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Abstract

Constructing expressive symbolic music is a hard task. A good generator must take into account long-range
musical structure and fine-grained performance features at the same time. Traditional sequence-based
methods typically focus on pitch and timing information while providing limited support for expressive
techniques such as bends, slides, vibrato and dynamic articulation. In this paper, we propose a novel
generative framework that employs a compact tokenization scheme and phrase-aware latent alignment
mechanism to enhance the quality and controllability of symbolic audio synthesis. The tokenization
scheme efficiently represents both basic musical events and expressive performance attributes with a
limited vocabulary, resulting in substantial computational savings without semantic loss. The phrase-level
latent representations are injected into the transformer attention through a KL-divergence-based bias,
such that variable-length musical phrases’ structural dependencies can be learned. By applying sequence
regularization and a repetition-aware loss, a multi-objective optimization framework enhances generation
quality by minimizing redundant expressive patterns. Through experimental evaluation on a guitar
tablature dataset, we show that our model surpasses established transformer-based baselines on a number
of aspects: perplexity, diversity, speed, and expressiveness. These findings prove the proposed framework’s
efficiency in generating coherence, expressiveness and computational efficiency in symbolic music.
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1. Introduction

Currently, transformer-based architectures are favored by deep learning techniques for generating symbolic
music. Recent surveys have highlighted symbolic music generation as one of the fastest-growing
applications of deep generative models, with transformer architectures becoming the dominant modeling
paradigm [1–3].

Nonetheless, there are substantial challenges. The challenge of a robust structure and expressiveness
is still unsolved by any means. Today’s music is almost nothing but a sequence of notes without added
expressive techniques. This statement holds particularly true for styles like rock, metal, jazz, and so on.

Conventional symbolic music generation methods treat music as a sequence of discrete events
analogous to text processing [1, 4, 5]. It has been noticed that musical productions nowadays have rich
expressive components other than pitch and dynamics which are beyond the resolution and bandwidth.

Creative techniques have been used in songs of various styles since recording became possible. It is
particularly difficult to characterise expressive techniques in guitar-based music. To demonstrate, modern
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Figure 1: Distribution of pitch classes in training dataset showing natural musical preferences

guitar riffs develop from bends, slides, hammer-ons, vibrato and a host of other harmonics effects. Simple
pitch-duration representations cannot adequately capture them. So, tokenization becomes more complex.

Table 1: Comparison of Tokenization Approaches for Symbolic Music

Approach Vocabulary Size Expressiveness Computational Cost

Absolute Pitch 128 Low Low
MIDI-like 256 Medium Low
Chord-based 1000+ Medium Medium
Subword BPE 500-2000 Medium-High Medium
Proposed Method 275 High Low

Recent works suggested different types of tokenization methods to overcome this. Musical subword
tokenization techniques, adapted from natural language processing, have shown promise in capturing
musical motifs and their repetitive nature. More recently, diffusion-based symbolic music generation has
also demonstrated the potential of alternative sequence representations for improving generation quality
[6]. However, they have been shown to abstract away the fact that multiple expressive techniques can
apply to a single note.

Our model has two significant innovations that conquer the above limitations. First, it employs a
time-efficient tokenization scheme to encode both elementary and expressive musical events using a
reasonable-sized vocabulary. Second, it introduces a phrase-aware latent alignment scheme that allows
the model to attend to segments of variable length while generating a musical segment, following the
broader trend toward controllable generative models [7, 8].

The sequence of the paper will go on as follows: Section II reviews related work in three focused
areas neural architectures for sequence modeling, tokenization strategies, and controllable generation.
Section III describes the tokenization process and model architecture with training objectives. Section IV
presents experimental results and setup. Section V discusses findings, and Section VI concludes.

2. Related Work

The framework presented in this paper for expressive symbolic audio synthesis builds upon advances in
neural sequence modeling, tokenization for symbolic music, and controllable generative techniques. This
section situates our phrase-aware latent alignment approach within these three dimensions.

2.1 Neural Architectures for Sequence Modeling

Transformer-based architectures have become the dominant approach for symbolic music generation due
to their ability to capture long-range dependencies [1]. The Music Transformer [9] introduced relative
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Figure 2: Overview of the proposed generative framework architecture

position encoding to improve melodic coherence.
Our phrase-aware attention mechanism is also motivated by recent surveys showing that attention

mechanisms can effectively capture long-range contextual dependencies across diverse deep learning
applications [10, 11].

