for

testing. Similarly, for the MAESTRO dataset, we consider the test split pro-

vided in v2.0.0. Once we have reserved all the test pieces that appear in the

MAPS and MAESTRO datasets, the remaining pieces are randomly divided

into the training/validation sets. During the synthesis process, we reserve one

piano font exclusively for synthesising test pieces. The other three piano fonts

are utilised across all three splits (training, validation, and testing). This al-

location ensures an effective and unbiased evaluation by including new piano

soundfonts in the testing set. Individual splits for each music piece and music

performance are provided in the dataset metadata. We provide two sets of

metadata: a list of all the distinct music pieces and metadata for each perfor-

mance. The latter covers information including distinct piece ID, composer,

title, performance duration, and path to the audio and MIDI files.

Despite its scale, the ACPAS dataset has certain limitations in terms of

stylistic diversity. The audio recordings are not diverse enough to fully rep-

resent real-world recording conditions: they consist of synthesised record-

ings and real recordings from only two sources, namely the MAPS dataset

(recorded on a Yamaha Disklavier) and the ASAP dataset (sourced from a

Yamaha E-Piano Competition, recorded on the same piano over the years).

Furthermore, the musical styles in the dataset are limited to classical piano

music, which does not cover the full breadth of piano music encountered in

real-world scenarios, such as popular, jazz, or blues styles. These limitations

in diversity constrain the ability of models trained on ACPAS to generalise to

unseen expressive performances. In addition, the dataset size, while sufficient
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Table 3.1: Dataset statistics across splits. Performances from the MAPS

dataset are not counted towards distinct MIDI performance since they are

derived from the CPM database. Pf: piano font.

Split Dist. Score Audio Performance Dist. MIDI Performance

No. Duration (h) No. Duration (h)

MuseSyn dataset

training 168 168 × 3 Pf 23.0 168 7.7

validation 21 21 × 3 Pf 3.0 21 1.0

testing 21 21 × 4 Pf 4.1 21 1.0

Total 210 651 30.0 210 9.7

ACPAS dataset

training 359 1523 127.7 1137 94.4

validation 49 184 11.2 110 7.8

testing 89 482 40.9 157 15.2

Total 497 2189 179.8 1404 117.4

for developing an initial framework for audio-to-score transcription, may not

provide enough training data for models to generalise broadly to real-world

scenarios.

3.3 Dataset statistics

3.3.1 Dataset splits

Table 3.1 presents an overview of the two datasets’ statistics categorised by

training, validation, and testing splits. Notably, the MuseSyn dataset con-

tains less than 10 hours of distinct MIDI performances, whereas the ACPAS

dataset is significantly larger, comprising over 100 hours of distinct MIDI per-

formances. The audio recordings in both datasets exhibit longer durations

compared to the MIDI performances, owing to differences in recording con-

ditions. In the ACPAS dataset, the number of distinct scores is fewer than

the MIDI performances due to the inclusion of multiple interpretations of the

same music piece by different pianists.
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Table 3.2: Comparison on different AMT datasets.

Dataset Dist. Score Audio Perf. Dist. MIDI Perf.

No. Duration (h) No. Duration (h)

MAPS ✗ 270 18.1 158 10.1

MAESTRO v2.0.0 ✗ 1282 201.2 1282 201.2

ASAP 222 519 44.7 1067 94.2

MuseSyn 210 651 30.0 210 9.7

ACPAS 497 2189 179.8 1404 117.4

Additionally, Table 3.2 presents a comparison of the statistics of different

datasets used in Automatic Music Transcription (AMT) tasks. The MAPS

dataset (Emiya et al., 2010), MAESTRO dataset (Hawthorne et al., 2019),

and the ASAP dataset (Foscarin et al., 2020) are commonly utilised in this

context. The MAPS and MAESTRO datasets do not include music scores

and are often employed for multi-pitch estimation and note tracking tasks.

On the other hand, the ASAP dataset provides beat-aligned scores along with

the performances, but it lacks a sufficient number of audio performances re-

quired for audio-to-score transcription. To address this limitation, we have

integrated data from various sources, including the ASAP dataset, into the

ACPAS dataset. As a result, the ACPAS dataset has the advantage of having

both music scores and an ample quantity of audio recordings, making it suit-

able for audio-to-score transcription tasks. In contrast, the MuseSyn dataset,

displayed as the smallest dataset in the table, focuses on popular music rather

than classical pieces. It serves as a resource for exploring transcription per-

formance in music with limited note/melody complexity.

3.3.2 Other statistics

Here, we present a statistical analysis of the score annotations in the AC-

PAS and MuseSyn datasets. For the ACPAS dataset, we separately report

statistics for data sourced from the ASAP dataset and those sourced from the

MAPS dataset/CPM database. This distinction is necessary because they in-

volve different performance features, and the score annotations are provided
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Figure 3.1: Notes per segment in different datasets. Red dashed line: Esti-

mated 95% cutoff points of the number of notes per segment over different

segment lengths, computed using linear regression.

in different formats. In the following, we refer to the three datasets/subsets

as MuseSyn, ACPAS-ASAP and ACPAS-MAPS/CPM, respectively.

We calculate the statistics across the entire dataset, including the training,

validation and test splits. The box plots for the statistics follow the conven-

tional setting, with the middle line indicating the median, the upper and the

lower boundaries indicating the upper and lower quartile, and dots indicat-

ing outliers. Below are the statistics we analysed to inform the configuration

choices in our experiments.7

Number of notes across different recording lengths

For implementation purposes, we check the distribution of the number of notes

per audio segment in different segment lengths. Very small segment lengths

are also included to have a better understanding of the data distribution.

Figure 3.1 shows the distributions for different datasets.



CHAPTER 3. DATA COLLECTION AND PREPARATION 78

Figure 3.2: Representable scores in terms of inter-onset intervals in musical

time and note values by different resolutions (in subbeats per beat).

Subdivision

We consider the subdivision process as dividing beats into multiple subbeats

with a certain resolution. Here, we check the representable scores in terms of

(musical) inter-onset intervals and note values with different resolutions (in

subbeats per beat) to assist with choosing an appropriate resolution for our

experiments.

For pieces in the ACPAS-MAPS/CPM, the MIDI ticks are annotated quite

noisily (frequently ±1, ±2, ±3, ±4 ticks apart from where they are supposed

to be).8 Thus, we round the ticks into a lower resolution of 48 ticks per

quarter note by down-sampling from the default resolution of 480 ticks per

quarter note. This resolution should be sufficient for our experiments at the

7For the score-related statistics, such as note values, hand parts, we exclude those non-

aligned notes.
8We checked the tick annotations both using pretty midi and mido, with both packages

giving the same result. This indicates that the error is not introduced by tick to time()

and time to tick() functions provided in the pretty midi package, which involves a back-

and-forth computation to retrieve ticks. So, we use pretty midi in our implementation for

easiness.
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Figure 3.3: Inter-onset intervals in different datasets.

current stage. Note that when down-sampling, the resolution of 48 is in ticks

per quarter note, which has a different unit from our definition of subdivision

(i.e., dividing beats into subbeats per beat).

Figure 3.2 shows how different resolution for the subdivision process in-

fluences the ratio of representable scores in terms of inter-onset interval in

musical time, and note value. From what is suggested in the figure, a reso-

lution of 24 subbeats per beat tends to be a value that can represent most

cases. Specifically, this resolution can represent over 95% of cases across the

datasets, making it a good choice for our experiments. It is also well-suited

for most classical piano music, as it covers common note values including

32nd notes, triplets, and sextuplets when quarter notes are used as the beat

unit. While alternative resolutions were considered, higher resolutions would

increase model complexity without significant gains in coverage, and lower

resolutions may fail to represent a non-negligible portion of the data.

Inter-onset interval

To have a better estimate of how we encode note onsets in both physical time

and musical time, we check the distribution of inter-onset intervals. Figure 3.3
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Figure 3.4: Note duration (in seconds) and note value (in beats) in different

datasets.

shows their distributions in different datasets. Roughly, most inter-onset in-

tervals are below 10 seconds in physical time, and 50 beats. 75% of the inter-

onset intervals are well below these. This can be something worth taking into

account when defining the encoding of our score representation.

Note duration, note value

Statistics on note duration (in seconds) and note value (in beats) can be found

in Figure 3.4. We can see that most note durations are below 4 seconds. As

for note values, most of them fall below 4 beats.

frequent IOIs and note values

We analyse frequent inter-onset intervals and note values using a chosen res-

olution of 24 subbeats per beat. Figure 3.5 shows how they distribute across

different datasets. In our experiments, we might consider combining and en-

coding the rare ones in one token, which can simplify the vocabulary. Relevant

missing information can be reconstructed given the beat predictions.
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Figure 3.5: Proportion of frequent inter-onset intervals and note values in

subbeats (with a resolution of 24 subbeats per beat) across different datasets.

Green blocks: IOIs that fall within the cutoff ratio among all IOIs. Orange

blocks: Note values that fall within the cutoff ratio among all note values. We

use a lower cutoff ratio for note value than for inter-onset intervals, since we

need lower resolution for note values.

Figure 3.6: Pitch distributions per hand part in different datasets.

Hand part

As an additional statistical check, we plot the pitch distributions for each

hand part in Figure 3.6. This plot already shows that separating the hand



CHAPTER 3. DATA COLLECTION AND PREPARATION 82

Figure 3.7: Ratio of non-aligned notes per piece in ACPAS-ASAP.

part using a simple cutoff pitch value can achieve over 75% accuracy.

Non-aligned notes

Thanks to the (n)ASAP dataset (Peter et al., 2023), which extends the ASAP

dataset with note-level alignment (released in the middle of this PhD project),

we are able to extend the ASAP music pieces in the ACPAS dataset with

note-level alignments. Note alignments are provided in the (n)ASAP dataset

with matches between performance notes and notes in the music score. Due

to alignment errors and expressive performance, there are occasionally non-

aligned notes, i.e., extra notes in the performance which do not have a matched

score note, or missing notes in the performance where a score note is com-

mitted in the performance. We consider these as the “formally” non-aligned

notes. However, after a closer check of the alignment annotations provided by

the official (n)ASAP dataset, we found some extra annotation errors. There

are occasional instances where notes have reversed physical and musical tim-

ing and where performance notes are missed out in the alignment annotation

file. We consider these wrongly-annotated notes as “additional” non-aligned

notes which we filter out by our examination. To account for these errors, we
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also classify these “additional” non-aligned notes as non-aligned, even though

they are not labelled as such in the official (n)ASAP dataset.

Figure 3.7 shows the proportion of the non-aligned notes before and after

our examination process. We can see that the ratio of non-aligned notes for

most pieces before our examination is roughly below 10%. After the exami-

nation by Peter et al. (2023), the proportion of non-aligned notes goes higher

to roughly below 25%.

3.4 Discussion and conclusion

In this chapter, we have presented two datasets specifically curated for audio-

to-score transcription research: the MuseSyn dataset and the ACPAS dataset.

Each dataset emphasises a distinct music style and encompasses varying levels

of expressive performance richness. Both datasets include music performance

recordings in audio files, aligned with corresponding music scores. Due to the

demand for professional music knowledge to create and record A2S transcrip-

tion datasets, we collected the data from existing resources and synthesised

the music recordings whenever they were unavailable.

There are certain limitations that need to be specifically clarified. For

instance, the MuseSyn dataset suffers from a lack of expressive performances

and has a limited size. Similarly, the ACPAS dataset faces a limited num-

ber of real audio performances and a lack of note-level alignment. Creat-

ing accurate note-level alignment between the music performances and scores

represents another significant challenge when developing audio-to-score tran-

scription datasets. Human performances often involve missing notes and ex-

tra notes, requiring careful consideration to handle such variations effectively.

Moreover, dealing with diverse playing techniques poses an additional chal-

lenge. For example, situations may arise where multiple notes are present in

a music performance, but the corresponding score only contains one or two

notes (e.g., in vibrato or glissando). Despite these limitations, the datasets

are sufficient for developing a first framework for audio-to-score transcription

and offer a basis for further exploration in this field.

In this PhD project, we leverage the two datasets for exploring different

approaches to audio-to-score transcription. The MuseSyn dataset is utilised
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as a resource for investigating holistic methods in this context. On the other

hand, the ACPAS dataset is employed to explore both pipeline-based meth-

ods and holistic methods. The decision not to use the MuseSyn dataset in

pipeline-based methods stems from several reasons. First, our focus in the

pipeline-based method is on the performance MIDI-to-score conversion step,

which requires data with real performance features. The MuseSyn dataset

has all its MIDIs converted directly from musical scores and thus presents no

performance features: these MIDIs can be converted back to musical scores

simply by estimating a global tempo, making the pipeline-based exploration

on this dataset trivial. Second, the MuseSyn dataset has a relatively small

size compared to other datasets primarily designed for note-tracking tasks.

Third, the MuseSyn dataset lacks expressive performances, making it unsuit-

able for rhythm quantization tasks. In Chapter 4 and Chapter 5, we provide

detailed descriptions of how we incorporate these two datasets in the training

and evaluation of audio-to-score transcription systems.



Chapter 4

Pipeline-based Methods for Audio-

to-Score Piano Transcription

4.1 Introduction

In this chapter, we introduce our work on pipeline-based methods for audio-

to-score piano transcription. We follow the traditional AMT pipeline as pre-

sented in Figure 2.4 in Chapter 2, which divides the audio-to-score transcrip-

tion into two major steps: audio-to-performance MIDI transcription (A2PM)

and performance MIDI-to-score conversion (PM2S).

Thanks to the rapid development of deep learning, recent years have

seen remarkable advances in audio-to-performance MIDI transcription, espe-

cially for piano music (Hawthorne et al., 2018; Kong et al., 2021; Toyama

et al., 2023). State-of-the-art piano transcription systems can achieve F-

scores of over 95% on the notewise onset-only F-measure when evaluated on

the MAESTRO dataset, one of the benchmark datasets for piano transcrip-

tion (Hawthorne et al., 2019; Kong et al., 2021; Toyama et al., 2023). Here, we

consider the onset-only F-measure as a reference evaluation metric since it is

the benchmark metric that correlates best with human judgement according

to what we discovered in (Ycart et al., 2020b). Given existing advances in

audio-to-performance MIDI transcription (note-level transcription) in piano

music, one of the possible methods for audio-to-score transcription (A2S) is

85



CHAPTER 4. PIPELINE-BASED METHODS FOR AUDIO-TO-SCORE PIANO
TRANSCRIPTION 86

to follow the traditional AMT pipeline (as described in Chapter 2) by using an

existing audio-to-performance MIDI transcription (A2PM) system. Thus, in

this chapter, we focus on the latter (less explored) part of the AMT pipeline,

i. e., performance MIDI-to-score conversion.

Although research on various sub-tasks of performance MIDI-to-score con-

version (PM2S) dates back to earlier decades (Desain & Honing, 1989; Tem-

perley & Sleator, 1999; Raphael, 2001; Takeda et al., 2002), the first paper

that fully brings the PM2S problem into literature was in 2016 (Cogliati et al.,

2016), in which the authors worked on converting a performance MIDI record-

ing into a LilyPond (Nienhuys & Nieuwenhuizen, 2003) score using hidden

Markov models. The method is further improved by using a convolutional

sparse coding-based multi-pitch estimation and a Melisma Analyser-based

rhythm quantisation (Cogliati, 2018). Among various subtasks in performance

MIDI-to-score conversion, rhythm quantisation is one of the most essential

tasks that has been widely discussed in the literature. Over the years, peo-

ple have applied various algorithms to the task, using hidden Markov mod-

els (Nakamura et al., 2017b, 2018; McLeod & Steedman, 2018b) and Markov

random fields (Nakamura et al., 2017a; Shibata et al., 2021). In addition to

rhythm quantisation, there is research on other subtasks of PM2S, such as note

value and voice detection using recurrent neural networks (Hiramatsu et al.,

2021) and score formatting from quantised MIDI using the Transformer archi-

tecture (Suzuki, 2021). For a more detailed literature study on the PM2S task

and relevant subtasks, we refer to the background chapter (see Chapter 2).

In this chapter, we propose a new deep learning-based PM2S method,

which we use together with an existing performance MIDI transcription sys-

tem (Kong et al., 2021) to form an audio-to-score transcription system. We de-

velop a convolutional-recurrent neural network that directly converts a perfor-

mance MIDI into a score MIDI. Among the various sub-tasks in performance

MIDI-to-score conversion, we pay special attention to the rhythm quantisa-

tion step. We propose to do rhythm quantisation via neural beat tracking,

i. e., tracking beats from a MIDI note sequence. To our knowledge, this is the

first method that solves rhythm quantisation using deep learning. We investi-

gate different input features and compare our proposed beat-tracking method
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with a baseline beat-tracking model using a temporal convolutional network.

