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The lip reading method based on Adaptive Pooling Attention
Transformer

YAO Yun, HU Zhenxiao, DENG Tao, WANG Xiao
School of Artificial Intelligence, Anhui University, Hefei 230031, China

Abstract: Lip reading technology establishes the mapping relationship between lip movements and specific language
characters by processing a series of consecutive lip images, thereby enabling semantic information recognition. Existing
methods mainly use recurrent networks for spatiotemporal modeling of sequential video frames. However, they suffer
from significant information loss, especially when the video information is incomplete or contains noise. In such cases,
the model often struggles to distinguish between lip movements at different time points, leading to a significant decline in
recognition performance. To address this issue, a lip reading method based on Adaptive Pooling Attention Transformer
(APAT-LR) is proposed. This method introduces an Adaptive Pooling Module before the Multi-Head Self-Attention
(MHSA) mechanism in the standard Transformer, using a concatenation strategy of max pooling and average pooling.
This module helps suppress irrelevant information and enhances the representation of key features. Experiments on the
CMLR and GRID datasets show that the proposed APAT-LR method can reduce the recognition error rate, thus verifying
the effectiveness of the proposed method.

Key words: Attention Mechanism, Transformer, Convolutional Pooling, Adaptive

IisHER: XXXX-XX-XX; fEEHH: XXXX-XX-XX



AR XX

1 3|5

RIES ) W) T BB R T EN R R, B
A 75 I R v B i A A G AT N R AN T, 45
THENIE S B ARIE 5 EEHER, REREW A
— RIS MG S HURFIE,  FF95 AR oA B SC
A, AL WL (CNN) A1 36 0 22 7 4%
(RNND 535 7E J& FE R AIF 2 HURH il % 3 R 10F 7 51 e
BT TR 2 N, TR S anE 5 5 2 Al
MERRFR. EFkR, REREEINERSE T —
SERIERE, VR E 2Pk, Rl —AEK 75
PR A 72 S RO B e 75 i SR AR kG 8 B 56 7
o PR, FEALSE SR ADY B an i Rgh & 2 A A
45 R, BN B A5 B i 1) G 4 1) /2 — (1]
HAT, B RAEARY) Z R T2 A0,
AR B IRAE[2]. 1B IR A Bh[3-4]. 4
B2 B[ S 155 5 TH

S TR B 2 21 (R JEAE JR A) J7 V238  SR F B 2
2ya[6]. ZITVEE K H BT 5 1R ER T )
BT AR A DL O SRR, AR SE R AL R S
i R 2 DA S B TR 1) A R, SR P o 81 iy 7
AT IR . I SR P Ui B 1 8 T 2 Bl 4
fE, FEAGIL 5N BSOS BB R R, 1ZT
TEREE AT RS AR AT N 5 T 2R R

A 255 & V5 AR 01 i R 85 (%) R i 1 9 K FH = T 3D
% AR B3 2D 6 AR A $E IS T 1) 23 (A R 41E
Noda % A\ [7]1 8 KK H 2 A 2D 45 1 0 4 W 2%
(CNN) HES RIS, @2 ZERN% H
2 S RG2S AR, XSRS R T
B SESRMNTF LAESRBO AL, IRES
SIRERL BN B M A PR BB I R BB E R .
Xu %5 N[8]#EH T — A% N LCANet I 45, 1% M
LT TS =E E 1 URFIE,  FE7E GRID B R}
e AT IR, 12 4% (1) i ot R FH 22 A 3 & 1) 3D
2 PR 28 70 1 T B DX 4% 8 i A RV R AAE 25 TR RFAIE 11
Ae /1. AR 3D X T RAF 55 B 245K, Stafylakis
A1 Tzmiropoulos 5¢ A[9]#2H T 3D &M 5 2D 45411
REAESRACAS, 3 K B BEE NN . Hd 3D
CNN F T2 U BA 1) & 12 B FFfE . 2D ResNet
342, AfEEAKMAAE, BT RHE R & 1A
2R, IR E NE RN D RHE, $Emfsisy
PRI HER 6 . TEX 25 AR AEHEAT I 7 AT, R
FHVR B 2 2 7 16 R R R AN R i 2 ) IR B 7 O &R

