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Abstract: To improve the performance of speech separation, other than using the mixed speech signal, the visual signal
may also serve as auxiliary information. This multimodal modeling method that integrates visual and audio signals has
been proven to effectively improve the performance of speech separation and provides new possibilities for speech sepa-

ration tasks. To better capture the long-term dependencies in visual and audio features and enhance the network’s under-
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standing of contextual information in the input, this study proposes a time-domain audio-visual fusion speech separation

model based on a one-dimensional dilated convolution and Transformer. The traditional audio-visual fusion speech sepa-

ration method based on the frequency domain is applied to the time domain, avoiding the information loss and phase re-

construction problems caused by time-frequency transformation. The proposed network architecture consists of four mod-

ules: a visual feature extraction network, which extracts lip embedding features from video frames; an audio encoder,

which converts the mixed speech into feature representation; a multimodal separation network, which consists of an au-

dio subnetwork, video subnetwork, and Transformer network and uses visual and audio features for speech separation;

and an audio decoder, which restores the separated features to clean speech. This study uses the LRS2 dataset to gener-

ate a dataset containing the mixed speech of two speakers. Experimental results reveal that the proposed network attains

14.0 dB and 14.3 dB improvements in scale-invariant signal-to-noise ratio and signal-to-distortion ratio metrics, respec-

tively, significantly outperforming both the pure audio separation and universal audio-visual fusion models.

Key words: speech separation; audio-visual fusion; multi-head self-attention mechanism; dilated convolution

1 35l

W BT S BN BAR S & 1 & T
s M TR o B ORI AT S5 R R R OA R R T
St KR R G HA WA IR R
BCRASFEIE R BE T, DA I 52 7 XS R T S X R 1Y
e AR T, N RE 2 AN 9 ) M AR A 16 3E AR
e s o H AR ULTE N0 H X
MR AR H FMER o T4k, 3L TR 2= S i
AT E TR R R B T 2R Al i o
7. Hershey 55 A H (9 8 B2 2R 8837 (DPCL)
TEPIA A =AU TE N 08 5 3 40 55 LRt
SERPERE, 7 B SR T AR G 3 T S A Bk
FAR R FE A (NMF) B9 7o B Yu 88 A3
T HEBASAE PRI i ) (PIT ) Fa] 12 3] A HEFAS
AR PEYI S v U] CuPIT) DA B i il A TG DG B 3 49
B HES A RS, Luo 58 A2 W T —Fh At
Sl PR T 1) g B 0 0 40 5 I 2% (Conv-TasNet) ',
BUER RIS IS TR RR$E T, B9 T e dak
PR TE 1 B LAl . 7F Conv-TasNet 42 ) 2
J& » Luo &8 N T U AR A6 P44 25 ) 26 (DPRNN)
TEXT A B P A0 43 & b R B T B A g
e [A)4F Chen 558 A4 H 1 XL 42 Transformer %]
2% (DPTNet) ¥ it i J5 %) Transformer 5| A 2 BUEE A2
PEIAA 22 X 24 v ) fel A5 AR X Wi K B o 7 1)
REA 3, R T 3T 23k A & I PLEH Y Trans-
former TE15 & 43 B AR S5 A R0 o (H T4l i
EE BRI N TIRAMESER  JFHTRE
TSt HARUlis & i 8 . N 7E B R viis &
B A HN TS & oy B AR S5, Al B o3 B A
FEAERIAEE Wl 55 T eI Hg s i)z,

5ol F s S A RAR L, A T 5 0
B AR B BT I o B B R AN I T H bR UL TS

T

H LG RRE 7RV 2 90 bR 0 3 B T T Oy
BRI O 2 W WA T 4l A A B A R 0T
T AT A1 o B AL N TR E BTE
AT SR AR AT T, R AN 7 DOTRE & i v a0 B 1 E A i
B, AN B WU E TS A RO R Bk T
FRESHES M), Ephrat £ H A9 5 U536 A JC I A0 50 5
FEFRNSR T — R R T Rl SR K TR A A
BT ORI R | I AR — L TS A T
SAE P O TR0 S A D R IS, B e R
AT 5 5l 3 7R 1% T R A TRAS B g i E R
PEASE AL S B e e S5 2 AL RE MR A AR Y 2l
BRI T B E T, LuSE A T — N REse
2 5 R AR BRI G R AR DL B A
FTEHBUR Ay B AL Luo 28 A F LT 4 AR i-
vector YLIH A A R IR (G S R 2
BT A G S 15T B, Gao B AT —
Tl A R AR g 1)) B3 2 1) T s B R
UL TE A, DT B AR O - b X 43 O TR] A 1
HOABRURAS T Y e i 2 R . Wu iR T
— o sy S5 T 3 A B B S K Conv-TasNet
ey~ 20 T 2 B T — R B 5 2
fv, AT ARSI P B B0 5 2 1 SR i AL K
H5F gm0 a5 Aok . Lig A —
Tl I ot 2 ) 24 of 1 U A0 A1 5 RO o2 15 5L I
IR AL P VR R ML 25 A A AT 5 S
o JE B H A B R BRSBTS RS (R T o il
Wu &1 1 AL e I I 3 A T
BB R R I ML ke B B AR TR e 5
SAEAH S U BEAFAE , PEREAL T H LR A A . R4
BRI IE S S EAR B 2H T —ERTEiEiR
Th B AE R RS {5 e e ok #F (SI-SNRi) 515 5 5k
FCH i (SDRi) 3 FR & I PEAN F6 AL, AHEE T4l
BT EM, EN RN E A . I



