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ABSTRACT

Music generation became a platform for creative expression, promoting artistic innovation,
personalized experiences, and cultural integration, with implications for education and creative industry
development. But generating music that resonates emotionally is a challenge. Therefore, we introduce
a new framework called the Sequence-to-Music Transformer Framework for Music Generation.
This framework employs a simple encoder-decoder Transformer to model music by transforming its
fundamental notes into a sequence of discrete tokens. The model learns to generate this sequence
token by token. The encoder extracts melodic features of the music, while the decoder uses these
extracted features to generate the music sequence. Generation is performed in an auto-regressive
manner, meaning the model generates tokens based on previously observed tokens. Music melodic
features are integrated into the decoder through cross-attention layers, and the generation process
concludes when “end” is generated. The experimental results achieve state-of-the-art performance
on a wide range of datasets.
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Music, as an art form, involves the composition and arrangement of sounds over time, creating a
tapestry of auditory experiences. Unlike random sources of sound, music distinguishes itself through
its intricate and organized framework. This intricate framework forms a complex hierarchy, serving as
the cornerstone for a listener’s understanding and interpretation of music. In essence, this hierarchy
becomes pivotal in how music’s structure is perceived. At its core, the hierarchical structure of
music encompasses several essential characteristics: its extended reliance on different time scales,
the presence of self-resemblance, and the recurrence of patterns. Drawing from their expertise in
music theory and psychology, scholars systematically classified this hierarchy into four distinct
structures: grouping structure, metrical structure, time-span reduction, and prolongational reduction
(Lerdahl & Jackendoff, 1983; Barbosa et al., 2022; Chen et al., 2022; Singh & Sachan, 2021). The
grouping structure entails segmenting music into entities of various sizes, such as breaking down

DOI: 10.4018/1JSWIS.343491 *Corresponding Author

This article published as an Open Access article distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0/) which permits unrestricted use, distribution, and production in any medium,
provided the author of the original work and original publication source are properly credited.



International Journal on Semantic Web and Information Systems
Volume 20 - Issue 1

Figure 1. Hierarchical Arrangement Within a Musical Composition
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compositions into phrases or further into motives. On the other hand, the metrical structure finds
expression in the rhythmic beat. Figure 1 diagrams this structure, illustrating how music is divided
into phrases composed of measures, and measures, in turn, are composed of beats. Although this
explicit hierarchical arrangement is evident, music also conveys concealed hierarchical cues, such as
instances of self-similarity or recurring patterns between beats. These subtleties form the embodiment
of music’s hierarchical structure, which is depicted as a tree in Figure 1. Time-span reduction unveils
music’s capacity to distill itself to its most stable and fundamental structure—the tonic—across
different spans of time. This process of extraction lends itself well to representation through a tree
structure, providing insight into how music evolves through its hierarchical layers.

The interconnected nature, intricate composition, and profound depth within the hierarchical
arrangement of music constitute some of its paramount characteristics. Researchers (Ismail et al.,
2022; Zhang et al., 2023; Li et al., 2019) discovered that audiences exhibit a preference for music
imbued with a structured hierarchy. Moreover, Fred Lerdahl (Deutsch & Feroe, 1981) ascertained
that this hierarchical framework facilitates the linkage of disparate components, thus underscoring
its indispensable role in enhancing listeners’ engagement with music. The hierarchical composition
of a musical composition wields a direct influence over its holistic excellence and shapes listeners’
perspectives and assessments of the musical piece. As a result, the capacity to effectively represent and
comprehend the musical hierarchy assumes a pivotal role in advancing the quality of music generation.

The concept of algorithmic composition isn’t novel. The origins of computational models for
algorithmic composition can be traced back to as early as 1959 (Lerdahl, 2001), as corroborated
by the research of Papadopoulos and Wiggins (1999) referred to by Zhang et al. (2021a). Using
neural networks, even though of a shallower nature, for music generation dates back even further,
to 1989. Yet, it wasn’t until recent times, when deep neural networks showcased their prowess in
comprehending extensive datasets, that music generation through neural networks gained significant
traction. A considerable surge in the proposition of intricate deep neural network models for music
generation has been witnessed over just the last couple of years.

