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Abstract
Although Transformer models have shown particular promise for symbolic music genera-
tion, their quadratic computational complexity with respect to sequence length presents
significant challenges for longer musical pieces. In this paper, we describe the goals and
progress of an ongoing dissertation addressing these challenges through three intercon-
nected research directions, aiming at the development of (i) novel tokenisation strategies
that significantly reduce sequence lengths while maintaining generation quality, (ii) effi-
cient methods for incorporating arbitrary musical information into attention mechanisms
through both additive and multiplicative approaches, yielding statistically significant im-
provements over strong baselines, and (iii) a hierarchical attention architecture that ex-
plicitly models the multi-level structure of music across beats, bars, and larger segments
using specialised block-sparse attention patterns. Results achieved so far support our
central hypothesis that domain-aware architectural choices, informed by music theory,
can yield significant improvements over generic sequence-modelling approaches.
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1. Introduction

Symbolic music generation refers to the process of composing music based on a formal-
isable process. In this discipline, music is represented using discrete elements called tokens
which can, e.g., mark the beginning and end of notes, their pitch, duration, or other musical
attributes. As music can thus be viewed as a type of “language”, it lends itself naturally
to the application of large language models. Although a variety of different approaches
have been applied to symbolic music generation [1–4], Transformer models [5] have proven
particularly promising in this regard [6–9].

At the heart of the Transformer architecture lies the attention mechanism [5, 10], which
computes similarity scores between pairs of token vector representations, enabling the cap-
ture of long-range dependencies crucial for modelling complex musical structures such as
recurring motifs, harmonic progressions, and large-scale patterns. However, the computa-
tional complexity of attention scales quadratically with respect to sequence length, present-
ing significant challenges for processing longer musical pieces. This limitation has motivated
research into more efficient attention mechanisms, including approximation methods [11, 12],
hardware-aware implementations [13], and structured sparsity patterns [14, 15].

In this paper, we give an overview about the goals and the progress of an ongoing disser-
tation addressing these challenges through three interconnected research directions, aiming
at the development of

(i) the impact of tokenisation strategies on model performance and efficiency;
(ii) efficient methods for incorporating arbitrary relative musical information into at-

tention mechanisms through both additive and multiplicative approaches; and
(iii) hierarchical attention mechanisms that explicitly model the multi-level structure

inherent to music.
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Our central hypothesis is that by deliberately designing how musical information is repre-
sented and processed at each architectural level, we can create models that are not only more
computationally efficient but also better aligned with the hierarchical and relational nature
of musical structure. This undertaking builds upon our previous work on a Transformer-
based composition system [16], with several results already published [17–20].

2. Research Directions and Progress

2.1. Research Question RQ1: Musical Data Representation

RQ1: How can we improve the representation of musical data for symbolic music genera-
tion?

The representation of musical data as a sequence of discrete tokens significantly influences
both the ability of a model to learn musical structure and the computational resources
required [21]. Existing tokenisation strategies, such as the MIDI-like representations used
in the Music Transformer [22], or REMI [23], often produce long sequences that incur high
computational costs due to the quadratic complexity of self-attention. To address this, we
introduced seven novel tokenisation approaches, categorised as either MIDI-like or note-like
representations [17]. The note-like approaches are inspired by traditional music notation and
incorporate a running value concept, where a specified duration applies to all subsequent
notes until superseded, thereby avoiding redundant per-note duration tokens. We further
proposed large-vocabulary representations, which encode multiple musical attributes (e.g.,
pitch and duration) into a single token, allowing use with unmodified model architectures.
On a combination of the piano-midi.de,1 ADL Piano MIDI [24], and ASAP [25] datasets,
our large-vocabulary note-like tokeniser achieves an average sequence length of 190 tokens.
This represents a reduction of over 50% compared to a REMI-like representation (386 tokens
on average), while also reducing GPU memory requirements by over 75% (1.95 GB vs. 8.09
GB). A small-scale user study with 11 participants (272 pairwise comparisons) confirmed
that these efficiency gains do not come at the cost of perceived musical quality.

2.2. Research Question RQ2: Relative Information Attention

RQ2: How can musical information beyond token positions be efficiently integrated into the
attention mechanism?

While relative attention mechanisms [22, 26] have proven effective for music generation,
they remain limited to encoding positional relationships only. In musical contexts, however,
attributes like pitch intervals, rhythmic patterns, and harmonic relationships provide essen-
tial structural information that positional encodings alone cannot capture. We address this
gap with two alternative approaches that pursue similar objectives via different mechanisms,
outlined in what follows.

2.2.1. Additive Approach: Sparse Relative Information Injection

We introduced sparse pre-calculated relative information injection (SPRII) [18], an addi-
tive method that extends relative positional attention to support arbitrary integer-valued
information such as pitch values, temporal positions, or intra-bar timings. SPRII pre-
computes a matrix of relative information values and efficiently integrates these into the at-
tention scores using block-sparse matrix operations. To that end, we introduced blksprs, a
Triton-based [27] PyTorch library [20] that provides comprehensive support for block-sparse
matrix operations, including multiplication, softmax, gather, scatter, and transposition.
In a practical evaluation for the Transformer, employing block-sparse operations reduced

1http://piano-midi.de

http://piano-midi.de
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Model 16 Bars 32 Bars

Regular Transformer 2.53 >999
Music Transformer 2.46 2.77
RoFormer 2.51 2.94

SPRII (pos. + time + time bar) 2.42 2.64
RotIE (interleaved pairwise) 2.40 3.04
RotIE (per-head) 2.42 2.47

Table 1. Perplexity (lower is better) on the Lakh MIDI test set. SPRII and most RotIE
variants significantly outperform baselines (p < 0.01).

training time by up to 35% and memory consumption by up to 45% compared to regular,
sparsity-agnostic baselines.

