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w, PESQ(Perceptual evaluation of speech quality),
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Noisy SEGAN][6] Ours
PESQ 1.97 1.99 2.06
CSIG 3.34 3.25 3.30
CBAK 2.44 2.78 2.83
COVL 2.63 2.59 2.66
SSNR 1.68 6.94 7.06
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