2.2 Tokenization Strategies for Symbolic Music

Tokenization remains a critical design choice for symbolic music generation. Early approaches used
absolute pitch encoding (128 tokens) but lacked expressive nuance. MIDI-like representations (256
tokens) added basic velocity and duration information. Chord-based vocabularies exceed 1000 tokens but
still fail to capture guitar-specific techniques such as bends, slides, and vibrato. This design is consistent
with recent recommendations advocating compact yet expressive symbolic representations for music
generation [1, 6].

Subword tokenization (BPE, WordPiece) has been adapted from NLP to music, capturing recurrent
motifs. However, these methods treat expressive techniques as separate tokens attached to notes, increasing
sequence length and computational cost. In contrast, our compact vocabulary (275 tokens) encodes pitch
(88), duration (16), accent (27), bar markers (2), and a limited set of positional/velocity tokens (142).
Position tokens encode the beat index within a bar (0–15, quantized to 4 values), and velocity tokens
represent 4 dynamic levels (pp, p, f, ff). This design avoids the sparsity of large vocabularies while
retaining expressive power.

2.3 Controllable Generation and Structural Coherence

Controlling the long-term structure of generated music remains challenging. Recent advances in
controllable generation have demonstrated that conditioning mechanisms can significantly improve
structural coherence across generated sequences [7, 8, 12]. Our method differs by embedding structural
biases directly into the attention mechanism via a KL divergence matrix, avoiding the need for separate
inference networks.

The phrase-aware latent alignment we propose is related to work on sequence-level representation
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learning but is lighter-weight and training-free after the KL bias is computed. This makes it particularly
suitable for resource-constrained environments. This lightweight formulation avoids additional inference
networks while remaining compatible with modern controllable generation strategies.

3. Methodological Framework

Generating symbolic music with expression is challenging with regards to rhythm, data, and model
generalization. The framework we propose is composed of a compact tokenization scheme, a phrase-aware
transformer architecture, and a multi-objective training loss.

3.1 Tokenization Scheme

Musical events are encoded as a combination of atomic attributes. Each note or chord event is represented
by at least three tokens: pitch class, octave, and duration. Each expressive technique (bend, slide, vibrato,
etc.) is represented by a dedicated token.

Table 2: Token Vocabulary Structure

Token Category Count Examples

Note Tokens 88 C4, D#5, G3
Duration Tokens 16 Whole, Half, Quarter
Accent Tokens 27 Bend, Slide, Vibrato
Bar Tokens 2 BAR, EOS
Position & Velocity Tokens 142 BeatIndex (4), DynamicLevel (4), combined encoding

Total 275

The 142 position/velocity tokens are a product of 4 beat positions (0–3) × 4 velocity levels (pp, p, f, ff)
× 9 meta-combinations, plus a few reserved for edge cases. This compact encoding ensures that every
combination is meaningful and avoids the sparsity of a fully factorial 88×16×27 vocabulary.

3.2 Phrase-Aware Transformer

For a batch of sequences defined by:

𝑋 ∈ R𝐵×𝑇×𝑑 (1)

where B is batch size, T sequence length, and d embedding dimension, we compute sequence-level
representations through mean pooling:

𝑥𝑖 =
1
𝑇

𝑇∑︁
𝑡=1

𝑋𝑖,𝑡 ∈ R𝑑 (2)

These sequence representations are then modeled as Gaussian distributions using a multi-layer
perceptron (MLP) that operates on the encoder’s output (specifically, the pooled representation of the
final encoder layer, before the decoder):

[𝜇𝑖 , log𝜎𝑖] = 𝑓MLP(𝑥𝑖) with 𝜇𝑖 , log𝜎𝑖 ∈ R𝑑 (3)
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The Kullback-Leibler divergence between sequence distributions provides a measure of phrase
similarity:

KL(N𝑖 ∥ N𝑗) =
1
2

𝑑∑︁
𝑘=1

[
log

(
𝜎2
𝑗 ,𝑘

𝜎2
𝑖,𝑘

)
+
𝜎2
𝑖,𝑘

𝜎2
𝑗 ,𝑘

+
(𝜇𝑖,𝑘 − 𝜇 𝑗 ,𝑘)2

𝜎2
𝑗 ,𝑘

− 1

]
(4)