1210 & =

4t B %40 %

H R A A [l i 00T 58 5 A A
(EHIE LA 5850 R FH RS B 22 [ A SC . BE4h,
PR 18350 B I 28 A b B350 5 S S, o T
TG A A A5 RS AR B AR B Al A RO 6 BT X
H R AR A K W R PR R B, th T
58 IR TG 5 43 B A R (el FH 1 5 R 22 0 4%
(CNN) FIEHF 25 9 2% (RN ) 3 A2 B 55 A R0 A3 4
fiE, IR BRFG A AE— 3 I R B, PR AN BEAR G- b gl
FE P H0EHE A A OC R RN R SUE B

B X5 A% G5 AT 43 15 T 48 AN BB AR 4 1) Bt g A
W R B SUE B S A RS A7 B 22 18] A 56
I A [ R, FATToR FH T AE B AT 2% i A9 5K
BRI R YT o BT XL S8 9 45 % i B2 4 AT 51
HROR TR 7 i 22 ) A B B A8 56 2R A R U, FRAT T4
HTAE A48 RS U0 S I 4y 14 A Trans-
former [ 25 (A fift R )5 %6 o [RIINE, 38T Y A IR IT 18 3
3 T A R e A7 A 5 LR 5 B AS 1 1 ) B, R A7)
PEH T — BRIV 19X 265 A 18 JL 25 400 R A 00 i A
BOR BERRAE , FEAE Hoh in A TARAR IS B9 H @ X — 4
TREE AT oy B 5 B, LLIK S48 T & UPEAh 38 4w 19 B
By BeAh, FATAEAAR M 25 e % 7 3 A 18 AL B
ESREIO] E R s WL S v e Ry W E0] 1 e 1
LKIRATTHE T 2T — 4 5k 5 FL 5 Transformer )
I 3af it 281 ity D) 24 25 40 , 465 6 TN 2 1) s S e A H R
i DAL ot B2 BRUS i A, DLARBCIL 5615 BOR
BB BT 5 . — 4y sk BB BENS 7 O 15
ST H /N A 10 T 388 KR AZ W8T, o] AXHE 55 5 10
i SRR S e e S b U N [ [ ETA 587
SEEN A RBE AR AE SR IR, DA SR AR () FR HE T L 31X
A BT et B £ 2 A B 28 0 45 B B I A
54652 2= B I R A, AR SCBE Y SR ] Transformer
R 43 ) % 01 5 AL S B R AT R AR SR, R £
Sk R AL AR A RS O R S AR Y
IF 25 0] 56 22, DA T B v ff b 0 B 2 R 25 3 X
RS KIEERECR, TR FN, 540500
BT 07 B M 4% Conv-TasNet A1 EUA 194 1E ALV Al
IS S AR E, B2 R 2 ELAA BB PR RE L 3.
2 BEF—4%#¥ %%EFR 5 Transformer B

T 43 55 I 4%
2.1 MITRLE P48 B RHELS

i A 2y B iE S i, TiE S E 540
e A L AR (STFT ) J5 2 9l e e ) A sk o L it
O3 B 45 B ) B[R] RT3 00 M3 25 22 31 STRT S50