We further expand the convolutional-recurrent neural network to predict the

time signatures, key signatures and hand parts in piano music. To better

capture the model’s capability in transcribing expressive piano performances,

we train and evaluate our proposed method on the ACPAS dataset (described

in Chapter 3). We compare different input encodings for note sequences,

and run ablation studies on different input features and data augmentation

methods. We compare our method with two commercial software products,

MuseScore (MuseScore, 2022) and Finale (Finale, 2022), and an HMM-based

statistical method (Shibata et al., 2021). We show that our proposed method

achieved better performance compared to the two commercial software prod-

ucts and the two statistical methods based on the MV2H metric (McLeod &

Steedman, 2018a) (see description of the MV2H metric in subsection 2.4.2 of

Chapter 2).

Following that, we introduce our proposed audio-to-score transcription

pipeline. We combine our proposed PM2S method with an existing audio-to-

performance MIDI transcription system (HighRes) (Kong et al., 2021), ending

up in a pipeline-based system for audio-to-score transcription. To account for

the domain shift from recorded performance MIDI to transcribed MIDIs, we

compare the use of different training data. Lastly, we present the audio-to-

score transcription results on the ACPAS dataset using our proposed pipeline

using the MV2H metric, and compare it with three other pipeline-based

methods (i. e., HighRes+MuseScore (Kong et al., 2021; MuseScore, 2022),

POVNet+Melisma Analyzer (Cogliati et al., 2016; Shibata et al., 2021), and

POVNet+HMMs (Shibata et al., 2021)). We show that our proposed method

achieves better overall results, although underperforming POVNet+HMMs on

two MV2H sub-metrics.

The rest of this chapter is organised as follows. In Section 4.2, we explain

our proposed performance MIDI-to-score conversion method. After that, we

introduce how we use the proposed PM2S method in an audio-to-score tran-

scription pipeline in Section 4.3. Conclusions can be found in Section 4.4. We

released our code for PM2S at https://github.com/cheriell/PM2S and pre-

trained models at https://zenodo.org/records/10520196. Related publi-

https://github.com/cheriell/PM2S
https://zenodo.org/records/10520196
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cation for this chapter is (Liu et al., 2022).

4.2 Performance MIDI-to-score conversion

4.2.1 Introduction

In this section, we introduce our proposed method for performance MIDI-to-

score conversion (PM2S), with a special focus on rhythm quantisation from

performance MIDI. Considering rhythm quantisation as a fine-grained track-

ing of beats and beat subdivisions, we propose to do rhythm quantisation by

combining neural beat tracking from performance MIDIs. Over the years, re-

search on neural beat tracking has been mainly focused on tracking beats and

downbeats from music audio recordings (audio domain) (Müller, 2021; Böck

& Davies, 2020; Zhao et al., 2022). Instead, we propose to track beats and

downbeats from performance MIDIs (symbolic domain). On the one hand, this

corresponds better to our rhythm quantisation task on the input data; on the

other hand, it allows tracking beats from a more sparse input encoding than

an audio spectrogram, which is usually the input data for an audio-domain

beat tracking system. After tracking the beats, we extend the neural network

to do rhythm quantisation by predicting the quantised note onsets and note

values within beats. We use similar network structures to predict hand parts,

time signatures, and key signatures from a performance MIDI. After that, we

use the predicted information to convert the performance MIDI into a score

MIDI.

In the following sections, we first introduce our beat tracking method

in subsection 4.2.2, followed by how we extend the beat tracking model for

rhythm quantisation in subsection 4.2.3. We describe the prediction of hand

parts, time signatures and key signatures in subsection 4.2.4. After that,

subsection 4.2.5 describes our beat tracking and rhythm quantisation experi-

ments.
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x x x x x x x x x x x x x x x x x x x x
x: onset beats
x: non-onset beats

Figure 4.1: Illustration of onset beats and non-onset beats. Music example:

the first five bars of “The Seasons - June (Barcarolle), by P. I. Tchaikovsky”.

4.2.2 Beat tracking from performance MIDIs

Onset beats and non-onset beats

To match the input data in performance MIDI format, we consider dividing

beats into two categories. Onset beats which refers to the beats that are at

note onsets, and non-onset beats which refers to the remaining beats (that are

not at note onsets). Figure 4.1 provides an example of how we define them in

a musical piece. It can be observed from the figure that each onset beat can

be aligned with at least one note onset. This allows us to model onset beats

using a sequential model as a binary classification task. For non-onset beats,

we propose a dynamic programming algorithm to infer non-onset beats from

onset beats.

Onset beat prediction

We consider the prediction of onset beats as a binary classification task. Given

a performance MIDI in the form of a note sequence:

X :=
{
(pn, on, dn, vn)

}Nnotes

n=1
, (4.1)
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where pn, on, dn and vn are the pitch, onset, duration, and velocity of the

n-th note in the note sequence, and Nnotes is the number of notes, the notes

in the note sequence are ordered by their onset times in increasing order, we

define a model for onset beat prediction

fonset beat :X→ yonset beat (4.2)

where yonset beat are the probabilities of each note onset being a beat:

yonset beat :=
{
yonset beat
n

}Nnotes

n=1
, yonset beat

n ∈ {0, 1} . (4.3)

Figure 4.2 shows the model architecture of fonset beat. We use a convolu-

tional recurrent model with three convolutional layers (ConvBlock) and two

bi-directional recurrent layers (GRUBlock, using a gated recurrent unit). For

the convolutional layers, we use one-dimensional (along the note index n in

Equation 4.1) convolutional layers with a kernel size of 9, which enables the

convolutional layers to learn short-term dependencies among musical notes.

Bi-directional recurrent layers are used so that the model can learn longer-

term dependencies from both previous and future notes. The predicted onset

beat probabilities are then converted to binary labels by dynamic thresholding,

where the dynamic threshold is calculated based on the maximum predicted

probability over a fixed segment length in seconds.

Additionally, we propose to jointly track beats, downbeats, and local

tempo (more precisely, we use inter-beat intervals in our implementation)

in a multitask learning model. Similar to how we define onset beats, we track

onset downbeats (downbeats which are at note onsets) by predicting whether

each note onset is a downbeat in a binary classification task. For local tempo,

we calculate the inter-beat intervals between the neighbouring beats of each

note onset. We quantise the inter-beat intervals linearly into 200 bins and

consider the prediction of them as a multi-class classification task. Figure 4.3

shows the model architecture of the multitask model we use for joint beat,

downbeat, and tempo estimation from performance MIDIs.

Non-onset beats prediction

We now explain how we predict the non-onset beats from the onset beats. We

propose a dynamic programming algorithm (Cormen et al., 2022) based on
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Note sequence

Convolutional

Batch Normalisation

Exponential Linear Unit

Dropout (0.15)
9, 128

9, 256
9, 512

kernal_size, channel

ConvBlock

To next convolutional layer

Bi-directional GRU (512)

Bi-directional GRU (512)

Linear (512)

GRUBlock

Linear (1)

Onset beat probabilities

Figure 4.2: Model architecture for onset beat prediction.

two assumptions:

• Assumption 1: Non-onset beats are at subdivisions of their neighbour-

ing onset beats. (We use this to find candidate non-onset beats.)

• Assumption 2: The tempo change after combining onset beats and

non-onset beats should be minimised. (We use this to optimise our

choice of non-onset beats).

These two assumptions, however, are only a rough estimation of the beat

patterns in music and do not always hold in real music performances, especially

when a higher level of tempo change happens in rich expressive performances.
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Note sequence

ConvBlock

GRUBlock GRUBlock GRUBlock

Linear (1) Linear (1) Linear (200)

Onset
downbeatsOnset beats Inter-beat

interval

Figure 4.3: Model architecture for joint (onset) beat, (onset) downbeat and

tempo estimation from performance MIDIs. The ConvBlock and GRUBlock

have the same architecture as in Figure 4.2.

We thus consider this method as a preliminary exploration of how non-onset

beats can be predicted.

Assuming there are Nonset beats onset beats predicted, we define the onset

beats sequence as:

bonset beats :=
{
bonset beats
n

}Nonset beats

n=1
, (4.4)

where bonset beats
n is the n-th onset beat (in seconds). Considering possible non-

onset beats in the subdivisions of two neighbouring onset beats and assuming

there are K non-onset beats between the n-th and (n + 1)-th onset beats,

we compute non-onset beat candidates at the following positions (time in

seconds): {
bonset beats
n +

k

K + 1

(
bonset beats
n+1 − bonset beats

n

)}K

k=1
, (4.5)

In our experiments, we use K ∈ {0, 1, 2, 3}. This is to say, we insert non-onset

beats by linear interpolation:

• if K = 0, we do not insert non-onset beats between the two onset beats;

• if K = 1, insert one non-onset beat at interpolated position 1/2;
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• if K = 2, insert two non-onset beats at interpolated position 1/3 and

2/3;

• if K = 3, insert three non-onset beats at interpolated positions 1/4, 2/4,

3/4.

For each beat interval (bonset beats
n , bonset beats

n+1 ), we search for the best K

value according to assumption 2 using dynamic programming. To minimise

the tempo change after combining onset beats and non-onset beats, we define

an objective function that is minimised during our search:

b :=
{
bn
}Nbeats

n=1
:= bonset beats ∪ bnon-onset beats , (4.6)

Otempo change =
N−2∑
n=1

∣∣∣∣log(bn+2 − bn+1

bn+1 − bn

)∣∣∣∣ , (4.7)

where b is the beat sequence after combining onset beats and non-onset beats

and Nbeats is the number of beats in the final beat sequence b. bn is the

n-th beat and Otempo change is the objective function that describes the level

of tempo change over the whole piece. However, this objective function does

not take into account adding too many non-onset beats to the beat sequences.

We thus add a penalty associated with the number of non-onset beats to the

objective function, resulting in:

O = Otempo change + λ×Nnon-onset beats . (4.8)

The λ is the penalty coefficient applied to avoid adding too many non-onset

beats, which is set to 1 in our experiments, and Nnon-onset beats is the number

of non-onset beats. In this way, we obtain an objective function O to be

minimised in the non-onset beats prediction process that encourages both a

low level of tempo change and adds fewer non-onset beats. The pseudo-code

of the dynamic programming algorithm we use to find the optimal non-onset

beats is explained in Algorithm 1.

4.2.3 From beat tracking to rhythm quantisation

Rhythm quantisation becomes easier once we obtain the beat positions. We

use a convolutional recurrent neural network to predict the musical positions
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Algorithm 1 Non-onset beats prediction

Input: List of onset beats bonset beats

Output: List of all beats

1: n← 1

2: for K = 0, 1, 2, 3 do

3: Initialise objective function OK ← 0

4: Initialise beat sequence bK ← {bonset beats
1 }

5: end for

6: for n = 1, 2, . . . , Nonset beats − 2 do

7: for Kcur = 0, 1, 2, 3 do

8: Get candidate non-onset beats for current step by Equation 4.5

9: if Tempo is beyond tempo range limits then

10: Go to next Kcur

11: end if

12: for Kprev = 0, 1, 2, 3 do

13: Update objective function by Equation 4.8

14: end for

15: Select the minimum objective among all Kprev values

16: Add non-onset beats for the current step to the beat sequence

mapped to the selected Kprev

17: end for

18: for Kcur = 0, 1, 2, 3 do

19: Update OK , bK mapped with Kcur

20: end for

21: end for

22: Return the beat sequence in bK with the minimum objective function OK

of each note. We take both the performance MIDI and the onset beat predic-

tions from our beat tracking model as input data for the quantisation model,

as in Figure 4.4. The rhythm quantisation model learns to jointly predict

quantised note onsets and note values. In our experiments, we round the mu-

sical positions into 24 bins per quarter note, which allows for common note

lengths such as 16th note, 32nd note and triplets. The same quantisation res-
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Figure 4.4: Training the rhythm quantisation model with the help of beat

tracking. The ConvBlock and GRUBlock have the same model architecture

and size as those in the beat tracking model.

olution is used for the prediction of note values. For each note, both outputs

(quantised note onset and note value) are one-hot encoded and modelled as

multi-class classification tasks.

During post-processing, we use linear interpolation as a reference method

to identify predictions that are highly probable to be wrong. We consider

linear interpolation as one of the simplest ways to do rhythm quantisation,

in which we linearly interpolate the inter-beat intervals to get the quantised

note onsets and offsets. This can be a reference because, compared to the

level of tempo change in a whole piece of music performance, there is usually

less tempo change within one beat. In practice, we take the output from the

quantisation model if it is not too far (less than a 16th note duration) from

what we obtain by linear interpolation. Otherwise, we take the output from

the linear interpolation.

4.2.4 Prediction of hand parts, time signatures and key sig-

natures

We use similar convolutional recurrent neural networks to model hand parts,

time signatures and key signatures. We define hand parts Yh, time signature
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Note sequence ConvBlock GRUBlock Linear (1) hand parts

Note sequence ConvBlock GRUBlock
Linear (5) time signature

numerators

Linear (4) time signature
denominators

Note sequence ConvBlock GRUBlock Linear (12) key signatures

(a)

(b)

(c)

Figure 4.5: Model architectures for the prediction of hand parts (a), time

signature changes (b) and key signature changes (c). The ConvBlock and

GRUBlock have the same model architecture as in the beat tracking model.

changes Yt and key signature changes Yk to be mapped to each note (or note

onset time), in the following form:

Yh = {hn}N
notes

n=1 , hn ∈ {0, 1} , (4.9)

Yt = {(tnn, tdn)}N
notes

n=1 , tnn ∈ {0, 2, 3, 4, 6} , tdn ∈ {0, 2, 4, 8} , (4.10)

Yk = {kn}N
notes

n=1 , kn ∈ {0, 1, ..., 11} , (4.11)

where hn, t
n
n, t

d
n, and kn are the hand part, time signature nominator, time

signature denominator, and the key signature at the n-th note, respectively.

For hand parts, values 0 and 1 refer to the left and right hands. For the

time signature, 0s for both tnn and tdn are used as a placeholder to indicate

other values, similar to how unknown words are modelled in natural language

processing tasks. For the key signature changes, values 0 to 11 correspond to

key signatures C, Db, D, Eb, E, F, Gb, G, Ab, A, Bb, and B, respectively.

The model structure is shown in Figure 4.5. The model is trained using

binary cross-entropy loss for hand part prediction, and negative log-likelihood

loss for the prediction of time signature changes and key signature changes.

After the rhythm quantisation and the prediction of hand parts, time signature

changes and key signature changes, a musical score can then be generated by

combining the predictions with the performance MIDI.
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Table 4.1: Dataset Statistics. Performance from the MAPS dataset (Emiya

et al., 2010) and the CPM database (CPMDatabase, 2021) for the same piece

are not counted as different performances, since MAPS pieces are originally

obtained from the CPM database.

Split Distinct Pieces Performances Duration (h) Notes (103)

Training 426 1324 108.3 3984.0

Validation 49 157 12.7 517.6

Testing 29 29 2.2 73.2

Total 504 1510 123.2 4574.7

4.2.5 Experiments

Data

To explore the ability of our proposed method for rhythm quantisation in

expressive piano performance, we use the ACPAS dataset in our experiments

(see Chapter 3). We use a real recording subset in MAPS (i. e., the ENSTDkCl

subset) as the test set, as in (Nakamura et al., 2018; Hiramatsu et al., 2021).

This test set is only a part of the ACPAS test set. We use only a part of the

ACPAS test set since there is no note-level alignment between the performance

MIDIs and the annotated musical scores for the piece collected from the ASAP

dataset. Other music pieces not included in the test set are randomly split

into training and validation based on their distinct music piece labels. In this

way, we get a train/validation/test setup with no overlapping music pieces

among splits. Table 4.1 shows the dataset statistics.

The dataset annotations are provided in different formats. The A-MAPS

dataset and the CPM database provide fully annotated score MIDIs with

tempo and metrical information. Thus, we extract the annotations we need

from the score MIDIs directly. Performances from the ASAP dataset come

with two sets of annotations: score MIDIs and annotations in .tsv files. How-

ever, the score MIDIs were written by non-professionals, and the dataset cre-

ators do not suggest using them as ground truth annotations. Thus, we follow

the creators’ suggestion to use the provided annotations in the .tsv files, in
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which beat, downbeat, time signature and key signature annotations are pro-

vided. Because the .tsv annotations do not cover precise fine-grained metrical

and hand part annotations, we mask the ASAP data on musical onset time,

note value, and hand part prediction during training. Moreover, when match-

ing note onset times to beats or non-beats in our proposed model, we set a

tolerance of ±50ms to account for short-time variances (e. g., micro-timing)

introduced by human performance.

For data augmentation, we consider the following techniques:

• Pitch shift: Shift MIDI pitch values up or down for the whole music

performance. The shifted pitch is defined as: ps = p + pshift where p is

the original pitch value, pshift ∈ {0,±1,±2, ...,±12}.

• Tempo change: Change the tempo to a ratio of the original tempo.

The new tempo vc = α × v where v is the original tempo and α is the

tempo change ratio, which is randomly sampled in the range [0.8, 1.2].

• Note removal: For polyphonic music, we usually expect little change to

the metrical structure of a music piece when removing some concurrent

notes. Thus, for each group of concurrent notes, we randomly remove a

part of them from the MIDI performance.

