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Significant progress has been made in symbolic music generation with the help of deep learning techniques.
However, the tasks covered by symbolic music generation have not been well summarized, and the evolution
of generative models for the specific music generation task has not been illustrated systematically. This paper
attempts to provide a task-oriented survey of symbolic music generation based on deep learning techniques,
covering most of the currently popular music generation tasks. The distinct models under the same task
are set forth briefly and strung according to their motivations, basically in chronological order. Moreover,
we summarize the common datasets suitable for various tasks, discuss the music representations and the
evaluation methods, highlight current challenges in symbolic music generation, and finally point out potential
future research directions.
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1 INTRODUCTION

Music is widely regarded as a universal language. Automatic music generation has a long history
that has been evolving for over 60 years. During this period, different methods, including but not
limited to grammar rules, probability models, and neural networks, have been utilized in numer-
ous studies on various datasets aiming at different generation tasks. With the upsurge of deep
learning, automatic music generation has become a very active area. Some methods have gener-
ated promising results and have been applied to human-computer interaction composition tools
and commercial composition software.

Symbolic music generation refers to representing music as a sequence of symbols, followed by
feature learning and generative modeling. Since musical scores are highly symbolic and abstract,
symbolic music generation is also considered score generation. The studies on score generation
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have been the most abundant and have lasted the longest, evolving from simple melody genera-
tion to polyphonic generation, accompaniment arrangement, style transfer, interactive generation,
music inpainting, and so on. Furthermore, some performance characteristics can also be symbol-
ized to endow music with greater expressiveness and vividness. In contrast, music audio synthesis
methods model the continuous audio signals directly.

Human composers typically follow a creative process that proceeds from abstract to concrete,
from the whole to the details, e.g., creating a melody based on harmony or motivation. When
simulating with computers, the music creation process is first decomposed into some subtasks,
each solved individually and then connected to create a complete musical piece. Currently, most
research on automatic music generation aims at tackling specific subtasks, while producing a com-
plete and satisfactory song at a time by computers remains challenging.

Several papers have reviewed the field of automatic music generation. Nierhaus’ book [1] pro-
vided a wide range of methods for algorithmic composition, including early artificial intelligence
(AI) techniques. Fernandez and Vico [2] comprehensively introduced algorithmic composition us-
ing Al methods, focusing on the origin of algorithmic composition and various machine learning
(ML) methods. Liu and Ting [3] divided composition into three parts (melody, accompaniment,
and musical form) and provided an overview of computational intelligence techniques used in au-
tomatic music generation, focusing on evolutionary algorithms and traditional neural networks.
Herremans et al. [4] reviewed different music generation systems from the perspective of func-
tional taxonomy. Briot et al. [5, 6] comprehensively surveyed deep music generation, introduced
distinct deep learning network architectures, and highlighted some challenges and directions. Briot
[7] presented a reduced version of [5] with additional supplements, introducing some conceptual
frameworks to analyze the concepts and dimensions involved in music generation and many ef-
fective deep learning-based systems. Widmer et al. [8] and Kirke et al. [9] conducted extensive and
detailed investigations in computational expressive music performance.

However, most surveys classified the research on automatic music generation from the perspec-
tive of network architectures or algorithms, with some illustrating different music generation tasks
using the same network architecture. These surveys may be clear enough in introducing methods,
but researchers working on a specific music generation subtask may prefer to know more about
work related to their task. The taxonomy of [3] and [4] based on the essential elements of music
composition is relatively coarse-grained from the perspective of tasks. Moreover, these reviews
do not clearly distinguish between the symbolic and the audio, with some involving audio ele-
ments such as timbre. In contrast, this paper has a more fine-grained division for symbolic music
generation to help researchers quickly understand a task within this area, as shown in Figure 1.

According to whether the generation has condition, control, performance characteristic, or in-
teraction with people, symbolic music generation is divided into five categories: generation from
scratch, conditional generation, controllable generation, performance generation, and interactive
generation. Notably, both generation from scratch and conditional generation can be controlled,
performance generation covers the first three types of generation tasks, and interactive generation
often involves conditional and controllable generation. Each generation task is further divided into
finer-grained subtasks. We summarize various methods under the same generation subtask so that
researchers can quickly grasp the current situation and learn from other methods, which brings
great convenience for follow-up studies. One thing that needs to be emphasized again is that this
paper focuses on research using deep learning techniques.

1.1 History

There were many attempts to automate the music composition process long before the artificial
neural networks era. A famous early example is the Musical Dice Game, where small fragments of
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Fig. 1. Task-oriented taxonomy of symbolic music generation.

2. Composing

music are randomly re-ordered by rolling a dice to create a musical piece [4]. The composer John
Cage continued the idea of chance-inspired composition. He created Atlas Eclipticalis by randomly
placing translucent paper on a star chart and tracing the stars as notes [10]. Since the first com-
puter was invented, computer-generated music has been appearing. To our knowledge, the first
computer-generated music was born in 1957 through sound synthesis software developed by Bell
Labs [5]. In the same year, the first musical score “The Illiac Suite” was created by computer with
the help of stochastic models and rules [13]. During this period, Pinkerton’s work [11] attempted
to generate melodies with the computer, while Brooks et al. [12] established a Markov transition
model based on a small music corpus. In 1964, the composer Koenig implemented the PROJECT1
algorithm, using serial composition and other techniques (such as Markov chains) to automatically
generate music [14].

Since then, research on algorithmic composition [1] has emerged in an endless stream. Tra-
ditional automatic music generation algorithms are typically divided into the following three
categories. The first category is rule-based music generation, which involves designing specific
rules or grammars for algorithmic composition. The drawback of this method is that custom rules
need to be created for different types of music, and the composition process often requires consis-
tent intervention and fine-tuning during post-processing. The second category is the probability
model, including the Markov Model and Hidden Markov Models (HMM). Farbood and Schéner
[15] were the first to use HMMs for algorithmic composition and trained a second-order HMM
to generate Palestrina-style first-species counterpoints. However, such models can only produce
subsequences in the original corpus. Additionally, these models lack memory, so the conditional
probability may fluctuate significantly due to the difference in input data each time. The third
category is neural networks that learn musical features. Todd [16] was the first to use recurrent
neural network (RNN) to generate monophonic music note by note by predicting note pitches
and durations. However, the early RNN has problems such as vanishing gradients, which makes it
difficult to generate musical structures with long-term consistency.

Apart from the methods mentioned above, some studies adopted other techniques to compose
music automatically and achieved promising results, like evolutionary algorithms (such as genetic
algorithms), intelligent agents, and random fields. For example, GenJam [17] is a genetic algorithm-
based model that creates jazz solos on a given chord progression. Cope’s Experiments in Musical
Intelligence (EMI) program [18], aided by the searching agent, successfully composed music in
the styles of many famous composers such as Chopin, Bach, and Rachmaninoff. Lavrenko and
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Pickens [19] adopted random fields to model polyphonic music. However, evolutionary algorithms
for automatic music generation possess some deficiencies. First, the music generation process is
too abstract to follow, making it challenging to extract valuable music ideas. Second, setting the
fitness function is difficult [20]. Moreover, these algorithms attempt to minimize the search space
using simple music representations, resulting in a loss of music quality [21].

1.2 Deep Symbolic Music Generation

Deep learning algorithms have become the mainstream method for automatic music generation.
Deep symbolic music generation takes discrete tokens as input and uses deep neural networks to
generate music automatically. This section will review the contributions of deep learning network
architectures in symbolic music generation in recent years, but we do not deny the value of non-
deep learning methods.

RNN is a valid model for learning sequential data, which is the first neural network architecture
for music generation. As early as 1989, Todd [16] used RNN to generate monophonic melodies for
the first time. However, due to the vanishing gradient problem, it is difficult for RNNs to store long
historical information about sequences. To solve this problem, Hochreiter and Schmidhuber [22]
designed a special RNN architecture—long short-term memory (LSTM), to help the network
memorize and retrieve information in the sequence. In 2002, Eck and Schmidhuber [23] used LSTM
to create music for the first time, i.e., improvising blues music with good rhythm and reasonable
structure based on a short recording. Boulanger-Lewandowski et al. [24] proposed the RNN-RBM
model in 2012, which was superior to the traditional polyphonic music generation model but still
had difficulty capturing the music structure with long-term dependency. In 2016, the Magenta
team of Google Brain proposed Melody RNN models [25], further improving the ability of RNNs
to learn long-term structures. Later, Hadjeres and Nielsen [26] proposed Anticipation-RNN that
allows for imposing user-defined position constraints. Johnson [27] proposed TP-LSTM-NADE
and BALSTM, which utilized a set of parallel, tied-weight RNNs to compose polyphonic music
while preserving the translation invariance of the dataset.

With the ongoing advancement of deep learning technology, powerful deep generative models
such as variational auto-encoder (VAE), generative adversarial network (GAN), and Trans-
former have gradually emerged. The MusicVAE [28] proposed by Roberts et al. is a hierarchical
VAE that can capture the long-term structure of polyphonic music and has eminent interpolation
and reconstruction performance. Yang et al. [29] and Dong et al. [30] demonstrated the ability
of convolutional neural network (CNN)-based GANs in music generation. Specifically, Yang
etal. [29] proposed a GAN-based model called MidiNet to generate melody one bar (measure) after
another and devised a novel conditional mechanism to generate the current bar conditioned on
chords. To the best of our knowledge, the MuseGAN model proposed by Dong et al. [30] is the first
model that can generate multi-track polyphonic music. Yu et al. [31] successfully applied RNN-
based GAN to music generation for the first time by combining reinforcement learning. Huang
et al. [32] were the first to use Transformer to create music with a longer-term structure success-
fully. Donahue et al. [33] adopted Transformer to generate multi-instrument music and proposed a
pretraining technology based on transfer learning. Huang et al. [34] exploited the language model
Transformer XL as the sequence model to generate popular piano music.

Computer composition and computer-aided composition have been very active fields of com-
mercial software development with a broad spectrum of applications. For instance, PG Mu-
sic’s Band-in-a-Box' and Technimo’s iReal Pro® can generate multi-instrument music based on

Thttps://www.pgmusic.com/.
Zhttps://irealpro.com/.
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user-specified chord scales. Google’s Magenta project® is one of the most excellent research
projects focusing on automatic music generation. It has developed multiple Al-based tools to assist
musicians in being more creative [35], such as Melody Mixer, Beat Blender, and so on. Further-
more, some startups focusing on using Al to create music have emerged over the past few years.
Jukedeck (acquired by Bytedance in 2019) and Amper Music* concentrate on creating royalty-free
soundtracks for content creators such as video producers. Hexachords’ Orb Composer® provides
a more complex environment for creating music, making it more suitable for music professionals.
Aiva Technologies designed and developed AIVA® to create music for movies, businesses, games,
and TV shows. These are just a few of the many startups venturing into this uncharted territory.
What all of these companies have in common is to encourage cooperation between humans and
machines. All the programs are not developed to replace humans but to make non-musicians more
creative and musicians more effective.

2 SYMBOLIC MUSIC REPRESENTATION

Symbolic music representations are usually discrete sequences containing musical elements such
as pitch and duration.

2.1 Event

Musical instrument digital interface (MIDI) [36] is an industry-standard protocol that enables
interoperability among various electronic instruments, software, and devices. It connects products
from different companies, including digital instruments, computers, iPads, smartphones, and so on.
MIDI carries the performance data and control information of notes. Therefore, many researchers
symbolize music with MIDI-like events (such as Note On, Note Off, Time-Shift, etc.); we call this
event-based music representation. The events can be serially arranged into a long sequence as
individual tokens or the events of the same type can be combined into a compound word to reduce
the sequence length. Conveniently, Fradet et al. [157] have developed a Python package named
MidiTok to encode MIDI files into sequences of tokens to be used with sequential deep learning
models. MidiTok features the most known MIDI tokenization methods [34, 40, 42, 81, 113], which
will be introduced in the follow-up.

2.1.1 Individual Token. By ordering the note events according to the timestamps and the
parts/tracks, music is often processed as 1D sequence data. However, the 1D sequence discards
many aspects of the relationship among notes. For instance, it is difficult to indicate that the pre-
vious note is still playing at the beginning of the next note [38]. It is usually sufficient for score
encoding to use the Note On, Note Off, and Pitch events, while performance encoding needs more
events, such as Velocity and Tempo. Table 1 lists common events in some studies of symbolic music
generation [34, 37, 65].

The simple MIDI-like representation [113] is very effective for capturing the pitch values of
notes, but it has inherent limitations. Firstly, it cannot explicitly indicate the beginning of a bar or
a beat in modeling the rhythm structure. Secondly, generating music with a stable rhythm using
only Time Shift events is non-trivial, as the tokens need to be merged or split when adding or
deleting notes. Meanwhile, the Note On and Note Off tokens need to be changed together, making
the model inefficient [39]. Thirdly, the model finds it difficult to learn that the Note On and Note Off
must appear in pairs, thus generating some hanging Note On without the corresponding Note Off.