Zhang Z[10] N\ A H B [ B R 4% (TCND #8477
HIEAL, vl RNN 7E I 25 0) ¥ 9 )5 s ad 72 A 1 A7
TEMIBEFEE R . Ma S8 N [11]42 H T IR0 2
B S AN LS (DS-TCND, 1% J7 i 38 i 4 FH I
J55 AT 3 5 P B 1) 25 AR ) 28 R Dk 2D Js 13 A 20 1) 2 4
&, IR SRR N BOMARE R AT R 2800,
mAA 7R RE .

R, BT RSP R
PR, FESRBRG A X, i, £
ML, IR, IXERHIE R R S 1B A S Ik
HIERXR, IMNATReT PR ST 1 iR,
M-S BOR ARG E N B . MHEEZ R, Transformer
[12] i BiEm S ALH] (Self-Attention)  RE % SLH
AR A, PR B A OC &R, HEKT R
HRAH T PR RE AT AL . B R BIAIERE h )R
A BN TR AR AR SR I B G E 2, P — 1
Transformer JG V2 78 73 42 HURTHE fiff 1X L6 56 22 (1) J=) 50
FHEe N T URANXPIE A Z, feth T —MET %
FUY Transformer {125 & 5 15— B 1& RO AL TE =
Transformer. 1% 7772 o H H A& FRZ 52 HU= 5 7 7]
RRAE, HiE B St A B AR AR B A AL
i, HEOCHRIRHERRIARE ). BIENI
A BT AR 488 i\ B AR AE K /S B 3l 1 # Ak 1 X
B, AR ST A OGN R B, 1T S AN A
K EAE BB AL T4

TEA) FRISTERAMES, SUARRRID S TN E
WS 3AF IR K EEEA S #E. AT
fifE UL IX — 18] @, Assael 55 A [13]1#2 4 T LipNet £
M, RA3DHEMMLML (3D CNND 1E NEFHIE
FERLES, KA T4 e (GRU) 5 CTC
(Connectionist Temporal Classification) %&& X JEE
¥ 54T S . CTC J& — P AS 75 B0 55 40 5 S
AFFH S TT%, et A AK A B T, [E]
It A7 AE FR A0 A8 A7 ) R AN R = A B AL FL
LCANet fff F B3 & /7 CTC fifgtih & ok Ak B i %
FRE, DR KR B RSB R AR s =
ARG BRI . Chung 25 A\ [14]3EFE & bl
il 6 G AP AL 5 A B HH PRI — A B S SR ARG
251 7 %1 2| ¥ 71 (Sequence-to-Sequence) 151 7Y,
53 AL IR & AR L 7 81 A0 SRR AE 7 41, AR %
BN g, FEE AV R IR AT SCAR I
WMo ARTZZITIEAR TG B E 05 AR 55 7] /. [+
I SR FH A8 SO0 R AR A IR A2 3B AN T2 455 B Tl 2%



XX # k2% : Equation Chapter 1 Section 1 & [ 1& Rijth {473 & /) ) Transformer ¥ & 15 1R 51 7 72 .3

1 WER AL )5 AN ) 5 )2 T A iR, EINZRd
FEFAEAEIUAL H bR 5 VAl AR AN 5] f0 il

UL g 285 T 1 25 A2 0T S AR 1 5 e 471 443
PEGR I W E BRAL[15]: 5T CTC R A il ¢
PR2& (blank) 22 i A oy Hh A BE AN UL ) i, (H
FMSTAERBC R B T ORI R 1S AL
A B B SR B, 5 BT B S R 7 1] R
Wb e 5 AL H bR A — SRy . Bk, RSOk
CTC 5WEE MM S, Rt 7 — k= /it
B 7 3% 42 43 25 W 4% (Attention-Enhanced Temporal
Continuity Classification Network, AETCCnet), X
Fas &7k B EER A CTC W E 355 RE Sy, IR
T I A S AL 1 iR A AR F I ) 2 2 TR AR FEAE R
UK

