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Summary
« A new approach for audio effect (AFx) chain estimation: (1) DNN-based prediction of the dry signal and all or part of the AFx configuration, (2) Search based on wet signal reconstruction
« AFx removal (dry signal estimation) in prediction stage enables complementing or improving the predictions via reconstruction similarity as an objective function

» Methods based on the proposed approach outperformed the method solely based on the prediction-based approach
« Best task division in our experiment: (1) prediction of type combination, (2) search-based order & parameter estimation
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