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Speech Enhancement Based on Generative Adversarial Networks with Gated Recurrent Units and
Self-attention Mechanisms
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Abstract Generative adversarial networks(GAN) have strong noise reduction ability and have been applied in the field of speech
enhancement in recent years due to their ability to use two kinds of network adversarial training and constantly improve the net-
work mapping ability. In view of the shortcomings of existing generative adversarial network speech enhancement methods, which
do not make full use of temporal and global dependencies in speech feature sequences,this paper proposes a speech enhancement
GAN network that integrates gated recurrent units and self-attention mechanism. The network constructs a time modeling module
in series and parallel to capture the time dependence and context information of speech feature sequences. Compared with the
baseline algorithm,the proposed new GAN network speech quality auditory estimation score(PESQ) improves by 4% ,and per-
forms better on several objective evaluation indexes such as segmental signal-to-noise ratio(SSNR) and short-term objective intel-
ligibility (STOD). The results show that the integration of temporal correlation and global correlation in speech feature sequences
is helpful to improve the performance of GAN network speech enhancement.
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kB RAB R IRIE ST SAFIET Z MM EE, FAEES
AR BE 2 3T AR B 20w UE W R S G L e Al T
Al RLLE0 5% R B A o ST AG 2 R . L1 SR R —
HES A FEH AR R X R E R 100,
3.6 EIWiEE

B I 25 B0 B, 78 $5 40 51 Ak 21 B B, A AL 3d 5090 &
T BT S B T AR O R AR (B B R 16 384 X
1,200 1) BRI RECH 0,95 AN = 38 I 4% JF 17 B0
TANHE DK G B R R I R AR A BN SRR Y
Pz R 45, AT 38 R A e i AL B, IR T O B2 4R R TR
B,

AR B S HE T Tensorflow #EZE , ffi F§ R-MSprop 11k
BN %, SRR 100 K, /ML EE R /N 150, 4
LA RIS 5 3% 2 3] HUR B 0.0002,

4 IHWHER

4.1 BE&KiEE

ABF T 6 Fh 7 VAR S B LR 7 1t W A (Noisy , Bl R
b BRI TE 5 D) L AR IE I (Wiener) POV 38 35 18 38 J7 ¥ L SEG-
ANTE F 3 5 1, ISEGANTY iE ¥ 3 5 5. 74, DSEG-
AN 25 50 54 3k, SASEGAN2 B 35 W3R 3wk |
4.2 HEE

ST T SR J 09§ 4 48 & Valentini 2016 3 3 $cg 45 .
B B R Y 2 1 T 1 Bl 30 4% VEIE A S i s, VI 4k
A5 IR AE A3 WAL & 11572 A 824 DT i S X, B 4E
H G A MR A El TS N SR A 4l 15 5 5 DEMAND $dE 48
P 8 Fl E SZ Y 3 5 MR 7S (cafeteria, car, kitchen, meeting ,
metro, restaurant, station, traffic) F1 2 F A= 1l M 75 4 W15 51,
YR 4E v & B3 A A 15 8 L 43 0dB.5dB,10dB, 15dB iX 4
i O, I 4 T G T 09 M L Bl 2. 5 dBL 7. 5 dB,
12.5dB,17. 5dB 3 4 FE 00, 5 I ZR A A IR 1 {5 e LE i &k
DA AT LA 255 b G 30 A5 700 1) 32 1k
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Bl 1~5;

(4) MR FCR A 35 LA 3 (COVL)PY PRI 23 5036 B o~
1~5;

(5)iEHAE B 43 B {5 Me [ (SSNR) , 3T 4> 5y Bl Ry 1~

(6) 45 Ik 2 W0 A] 8 B (STOD P 37 43 B ol 0~1,

ST 46 A LA AE B AN IR B i 4R 0 7 B A Dy e 2D DU 45
6 BT I HE AR BUE R SRR FOR
4.4 LIGHER

SEGAN 5 SASEGAN %5 528 J5 i 1 34 98 18 35 15 5 1 4L
W1y, THEEREMIE, 7R P DSEGAN-BEST 4 3L
#k[21] DSEGAN J5 ¥ 76 A 46 48 b 55 36 09 f 47 2R .