AT T EE TR LU 34N

$E B & Bt Ak v & /) Transformer (Adaptive
Pooling Attention Transformer, APAT) , 7t LA )
Transformer b 34 i B 3& B it A6 v = Jp i, SEE
A BE B RE, (R RAET 5 S F{E5S
FHOGIR Joy B 40 715 A 42 Jy - 3¢, H 5 Transformer
X JR) 8 A0 T A AL RE AT, RN OR B O 4 R A A
HET

& A R ) S SR IR 5% 8 73 S N 4% (Attention-
Enhanced Temporal Continuity Classification Net-
work, AETCCnet), fEIEHN]JFMLHHEAE EE5 &
TUER SNSRI SR B A B R 7, JF HAb
PSS B 70 AT S5

5& T APAT Fl AETCCnet, # Hi 3 T 3@ it
133 5 77 Transformer 1) J5 7 4 5 J77%  (Lip Read-
ing Method Based on Adaptive Pooling Attention
Transformer , APAT-LR), f£ CMLR ! GRID ]
& Eor RIS T 28.4% R 1.9% (1774 1% 2, #
PEBLA B, oy A 2.1% FIT 1% M A5 HE iR

2 ETHENBFEFIE Transformer BY
BiEIRA %

N AL RS L R i o AT {5 JE R A B R
ffE X, JUIHAEE LT BT J1 52 BRI LR, 8
AR ULE S B AR, Refe A AN L RIA K
WA . X FRE IR T K% & 6z s A = B iR
AFNSE S E &N R . TR ST R B
FiARE R R EREROX — NG FE, @ e & R e
TRHMEMBER, [N E& “BRIRE” 16k

JE A 1Y e % B EJ 308 X 3 1) 22 [ e A1 A1 (]
FPHUE R, ARS8 A GV S S A A 5 I AT
SR, HEUBANRE-FHRAGRETEEERTESE
MR B. ik, AT B N A = gk
(APAMD, AU N RLEME ST AN B B AR
BEMIRIHLE, Bha it HE B2 R KW S sh R
ITRFESE A ANy, 5 NS (R S o, sy
RS R NI L T R & AL (nAUS & 7K
G, FHERMR S E L EEHRNERE. W
FeE G BRI TN SRS i R A L A R
{5 S UM B B NSRRI A2
2.1 PEIERILGEH

AR A E M SR
Ao 2%, AR B 3D-ResNet,  F - MAR A i
HEHUS B ARRE . ARk, 3D B M
25 et A FEOE S MUOR T HE I Rk, SR E
EAEA RIS ZIM BhAS AR A, Al 22 0 26 L Je ot 5] N ik
BRIEYE, AR TR )Z W 4 T R FE I 2% in) @t
TR T 2 G RHIE . SRS 02 (R RRAE g 8t — 20
i B APAT (& Mt 4b i3 & 77 Transformer) %
M2, BEATI P A, RS A T e A A
R R BB, BT AETCCnet
ZERRE R, T S aE e S AL o T i [ 5% 12
W SR AT #E— PR & . R INLHI I
AR B8 H 2l 58 A5 T B o B IR I [) 25 AR 25 (1]
X3k, MIMINSERAFIERIEHIRE S, HA TR
IHERREE . FRAERRLG 5 AR 200 4 4% 2 Wi
By ], bt JE I softmax bR AT FR 1AL Ak
B, WIRFHIEE S R B — 8. %, X
Be 22 13— A0 )5 BRI B B N B CTC G HE I
P38 Mg, SERAY I SR iRag it #2, &
LSS SR R0E 5 AR B L
2.2 APAT %mH583

APAT 4w i a8 M &5 W B 2 fros, Hodr,
APAM AR H & ML & o, a2 DL o
i 35 £ B P 02 0% ) 4R A R N 1 X e RPTT,
HoBRARAIK, TRARWMNE, FRRFFE
YEFE

APAT % fth 2% £ 4> APAT Layer #E S 1M ik,
AN APAT Layer £ & 1 H & Bl 46 VE & ) B B
(APAMD . £k EHIER JJHLH] (Multi-Head Self At-
tention) « B 7t M 4% (FeedForward Network) #1)/Z
JH—1k (LayerNorm, LN). IX%EiHtEfRL T