Shttps://magenta.tensorflow.org)/.
4http://www.ampermusic.com/.
Shttp://www.orb-composer.com/.
Shttp://www.aiva.ai.
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Table 1. Musical Events

Event Type Definition

Note On indicates the start of a note, one for each pitch

Pitch indicates the pitch value of a note

Note Off indicates the end of a note, one for each pitch

Note Duration inferred from the time gap between a Note On and the corresponding Note Off, by
accumulating the Time Shift events in between

Time Shift shifts the current time forward by the corresponding number of quantized time steps

Position/Sub-beat points to different discrete locations in a bar

Bar marks the bar lines

Piece Start marks the start of a piece

Chord one for each chord

Program/Instrument sets the MIDI program number at the beginning of each track

Track marks each track

Time Signature marks the change of time signature

Note Velocity sets the velocity for subsequent note-on events

Tempo accounts for local changes in tempo

Fourthly, MIDI cannot explicitly express concepts of quarter notes or rests but can only represent
the duration of note playing or absence. To address the above-mentioned problems, Huang et al.
[34] proposed REMI (REvamped MIDI-derived events), which used Note Duration instead of
the Note Off event to promote the modeling of note rhythm and replace Time Shift events with Bar
and Position tokens to provide a clear metric grid to simulate music. Bar indicates the beginning
of a bar, and Position reveals certain positions in a bar. They also introduced a set of Tempo events
to allow local tempo changes for each beat, providing expressive tempo freedom. In REMI’s time
grid, each Tempo is preceded by a Position event.

2.1.2  Compound Word. The 1D event-based representation treats each event as an individual
token, making the representation sequence too long to capture sufficient information for song-
level tasks. The average song length in REMI [34] encoding is 15,679, and even the Transformer
struggles to cope with such long sequences [40]. Therefore, some studies group neighboring tokens
into a compound word using different strategies, greatly shortening the sequence length. This kind
of representation has grown in popularity with the widespread use of transformers in automatic
music generation.

Before the development of compound word representation (CP), some studies attempted to rep-
resent several note events as a tuple [39, 41]. The MUIti-track MIDI representation (MuMIDI)
[81] groups tokens of each note’s attributes (i.e., pitch, duration, velocity) and includes other sym-
bols such as bar, position, track, chord, and meta information. MuMIDI facilitates simultaneous
multi-track generation in a single sequence and explicitly models the dependency of the notes
from different tracks, which outperforms REMI [34] in modeling harmony. As different types of
(musical) tokens may have different properties, Hsiao et al. [42] highlight the role of token types
and group consecutive and related tokens into “compound words” (refer to Figure 2(c) in [42]),
which greatly reduces the length of the token sequences. The compound words are partitioned
into the note family N and the metric family M to facilitate modeling. The note family includes
[pitch], [duration], and [velocity] events; the metric family contains [bar], [beat], [chord], and
[tempo] events; and the [ignore] token is used to fill the missing token types per time step. Under
compound word modeling, multiple tokens of various types are predicted at once in a single time
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step. Later, Zeng et al. [40] designed a new music coding method called OctupleMIDI that encodes
each note into a tuple with eight elements representing eight note characteristics, i.e., time signa-
ture, tempo, bar, position, instrument, pitch, duration, and velocity. OctupleMIDI greatly reduces
the length of the note sequence, which is four times shorter than REMI and two times shorter
than CP. Moreover, it supports changeable time signatures and tempos, which makes it simpler
and more universal than previous coding methods. Similarly, Dong et al. [162] also encoded each
musical event as a tuple of six variables (i.e., type, beat, position, pitch, duration, and instrument)
to significantly shorten the sequence length of multitrack music.

2.2 Piano Roll

The piano roll representation is inspired by the automatic piano, which represents note events as a
h = w real-valued matrix, where h indicates the pitch range, which usually contains two additional
entries to represent rest and note continuation, respectively. The value of w represents the number
of time steps, which depends on the beat resolution. Multi-track music can be represented by
multiple matrices. Typically, the piano roll is binary, meaning each position in the matrix only
indicates whether the note is playing. But sometimes, its value has other meanings. For example,
in Deep] [43], a velocity value is placed at the playing position of a note. Furthermore, in [44], each
position stores a list containing three note attributes: play, articulate, and dynamic. The piano roll
expresses the music score as a 2D matrix that can be regarded as an image, so some call it the image-
like representation [34]. With the help of pretty_midi and Pypianoroll Python toolkits, MIDI files
can be easily converted into piano roll representations.

The piano roll representation is easy to understand and has been used widely. However, com-
pared with the MIDI-like representation, it lacks note-off information, which makes it difficult to
distinguish between long notes and continuous repeated short notes (like a quarter note and two
eighth notes). There are several ways to solve this problem [7]: (1) introduce hold/replay as the
dual representation of notes [43]; (2) mark the beginning or the ending of the note [16, 45]; and/or
(3) use the special hold symbol °_’ to replace the note continuation [46]. Furthermore, Angioloni
et al. [47] proposed a new piano roll representation, the Conlon piano roll (PR€), which can explic-
itly represent the duration. Another issue of piano roll representation is that it quantifies time with
a specific beat resolution, eliminating the possibility of the model learning complicated rhythms
and expressive timings [35]. Additionally, the larger temporal resolution brings a longer sequence
length, which may lead to a scarcity of long-term structure in the generated music.

2.3 Sequence

The sequence-based representation exploits one or several sequences to respectively represent
musical elements such as pitch, duration, and chord. Different sequences usually have the same
length, equal to the number of notes or the product of the beat number and the beat resolution.
For instance, Genchel et al. [48] represented music as pitch, duration, chord, and bar position
sequences. DeepBach [46] adopts several lists to describe Bach’s four-part chorales, including the
four voice lists and two metadata lists (thythm and fermatas). However, they regard the 16th note
as the smallest time unit, which makes it impossible to encode triplets. To overcome this limitation,
Pati et al. [49] proposed to divide each beat into six uneven ticks to realize the coding of triplets
while only increasing the sequence length by 1.5 times. Note that a special symbol is usually used
to encode note continuation, e.g., “hold” and “_”.

2.4 Text

The most common text representation for music is the ABC notation. It consists of two parts:
header and body. The header contains information such as the reference number, title, time
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signature, note length, and key. The body includes notes, bar lines, and the like. Each note is en-
coded into a token where the pitch class of a note is encoded into its corresponding English letter
with the octave symbol and duration symbol, rest is represented by ‘z’, and the bars are separated
by ‘. ABC notation is quite compact but can only represent monophonic melodies. For a more
detailed description of ABC, see [50]. Sturm et al. [51] converted ABC text into a token vocabu-
lary, where each token is composed of one or more characters for the following seven types (with
examples in parentheses): meter (“M:3/4”), key (“K:Cmaj”), measure (“:|” and “[1”), pitch (“C” and
“Ac”), grouping (“(3”), duration (“2” and “/2”), and transcription (“<s>” and “<\s>").

2.5 Graph

Of particular interest, some researchers represent the music score as a graph. Jeong et al. [38] rep-
resented the score as a unique form of graph G = (V, E) for the first time, where V and E represent
nodes and edges, respectively. Each note is regarded as a node in the graph, and adjacent notes
are connected as different types of edges according to their musical relationship in the score. They
defined six types of edges: next, rest, set, sustain, voice, and slur; considered forward and backward
directions as different types of edges; and added a self-connection to every note. In addition, Chuan
and Herremans [52] extended the tonnetz, a graphical representation used by music theorists and
musicologists, to transform music into a sequence of 2D tonnetz matrices and graphically encoded
the musical relationship between pitches. Specifically, each node in the extended tonnetz network
represents a pitch, and the nodes on the same horizontal line follow the circle-of-fifth ordering.
The pitches in a matrix column preserve the interval of major third. The number of rows in the
tonnetz matrix is determined by the range of pitches. Compared with the piano roll, the music
generated by tonnetz has better pitch stability and more repetitive patterns.

3 TASK-ORIENTED SYMBOLIC MUSIC GENERATION

This section reviews previous work on deep symbolic music generation from the perspective of
tasks and compares different deep learning methods under the same tasks basically in chronolog-
ical order. Most but not all of the tasks in symbolic music generation are covered in this section,
since some tasks have not been extensively studied in the literature. The related studies are di-
vided into five categories: generating music from scratch, conditional generation with musical
context constraints, controllable generation that allows for controlling the structure or attributes
(e.g., style, emotion) of generated music, performance generation that adds performance charac-
teristics to the score generation, and interactive generation with its applications. Note that we do
not provide detailed explanations of specific deep network architectures (such as RNN, CNN, etc.),
as they are not the focus of this paper.

3.1 Generation from Scratch

Generation from scratch refers to generating music (such as melody, polyphony, and multitrack
music) without conditions. Some popular methods are shown in Table 2.

3.1.1  Melody. Melody is a series of notes organized by specific pitch variation rules and rhythm
relations. RNN is the most commonly used and simplest model for generating melody. One of the
most well-known symbolic melody generation methods is the Melody RNN model [25] developed
by Google Brain’s Magenta project. This model comprises a baseline RNN model, called the basic
RNN, and two RNN model variants, namely the lookback RNN and the attention RNN, which are
designed to generate longer-term music structures. However, RNN-based models can only gener-
ate music sequences from left to right, which are far from interactive and creative applications. To
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Table 2. Methods for Generating Symbolic Music from Scratch

7:9

Music Model Length of generated
Task Method Year | Representation | Architecture Description music
Melody RNN [25] [2016 [Event RNN Lookback RNN; Attention RNN Variable-length
Anticipation-RNN [ 2017 | Sequence RNN User-defined positional constraints | Variable-length
[26]
MusicVAE [28] 2018  [Piano roll RNN-based VAE | Long-term music structure; 16 bars
Melody Hierarchical decoder
[53] 2021  [Sequence RNN-based Long-term music representations; 8 bars
EC?-VAE Hierarchical contextual constraints.
GLSR-VAE [54] 2017  [Sequence RNN-based VAE | Continuous attributes; Geodesic 2 bars
latent space regularization
[158] 2021  [Sequence B-VAE and Continuous-valued attributes; Latent |1 bar
AR-VAE space disentanglement and
regularization
SeqGAN [31] 2017  [Sequence RNN-CNN- Reinforcement learning; Monte Carlo | 12.8s
based GAN search
RL Tuner [56] 2017  |Piano roll RNN Reinforcement learning; DQN 32 notes (16th)
algorithm
DeepBach [46] 2016  [Sequence RNN User-defined constraints Variable-length
[27] 2017  |Piano roll RNN Transposition-invariance; Tied Variable-length
parallel LSTM-NADE; Bi-axial LSTM
[132] 2018  [Piano roll CNN & Bar-level CNN feature learning 8,16 or 32 bars
RNN-based VAE
Polyphony [59] 2019  |Piano roll RNN-based VAE | Latent normalizing flows; Variable-length
Non-autoregressive generation
PianoTree VAE 2020 |Event RNN-based VAE | Tree structured musical syntax 8 beats
[39]
[161] 2022  |Piano roll VAE Using only linear layers; bit-rate 1 bar
reduction
C-RNN-GAN [60] [2016 |Event RNN-based Continuous sequential data Variable-length
GAN
Music 2019 |Event Transformer Relative attention mechanism; Minute-long
Transformer [32] Compelling long-term structure
MuseNet [61] 2019 |Event Transformer Same general-purpose unsupervised |4-minute long
technology as GPT-2
[41] 2020 |Event Transformer Adversarial learning; Novel Up to 1024 tokens
computation of reward for each
generated step (REGS)
MuseGAN [30] 2018  [Piano roll CNN-based WGAN-GP; Multi-track 4 bars
GAN interdependency and temporal
structure
[63] 2018  |Piano roll CNN-based Binary neurons for binary-valued 4 bars
Multitrack GAN piano roll
Music DMB-GAN [64] 2019 |Piano roll GAN Self-attention mechanism; Duel 4 bars
Multi-branches GAN architecture
[65] 2018 |Event RNN-based VAE | An extension of MusicVAE; Latent 1 bar
space manipulations
MNGANS [66] 2018  |Piano roll CNN-based Optimizing musicality and novelty | 4 bars
GAN alternately
LakhNES [33] 2019 |Event Transformer-XL | Cross-domain pre-training Variable-length
MMM [149] 2020 [Event Transformer Concatenating time-ordered 4 or 8 bars
sequence of each track into a single
sequence
MMT [162] 2023 |Event Transformer New multitrack representation; New | Up to 1,024 codes

measure for musical self-attention
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solve this issue, Hadjeres and Nielsen [26] proposed Anticipation-RNN, which not only has the ad-
vantages of the RNN models but also allows the enforcement of user-defined position constraints.

