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Finetune an LLM-based symbolic music generator for time varying
control over syncopation.
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a large variety of music into a game. Setup: Fine-tune model on 1/3 datasets, conditioned with /4 control
representations, integrated using 1/3 conditioning mechanisms. In-Text Conditioning In-Attention Conditioning Attention Modulation
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Control Representations: Collapsing voices for rhythmic analysis

Note Density Labels — Good baseline for establishing control (S)bscures . hythmu; structure/syncopation.
: : : . : yncopation metric interacts with note-
Syncopation Labels — Most information dense, simple representation

Technical Considerations

Large Language Models (LLMs) form the state of the art for

: . : ; ) based on Bemman and Christensen (2024) density.
automatic music generation, but expensive to train.

Spectral Weights — Expressive, complex, time-insensitive Inner Metric
Analysis (IMA) based measure
Metric Weights — Expressive, complex, time-sensitive IMA based

Nuanced rhythmic structure
(syncopation) harder to capture than e
coarse structure (note-density)
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Rhythmic complexity/syncopation is difficult to capture.

measure
Results — Ablation Study Results — Listener Study (n=40)
Time varying control over note density possible with note Control over note-density possible with spectral weights and Listeners rating of rhythmic complexity and tapping regularity significantly
density labels+in-attention conditioning attention modulation. correlates with target syncopation levels.
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. , : e : Future Work: polyphonic syncopation metric, rhythmic

Conclusion: Controlling syncopation requires voice-specific Control fine-tuning with little data enabled through sequence aligned complexity mgtrizll)aeyond gyncgpation disen’tanséling IMA-
adaptations. Attention Modulation helps with sparse controls conditioning mechanism, in-attention conditioning/attention profiles into rhythmical attributes. ’

modulation.
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