4 R HA R 5 XX %
SEESEREEEE N e, G e e %
: i (=) (= )(=] - (=]
S S LSS 4 4 i
vEeEe-Ll |
. TR | () () (o) - (w
' A A A A ] [ i S I S
Lﬂéat? éﬁ-"fﬁ | PSR A
B N . | CcTC P
i oo oG i
R o 1 TS Y N £ N R B
o000 — i
S ol i
3DConv-frontend il I
Fh ) e H = (h.hy.ohy) ;
“““ bl . P — s
Visual Encoder
K1 APAT-LR %% 45H
— AN E RIS ORI A AL, RERERE MR G  H
ANE R R e R E T ER, MultiHead(Q, K, V') = Concat(head,, head,, ..., head, w
Horp FUE RN AE BIR, APAM B e X (6)

NI XS FH 3 TR AR 4 P 1 e KA AN~ 2434k
B, R34 RIBIERIRT
F .. =MaxPool(X) (D
F = AvgPool(X) (2
WA, F,, MF,, AL L, ffmid
AR 248, AR KN 11 ¥ 2DCNN i
friede, ROEIERUESG 9 1. B Sigmoid BRHH
WO, AR YRR BRI E A,
A4,= G(Conlel([Fmax;Favg])) (3
AR5 JR AR R X AH R, {E I 25 G ik gk
ATIRSEE5RAL -
X'=4,0X 4
W8 JE IR EE N X2 Sk B R s, B
WA RIRBIOC R . B ol X il 2 M AR 15 F
B AU (Query). # (Key) FMEH (Value):
ERES=WAL N RN SuR Y/

V (5

T
Attention(Q, K, V')=softmax ( oK
k

ZIEBIPR A ANGNEAREE R h >k, JExE
ANSASTHHRER T, REPHES A LM R

e, w0 e R Ak BEBAERE .
%2k BVE R B 2 B 2 i B AN 2 A
—A,  DARSE I ZRIF I R A e
X'"=LayerNorm(X '+ MultiHead(Q. K, V)) (7)
£/ APAT Layer &35 — M ET15 M 2%, H
Wi 2 432 2 A GELU B0 28 0K -

FFN(x)=FC(GELU(FC(x))) (8)
eIk ZEEEAZH—1
X"=LayerNorm(X "+ FEN(X ")) (9

2310 N2 APAT Layer Y& J5, 7840 AL 3
R 2L, R I RFE A THE S A TR
FEANT -

Z,=APATLayer N( APATLayerz( APATLayer, (X) ) )

(100
S LA B RFAE ] T N IR AE 55, APAT
Bl 25 ) ) I 2 AV R 0 A R AR R OG A
B RN S5 2k Bk AU 2 R, 1
SRASLARY FR IR 2 R
2.3 EEIERR FEE S AL
BRI A (CTC) lH 5 B 7 g
B EMEa G/, HEZEA 2L



XX #H Bk =%%: Equation Chapter 1 Section 13T [ 3& R it 4434 3 71 Transformer ¥ 5 15 1R 77 7% e 5
Layernorm

A By

1

1
I ]
i ;
I 1
I 1
‘i APAT Layer | |
;

.

Feed Forwrd Module

Mulii-Head Self Atention Module |

1 1
L apaTLayer | | |
1 1
1 1

1
APAT Layer [+ 11

2 APAT %5 #% 45

GRU %M 2% A S5, DL R AR v 7 1)
(R0 HOME AR . CTC W 2% 5 T 2 5 25 i L 1) Btk
A, SRS S R RECR A AT A2, 8
Softmax |7 VT AR [E] 2505 REFR S B2 73 A

g i o B RIS P 9 H=(hy, by, by,
XN Softmax |25 H -

v,=Softmax(Wh,+ b) (1D

b, WRIb NP2 B8y, NERRAEN 2t £ %
PR INEZR 73 A

SRIENRREF AN 1, oo N IRIE 2R 73 A1 N T A AT
AE PR A (L2 A0 .