Generative models like VAE and GAN have also been used for automatic music composition
and combined with CNN and RNN to produce numerous variants. To address the problem that
the recurrent VAE model has difficulty modeling the sequence with long-term structure, Roberts
et al. [28] proposed the MusicVAE model, which employs a hierarchical decoder that generates
each subsequence independently using the latent variables generated by the encoder. This model
avoids the “posterior collapse” problem in recurrent VAE and has better sampling, interpolation,
and reconstruction performance. However, this model is usually hard to train unless there is a large
amount of data. Therefore, Wei and Xia [53] proposed a new model based on EC?-VAE to learn
long-term, phrase-level symbolic music representation through contextual constraints, which is
the first model to achieve the disentanglement of long-term representations. Additionally, Had-
jeres et al. [54] proposed GLSR-VAE to consider the continuous attributes of modeling data, which
contains a geodesic latent space regularization (GLSR) to relate variations in the latent space
to variations of the attributes. This model is the first specifically designed for continuous data at-
tributes, although it requires differentiable calculations on data attributes and careful fine-tuning
of hyperparameters. Also, for encoding continuous-valued attributes, Pati and Lerch [158] struc-
tured the latent space of VAE by using an attribute regularization loss to enforce a monotonic
relationship between the attribute values and the latent code of the respective regularized dimen-
sion. Contrary to GLSR-VAE [54], the loss formulation proposed by Pati and Lerch [158] is agnostic
to how the attributes are computed or obtained and only has two hyperparameters.

The vanilla GAN has limitations in generating discrete tokens, as the discrete output of the
generator makes it difficult to transfer the gradient update of the discriminator to the generator,
and the discriminator can only evaluate an entire sequence. To tackle these issues, Yu et al. [31]
proposed SeqGAN, a sequence generation framework combined with reinforcement learning
(RL), which is the first work to extend GAN to generate discrete sequences. Although SeqGAN
has proven its performance on several sequence generation tasks (such as poetry and music), it
suffers from the problem of mode collapse [55]. Jacques et al. [56] proposed RL Tuner, a novel
sequential learning method by combining ML and RL training for music generation. They utilized
pre-trained RNN to supply part of the reward value and refined the sequence predictor with the
imposed reward functions. In addition, the RL Tuner can explicitly correct the undesirable behavior
of RNN, which could be helpful in a broad range of applications. Jacques et al. [57] further proposed
Sequence Tutor, a general version of the RL Tuner, for sequence generation tasks, not just music
generation.

3.1.2 Polyphony. A polyphony is composed of two or more independent melodies, which are
combined organically to flow and unfold in a coordinated manner. Polyphonic music has sequential
patterns between timesteps and harmonic intervals among simultaneous notes [44]. Therefore,
generating polyphonic music is more complicated than generating simple melodies.

It may be certain that the first work with comprehensive consideration of polyphony is the study
of Boulanger-Lewandowski et al. [24]. They proposed the RNN-RBM model to learn the proba-
bility rules of harmony and rhythm from polyphony scores with various complexity. To model
polyphonic music, especially the four-part pieces, Hadjeres et al. [46] proposed an LSTM-based
model called DeepBach, which does not sample from left to right, but models each part separately
and permits users to impose unary constraints. However, RNN models don’t have transposition-
invariance, meaning the network learns the absolute relationship among notes rather than the
relative relationship. Accordingly, Johnson [27] proposed two network architectures, TP-LSTM-
NADE and BALSTM, with transposition-invariance that utilized a set of parallel, tied-weight
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recurrent networks for the prediction and composition of polyphonic music. Although the BAL-
STM model proposed by Johnson possesses translation-invariance, it cannot maintain the consis-
tency of output styles when training with multiple styles, leading to style shifts in one music piece.
The Deep] model [43] introduced in Section 3.3.1 solved this issue by adding style conditions at
each layer.

In 2015, Fabius et al. [58] first proposed the VAE and applied it to generate polyphonic game
songs. Since then, some follow-up studies on VAE-based polyphony generation have emerged.
Combining the strengths of CNN and VAE, Koh et al. [132] proposed a convolutional-variational
RNN-based encoder-decoder architecture to generate polyphonic music, where the CNN captures
bar-level music structure, and the variational RNN generates novel music sequences bay by bar.
Ziegler and Rush [59] studied the normalized flow in the discrete environment within the VAE
framework. The flow modeled the continuous representation of discrete data through the prior
model and realized the generation of polyphonic music without an autoregressive likelihood. Wang
et al. [39] proposed a novel tree-structure extension model called PianoTree VAE to generate poly-
phonic counterpoint in the context of music representation learning. Additionally, Dubnov et al.
[161] constructed a vanilla polyphonic VAE using only linear layers and then applied the bit-
rate reduction to latent representations for studying temporal structure at different reductions. In
contrast, GAN has not been applied much in generating polyphonic music from scratch. Mogren
[60] proposed a novel generative adversarial model named C-RNN-GAN based on continuous se-
quential data to generate polyphonic music. Unlike the symbolic music representation commonly
adopted in RNN models, this method trained a highly flexible and expressive model with fully
continuous sequential data, including tone lengths, frequencies, intensities, and timing,.

Transformer-based models have been widely applied in polyphonic music generation. Huang
et al. [32] combined the relative attention mechanism into the Transformer and proposed the Mu-
sic Transformer, which can generate long-term music structures of 2,000 tokens scale, generate
continuations that coherently elaborate on a given motif, and generate accompaniments given
the melody. It is the first successful application of Transformer to generate music with long-term
structures. Payne [61] created MuseNet based on GPT-2, which can generate 4-minute music with
ten different instruments combining various styles. MuseNet has full attention in the context of
4,096 tokens, which may be one of the reasons why it can remember the medium- and long-term
structure within segments. Both Music Transformer and MuseNet are based on decoder-only trans-
formers. Although these models using the teacher-forcing training strategy can produce some
good pieces, in most cases, the generated music pieces are of poor musicality and structure. There-
fore, Zhang [41] proposed a novel adversarial Transformer to generate music pieces with high
musicality. The generation of long sequences is guided by adversarial objectives, which offer a
powerful regularization to force the Transformer to focus on global and local structure learning.

3.1.3  Multitrack Music. Multitrack music belongs to polyphonic music, which usually consists
of multiple interdependent tracks with their own temporal dynamics and instruments.

The MuseGAN model proposed by Dong et al. [30] is one of the most well-known models,
which aims at generating multitrack polyphonic music with harmonic and rhythmic structure,
multitrack interdependence, and temporal structure. However, the music generated by MuseGAN
has multiple shortcomings, e.g., the number of qualified notes generated is much less than that
of the training data, and the generated music contains many fragmented notes. Many follow-up
studies have been conducted since the introduction of MuseGAN. In view of the problem that
existing models need operations such as hard threshing or Bernoulli sampling to obtain binary
piano rolls, Dong and Yang [63] utilized binary neurons to generate binary piano rolls directly
based on MuseGAN. This method improved the ratio of qualified notes and reduced the number
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of fragmented notes in the generated music compared with MuseGAN. The above GAN-based
multitrack music generation methods use convolution to extract features, which cannot effectively
learn temporal features. Consequently, Guan et al. [64] proposed a Dual Multi-Branches GAN
architecture (DMB-GAN) with the self-attention mechanism, which can extract temporal and
spatial features simultaneously. The DMB-GAN generates about twice as many effective notes as
MuseGAN while training each batch in 1/5 the time of MuseGAN.

Unlike the fixed quintet generated by MuseGAN, Simon et al. [65] proposed an extension of the
MusicVAE model, which can generate multitrack music with arbitrary instruments. The system
can generate music from scratch and manipulate existing music through latent space. However,
the model can only represent an individual bar and has difficulty generating the long-term struc-
ture. Adding chord conditions can alleviate this issue to some extent. Different from most existing
work focusing on the imitation of musicality, Chen et al. [66] emphasized the imitation of artis-
tic creation, i.e., novelty. They proposed the Musicality-Novelty Generative Adversarial Nets
(MNGAN:s) for algorithmic composition, which is the first GAN aiming at music novelty. Two
adversarial networks using the same generator alternately optimize the musicality and novelty of
music. Since novelty is hard to define and quantify, they put forward a new model called novelty
game to maximize the minimal distance between machine-created and any human-created music
samples in the novelty space, while all human-composed music samples are far away from each
other.

Donahue et al. [33] proposed a Transformer-based model LakhNES to generate multi-instrument
music. They mainly presented a pre-training technology based on transfer learning, i.e., pre-train
the model on one dataset (Lakh MIDI) and then fine-tune the model to another (NES-MDB) to
improve the model performance. Unlike the constraint of fixed-length music in MuseGAN [30],
LakhNES can generate arbitrary-length sequences. Ens and Pasquier [149] proposed a genera-
tive system named Multi-Track Music Machine (MMM) based on Transformer, where each
track is represented as a time-ordered sequence and multiple tracks are concatenated into a sin-
gle sequence. MMM can achieve track-level or bar-level inpainting and can impose control over
track instrumentation and note density. Moreover, Dong et al. [162] proposed Multitrack Music
Transformer (MMT), a decoder-only transformer model with multi-dimensional input and out-
put spaces to generate multitrack music. MMT utilizes a new multitrack representation (introduced
in Section 2.1.2) to generate longer sequences at a faster inference speed than MMM [149].

3.2 Conditional Generation

Apart from generating music from scratch, another method conditions the generation process of
partial music on the given music context (melody, chord, etc.), which is called conditional gener-
ation. Table 3 summarizes some representative methods for conditional music generation tasks.

3.2.1 Melody Generation Given Chord. A chord is a harmonic collection of arbitrary pitches
composed of three or more notes that are playing at the same time. A series of ordered chords
is called the chord progression. The melody generation systems usually ignore any forms of ex-
plicit harmonic background, which is a crucial guide for note selection [48]. Motivated by this,
some researchers try to generate melodies given chord information, hoping to bring better musi-
cal structure to the generated melodies.

Companies providing music services, such as Amper?, usually perform arpeggios on basic
chords to generate melody. Yang et al. [29] proposed a CNN-based GAN model named MidiNet
to generate melodies one bar after another, where they fed chord progressions into the inversed
version of the generator to generate the conditions for regulating the generated melody of the
current bar. Given the role of chord progressions in guiding melody in pop songs, Zhu et al. [67]
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Table 3. Methods for Conditional Music Generation
Music Model Length of
Task Method Year | Representation | Architecture Description generated music
MidiNet [29] 2017 | Piano roll CNN-base GAN | Generating music one bar after 8 bars
another; Conditioner CNN
CRMCG [67] 2018 | Sequence RNN Encoder-decoder framework Variable-length
Melody JazzGAN [68] 2018 | Piano roll or RNN-based Improvising jazz melodies over Variable-length
Generation Event GAN chord progressions; Harmonic
Given Chord bricks for phrase segmentation
BebopNet [70] 2020 |Sequence RNN Monophonic harmony-constrained | Variable-length
jazz improvisations; Personalized
generation
MINGUS [71] 2021 | Sequence Transformer Two parallel transformers for pitch | Up to 35 tokens
and duration, respectively
[72] 2017 | Sequence RNN BiLSTM; A chord per bar Up to 16 bars
MTHarmonizer 2021 | Sequence RNN Chord functions; A chord every 4-32 bars
[73] half bar
Melody [74] 2021 |Sequence RNN Orderless NADE; Chord balancing; | Variable-length
Harmonization Blocked Gibbs sampling
SurpriseNet [76] | 2021 |Sequence RNN-based VAE | Conditional VAE; Surprise contour | Variable-length
AutoHarmonizer | 2021 |Sequence RNN Controllable harmonic rhythm Variable-length
[77]
[80] 2018 | Piano roll GAN Recurrent CNN model; three new |8 bars
. symbolic-domain harmonic
Accompaniment f
eatures
Arrangement
MICA [67] 2018 | Sequence RNN Attention cell and MLP cell Variable-length
PopMAG [81] 2020 |Event Transformer MuMIDI representation; Up to 32 bars
Extra-long context
Coconet [75] 2017 | Piano roll CNN Orderless NADE; Blocked Gibbs 128 notes (16th)
Sampling
[82] 2018 |Event Transformer Virtuosic piano performances; 16 or 32 notes
NoteTuple representation [167]
ES-Net [83] 2020 | Piano roll U-Net Edit events; Note by note control |8 bars
InpaintNet [49] 2019 | Sequence RNN-based VAE | Traversing latent space 2-6 bars
Music Music SketchNet | 2020 |Sequence RNN-based VAE | SketchVAE, SketchInpainter and | 4 bars
Inpainting [84] SketchConnector; User-specified
pitch and rhythm snippets
CLSM [85] 2021 | Sequence Transformer & | Contextual latent space model; Up to 4 bars
LSTM Positional constraints;
Interpolations or variations
[86] 2021 |Event XLNet A novel relative bar coding; Up to 128 notes
Look-ahead onset prediction
[87] 2022 | Event Transformer Masked pretraining and Up to 16 bars
finetuning; Track level and bar
level controls

proposed Xiaolce Band, an end-to-end melody and arrangement generation framework for song
generation, which includes a Chord based Rhythm and Melody Cross-Generation Model
(CRMCG) to generate melody given chord progression. The CRMCG model generates better re-
sults than the Melody RNN [25] and the MidiNet [29]. To alleviate the problems in the jazz gen-
eration, such as frequent and diverse key changes, unconventional and off-beat rhythms, as well
as flexibility with off-chord notes, Trieu and Keller [68] proposed a jazz melody improvisation
method over the chord progression. The results show that the music generated by JazzGAN is
more popular than the music generated by Magenta’s ImprovRNN [69]. Hakimi et al. [70] adopted
BebopNet, a music language model trained on a corpus of jazz improvisations by Bebop giants,
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to achieve the monophonic, harmony-constrained jazz improvisations, which was the first work
to generate personalized jazz solos using deep learning techniques. Madaghiele et al. [71] pro-
posed a Transformer-based Seq2Seq model MINGUS to generate monophonic jazz melodies condi-
tioned on other musical features such as harmonic structure and rhythmic properties. Experiments
show that MINGUS performs better than the BebopNet in generating jazz melodies with harmonic
consistency.

