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Experimental results
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Fig. 1. Block diagram of SVS by using DNN

Fig. 4. SVSGAN training process

SVS via Generative Adversarial Network

® Parameters are initialized in a supervised setting MIR-IX Dataset
i .. . i i Model SDER SAR SIR
® Performance Is optimized during adversarial learning “DNN (baseline) | 657 10.14 984
® Framework: Two conventional DNNs, G and D SVSGAN (V+B) 6.69 10.32  9.86
SVSGAN (V+M) 6.73 10.28 996
SVSGAN Train/Test SVSGAN (V+B+M) | 6.78 10.29 10.07
Magnitude R TR IBM (upper bound) 1392 1480 21.96
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Mt Spectra : Initialize [nitialized : iKala Dataset

S;Znalie STFT Parameters of Parameters : Model SDR SAR SIR
ase generator G (Weight & Bias), DNN (baseline) 074  11.72 14.99

Information ,

SVSGAN (V+B) 10,15 1248 14.72
SVSGAN (V+M) 1022 12,78 14.41
SVSGAN (V+B+M) | 10.32 12.87 14.54
IBEM (upper bound) 12.30  14.10 2370
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Table 1. Vocal results (in dB) of conventional
DNN and SVSGANS
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Fig. 2. Block diagram of SVSGAN
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Fig. 3. The proposed SVSGAN framework. Each & &
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spectrum Is considered to be a sample vector coming

o Fig. 5. Vocal results on the Test part of the
from a distribution of spectra.
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