The prevalent choice among current neural network architectures employed in music generation
revolves around the recurrent neural networks (RNNs) and their derivatives. This inclination is
driven by the innate nature of music generation, which fundamentally revolves around the creation of
sequential patterns (Memos et al., 2018; Liu et al., April 2022; Nguyen et al., 2021; Yen et al., 2021;
Papadopoulos & Wiggins, 1999). These models, although divergent in their underlying assumptions
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and the methods they employ to represent and predict musical events, uniformly employ historical event
data to influence the generation of the current event. Well-known instances of such models encompass
the MelodyRNN variants, engineered for the generation of symbolic musical content (such as MIDIs),
and the SampleRNN model (Mehri et al., 2016), tailored for generating audio-centric content (e.g.,
WAV files). Comparatively fewer endeavors have been directed toward harnessing the capabilities
of deep convolution neural networks (CNNs) in the realm of music generation. However, a notable
breakthrough arrived in the form of the WaveNet model (van den Oord et al., September 2016), a
recent innovation tailored for audio-focused generation. This model takes a distinctive approach by
generating individual audio samples sequentially. It achieves this through predictive distributions for
each sample, conditioned on preceding samples via dilated causal convolutions. WaveNet’s success
highlights the potential for CNNs to engender authentic-sounding music. This development is quite
promising, considering that CNNs are renowned for their faster training times and innate suitability
for parallel processing in comparison to RNNs (Ilyas et al., 2022; van den Oord et al., June 2016).

Music Transformer (Ilyas et al., 2022; van den Oord et al., June 2016) serves as an additional
tool that establishes interconnections within music, operating on the level of individual notes through
relative self-attention. This approach seeks to imbue the model with an understanding of music’s
extended structural patterns. Conversely, MusicFrameworks (Huang, 2018) employs a tandem of
transformer networks for delineating a hierarchical musical structure. This model’s multistep generation
process is engineered to produce comprehensive melodies, guided by overarching elements, such as
long-standing repetitive patterns, harmonies, melodic shapes, and rhythmic constraints. In contrast,
TransformerVAE (Dai et al., 2021) embraces a more holistic learning approach, encompassing
both local and global attributes. It delves further into establishing correlations between distinct
sections, fostering a contextually sensitive hierarchy of representations. Notably, the Harmony-Aware
Hierarchical Music Transformer (HAHMT) (Jiang et al., 2020) introduces the concept of harmony-
aware learning to augment pop music generation with enhanced structural attributes. This model
adeptly mines the musical framework and orchestrates interactions between musical tokens across
different levels, bolstering the multilevel structure of musical components. On a separate note, the
HRNN model (Chopra et al., 2022) operates through three distinct sequence generators based on
long short-term memory (LSTM): a bar layer, beat layer, and note layer. The bar and beat layers
specialize in generating bar and beat contours, capturing the high-level temporal facets of melodies.
Simultaneously, the note layer focuses on crafting melodies based on the bar and beat contour
sequences derived from the preceding layers. This approach allows the HRNN to gain insights into
the overarching patterns that shape human melodies at various scales, thereby generating melodies
boasting a more authentic overarching structure.

Recent research has additionally highlighted that numerous intricate data forms exhibit intricate
non-Euclidean foundational structures (Sarivougioukas & Vagelatos, 2022; Zhang et al., 2021b). This
revelation underscores the inadequacy of Euclidean space in providing the most robust or meaningful
geometric depiction in such scenarios. Comparable endeavors, such as those presented in Wu et al.
(2020) and Peng et al. (2022), have established that the majority of data representations in machine
learning contexts reside on smooth manifolds. This recognition of the limitations posed by Euclidean
spaces in effectively capturing hierarchical structural data has led many researchers to pivot toward
exploring the capabilities of Transformers (Bronstein et al., 2017; Lee, 2018). This shift is driven by
the quest for more potent representations that align with the requirements of hierarchical modeling
for structural data.

Regarding the above issues, we propose in this paper a new music generation framework based
on the Transformer architecture, as shown in Figure 2. We convert the basic musical notes into a
discrete token sequence and train the model to generate this sequence token by token. We employ a
straightforward encoder-decoder Transformer architecture. The encoder extracts melodic features
from the music, while the decoder uses these extracted features to generate the music sequence.
Generation is performed auto-regressively; that is, the model generates tokens based on previously
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observed tokens. At each step, the newly generated token value is fed back into the model to generate
the next token value. We implement a causal mask on the self-attention module within the decoder
to restrict tokens from attending to subsequent tokens. This causal masking mechanism ensures that
the generation of a token at position ¢ depends only on the preceding tokens at positions less than
1. Melodic features of music are incorporated into the decoder via cross-attention layers. The
generation process terminates when the “End” token is generated. The output sequence is directly
used as the result. Experimental results demonstrate the effectiveness of our method’s architecture,
achieving state-of-the-art performance on multiple datasets. Note that all these existing methods
heavily depend on meticulously crafted header networks and associated intricate loss functions (Lee,
2003; Zheng et al., 2022; Liu et al., May 2022; Lin et al., 2020). In contrast, our approach employs
a simple encoder-decoder Transformer architecture with ordinary cross-entropy loss.