3.2.2 Melody Harmonization. Melody harmonization refers to generating harmonic accompa-
niments for given melodies [73], where chords play a crucial role. Lim et al. [72] used a two-layer
BiLSTM and a fully connected layer to learn the correspondence between melody and chord se-
quence pairs, which achieved better performance than the HMM model in both quantitative and
qualitative evaluation. But the model enforces that only one chord can be generated per measure,
and the chord type must be the triad. Yeh et al. [73] pointed out two main defects of this model:
the excessive use of common chords and the non-congruent phrasing between the melody and
chords. To solve these issues, they proposed an extended BiLSTM model called MTHarmonizer,
which predicts both the chord labels and the chord functions. Compared with the distribution of
chord labels, the distribution of chord functions is relatively balanced, which is easier for model
learning. Besides, since chord labels and functions are interdependent, adding a chord function
as a target will inform the model of which chord labels share the same function and may thus be
interchangeable. Sun et al. [74] took the melody and partially masked chord sequences as the input
of a BiLSTM-based network to learn the missing parts of chord sequences. Inspired by Coconet
[75], they used blocked Gibbs sampling in the inference stage. This method can generate 96 kinds
of chords at most (including partial triads and sevenths) and stipulates that there are up to two
chords per bar.

Interestingly, Chen et al. [76] proposed a CVAE-based user-controllable framework to harmo-
nize a given melody based on surprise contours, where the surprise contour is derived from the
negative log probability of the Markov chain. To our best knowledge, this is the first VAE-based
melody harmonization work. One limitation of previous melody harmonization models is the fixed
harmonic rhythm. To improve this deficiency, Wu et al. [77] proposed AutoHarmonizer to achieve
harmonic rhythm-controllable melody harmonization, which can generate denser or sparser chord
progressions through a new sampling method. The RNN-based AutoHarmonizer consists of two
parts: a harmonic rhythm model that provides coarse-grained chord onset information and a chord
model that generates specific chords based on the given melody and the corresponding harmonic
rhythm sequence. Melody harmonization encourages human-computer interaction, which is espe-
cially suitable for novices [78]. Some human-computer interaction interfaces and tools have been
developed for this task, such as MySong [79].

3.2.3  Accompaniment Arrangement. Arranging is the art of giving an existing melody musical
variety. Liu and Yang [80] defined the lead sheet arrangement as a process that takes as input a
lead sheet and generates as output piano rolls of multiple instruments to accompany the melody.
They implemented the lead sheet arrangement with a novel conditional generation model based
on convolutional GAN for the first time. Considering the harmony of music arrangement, Zhu
et al. [67] proposed a Multi-Instrument Co-Arrangement model (MICA) to generate multi-
track accompaniment for melody, which contains two cooperate cells, the attention cell and MLP
cell, to integrate the information of other tracks when generating one of the tracks. The results
demonstrated that the harmony among multiple tracks was improved significantly. Ren et al. [81]
proposed a transformer-based model for pop music accompaniment generation called PopMAG,
which generated five instrumental accompaniment tracks under the conditions of chords and
melodies. PopMAG is superior to MuseGAN [30] in both subjective and objective evaluation.
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The Music Transformer [32] mentioned before can also generate accompaniments conditioned
on melodies and chords.

3.24 Music Inpainting. Early music generation models mostly assume that music is generated
continuously, meaning the current music segment only depends on the previous music segments.
This method is inconsistent with typical human composition practice, which is usually iterative
and non-sequential. The chronological generation paradigm limits the degree of interactivity. Once
generated, it is impossible to adjust the specific parts to meet the user’s aesthetic sensibilities or
compositional requirements. Music inpainting refers to completing the missing information in a
piece of music, which is more in line with the human creative process. Pati et al. [49] define the
music score inpainting problem as: given the past music context C, and the future music context
Cr, an inpainted sequence C; is generated to connect C,, and C in a musically meaningful manner.

The previously mentioned Anticipation-RNNs [26] can selectively regenerate the notes at spe-
cific positions. One of the Markov Chain Monte Carlo (MCMC) methods, Gibbs sampling [159,
160], seems beneficial for music inpainting and has been widely used in this task. For instance, the
generation in DeepBach [46] is performed using Gibbs sampling, which can complete Bach’s four-
part chorales by resampling voices or notes. Huang et al. [75] trained a CNN-based model called
Coconet to complete the partial music score, which is an instance of orderless NADE, and used
blocked Gibbs sampling as an analogue to rewriting. However, the piano roll-based CNN models
can only complete fixed-length spans. Inspired by Coconet, Ippolito et al. [82] trained a Trans-
former to infill the missing part of the MIDI transcription of performed piano music. Composers
can utilize this infilling technique to rewrite parts of music or gradually morph one piece into an-
other through iterative Gibbs sampling. Similar to Coconet, this method can only complete a fixed
number of tokens. The ES-Net proposed by Chi et al. [83] can not only add notes to complete the
music score but also delete wrong notes, allowing for finer, note-by-note control in human and Al
collaborative composition. The experimental results showed that ES-Net produces better results
than orderless NADE and Gibbs sampling.

Learning the latent space of VAE enables diversity in music inpainting. Pati et al. [49] proposed a
VAE-based score inpainting model named InpaintNet, which uses latent embeddings to learn com-
plex trajectories in the latent space. The learned embeddings are sent to the decoder to generate
multiple music bars connecting two music clips. This method allows users to change the musical
context to achieve interactive music generation. Inspired by the work of sketching and patching in
computer vision, Chen et al. [84] proposed a neural network framework named Music SketchNet
for music completion, which focuses on filling missing measures in incomplete monophonic mu-
sic according to the surrounding context and user-specified music ideas (like pitch and rhythm).
The experimental results demonstrated that the generated melody follows the constraints of users,
and Music SketchNet is superior to the previous InpaintNet, both objectively and subjectively. One
common disadvantage of InpaintNet and Music SketchNet is that the bar-level VAE restricts the
missing parts to start and end exactly where the bar begins and ends. Akama et al. [85] proposed a
contextual latent space model (CLSM) based on CVAE to generate subsequences with a sense
of direction in the generative space, such as exploring variants of the subsequence. A new mask
strategy is proposed to adapt to music inpainting tasks, and the normalized flows are used to map
between prior network outputs and latent variables to learn complex conditional priors.

The methods already mentioned can only complete a short segment with a fixed number of
notes or a fixed time span. Recently, Chang et al. [86] proposed a new score completion model
based on XLNet, which can complete a variable-length sequence (up to 128 notes) within different
time spans. A new music-specific positional encoding—relative bar encoding is proposed to better
inform the model where notes are located. Guo et al. [87] also proposed a transformer-based music
completion framework, enabling the generated music to have stronger stylistic similarity with the
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original music by adding additional control tokens. Compared to previous studies that could only
control track density, this method provides users with more control, including key, bar tensile
strain, bar cloud diameter, track density, track polyphony, and track occupation. The model has
been available for interactive generation in a Google Colab notebook.

3.3 Controllable Generation

Controllable generation refers to imposing extra control (such as style, emotion, and musical struc-
ture) in the automatic music creation process, allowing more human intervention to enhance
human-computer interaction. Some representative methods are shown in Table 4.

3.3.1 Style. Style is one of the most representative characteristics of music. Previous studies
have attempted to generate music with a specific musical style. The stylistic consistency of the
generated music is either brought about by the dataset itself, such as Bach’s four-part chorales, or
learned by models that can differentiate stylistic characteristics. Music style transfer is a special
task that will be introduced in the latter.

Conditioning each layer of BALSTM on style, Deep] [43] model can create polyphonic mu-
sic according to a specific music style or a mixture of multiple composer styles. Zhou et al. [88]
collected a new Beatles dataset from the Internet and proposed RNN-based BandNet to generate
multi-instrument music in the Beatles’ style. Zhu et al. [89] extended the MICA of the Xiaolce Band
to a Multi-Style Multi-Instrument Co-Arrangement Model (MSMICA). The MSMICA em-
ployed adversarial training to learn music style, which can maintain the harmony of the generated
music and control the style for better application. In addition, Choi et al. [90] used a transformer
autoencoder to aggregate encodings of the input data across time to obtain a global representation
of style from a given performance. They showed that combining this global embedding with other
temporally distributed embeddings could better control the separate aspects of performance style
and melody. The experimental results demonstrated that this conditional model generated perfor-
mance like the input style and generated accompaniment that conformed to the given performance
style for the melody.

Style transfer

Gatys et al. [91] introduced style transfer in the context of neural networks, which usually refers to
preserving the explicit content features of an image and exerting explicit style features of another
image. In accordance with this, music style transfer is to generate novel music by separating and
recombining the content and style of different music pieces.

The main difficulty of the music style transfer task is the lack of aligned data, so most studies
adopt unsupervised learning frameworks to solve this task. Brunner et al. [92] proposed a
VAE-based model called MIDI-VAE, which can realize the style transfer of multi-instrument
polyphonic music by automatically changing pitch, dynamics, and instrument. MIDI-VAE con-
tains a style classifier that forces the model to encode the style information in the shared latent
space, thus manipulating the existing songs and changing their styles effectively. It is the first
successful attempt to perform unaligned style transfer on complete musical works. Lu and Su
[93] studied the style transfer of homophonic music that contains a predominant melody part and
an accompaniment part. They only considered the style transfer of the accompaniment part. An
adapted DeepBach model [46] was employed to model the temporal information, combined with
the autoregressive model WaveNet [94] to model the pitch information. Exploiting Gibbs sampling
on the generative model to modify the accompaniment part, the model can transfer arbitrary
homophonic music scores into the styles of Bach’s four-part chorales and jazz. Wu and Yang
[95] proposed a Transformer VAE model called MuseMorphose to achieve song-level (32-bar)
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Table 4. Methods for Controllable Music Generation
Controlled Method Year Music Model Description Length of generated
Aspect Representation | Architecture music
Deep] [43] 2018 | Piano roll RNN A specific mixture of composer styles | Variable-length
BandNet [88] 2019 | Event RNN The style of Beatles; Templated-base 4-16 bars
method to generate structured music
MSMICA [89] 2020 |Sequence RNN Extension of MICA [67] with style Variable-length
control; Reinforcement learning similar
Style to SeqGAN [31]
[90] 2020 |Event Transformer | Obtaining a global style representation | Up to 2048 tokens
of style from a given performance
MIDI-VAE [92] 2018 |Piano roll RNN-based Unaligned style transfer; parallel VAE |1 bar
VAE with a shared latent space and a style
classifier
[93] 2018 | Piano roll LSTM & CNN | Style transfer of accompaniment in Variable-length
homophonic music
MuseMorphose 2021 |Event Transformer | Style transfer of long musical pieces; Up to 32 bars
[95] VAE User specified bar-level musical
attributes
[96] 2018 | Event GAN Style transfer with cycle consistency 4 bars
loss
ChordGAN [163] 2021 | Piano roll CNN-based Stylistic rendering of chords into notes; | 16 bars
GAN Chroma feature extraction;
StructureNet [98] | 2018 |Sequence RNN Structure-tagging algorithm for 16 bars
creating structure dataset; Duration
repeat and duration-interval repeat
SSMGAN [100] 2019 |Event RNN-CNN- Representing self-repetition with Variable-length
Structure based VAE self-similarity; Low dimensional
GAN measure embeddings
MusicFrameworks| 2021 |Event Transformer | Multi-level repetition and structure; Full-song-length
[101] & RNN & Multi-step generative process
CNN
HAT [102] 2021 |Event Transformer |Harmony (texture and form)-aware Full-song-length
learning; Hierarchical
structure-enhanced module
PopMNet [103] 2020 | Sequence RNN & CNN | Bar-level pairwise relations; Variable-length
Representing structure using Directed
acyclic graph; Two stage manner
MELONS [104] 2022 | Event Transformer | Graph representation of music Full-song-length
structure; Eight types of bar-level
relations; Multi-step generation
Museformer [164] | 2022 [Event Transformer | Music repetition structures via bar-level | Full-song-length
similarity statistic; Fine- and
coarse-grained attention
[105] 2019 | Event LSTM VGMIDI dataset with valence-arousal | Variable-length
(VA) annotation; Sentiment unit within
mLSTM
Sentiment [44] 2019 | Piano roll LSTM Global condition of emotional vectors; |8 bars
Four quadrants of VA emotional space
as four emotions
Bardo Composer | 2020 [Event Transformer |Language model with Stochastic Variable-length
[106] Bi-Objective Beam Search; GPT-2
emotion classifier
[107] 2021 |Event RNN & Calculating valence of chord 4-32 bars
Transformer | progression; Seq2seq; Translating
conditions into musical events
Music FaderNets 2020 |Event GM-VAE Arousal transfer; Inferring high-level [ Up to 100 tokens
[108] features from latent low-level

representations
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fine-grained musical style transfer, where the user can specify bar-level musical attributes,
including rhythmic intensity and polyphony.

