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Compari son of

AMomentum
| Gets you out of spurious local minima

| Allows the model to explore around

AGradient -based adaption
| Maintains steady improvement

| Allows faster convergence
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Optimizer Comparison
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Demystifying Transformers
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https://magenta.tensorflow.org/music-transformer
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https://arxiv.org/abs/2006.11239
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Four Paradli gms
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Language (M@otthemhaStically)

AA class of machine learning models that learn the next word probability
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AData
| Yamaha e-Piano Competition dataset (MAESTRO)

ARepresentation
| 128 Note -On events Examples of generated
| 128 Note -Off events
| 125 Time-Shift events (8msz1s)

nami csS

| 32 Set-Velocity events ~Handle dy

AModel
[LSTM
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Appl i ¢a 22 002n0s 39



https://magenta.tensorflow.org/performance-rnn
https://arxiv.org/abs/1808.03715
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Many musical patterns like melodies, chords, scales and arpeggios
are translational invariant in the temporal and pitch axes
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https://arxiv.org/pdf/1709.06298
https://arxiv.org/pdf/1709.06298
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https://arxiv.org/pdf/2307.10304
https://polyffusion.github.io/
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Example: Music SketchNet (Chen et al., 2020)
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Example: WaveNet (van den Oord et al., 201 6)
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https://arxiv.org/pdf/1609.03499
https://arxiv.org/pdf/1609.03499
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https://arxiv.org/pdf/2010.05646
https://jik876.github.io/hifi-gan-demo/
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https://arxiv.org/pdf/2001.04643

Example: Differentiable DSP ( DDSP) (Engel et al., 2020)
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https://arxiv.org/pdf/2001.04643
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https://google-research.github.io/seanet/musiclm/examples/
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SMOOTH SAXOPHONE SOLO.
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0 COADO

. Copy share
C More chill medium tempo soul french horn orchestral 11 Settings &, Download < link
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