This pairwise KL divergence matrix is then aggregated into a per-attention-head bias term. For each
head ℎ, we compute KL(ℎ)

bias =
1
𝑁ℎ

∑
(𝑖, 𝑗 ) ∈Pℎ

KL(N𝑖 ∥ N𝑗) where Pℎ is the set of query-key position pairs
within that head’s receptive field. The resulting scalar is then added to the attention logits:

Attention = softmax
(
𝑄𝐾⊤
√
𝑑𝑘

+ 𝛼 · KLbias

)
(5)

The incorporation of additional bias terms into the attention computation is consistent with modern
attention-based architectures that integrate contextual priors directly into attention weights [10, 13].

where 𝛼 controls the strength of the phrase-aware bias (set to 0.1 based on grid search).

3.3 Training Objectives

The full training loss combines three components:

Ltotal = LCE + 𝜆seqLseq + 𝜆repLrep (6)

where:

• LCE is standard cross-entropy for next-token prediction.

• Lseq is the KL divergence between the predicted sequence distribution and a prior unit Gaussian:
Lseq = KL(N (𝜇, 𝜎2) ∥ N (0, 1)).

• Lrep penalizes consecutive repetitions of tokens from a predefined set V𝑝.

The repetition loss for batch element 𝑏 and timestep 𝑡 uses the softmax distribution:

𝑃𝑏,𝑡 (𝑣) =
exp(𝑧𝑏,𝑡 ,𝑣/𝜏)∑𝑉
𝑢=1 exp(𝑧𝑏,𝑡 ,𝑢/𝜏)

(7)

The adjacency penalty over the penalized token set V𝑝 is:

Lrep =
1

𝐵(𝑇 − 1)

𝐵∑︁
𝑏=1

𝑇∑︁
𝑡=2

𝑆𝑏,𝑡−1 · 𝑆𝑏,𝑡 (8)

where 𝑆𝑏,𝑡 =
∑

𝑣∈V𝑝
𝑃𝑏,𝑡 (𝑣). The penalized set V𝑝 includes accent tokens (bend, slide, vibrato) and

position/velocity tokens, as these were observed to cause unnatural stuttering when repeated immediately.
The set was determined empirically by analyzing repeated token patterns in a validation set and selecting
the categories where ground-truth repetitions occurred less than 2% of the time.

Multi-objective optimization has been shown to improve controllability and generation quality across
several deep generative modeling frameworks [7, 12].

All text and hyperparameter values are summarized in Table 3 (presented in Section 4).
The use of auxiliary penalties also reduces symbolic inconsistencies that commonly arise in autore-

gressive sequence generation [14].
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4. Experimental Results

We evaluate our framework on a dataset of guitar tablature containing 6,208 sequences (80/10/10
train/val/test split). Hyperparameters are listed in Table 3.

Table 3: Hyperparameter Configuration

Parameter Value

FFN Hidden Dimension 1024
Max Sequence Length 32
Number of Attention Heads 4
Dropout Probability 0.3
Number of Layers 2
Model Dimension 256
Temperature (training) 1.0
Temperature (generation) 0.9
Overlap Size 8
Lambda (𝜆seq) 1.5
Alpha (𝛼) 0.1
Delta (𝜆rep) 1.0

4.1 Quantitative Evaluation

We report KL divergence between generated and ground-truth token distributions (Table 4). For perplexity
comparison (Table 5), all baseline models were evaluated on the same test set (our guitar dataset) under
identical conditions: greedy decoding, temperature=1.0, max length 32. Baseline numbers were obtained
by re-running public implementations with default settings.

The evaluation protocol follows common practices reported in recent surveys on symbolic music
generation, emphasizing perplexity, diversity, and distributional similarity as complementary evaluation
metrics [1].