• Extra note: Contrary to note removal, we randomly select 0-100% of

notes from the MIDI performance and add new notes that are concurrent

with the selected ones. We keep the velocity and duration the same to

preserve the original music structure as much as possible. The new note

pitches are ±12 semitones apart from the original note pitches.

Evaluation metrics

We define a note-level F-measure to evaluate the tracking of onset beats, and

a beat-level F-measure which follows the benchmark F-measure for beat and

downbeat tracking (Davies et al., 2009) with a time tolerance of ±70ms.1 In

both cases, a true positive means a predicted beat is in the ground truth; a

1We use ±70ms because this is the conventional tolerance for the beat tracking

task (Müller, 2021), although for AMT evaluation, a tolerance of ±50ms is commonly used.
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Table 4.2: Description of different input data encodings.

Feature Encoding Description

Pitch M 128-dimensional one-hot vectors in MIDI pitch

numbers

C 12-dimensional one-hot vectors in octave values

Onset AR The raw value in seconds

AO One-hot vectors quantised by 10ms resolution

SR Onset time shift in seconds compared to the

previous note onset

SO One-hot encoded onset time shift quantised by

10ms resolution (with a maximum onset time

shift of 4s, larger values are trimmed to 4s

Duration R The raw values in seconds

O One-hot vectors quantised by 10ms resolution

(similar to onset shift, large values are trimmed

to 4s

Velocity – Velocities are always normalised to 0-1

false positive means a predicted beat is not in the ground truth; and a false

negative means a ground truth beat is missing in the prediction. Please refer

to subsection 2.4.2 in Chapter 2 for more detailed definitions of these metrics.

For both F-measures, we report their precision, recall, and F-score (Pnote,

Rnote, and Fnote for note-level F-measure and Pbeat, Rbeat, Fbeat for beat-level

F-measure). Similar definitions are used for downbeat.

Input data comparison

We start our experiments with the onset beat tracking model (without multi-

tasking, see Figure 4.2) by exploring different encodings of the input data. We

compare different ways of encoding a MIDI sequence as explained in Table 4.2.

For all possible input encoding combinations, we train and evaluate the

onset beat prediction. The model learning rate is 0.001. Since different input
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Table 4.3: Note-level F-measure results for onset-beat tracking using different

input data encoding combinations.

Input Encodings Note-Level F-measure

Pitch Onset Duration Pnote Rnote Fnote

M AR R 86.7 77.7 79.9

M AR O 89.9 57.2 65.2

M AO R 82.1 78.3 79.3

M AO O 83.3 72.2 76.0

M SR R 89.2 89.4 87.8

M SR O 88.8 91.9 89.5

M SO R 91.2 94.3 91.3

M SO O 91.1 90.3 89.1

C AR R 86.7 68.7 73.6

C AR O 80.7 64.4 67.2

C AO R 82.8 76.2 78.4

C AO O 82.7 71.9 76.0

C SR R 90.4 88.0 87.3

C SR O 90.2 88.9 87.5

C SO R 89.9 91.3 89.1

C SO O 88.8 90.6 88.0

encodings can cause changes in the model convergence speed, we do not add

learning rate decay in this comparison. The model is trained using a batch

size of 32 over 4 GPUs with a dropout rate of 0.15. For each combination,

we take the best model checkpoint on the validation set during training and

evaluate it over the test set. Model performance on all different input data

encoding combinations is reported in Table 4.3.

From the results, we can see that for pitch encoding, using the MIDI

pitches (M) tends to outperform using the chroma groups (C) most of the

time. For onsets, onset shift (SR, SO) leads to better results than absolute

onset (AR, AO) across all encoding combinations. Using one-hot encoding

(AO, SO) for onset is better than using the raw values for most cases. Six out
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Table 4.4: Note-level F-measure results on ablation study for input features.

Input feature omitted Pnote Rnote Fnote

Pitch 90.4 93.7 90.6

Onset 84.6 72.8 76.4

Duration 89.5 93.1 90.1

Velocity 89.5 93.9 90.6

Use all features 91.2 94.3 91.3

of eight encoding combinations result in better model performance with onsets

encoded in one-hot format. However, an opposite preference is discovered for

duration encoding, where duration in raw values (R) leads to better results for

more cases. Among all the sixteen input data encoding combinations tested,

the one with MIDI pitch (M), one-hot onset shift (SO), and duration in raw

value (R) shows the best model performance. We use this input data encoding

combination in our subsequent experiments.

Using the best input encoding combination observed in the previous com-

parison, we do an ablation study on the input features. Results are reported

in Table 4.4. From the table, we see that all four input features are helpful

in beat tracking, among which the onset feature is the most beneficial one.

This is consistent with the consensus that onsets are the feature to carry

most metrical information in music performances. People can usually do beat

tracking from drum beats without knowing other information, such as pitch

or duration. Pitch and velocity are less important but still have some positive

impact on the overall performance. That may be because pitch carries some

harmony information that helps beat prediction. Velocity provides useful in-

formation as well since beats are more likely to be aligned with heavy notes.

Finally, duration is of certain importance, suggesting it carries more metrical

information than pitch and velocity.

Ablation study on data augmentation methods

To better understand the behaviour of the data augmentation methods, we do

an ablation study on the data augmentation methods mentioned earlier in this
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Table 4.5: Note-level F-measure results on the ablation study for data aug-

mentation methods.

Augmentation method omitted Pnote Rnote Fnote

Pitch shift 92.0 92.0 90.6

Tempo change 91.7 89.5 89.7

Note removal 91.5 90.9 90.4

Extra note 91.2 94.3 91.3

Use all methods 92.9 93.7 92.2

No data augmentation 89.7 95.2 90.9

section. We omit one data augmentation method at a time and compare the

model performance on tracking onset beats. Results of the study are shown

in Table 4.5.

Results on different data augmentation methods suggest that all four data

augmentation methods we used improve model performance, among which

tempo change is the most beneficial one. Not performing data augmentation

does not result in the lowest note-level F-score. However, its low precision rate

indicates a limitation on predicting more false positives, which is discouraged

since we will be adding out-of-note beats based on the predicted in-note beats.

It is possible that we can add the false negatives back when predicting out-

of-note beats, but we cannot remove the false positives.

Comparison with a baseline beat tracking model

Using the best configurations based on the previous experiment results, we

include the non-onset beats prediction and evaluate our proposed beat track-

ing model on beat-level F-measure. We compare our method with a baseline

model that is similar to an existing audio beat tracking model introduced in

(Böck & Davies, 2020), using the beat and downbeat tracking parts. Since we

work with performance MIDIs, we train the baseline model using a piano-roll

input (calculated from the note sequence), replacing the original audio spec-

trogram input. In Figure 4.6, we show the baseline model architecture we use

in our experiment. The predicted beat and downbeat probabilities are then



CHAPTER 4. PIPELINE-BASED METHODS FOR AUDIO-TO-SCORE PIANO
TRANSCRIPTION 103

Figure 4.6: Baseline beat tracking model architecture using a temporal con-

volutional network.

passed to a dynamic Bayesian network (Böck et al., 2014; Krebs et al., 2015)

to get beats and downbeats in seconds.2

Table 4.6 shows the comparative results between the baseline and our

2In practice, we use the madmom Python library, which provides a function for the

dynamic Bayesian post-processing method.
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Table 4.6: Beat-level F-measure results on the baseline and proposed models.

Models (output data) Fbeat Fdownbeat

Baseline (beat, downbeat) 66.9 57.6

Ours (beat, downbeat) 85.7 63.3

Ours (beat, downbeat, tempo) 86.2 69.8

Table 4.7: MV2H evaluation on performance MIDI-to-score conversion.

Methods Fpitch Fvoice Fmeter Fvalue Fharmony FMV2H

Finale 82.2 54.6 9.9 92.2 86.2 65.0

MuseScore 10.0 65.0 15.3 95.0 84.5 54.0

HMMs 91.2 71.1 51.7 91.3 77.0 76.5

Ours 99.8 87.0 61.7 99.9 91.1 87.9

proposed model. Results suggest our proposed model outperforms the base-

line when jointly trained with beats and downbeats. This may be because

the baseline model is a general-purpose system designed to operate on richer

content than piano music alone, and our proposed model can better handle

tempo changes. By adding tempo to the output data, the performance of our

proposed model can be further improved, which suggests the benefit of using

multitask learning.

Score-level evaluation

Using the best configurations found in the comparative experiments, we train

and evaluate our proposed PM2S model as a whole. We report the model

performance on the MV2H metric. During post-processing, we convert the

performance MIDIs into quantised MIDIs by merging the rhythm quantisa-

tion predictions into the performance MIDI files. To avoid potential alignment

problems in the MV2H evaluation algorithm, including extremely long wait-

ing times and possible alignment errors, we choose to use the non-aligned

version of the evaluation tool. To do this, we force the quantised MIDIs to

have the same physical time as the ground truth score MIDIs. So, we create
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the quantised MIDIs by first calculating tempo change annotations and then

adding the notes (obtained from the performance MIDIs) and tempo change

annotations to a new MIDI file. Tempo changes are calculated at the note

onset times of each group of concurrent notes, where we consider notes as con-

current if their onset times are within 50ms apart. We use a default setting

of a fourth note per beat.

We compare our proposed method with two commercial software products,

Finale v27 (Finale, 2022) and MuseScore v3 (MuseScore, 2022), by importing

the performance MIDIs, and with an HMM-based statistical method whose

result on the same test set is reported in (Shibata et al., 2021). Results are in

Table 4.7. Results suggest that our proposed model outperforms MuseScore,

Finale, and the HMM-based method across all MV2H sub-metrics. Signifi-

cantly better performance can be observed in the voice separation and met-

rical alignment sub-metrics (Fvoice and Fmeter). Better hand part separation

and key signature estimation (Fharmony) further contribute to more readable

output scores and a better representation of musical structure and grammar.

By checking outputs generated from MuseScore, we found that its low per-

formance on Fpitch is caused by time shifts introduced when quantising notes

according to a constant tempo estimated over the whole music piece. Con-

stant tempo estimation also caused its low performance reported on Fmeter. A

similar limitation can be found in output scores from Finale. On the contrary,

our proposed method tracked tempo changes during rhythm quantisation and

preserved the expressiveness of music performance as much as possible. This

not only benefits metrical alignment, but also results in high accuracy on

Fpitch and Fvalue. Still, the rhythm quantisation performance (Fmeter) is far

from satisfactory. Some typical errors include double/half tempo errors and

errors introduced by missing/extra beat predictions.

To provide a better understanding of the performance of our proposed

method, we provide some example outputs from our model together with their

performance MIDI recordings at https://cheriell.github.io/research/

PM2S.

https://cheriell.github.io/research/PM2S
https://cheriell.github.io/research/PM2S
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4.3 The audio-to-score transcription pipeline

4.3.1 Introduction

In this section, we introduce how we combine the proposed PM2S model (de-

scribed in Section 4.2) with an audio-to-performance MIDI piano transcrip-

tion system (Kong et al., 2021) to achieve the goal of audio-to-score piano

transcription. We first describe the audio-to-score transcription pipeline in

subsection 4.3.2, and then present our experiments in subsection 4.3.3.

4.3.2 Method

We follow the traditional audio-to-score transcription pipeline as described in

subsection 2.2.2, which covers the following two steps: 1) audio-to-performance

MIDI transcription (A2PM) and 2) performance MIDI-to-score conversion

(PM2S).

Audio-to-performance MIDI transcription

The A2PM step works to transcribe music audio recordings into performance

MIDIs in the form of a note sequence describing each note’s onset, pitch, du-

ration, and velocity. We use the high-resolution piano transcription system

proposed by Kong et al. (2021). This model achieves state-of-the-art results

at the time of our experiment and can transcribe piano recordings into perfor-

mance MIDIs in the format we need for the next step. We use the pre-trained

model checkpoint released along the paper to get the transcribed performance

MIDIs from music recordings.

Performance MIDI-to-score conversion

The PM2S step works to convert performance MIDIs into a machine-readable

music score format. For this step, we use the model we proposed in Section 4.2

which converts performance MIDIs into score MIDIs by doing rhythm quan-

tisation, hand part prediction, time signature prediction, and key signature

prediction using a convolutional recurrent neural network.
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4.3.3 Experiments

Data

In our experiments, we use the same dataset and dataset split as in sub-

section 4.2.5. The public pre-trained piano transcription model (Kong et al.,

2021) we use for the audio-to-performance MIDI transcription step was trained

on the MAESTRO dataset (Hawthorne et al., 2019), which does not have an

overlap with the test set we use. For the performance MIDI-to-score conver-

sion step, in order to account for the domain shift from recorded performance

MIDIs (e. g., MIDI recordings from piano keyboard, which are clean perfor-

mance data) to transcribed MIDIs (which are usually noisy data with vari-

ous types of transcription errors), we consider retraining our proposed PM2S

model using transcribed MIDIs.

Training data comparison

Since the model we described in Section 4.2 is trained on clean performance

MIDIs (recorded from MIDI keyboards, with accurate note onsets, offsets,

note values, and velocities), which may not generalise well to transcribed

performance MIDI inputs, we compare different training input data for the

beat tracking part of our proposed PM2S model:

1. MIDI-GT: Using the pre-trained PM2S model developed in Section 4.2,

trained on ground truth performance MIDIs.

2. MIDI-HighRes: Training a PM2S model using transcribed perfor-

mance MIDIs obtained from the audio-to-performance MIDI transcrip-

tion step.

3. MIDI-Mixed: Training a PM2S model using both ground truth per-

formance MIDIs and transcribed performance MIDIs.

Whichever MIDI version we use during model training, we evaluate the models

using the note-level beat tracking F-measure. We further explore whether

including note value in the input data can be helpful or not, to account for

more errors in note offset estimation introduced by the audio-to-performance

MIDI transcription step.
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Table 4.8: Note-level F-measure results for onset beat tracking with differ-

ent MIDIs for model training, evaluated on the audio-to-score transcription

pipeline.

MIDI for Training Note Duration Pnote Rnote Fnote

1. MIDI-GT ✓ 78.5 76.9 76.4

2. MIDI-HighRes ✓ 77.1 78.3 76.8

3. MIDI-Mixed ✓ 80.1 75.9 77.5

4. MIDI-GT ✗ 75.5 68.7 71.1

5. MIDI-HighRes ✗ 76.8 72.0 73.3

6. MIDI-Mixed ✗ 76.9 72.1 73.5

In the experiments, we use the same model hyperparameters and training

configurations (learning rate, batch size, etc.) for the PM2S model as in

subsection 4.2.5. During evaluation, we follow the audio-to-score pipeline to

get score MIDIs and compare them with the ground truth score MIDIs.

Results can be seen in Table 4.8. Results in rows 1-3 show that training

the PM2S model using transcribed MIDIs does improve the model’s perfor-

mance. Having both the ground truth performance MIDIs and transcribed

performance MIDIs in the training data can further improve the model per-

formance (row 3). Comparing rows 1-3 with rows 4-6, we can see that beat

tracking results get worse when removing note duration (more precisely, note

duration dn in Equation 4.1) from the input note sequence. This suggests

note offset information is still helpful to beat tracking, despite possible tran-

scription errors. We use the best configuration (row 3 in Table 4.8) in this

comparative study for the beat tracking part of our proposed PM2S model,

while keeping the other parts of the model unchanged, when evaluating the

audio-to-score transcription pipeline.

Score-level evaluation

In Table 4.9, we present the results of the pipeline-based methods for audio-to-

score transcription, using the MV2H metric described in subsection 2.4.2. We

compare two methods for audio-to-performance MIDI transcription (A2PM):
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Table 4.9: MV2H evaluation on the ACPAS dataset using the audio-to-score

conversion pipeline. The results of HighRes+Finale are labelled as “–” since

Finale is no longer supported at the time of our experiments.

Method MV2H Results

A2PM PM2S Fpitch Fvoice Fmeter Fvalue Fharmony FMV2H

GT MuseScore 10.0 65.0 15.3 95.0 84.5 54.0

GT Finale 82.2 54.6 9.9 92.2 86.2 65.0

GT HMMs 91.2 71.1 51.7 91.3 77.0 76.5

GT Ours 99.8 87.0 61.7 99.9 91.1 87.9

HighRes MuseScore 8.5 46.3 15.2 80.5 79.3 46.0

HighRes Finale – – – – – –

POVNet Melisma Analyzer 81.0 53.3 42.4 85.2 72.7 66.9

POVNet HMMs 85.0 67.5 41.4 87.3 71.7 70.6

HighRes Ours 83.5 48.5 48.2 91.6 91.4 72.6

the high-resolution piano transcription model (Kong et al., 2021) (HighRes)

and the multipitch detection model proposed in (Shibata et al., 2021) (POVNet).

For reference, we also include the results using ground truth (GT) performance

MIDIs as input for the next step. We use the public HighRes model, which is

pre-trained on the MAESTRO dataset. The POVNet is a CNN-based model

trained on the MAPS dataset. For the performance MIDI-to-score conversion

(PM2S) step, we compare our method with four other methods: 1) Using the

MuseScore software by importing the performance MIDI and exporting the

MIDI scores, 2) similarly, using the Finale software, 3) using the Melisma

Analyzer approach proposed in (Cogliati et al., 2016), and 4) using an HMM-

based statistical method described in (Shibata et al., 2021). In Table 4.9,

results on the Melisma Analyzer and the HMMs are those reported in (Shi-

bata et al., 2021), which share the same test set as the one we used in our

experiments (the MAPS-ENSTDkCl subset).

