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Context Overview

Differentiable Digital Signal Processing (DDSP): training
neural networks to estimate parameters of signal mod-

els (e.g sinusoidal frequency, amplitudes) using synthesis Usual reFO”StrUCﬁO” losses This work
and reconstruction. (e.g. Multi-Scale Spectral loss) Spectral Optimal Transport (SOT)
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How does Spectral Optimal Transport work ?
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CDF: F,(t) = X" u(t — z;)a;  Quantile function: F,*(r) = inf{z € R: F,(z) > r}

Unsupervised harmonic parameter estimation autoencoder
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