SO, QAR STFT MY B HOROK, I [B] 43 B 258 2% |
AN KN I3 o B o5 25 . AR SCHE R Y
e F— 4§ 5Kk B AU Transformer f) s 38 A0 W7 Bl
T B TR T A G 4y B T AR A
[A] T, 2% A RE PR AR U P 1 TR, 4 4 I 4% R B
P AT PO R 43 2H B« 4000 4 i 42 B0 4% vhy T 1 2 1
s i A BEIAS ALK, F T DALt v 2 U 350
Ao B GRIEERE A IR G B &5 S T gk
R IE IR . 2B 00 B I 4% 3222 bl 5 i
T4 AT R 4%, DL K Transformer P 2% 2H hY, H
49 2 A AL T X N BT N RIS . & A 2
(AR FH 2 A 20 B8 5 AR AIE B2 85 SR ) 31 el s
R TN VARR NG R A s
gyt s A R s (D PR
s,=Decoder (a,Om,) (1)
ot s 02 a, 5 m, % G e 1k 5 28 o B 0 5 2
EE AR X N D N A3 S A5 R a, R A G R 5 Y
BASARFE , m, R 22250 B 0 268 i 3 RS , @, 1T m,
AR = (2) 53 R,
a,=Encoder (x) (2)
m,=Separator (v,,a,) (3)
K Q2) i x R AR IR A TEE(H S, 2R3y
v, Ml a, 53 5 R v i a, 83k WA 4 9 Ak A 3
Hrpry X (4) Fis .
v, =Extrator (v) (4)
oy Syt A 48 10 F5 2 0TS & T LS v,
SR v 3 AR D A A R 2% 15 8 Y S AR A o
2.2 REHFIEIREN M 48
AR SCHE Y 0 W 48 5 A 3 25 AR 1Y — 6L U TA
F WSS SRR IE PR E R 25 1Y B 2 MU A
)9 R 100 T7% S T P R AT ot e i BB B ek A v, L 5
VLA 2 S R 12 S5 B Bl 73 B 2% IX 3 H A i
T B LA S A TG G Ui 2 i 75 i, IR A
FEAE AT IMATT LA S50 4 B i 8 o B8 A 55, DA B
- i B 48 B A (5 S T i R SUE R
Shy FifE DR AT 0 1 TR A 28 TN 44 A 2 B0 e ]
RE 23 TAT Ik e J82 7 2K SR B8 AR R 1 Im) R, R RFAIE 2
W 2% th 5] A 5% 2 W 2% (ResNet) 'S L35 Bl i)l 25 5 %
JE R 4 o P R I 2 HL IR 2 v ) i i A $
s B — > = 4E 6 U2 F— - PRifE Y 18 )2 ResNet
YR, LT SCHR 19 1R A TAE . FEUNZRAR SCHE
DR £ T, Jos i ik A B BUES © 26 7F LRW B 452 1
SER T IR, B 1T DT AT ot v B B 5



57 3

X720 48 JTP KB THA Transformer FYALIT Bl-& 18 5 29 55 7 12 1211

_____

_____________

1
i ‘ ResNet-18

Estimated Audio

1
1
1 1 1
. vi i - ! Audio-visual -
Video Frames iLip-reading 1 i ‘ Concatenat ‘ D
g s 1 Extractor }  subnetwork oncatenate ecoder
: 1
1
; .. X a, ; a, | 5 i m
Mixed Audio ——»{ Encoder }*4’( Audio preprocess H Audio subnet  + Transformer-A ‘ Audio subnet ‘XZ —>X
1 1
[, J

PReLU T

LRI O A P B A

Fig. 1 Overall architecture of audio-visual fusion speech separation network
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h 2R ER IR 4

Dropout B i % 0.1
S HE B E s 2.0

Batch-size EiinTT NN
Num-workers AT TAER
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Tab.2 Comparison of the ablation effects between the

proposed model and the model with removed module

HiTY SI-SNRi/dB SDRi/dB

B kG 11.9 122
B B U 12.8 13.1
DS HOR 4 Ay S A 13.1 13.4
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AR BE AR , B A DREB AR RS A
T2 ST R 2 R RE SO — SRR ] o
PR (R 68 B MRE AR e o AN 5 VA — A 553
1 PR3 — DR BE ] 70 B B R R T X L
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Tab.3 Comparison of different normalization methods in

video subnet

iR SI-SNRi/dB SDRi/dB
AEFIH—1k 13.0 13.3
2 Jmy)2H—1k 13.3 13.6
A —1k 14.0 14.3
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Tab.4 Comparison between Concatenation and

Summation
el SI-SNRi/dB SDRi/dB
KA 13.8 14.1
PHE TR 14.0 14.3

hy R R VA AR SO H R 55 H b 4SS A ) P
725 Fe 4144 A SI-SNRi 5 SDRiixX P fE b5 , X He
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VB Ay AR il 5 A SR [R] A8 B0 A I 20T
PEAG T SCHk [ 6 ] 42 H 4 4l 5 4515 35 23 B A AL Conv-
TasNet, H: 5 A SCHE HBERY A X Fe 40 6 5 B R o [l
B, 7E NI e iE 5 i T iE T X — 15 T,
5 BT AR BE T LRS2 B 45 19 A AL T it 543
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Tab.5 Comparison between the proposed model and

audio-only speech separation model

Ay SI-SNRi/dB SDRi/dB
Conv-TasNet® 10.3 10.7
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245 RE B {8 AR, 7E SI-SNRi 5 SDRi _ 43 51|
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Tab. 6 Comparison between the proposed model and

audio-visual speech separation model
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Fig. 4 Spectrogram of the separation results of the proposed model
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