Results show that after switching to use transcribed MIDIs, the MV2H

results generally get lower in almost every MV2H sub-metric. The decrease in

the multi-pitch detection metric (Fpitch) may be mainly introduced by errors

in the A2PM step. Comparing GT+Ours with HighRes+Ours, a significant
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drop can be observed in hand part prediction (Fvoice). This might be because

of the domain shift from recorded performance MIDIs (on which the hand

part prediction model is trained) to the transcribed MIDIs (on which the

hand part model is evaluated). Rhythm quantisation (Fmeter and Fvalue) also

showed a similar decreased accuracy when using transcribed MIDIs. While we

adapted our model to be trained on transcribed MIDIs, the task (i. e., rhythm

quantisation) itself may be more difficult on noisy data (transcribed MIDIs

are usually noisier than recorded performance MIDIs). On the other hand,

there can also be accumulated errors introduced by the audio-to-performance

MIDI transcription (A2PM) step.

Comparing the five PM2S methods, we observe a trend that statistical

method (Melisma Analyzer and HMMs) tends to be better than commercial

software (MuseScore and Finale), while our deep learning method outper-

forms statistical methods in average MV2H F-score (FMV2H). Still, the HMMs

achieved the best results on the multi-pitch estimation and hand separation

sub-metrics (Fpitch and Fvoice).

Since this chapter focuses primarily on performance MIDI-to-score con-

version, so we do not include results on the MuseSyn dataset here. Instead,

these results are presented in Chapter 5, as the MuseSyn dataset consists of

score MIDIs rather than performance MIDIs. In Chapter 5, we compare the

pipeline-based methods with holistic methods on both the MuseSyn dataset

and the ACPAS dataset.

4.4 Conclusion

In this chapter, we introduced our proposed method for audio-to-score piano

transcription using a traditional automatic music transcription pipeline, i. e.,

audio-to-performance MIDI transcription (A2PM) followed by performance

MIDI-to-score conversion (PM2S).

We focused on the performance MIDI-to-score conversion (latter) step of

the pipeline, especially the more difficult part of rhythm quantisation. We

propose to solve rhythm quantisation by neural beat tracking using a convo-

lutional recurrent neural network, which predicts whether notes are at a beat

or not. We explored different input data encoding and data augmentation
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methods on the beat tracking model and found that note onset is the most

important input feature in beat prediction, and it is best to encode it into a

one-hot onset-shift vector. Among the data augmentation methods explored,

tempo change benefits the most. We validate our model’s beat tracking ability

in comparison with a baseline beat tracking model, which uses a pianoroll in-

put and a temporal convolutional neural network structure. After combining

the prediction of other musical score elements (i. e., hand parts, time signa-

tures, key signatures), we evaluate our proposed performance MIDI-to-score

conversion method on the MV2H metric in comparison with two commercial

software packages (i. e., MuseScore and Finale). Results suggest the benefit of

using the proposed method, highlighting the benefit of modelling expressive

tempo changes.

We further combine our proposed performance MIDI-to-score conversion

method with an existing audio-to-performance MIDI transcription model (Kong

et al., 2021), resulting in a pipeline-based audio-to-score piano transcription

system. We explored the use of different training data for the beat tracking

part of the PM2S model, including using ground truth performance MIDIs and

transcribed MIDIs. Results showed a benefit of using a mixture of both MIDI

versions. Evaluated on the MV2H metric, score-level results on the audio-

to-score pipeline showed a decrease in the system performance when shifting

from the use of ground truth performance MIDIs to transcribed performance

MIDIs, which suggests possible accumulated errors from the first step of the

pipeline (i. e., audio-to-performance MIDI transcription), and potential dif-

ficulties introduced by the domain shift from clean data (ground truth per-

formance MIDI) to noisy data (transcribed MIDI) in the latter step of the

pipeline (i. e., performance MIDI-to-score conversion). Still, the overall eval-

uation result of the audio-to-score transcription pipeline is better than using

existing music notation software (MuseScore) or statistical methods (Melisma

Analyzer or HMMs).

There are still a lot of limitations in the proposed system. One of the

biggest limitations is in rhythm quantisation, which shows the worst result

among all the MV2H sub-metrics. Possible ways for improvement include us-

ing more powerful model architectures, such as Transformers (Vaswani et al.,
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2017) and improving non-onset beat predictions and post-processing using

methods like dynamic Bayesian networks (Böck & Davies, 2020) or local pe-

riodicity (Chiu et al., 2023). Further directions include expanding the output

data to generate a machine-readable score in the form of MusicXML (Suzuki,

2021) and probing our system’s ability to deal more with genre and instru-

mentation (Shibata et al., 2021; Tanaka et al., 2020; Wu et al., 2020).



Chapter 5

Holistic Methods for Audio-to-

Score Piano Transcription

5.1 Introduction

Following an exploration of the traditional pipeline-based methods for audio-

to-score piano transcription, we switch our focus to holistic methods in this

chapter. As we discussed in Chapter 2, recent literature has mainly focused

on two approaches for audio-to-score transcription: 1) traditional pipeline-

based methods transcribe music audio step by step in the order of subtasks

(Nakamura et al., 2018; Shibata et al., 2021), and 2) holistic (or end-to-end)

methods design algorithms that directly convert an audio input to a score

format in the form of Western staff notation (Carvalho & Smaragdis, 2017;

Román et al., 2018; Román et al., 2019; Román et al., 2020). Compared to

traditional methods, holistic methods may have advantages in minimising the

risk of accumulated errors in different steps.

In this chapter, we investigate holistic methods for audio-to-score tran-

scription. As we discussed in Chapter 4, the first attempt towards audio-to-

score transcription with holistic methods adopts sequence-to-sequence models

as presented in (Carvalho & Smaragdis, 2017), which proves audio-to-score can

be performed in an holistic manner. However, the work is limited to mono-

phonic or two-melody polyphonic music, constrained note durations and 4/4

113



CHAPTER 5. HOLISTIC METHODS FOR AUDIO-TO-SCORE PIANO
TRANSCRIPTION 114

time signatures. Another holistic audio-to-score system developed in (Román

et al., 2018; Román et al., 2019; Román et al., 2020) makes use of a convolu-

tional recurrent neural network (CRNN) with connectionist temporal classifi-

cation (CTC) loss. It uses a CTC-friendly score data representation to achieve

higher performance. However, the system is still limited to monophonic tran-

scription or a simple case of polyphonic transcription (string quartets or Bach

chorales). Another limitation among those above-mentioned holistic audio-

to-score methods is that they only output a beat-quantised musical notation,

lacking important descriptive information in music analysis, such as absolute

time for note onsets and offsets.

Unlike previous works which target solely a musical “score” representation

(without any performance information), in this chapter, we try to predict both

a performance-level transcription, in the form of a piano-roll representation

or performance note sequence, and a score-level transcription, in the form of

symbolic music notation. This can be beneficial in real-world applications in

the sense of not only providing the transcribed music score notation, but also

enabling various applications that require a performance-level transcription,

such as expressive performance analysis and performance-to-score alignment.

In our work, we also explore how the learning of both performance and score

can affect the ability of the transcription system.

The remaining of this chapter covers mainly two parts: 1) Section 5.2

describes our first step towards a joint multi-pitch detection and score tran-

scription system using a multitask model composed of a CRNN and RNN-

based sequence-to-sequence models with attention mechanisms; 2) Section 5.3

introduces further exploration towards better score transcription using a long

short-term decoding strategy with Transformers. At the end of this chapter,

we provide a brief conclusion in Section 5.4.
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5.2 Joint multi-pitch detection and score transcrip-

tion

5.2.1 Introduction

In this section, we introduce our first holistic audio-to-score system for joint

multi-pitch detection and score transcription. We observe that previous lit-

erature on holistic audio-to-score transcription (Carvalho & Smaragdis, 2017;

Román et al., 2018; Román et al., 2019; Román et al., 2020) is limited to

monophonic transcription or a fixed polyphony level transcription. In this

work, we intend to extend the use of holistic methods for audio-to-score to

a more general application scenario of polyphonic piano music with vary-

ing polyphony levels, also, to support the estimation of music performance

characteristics in a piano-roll format. We propose a multitask holistic model

composed of convolutional layers, recurrent layers and sequence-to-sequence

models with an attention mechanism for audio-to-score transcription, which

is, to our knowledge, the first holistic model that transcribes polyphonic piano

music into both a piano-roll format (corresponding to a descriptive notation

of the music audio) and a score in Western staff notation (corresponding to a

prescriptive notation of the musical audio). Additionally, we propose a mod-

ified score representation based on the LilyPond format for modelling poly-

phonic music, which learns and predicts 7 times faster and performs better

than the LilyPond format (Nienhuys & Nieuwenhuizen, 2003) score represen-

tation on this model and tests the effect of using different input time-frequency

representations, including Short Time Fourier Transform, Mel Spectrogram,

Constant-Q Transform, Variable-Q Transform (Schörkhuber et al., 2014) and

Harmonic Constant-Q Transform (Bittner et al., 2017).

In the following sections, we introduce our proposed score data represen-

tation (subsection 5.2.2), the multitask learning model architecture (subsec-

tion 5.2.3), our comparative experiments on different input and output rep-

resentations as well as single- or multitask learning (subsection 5.2.4), and a

short conclusion in subsection 5.2.5.
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5.2.2 Data representations

Audio data representations

Like in most AMT systems, we use as input a time-frequency representation

of the audio signal, and we compare commonly used time-frequency represen-

tations. All representations are log-valued and the signals are resampled to

ensure the hop size of every spectrogram being equal to 10ms, which means

equal length in the model input. The time-frequency representations we com-

pare are:

• STFT - Magnitude spectrogram from the Short Time Fourier Transform

with a Hanning window and FFT window length in {1024, 2048}. Signal
sampling rate is 44.1kHz.

• Mel Spectrogram - Mel Spectrogram with different FFT window length

in {1024, 2048} and different number of Mel bands in {128, 192, 256}.
Signal sampling rate is 44.1kHz.

• Constant-Q Transform (CQT) - Spectrogram obtained from the Constant-

Q Transform (Brown, 1991), with bins per octave in {12, 24, 36, 48,
60}, number of octaves in {7, 8} and lowest frequency equal to pitch

A0=27.5 Hz, which is the lowest pitch in piano. Signals are resampled

at 25.6 kHz to fit a hop length of 256.

• Harmonic Constant-Q Transform (HCQT) - Spectrogram from the Har-

monic Constant-Q Transform proposed in (Bittner et al., 2017), which

is a 3-dimensional spectrogram with CQTs based on shifted harmonics.

The parameters we select from are bins per octave in {36, 60}, number

of octaves in {5, 6} and number of harmonics in {4, 5, 6}. Signals are

resampled at 25.6kHz.

• Variable-Q Transform (VQT) - Spectrogram calculated from Variable-Q

Transform proposed in (Schörkhuber et al., 2014). We select γ values

in {10, 20, 30}, number of bins per octave in {36, 60} and number of

octaves in {7, 8}. Signals are resampled at 25.6kHz.
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Score data representations

One of the major challenges in developing an holistic audio-to-score system is

selecting an output representation that can support polyphonic music and in-

cludes various cues present in music scores. Compared to sentence outputs in

ASR tasks, music notation is much more structured and complex. Some of the

most commonly used symbolic music score encoding formats are MusicXML,

**Kern, LilyPond, ABC and PAE (Müller, 2015). However, MusicXML is a

verbose music encoding, and the **Kern format only supports monophonic

music per voice. All the other three formats support polyphonic music and

encode music scores into strings. Here, we use the LilyPond (Nienhuys &

Nieuwenhuizen, 2003) format as a base representation for our score data rep-

resentation.

Although much more concise than the MusicXML format, LilyPond en-

coding is still complex with hierarchical structures such as parts and voices.

To make the transcription task simpler, we assume that there are only two

hand parts in piano music and only one voice per hand, where each voice

can have multiple concurrent notes. We consider the left hand part and right

hand part scores as two outputs predicted jointly. In this way, we discard

the hierarchical structure of the LilyPond format and keep the most essential

information in two strings. We assume our model to predict one bar at a time,

this means that we only take into account the notes and rests in our score data

representation, no barline or key/time signature symbols are included. At this

stage, we do not consider adding playing techniques such as arpeggios, trios,

vibratos, or rhythm structures such as triplets and quintuplets. The symbols

we use in LilyPond format are:

• Pitch - Combined with pitch chroma (e.g. ‘c’ for C, ‘cis’ for C♯ and ‘ces’

for C♭) and pitch height (e.g.‘ ′ ’ for higher octave and ‘ , ’ for lower

octave, duplicate e.g. ‘ ′′ ’ for double octaves).

• Duration - We use numbers to represent durations, e.g. ‘8’ for an 8th

note duration (duration symbol can be omitted for a 4th note duration).

The same duration representation is used for chords and rests. ‘ . ’ is

added for dotted notes - resulting in e.g. ‘4.’.
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LilyPond representation:
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Figure 5.1: Example music score and corresponding LilyPond and Reshaped

representation.

• Rest/Note/Chord - A rest is represented as ‘r’ followed by its dura-

tion symbol. A note/chord is represented by its pitch(es) and duration.

Chord pitches are grouped by brackets (e.g. pitches for a C major start-

ing with a middle C is ‘⟨ c′ e′ g′ ⟩’)

• Tie - Ties are represented using ‘∼’, added to its start note, such as

‘c4 ∼ c8’ for a tied note c, or ‘⟨c ∼ e g⟩4⟨c f a⟩2’ for a tied c in chord.

Based on the above defined musical symbols, we compare the following

two score data representations; an example for the two score representations

can be seen in Figure 5.1.

• LilyPond representation - A representation based on LilyPond encoding

by removing extra symbols and keeping only the described necessary

symbols to reconstruct a musical score.

• Reshaped representation - Considering the length of a LilyPond score

representation and the difficulty in learning structural information, we

propose a Reshaped data representation based on the LilyPond repre-

sentation that describes a score in a 2D matrix of symbols. We assume
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a maximum of five concurrent notes per hand, one for each finger, and

the 2D matrix of symbols is indexed by symbol index and time, where

each time step consists of (5+5+5+1=)16 symbols corresponding to five

symbols for each one of pitch names or rest, pitch heights, ties and one

symbol for duration. Each column of the matrix can reconstruct a rest,

note or a chord in a music score.

5.2.3 Model architecture

Based on the data representations described above, we build a model1 that

predicts a piano-roll Yp and a music score representation Ys = {Sr, Sl} from a

music audio spectrogram input X, where Sr and Sl are the sequences of score

symbols for the right and left hand parts. That is to find:

Yp, {Sr, Sl} = argmax
Yp∈Up,Sr∈Us,Sl∈Us

P (Yp, {Sr, Sl}|X) (5.1)

where Up is the universal set of possible piano-rolls and Us is the universal set
of score representation sequences for one hand part. Although Yp and X are

strictly time-aligned, Sr, Sl are not aligned with X and have different lengths.

We design the model as a multitask learning model (Ruder, 2017) with a

shared convolutional stack and three separate sequential models, correspond-

ing to Yp, Sr, and Sl. The convolutional stack of the model has four convo-

lutional layers, with a pooling layer in the middle of the stack following the

second convolutional layer, and a linear layer following the last convolutional

layer. We use two layers of bi-directional Gated Recurring Units (GRU) fol-

lowed by a linear output layer with Exponential Linear Unit (ELU) activation

for the piano-roll prediction, resulting in a Convolutional Recurrent Neural

Network (CRNN) together with the shared convolutional stack. For scores,

since the LilyPond score representation is not always shorter than the input

audio spectrogram in term of time steps (which is a pre-requisite of using a

CTC loss) we adopt the more universal sequence-to-sequence model originally

proposed in neural machine translation (Sutskever et al., 2014), and use an

attention mechanism (Bahdanau et al., 2015) to make the model capable of

1Code is publicly available online at:

https://github.com/cheriell/ICASSP2021-audio-to-score

https://github.com/cheriell/ICASSP2021-audio-to-score
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spectrogram

Conv (20×3×3)
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Seq2Seq:
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bi-GRU (100)
bi-GRU (100)
Linear (vocab_size)

Seq2Seq

Figure 5.2: Model structure with layer sizes.

learning long sequences. Two sequence-to-sequence models are added follow-

ing the shared convolutional stack, for the right hand score Sr and the left

hand score Sl respectively. The encoder of a sequence-to-sequence model is

composed of two bi-directional GRU layers, and the decoder consists of one

(for LilyPond score representation, or 16 for Reshaped score representation)

embedding layer(s), one attention layer that attends to the encoder output,

two one-directional GRU layers and one (for LilyPond representation, or 16

for Reshaped representation) linear output layer(s) with log-valued softmax

activation. A diagram explanation of our proposed model architecture and

the dimensions of each layer can be found in Figure 5.2.
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Table 5.1: Statistics of the MuseSyn dataset. For polyphony levels, numbers

out of brackets are calculated without adding piano pedals; numbers in brack-

ets are calculated with piano pedals.