Table 4: KL Divergence Results by Token Category

Category Mean KL Std Dev 95th Percentile

Pitch 0.18 0.05 0.28
Beat Position 0.14 0.04 0.22
Beat Type 0.12 0.03 0.19
Accent 0.16 0.05 0.25
Duration 0.21 0.06 0.32

4.2 Ablation Study

Removing sequence-level attention (i.e., setting 𝛼 = 0) increases average KL divergence by 25%,
confirming the importance of phrase-aware bias. Disabling the repetition loss leads to a 12% increase in
redundant accent patterns.

Int. J. Intell. Syst. Data Sci. https://journals.femington.com/ijisds
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Table 5: Comparison with State-of-the-Art Methods (same test set)

Method Perplexity Diversity Training Time (hrs)*

Music Transformer 5.8 0.62 6.5
Pop Music Transformer 5.2 0.58 5.8
MMM 4.9 0.71 8.2
Proposed Method 4.1 0.83 4.2
*On NVIDIA RTX 3060 (12GB)
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Figure 3: Generation diversity across temperature settings

4.3 Computational Efficiency

The model trains in 4.2 hours on a single NVIDIA RTX 3060 (125 epochs). The 70% reduction in
vocabulary size (275 vs. 1000+ for chord-based) translates to a 55% reduction in embedding layer
parameters and approximately 40% faster token decoding, but the full end-to-end speedup is not a simple
linear scaling due to attention complexity. We therefore claim a vocabulary reduction of 70% and a
measured training time reduction of 35–40% compared to chord-based baselines on identical hardware.

The reduction in computational cost aligns with recent observations that compact generative represen-
tations can substantially improve training efficiency without sacrificing generation quality [6].

5. Discussion

The experimental results presented in Section 4 validate the core design decisions of the proposed
framework and offer several insights into the interplay between tokenization, structural modeling, and
generation quality.

The observed improvements are also consistent with broader trends in generative AI, where architectural
inductive biases increasingly replace handcrafted post-processing pipelines [2, 3].

Phrase-Aware Latent Alignment. The most significant contributor to generation quality is the phrase-
aware attention bias computed via pairwise KL divergence of sequence-level Gaussian representations.
The ablation study shows that removing this bias (setting 𝛼 = 0) causes a 25% increase in average KL
divergence between generated and ground-truth token distributions across all categories. This indicates that
without phrase-level structural supervision, the model reverts to locally coherent but globally inconsistent
generation a well-documented failure mode of flat transformer architectures on musical data [9]. The
KL bias acts as a soft structural prior, encouraging the attention mechanism to weight phrase-similar
positions more heavily without requiring hard segmentation boundaries or separate inference networks.
This design is particularly advantageous in guitar tablature, where phrase boundaries are implicit and
highly context-dependent. Similar observations regarding the effectiveness of attention-based contextual
modeling have been reported in recent surveys of attention mechanisms [10, 11].
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Compact Tokenization. The 275-token vocabulary achieves a 70% reduction relative to chord-based
approaches, translating to a 55% reduction in embedding layer parameters and a 35–40% reduction in
measured training time. Importantly, this reduction does not come at the cost of expressive coverage. By
jointly encoding beat position and dynamic level into 142 combined position/velocity tokens rather than
maintaining separate factorial combinations, the scheme avoids the embedding sparsity that afflicts large
vocabularies. The low KL divergence scores across all token categories (ranging from 0.12 for beat type
to 0.21 for duration) confirm that the compact encoding faithfully represents the statistical structure of
the training data. The relatively higher KL divergence for duration tokens (0.21) suggests that rhythmic
variety remains the most difficult dimension to model, a finding consistent with prior work on rhythmic
complexity in symbolic music generation [15].

Repetition Loss. Disabling the repetition loss results in a 12% increase in redundant accent patterns,
confirming that expressive tokens particularly bends, slides, and vibrato are prone to pathological
repetition under standard cross-entropy training. This behavior arises because consecutive repetition
of high-probability expressive tokens is locally rewarded by the cross-entropy objective even when it
produces musically implausible outputs. The repetition loss provides a differentiable regularization
signal that suppresses this tendency without requiring constrained decoding at inference time, preserving
generation speed. Reducing symbolic inconsistencies during autoregressive decoding remains an active
research direction in sequence modeling [14].

