The Inverse Drum Machine: Source Separation
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Figure 1: The modular network architecture of the Inverse Drum Machine (IDM). > Lreconstruction (LarSNet - Mezza et al, 2024) with 100x fewer parameters (465K VS 49.1M)
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Figure 2: Blue = trainable; orange = differentiable DSP; pink = non-differentiable; green = losses. Modular architecture allows us to override onsets at inference time

® Masking (optional): a-Wiener masking at inference (+ onsets) which improves results. Transcription quality is a key bottleneck.
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