Statistic Details

Number of music pieces 210

Total hours 9.62 × 4 piano models

Total notes 222,219

Use of piano pedal 29% (61 pieces)

Maximum polyphony level 13 (26)

Average polyphony level 2.87 (3.21)

Time signatures 4/4, 3/4, 5/4, 6/8, 9/8, etc.

Key signatures all 12 key signatures

5.2.4 Experiments

Data

We use the MuseSyn dataset mainly covering popular piano music described

in Chapter 3, we refer to the readers to Chapter 3 for details of how this

dataset is created. Table 5.1 gives a summary of the dataset statistics. We

do this as a starting point and because there is a lack of AMT datasets that

provide score ground truth on both physical and musical time. A dataset

that best fits this task is the ASAP dataset (Foscarin et al., 2020), which was

only published shortly before we summarised this work into a paper, thus, we

considered it to be investigated in our future work.

We use a train/validation/test ratio of 8:1:1 in our experiments, which

corresponds to 168 pieces for training, 21 pieces for validation and 21 pieces

for testing. Among the four piano models in the dataset, we use three piano

models in training and validation, and all four piano models in testing. We

keep the same train/validation/test split throughout all experiments.
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Training and inference

In our experiments, all the input audio spectrograms are calculated using

librosa (McFee et al., 2020). The Python package pretty midi (Raffel & El-

lis, 2014) is used to extract information from MIDI files. We use the default

velocity-valued piano-roll in pretty midi as our piano-roll reference, and the

ground truth downbeat times to cut audio recordings into bars. Zero padding

is added to the input audio spectrograms and piano-rolls. For score represen-

tations, we split them into lists of symbols and consider the symbols as tokens

in a sentence like tokens in natural language processing problems (Goldberg,

2017). SOS, EOS and PAD symbols are added to the sentences. Symbols are

encoded by one-hot encoding. For the Reshaped representation, the symbols

are separately one-hot encoded, that is, we use separate index dictionaries for

pitch name, pitch height, tie and duration symbols.

For the piano-roll part, a minimum squared error loss is used for the output

during training. To obtain a binary piano-roll during inference, we threshold

the model’s output with a velocity value of 30, since low velocities are not

audible. No post-processing steps like smoothing, minimum duration pruning

or gap filtering are applied. The obtained note sequences form the binary

piano rolls for note-level evaluations.

For the score part, a negative log-likelihood loss is used for the score repre-

sentation. A 50% teacher forcing ratio (Goldberg, 2017) is used in the training

process. This means the models use the ground truth in the decoding process

with a 50% probability at each time step, otherwise it uses the most probable

predicted output symbol. During inference, no teacher forcing is used, and

we simply adopt a greedy decoding to obtain the predicted output sequence.

To further obtain a full score transcription from the models, we combine the

predicted scores for all bars, and post-process the scores by obtaining the most

probable time signature, adding missing rests and removing extra rests. The

final score representation can be directly decoded to MusicXML format.

Experimental setup

Comparison of time-frequency representations. In this experiment,

we compare the performance on the use of the STFT, Mel Spectrogram, CQT,
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HCQT and VQT as input representations and their different parameters de-

scribed in subsection 5.2.2 for multi-pitch detection. We assume the best input

representation for multi-pitch detection will perform well on score transcrip-

tion, since the two tasks are highly related. Hence, we use only the piano-roll

part of our proposed model, removing the pooling layer in the convolutional

stack to achieve higher resolution. Results for this comparison are evaluated

only on the three piano models used in model training.

Comparison of score representation. We use only the shared and score

component to compare the two score representations described in subsec-

tion 5.2.2, keeping the convolutional stack and the two sequence-to-sequence

models for score prediction. We call the two models score-only model with

LilyPond or Reshaped representation. The best-performing spectrogram from

the previous comparison is used as our input representation.

Combination of piano-roll and symbolic score. Using the best input

and score representation from the above, and the full multi-task model, we

train a Joint model that simultaneously predicts a piano-roll transcription and

a symbolic score transcription. We compare this new model with piano-roll

only and score-only models to see how the two tasks influence each other.

Evaluation metrics

For the input representation experiment, we evaluate the performance with

the AMT benchmark frame-level and note-level onset only and onset-offset

evaluation metrics (Bay et al., 2009). We use an onset tolerance of 50ms and

keep the offset tolerance to be 20% of the note duration, or 50ms, which ever

is larger, as is used in the MIREX public evaluations (Bay et al., 2009).

For score evaluation, since there is no existing standard audio-to-score

evaluation metric, we use the following two metrics as an indication of the

system’s performance:

• Word Error Rate (WER) of the LilyPond representation, adopted from

neural machine translation tasks (Goldberg, 2017). For the Reshaped

representation, we first reconstruct the output to the LilyPond format



CHAPTER 5. HOLISTIC METHODS FOR AUDIO-TO-SCORE PIANO
TRANSCRIPTION 124

Table 5.2: F-measure of piano-roll prediction on different input representations

and models. Ff : frame-level, Fon: note-level onset only, Fonoff : note-level onset

and offset.

Input representations Ff Fon Fonoff

STFT 89.5 81.0 61.7

Mel Spectrogram 89.0 82.1 63.0

CQT 91.9 85.4 67.4

HCQT 91.0 84.1 65.3

VQT 91.9 85.7 68.5

and then calculate the word error rate to the ground truth LilyPond

representation.

• MV2H metric proposed in (McLeod & Steedman, 2018a) for complete

AMT evaluation, composed of five sub-metrics: multi-pitch detection

accuracy (Fpitch), voice separation accuracy (Fvoice), metrical alignment

accuracy (Fmeter), note value detection accuracy (Fvalue). The harmonic

analysis submetric is not included, since we do not include key detection

and chord estimation in our experiments. We redefine the overall ac-

curacy of this metric (FMV2H) as the average over the four sub-metrics.

In this work, we use v1.0 of this metric, assuming our transcription and

the input audio are time-aligned.

Results

Multi-pitch estimation results. Table 5.2 shows the F-scores of bench-

mark frame-level and note-level evaluation metrics on the model predictions

on different input audio spectrograms with their best performing parameters,

and on the Piano-roll only model and Joint model under the best input rep-

resentation we find. Among the five spectrogram types, VQT shows the best

performance, with a γ value of 20, and 8 octaves × 60 bins per octave in

the frequency axis. No large performance difference on this metric is found

between the Piano-roll only model and the Joint model. For more detailed

results on other parameters of each input time–frequency representation, we
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Target piano rolls Output piano rolls

Figure 5.3: Example velocity-valued piano roll targets and outputs from model

with the best input representation. Left column: ground truth piano rolls,

Right column: transcribed piano rolls (non-binary, as predicted probabilities).

refer readers to Section A.1 in the Appendix.

Figure 5.3 includes example ground truth and transcribed piano rolls using

the best input representation. Generally, the pitches are correctly predicted.

However, the model is not very good at predicting short gaps between repeated

notes, which results in merged note errors.

Score transcription results. Table 5.3 shows the WER evaluation and

MV2H evaluation results on score prediction for the two Score-only models and

the Joint model we described in Table 5.2.4. All inputs are VQT spectrograms

with 8 × 60 frequency bins and a γ value equal to 20. Results show the

Reshaped representation is slightly better than the LilyPond representation

in both metrics. The Reshaped representation also outperforms the LilyPond

representation in terms of the time and memory resources required (around 7

times faster and half the memory). The Joint model performs better than the
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Table 5.3: Word error rates and MV2H results in percentage for different

score representations. LilyPond: Score-only model with LilyPond representa-

tion; Reshaped: Score-only model with Reshaped representation; Joint: Joint

model with Reshaped representation. ϵright and ϵleft refer to the word error

rates for the transcriptions for the right-hand part and left-hand part.

WER ϵright ϵleft ϵ

LilyPond 38.0 39.0 38.5

Reshaped 37.8 34.5 36.2

MV2H Fpitch Fvoice Fmeter Fvalue FMV2H

LilyPond 66.7 90.3 94.8 93.2 86.3

Reshaped 69.6 89.7 94.8 93.7 86.9

Table 5.4: Model performances on single-task and multi-task models.

F-measure Ff Fon Fonoff

Piano-roll Only 86.4 67.6 52.0

Joint 88.0 66.7 53.6

WER ϵright ϵleft ϵ

Score-only 37.8 34.5 36.2

Joint 37.6 35.3 36.5

MV2H Fpitch Fvoice Fmeter Fvalue FMV2H

Score-only 69.6 89.7 94.8 93.7 86.9

Joint 71.1 90.8 94.9 94.4 87.8

Score-only model with Reshaped representation in terms of MV2H evaluation

metric, which suggests an advantage in adding the piano-roll prediction task.

In Table 5.5, we show the time and space resources required by the two

score representations. Training time and memory are measured as average val-

ues per epoch with a batch size of 8, and inference time and memory are mea-

sured for predicting scores of the whole test set. Score post-processing time is
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Table 5.5: Time and memory used in training and inference for the Score-only

model with LilyPond and Reshaped representations.

Score rep. Time (hh:mm) Memory (MB)

Training LilyPond 19:55 10,817

Reshaped 2:36 5,043

Inference LilyPond 11:22 2,555

Reshaped 2:03 1,677

not included in the measurement. We notice time and memory consumption

of the Reshaped representation is much less than that of the LilyPond rep-

resentation. Moreover, the Lilypond representation inference time is greater

than the duration of the music recording, and the Reshaped representation

inference time is shorter than the duration of the music recording.

Two example ground truth scores and their transcriptions from the Joint

model are in Figure 5.4. In the examples, the model generally captures the

notes and meters and can transcribe the melodies to some extent. Main

errors found in the two examples include octave errors, note duration errors,

extra/missing note errors and voice separation errors. Especially, in the last

measure of the second example (Figure 5.4-(b)), a lot of mistakes can be found

in the left-hand score.

5.2.5 Conclusion

Our results suggest the benefit of multitask learning in audio-to-score tran-

scription, as well as the feasibility of using a sequence-to-sequence model for

the task. This benefit can be attributed to the many common musical features

shared between the piano roll and the musical score, such as pitch, onset, and

duration; predicting both jointly encourages the model to learn these shared

representations more effectively through a common latent space. Results also

show that among the five audio input representations in our comparison, VQT

achieved the best results. This outcome is consistent not only with the quan-

titative evaluation but also with the musical properties of VQT: while CQT

benefits from a logarithmic frequency scale that is well-suited for represent-
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Figure 5.4: Example transcriptions. GT: ground truth music score. TR: tran-

scribed music score. Ground truth key signatures are used for visualisation

purposes. Transcription outputs for all pieces in the test set are available in

our online repository at https://github.com/cheriell/ICASSP2021-A2S

ing musical pitches, its time resolution decreases towards lower frequencies,

which can compromise accurate note timing information. VQT addresses this

https://github.com/cheriell/ICASSP2021-A2S
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by introducing a variable-Q factor that balances time resolution across dif-

ferent frequency ranges, making it a more suitable input representation for

transcription tasks where precise note timing is essential. For the output

score representation, we find that a reshaped score representation achieves

competitive results with much lower computational complexity.

However, our system remains constrained to transcribing pre-segmented

bars using ground-truth downbeats, which limits its applicability in real-world

scenarios. Moreover, the relatively low performance in multi-pitch estimation

indicates a substantial gap between our system and state-of-the-art frame-

and note-level transcription approaches. In our subsequent study, we address

these limitations by introducing a fully automatic data processing pipeline

and incorporating the Transformer architecture.

5.3 Joint note- and score-level transcription via long

short-term decoding

5.3.1 Introduction

Following our exploration in Section 5.2, we further extend our study on holis-

tic methods for audio-to-score transcription using the Transformers architec-

ture (Vaswani et al., 2017), which has been proven to be effective in various

machine learning tasks. In this part, we particularly pay attention to the

temporal dependencies of different musical elements. We categorise musical

elements into two types: those that are more short-term and rely primarily on

local information (e.g., pitch and onsets), and those that are more long-term

and dependent on broader temporal structures (e.g., meter and measure). In

the rest of this chapter, we refer to them as short-term musical elements and

long-term musical elements.

In this study, we investigate how such categorisation influences the perfor-

mance of our audio-to-score transcription system. To enable the joint learning

of both short-term and long-term musical elements, we introduce an event-

based music representation that unifies their encoding. Furthermore, we pro-

pose a long short-term decoding strategy, in which two separate decoders

operate in successive stages, each focusing on one type of musical element.
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We compare this two-stage decoding strategy with a conventional single-stage

approach and evaluate its impact on transcription performance based on sub-

metrics tailored to different musical aspects. Additionally, we also examine the

incorporation of beat information within the transcription task and analyse

its effect on model performance.

The succeeding sections are organised as follows. We first introduce our

proposed event-based music representation in subsection 5.3.2, followed by our

proposed long short-term decoding strategy in subsection 5.3.3. Our experi-

ments and their results are described in subsection 5.3.4 and subsection 5.3.5.

Finally, we briefly summarise our findings in subsection 5.3.6.

5.3.2 Event-based music representation

In this section, we describe our proposed event-based music representation,

which works as the output data representation for our transcription system.

For the input data representation, we refer to subsection 5.3.4 for details.

Overview

In Figure 5.5, we provide an example of our proposed event-based music rep-

resentation. We define a music excerpt as a list of note events

Y = {ni}N
notes

i=1 , (5.2)

where, similar to what we did in Chapter 4, notes are ordered by firstly onset

time and secondly pitch. Here, each note is defined as a group of eight musical

elements:

ni = (pi, oi, di, hi, li, bi,mi, vi), (5.3)

where the first four are short-term musical elements, representing note pitch

(pi), onset (oi), duration (di) and hand part (hi); the latter four are long-

term musical elements, representing measure length (li), beat division (bi),

musical onset (mi) and note value (vi). We adopt this categorisation because

elements such as pitch, onset, offset, and hand part primarily depend on local

information. In contrast, the latter four elements are closely tied to musical

meter and require modelling longer-term temporal dependencies.
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Figure 5.5: An example overview of the proposed event-based music represen-

tation.

Following the above, we can obtain a short-term part of the note sequence

Y s and a long-term part of the note sequence Y l as below.

Y s = {ns
i}N

notes

i=1 , where ns
i = (pi, oi, di, hi), (5.4)

Y l = {nl
i}N

notes

i=1 , where nl
i = (li, bi,mi, vi), (5.5)

This representation allows us to capture note sequences in a musical perfor-

mance (through pitch, onset, and offset) as well as in a musical score (through

hand part and meter-related long-term elements). It thereby aligns with our

goal of modelling both performance-level and score-level transcription, en-

compassing both short-term and long-term musical elements. We’ll further

explain how we define each musical element, respectively.
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Short-term musical elements

Pitch. We define pitch as the MIDI pitch numbers ranging from 0 to 127,

covering all 128 MIDI pitch numbers. In Figure 5.5, we used pitch names

instead for better readability.

Onset. Onset is defined as the quantised musical onset time from the be-

ginning of the music recording, with a time resolution of τ = 0.01s. Although

our findings in Chapter 4 suggested that it can be beneficial to use a relative

time encoding, in this study, we opt to use the absolute time of the musical

onset to avoid accumulating errors during the decoding process.

The maximum onset value corresponds to the maximum length of the

music recording. Additionally, we define a special value <tie left> for note

onset, for those notes that started before the beginning of the music recording

segment.

Duration. Instead of using note offsets (such as in (Hawthorne et al., 2021)),

we choose to use note duration instead to simulate a better local dependency

between the output music representation and the embeddings from the input

audio recording, assuming that the encoder can learn a latent space that aligns

well with note-level information in the output representation.

Similar to onset, we define the duration as quantised time, with the same

time resolution τ = 0.01s. We limit the maximum note duration value to the

maximum length of the music recording. For those notes that continue after

the end of the music segment, we define their duration as <tie right>. And

for those notes that started before the beginning of the music segment, we

account for only the duration within the current music segment.

Hand part. We define the hand part using only two values: 0 for the left

hand (or lower staff) and 1 for the right hand (or upper staff). Unlike in

Section 5.2, where the left and right hand parts were separated into two output

sequences, we represent the hand part as a single element rather than using

separate sequences. This design choice may facilitate future extensions, for

example, when incorporating more voices.
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Long-term musical elements

Measure length. We define the measure length to capture the downbeats

or barlines in the musical score. Specifically, we assign a measure length value

only to the first note of each measure, while setting the value to 0 for all other

notes. This definition enables us to infer barline positions and time signatures

from the score. In practice, the measure length is defined as the duration in

ticks in the MIDI score. In Figure 5.5, we used the length in beats instead for

better readability.