Diversity vs. Coherence Trade-off. The diversity score of 0.83 represents a meaningful improvement
over all baselines (0.58–0.71). The temperature sweep in Figure 3 further reveals that the proposed
model consistently outperforms the baseline across the full temperature range, suggesting that the gains in
diversity are structural rather than merely a consequence of higher entropy sampling. At low temperatures
(0.5–0.7), where both models are forced toward high-confidence predictions, the proposed model still
produces more varied outputs, indicating that the phrase-aware bias diversifies the attention distribution
even in low-entropy regimes.

Limitations. Several limitations constrain the current framework. First, all training data assumes
standard guitar tuning (EADGBE), meaning the model has not been exposed to alternate tunings (e.g.,
drop D, open G) that are common in rock and blues. Applying the model in alternate-tuning contexts
would require either retraining or a tuning-conditioned extension of the tokenization scheme. Second, the
framework currently supports single-track generation only. Real musical productions involve multiple
simultaneous voices (rhythm guitar, lead guitar, bass), and modeling their interdependencies requires
multi-track architectures that are beyond the current scope. Third, the dataset size (6,208 sequences) is
modest by modern standards. While the results are statistically meaningful, scaling to larger corpora
may reveal additional failure modes or require architectural adjustments to the phrase-aware attention
mechanism.

Broader Implications. Beyond guitar tablature, the proposed framework’s combination of compact
tokenization and latent phrase alignment is broadly applicable to other symbolic music domains piano
rolls, drum patterns, bass lines where expressive techniques and structural coherence are important.
The lightweight nature of the KL bias computation (no separate inference network required) makes
it straightforward to integrate into existing transformer-based music generation pipelines as a plug-in
structural regularizer. Such extensions also align with recent developments in controllable generative AI
and conditional sequence generation [8, 12].

Int. J. Intell. Syst. Data Sci. https://journals.femington.com/ijisds
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6. Conclusion and Future Work

The generative approach proposed in this paper for expressive symbolic music synthesis overcomes two
main limitations of existing transformer-based approaches: (a) transitions between expressive performance
techniques lose efficiency, and (b) structural coherence across variables of the musical phrase length.

The proposed framework contributes to the growing body of research on expressive symbolic music
generation and controllable generative AI [1, 2].

The first contribution is a small vocabulary of size 275 together with the joint encoding of the pitch,
duration, accent techniques, bar markers, and a combined position/velocity information. This design
lowers embedding parameters by 55% and training time by 35-40% concerning chord-based baselines
while achieving full expressive coverage over the note events and performance techniques associated with
guitar-centric music.

The second contribution is a phrase-aware latent alignment mechanism, in which pairwise KL
divergence matrices are computed using sequence-level Gaussian representations resulting from a
lightweight MLP on the pooled encoder output. The matrices are summed up into per-head attention bias
terms, injecting phrase-level structural similarity into transformer attention directly. Inference network is
not essential for working of the mechanism nor does it incur regions overhead on training and inference.

Our third contribution is the first multi-objective training loss combining cross-entropy, sequence-level
KL regularization, and a repetition-aware penalty. The repetitive loss aims at expressive token types
exhibiting pathological repetition under standard crossentropy training. It provides a differentiable
solution and works at training time rather than with constrained decoding.

On the 6,208 guitar tablature sequences dataset, the perplexity of our model is 4.1, its diversity score
is 0.83, and it took 4.2 hours of training on a single consumer-grade GPU. Our model outperforms Music
Transformer, Pop Music Transformer, and MMM on all the reported metrics. Results corroborate that
both the phrase-aware bias and the repetition loss are necessary for the gains.

There are many avenues of future work. Future extensions may also benefit from recent advances in
diffusion-based symbolic music generation and controllable generative modeling [6, 12].Additionally,
expanding the framework to multi-track generation modeling of the joint distribution over rhythm guitar,
lead guitar, bass etc will allow more complete music generation. Another potential improvement could
be to restrict the dynamic conditioning inputs of the model, and allow for more complex mini-batch
conditioning signals, like musical phrase awareness. An extensive expansion of the data set (for example
huge corpora of web-scraped tablature) would provide a more rigorous test for the generalization capacity
of the framework and motivate larger model configurations. In conclusion, applying the proposed
tokenization and attention on phrases in audio-domain models, where symbolic representations are
employed as conditioning signals for neural audio synthesizers, could open a new avenue towards
end-to-end expressive music generation.
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