The GAN model with multiple generators and cycle consistency loss has achieved great success
in image style transfer. Therefore, Brunner et al. [96] adopted the previous image style transfer
model named CycleGAN to realize symbol music genre transfer. Since no aligned data is required,
the model can be easily retrained, which is also the first application of GAN in symbolic music style
transfer. Compared with MIDI-VAE [92], the CycleGAN-based model does not limit the number
of notes to be played simultaneously, thus making the music sound richer. However, a pre-trained
CNN is required to distinguish between content and style features. Another application of GAN
for style transfer is the ChordGAN proposed by Lu and Dubnov [163]. This model took as input the
extracted chroma features to preserve content features like chords and harmonies and then stylis-
tically rendered chords within the chromagram into notes. However, ChordGAN did not capture
long-term structure in music and needed to be trained separately for each genre.

3.3.2  Structure. The structure is the key aspect of music composed by humans, which plays a
vital role in giving the music a sense of overall coherence and intentionality. It appears in a piece
of music as a collection of musical patterns, pattern variation, literal or motivic repetition, and
transformation of musical segments that appeared earlier in the same piece [98]. Existing auto-
matic music generation methods have attempted to incorporate structure into the generated music
from two aspects. One is to combine the generated music segments based on a pre-specified struc-
ture template. However, forcing the music to match a specific template may distort the musicality.
The other is to condition music generation on extra structure input, which typically involves a
two-stage process of generating structure followed by music generation. Nevertheless, generating
well-structured musical pieces remains a challenging task.

Combining music through structural templates is a straightforward post-processing method.
The BandNet [88] mentioned before is a template-based method to generate music with repeti-
tive structure. Concretely, they generated music clips of varying lengths for each part of a pre-
defined song structure template (such as AABA) and then combined the generated segments into
a complete song. In order to induce musical structure, Medeot et al. [98] proposed an RNN model
called StructureNet. It learns structures from a dataset containing structural elements and their
occurrence statistics, which is created from existing melody datasets using a structure-tagging
algorithm. This model exists in the music structure space and can work with any music genera-
tion probability model after training. Jhamtani and Berg-Kirkpatrick [100] combined GAN with
VAE and proposed a music generation method centered on self-repetition. They constructed a
self-similar matrix by calculating the similarity between bars to represent the self-repetition in
music. The problem with generating controllable music directly using GAN or VAE is that the
high-dimensional continuous vectors have limited interpretability, making it difficult for users to
control. And modeling full-length music with a simple fixed-length representation is non-trivial.
Therefore, Dai et al. [101] proposed MusicFrameworks, a hierarchical music structure representa-
tion and a multi-step generation process that creates full-length melodies under the guidance of
long-term repetition structure, melody contour, rhythm constraints, and so on. By decomposing
music generation into sub-problems, MusicFrameworks captures repetition structures at multiple
levels, allows simpler models, and requires less data. Considering the relationship between har-
mony and musical structure that chords are closely integrated with the spatial structure—texture
and chord progressions promote the temporal structure—form, Zhang et al. [102] proposed a hier-
archical music transformer to generate pop music with structure enhancement through harmony-
aware learning. They exploit structure adaptively from the music and interact on music tokens
at multiple levels. It is the first work to generate pop music of the entire song length by learning
form and texture jointly bridged by harmony.
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Moreover, some studies attempted to explore the relationships between music bars. Wu et al.
[103] proposed PopMNet for the sake of generating pop music melodies with good organizational
structures. Melody structure is defined by pairwise relations between bars in the melody, including
repetition and sequence. Repetition refers to the repetition of a segment, and sequence means to
repeat a segment with the same rhythm and different pitches. They exploited a directed acyclic
graph to represent melody structure and an adjacency matrix to represent structure diagram. A
two-stage generation process conditioned melody generation on the generated structure and the
chord progression. The evaluation results demonstrated that compared with other models (such as
Attention RNN [25], MidiNet [29], Music Transformer [32], etc.), the music generated by PopM-
Net has clearer structures and higher scores in human evaluations. However, the enumeration of
the relationships between bars in PopMNet is incomplete. The music structures include both rep-
etitions and flexible developments. Zou et al. [104] further proposed a music structure diagram
representation including eight types of bar-level relationships and a transformer-based melody
generation framework MELONS, which can generate the whole song with a given 8-bar melody
theme without labeling the structure information. Additionally, by calculating the similarity be-
tween each pair of bars, Yu et al. [164] introduced the structure-related bars that are expected to
be repeated in the current bar to be generated. Then they proposed a novel transformer named
Museformer with fine- and coarse-grained attention to facilitate music structure modeling and
long sequence modeling.

3.3.3 Sentiment. As German philosopher Hagel said [44], “Music is the art of mood. It is
straightly directed against mood.” The deep learning models have shown promising results in
automatic music creation. However, controlling the sentiment of the generated music is still a
challenge with insufficient research. There is a broad research space for the sentiment-controllable
music generation that needs further exploration in the future.

Ferreira and Whitehead [105] proposed an mLSTM-based deep generative model to generate
polyphonic music with given emotions for the first time, where the mLSTM controls the emo-
tion of the generated music by optimizing the weight of specific neurons responsible for emo-
tional signals. Zhao et al. [44] extended the BALSTM network [27] to generate polyphonic music
with specific emotions. They first divided four basic emotions through Russell’s two-dimensional
valence-arousal (VA) emotion space and then used emotion vectors as global conditions to train
the network to generate emotion-controllable music. Ferreira et al. [106] presented a system called
Bardo Composer to generate background music for tabletop role-playing games. They utilized the
VA emotional model to classify the speech text into four emotion categories. Then stochastic bi-
objective beam search (SBBS) and a neural model were used to generate music clips that convey
the desired emotions. The experimental results demonstrated that the subjects accurately recog-
nized the emotions of the generated music. Makris et al. [107] proposed a new method to manu-
ally calculate the valence of chords in the lead sheet. Then they developed a seq2seq architecture
based on LSTM or Transformer to condition the generation of lead sheets on the encoded valence,
phrases, and time signatures. Additionally, Tan and Herremans [108] applied the proposed Music
FaderNets to the style transfer tasks of arousal states with the help of learned high-level feature
representations.

3.4 Performance Generation

A complete definition of performance is given in [109], relating the liveliness of a score to “the
artist’s understanding of the structure and ‘meaning’ of a piece of music, and his/her (conscious or
unconscious) expression of this understanding via expressive performance.” The music generated
by score generation methods adheres strictly to the metrical grid written on the score, resulting in
a lack of expressive performance in most of the generated pieces. Many researchers have begun to
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Table 5. Methods for Performance Generation
Method Year Category Music Model Description Length of
Render | Compose | Representation | Architecture generated music
[110] 2019 vV Event Conditional Generating performance data | Variable-length
Variational RNN | conditioned on music score
and interpretation sequence
VirtuosoNet [111]| 2019 vV Sequence RNN & VAE Hierarchical Attention network | Variable-length
(HAN); A multi-scale approach
[38] 2019 v Graph GNN & HAN Representing six edge types in | Variable-length
musical score using graph; A
multi-scale approach
Performance 2017 vV Event RNN Generating polyphonic music | 30s
RNN [112] with expressive timing and
dynamics
[113] 2018 vV Event RNN Jointly predicting notes and 30s
their expressive and dynamics
Pop Music 2020 vV Event Transformer-XL | REMI for modeling Variable-length
Transformer [34] beat-bar-phrase hierarchical
structure in music
Compound Word | 2021 vV Event Transformer Compound words; Different Full-song-length
Transformer [42] feed-forward heads for tokens
of different types
[114] 2021 vV Event Transformer- Gumbel-Softmax; WGAN, 128 tokens
GAN RSGAN, PPO-GAN
GrooVAE [115] 2019 vV Sequence RNN-VIB Seq2seq; Humanization, Drum | Up to 16 bars
Infilling and Tap2drum

explore expressive performance generation. Here, we divide the performance generation studies
into two categories: one is rendering expressive performance, which refers to adding performance
characteristics to a given score; the other is composing expressive performance, which means
modeling score and performance simultaneously to create novel expressive music. Some popular
performance generation methods are shown in Table 5.

3.4.1 Rendering. Rendering expressive performance refers to endowing a given score with per-
formance features. In this case, there is no need to re-model the pitches and durations that have
already been provided in the score but to generate expressive performance features for the notes,
such as timing, dynamics, and so on.

The mapping between score and performance is not a bijection because distinct musicians
will inject their own styles when performing the same music. Rather than establishing a direct
mapping between score and performance by controlling specific music concepts (like dynamics),
Maezawa et al. [110] proposed a music performance rendering method that can explicitly model
the performance with interpretation variations of a given music segment. The trained model can
automatically generate expressive piano performances based on the music score and interpreta-
tion sequence. Jeong et al. [111] modeled the piano performance based on a hierarchical attention
network and VAE, which mainly imitated the pianists’ expressive controls for tempo, dynamics,
articulations, and pedaling. The model used a multi-scale approach to predict the performance
characteristics and keep the musical expressions consistent over long-term sections. Specifically,
the tempo and dynamics at the bar level are predicted first and then fine-tuned at the note level.
After that, Jeong et al. [38] further adopted the graph neural network (GNN) model to represent
music scores as a unique form of graphs and applied it to render expressive piano performance
for the music score, which is the first attempt to adopt GNN to learn the note representation in
western music.
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3.4.2 Composing. Composing expressive performance refers to creating new music with ex-
pressive performance characteristics. Compared with rendering existing works, its advantages are
more embodied in improvisation. Because the piano performance is easier to quantify and the pi-
ano datasets are easier to obtain, the current generated performance is mainly limited to the piano
performance. A few researchers also have attempted to compose drum performances.

Simon and Oore [112] proposed Performance RNN to compose polyphonic music with expres-
sive timing and dynamics. The performance generated by this model lacks overall consistency,
but local features (phrasing within a 1- or 2-second time window) are pretty expressive. Similarly,
Oore et al. [113] utilized the LSTM-based model to jointly predict notes and their expressive timing
and dynamics. To capture expressiveness, they chose a temporal representation based on absolute
time intervals between events, rounded to 8ms. Compared with the previous models, Oore et al.
produced more human-like performances with this new representation. But this representation
caused already lengthy musical pieces to be on average 3-4 times longer [167].

The Music Transformer proposed by Huang et al. [32] achieved expressive piano performance
modeling and is superior to the performance RNN [112]. Based on Transformer-XL, Huang and
Yang [34] proposed Pop Music Transformer for modeling popular piano performances. They im-
proved the way music scores transform into events and proposed a new event set called “REMI”
(introduced in 2.1.1). This event set provides a metrical context for modeling the rhythm patterns,
explicitly establishes a harmonic structure to make chord progression controllable, and facilitates
coordinating the different tracks of a music piece. The results implied that music generated by Pop
Music Transformer has more reasonable rhythm structures than Music Transformer [32]. Hsiao
et al. [42] further improved the REMI representation by grouping adjacent tokens through the ex-
pansion compression technique and converting a piece of music into a compound word sequence.
This method greatly reduced the length of the token sequence and created expressive piano pop
music of full length (up to 10k tokens) for the first time. The training convergence speed of this
method is 5-10 times faster than that of the Pop Music Transformer without losing the genera-
tive quality. Muhamed et al. [114] combined the adversarial loss derived from GAN to improve
the performance of the Transformer in generating long-term consistent music sequences. The dis-
criminative objective of the pre-trained discriminator SpanBERT can improve the fidelity of the
generative model. Experimental results show that Transformer-GAN outperforms Music Trans-
former trained only by maximining likelihood.