Beat division. We incorporate beat division to account for beat-level in-

formation during the transcription process. Unlike traditional beat-tracking

methods that estimate beat times directly, we encode beat information in

terms of beat-level subdivisions. Specifically, we define a beat division value

bi for each note, which indicates the metrical subdivision of the note within

a beat. In this formulation, a note that happens exactly on beat has bi = 1,

while a note occurring at half beat has bi = 2, and so on (i.e., the note is

placed at a k/bi fraction of the beat, with the minimum possible bi).

Musical onset. We define musical onset as the absolute musical position of

the note, with a resolution of 12 subdivisions per quarter note, which is fine

enough to describe most notes (see statistical analysis in Chapter 3). Similar

to onsets, we use <tie left> to represent those notes that started before the

music segment.

Note value. We round the note values using the same resolution of 12 sub-

divisions per quarter note as for musical onsets. Similar to how we defined note

duration, we use a <tie right> to represent the notes that last beyond the

music segment. For those notes that started before the segment, we account

for only the note value within the current music segment.
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Figure 5.6: Baseline model architecture. PE is short for positional encoding.

We start the output sequence with n0 to account for the <sos> token in

practice.

5.3.3 Long short-term decoding strategy

Baseline model

Before introducing our proposed long short-term decoding strategy, we provide

a description of the baseline model in this study, which is adapted from our

previous study described in Section 5.2. Figure 5.6 shows an overview of the

model architecture.

For the encoder, we adopt the VQT input representation and extend it

with a harmonic stacking operation, enabling the convolutional layers to bet-

ter capture harmonic information (Bittner et al., 2022). The encoder is im-

plemented as a CRNN. To support joint learning with a piano-roll output, we

use separate GRU layers: one to predict the piano-roll output and another to

produce the encoder output that is forwarded to the decoder.

The decoder follows a Transformer-based architecture. We add positional
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Figure 5.7: Long short-term decoding strategy with a short-term decoder and

a long-term decoder. Similar to Figure 5.6, ns
0 is used to account for the

<sos> token in practice.

embeddings to the encoder outputs, allowing the decoder to capture positional

information. To support our proposed event-based music representation, we

modify the embedding and linear output layers in the decoder to handle mul-

tiple tokens per time step. As illustrated in Figure 5.6, each time step corre-

sponds to a note in the sequence, and the musical elements associated with

that note are decoded in parallel through the decoder’s linear output layer.

Long short-term decoding

We propose a long short-term decoding strategy that decodes the event-based

music representation in two stages, processed by firstly the short-term decoder

and secondly the long-term decoder. Given henc being the encoder output, the
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long-short decoding strategy models the following probability distributions:

h′
enc = positional encoding(henc) , (5.6)

Dshort := P (ns
i |h′

enc,n
s
1,n

s
2, ...,n

s
i−1) , (5.7)

Dlong := P (Y l|h′
enc,Y

s) , (5.8)

where Dshort and Dlong are the model weights for the short-term decoder and

the long-term decoder.

Figure 5.7 provides an overview of the process. This strategy employs

the same encoder as the baseline model but separates the decoder into a

short-term decoder and a long-term decoder. In the first stage, the short-

term decoder autoregressively predicts the short-term musical elements of the

note sequence Y s. In the second stage, the long-term decoder predicts the

long-term musical elements of the note sequence Y l in a single step, as no

causal mask is required. We place the short-term decoder first, as it captures

fundamental musical elements directly derived from the audio recording, while

simultaneously providing information that supports the subsequent long-term

decoding.

5.3.4 Experimental setup

In this section, we present the experimental setup, including the dataset, eval-

uation metrics, comparative studies, and the detailed training and inference

configurations. For reproducibility, we offer the source code and pretrained

model checkpoints of our experiments at:

https://github.com/cheriell/a2s-ls-decoding

Data

In this study, we use the MuseSyn dataset with the same split as in Section 5.2,

and refer to Table 5.1 for detailed statistics.

Unlike the previous experiment in this chapter, we adopt a different data

processing pipeline. Instead of segmenting music recordings into bars using

ground-truth downbeat annotations, we divide them into fixed 10-second seg-

ments. This design choice serves two purposes: first, it enables us to evaluate

https://github.com/cheriell/a2s-ls-decoding
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our method in a more realistic setting where downbeat annotations are un-

available; and second, it allows us to test the algorithm on longer excerpts,

since the average bar length in the MuseSyn dataset is roughly 2 seconds,

which is considerably shorter.

During training, we randomly sample music segments from the training set

and apply data augmentations, including pitch shifting (–4 to +4 semitones)

and time stretching (with a random ratio between 0.8 and 1.2). For evaluation,

music segments are sampled consecutively without augmentation.

Evaluation metrics

We evaluate our transcription system using the MV2H metric (McLeod &

Steedman, 2018a) for score-level transcription (see subsection 2.4.2 in the

background chapter, where we described it in detail). Following the setup

in Section 5.2, we omit the harmony sub-metric since our system does not

perform key detection. Accordingly, we redefine the MV2H F-score (FMV2H)

as the average of the remaining four sub-metrics: multi-pitch (Fpitch), voice

separation (Fvoice), metrical alignment (Fmeter), and note value prediction

(Fvalue). For evaluation, we adopt version 2.0 of the MV2H toolbox, which

includes automatic alignment between reference and prediction.

Additionally, we use the conventional F-measure metric for frame-level

and note-level transcription, since our system also predicts note onsets and

duration. We report the framewise and notewise (with and without offset)

F-scores (Ff , Fon and Fonoff) as we did in our previous experiment in this

chapter (Section 5.2).

Comparative studies

To gain a clearer understanding of model performance, we compare several

variations of the baseline model (described in subsection 5.3.3) against our

proposed model with the long short-term decoding strategy:

Baseline model with an RNN decoder (Baseline-RNN). We replace

the Transformer-based decoder of the baseline model with an RNN-based

decoder with an attention mechanism (as in Section 5.2). This enables a
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comparison with our previous architecture under the new experimental setup

(i.e., similar model architecture with revised data processing pipeline and rep-

resentation). Furthermore, since our proposed output representation encodes

more information than a score-only representation (e.g., the LilyPond-based

format), we omit onset, duration, and beat division to obtain a strictly score-

only output representation (i.e., ni = (pi, hi, li,mi, vi)).

Baseline model with score-only musical elements (Baseline-Score-

Only). We then retain the same score-only output representation as in

Baseline-RNN, but switch back to the Transformer-based decoder used in the

baseline model. This enables us to analyse the effect of decoder architecture

(RNN vs. Transformer) on model performance.

Baseline model with beat division in the score (Baseline-ScoreWith-

Beat). We further extend the output representation of the Baseline-ScoreOnly

model by adding beat division, in order to investigate how beat information

influences model performance. The resulting note sequence is represented as

Y = {(pi, hi, li, bi,mi, vi)}Nnotes

i=1 .

Baseline model with all musical elements (Baseline-AllElms). In

this variant, we adopt the baseline architecture while incorporating all musical

elements defined in our proposed event-based music representation. Rather

than distinguishing between short-term and long-term elements, we treat them

as a unified set in the baseline model, yielding the output representation Y =

{(pi, oi, di, hi, li, bi,mi, vi)}Nnotes

i=1 .

Proposed model with the long short-term decoding strategy (LS-De-

coding). In this model, we adopt the long short-term decoding strategy

described in subsection 5.3.3, where the note sequence is generated through a

two-stage decoding process: first producing Y s, followed by Y l, as defined in

Equation 5.4 and Equation 5.5.
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Model training and inference

In our experiments, the encoder is composed of four convolutional layers and

two GRU layers for the encoder output, while a single GRU layer is used for the

piano-roll output. In addition to the multi-pitch piano-roll output described

in Section 5.2, we also include onset prediction in the piano-roll output; both

are trained using a mean squared error loss. The decoder consists of four

Transformer layers. For all model variants, we employ a cross-entropy loss to

learn the output note sequence. To align with our proposed event-based music

representation, we add <sos> and <eos> tokens to each musical element at

the start and end of the note sequence, allowing multiple start and end tokens

to indicate the boundaries of the note sequence.

During training, we employ a scheduled sampling strategy to enhance the

model’s robustness to prediction errors. Specifically, the probability of feeding

the model’s own predictions into the decoder is gradually increased from 0% at

the start of training to 50% by epoch 50. During inference, we employ greedy

decoding, selecting the most likely token at each step. If any musical element

encounters a <eos> token, decoding is terminated for the note sequence.

Models are trained on four H100 GPUs with a batch size of 30, a learning

rate of 1e-3, and a weight decay of 0.01. A ReduceLROnPlateau scheduler re-

duces the learning rate by a factor of 0.2 after 25 epochs without improvement,

and early stopping is applied with a patience of 50 epochs.

5.3.5 Results

We now present and discuss the results of our experiments, summarised in

Table 5.6 for score transcription results (MV2H metric) and in Table 5.7 for

frame-level and note-level transcription results (F-measures).

For the Transformer-based model variants described in the comparative

studies, we report the mean and standard deviation over three runs to ac-

count for the effect of randomness in model initialisation, since this is an

important factor when performance differences between models are relatively

small. Although three runs are insufficient for a precise estimate of the stan-

dard deviation, we include it to indicate variability in model performance and

to support a more comprehensive analysis. For more detailed results of each
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Table 5.6: Score transcription results using MV2H metric on the MuseSyn

test set. HRes: The high-resolution piano transcription system proposed by

(Kong et al., 2021). RNN*: The method we developed in Section 5.2; RNN-

Hierarchical*: The hierarchical method introduced by (Zeng et al., 2024); we

use * to indicate music segments are pre-processed into bars using ground

truth downbeats.

Method Fpitch Fvoice Fmeter Fvalue FMV2H

Pipeline-based Methods

HRes+PM2S (pretrained) 92.6 47.5 26.2 79.9 61.6

HRes+PM2S (retrained) 92.6 54.3 42.8 79.2 67.2

HRes+MuseScore 79.3 52.5 59.3 81.5 68.2

Holistic Methods

RNN* 71.1 90.8 94.9 94.4 87.8

RNN-Hierarchical* 81.2 90.4 – 95.3 –

Baseline-RNN 62.1 68.5 60.0 79.0 67.4

Baseline-ScoreOnly 90.3±2.2 84.5±1.6 70.5±2.7 87.9±0.7 83.3±1.8

Baseline-ScoreWithBeat 91.7±0.6 84.2±1.0 73.8±0.7 88.3±0.2 84.5±0.6

Baseline-AllElms 93.1±0.6 85.6±0.1 74.8±1.7 89.5±0.4 85.8±0.5

LS-Decoding 90.9±0.6 84.3±1.0 83.1±2.6 88.1±0.1 86.6±0.5

run, we refer the readers to Section A.2 in the Appendix. In addition to

the comparative study results, we also report results from several previous

pipeline-based methods and holistic approaches for comparison and discus-

sion.

In the following, we first compare the RNN-based models, then examine

the Transformer-based baseline models, and subsequently analyse the impact

of the long short-term decoding strategy. Finally, we compare our holistic

model against prior pipeline-based methods.

Comparison between RNN-based models

We first compare the Baseline-RNN with two previous holistic audio-to-score

models: the joint multi-pitch detection and score transcription model intro-
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Table 5.7: Frame-level and note-level transcription results on the MuseSyn

dataset. RNN*: The method we developed in Section 5.2, where the results

are evaluated based on the piano-roll output. On the contrary, in the latter

two rows (new results in this experiment), results are evaluated based on the

note sequence output from the decoder.

Method Ff Fon Fonoff

HRes 78.8 92.7 58.3

RNN* 88.0 66.7 53.6

Baseline-AllElms 84.0±0.4 94.4±0.5 76.0±0.8

LS-Decoding 85.6±0.3 95.0±0.5 78.3±0.1

duced in Section 5.2 (RNN* ), and the hierarchical audio-to-score transcription

system proposed in (Zeng et al., 2024) (RNN-Hierarchical* ). Models marked

with * are trained and evaluated on music segments pre-processed into bars

using ground-truth downbeat annotations. As discussed in subsection 5.3.4,

the Baseline-RNN shares a similar architecture with RNN* (a sequence-to-

sequence model with a CRNN encoder and an RNN decoder with attention),

but differs in its data processing pipeline and representation. Compared to

RNN*, the Baseline-RNN shows a clear performance drop, and the gap widens

further when compared with RNN-Hierarchical*. The largest degradation oc-

curs in the metrical alignment sub-metric (Fmeter), underscoring the greater

difficulty of transcribing “unprocessed” segments versus pre-segmented bars.

Additionally, RNNs struggle with longer sequences: the Baseline-RNN pro-

cesses 10s segments, whereas the other two models decode bar-level outputs

averaging only about 2s in length.2

Baseline models with a Transformer-based decoder

When comparing models with a Transformer-based decoder to the Baseline-

RNN, we observe that the Transformer-based models achieve substantially

better results across all four MV2H sub-metrics, suggesting clear benefits of

2Although RNN-Hierarchical takes 5 bars of input audio, its hierarchical decoder is struc-

tured such that the note-level RNN decoder processes only a single bar at a time.
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using a Transformer for the decoder. We attribute this advantage primarily

to the multi-head self-attention mechanism, which allows the model to attend

to different positions in the sequence simultaneously, regardless of their dis-

tance. This is particularly beneficial for score-level transcription, where musi-

cal grammar imposes long-range structural constraints. RNN-based decoders,

by contrast, compress past context into a fixed-size hidden state that dimin-

ishes progressively over longer sequences, limiting their ability to capture such

dependencies. Compared to RNN* and RNN-Hierarchical*, the Transformer-

based models also achieve significantly better performance in multi-pitch es-

timation (Fpitch) and note-level F-scores (Fon and Fonoff), underscoring the

Transformer’s advantage in capturing note-level transcription. Slightly lower

results are observed for frame-level transcription (Ff), possibly indicating that

frame-level prediction is better suited to a piano-roll representation than to

a note-sequence format. For the remaining three sub-metrics (Fvoice, Fmeter,

and Fvalue), the Transformer-based models still underperform compared to

RNN* and RNN-Hierarchical*, highlighting the continued difficulty of cap-

turing score-level information without pre-segmenting music into bars.

Among the Transformer-based models, incorporating beat division into

the output representation appears to be beneficial. Specifically, the Baseline-

ScoreWithBeat model achieves higher average scores than the Baseline-ScoreOnly

model in multi-pitch detection (Fpitch), metrical alignment (Fmeter), and note

value detection (Fvalue), while attaining competitive performance in voice sep-

aration (Fvoice). We also note that the results of the Baseline-ScoreOnly model

exhibit greater variability compared to those of the Baseline-ScoreWithBeat

model. This suggests that, with appropriate engineering effort (e.g., tuning

the random initialisation seed), the two models may have comparable poten-

tial.

The best-performing baseline model is Baseline-AllElms, which outputs

all eight musical elements defined in the proposed music representation. This

result suggests that joint learning of performance and score transcription is

beneficial not only when incorporating a piano-roll output (as we found in

Section 5.2), but also helpful when enriching the transcribed note sequence

with performance information such as note onsets and durations.
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Effect of long short-term decoding strategy

Comparing the score transcription results of LS-Decoding with those of Baseline-

AllElms (MV2H results in Table 5.6), we observe a substantial improvement

in metrical alignment, with an increase of more than nine percentage points

in Fmeter. However, multi-pitch detection decreases by around two percentage

points, and the other two sub-metrics also drop slightly (by approximately

one percentage point each). Overall, the averaged MV2H metric (FMV2H) im-

proves by about one percentage point. These findings suggest that the long

short-term decoding strategy yields a more balanced performance across sub-

metrics by substantially improving the most challenging one, metrical align-

ment, which is typically the lowest among existing methods, while sacrificing

some performance in the others.

The frame- and note-level results, however, paint a different picture (see

Table 5.7). The F-scores (Ff , Fon, and Fonoff) of the LS-Decoding model consis-

tently surpass those of the Baseline-AllElms model. This provides a contrast-

ing perspective on the multi-pitch detection results, since the multi-pitch sub-

metric in MV2H (Fpitch) should, in principle, be consistent with the onset-only

F-measure (Fon). The discrepancy is likely attributable to differences in the

decoding processes: for score transcription outputs, we used score-related mu-

sical elements (i.e., those available in Baseline-RNN and Baseline-ScoreOnly)

to ensure comparability with other baselines, whereas for performance out-

puts, we decoded the note sequence using transcribed pitch, onset, and dura-

tion. Another possible factor is the alignment procedure in the MV2H metric,

which aligns reference and transcribed scores. Alignment errors introduced

by this process may disproportionately affect certain sub-metrics, especially

multi-pitch detection. For these reasons, we regard the frame- and note-level

F-measures as a more reliable indicator of multi-pitch detection performance.

The improvement in metrical alignment is closely linked to the long-term

musical elements predicted in the second decoding stage, suggesting that the

long-term decoder effectively captures meter information, which is an essential

aspect of audio-to-score transcription. This also indicates that allowing the

long-term decoder to “attend to the future” may further enhance transcription

accuracy. The observed boost in multi-pitch detection further suggests that
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the short-term decoder learns a more precise temporal transcription. On the

other hand, the slightly lower performance in voice separation (Fvoice) and

note value detection (Fvalue) indicates that employing the long short-term

decoding strategy can also introduce challenges for certain musical aspects.