To summarize, our approach differs from previous approaches in terms of structural quality
and structural space. For example, it is analyzed from the point of view of structural quality. First,
we simplified the architecture by adopting a straightforward framework, enhancing the model’s
interpretability and training efficiency. Second, the model employs autoregressive generation,
capturing temporal dependencies in music sequences and improving the coherence of the generated
output. Third, the introduction of a causal masking mechanism helps maintain the sequence and
logic in generation.

Analyzing from the perspective of structural space, we note that melodic features are integrated
into the decoder through cross-attention layers, thereby enhancing the quality of the generated music.
The mechanism to terminate the generation process upon generating an “End” token also prevents the
generation of unnecessary or incomplete music segments. Finally, adopting a regular cross-entropy
loss function simplifies the training process, improving the model’s robustness.

In this paper we introduce a sequence-to-sequence learning approach for music generation,
offering a fresh perspective by treating music generation as a generative task. We propose a pioneering
structured music generation model, encoding music sequences into self-attention mechanisms by
leveraging the encode and decode theory within the Transformer to create a meaningful musical
representation. We also introduce a novel family of sequence-based music generation models that
achieve a delicate equilibrium between speed and accuracy. Both objective and subjective experiments
confirm the model’s ability to produce high-quality structured music, providing an efficient method
in the realm of music generation.

MATERIALS AND METHODS

Sequence Learning, Multitask Learning, Music Generation

In general, studies concerning music generation can be classified into three categories: sequence
learning, multitask learning, and music generation.

Sequence Learning

Sequential data is prevalent in real-world datasets, such as speech, text, and stock predictions. In the
last century, modeling problems related to sequences advanced substantially. Traditional methods
such as Hidden Markov Models (Rezatofighi et al., 2019) have been widely used in fields such as
text-to-speech conversion, language modeling, and protein sequences.

For example, Pierre Baldi and his colleagues used HMM to model proteins, adapting model
parameters through algorithms that achieve smooth convergence. Simultaneously, Keiichi Tokuda
employed an algorithm that generates speech parameters from HMM using unobservable vectors.
However, traditional methods suffer from issues such as the need for manual feature design and
extraction, leading to significant time and effort consumption. Therefore, deep learning has
demonstrated outstanding performance in sequence modeling (Babalola et al., 2021; Liu et al., April
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2023). It can model sequences in an end-to-end manner, avoiding the need for extensive manual
features (Li et al., April 2022)—for instance, RNNs) and CNNs)

Although CNNs can address the problem to some extent, deep neural networks require more data
to train a large number of parameters, and sometimes, there isn’t even enough data for training. These
issues have prompted consideration of alternative methods. For example, Ma et al. (2023) refers to
Lample, who introduced an unsupervised machine translation method relying solely on monolingual
corpora, and Liu, who employed SeqGAN to generate text using scarce, unmatched image-text data.

Multitask Learning

Multitask learning is frequently used to exploit shared features across interconnected tasks because
features obtained from one task can be advantageous for others. Previous research has demonstrated
the successful application of multitask learning across various domains of machine learning, spanning
from natural language processing to computer vision (Liu et al., April 2023; Krauss, 2023). Zhang
proposed enhancing generalization performance by using information from related tasks. Hashimoto
established a hierarchical framework encompassing various natural language processing (NLP) tasks
and formulated a basic regularization term to enhance performance across the board. Kendall adapted
the relative weights for each task by formulating a multitask loss function aimed at maximizing
Gaussian likelihood. There is still a substantial amount of ongoing work in the field of multitask
learning (Zhou et al., 2023; Wu et al., 2023).

Music Generation

Over the past few decades, music generation has been a challenging task, and various approaches have
been proposed (Pei et al., 2023; Shen, 2023). Typical data-driven statistical methods often employ
Markov models. Additionally, other work has suggested similar ideas, such as using chords to select
melodies. However, traditional methods require a significant amount of human effort and domain
knowledge. Lately, deep neural networks have been employed for end-to-end music generation,
effectively tackling the aforementioned challenges. Johnson, for instance, integrated a RNN with a
non-recurrent neural network to depict the potential coexistence of multiple notes. (Moysis, February
2023) introduced an RNN-based generative model capable of generating four-part choral music using
a Gibbs-like sampling process. In contrast to RNN-based models, Sabathe used VAE to learn the
distribution of music pieces. Furthermore, Zhang employed a Transformer network (Moysis, July
2023) to generate music, using random noise as input to generate melodies from scratch.