Apart from the piano performance generation, Gillick et al. [115] automatically composed drum
performances using the seq2seq models and the recurrent variable information bottleneck
(VIB) model. They presented a class of models called GrooVAE, which are used to generate and
control the expressive drum performance. Furthermore, they designed three specific applications
using these models: Humanization, generating performance for a given drum pattern, and realizing
the style transfer of drum performance (groove transfer) by disentangling performance character-
istics from the score, thus performing the same drum pattern in different ways; Tap2drum, coming
up with drums that match the sense of groove on another instrument (or just tapping on a table);
Infilling, completing or modifying the drum beat by generating or replacing the part for the desired
instrument.

3.5 Interactive Generation

Thus far, machine-generated music has been hardly comparable to human creation. So, the time is
not ripe for machines to drive the whole music generation process. Interactive music generation
refers to humans and machines cooperating in some way to create music together. According
to [116], interactive music generation can be divided into two categories: call and response and
accompaniment . For call and response, the machine learns to play a solo alternately with the
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Table 6. Methods for Interactive Generation

Method Year Category Music Model Description Length of
Calland | Accompaniment| Representation | Architecture generated music
response

[117] 2017 vV Piano roll Agnostic Learning semantic embeddings | Variable-length

of musical input; Combination
of generation and unit selection

[119] 2019 vV Event RNN A hybrid of improvisation with | Variable-length
pitches generated by models and
rhythms provided by human

The Bach | 2019 vV Piano roll CNN Using Coconet [75] for melody |2 bars

Doodle harmonization (4-voice) in the

[78] style of Bach

RL-duet 2020 vV Sequence Attention- Reinforcement learning; Variable-length
[120] guided Learning rewards from training

RNN-CNN data considering both the
inter-part and intra-part
harmonization of human and
machine inputs

human in real-time, i.e., machine and human play in turn; accompaniment generation requires the
machine to adapt and support human performance. We list several studies on interactive music
generation in Table 6.

3.5.1 Call and Response. To study the music interaction scenario of call and response, Bretan
et al. [117] proposed a system that employs a deep autoencoder to learn the semantic embedding.
The system reconstructs the transformed embeddings by combining generation and unit selection
to produce appropriate musical responses. During the live demonstration, the human plays the
MIDI keyboard, and the computer generates the response. There have been several systems (such
as Al Duet [118]) that perform human-computer cooperation in the configuration of call and re-
sponse. However, most of the deep music generation models run in “offline” mode with almost no
limitation on processing time. Integrating these models into real-time structured performances is a
challenge. Moreover, these models are often agnostic to the specific style of the performer, making
them impractical for live performances. To solve the real-time compatibility and style personaliza-
tion problems, Castro [119] proposed a software system integrating off-the-shelf music generation
models into improvisation. Specifically, he exploited the melody generated by Melody RNN [25]
and the rhythm provided by human performers to improvise in the manner of call and response.

3.5.2  Accompaniment. The Bach Doodle created by Huang et al. [78] allows users to create
their own melodies and then generate accompaniment in Bach’s style using the improved Coconet
model. However, the system cannot generate accompaniment in real time. To solve this problem,
Jiang et al. [120] proposed the first deep reinforcement learning algorithm called RL-duet for online
accompaniment generation, which can realize real-time interaction with human input without
any delay. The key to this algorithm is an effective reward model learned from the training data
that considers both the inter-part and intra-part compatibility of the generated notes from the
horizontal and vertical perspectives.

3.5.3 Application. 1t is encouraging that some automatic music generation techniques have
been gradually applied to the practical environment. Most applications are interactive, i.e., humans
and AI work together to create music. For instance, Donahue et al. [121] designed Piano Genie,
an intelligent instrument with which users can generate piano music in real time by playing on
eight buttons. Louie et al. [122] developed a Coconet-based Cococo (collaborative co-creation),
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a music editor web interface for novice-Al co-creation. It augments the standard generative music
interface through a set of Al-steering tools that allow users to express music intention better. Qiu
et al. [123] developed an interactive music composition system named Mind Band, which takes
expressions, images, and humming as input and outputs music that matches the input emotions.

Google’s Magenta project® is one of the most excellent research projects focusing on deep mu-
sic generation. It has developed multiple Al-based tools to assist musicians in being more creative
[35]. The MusicVAE [28] proposed by Google Magenta has been used to create many tools: Melody
Mixer and Beat Blender allow to generate interpolation between two melodies or drumbeats; La-
tent Loops creates a two-dimensional grid among four melodies and allows the users to draw a
path in the space to create complex melodies. Besides, Muzic’ started by Microsoft Research Asia
is also a research project on Al music that empowers music understanding and generation with
deep learning and artificial intelligence. The previously mentioned PopMAG [81] and Museformer
[164] are derived from the Muzic project.

4 DATASETS

So far, a variety of music datasets have been born in the field of automatic music generation,
covering music genres such as classical, folk, pop, and so on. For deep learning algorithms driven
by a great quantity of data, the quality of the generated music is closely related to the selection of
datasets. This section summarizes the common datasets in previous studies from the perspective
of the storage forms of music, hoping to bring some convenience to future researchers. The brief
introductions and methods for obtaining access to music datasets are shown in Table 7.

4.1 MIDI

As introduced in Section 2, MIDI is a descriptive “music language” describing the music infor-
mation to be performed in bytes, such as what instrument to use, what note to start with, and
what note to end at a specific time. The pretty_midi Python toolkit contains practical functions
and classes for parsing, modifying, and processing MIDI data, through which users can easily read
various note information contained in MIDL

Music21 [150] is an object-oriented toolkit for analyzing, searching, and converting music of
symbolic form. J. S. Bach’s (JSB) four-part chorales dataset (402 chorales) can be directly obtained
from the music21 Python package. However, this data set is small and lacks expressive information.

Ferreira and Whitehead [105] created a new music dataset VGMIDI in symbolic format with
sentiment notation, which contains 95 labelled MIDI piano pieces (966 phrases of four bars) from
video game soundtracks and 728 non-labelled pieces. All of them vary in length from 26 sec-
onds to 3 minutes. The labelled music pieces are annotated by 30 human subjects according to a
valence-arousal (dimensional) emotion model [166]. The sentiment of each piece is then extracted
by summarizing the 30 annotations and mapping the valence axis to sentiment. For the concrete
operation of emotion annotation, please refer to [105].

The Lakh MIDI Dataset (LMD) is the largest symbolic music corpus to date, including 176,581
unique MIDI files, of which 45,129 files have been matched and aligned with the entries in the
Million Song Dataset (MSD) [151]. The LMD includes the following formats: (1) 176,581 MIDI
files with duplicate data removed, and each file is named according to its MD5 checksum (called
“LMD full”); (2) the subset of 45,129 files (called “LMD matched”) that match items in the MSD;
(3) All LMD-matched files are aligned with the 7Digital preview MP3s in the MSD (called “LMD
aligned”). In addition, Dong et al. [30] transformed the MIDI files of LMD into multi-track piano
rolls and named the resulting dataset the Lakh Pianoroll Dataset (LPD).

"https://github.com/microsoft/muzic.
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Table 7. Datasets Summary

Modality
Format Name Genre Size (files) Access
Score | Performance | Audio

JSB Chorales dataset vV Bach 402 Music21 toolkit [150]
VGMIDI v v Video game | 823 https://github.com/lucasnfe/vgmidi
Lakh MIDI Dataset v v Multiple 176,581 http://colinraffel.com/projects/Imd/
e-Piano Competition v v Classical ~1,400 http:// iano-e-competition.com
Dataset ’ pAwvwwp P <

MIDI i
ADL Piano MIDI v Multiple 11,086 https://github.com/lucasnfe/adl- piano-midi
dataset
POP909 v v Pop 909 https://github.com/music-x-lab/POP909-Dataset
GiantMIDI-Piano v v Classical 10,854 https://github.com/bytedance/GiantMIDI-Piano
BitMidi v Multiple 113,244 https://bitmidi.com/
Classical Archives v Classical 20,801 https://www.classicalarchives.com/
FreeMidi v Multiple 25,860 https://freemidi.org/
TheoryTab Dataset v Multiple 16,000 https://www.hooktheory.com/theorytab

R Hooktheory Lead . . .

MusicXML Sheet dataset vV Multiple 11,329 Derived from [73]

Wikifonia v Multiple 2252 http://marg.snu.ac kr/chord_generation/ (CSV
format)

Nottingham Music v Western folk | Over 1,000 | abc.sourceforge.net/NMD/
Dataset

Text Ireland

. , reland,
{_‘Il;r:lk Norbeck’s ABC vV Sweden, and | Over 3,000 | http://www.norbeck.nu/abc/
others

MusicNet v v v | Classical 330 https://zenodo.org/record/5120004#.YpbPI-5ByUl
MAESTRO v v v | Classical 1,282 https://g.co/magenta/maestro-dataset
Piano-Midi v v v | Classical 332 www.piano-midi.de/

Multimodality
Groove MIDI Dataset v v v | Drum 1,150 https://magenta.tensorflow.org/datasets/groove
ASAP v v v | Classical 1,068 https://github.com/fosfrancesco/asap- dataset
EMOPIA v v v | Multiple 1,087 https://zenodo.org/record/5090631

The e-piano junior competition dataset is a collection of professional pianists’ solo piano
performances, which provides a substantial amount of expressive performance MIDI (~1,400) of
professional pianists. Most of them are late romantic works, such as Chopin and Liszt, as well as
some Mozart sonatas. Since this dataset provides high-quality piano performance data in MIDI for-
mat, including the fine control of timing and dynamics by different performers, it is widely used in
performance generation. However, it does not contain the corresponding music score of the pieces.

The Augmented Design Lab (ADL) piano MIDI dataset is based on LMD. In LMD, there are
many versions of the same song, and only one is reserved for each song in the ADL dataset. Later,
Ferreira et al. [106] extracted from the LMD only the tracks with instruments from the “piano
family” (MIDI program number 1-8). This process generated a total of 9,021 unique piano MIDI
files, which are mainly rock and classical music. To increase the diversity of the genre (like jazz),
they added another 2,065 files obtained from public resources on the Internet. All the files in the
collection are de-duped according to MD5 checksums, and the final dataset has 11,086 pieces.

Wang et al. [155] proposed a novel dataset named POP909 for music arrangement generation,
which contains multiple versions of piano arrangements of 909 popular songs created by profes-
sional musicians. The total length of POP909 is about 60 hours, including 462 artists, and the release
of all songs spans around 60 years. The main body of the dataset contains vocal (main) melody,
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secondary melody or main instrument melody (bridge) in MIDI format, and piano accompaniment
of each song, which are aligned with the original audio file. Beat, chord, and key annotations are
provided; each note contains expressive dynamics.

The GiantMIDI-Piano [152] released by ByteDance is the world’s largest classical piano dataset,
including MIDI files from 10,854 music works by 2,784 composers, with a total duration of
1,237 hours. In terms of data scale, the total duration of different music pieces in the dataset is
14 times that of Google’s MAESTRO dataset. To construct the dataset, researchers have developed
and open-sourced a high-resolution piano transcription system, which is used to convert all audio
into MIDI files. The MIDI files include the onset, dynamics, and pedal information of notes.

Besides, BitMidi provides 113,244 MIDI files curated by volunteers worldwide; Classical
Archives is the largest classical music website, including the largest collection of free classical
music MIDI files (20,801); FreeMidi comprises more than 25,860 MIDI files of assorted genres.

4.2 MusicXML

MusicXML aims to completely represent western music symbols, such as rest, slur, beam, barline,
key and time signature, articulation, ornament markings, and so on, which are not included in
MIDI format. MusicXML is usually employed to store the lead sheet, a form of musical symbol
utilized to specify the essential elements of a song, like melodies, lyrics, chords, repetition marks,
and so on. Lead sheets rarely involve information about instruments or accompaniments and are
the most basic form of music.

TheoryTab is an online music theory forum, and the TheoryTab Dataset (TTD) contains 16K
lead sheet segments stored in XML format. Yeh et al. [73] collected a new dataset called the Hook-
theory Lead Sheet Dataset (HLSD) from the TheoryTab. Each lead sheet contains high-quality,
human-transcribed melodies and their corresponding chord progressions. The chords are speci-
fied by both literal chord symbols (e.g., Gmaj7) and chord functions (e.g., VI7). The HLSD contains
11,329 lead sheet samples, all in 4/4 time signature, covering 704 chord categories.