Nevertheless, the overall improvements in both score transcription and frame-

and note-level transcription highlight the potential benefits of adopting the

long short-term decoding strategy.

Comparison with pipeline-based methods

We also compare our results with several pipeline-based methods. Specifically,

we combine the high-resolution piano transcription model (Kong et al., 2021)

with either the PM2S model developed in Chapter 4 (denoted as HRes+PM2S )

or with MuseScore 3 (MuseScore, 2022) (denoted as HRes+MuseScore). For

the high-resolution piano transcription model (HRes), we use the publicly re-

leased version pretrained on the MAESTRO dataset. For PM2S, we evaluate

both the pretrained model on the ACPAS dataset and the retrained model on

the MuseSyn dataset.3

We first compare the multi-pitch estimation results. For this, we refer to

the frame- and note-level F-measures in Table 5.7, as they provide a more

reliable estimate than the multi-pitch sub-metric in MV2H. Both Baseline-

AllElms and LS-Decoding outperform the high-resolution piano transcription

model. Although the HRes model is not trained on the MuseSyn dataset, these

results nevertheless suggest that our models achieve competitive performance.

For score-level transcription, we observe a different trend from the results

on the ACPAS dataset reported in Chapter 4. The HRes+PM2S method does

not outperform HRes+MuseScore, suggesting that in the context of popular

music with relatively constant tempo, PM2S offers no clear advantage over

algorithmic approaches by MuseScore. The gap in Fvoice and Fmeter between

3During post-processing, we smooth the beat estimations by encouraging a constant

tempo derived from the estimated beats. This yields better results for Fmeter than applying

the same post-processing pipeline described in Chapter 4. Using that pipeline without tempo

smoothing, the HRes+PM2S method introduces numerous tempo fluctuations (a common

characteristic of expressive performance) and performs very poorly in metrical alignment,

with Fmeter scores of 2.9 and 4.4 for the pretrained and retrained models, respectively.
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the pretrained and retrained PM2S models further indicates that the method

is sensitive to the training corpus. Despite this, when comparing our new

holistic methods (i.e., LS-Decoding and Baseline-AllElms) with the pipeline-

based approaches, both achieve superior results in voice separation (Fvoice),

metrical alignment (Fmeter), and note value detection (Fvalue). Nevertheless,

it remains uncertain whether these advantages will hold in the context of

expressive piano performance, which we hope to investigate in future work.

Transcription output examples

In Figure 5.8 and Figure 5.9, we show two example transcription outputs

(score-level and note-level) from the LS-Decoding model in comparison with

the ground truth annotations. We present the same pieces as in Figure 5.4

so that we can compare our new model with the RNN-based model we de-

scribed in Section 5.2. Note that we used different musical elements to decode

the score-level and note-level transcriptions (long-term musical elements for

decoding the score, and short-term onsets and duration for decoding the note-

level transcription), as discussed earlier. For more output examples, we invite

the readers to generate using our released code and trained model checkpoints.

From the transcription examples, we notice that the LS-Decoding model

tends to successfully capture the meter information, and presents fewer ex-

tra/missing note errors than our previous RNN-based model (especially in the

left hand of example 2, “His Theme - Piano”). However, note value detection

(for score-level transcription) and note offset detection (for note-level tran-

scription) of the LS-Decoding doesn’t look good enough. We notice that the

model tends to shorten the note values in both examples, especially for longer

notes in the left hand. More broadly, beyond the error types presented in the

examples, what remains challenging for the holistic model are the expressive

performance techniques. For example, rubato is particularly difficult: our

current music representation does not encode expressive timing deviations,

and the many-to-one alignment between performance and score under rubato

is problematic for automatic alignment algorithms. Syncopation and tuplets

present similar difficulties, as both require accurate estimation of rhythmic

patterns that the model tends to confuse with more regular alternatives. Ped-
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Figure 5.8: Example score transcriptions by the LS-Decoding model. GT:

ground truth music score. TR: transcribed music score. We use MuseScore 4

to format the transcribed MIDI scores, where the ground truth key signatures

are used for visualisation purposes.

alling introduces a different kind of challenge: it requires inferring note offsets

from audio in which the sustain properties of the piano make note boundaries
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Figure 5.9: Example note-level transcriptions by the LS-Decoding model pre-

sented in a piano-roll format.

acoustically ambiguous.
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5.3.6 Summary of findings

Based on the above discussions, we draw several key conclusions. Transcribing

unprocessed music segments is considerably more challenging than working

with pre-segmented bars, underscoring the difficulty of “real” transcription

when ground-truth downbeats are unavailable. On a modelling level, replac-

ing the RNN decoder with a Transformer yields substantial performance gains,

and jointly learning note-level and score-level transcription provides further

benefits. In addition, adopting a long short-term decoding strategy not only

improves multi-pitch estimation but also enhances metrical alignment. In

terms of modelling paradigms, the Transformer-based holistic methods out-

perform the two pipeline-based approaches considered here. However, this

advantage is demonstrated in a controlled setting of synthetic popular music

with nearly constant tempo (the MuseSyn dataset). A related concern is that

training predominantly on synthetic data may lead the model to produce no-

tational outputs that reflect characteristics specific to synthetic music, which

may not transfer to real human performances. Addressing this will require in-

troducing more diverse training datasets, as well as evaluation strategies such

as hold-out tests on real performance recordings, to better assess and improve

generalisation. Whether such improvements can generalise to more realistic

contexts, such as expressive human performances, remains an open question

and a promising direction for future research.

5.4 Conclusion

In this chapter, we explored holistic methods for audio-to-score transcription.

Our focus was on joint approaches that integrate multi-pitch detection (frame-

and note-level transcription) with score-level transcription. Such approaches

not only improve overall model performance but also open up opportunities for

downstream applications that require access to both note-level and score-level

representations.

In the first part of the chapter (Section 5.2), we proposed a model as an ini-

tial step toward joint multi-pitch detection and score transcription, based on a

CRNN encoder and a sequence-to-sequence decoder with an attention mech-
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anism. We introduced a matrix-like score data representation that is more

efficient than a LilyPond-based representation, and we adopted the VQT spec-

trogram as the input feature due to its superior performance on multi-pitch

detection compared to four other commonly used time–frequency represen-

tations. Training and evaluation on the MuseSyn dataset demonstrated the

benefit of multitask learning, as the model jointly produced both piano-roll

and score representations. However, this model relied on ground-truth down-

beat times to segment recordings into bars, which limits its applicability in

real-world scenarios where such information is not available. To address this,

the second part of the chapter investigated a more realistic setting by removing

the pre-segmentation step and working with longer, unprocessed recordings.

In Section 5.3, we proposed a long short-term decoding strategy for audio-

to-score transcription. We designed an output music data representation that

encodes both note-level and score-level information, enabling joint learning

of event-based note sequences. Our experiments showed that employing a

Transformer-based decoder substantially outperforms an RNN-based decoder,

and further demonstrated the advantages of multitask learning with the pro-

posed representation. Importantly, the long short-term decoding strategy not

only improves note-level transcription but also yields significant gains in met-

rical alignment, a key aspect of score-level transcription. Overall, this strategy

enhanced transcription performance, and the final model outperformed two

previous pipeline-based methods.

It should be noted, however, that these results are obtained under the con-

strained conditions of the MuseSyn dataset, which features synthetic popular

music with minimal tempo variation. In future work, we aim to investigate

how the proposed holistic methods generalise to more realistic scenarios, such

as expressive human performances and classical music recordings.



Chapter 6

Conclusion and Future Work

Having completed the presentation of our experimental work, we now sum-

marise the contributions of this thesis and reflect on key challenges and future

opportunities. This chapter begins with a summary of our main contributions

(see Section 6.1), followed by a discussion of future directions closely aligned

with this work and personal research interests (see Section 6.2). We then out-

line broader challenges and opportunities in the field of AMT (see Section 6.3),

and conclude the chapter with some final reflections (see Section 6.4).

6.1 Summary of contributions

In this thesis, we worked on the automatic transcription of piano music record-

ings into a symbolic score format, i.e., audio-to-score piano transcription. This

goes a step further than the widely-explored note-level transcription and aims

to predict score-level information such as meter and key. We started by collect-

ing two piano datasets for the task, and then explored two types of methods:

(1) pipeline-based methods, which first convert a music recording into a note-

level transcription and then use another system to transcribe the note-level

transcription further into a musical score; and (2) holistic methods, where an

end-to-end system is trained to directly transcribe a music recording into a

musical score. In the following, we summarise our contributions and findings

from each part of this thesis.

We first collected two datasets for audio-to-score piano transcription: the

150
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MuseSyn dataset, which focuses on popular music, and the ACPAS dataset,

which focuses on Western classical music. The two datasets also feature dif-

ferent levels of expressive performance. The MuseSyn dataset is a synthesised

dataset created by synthesizing music recordings from musical scores, which

presents no expressiveness. On the contrary, the ACPAS dataset is a collection

of expressive classical piano music. The music recordings are either manually

tuned to simulate human performance or recorded from e-piano competitions.

We use the two datasets to support our study in this thesis. We also made

the two datasets publicly available to support audio-to-score transcription re-

search in the community. For details about the two datasets, we refer to

Chapter 3.

We explored pipeline-based methods for audio-to-score piano transcription

by adopting an existing transcription system to transcribe music recordings

into note sequences of performance MIDIs. We then focused on the latter step

of converting note sequences in performed MIDIs into a score format. For this

step, we propose to use beat tracking to support rhythm quantisation. We

categorise beats into those that are at note onsets, and others that are not

at note onsets. We use a CRNN network to track notes that are at beats in

a performance MIDI. After that, a dynamic programming algorithm is used

to estimate the beats that are not at note onsets. Based on the predicted

beats, we can extract meter information from performance MIDIs. We further

expand the CRNN network to also extract hand parts, key signatures, and

time signatures. And lastly, we combine our proposed method for performance

MIDI-to-score conversion with an existing audio-to-performance MIDI piano

transcription system into an audio-to-score transcription pipeline. We found

this approach effective when evaluated on the ACPAS dataset, featured by rich

expressiveness. We presented our exploration with pipeline-based methods in

Chapter 4.

For the holistic methods, we first focused on sequence-to-sequence net-

works based on convolutional networks and recurrent networks with attention

mechanisms. We explored the use of multitask learning for audio-to-score

transcription by jointly doing multi-pitch estimation and score transcription.

We compared different input audio representations for the piano transcription
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task and found that among the five commonly used audio representations

(i.e., STFT, Mel Spectrogram, CQT, HCQT, and VQT), VQT tends to be

the most effective one. We compared a LilyPond score representation with

a reshaped score representation based on the LilyPond encoding, where the

reshaped score representation has multiple symbols per time step to represent

multiple concurrent notes. We found that the reshaped score representation

can achieve competitive results to the LilyPond score representation, but at a

lower computation cost in both time and memory. In our comparison between

single-task learning (i.e., score transcription only) and multitask learning (i.e.,

joint learning of multi-pitch estimation and score transcription), we found that

using multitask learning is beneficial for audio-to-score transcription.

As a further step, we investigated the use of Transformers for holistic

audio-to-score piano transcription. To this end, we introduced a long short-

term decoding strategy for joint note- and score-level transcription, lever-

aging an event-based symbolic music representation. Our findings demon-

strate that jointly learning note-level and score-level information within a

unified note-sequence output provides benefits in the form of multitask learn-

ing. Moreover, the proposed long short-term decoding strategy enhances the

modelling of both short-term musical features, as reflected in frame- and note-

level transcription, and long-term musical features, as reflected in score-level

transcription. Finally, we compared our holistic approaches with two existing

pipeline-based methods and showed the potential of holistic methods for ad-

vancing audio-to-score transcription. For detailed explanations of our studies

on holistic methods, we refer to Chapter 5.

6.2 Continuing the trajectory

Building on the studies described in this thesis, we see several promising di-

rections for our future research. In this section, we outline potential avenues

for further exploration that are not only closely aligned with our current work

but also reflect areas of personal interest. These directions offer both chal-

lenges and opportunities as natural extensions of the problems we explored in

the thesis, and point out directions for continued research.
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6.2.1 Towards instrument agnostic score-level transcription

While this thesis has focused on piano-only transcription, an important next

step is to extend this work toward more general, real-world scenarios in which

music is performed with a diverse range of instruments. In such cases, develop-

ing an instrument-agnostic transcription system becomes highly valuable, as

it enables handling situations where the instrument type is unknown or mixed.

The trade-offs between instrument-specific and instrument-agnostic transcrip-

tion systems have been widely discussed in the literature (Bittner et al., 2022;

Weiß & Peeters, 2022). From my perspective, a promising approach is to first

build general-purpose systems capable of capturing broad musical patterns,

and subsequently fine-tune or adapt them for specific instruments. Such sys-

tems offer the advantage of learning more universal musical structures from

both audio and symbolic domains by leveraging a wide variety of training

corpora.

Encouragingly, recent research has begun to place greater emphasis on

transcription systems that go beyond instrument-specific scenarios. These

approaches involve training models on a diverse mixture of datasets contain-

ing various instruments and musical styles, with the goal of developing systems

capable of transcribing music recordings regardless of instrument type. Ex-

amples include (Bittner et al., 2022; Weiß & Peeters, 2022; Cwitkowitz et al.,

2024), where models have been proposed to transcribe musical pitch, and in

some cases also note onsets, using a piano-roll representation. However, such

efforts remain largely focused on frame- and note-level transcription. Limited

exploration can be found in score-level transcription in these more general

settings. This research direction could also be further explored by applying

the methods developed in this thesis to additional datasets beyond piano to

facilitate score-level transcription in more diverse, instrument-agnostic scenar-

ios. That said, the most pressing barrier to instrument-agnostic transcription

remains the lack of large-scale annotated datasets for instruments beyond pi-

ano and for non-Western music. Audio-language models applied to speech

recognition illustrate what becomes possible when sufficient data is available;

similar architectural advances in music transcription are currently constrained

more by this data gap than by model capacity.
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Instrument-agnostic transcription models can be trained not only in a fully

supervised manner, but also through strategies such as pre-training and fine-

tuning in either the audio or symbolic domain. One possibility of moving

beyond frame- and note-level transcription to the score level in this context is

to leverage a wide range of musical corpora during pre-training in the symbolic

domain. This offers benefits since it doesn’t require well-aligned audio-score

data pairs and enables the use of abundant symbolic music data that would

otherwise be difficult to incorporate. In the following section, we delve deeper

into this topic by discussing pre-training and domain adaptation approaches

for music transcription.

6.2.2 Domain adaptation and pre-training strategies

Following the previous discussion, this subsection points out promising direc-

tions of improving transcription through domain adaptation and pre-training

strategies.

Domain adaptation approaches have gained increasing attention in recent

years, particularly for scenarios where annotated data is scarce, such as for

guitar, choral music, or recordings with mismatched acoustic conditions (Riley

et al., 2024; McLeod, 2025). They have also been applied in more complex

scenarios involving orchestral music and expressive singing, as demonstrated

in my subsequent work (Liu & Weiß, 2024, 2025), where we use the “piano”

data as the source domain, thanks to large amounts of high-quality annotated

data made possible by piano key sensors.

A variety of domain adaptation methods can be explored for music tran-

scription, including, but not limited to, fine-tuning (Riley et al., 2024), adver-

sarial feature alignment (Gharib et al., 2018), and self-supervised pre-training

(Li et al., 2024). More broadly, several important questions remain under-

explored in this context: (1) Can we go beyond piano and incorporate other

instruments, or synthetic audio recordings as source-domain data? (2) Can we

leverage large-scale, unlabeled audio and symbolic data to pre-train transcrip-

tion models in a more generalizable way, for example, through self-supervised

learning? (3) Can domain adaptation techniques be extended beyond note-

level transcription to support score-level transcription, thereby enabling more
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structured and musically meaningful outputs?

While many current research remains focused on supervised and instrument-

specific transcription tasks (Gardner et al., 2022; Tamer et al., 2023; Yan &

Duan, 2024; Riley et al., 2024), we anticipate a growing shift toward domain

adaptation and self-supervised pre-training approaches. This trend is mo-

tivated not only by the substantial cost and expertise required to produce

high-quality annotations, but also by the rapid advancements in large-scale

self-supervised pre-training. For instance, foundation models such as MERT

(Li et al., 2024) and MusicFM (Won et al., 2024), as well as pre-trained music

large language models in the symbolic domain (Guo & Dixon, 2025), offer

promising new avenues. These models can serve not only individual down-

stream tasks but also provide robust learned representations that enable more

complex objectives, such as automatic music transcription. Collectively, these

developments lay a strong foundation for the MIR community to pursue more

flexible, generalizable, and scalable transcription systems.

As concrete future directions, I am currently investigating the use of pre-

trained large language models for audio-to-score transcription. Such mod-

els already demonstrate an ability to learn aspects of musical structure and

grammar, and I believe this can greatly enhance the generation of musically

meaningful scores. Moreover, while domain adaptation holds clear potential

for advancing transcription in classical Western music, it is also promising

for non-Western musical scenarios, where annotated corpora are often even

scarcer and underrepresented. We will elaborate on these aspects later in this

chapter.