ARICFERE LZBOERZWA sell-attention i) SASEGAN
A SASEGAN-L ,4<L<11,
# 1 Valentini 2016 IR 4 I 5648 07 ¥ 19 & LT 45
Table 1

Objective evaluation results of baseline methods on

test set Valentini 2016

method PESQ CSIG CBAK COVL SSNR STOI
Noisy 1.97 3.35 2.44 2.63 1.68 0.92
Wiener 2.22 3.23 2.68 2.67 5.07 0.91
SEGAN 2.19 3.39 2.90 2.76 7.36 0.93
DSEGAN-BEST  2.39 3.46 3.11 2.90 8.72 0.93
SASEGAN-1 2.36 3.57 3.08 2.95 8.38 0.93
SASEGAN-5 2.31 3.46 2.94 2.85 7.20 0.93
SASEGAN-6 2.38 3.46 3.12 2.90 8.86 0.93
SASEGAN-7 2.30 3.52 2.98 2.89 7.34 0.93
SASEGAN-8 2.34 3.55 3.03 2.92 8.03 0.93
SASEGAN-9 2.29 3.45 3.05 2.85 8.48 0.93
SASEGAN-10 2.41 3.62 3.06 2.99 7.87 0.93
SASEGAN-11 2.35 3.57 3.03 2.94 7.76 0.93
Average 2.34 3.52 3.04 2.91 8.05 0.93

GSA-SEGAN 15 3 11 38 J7 £ Valentini 2016 X £ -
WORIE SRS RCRINE 2 FrFl . B L 2O BREW A
[ A B A e 1 m B R] @ RSB 2 1 GSASEGAN %R Wy
GSA-SEGAN-1-L #l GSA-SEGAN-2-L,4<<L<1, MHEF 1
M 2, 7E PESQ. CSIG, CBAK, COVL, SSNR #l STOI iX 6
FHAE AR 09 T 31540 T HEAT X L. 45 WOR X H T R AR
R oy A S B8 50 W B L T Wiener, SEGAN, ISEG-
AN,DSEGAN Hl SASEGAN £k &3,

% 2 Valentini 2016 i 4E - GSA-SEGAN 75 ¥ i % WA 4%
Table 2 Objective evaluation results of GSA-SEGAN method on

test set Valentini 2016

method PESQ CSIG CBAK COVL SSNR STOI

GSA-SEGAN-1-4 2.43 3.68 3.1 3.03 8. 46 0.93
GSA-SEGAN-1-5 2.51 3.68 3.19 3.08 8.90 0.93
GSA-SEGAN-1-6 2.44 3.68 3.13 3.04 8.63 0.93
GSA-SEGAN-1-7 2.46 3.71 3.05 3.06 7.70 0.93
GSA-SEGAN-1-8 2.39 3.54 3.07 2.93 8.88 0.93
GSA-SEGAN-1-9 2.45 3.59 3.1 2.99 8.62 0.93
GSA-SEGAN-1-10 2.49 3.66 3.13 3.06 8.19 0.93
GSA-SEGAN-1-11 2.38 3.40 3.02 2.84 8.52 0.93

Average 2.44 3.62 3.10 3.00 8.49 0.93
GSA-SEGAN-2-4 2.42 3.50 3.03 2.92 8.14 0.93
GSA-SEGAN-2-5 2.41 3.56 3.04 2.95 8. 11 0.93
GSA-SEGAN-2-6 2.40 3.60 3.12 2.98 8.93 0.94
GSA-SEGAN-2-7 2.48 3.62 3.10 3.02 8.45 0.93
GSA-SEGAN-2-8 2.47 3.69 3.17 3.06 8.93 0.94
GSA-SEGAN-2-9 2.50 3.58 3.14 3.02 8.48 0.93
GSA-SEGAN-2-10 2.41 3.66 3.10 3.02 8.25 0.93
GSA-SEGAN-2-11 2.42 3.59 3.14 2.99 8.92 0.93