Despite extensive research in music generation, none of the studies have fully considered the
specificity of music, such as chords, rhythm, and instruments. For the generation of pop music,
prior works did not take into account chord progressions and rhythmic patterns. Specifically, chord
progressions typically guide the melody’s progression, and rhythmic patterns determine whether a song
is suitable for singing. Furthermore, pop music should also retain the characteristics of instruments.
Finally, harmonies play a crucial role in multitrack music, but have not been well addressed in
previous research. Moreover, music style is an essential feature of music. Recently, researchers
have shown increasing interest in this area. An unsupervised music style transfer method has been
proposed that does not require parallel data. This method is suitable for waveform and image data,
but it cannot handle sequential data, such as Musical Instrument Digital Interface (MIDI) files. To
address this issue, a variational autoencoder neural network model has been designed to achieve style
transformation between classical and jazz music. Although this model can handle sequential data, it
requires a significant amount of parallel music data for training. Therefore, the valuable question of
how to leverage unparalleled music data to learn music styles remains.

Our sequence learning framework embodies a similar ethos to that of Pix2Seq (Zhang, 2023).
Both methods view their domain tasks as sequence generation challenges and discretize the sequences’
continuous values into integers. However, our approach diverges from Pix2Seq in three key aspects:
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e Sequence structure: Pix2Seq sets up sequences using object coordinates and object categories,
whereas our method uses basic musical notes.

e Architecture: Pix2Seq employs ResNet (Chen et al., 2021) as its backbone network, followed by
an encoder-decoder transformer. Our approach is simpler and more direct, using a single encoder
and decoder Transformer. It uses BERT (He et al., 2016) as the encoder to extract features and
adopts causal transformer blocks as the decoder for sequence generation.

e Task: Pix2Seq is tailored for computer vision, whereas our approach is tailored for music
generation.

Models

In this section we provide a detailed explanation of the proposed Sequence-to-Music Transformer
Framework for Music Generation (Seq-Music) method. First, we provide a brief overview of our
music composition framework. Next, we outline the transformation from musical notes to sequences.
Finally, we describe the training and inference processes.

Overview

We present the architecture of the Seq-Music method as shown in Figure 2. It primarily consists of
a straightforward encoder-decoder transformer structure. Musical notes are first transformed into a
series of discrete tokens—for example, [C, D, E, F, G]. The encoder extracts features from the input
music. The decoder, using the features extracted by the encoder, autoregressively generates the target
music. To ensure tokens attend only to preceding tokens, we incorporate a causal attention mask
into the self-attention module within the decoder. In addition to the basic musical note tokens, we
introduce two special tokens (Start and End). These special tokens signify the start and end of music
generation, respectively. During training, the input tokens for the decoder are [Start, C, D, E, ...], and
the output sequence is [C, D, E, ..., End]. During inference, the decoder’s input tokens begin with the
start token. In each subsequent iteration, a fresh musical note token is generated and appended to the
input tokens for the subsequent step to produce the next musical note token. The generation process
concludes once the music composition is complete.

Note Segment Representation

The musical note template segment ¢ represents segments with a better melody, and segment s
indicates segments to be observed carefully in the subsequent music. In many existing methods, the
segments of interest are often much smaller than the music segments being searched for later. We

.. . . NP2 P
divide the music search segments and template segments into patches s € R ** and t € R""*,

where N =

represents the patch number. We then employ a linear projection to map the music

2

segments to music embedding and add position embedding to the patch embedding to retain positional
information. Subsequently, these fused embeddings are fed into the encoder.

We convert musical notes into a series of discrete tokens. Specifically, the generated music
consists of basic notes [C, D, E, F, ...]. Notes can be composed in various ways, and we use the [C,
D, E, F] composition because it aligns better with prior knowledge. Similar to our learning process,

where we primarily learn notes starting from C, each note is uniformly discretized into [1,n, ]. We
use a shared vocabulary V' for all notes because there are 88 keys on a piano. In our experiments,

Ty is set to 88. At the same time, to ensure that the output of each musical note element depends

on the preceding musical note element, a mask is also added to the final input. Through an attention
mask, the output embeddings at position 7 are constrained to focus exclusively on the input embeddings
from positions before ¢, as shown in Figure 2(a). Then, feature extraction from multiple heads in the
attention mechanism is integrated into word embeddings. This enables word embeddings to focus on
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Figure 2. The Structure of the Proposed Seq-Music (a) and the Detailed Decoder Block (b)
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the features extracted by the encoder. Finally, the next block’s embeddings are generated through a
feed forward network (FFN).

Training and Inference

Training. Our approach bears resemblance to language modeling (Mushtaq & Cabessa, 2023), where
we maximize cross-entropy between preceding sub-tokens and the conditional log-likelihood given
the input musical notes. The formula is shown in equation (1).

L
maximizez log Q(i} | 8,62 < j) M
=1
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In this equation, j represents the token’s position, L is the length of the music generation, Q()
represents softmax probability, and Z < j is used to predict the preceding subsequence of the current

token Z], . The input sequence is a target sequence with musical notes (beginning and ending tokens

omitted), as shown in Figure 2(b). Combining such tokens with causal masking helps maintain the
autoregressive nature of the music generation model. Music generation can be seen as a description
of musical notes, and the training objective is to generate subsequent music based on preceding
musical notes using our approach.