6.2.3 Linking with other fundamental MIR tasks

Automatic music transcription, as one of the core tasks in Music Information

Retrieval (MIR), is closely connected to quite a few other fundamental MIR

problems. These include, for example, music synchronization, in the form of

transcription-assisted audio-to-score alignment (Simonetta et al., 2021); chord

recognition, which can be considered as transcription of chord symbols within

musical scores (Müller, 2021); local and global key estimation, as predicting

key signature changes as part of audio-to-score transcription (this is slightly
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touched in Chapter 4); beat and downbeat tracking, which highly relates to the

transcription of meter in musical performances (we found it helpful for score-

level transcription in Chapter 4); and music generation, where transcription

shares underlying representations with music language models or supports

tasks such as live automatic music accompaniment with real-time transcription

systems (Kwon et al., 2024).

As a follow-up example, in (Chiu et al., 2025), my collaborators and I ex-

plored cross-modal beat tracking using one of the models developed in Chap-

ter 4. By comparing and combining beat tracking models operating in the

audio and symbolic domains, we observed complementarity between the two

modalities in both beat and downbeat tracking tasks. Our study also suggests

that downbeat tracking from the symbolic domain can be particularly promis-

ing when supported by a reliable transcription model, as it enables the system

to focus more on musical structure rather than low-level acoustic properties.

6.2.4 Cross-modal and cross-disciplinary directions

Transcription does not need to exist in isolation, it can be extended through

synergy with other modalities and disciplines. The integration of symbolic

scores and language models in this thesis already establishes a natural bridge

between the audio and symbolic domains. Building on this foundation, sev-

eral cross-modal and cross-disciplinary directions emerge. For example, audio-

symbolic-image connections can be explored through the joint use of optical

music recognition (OMR) and audio transcription (Alfaro-Contreras et al.,

2023), or through music transcription from video recordings that combine

visual and acoustic cues, which is similar to audio-visual speech recognition

(Serdyuk et al., 2022; Cappellazzo et al., 2025). Similarly, audio-text-symbolic

integration opens up opportunities for tasks such as simultaneous lyrics and

score transcription (Martinez-Sevilla et al., 2023), or content-based music cap-

tioning in the sense of generating textual descriptions from music audio, which

closely relates to traditional music tagging tasks (Manco et al., 2021).

Beyond MIR-specific applications, transcription systems can also con-

tribute to broader fields such as computational humanities. For instance,

automatic music transcription systems can support the analysis of cultur-
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ally significant music corpora, aiding research in musicology, cultural her-

itage preservation, and historical music performance studies (Weiß & Müller,

2024). These interdisciplinary directions highlight the potential of transcrip-

tion models not only as standalone tools, but also as bridges across diverse

areas, including humanities and technology.

6.3 Further challenges and opportunities

While automatic music transcription (AMT) remains a highly active area

within the field of music information retrieval, the performance of current

systems still falls short of expectations, particularly in score-level transcrip-

tion. Significant challenges persist, but so do opportunities for meaningful

advancement. In this section, we highlight several broader limitations and

open problems in AMT, aiming to shed light on promising directions for fu-

ture research beyond the scope of this thesis. Particular attention is given to

addressing the foundational barriers that currently constrain progress in the

field, such as the lack of diverse datasets, limitations in benchmark evaluation

metrics, and related systemic issues.

6.3.1 Datasets

The lack of annotated datasets remains a significant barrier to the advance-

ment of AMT systems. Due to the difficulty of collecting and accurately

annotating music recordings, available data for most transcription tasks re-

mains limited, especially for non-Western music, less common instruments,

and score-level transcription.

Beyond their size, existing AMT datasets also suffer from several limita-

tions. For instance, the temporal precision of annotations in datasets based

on real recordings is often suboptimal. This is one of the reasons why many

AMT systems adopt relatively large onset and offset tolerances in note track-

ing evaluations. Moreover, annotations are typically restricted to basic music

features such as pitch, onset and offset times, and occasionally velocity. A

more complete transcription would require additional information, including

rhythm, key, articulation, and expressive performance annotations.
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One of the central challenges in constructing large-scale datasets with

score-level annotations lies in aligning audio performances with their cor-

responding scores, and potentially with expressive performance annotations.

Recently, semi-automatic approaches that combines automatic alignment with

human corrections have become common (Foscarin et al., 2020; Peter et al.,

2023; Weiß et al., 2023). However, these methods still require substantial

manual effort, limiting the scalability and diversity of usable datasets.

Exploring ways to leverage existing technologies to generate more data

is still one of the steps toward developing better transcription systems. For

example, synthesising audio from symbolic data using high-quality audio syn-

thesisers can offer efficient solutions to generate large datasets. While such

synthetic data does not fully reflect real-world performance characteristics, it

can still be valuable for learning general musical representations that transfer

across domains. Nonetheless, researchers need to remain aware of the limita-

tions and potential biases introduced by synthetic datasets, especially when

training models intended for real-world applications.

6.3.2 Evaluation metrics

Current evaluation metrics for automatic music transcription (AMT) primar-

ily focus on frame-wise and note-wise comparisons, often using piano-roll rep-

resentations or note event sequences. These benchmarks typically rely on

precision, recall, and F1 scores, offering limited insight into the types or per-

ceptual characteristics of transcription errors. However, not all errors carry

equal perceptual or musical weight. For instance, extra notes in a dense poly-

phonic texture may be more disruptive than missing ones; extra off-key notes

may be more noticeable than on-key errors; and errors in a melody or pre-

dominant voice are generally more salient than those in inner voices.

Moreover, less work has addressed the evaluation of complete transcrip-

tion systems, particularly in score-level AMT. Although several score-level

evaluation metrics have been proposed in recent years (Nakamura et al., 2018;

McLeod & Steedman, 2018a; Hiramatsu et al., 2021), researchers often choose

metrics based on individual preference. This lack of standardisation hinders

the comparability of results across different studies. Establishing a shared
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benchmark metric could significantly improve consistency in evaluation and

facilitate more meaningful comparisons. In this direction, the MUSTER met-

ric (Hiramatsu et al., 2021) may represent a promising candidate.

Another critical gap lies in the limited integration of perceptual consid-

erations into standard AMT evaluation. While some earlier works have at-

tempted to categorise error types (Poliner & Ellis, 2007; Nakamura et al.,

2018), they still fall short of modelling human listening perception. An early

contribution (Daniel et al., 2008) introduced a perceptually motivated evalua-

tion for multi-pitch detection, but this approach has not been adopted widely.

Moreover, perceptual evaluation metrics tailored for score-level AMT remain

largely underexplored. Developing such metrics would offer a more musically

meaningful and user-relevant assessment of system performance. A practi-

cal approach is to first define evaluation criteria in collaboration with musi-

cians and music theorists, who can clarify what matters most when reading

a transcription. The overall approach will be similar to how we perceptually

evaluated note-level piano transcription in (Ycart et al., 2020a). This step

establishes a foundation for any subsequent user study, which becomes con-

siderably more informative once the evaluation criteria are clearly specified.

6.3.3 Non-Western music

Most existing AMT methods are designed for Western tonal music, while

considerably less attention has been given to music beyond this paradigm,

such as folk, traditional and various world music cultures. As a result, current

systems often struggle to transcribe non-Western music accurately.

Key differences between Western and non-Western music that influence

AMT design include distinct pitch space organisations (e.g., microtonality),

the prevalence of heterophony (as opposed to homophony or polyphony typi-

cal in Western music), complex rhythmic and metrical structures, alternative

tuning and temperament systems, variations in instrument timbre and playing

techniques, and differences in expressive performance practices and notation

formats.

These differences are even more pronounced in the context of score-level

transcription. The assumptions underlying many AMT systems are often
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rooted in Western classical music, particularly regarding melody, harmony,

and structural organisation. This introduces significant bias when audio-to-

score transcription systems are applied to non-Western music. This issue is

further amplified by the increasing reliance on sequence modelling techniques,

such as music language models or Transformer-based decoders, which tend to

reinforce the structural norms present in the data they are trained on.

Finally, the lack of large-scale annotated datasets for non-Western music

remains a major barrier. Without such resources, it is hard to develop and

evaluate systems that are sensitive to the unique characteristics of diverse

musical traditions.

6.3.4 Score-level transcription

Although recent research in AMT has increasingly turned toward complete

or score-level transcription, current methods are still not suitable for general-

purpose audio-to-score transcription in real-world scenarios. This is especially

evident in multi-instrument or instrument-agnostic settings, where even note-

level transcription remains highly challenging. As a result, most score-level

transcription studies are still confined to single-instrument contexts.

In pipeline-based approaches, a major challenge is the accumulation of

errors across the various stages. For example, the systems responsible for

converting performance MIDI data into musical scores are typically trained

on clean, high-quality performance MIDI, rather than noisy and error-prone

MIDI output from real note-level transcription systems. This mismatch can

lead to significant degradation in performance when such systems are applied

in end-to-end pipelines. Although fine-tuning these models to handle noisy

inputs is possible, doing so requires additional effort every time a new or

improved note-level transcription model is introduced into the pipeline.

On the other hand, holistic approaches, which aim to produce a score

directly from audio, can avoid error accumulation but introduce their own

challenges. These methods require models capable of not only identifying

performed notes from audio but also understanding musical structure and

grammar to generate structured musical scores. Training such models requires

large-scale annotated datasets, which are challenging to obtain. Unlike the
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note-level case, where datasets like MAESTRO (Hawthorne et al., 2019) exist,

comparable resources for score-level transcription are scarce. As discussed in

subsection 6.3.1, the creation of such datasets is particularly difficult due to

the complexity of aligning audio with rich symbolic representations.

Another challenge in holistic transcription is the preservation of perfor-

mance information in the output. In this thesis, we have made efforts to

retain such information as much as possible, recognising its importance for

downstream tasks such as performance analysis. However, most existing work

omits these expressive details, limiting the utility of score-level transcription

systems in fine-grained musicological or performance-based applications.

6.4 Final remarks

Despite the various challenges discussed above, we are optimistic about the

future of automatic music transcription research. Each of these challenges

presents not only obstacles, but also opportunities for future progress. In this

thesis, we presented our work as a small step toward developing audio-to-score

transcription systems for piano music, in the scope of a narrow subproblem

within the broader AMT research. From a methodological standpoint, the

central lesson is that progress toward real-world generalisation requires not

only larger and more diverse datasets, but also a deeper investigation of how

to fully exploit model capacity when labelled data is scarce.

There is still much to explore, far beyond what has been discussed in this

thesis. While we do not aim to summarise all possible future directions, we

hope this thesis offers useful insights and practical guidance for developing

more effective audio-to-score transcription systems. We believe that this field

will continue to grow, and that the upcoming years will see exciting and

impactful research and development.
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Sebastian Böck and Matthew E. P. Davies. Deconstruct, analyse, reconstruct:

How to improve tempo, beat, and downbeat estimation. In Proceedings of

the International Society for Music Information Retrieval Conference, pp.

574–582, Montreal, Canada, 2020.
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Rainer Kelz, Sebastian Böck, and Gerhard Widmer. Multitask learning for

polyphonic piano transcription, a case study. In International Workshop

on Multilayer Music Representation and Processing (MMRP), pp. 85–91,

January 2019a. doi: 10.1109/MMRP.2019.8665372.
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Chapter A

Appendices

A.1 Detailed results for time–frequency represen-

tation comparison

In the experiments described in Section 5.2, we compare different input time–

frequency representations in the form of audio spectrograms for multi-pitch

detection, including Short Time Fourier Transform (STFT), Mel Spectrogram,

Constant-Q Transform (CQT), Harmonic Constant-Q Transform (HCQT) and

Variable-Q Transform (VQT). Please refer to Section 5.2 for model parame-

ters. The model performance is evaluated using the benchmark frame-level

and note-level F-measures for automatic music transcription in MIREX (Bay

et al., 2009).

Here, we provide additional results on the model results with different pa-

rameters of the time–frequency representations. The results are in Table A.1.

Results show what the overall best input representation is the VQT spectro-

gram with 60× 8 frequency bins and a gamma value of 20. We discover some

trends in how the parameters influence model performance. For example, a

window length of 2048 outperforms 1024 for STFT and Mel Spectrogram.

Larger number of frequency bins tend to result in higher performance for Mel

Spectrogram, CQT, HCQT and VQT.

184
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A.2 Detailed results of repeat runs for Transformer-

based models

Here we provide the detailed results for the repeat runs of the Transformer-

based models described in Section 5.3. The score transcription results are in

Table A.2. Frame- and note-level transcription results are in Table A.3.
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Table A.1: F-measure of piano-roll prediction on different input representa-

tions and parameters. Nw: window length, Nm: number of mel bands, Nb:

number of bins per octave, No: number of octaves, Nh: number of harmonics.

Input reps. Pf Rf Ff Pon Ron Fon Ponoff Ronoff Fonoff

STFT

Nw

1024 90.09 87.42 87.73 86.20 76.64 78.74 61.95 56.83 58.09

2048 90.36 90.36 89.46 89.51 77.76 80.99 66.24 59.86 61.73

Mel Spectrogram

Nw Nm

1024 192 88.41 87.32 86.88 83.13 75.81 76.89 59.87 56.51 56.89

2048 128 90.90 87.32 88.18 85.94 78.32 79.73 62.54 58.85 59.53

2048 192 90.77 85.72 87.20 85.70 76.47 78.49 62.71 58.02 59.10

2048 256 91.60 88.19 88.98 90.48 78.65 82.12 67.38 60.80 62.95

CQT

Nb No

12 7 90.73 88.81 88.91 88.41 77.96 80.76 65.57 60.11 61.68

12 8 90.92 88.50 88.69 89.48 78.00 81.33 66.02 59.70 61.69

24 8 93.02 90.35 90.91 92.67 80.72 84.39 70.79 63.86 66.15

36 8 93.39 90.67 91.27 92.99 80.91 84.71 70.86 63.94 66.29

48 8 93.89 90.44 91.44 93.45 81.31 85.14 72.20 65.15 67.56

60 8 93.79 91.21 91.85 93.25 81.96 85.43 71.82 65.18 67.40

HCQT

Nb No Nh

36 5 4 91.47 89.43 89.76 91.43 79.79 83.19 67.76 61.55 63.52

60 5 4 91.85 88.96 89.55 90.88 78.88 82.48 66.79 60.47 62.57

60 6 4 92.17 89.88 90.24 90.89 79.55 82.74 67.07 61.11 62.93

60 6 5 92.97 90.49 90.95 91.81 81.06 84.14 69.27 63.53 65.31

60 6 6 91.60 89.03 89.43 88.67 79.48 81.68 64.49 59.93 61.09

VQT

Nb No γ

36 7 10 92.87 90.64 91.01 92.54 80.60 84.24 70.75 63.87 66.17

60 7 10 93.22 90.69 91.14 92.33 80.37 83.94 71.41 64.49 66.71

60 8 10 94.00 90.93 91.75 93.94 82.08 85.76 72.63 65.53 67.94

60 8 20 94.22 91.04 91.93 93.81 82.11 85.70 73.07 66.25 68.53

60 8 30 94.15 91.01 91.85 93.91 82.03 85.70 73.00 66.05 68.37
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Table A.2: Score transcription results using MV2H metric on the MuseSyn

test set.

Method Run Fpitch Fvoice Fmeter Fvalue FMV2H

Baseline-ScoreOnly 1 89.82 83.94 69.18 87.75 82.67

2 88.45 83.27 68.77 87.25 81.93

3 92.67 86.36 73.61 88.72 85.34

Baseline-ScoreWithBeat 1 91.63 85.21 74.45 88.39 84.92

2 91.07 83.15 73.02 88.07 83.83

3 92.31 84.30 73.82 88.51 84.74

Baseline-AllElms 1 92.93 85.71 72.96 89.25 85.21

2 93.84 85.72 75.17 89.90 86.16

3 92.67 85.46 76.36 89.33 85.96

LS-Decoding 1 90.25 85.41 80.13 88.27 86.02

2 91.17 83.97 84.13 88.08 86.84

3 91.32 83.47 84.91 88.09 86.95

Table A.3: Frame- and note-level transcription results on the MuseSyn test

set.

Method Run Pf Rf Ff Pon Ron Fon Ponoff Ronoff Fonoff

Baseline-AllElms 1 89.14 81.56 84.21 95.38 93.23 94.17 77.07 75.41 76.15

2 90.05 81.34 84.39 96.06 94.12 94.98 77.53 76.08 76.72

3 88.17 81.15 83.55 94.31 93.88 94.00 75.39 75.13 75.19

LS-Decoding 1 89.91 82.80 85.26 96.06 93.21 94.44 79.53 77.33 78.29

2 88.65 84.92 85.79 95.57 95.42 95.34 78.59 78.37 78.42

3 88.26 85.16 85.71 95.83 94.91 95.24 78.64 77.99 78.26
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