Wikifonia.org offered a public lead sheet repository. Unfortunately, the website ceased service in
2013. Before that, Lim et al. [72] obtained some data, including 5,533 western music lead sheets in
MusicXML format and covering multiple music genres such as rock, pop, and jazz. They collected
2,252 lead sheets from the obtained dataset. Only the first chord is selected if a bar contains two
or more chords. Finally, the music features are extracted and converted into CSV format.

43 ABC

ABC is a format for recording music in plain text. It was originally designed for folk music orig-
inated in Western Europe and was later extended to support a complete representation of classi-
cal music scores. The Nottingham Music Dataset (NMD) is composed of simple melodies with
chords, containing ~1,200 British and American folk songs in special text format. Using the pro-
gram NMD2ABC? and some Perl scripts, most of this dataset can be converted into ABC notation.
Additionally, Henrik Norbeck has collected more than 3,000 music scores and lyrics in ABC format,
mainly including traditional music from Ireland and Sweden. The accesses to these two datasets
are shown in Table 7.

4.4 Aligned MIDI and Audio

Some datasets contain both the MIDI files and the aligned audio files. Except for the symbolic
music generation tasks, these datasets can be capitalized in other tasks like music transcription,
audio synthesis, and so on.

8abc.sourceforge.net/NMDY/.

ACM Computing Surveys, Vol. 56, No. 1, Article 7. Publication date: August 2023.



7:26 S.Jietal

The MusicNet dataset [153] is a collection of 330 freely licensed classical music recordings,
including 10 composers and 11 instruments, plus instrument/note annotations, resulting in more
than 1 million temporal labels on 34 hours of chamber music performances. The labels are from
513 classes, indicating the precise time of each note in each recording, the instrument playing
each note, and the position of the note in the rhythm structure of the music. The average recording
length is 6 minutes. The shortest recording time is 55 seconds, and the longest is nearly 18 minutes.
The majority of MusicNet is composed of Beethoven’s compositions and piano solos. However,
as Hawthorne et al. [154] discussed, the alignment between audio and score is not completely
accurate.

The MAESTRO dataset [154] contains over 172 hours of virtuosic piano performances, cov-
ering about 430 compositions and 1,282 performances from nine years of International Piano-e-
Competition events. Audio and MIDI files are precisely aligned (~3ms). The MIDI data contains
key strike velocities and sustain pedal positions. The audio files and MIDI files are divided into
individual music pieces and annotated with composer, title, and year of performance. The reper-
toires are mainly classical music composed by composers from the 17th century to the early 20th
century.

The Piano-Midi is a MIDI database of classical pianos containing 332 music pieces from 25 com-
posers of three major classical periods (baroque, classical, and romantic). The dataset is rich in
timing and dynamic information. The MIDI files and their corresponding mp3 and ogg audio files
are available, and some music pieces have corresponding music scores in PDF format as well.

The Groove MIDI Dataset (GMD) is a dataset created by Gillick et al. [115] for the research
of drum performance. It contains 13.6 hours, 1,150 MIDI files, and 22,000 bars of tempo-aligned
expressive drumming performed by 10 drummers. The dataset was recorded on the Roland TD-112
electronic drum kit equipped with sensors to capture precise performance features in MIDI format.
The MIDI notes are related to the instrument, timing, and velocity. The microtimings describe
how the note timings stray from a fixed grid, and the velocities indicate how hard the notes are
struck. Each performance in the dataset also contains relevant metadata (such as music style) and
corresponding synthesized audio outputs.

Foscarin et al. [156] proposed a dataset named Aligned Scores and Performances (ASAP),
which consists of 222 digital scores and 1,068 aligned performances of western classical piano
music from 15 composers. Music scores are provided in pairs of MusicXML files and quantified
MIDI files, while performances are provided in the form of paired MIDI files and partial audio
recordings. The 548 performances are available as MIDI only, and all the others (520) are provided
as MIDI and audio recordings aligned with approximately 3ms precision. For each MIDI score
and performance, ASAP offers the positions of all beats, downbeats, time signature changes, and
key signature changes. Each score or performance in ASAP is labeled with metadata, such as the
composer and the title of the piece.

The EMOPIA dataset proposed by Huang et al. [165] is a multi-modal database focusing on per-
ceived emotion in pop piano music. The dataset contains 1,087 music clips from 387 solo piano
performances of popular music (i.e., 2.87 clips per song on average) and clip-level emotion la-
bels annotated by dedicated annotators. The genres of songs include Japanese anime, Korean and
Western pop song covers, movie soundtracks, and personal compositions. The emotional labels fol-
low the four-class taxonomy corresponding to the four quadrants of Russell’s famous Circumplex
model of affect [166].

5 EVALUATION

There are no unified evaluation criteria for the results of generative algorithms in the arts field.
Indeed, since works of art such as music and painting are intrinsically subjective, it is rather hard
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to measure them with a certain rigorous metric [124]. So, the quality of the generated contents
inevitably requires subjective evaluation, but some objective evaluation metrics still have certain
reference values for the generation quality. This section summarizes the music evaluation methods
from both objective and subjective aspects. Effective evaluation can find out the deficiencies and
give valuable feedback, thereby improving the quality of the generated music.

5.1 Objective

The objective evaluation includes quantitative evaluations of the generative model and the gen-
erated music. The former is often assessed by metrics such as loss, which only reflect the learning
ability of the model but do not truly embody its generative quality. Therefore, this survey will
not delve into the metrics used to evaluate the generative models. The latter selects appropriate
music metrics for the specific music generation task. To define the music metrics, researchers
need to master quite a lot of knowledge of music theory. Furthermore, several special methods for
detecting specific aspects (like structure, style, etc.) of the generated music will be introduced in
Section 5.1.2.

5.1.1  Music Metrics. Music metrics are derived from some music concepts, also known as mu-
sical statistical descriptors. Ideally, as the training process goes on, the distributions of the gener-
ated and the real music should be closer and closer. Therefore, many methods judge the generative
quality by comparing the descriptive statistics of real music and the music generated by models.
Researchers can design various music metrics according to their research tasks as long as the def-
initions of metrics are explained in detail, especially the corresponding relationship between the
value of metrics and the quality of music.

Since the development of deep symbolic music generation, numerous research teams have de-
fined many music metrics for various generation tasks. Here we only point out some commonly
used and representative metrics, as shown in Table 8. Notably, Yang and Lerch [125] also put for-
ward a set of simple musically informed objective metrics, including absolute and relative metrics.
The absolute metrics are used to give insights into the properties and characteristics of a dataset,
including pitch-based and rhythm-based features. The relative metrics compare the distributions
of two datasets, including the Overlapping Area (OA) and the Kullback-Leibler Divergence
(KLD). The evaluation framework has been released as an open-source toolbox’ that implements
the demonstrated evaluation and analysis methods along with visualization tools. This evalua-
tion system has been recognized by many researchers, e.g., Wuerkaixi et al. [126] adopted OA
and KLD to assess the degree of harmony between melody and accompaniment; Mittal et al. [127]
used an adjusted frame-level OA to capture local self-similar patterns of generated melody se-
quences; Madaghiele et al. [71] and Jiang et al. [120] used several absolute features proposed in
[125]; Genchel et al. [48] directly utilized the toolbox MGEval to evaluate their music generation
system.

5.1.2  Other methods. Apart from the music metrics, some methods evaluate specific aspects
of music (such as structure and style) with the help of other theories or algorithms. This section
briefly introduces several methods, and the concrete implementations require further reading of
relevant literature.

Structure
The music structure assessment methods focus more on repetitive and self-similar structures in
music. The Variable Markov Oracle (VMO) is an information dynamics method developed by

®https://github.com/RichardYang40148/mgeval.
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Table 8. Music Metrics

Type Metrics Definition
Empty Bar (EB) [30] the ratio of empty bars (in %).
Used Pitch Class (UPC) [30] the number of used pitch classes per bar (from 0 to 12).
Pitch Range (PR) [125] the subtraction of the highest and lowest used pitch in semitones.
Number of Unique Note the count of how many different pitches/durations are used in a music piece.
Pitches/Durations [41]
>
Pitch Class Histogram Entropy | construct the 12-dimensional pitch class histogram h, normalized by the total note count in the period such that
(129] >.i hi = 1. Then, calculate the entropy of h:
> 11
H(h) = - _ZO hiloga(hi)
i=
) Qualified Note (QN) [30] the ratio of “qualified” notes (in %). Dong et al. [30] consider a note no shorter than three timesteps (i.e., a 32nd
Pitch note) as a qualified note.
Polyphony [95] the average number of pitches being played at the same time, evaluated only at time steps where at least one pitch
is on.
Scale Consistency [60] the fraction of tones that are part of a standard scale, reporting the number for the best matching such scale.
Repetitions [60] the repetitions of short subsequences, giving a score on how much recurrence there is in a sample.
Consecutive Pitch Repetitions | the frequency of occurrences of £ consecutive pitch repetitions for a specified length £.
(CPR) [68]
Durations of Pitch Repetitions | the frequency of pitch repetitions that last at least d long in total for a specified duration d.
(DPR) [68]
Tone Span [60] the number of half-tone steps between the lowest and the highest tone in a sample.
Tone Spans (TS) [68] the frequency of pitch changes that span more than d half-steps for a specified tone distance d.
Average Pitch Interval (PI) the average value of the interval between two consecutive pitches in semitones.
[125]
Drum Pattern (DP) [30] the ratio of notes in 8- or 16-beat patterns, common ones for Rock songs in 4/4 time (in %).
Qualified Rhythm Frequency the frequency of note durations within valid beat ratios of {1,1/2,1/4,1/8,1/16}, their dotted and triplet counterparts,
(QR) [68] and any tied combination of two valid ratios.
Rhythmic Intensity Score [95] | the percentage of sub-beats with at least one note onset:
B
h _ 1
Rhythm sTRYM = 5 % Wnopser, b 2 1)
where B is the number of sub-beats in a bar and 1(-) is the indicator function.
Grooving Pattern Similarity the grooving pattern represents the positions in a bar at which there is at least a note onset, and the similarity
[129] between a pair of grooving patterns G¢, ﬁb as:
0-1
~a = 1
G5(* ¢ =1-% L XOR(gf.q7)
i=
where Q is the dimensionality of g%, ﬁb, and XOR(+, -) is the exclusive OR operation. Note that the value of
GS(-, -) would always lie in between 0 and 1.
Tonal Distance (TD) [30] the harmonicity between a pair of tracks. Larger TD [128] implies weaker inter-track harmonic relations.
Chord Progression Irregularity | the percentage of unique chord trigrams in the chord progression of an entire piece.
[129]
Chord histogram entropy given a chord sequence, create a histogram of chord occurrences with |C| bins. Then, normalize the counts to sum
(CHE) [73] to 1, and calculate its entropy:
ICl
H=- leilogpi
i=
where p; is the relative probability of the i-th bin. The entropy is greatest when the histogram follows a uniform
distribution, and lowest when the chord sequence uses only one chord throughout.
Chord coverage (CC) [73] the number of chord labels with non-zero counts in the chord histogram in a chord sequence.
Harmony Chord tonal distance (CTD) the average value of the tonal distance computed between every pair of adjacent chords in a chord sequence. The

[73]

CTD is highest when there are abrupt changes in the chord progression (e.g., from C chord to B chord).

Chord tone to non-chord tone
ratio (CTnCTR) [73]

T+
define CTnCTR as nz+n£ , ¢ is the number of the chord tones, np is the number of the non-chord tones, ny is
the number of a subset of non-chord tones that are two semitones within the notes which are right after them,
where subscript p denotes a “proper” non-chord tone. CTnCTR equals one when there are no non-chord tones at

all, or when np = np.

Pitch consonance score (PCS)
[73]

computed by averaging these consonance scores across a 16th-note windows, excluding rest periods, where the
consonance score is set to 1 for consonance intervals including unison, major/minor 3rd, perfect 5th, major/minor
6th, set to 0 for a perfect 4th, and set to -1 for other intervals, which are considered dissonant.

Melody-chord tonal distance
(MCTD) [73]

the average of the tonal distance between every melody note and the corresponding chord label calculated across a
melody sequence, with each distance weighted by the duration of the corresponding melody note.
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Wang and Dubnov [131], which can detect repeated music patterns in a time series by visual-
ization. VMO uses a string-matching algorithm called Factor Oracle (FO) to search for repeated
segments (suffixes) at every time instance in the signal [132]. A key step of VMO is to find a thresh-
old 6 to establish similarity between features. In order to select a sequence with the most abundant
information patterns, the optimal threshold 6 is usually selected by calculating the Information
Rate (IR). VMO with higher IRs captures more repeat subsequences than VMO with low IRs. In
addition, the higher IR itself can reflect more self-similarity structures in the sequence [132]. Chen
et al. [133] reflected the self-similarity structure in music by comparing the IRs of the generated
music of different models and detected the repeated patterns in the music pattern plots gener-
ated by VMO. Lattner et al. [99] also used IR as the evaluation metrics as well. Larger IR occurs
when repetition and variation are in balance, and smaller IR occurs when the sequences are either
random or very repetitive.

