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Table 1. S5iRSEIAIEH G AS/E VOICEBANK — DEMAND $didie FAHTERE HURL

5% NFE iR WRIESUE T SLSDRT SpiSimt  fedwidh o

Noisy N/A 3.346 3.126 2.697 0.787 8.445 0.888 N/A
SGMSE 30 3.488 3.985 3.176 0.863 17.396 0.891 1.81
FlowSE 5 3.478 4.051 3.202 0.873 19.145 0.889 0.23
Schrédinger’s Bridge 30 3.486 4.062 3.216 0.872 19.448 0.886 1.07
CDiffuSE 200 3.434 3.727 2.994 0.798 13.665 0.812 6.94
StoRM 50 3.487 4.031 3.204 0.868 18.518 0.891 2.61
MeanFlowSE (ours) 1 3.471 4.073 3.207 0.881 19.975 0.892 0.11

B AEASCR, TR PR SR, TSI

[9]
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0.38
0.71
0.11

Table 2. Fﬁ%—%[%}(ﬁklﬁ NFE: FLOWSE 5
MEANFLOWSE
£ NFE fhiilbadfi%: © SI_SDR 1 SpkSim 1  #:#vik
FlowSE 5 0.873 19.145 0.889
FlowSE 10 0.870 18.428 0.891
FlowSE 20 0.868 18.099 0.890
MeanFlowSE (Ours) 1 0.881 19.975 0.892
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