P(lx)= > P(ax) (12)

neB ()

Horp, nRRIIAETREIRGE, B () RERSE
R A5 a3 B PR3 7 S B AR 56

CTC i F fro0f BB AR E Jy a5 2k iR 4L -

L cre=—log P(llx) (13)

PR RE, AR TR AR
HLi 5 CTC iRt ) AETCCnet FI45 . 1% 7V 7E fifhY
B B AR VA B AL B b ) 5 e A s i H R AE
HARFPH o RlE S L A B e o) R @A )
25N AR W 3 s

&3 AETCCnet7» 5P 4% 45 1)



AR XX

G 45 PV R WU AT ARAURE VT B, AR
GAEBREANIN )25 AT B 2 B R OIR &S s, 55 9w i 4%
B o

e,=v' tanh(W,h,+ W,s,+b,) (14)
Hp, w,,w My FZoRr ] 2] 2 8. il Softmax
R SER=-VIR ik
_ exp(e,;)
ti— T
;exp(et.k)

A FHAE 53 77 ] 4 ) 25 i R S2EAT TSR AN
R B

(15

T
C=>ua,.h (16)
i=1

BRSNS SRR, B AR
JZ W B bR 23], {3 Softmax R T 5B 4
B H (IR 2 43 A -
P(y|y..x)=Softmax(W,[s,;c,1+b,) (17
FETRIPT B, AL AN ()25 B B K
(RIAR 25
y,=argmax, P(klx,) (18
B e 3 CTC ARG RN (A 3% 58 B 5 7 4
IR ATFS) BRRLRHH T

3 SEERERESH

3.1 HIREE

AT IR 5T TAEAE CMLR 1 GRID 7§ /> %45 £
T TS50 . CMLR B 45 B v oK S i 2 R
R0 (VIPA) B, BEHS)EIER
MU RN TS ZEHREIE T 200946 H &
2018 4 6 H 1A IE] A [ [H S8 s 45 B Co [ Bea% ) H
1AL R 5 A 102,072 A4 HHEA] 7. A7k
A 29 N F, HABEHECERE PR AAEF
BUFE AR AT o BURAE HOR SR AL T AN R R [R]
WFFLFE R (LA A, DLE T RS 7
I3HT. GRID ¥ 5 A2 BB R M AT 2 4 b
A T h) TR AR, SR E 32,823 MAILA
B, W R 340 uiiE N . B BOAUE o 75 i, A
THIHH 6 AR LR, X B R SR E e LA R
WEER, BB IR BTSSR T B 2 R i EdE
FLRd

JE& VB R 1 BE R A7 A 1R % (Character
Error Rate, CER) f1EN{FM#84r. CER IIFE A

K19 FTR, HF, Do SH1HIR K B
J7 B4 N L SR 2 s R P BT TR . e A g
NP, N RS2 R e H . 1%
b T A AR AR o R et %k
{ELER /N R IR U AR T

D+S+1

N (19

CER=

3.2 HiETALE

AR SC TG SR AT CLAERD 2.5 i (14 35 2R 5 46 Ay
S Frini . % FH RetinaFacePredictor J7 =147 A
oA, RE R E ST AR I KRB X Sk, e, A
FANPredictor /5 2 3F AT THI 55 Bk mii (1) AL B A il -
B EERE TR NG 68 AN B bR ik AT, Xk s
OIATAENREG WS A AL A I X . T axX SR
Bl WEEWTEE BT H RS 64x128 B E )
JEHIX IR BB ERG, e B S 4 o K
K, DA IR R R . e, RE
BIHEAT A — LA B, ) I SR8 i B AT 2506 B
GRATARUEA,  ABR IR AR 1) — B ST bt 4
0 TR B (1 52 B AR A0 P 4 T
3.3 LWMESKE

AR S S 56 A FH 0 R L B LS 124X Intel(R)
Core(TM) i5-12600KF 4b ¥ %% . 32 GB iz 1T P 47 LA
JNVIDIA GeForce RTX 3060 Ti fi . #FIRidE
T 64 i Ubuntu 18.04 #:1F R %t, #4% T Pytorch %
FE5 SRS T
34 HuEEsE