Guo et al. [130] and Makris et al. [107] adopted COSIATEC to assess the long-term structure in
music. COSIATEC utilizes a geometric approach, much like zip-file compression, to detect repeated
patterns in symbolic music data. The resulting compression ratio indicates how much smaller a
musical file can be made by representing it with pattern vectors and their corresponding transla-
tion vectors, reflecting the number of repeated patterns contained in the generated music.

The fitness scale plot algorithm [134, 135] and related SM toolbox [136] offer an aesthetic method
for detecting and visualizing repetitive structures in music. The fitness scape is a matrix Syxn,
where s;; € [0, 1] is the fitness, i.e., the repeatability in the music segment derived from the self-
similarity matrix of the segment specified by (i, j). Zhang et al. [102] and Wu and Yang [129]
compared the fitness scale plots of the generated and real music.

Originality

The current deep learning-based music generation algorithms rarely have musicological analysis
and plagiarism analysis for the generated results [137]. To judge whether the generated music
“plagiarizes” the music in the original corpus, Hadjeres et al. [46] proposed a plagiarism analysis
method that finds the length of the longest subsequence from generated music which can be found
identically in the training dataset and then drew the length histograms. The shorter the length of
the histogram peak is, the more innovative the generated music is. Besides, Chu et al. [138] divided
each generated melody into segments of two bars and then compared each segment to all segments
in the rest of the 100 generated songs. The repeat time is recorded to evaluate how much the model
repeats itself. Hakimi et al. [70] evaluated plagiarism by measuring the percentage of n-grams in
a solo that also appear in any other solo in the source. Particularly, Yin et al. [137] use a similarity
measure called the cardinality score to calculate the originality scores and found that Transformer
models obtained by traditional stopping criteria produce single-note repetition patterns, resulting
in lower quality and originality. While in the later training epoch, the transformer model tends to
overfit and produces a copy of the input song excerpt.

Style

Researchers usually train an additional classifier to judge whether the generated music style meets
expectation. For example, Jin et al. [20] used the Minimum Distance Classifier (MDC) algorithm
to determine whether the generated music is classical. To evaluate the effect of style transfer,
Brunner et al. [96] constructed a binary style classifier to output the probability distribution of
distinct styles. Some feature mapping methods (like t-SNE, PCA, etc.) are also used to analyze the
ability of model learning style via mapping the high-dimensional style embedding space into a
low-dimensional feature space. E.g., in [92], t-SNE is used to visualize the latent vectors of 30 jazz
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songs and 20 classical songs. Several evaluation metrics related to style transfer are proposed in
[96, 139].

Tonality

The Keyscape [140] can illustrate the music tonality, with different colors for each key. Lattner et al.
[99] utilized the humdrum keyscape to parse the tonality of a given MIDI file using the Krumhansl-
Schmuckler key-finding algorithm [141]. The peak of the pyramid shows the key estimates of the
whole piece, and moving down toward the base is a recursive set of decreasing window sizes that
provides an estimation of the key estimates within that context window. Intuitively, the highly
structured keyscape indicates that more self-references exist in the segment, with tonal centers
that recur often in fractal patterns.

5.2 Subjective

Albeit many objective evaluation metrics have been proposed, the correlation between quantita-
tive evaluation and human judgment is unclear. Thus, researchers always perform subjective tests
when evaluating the generated music. The most common subjective evaluation method is the lis-
tening test, which is a complicated process involving many variables [125], such as the selection
and presentation of audio samples, listening environment, selection of subjects, and expression of
questions. In contrast, some subjective evaluations, like analyzing the generated musical scores, do
not require listening and are conducted mainly by music experts. The number of subjects involved
in the subjective evaluation may vary greatly. Human evaluation faces the following two prob-
lems: one is that it takes more time compared with machine evaluation; the other is the evaluation
error caused by auditory fatigue. Nevertheless, human subjective evaluation is still foremost and
indispensable now.

5.2.1 Listening Test. The listening test generally requires [142]: (1) enough subjects with suf-
ficient diversity to offer statistically significant results; (2) the music knowledge level of sub-
jects is evenly distributed, including both music amateurs and music experts; (3) the experiment
was conducted in a controlled environment with specific acoustic characteristics and equipment;
and (4) each subject received the same instructions and stimuli. To prove that the evaluation re-
sults have statistically significant differences, the hypothesis tests are usually inevitable, such as
the Wilcoxon signed-rank test [28], t-test [33], and Kruskal Wallis H-Test [83]. Here are several
common listening tests:

e Turing test. Ask the subjects to judge whether the music is machine-generated or human-
created [46].

e Binary/multiple comparison and selection. The selection can be either preference se-
lection, i.e., to choose the most favorite one from a group of music [43, 101], or selection
based on some criteria, e.g., to choose the music closest to the original corpus style [90].

e Rank. According to several evaluation metrics, rank a set of music samples generated by
different models [143].

e Score. Rate the generated music based on several evaluation metrics or by answering sev-
eral subjective questions, such as how natural the music is. This listening test can be re-
garded as the further quantification of selection or rank. The common scoring rule is the
5-point Likert [29, 80], and other self-defined scoring rules like the 4-point scale adopted
by [144].

e Identify music type. Ask the subjects to identify the style or emotion of the generated
music [43, 44].
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Another listening test only invites professional composers to assess the music. The evaluation
criteria here are not subjective questions but professional music theory, which requires subjects
with a strong music background. Zhou et al. [88] evaluated the notes and rhythms in the generated
music according to the music theory consistent with the Beatles’ music, and Wei et al. [145] invited
professional drummers and composers to give descriptive feedback and detailed comments on the
structural compatibility, stability, and variability of the generated drum patterns.

The listening tests can be conducted on online platforms, such as Amazon Mechanical Turk
[147]. Although online testing saves manpower, it cannot ensure the authenticity and validity of
the collected results, e.g., it does not rule out the situation that someone hastily completes the task
to get rewards. However, it is undeniable that online evaluation can indeed invite more subjects.
Liang et al. [146] conducted a public music discrimination test on bachbot.com, and a total of
2,336 participants were involved in the test, which is the largest human evaluation so far.

5.2.2  Visual Analysis. Visual analysis means that people evaluate the generated music subjec-
tively via observing the visual music representation (like the musical score and piano roll) rather
than auditory perception. Score analysis is usually carried out by experts in the music field and
focuses on different musical aspects depending on the generation tasks. Dong et al. [30] analyzed
the characteristics of the generated multitrack music from the piano rolls, such as rhythmic pat-
terns and harmonic relations. Yan et al. [144] recorded the generated accompaniment score in PDF
format and recruited three Ph.D. students of music theory as raters, then asked them to rate the
accompaniment according to some criteria. Different judges may have different opinions on the
same music score, so we summarize it under the scope of subjective evaluation.

6 CHALLENGES AND FUTURE DIRECTIONS

Automatic music generation has made great progress in the past decade, where deep learning
technology has shown its powerful capabilities. However, deep symbolic music generation still
faces many challenges, based on which we will point out several future research directions.

6.1 Challenges

To our best knowledge, the deep symbolic music generation may still face the following challenges.

Creativity. The magic of algorithmic composition lies in that its goal is to reproduce the real
intelligence of human beings rather than complex imitation [66]. Creativity is the extrapolation of
outlier patterns beyond the observed distribution, while present machine learning regimes mainly
handle interpolation rather than extrapolation [70]. The boundary between musical creativity and
plain clumsiness is highly uncertain and difficult to quantify. Yin et al. [137] even claimed that
language-based deep learning models seem to be little more than powerful memorizers. For now,
relatively few researches focus on the creativity of generated music, such as [66].

Style. The style of generated music is often consistent with that of training datasets, and differ-
ent music styles require different model settings. A universal framework for all music styles may
be desired [93]. For style transfer, automatically learning the disentanglement of music represen-
tations with respect to different aspects is still an effortful task.

Structure. The generated music lacks long-term structure, i.e., recurring themes, motivations,
and patterns. Especially when using recurrent sequence models (like RNN and LSTM), the gen-
erated music gradually becomes boring if there is no external inducement during the generating
process. Music also contains a whole structure of its own, such as the AABA or AAB form in jazz
and the verse plus chorus form in pop music. It is hard to simultaneously model the local structure
and the global structure as the sequence length increases. Different structure components are sup-
posed to be modeled separately, and the change in structure makes automatic music generation
more complicated.
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Sentiment. There is not much research on emotional music generation, and the emotion cate-
gory involved is relatively simple. There is still much room to understand the correlation between
music and emotion and integrate this important relationship into the music generation system.

Interaction. It may be possible to generate innovative and fluent music completely using com-
puters in an end-to-end way. However, humans lack participation during this process, resulting
in the generated music may not meet their creative goals (such as rhythm variations and emo-
tional trends). Nowadays, the interactive interfaces/tools available for users are limited, and some
interactive generation systems are available only in studios but are not promoted in real-world sce-
narios. The better interaction and cooperation modes between humans and Al still need further
exploration.

Pretraining. Due to the difference between natural text data and symbolic music data, directly
migrating the pretraining model in the Natural Language Processing (NLP) field to music will
face various problems, such as destroying the local structure of music [40, 62]. Symbolic music
is more structural and diverse than natural language, and how to preserve music structures and
the relative positions of notes (like rhythm patterns and harmony) during pretraining is worth
consideration.

Evaluation. As Theis et al. [148] observed, “Good performance with respect to one criterion
therefore need not imply good performance with respect to the other criteria.” The metrics de-
fined by distinct researchers are diverse, which makes it difficult to compare the music generated
in different studies. There is also a lack of correlation between quantitative metrics and subjective
evaluation. Music that scores high on objective metrics may perform poorly in subjective evalu-
ation, and vice versa. Moreover, the current systems are unable to evaluate the generated music
automatically, probably because the automatic analysis of music is not close to the human level
yet [125].

Application. The application of the music generation system in real scenario is limited for
three reasons. First, most models place restrictions on the input, such as the number and type of
tracks. Second, users cannot control the generation process in a fine-grained way, which is crucial
for the computation-assisted composition system [149]. Third, new music demands emerge, like
automatically creating background music for short videos, while the generated music according
to arbitrarily specified attributes (emotions, rhythm, etc.) is still unsatisfactory.

6.2 Future Directions

According to the above challenges, several future research directions are pointed out as follows.
Some of them may be under research but have not achieved the desired results.

e Generate innovative music rather than the permutation and combination of the training
data and put forward novel evaluation metrics to measure the creativity and originality of
the music.

e Generate long-term music with natural ending, clear themes, and both local and global
structures.

e Develop a universal generative framework suitable for music of various styles.

e Condition the music generation process on emotions, then use the generated results to
adjust human emotion.

e Strengthen the interaction with humans in a more fine-grained way to meet the cur-
rent needs (like creating music for short videos, etc.) and enhance the ability of
real-time improvisation.

e Merge music knowledge or metrics into the training objective as rewards or penal-
ties to improve the generation results and increase the interpretability of the generated
music.
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e Design pre-trained models with tailored handling of music positional information and
music relations for better music representation learning.

e Explain the correlation between quantitative metrics and subjective evaluation, and finally,
realize automatic music evaluation.

7 CONCLUSION

This paper provides the latest progress in applying deep learning techniques to various symbolic
music generation tasks. The focus of this paper is on different generation tasks rather than con-
crete algorithms or models. Thus, people can have a comprehensive and profound understanding
of what tasks have appeared in this field, where they have developed, and what shortcomings and
challenges these tasks exist, thereby laying the foundation for breakthroughs in this field. This
task-oriented taxonomy brings convenience to researchers, as they can quickly gain an overall
understanding of the task they are interested in. In addition, we also introduced multiple com-
monly used music representations, music evaluation methods, and datasets. We hope this survey
can help readers better understand the status and trend of symbolic music generation based on
deep learning.

In the past decade, symbolic music generation using deep learning techniques has made rapid
progress. However, the generated results are still far from expectations, with plenty of problems
such as the lack of innovation and music structure, the difficulty of capturing emotion in music, the
limited interaction with users, inconsistent music evaluation standards, and so on. In the future, we
advocate the following practices: use new methods to improve the learning process and generate
more satisfactory music; build a unified evaluation benchmark for the generated music; combine
emotion with music generation to explore using the generated emotional music to adjust human
emotions; further strengthen the interaction between Al music and humans, so as to achieve the
ultimate goal of serving humans; and apply automatic music generation technology to real life to
promote social progress and development.
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