2.2.2. Multiplicative Approach: Rotary Informational Embeddings

As an alternative method, we introduced rotary informational embeddings (RotIE) [19],
a generalisation of rotary positional embeddings (RoPE) [28] to arbitrary integer-valued
information. RotIE encodes information through rotations of query and key vectors such
that their dot product becomes a function of the relative differences of the encoded infor-
mation. Notably, this incurs no additional parameters or runtime overhead. In our work,
we proposed four distinct strategies for integrating multiple information types: per-layer
(different information per Transformer layer), per-head (different information per attention
head), and two pairwise approaches (consecutive and interleaved) encoding all information
within each head.

2.2.3. Results

Table 1 reports the perplexity results for the best SPRII and RotIE configurations on the
Lakh MIDI dataset. We compare them to a regular Transformer, the Music Transformer [22],
and a RoFormer [28] baseline. Both approaches yield statistically significant improvements
over all baselines (with p-values less than 0.01). The two methods exhibit different strengths:
while SPRII delivers consistent improvements across both sequence lengths, the per-head
RotIE strategy excels on longer sequences (32 bars), achieving a perplexity of 2.47. This
corresponds to an improvement of approximately 11% over the Music Transformer (2.77).
The interleaved pairwise strategy achieves the best 16-bar result (2.40). A distributional
analysis comparing 250 generated pieces per model to ground truth data shows that RotIE
models better capture the distributions of relative pitch distances and temporal relation-
ships, with improvements of up to 52% in Wasserstein distance over baselines. User studies
(14 participants each) confirm that these improvements do not come at the cost of perceived
musical quality, with SPRII and RotIE models rating competitively with ground truth on
harmony and rhythm.

2.3. Research Question RQ3: Hierarchical Attention

RQ3: How can attention mechanisms explicitly and efficiently model the multi-level hierar-
chical structure of music?

Music is inherently hierarchical: notes form beats, beats form bars, and bars form larger
phrases, yet current Transformer models typically process sequences on a flat level, disre-
garding these structures. While the Museformer [29] introduced summary tokens to capture
information about bars, we aim to generalise and extend this concept to support a fine-
grained, multi-level hierarchy.
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To this end, we are developing a novel Transformer architecture that replaces standard
causal attention with structure-aware hierarchical attention. Here, special hierarchy tokens
are inserted at structural boundaries, e.g., beat-, bar-, and multi-bar block onsets, while
specialised sparse attention masks govern the information flow across these levels. For each
layer, two sparse attention stages are performed: First, internal hierarchy representations
are built through two hierarchy construction approaches. In the local hierarchy construction
step, hierarchy tokens attend to segment-local content tokens. In the cross-level hierarchy
construction step (cascaded or propagated), hierarchy tokens of the lowest level attend to
segment-local content tokens, while higher levels attend to lower-level hierarchy tokens. Sec-
ond, hierarchy-to-content integration injects these hierarchy-encoding representations back
into the sequence using structural links across configurable segment distances (e.g., 1–2 bars
back). We rearrange the sequence prior to the attention computation to group hierarchy
tokens, yielding denser sparse blocks and improving GPU utilisation. Furthermore, we will
explore three distinct hierarchy-construction variants: The direct approach uses local hi-
erarchy construction at all hierarchy levels, while with the cascaded approach, we perform
cross-level hierarchy construction bottom-up within each layer. Finally, the propagated ap-
proach uses previous-layer hierarchy outputs for cross-level hierarchy construction from the
second layer onward, with a configurable direct or cascaded first layer.

We are currently implementing these variants, along with the custom Triton [27] GPU
kernels that compute block-sparse attention masks from a given hierarchy structure. As a
next step, we plan experiments against the Music Transformer and Museformer, focusing on
long-form generation (32+ bars).

3. Evaluation Methodology

Across all research directions, we employ a consistent mixed-methods evaluation ap-
proach, combining quantitative metrics with qualitative assessments. Our primary objective
metric is perplexity on held-out test sets from multiple datasets, with statistical signifi-
cance assessed using non-parametric hypothesis tests. For RQ2, we additionally conduct a
distributional analysis comparing statistical properties of generated music (relative pitch,
temporal, and harmonic distances) to ground truth sequences using Wasserstein distances.
Subjective quality is assessed through small-scale user studies, where participants rate gener-
ated pieces on harmony, rhythm, variedness, authenticity, and overall quality using a 5-point
Likert scale. It is important to note that these studies are primarily designed to confirm
that technical improvements do not come at the cost of perceived musical quality. For RQ3,
we plan to follow the same methodology, comparing the three HierarTune variants against
the Music Transformer and Museformer, with particular emphasis on long-form generation
(pieces of 32 bars in length or more).

4. Conclusion and Outlook

In this paper, we provided an overview about the research goals and progress of an
ongoing dissertation investigating efficient computational methods for Transformer-based
symbolic music generation through three interconnected research questions, RQ1, RQ2, and
RQ3. Concerning RQ1, our novel tokenisation strategies achieve significant sequence length
reduction without compromising quality. As for RQ2, SPRII and RotIE enable the effi-
cient integration of arbitrary musical information into the attention mechanism, yielding
statistically significant perplexity improvements over strong baselines. Finally, for RQ3, we
have designed and started implementing a hierarchical attention architecture using custom
Triton GPU kernels. The results obtained so far provide good promise towards our central
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hypothesis that domain-aware architectural choices, informed by music theory, can yield sig-
nificant improvements over generic sequence modelling approaches. For the remaining work,
we will focus on the completion and experimental evaluation of our hierarchical attention
architecture against the Music Transformer and Museformer.
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