Inference. During the inference process, the encoder perceives the sequence of musical notes
that follow. The decoder’s initial input is the start token, which serves as a special token to instruct
our model to begin generating music. Subsequently, we generate musical note tokens one by one.
Therefore, our model selects samples from the vocabulary V through maximum likelihood analysis,
as determined by Equation (1). Additionally, to enhance the richness of music generation, extensions
can be applied. During inference, prior knowledge can be leveraged to ultimately improve the model’s
completeness and richness.

RESULTS

In this section, the main focus is on the experiment details and results. First, we introduce
the dataset and then we provide detailed information about the word list obtained from the
experimental dataset. Next, we discuss our model setup and the baseline model. We then conduct
both objective and subjective analyses of the generated music. In our experiments, we assess
the results using two methodologies: information rate and music generation evaluation. Finally,
we perform a sensitivity analysis.

Dataset

Our experimental datasets consist of the POP909 dataset (Paul et al., 2022), and the Lakh MIDI dataset
(Wang et al., 2020). The POP909 dataset comprises 909 piano compositions created by professional
musicians, including multiple versions. It also includes vocal melodies, piano accompaniments,
primary instrumental melodies, and rhythmic components in MIDI format. We chose to perform our
experiments using the extensively used Lakh MIDI dataset, which comprises music featuring multiple
instruments in MIDI format. Following the processing steps, our ultimate dataset encompasses 29,940
songs, equivalent to 1,727 hours of music, with an average of 95 bars per song. The POP909 dataset
is commonly used for research and experiments in the fields of music information retrieval, music
generation, and machine learning.

The Lakh MIDI dataset is a massive dataset of MIDI files covering a wide range of musical styles
and genres. The dataset contains a large number of MIDI files from the internet, totaling hundreds
of thousands of songs. These MIDI files cover a wide range of music genres from classical to pop
music. The Lakh MIDI dataset is commonly used for music generation, music analysis, computer
musicology research, and music projects related to deep learning. Because of its diversity, researchers
can use this dataset for a wide range of experiments and studies.

Construct Vocabulary

First, through our method on the POP909 dataset, we extract the required quantifiable music attributes
to construct a vocabulary. Table 1 displays the event labels representing music in the POP909 datasets.
In Table 1, “Start” denotes the starting symbol. Additionally, we have added “End” to represent the
end token.
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Table 1. Event Count Associated With POP909 Post REMI Encoding

Event type Tokens
Start 1
Bar 1
Position 16
Tempo 47
Velocity 44
Pitch 55
Duration 17
Chord 121
End 1
All events 303

Baselines and Model Settings

Our method is implemented in PyTorch. During training, the batch size is set to four songs. In our
experiments, we use the Adam optimizer with parameters ﬁl R 62, and ¢ setto 0.9, 0.98, and 10°,
respectively. The learning rate linearly ramps up to a peak of 10-4 and then decreases in inverse
proportion to the square root of steps. The weight decay for regularization is set to 0.01. During the
inference process, we use top — k sampling with k£ set to 8. The generation continues until either
the end token is generated, or the maximum length is achieved.

Objective Evaluation and Subjective Evaluation
Objective Evaluation

Information rate. In many pieces of music, repetitive structures are quite common, and this is even
frequently observed in classical music. However, quantifying the hierarchical structure of music can
be challenging. In objective experiments, a comparative analysis is conducted using information rate.
This choice is rooted in the fact that information rate can reflect self-similarity in sequences (Choi et
al., 2020). When a balance between repetition and variation exists, the information rate tends to be
higher. Conversely, when there is high repetition in the sequence or the sequence appears random,
the information rate tends to be lower. Therefore, a higher information rate indicates the presence of
significant self-similarity structures in the sequence, indicating a level of structure and coherence.
Hence, it can be inferred that the generated music exhibits higher consistency and coherence. Forty
examples were randomly selected from the music generated by Music Transformer, Longformer, and
Euclidean Transformer. Each example contains 1,024 tokens. Furthermore, each generated MIDI
sample is converted into WAV format, and the information rate values are calculated, as shown in
Table 2. Table 2 lists the average information rates for different samples. A higher value indicates
more pronounced self-similarity structures, highlighting that our method generates more structured
music. This information underscores our method’s ability to generate music with clearer structural
patterns and higher consistency.

