e Mk M

W44k S5 Vol. 44 No. 5
2023 4F 5 H Chinese Journal of Scientific Instrument May 2023

DOLI: 10. 19650/j. cnki. c¢jsi. J2210872

BT RS 1 P4 (0 TG B OB A

(AR T R2AT BB SH RSB T 255000)

BN THARFENT LR RS N R T (0375 38 0 32 T SR aZ , $ 0 T — b 35 7 J 0 2 A4 T 445 190 ] 9 o7 5 444 i A
R B SRR U S BREICR T 1 A A A HEA TR , e LA OR AR S 4 A i 25 38 5 I35 IR 46 A 1 P B LR R
W75 5 B KT e s AR 1 Rt . ARJE R T LR I 4 ELA T AR 9 R S ISR RIS R A B R RO
W 35 B HIAH DG 1) 4367 (7 A S R0 R & M B AR AR EA TR ), ST T T s (i v B oA A, SCIG 2 SRR IR T 4 5K
P RR B % 76 R0 19 G SR T BT B S R TS R BE K- 5 B TR % e I 4 ST ) v i v B SRR | BRI RT Hy
Bl 0 B R LE R T R RS TR AP AT R AR

KR BT IR VR S IR 4% s A1 I 45 s 4012k iR R

B4 2S ., TN912. 3 TH701 MEFRIRES . A EXRREFRISEKRE; 510.40

Controllable speech enhancement model based
on perceptual conditional network

Yuan Wenhao, Qu Qingyang, Liang Chunyan, Xia Bin
(School of Computer Science and Technology, Shandong University of Technology, Zibo 255000, China)

Abstract:To provide better subjective auditory perception of speech enhancement for different listeners in different environments, a
controllable speech enhancement model based on the perceptual conditional network is proposed. First, a quantile loss function is
designed to balance the overestimation and underestimation of speech, which is used to guide the training of network. In this way, the
output characteristics of model are controlled by adjusting the level of noise residual and speech distortion in the output of the network.
Then, to make a single speech enhancement network has variable output characteristics, the conditional network is introduced. The
conditional information is generated by the quantile value related to auditory perception in the quantile loss function to modulate the noisy
speech features, and a controllable speech enhancement model is established. The experimental results show that, the designed quantile
loss function can effectively adjust the level of residual noise and speech distortion in the enhanced speech, and the proposed controllable
speech enhancement model based on the perceptual conditional network can provide variable characteristics of enhanced speech that can
be actively controlled by the listener. The listener can get a better speech enhancement experience.
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Fig. 1  Controllable speech enhancement model

based on network switching
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on the perceptual conditional network
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Table 2 Performance of the controllable speech
enhancement model based on perceptual conditional
network under different A

A CSIG CBAK COVL PESQ
0.1 3.57 2.51 2.77 2.01
0.2 3.75 2.77 2.97 2.21
0.3 3.86 2.94 3.10 2.36
0.4 3.95 3.07 3.22 2.49
0.5 4.02 3.18 3.31 2. 60
0.6 4.06 3.26 3.37 2.69
0.7 4.08 3.32 3.42 2.76
0.8 4.07 3.34 3.44 2.80
0.9 3.98 3.30 3.39 2.81
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