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1 Introduction

The generation of music requires a model capable of maintaining long-term coherence and structure.
While Transformer models have shown great success in sequence modeling, the standard “vanilla”
self-attention mechanism utilizes absolute positional embeddings and requires O(L2) memory for
a sequence of length L. This quadratic space complexity becomes a bottleneck for long musical
sequences.

The primary goal of this project was to implement and evaluate the Music Transformer [1],
which utilizes a relative attention mechanism to reduce space complexity, theoretically allowing for
longer context windows and better structure preservation compared to vanilla attention.

2 Literature Review

We focused on two foundational papers that established the use of relative positioning in Trans-
formers:

2.1 Self-Attention with Relative Position Representations [2]

Shaw et al. introduced the concept that the interaction between two tokens should depend on
the distance between them (relative position) rather than their absolute positions in the sequence.
They modeled the input as a labeled, directed graph where edges capture the relative position
information.

• Clipping Distance (k): The authors hypothesized that precise relative position information
is not useful beyond a certain distance. Therefore, they clipped the relative distance at a
maximum value k, meaning the model learns unique representations for relative positions
within [−k, k] and treats all distances beyond that as equal.

• Memory Limitation: While effective for machine translation, the implementation by Shaw
et al. requires creating an intermediate tensor of shape (L,L,D), leading to a memory
complexity of O(L2D), where D is the hidden dimension. This additional factor of D makes
it computationally prohibitive for the very long sequences required in music generation.

2.2 Music Transformer [1]

Huang et al. addressed the memory bottleneck identified in Shaw et al.’s work. They proposed
a memory-efficient “skewing” algorithm. Instead of creating the massive intermediate tensor for
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relative embeddings, this method computes relative attention logits directly. This optimization
reduces the space complexity back to O(L2), enabling the processing of much longer sequences—a
critical requirement for capturing musical structure over minutes of audio.

3 Methodology & Implementation

We implemented the architecture from scratch to compare the standard attention mechanism
against the memory-efficient relative attention proposed by Huang et al.

3.1 Vanilla Attention (Baseline)

We trained a standard Transformer baseline using absolute positional encodings. This serves as
the control to measure the benefits of the relative attention mechanism.

3.2 Music Transformer (Relative Attention)

We implemented the memory-efficient relative attention mechanism.

• Mechanism: We utilized the “skewing” procedure to transform the absolute position atten-
tion logits into relative position logits. This avoids the O(L2D) memory cost inherent in the
naive implementation from Shaw et al. [2].

• Benefit: This allows the model to learn invariance to translation (a musical motif should have
the same meaning regardless of where it appears in time) while maintaining a manageable
memory footprint.

The specific implementation details and code for the Relative Global Attention mechanism can
be found in Appendix A.

4 Experiments

Both the Vanilla Transformer and the Music Transformer were trained on the same dataset of
musical sequences to ensure a fair comparison.

• Training Environment: GPU (A100)

• Metrics: Training Loss, Validation Loss, and perceptual quality of generated samples.

5 Results and Observations

Contrary to the theoretical superiority of the Music Transformer for long sequences, our experi-
mental results yielded the following observations:

Performance: The Vanilla Attention model actually performed better in our tests, producing
lower loss and subjectively more coherent musical phrases.

Convergence: The Vanilla model demonstrated more stable convergence during the training steps
utilized.
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6 Discussion and Future Scope

We analyzed why the Vanilla Attention outperformed the Music Transformer in this specific itera-
tion.

Window Size Limitations

The primary benefit of the Music Transformer is its space efficiency, which allows for significantly
larger window sizes (context length). In our experiments, the window size may not have been large
enough for the relative attention mechanism to demonstrate its advantage. At shorter sequence
lengths, the overhead and complexity of relative attention might outweigh its benefits compared to
the straightforward absolute positioning of Vanilla attention.

Future Work

To fully realize the benefits of the Music Transformer paper, future work will focus on increasing the
window size. By training on much longer sequences, the memory bottlenecks of Vanilla Attention
will become apparent, likely allowing the Music Transformer’s space-efficient relative attention to
achieve superior performance in capturing long-term structure.
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