As shown in Table 2, our method shows a clear advantage in overall information. Compared
with other methods, our method has an average score of 15,201.81, which is much higher than other
methods. Specifically, compared with Museformer, Euclidean Transformer, Hyperbolic Music
Transformer, Music Transformer, Longformer, and Linear Transformer, our method performs better in
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Table 2. The Mean Interference Ratios (IRs) Across Various Samples, With High or Low IR Values Serving as Indicators of the
Self-Similarity Structure’s Degree of Strength

Methods Total IR (averaged scores)
Museformer (Wu et al., 2023) 14,251.12
Euclidean Transformer (Pei et al., 2023) 12,345.65
Hyperbolic Music Transformer (Shen, 2023) 13,895.73
Music Transformer (Moysis, February 2023) 13,981.42
Longformer (Moysis, July 2023) 14,654.38
Linear Transformer (Zhang, 2023) 14,166.54
Our 15,201.81

terms of overall performance. This result not only reflects the efficiency and reliability of our method
but also shows that our method is highly stable. Therefore, these results demonstrate the significant
advantages of our method and provide better support for our research.

MGEVAL. A music generation tool for objective evaluation called MGEVAL, designed by Yang
(Huang et al., 2023), has been used. This tool can extract features from both the pitch and rhythm
of the music, evaluating the similarity between the training data and the generated music. It then
models the extracted features using probability distributions and evaluates the model’s efficiency
using relative and absolute metrics.

Data corresponding to the dataset’s features are extracted using Table 3, and then both relative
and absolute metrics are evaluated. Absolute metrics measure features and attributes for a set of data.
They are employed to assess disparities between the attribute features of the training datasets and the
generated music data. Relative metrics analyze the distributions of different dimensions. Two-by-two
exhaustive cross-validation is primarily employed to calculate the distances between samples within
or outside the datasets, resulting in distance histograms for each feature. Subsequently, kernel density
is applied to smooth the distance histograms of features, facilitating the acquisition of the probability
distribution function of the distance histogram for each feature.

As shown in Table 4, for the pitch count (PC), note count (NC), and inter-onset interval (I0I)
features, the KLD inter-set distance between the Hyperbolic Music Transformer and our method, as
well as the intra-set distance within our method, are smaller than the inter-set distance between the
Euclidean Transformer and our method. In terms of OA (overall agreement) comparison analysis,
the difference between the Hyperbolic Transformer and our method for inter-set and intra-set
differences is higher than that of the Euclidean Transformer and our method’s inter-set and intra-
set distances. In the analysis of pitch range features, the Kullback-Leibler divergence inter-set and
intra-set distances between the Hyperbolic Transformer and our approach exceed those between the

Table 3. The Feature Categories Used in the Objective Experiment Conducted With MGEVAL

Feature Introduction

Pitch count (PC) The count of distinct pitches within a sample

Pitch-based features The pitch range is computed by subtracting the highest and lowest

Pitch range (PR) used pitches in semitones.

Average inter-onset-
Rhythm-based interval (IOI)
features

The inter-onset-interval in the symbolic music domain

Note count (NC) The number of used notes

10
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Table 4. OA and KLD Metrics Are Employed to Assess the Distribution of PC, PR, I0l, and NC Values Within Both the Generated
Music and the Original Datasets, Providing a Means to Quantify Similarities

Euclidean Transformer and our method Hyperbolic Music Transformer and our method

KLD 0.073 0.061
PC

OA 0.711 0.735

KLD 0.038 0.059
PR

OA 0.780 0.864

KLD 0.355 0.108
101

OA 0.768 0.833

KLD 0.051 0.027
NC

OA 0.713 0.882

Euclidean Transformer and our method. However, from the OA analysis, the experimental results are
the opposite, demonstrating that a direct comparison between the two is inconclusive. Therefore, we
conclude that the music generated by our method aligns more closely with the standards, and compared
with the Euclidean Transformer, our approach demonstrates superior proficiency in capturing the
music features inherent in the original datasets.

Following Yang, we conducted a more in-depth objective comparison. First, we randomly selected
20 MIDI tracks from the music produced by Museformer, Euclidean Transformer, Hyperbolic Music
Transformer, Longformer, and Linear Transformer, as well as our own method. We then analyzed
these tracks using the MGEval tool, as shown in Table 5. The average values were computed for PR,
NC, PC, and IOI. Notably, the music generated by our method exhibited metrics that were closer to
those in the datasets, indicating richer generated music. This result demonstrates that our method is
better at learning the style and characteristics of the dataset.

Perplexity (PPL). A widely used metric for assessing the predictive accuracy of a generative
model is the repetition rate, which should ideally be minimized. To assess model performance
across various text lengths, this metric is computed for the initial 1,024, 5,120, and 10,240 tokens
in each sample.

Similarity Error (SE). To assess the capability of the models in generating music with authentic
structures, we measure the discrepancy between the similarity distribution in the training data and
the music produced by the model. This evaluation is quantified as shown in equation (2).