AR HBEHLEES (Random Cropping) 1EA
AR IV . IR RAEIE A S BRI EL
—ANAERR AL DL SR BT KRR R A F A
HETT IR AN AL R g A H — A 88x88 15 & I & A
Bro didx Aoy, s s 1 EHg 5 ARk 5
) 72 o7 TR 51 g
35 EHRE

BRI it R PR Adam 04K 28, WG 2>
RUEEN0.0003, FEFINT 2 ) R s LA
R . 2T 25,000 MDA, 5] R0
TEUE(E 0.0003, LABRORIE AL 78 43 2% SRR 1E; Bl ),
5 2] R AR RN G BOF 7 iR BIEOS D 22k, A
B b A R TR iz A e FT . DIERR A /it
AL T, JEUIZ5 100 4> epochs, HEE KNG E
NS, AR AR AR R B e Ak . fERE A
T B, #4822 (Beam Search) HEATAANY,




XX

Bk =%%: Equation Chapter 1 Section 13T [ 3& R it 4434 3 71 Transformer ¥ 5 15 1R 77 7% .7

LA P 7]

IN;R e EE S S=RiRes

SR CE L

DA /5 37 471 T 1) o i A R A
3.6 S5IBFHERRTEE

ASCXF LT ASF U7 :/E CMLR #5 4 F1 GRID
B LR ERR, R PR, WRYEFTE A
(R INF 7 Y 2% (%) A 8] K #0RT BL 4 9 LSTM. GRU,
TCN. ASCHEH APAT-LR J77%7E CMLR F1 GRID ]
MAASE ER AR R R T HAR %, @i B
T N B ARV B 7 Transformer 4 5 2% A3 & /7 ¥4 55
I P 3% 452 43 5 I 285 1) 41 4 7 CMILR %40 52 F1 GRID
MAREE FRAR T BRI R
3.7 HRLSELE

N T SRS SCHTASE FH (0 B8 1 5 7 2k LA R T
BEHL A 0, R 2 Fron, o Hd 8 o g5 vk
APAT % fih 28 UL S AETCCnet #H47 7 W b sz ad:, 3
HH R P R IR 4R A8 T APAT 2 i 2%, 73 25 I 4% K
AETCCnet. iyl sz 25 BaT DO g 2], AR
REHOCT U HER 26 )3 FHEA H B, (R A{ef F bf 3
BB AR SAS 5E  RR ) 8UR

3.8 AL

N TR FUE A AL R B R A B A
3N T AR FIT (AR 1) R . ARSI AL
S ANV 27 T, 3R AT R S M AT AL, JE R X
FER I, TE DR N APAT R HR A5 ) GE7F FR—
Wi B B SO B X . T ERTA, fEE
T FI A, Z AR e i 1R ) O SR AR T O o
NI 25 1 R B

4 HERIE

AR X SR U I A R A, FRH T
— i % 9 APAT-LR I 5 15 R Bk B o, @it
Conv3d+ResNet 1 5 Fif v EL 42 M S 4R 15 2= H $E HURE
fiE, ZRJE ¥ IX B RF1E 15 N APAT-Encoder 347 i 7
@, 1 APAT-Encoder )it I, T AETCCnet
fERS AR AT D T . FERE RN Rt AR T, A0S
BN P (CTC) HiEE NG, RARS
WIZRsEng LASE FHE A I e . #E CMLR A1 GRID #(#z

=1 KT EMEAM G AEARNBIEENEFRITEE
Methods Front-end Back-end CER(CMLR) WER(GRID)
LipCH-Net"! LipCH-Net RNN+CTC 42.1% 43%
wAsH4 VGG GRU(attetion) 39.93% 3.1%
wLAS! 3DConv+ResNet18 LSTM(attetion) 39.4% 2.7%
cssmemt'” VGG GRU(attetion) 38.2% 2.3%
CHSLR-yp!'® CNN+ResNet18 GRU+MLP 35.2% 2.4%
LiBs!™” VGG-M RNN(attetion)+MLP 31.27% 2.31%
3DT-CHLipNet™”! 3DConv+ResNet18 TCN+CTC 30.31 2.2%
APAT-LR 3DConv+ResNet]8+APAT AETCChet 28.4% 1.90%




