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Problem description
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often introduce speech distortion artifacts, harming signal ” ool 1) High-Quality (HQ) and meeting recordings for ASR
quallty and ASR performance. This work’s contributions: e Additional Cepstral distance term: evaluation.
* We show that end-to-end optimization and loss _ ~ ~ +  Metrics: P835 DNSMOS (nSIG, nBAK, nOVL) and WER
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beneficial. L. : :
+ We reveal insights and tradeoffs of the widely used Weighting with predictors fr MO, [2] or WER [3] loss n5IG nBAK nOVL| — WER (%)
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spectral complex compressed loss. LAMOSWER = Z V[05(E)) Lsp(sp,5) .
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> Embedding distance losses using ASR and sound Lsp (04 ms, 5%) ) 379 428 354 1 0159 184
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input features, predicting complex enhancement filter -0.05
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(12.8M MACs/frame, 8.4M parameters) | Conclusions
« End-to-end optimization by decoupling processing = 017 . .
STFT and loss frequency analysis (using possibly S 015l * The magnitude term in the spectral complex
different parameters). compressed |oss trades off noise reduction for less
0.2 . . ' speech distortion.
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