1 &,
SE==>"IL, — L, 2)
=
Table 5. Mean PC, PR, 101, and NC Values Derived for the POP909 Datasets Based on Objective Assessments
Euclidean Hyperbolic Music Linear
Rltestormer Transformer Transformer Lonzformes Transformer @ i)
PC +0.11 +0.28 +0.31 -0.17 +0.16 -0.05
PR -0.09 -0.33 -0.39 +0.15 +0.19 +0.04
101 -0.14 -0.31 +0.21 +0.18 -0.21 -0.08
NC +0.18 -0.21 +0.29 -0.15 +0.19 -0.10

Note. When we used POP909 as a reference, smaller differences indicate a more effective emulation of the original dataset’s style.

1"
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In this equation, [A/t and L, denote the mean similarities between the generated music and the
training data, respectively. In our experiments, we designate 7' as 40, and we calculate C' based on
100 pieces of generated music for each model. A lower value indicates a higher resemblance between
the structures of the generated music and human-created music.

The objective evaluation results are presented in Table 6, revealing the following observations:
Music Transformer demonstrates a similar perplexity to other models when applied to shorter music
sequences (1,024 tokens). However, it experiences a substantial decline in performance when tasked
with longer sequences. This finding suggests that a model trained on shorter music sequences struggles
to generalize effectively to longer ones. Hence, there is a demand for an appropriate Transformer
model designed to handle extended music sequences effectively. Despite the Linear Transformer’s
ability to cover the entire sequence through its receptive field, it does not exhibit superior PPL results
compared with other models. This result could be ascribed to the kernel-based attention’s incapacity
to precisely capture the nuanced correlations present within the music. The newly introduced
Museformer consistently outperforms other models in terms of PPL across various sequence lengths,
particularly excelling on longer sequences. This finding underscores Museformer’s effectiveness in
the domain of music generation. The outcomes in terms of structural evaluation (SE) indicate that
music generated by Museformer bears the closest resemblance to human-made music in terms of its
structural characteristics.

Subjective Evaluation

For the subjective evaluation experiment section, we randomly selected 20 pieces of music. Among
them, 10 were from the music generated by our method, and the other 10 were from music in the
POP909 datasets and other datasets. To ensure fairness, we randomly shuffled and evaluated these
20 pieces of music in a blind manner. We recruited a total of 20 participants, consisting of 10 males
and 10 females. Note that five of them had a background in music, accounting for one-fourth of the
total number.

In our experiments, we instructed participants to assign scores based on the following criteria:
overall music quality, musical structure, and musical fluency. A rating of 1 represented the lowest
score, whereas a rating of 5 denoted the highest score. As shown in Figure 3, our method achieved high
scores of 5 in musical fluency, musical structure, and overall music quality, resulting in the highest
overall score. Next, the Museformer method received a score of 4 in all three evaluation criteria, and
the Music Transformer method scored lower overall than the first two methods. As described earlier,
based on the assessments of the participants regarding the generated music, our method outperformed
the other methods, demonstrating the effectiveness of our approach.

Table 6. Outcomes of Both Our Objective Evaluation and Ablation Study, With the Sequence Lengths Indicated Within
Parentheses for the PPL Values

SE (%) PPL (1,024) PPL (5,120) PPL (10,240)
Longformer 5.25 1.65 1.46 1.45
Linear Transformer 1.97 1.86 1.67 1.64
Music Transformer 2.49 1.66 1.77 2.55
Museformer 0.95 1.64 1.41 1.35
Our method 1.61 1.35 1.33 1.28
- Start 1.58 1.29 1.31 1.55
- End 1.56 1.25 1.29 1.51
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Figure 3. Experimenter’s Evaluations Encompassing the Comprehensive Aspects of Music Quality, Structure, and Fluency
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Describing the hierarchical structure of music can be quite challenging, so following Huang et
al. (2018), we customized some relevant questions to specifically analyze the musical structure. This
step allows for an accurate experimental analysis of our method, as shown in Table 7. Regarding
the experimental setup, it remained consistent with the previous setup, where the options for the
experiment were set to yes or no.” Consequently, the number of participants who chose yes for our
method follows the pattern as indicated in Table 7. Our method had the highest preference, followed
by Museformer and Euclidean Transformer, with Hyperbolic Music Transformer having the lowest
preference. The final question pertained to the presence of noisy notes in the music, indicating that
the more participants chose yes, the fewer noisy notes there were, making the overall music more
harmonious. Table 7 also indicates that our method produced the fewest noisy notes. In summary,
the music generated by our method demonstrated a significant advantage in the aforementioned

evaluation criteria.

Table 7. Experimental Statistical Outcomes Regarding the Music’s Structural Configurations are Presented in Percentage

Format
Euclidean Hyperbolic Music
Rl bruey Transformer Transformer Ouy

Did you feel phrase? 89.1% 88.4% 87.6% 92.2%
Smooth transitions between 902% 89.6% 85.1% 93.1%
phrase?

