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Abstract

Although the neural network based audio source separation method has excellent performance
and a wide range of applications, its robustness to intentional attacks has been largely ignored. In
this paper, the audio source separation platform rl_singing voice-master. On the basis of voice
master, a new separation platform structure is proposed, which introduces self attention mechan-
ism and regularizes it using variational drop. The experimental results show that compared with
the original separation platform, the improved audio source separation platform on the MUSDN18
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dataset has significantly improved robustness and separation performance when facing inten-
tional attacks on adversarial samples.
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Figure 1. Schematic diagram of self-attention mechanism
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Figure 2. Schematic diagram of dropout method
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Figure 3. Schematic diagram of variational dropout
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Figure 4. RSVM model structure diagram
4. RSVM 1R LEHE

RSVM R B ARAE 7> B 2R Koy i itk g AR B o, (HILAE TN MOS BOH I R ILAIE AR H . A
SCX RSVM A5 2 [ R 45 55 20 #EAT 5k, AE PN ARUZ Z IR I EE R AL, Jsb 1 AR R RRAE SR X
ISP T AR AE B AR, g ST B 2 AR RS B b AR B FER AT IE WA AL B, 52T
BBz AE . AT BT AR 75 o e i H . ek o i gt s an 1l 5 s .

4. XI§

4.1. SCIGWER

N T BGAUE A SCHE S AR 4 BT 6 e 15 T LA RO IR T BT S ST, ASCRH TR AR
i 57 PGD X RSVM RS J7 o3k 5 A RS BE AT BB i o N T B KPR B ORAIE S50 45 B T 52, 7EAH
IF) F4) S 6 A 355 AR A6 R TR PR I 5 06 RSVM B AR I o5k i AR R B AT . 76 IS TR 4 1 2 RE AT

DOI: 10.12677/csa.2022.1210231 2271 THEAURF 5 R


https://doi.org/10.12677/csa.2022.1210231

[

o L Ay N A A 8 0 [ 25 5 R B0 e 7 AR R ) BT TR RE 1. ARSEEG R A CPU A Inter Core
i9-10850k; GPU J¥.4 NVIDIA Geforce RTX 3090; 47N 24 GB; i I i #:AE £ 44 ubuntu 18.04. 5L
15 1S Hk B -nb-workers=4 SR IN#EL batch FE, % GPU MR KZ1N 95%.

Self-Attention + Dropout Encoder
Q K
w, »softmax(\ld=kQ)
W, g Variational
¥ Dropout
w,

w 1D ! 1D
convolution convolution
input
»( RelLU —

Figure 5. Partial structure diagram of improved RSVM model encoder
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Table 1. Experimental result data
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