<8 BRERRE GRS

XX %

2 JHELSCIR SRR

CMLR GRID

s APAT AETCCnet

CER(%) WER(%)
N X X 40.5 3.50
X N X 38.9 3.23
X X N 35.1 3.11
N N X 333 2.65
N X N 322 2.61
X N N 313 2.55
N N N 28.4 1.90

B FMSEIR A IR, BT H BRI R
(CER) X —iPflifebr ERIUVE TG 7%, 301F
T HA R

ZHARBATZMNHE S, wEH T2 A
WA R ERRRS A T, TR AR T R A+
T RE R A& SN B IR SRS, R
R ESRE R B AT RN EAT M
B, HReiE I W AUIOE O TE N 2, N AEE
HIE R S ARG R A SR (R R SCHE . RSk 5 v [
SRR B IERL WS E R L 2B
AT ST IR, [R5 ST B B FA DR A HE 22
LA 8 A FH RS o A AR i R e AN B
THEENEIR R E, BONME “TCHE R b
RHAR” Rt TR, BARENYAR
IRERSE IR &

A 1 CMLR A1 GRID 045 527675 52 3055 75 T
BORM—, B RIS T R AR
IXAH AR LR A 2 B R S R A R 1 52
FIPRMI . TR = MR FDE R AR

BHUAHEZAZNL . WRTIBER s, A A
HENEH R MR E R, BRI SIS
S BRIz RE TR ORI . BRI, RSR KA
TC AR K H R R AE 2P TS 5T I JE R 1k
fE, WIRSIAEZ LM R, HREdEEm
2R E, B2 A B 9 B R T K 4%
(GAND ZEJ7ERSETHE A AR 5 7F 13 ML g
1o BEAh, R EELARENITR ], U
RERIAE R L (3w & R, AT HES B R
BEARAE LS R 37 5 P T AR e

(@) JRIGEEFFSI

(b)  HEHERTY

alsl |elala

(¢) APAT-LR

K5 EiEEkE



XX

Bk =%%: Equation Chapter 1 Section 13T [ 3& R it 4434 3 71 Transformer ¥ 5 15 1R 77 7% 9.

EEPEE

[1] Sumby W H, Pollack I. Visual contribution to speech intelligibility in
noise. The Journal of the Acoustical Society of America, 1954, 26(2):
212-215.

[2] Zhao Y, Xu R, Song M. A Cascade Sequence-to-Sequence Model for
Chinese Mandarin Lip Reading. ACM, 2019. DOI: 10.1145/
3338533.3366579.

[3] WENG Xinshuo and KITANI K. Learning spatio-temporal features
with two-stream deep 3D CNNs for lipreading. Proceedings of the
30th British Machine Vision Conference, Cardiff, UK, 2019.

[4] Tatulli E, Hueber T. Feature extraction using multimodal convolutional
neural networks for visual speech recognition. Proceedings of IEEE
International Conference on Acoustics, Speech, and Signal Processing.

[5] Miled M, Messaoud M A B, Bouzid A. Lip reading of words with lip
segmentation and deep learning[J]. Multimedia Tools and Applica-
tions, 2023, 82(1): 551-571.

[6] )AL Aeie A e T 2 AL R D S T R[] A R
5 N T # #2024, 37(01): 73-84. DOL: 10.16451/j. cnki. issn1003-
6059.202401006.

[7] Noda K, Yamaguchi Y, Nakadai K, et al. Lipreading using convolu-
tional neural network. Interspeech, 2014, 1: 3.

[8] Xu K, Li D, Cassimatis N, et al. LCANet: End-to-end lipreading with
cascaded attention-CTC[C]//2018 13th IEEE International Conference
on Automatic Face & Gesture Recognition (FG 2018). IEEE, 2018:
548-555.

[9] Stafylakis T, Tzimiropoulos G. Combining residual networks with
LSTMs for lipreading[J]. arXiv preprint arXiv:1703.04105, 2017.