Average 2.44 3.60 3.1 3.00 8.53 0.93

AR S8 5 H 48 SASEGAN 55 W 1 i A5 % B A IR
BB HE bR X HO AT LU AR E T STOI 48 b LA 2%
T L A& GSA-SEGAN-1 7E PESQ,CSIG,CBAK ,COVL
SSNR 4351354580, 1,0.1,0. 06,0. 09,0. 44 14 4 XF 34 25 SR 5
GSA-SEGAN-2 | £ PESQ, CSIG,CBAK , COVL Fl SSNR
S BARAE 0.1,0.08,0.07,0.09,0. 48 HYIE 25 84, GSA-SE-
GAN-1 5 GSA-SEGAN-2 R4 (9 3 3 20K PESQ ¥ BE % ik
F) 2,50 KL b, 1 SASEGAN d5 47 B¢ 38 5 5 R PESQ U A
2,41, FEMHERE A WML B T — 4> Bl s 7 R 22 WG
FEA AT LR SASEGAN 77k 5 Wi fh GSA-SEGAN J7 % 11
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TEAH R SE30 25 0 R A SCR K T35 L 2 (RO B RUZE
i GRU Ky SEGAN 25 #4) ity & & 14 58 %0UR (R h G-SEG-
AN), 0% 3 i 5], 5 G-SEGAN # It ., GSA-SEGAN-1 #iI
GSA-SEGAN-2 7£ 48 F 248 /15 70 b R4k .
# 3 Valentini 2016 MK 4 I G-SEGAN Jr ik (9 & WL PRk 45 5
Table 3 Objective evaluation results of G-SEGAN method on

test set Valentini 2016

method PESQ CSIG CBAK COVL SSNR STOI
G-SEGAN-4 2.41 3.63 3.12 3.00 8.51 0.93
G-SEGAN-5 2.37 3.63 3.05 2.98 8.13 0.93
G-SEGAN-6 2.39 3.56 3.03 2.95 7.86 0.93
G-SEGAN-7 2.40 3.50 2.94 2.91 6.97 0.93
G-SEGAN-8 2.30 3.48 3.01 2.85 8.73 0.93
G-SEGAN-9 2.35 3.63 3.04 2.97 7.93 0.93
G-SEGAN-10 2.45 3.66 3.09 3.03 8. 14 0.93
G-SEGAN-11 2.40 3.58 3.13 2.97 9.00 0.93

Average 2.38 3.58 3.05 2.96 8.16 0.93

AL, 7 Ry B A A B IR AR R R YRR 1,
22 FIFE 3 HIXT L, WA GSA-SEGAN 52 3= 18 35 1 35 2% 5 1k
H2 SASEGAN E¥EM G-SEGAN J 58 8 i B %, X i
Bl GRU 5 self-attention 15 & $2& B AE () B 0] 224K 45 1) 1L 2R
MM H] self-attention B B ] GRU /Y M 2% 25 14 fE 1% 57
Qg KT U B SR AIE Y B ] AR P AT A, T Y
AT GPU PYAE M B, A5 S0 A 303 N 45 B R R 3 2
FOBRZI A B F 77 HL G B B ] g AR e (1 3 58 4L
L IX 3 200 RRAE R 14 B [A) 44 B 4 A 8192,4096 F 20438,
4.5 HEFH

TEAR TS5 T, A IR B B A4S epoch (1 °F- 35 &b 33 7]
MPET GSA-SEGAN J5ik A4 4 SASEGAN 535 (9 11 55 JF
B S I T A ) Y S B PR B 3R 4 BT

FA4 LRI

Table 4 Experimental environment

L 3 3R TR EE
N DESKTOP-4ICAR7I
X Windows 10

Intel(R) Xeon(R) Silver 4210R CPU @

CPU
2.40GHz 2. 39 GHz
K 16. 0GB
GPU NVIDIA GeForce RTX 2080Ti

Python Jf &

REFTER

Python 3.5
TensorFlow 1. 90

5 IR T P GSA-SEGAN Jr ik 5 B4k Jy ik 7F 5 1)
8L 2 OBRZW A B @B s H | R
&R - B4 epoch F5 Ziz 4T R BT[], 38 47 B (] B4 L D03 55
TFE R,

#5 MIFBCE T GSA-SEGAN J7 kil SASEGAN F kA
FF 5% L
Table 5 Comparison of computation cost between GSA-SEGAN

method and SASEGAN method in the same configuration
(HAA ; min)

method SASEGAN-L GSA-SEGAN-1-L GSA-SEGAN-2-L
L=4 8.91 77.22 78.31

L=5 8.59 33.48 33.59

L=6 8.53 20. 30 20. 35

L=7 8.48 13.39 13.41

L=8 8.49 10. 26 10. 27

L=9 8.37 9.82 9.13
L=10 8.45 9.45 9.05
L=11 8.43 9.23 9.07

m= 5 Fral, i A GRU B % #h GSA-SEGAN J7 ik W i
Vo B T R W TSI B R L R TES 1 )2 (JO) B2
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