Does the pitch change 91.4% 84.6% 82.3% 94.6%
harmoniously?

Is the rhythm comfortable? 89.9% 80.5% 85.1% 93.8%
Does music have a hierarchy? 81.7% 78.8% 77.5% 90.9%
Music overall harmony? 91.2% 87.1% 85.6% 93.3%
Are there abrupt notes? 40.3% 42.2% 47.1% 36.4%
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Compared with alternative models (comparative modeling and ablation configurations), our
generated music exhibits the closest resemblance to the training data’s similarity distribution, as
evidenced by its smallest SE value as shown in Table 6. Nevertheless, it’s worth noting that SE may
not fully capture all structural characteristics.

In Figure 4, the similarity distributions are presented, revealing the following observations:
First, Museformer’s distribution bears a striking resemblance to that of the training data, with closely
aligned quantities and a contour displaying an identical periodic pattern.

Second, both the Music Transformer and Linear Transformer distributions lack a discernible
periodic pattern. This finding suggests that, when trained on shorter sequences, the Music Transformer
model struggles to generate well-structured music of extended lengths, while the Linear Transformer
fails to adequately capture the structure-related correlations, despite its expansive receptive field
spanning the entire sequence.

Third, the distributions observed in Transformer-XL and Longformer exhibit a propensity for a
periodic pattern, with a general decline in similarity as the interval increases. This finding suggests
that these models, characterized by receptive fields encompassing primarily the most recent content,
can generate periodic repetitions over short distances, but struggle to capture long-term structural
patterns effectively.

Fourth, apparently in human evaluations of structure-related metrics, the contour (i.e., the periodic
pattern) carries greater significance compared with the quantity of similarity. Transformer-XL and
Longformer exhibit this pattern in their distributions, resulting in relatively high subjective scores for
both short- and long-term structures, surpassing those of Music Transformer and Linear Transformer,
both of which lack the periodic pattern. Nevertheless, it’s important to acknowledge that similarity
quantity can also impact human assessments. For instance, Transformer-XL often yields relatively
high similarity values, indicating an excess of repetitions in some instances. In such cases, human
evaluators may find these repetitions irritating, ultimately resulting in lower scores for musicality.

Fifth, in the ablation setting, Museformer excluding coarse-grained attention shows a marginally
greater structural error compared with the standard Museformer. However, its distribution distinctly
reveals a periodic pattern. Consequently, it appears that the coarse-grained attention module makes
only a marginal contribution to the overall music structures. Conversely, the distribution of Museformer
without bar selection displays a tendency toward the periodic pattern, with a general decrease in
similarity as the interval increases, akin to the patterns observed in Transformer-XL and Longformer.
This finding implies that incorporating bars related to structure is crucial for producing music with
both short- and long-term structural characteristics.

Ablation Study

Upon the data displayed in Table 6, the following observations emerge: First, our method consistently
outperforms both ablation settings in terms of PPL and SE, indicating the effectiveness of including
Start and End tokens in the settings. Second, the Start token is effective in initializing essential music-
related information related to structure. Third, as the sequence length increases, the contribution of
music structure-related selections becomes more significant. This rationale stems from the fact that
longer music sequences typically encompass an increased number of measures and exhibit more
extensive structural intricacies. The End token can directly capture the relevance of measures related
to distant structures, which helps in making more accurate endings. Fourth, the selection of Start
and End tokens contributes to the generation of the music’s structure, particularly in terms of SE.

CONCLUSION

In this paper, we introduced a novel Sequence-to-Music Transformer music generation model. The
goal of our work was to generate music with strong coherence, hierarchical structure, and smooth
transitions. Leveraging Transformer-based music generation methods, our approach encoded the
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Figure 4. Distribution of Similarity in the Melody Track of Music Generated by Various Models
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musical content in the encoder to express the hierarchical structure of music. The proposed decoder
structure captures the hierarchical dependencies in music, which in turn helps generate music with
better hierarchical structures. Comprehensive experiments confirmed the efficacy of our approach
in producing high-quality music quality, further corroborated by objective validation.

Although our approach achieved reasonably good performance in music generation, dealing with
the case of composing for multiple voices or even for an entire symphony was difficult. Moreover,
we dealt with paired phrases with echo patterns in the melody. The reason for this may be that we
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modeled our framework with only a relatively small number of music fragments. A simpler way to
handle this would be to input the entire music to model it and train the model to output the music
fragment by fragment in an auto-regressive manner. In future work, our team will study and model
such longer music fragments in preparation for producing higher quality music.

ABBREVIATIONS AND TECHNICAL TERMS

Hidden Markov Models (HMM)
Variable Markov Oracle (VMO)
Information Rate (IR)

Pitch Count (PC)

Pitch Range (PR)

Note Count (NC)
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