[10] Zhang T, He L, Li X, et al. Efficient end-to-end sentence-level lipread-
ing with temporal convolutional networks[J]. Applied Sciences, 2021,
11(15): 6975.

[11] Ma P, Martinez B, Petridis S, et al. Towards practical lipreading with
distilled and efficient models[C]//ICASSP 2021-2021 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2021: 7608-7612.

[12] Wb, A, T4 3T W5 Transformer (1) 2 #5125 @l A /K F E1&
M 2 (0] R BE R S BOR S, 2022, 4(4): 522-532. DOL:
10.11959/.issn.2096-6652.202252.

[13] Assael Y M, Shillingford B, Whiteson S, et al. Lipnet: End-to-end
sentence-level lipreading[J]. arXiv preprint arXiv:1611.01599, 2016.

[14] Son Chung J, Senior A, Vinyals O, et al. Lip reading sentences in the
wild[C]//Proceedings of the IEEE conference on computer vision and
pattern recognition. 2017: 6447-6456.

[15] XUE F., YANG T., LIU K., et al. LCSNet: End-to-End Lipreading with
Channel-Aware Feature Selection. ACM Transactions on Multimedia
Computing, Communications, and Applications, 2023. DOI: 10.1145/
3524620.

[16] MA P C,PETRIDIS S,PANTIC M. Visual Speech Recognition for Mul-
tiple Languages in the Wild. Nature Machine Intelligence. 2022, 4:
930-939.

[17] A3, ZE 5, FEEEEE . 6T SORE WL OE RS S E R T D VE AT A
[7]. Journal of Computer Engineering & Applications, 2022, 58(4).

[18] Zhao Y, Xu R, Wang X, et al. Hearing lips: Improving lip reading by
distilling speech recognizers[C]//Proceedings of the AAAI Conference
on Artificial Intelligence. 2020, 34(04): 6917-6924.

[19] k5B, BT L T Sl AR 2% 17 v SO0 GRS HE UM B0V (D).

THEHL B 7T, 2023, 40(9):2596-2602.DOL: 10.19734/j.issn. 1001 -
3695.2023.02.0051.

[20] T 45 500, 92 BB 5% T AR N8 B K S8 15 R ) 5 v (0] A5 B
A 515 H1£,2023,(11):199-203.

[21] VFSCRR, 25 B TOLIR- 5 I B UL A G UM ], T G,
2023,46(05):1339-1348.

[22] Exarchos T, Dimitrakopoulos G N, Vrahatis A G, et al. Lip-reading ad-
vancements: a 3D convolutional neural network/long short-term
memory fusion for precise word recognition[J]. BioMedInformatics,
2024, 4(1): 410-422.

[23] RBU, AR, VR, A BT B IR A K T A 3 3 o S
WA, A A B2 8%,2023,21(04):35-39.

[24] SRZE05, M, 220k, & MART S LRI L)), B ReR A 51
AR24R, 2022,4(4):560-570. DOIL: 10.11959/j.i55n.2096-6652.202234.

[25] Wang H, Cui B, Yuan Q, et al. Mini-3DCVT: a lightweight lip-reading

method based on 3D convolution visual transformer[J]. The Visual

Computer, 2024: 1-13.

WA, B3 . 3T 3D BRI MG P AU RHIESR IS B R 7R

W T [0 B RE R 5 HOR i, 2021, 3(3): 268-279. DOIL:

10.11959/.issn.2096-6652.202128.

[27] Wang J, Qian X, Zhang M, et al. Seeing what you said: Talking face
generation guided by a lip reading expert[C]//Proceedings of the IEEE/

[26

CVF Conference on Computer Vision and Pattern Recognition. 2023:
14653-14662.

[28] Prajwal K R, Afouras T, Zisserman A. Sub-word level lip reading with
visual attention[C]//Proceedings of the IEEE/CVF conference on Com-
puter Vision and Pattern Recognition. 2022: 5162-5172.

[29] Yemini Y, Shamsian A, Bracha L, et al. LipVoicer: Generating Speech
from Silent Videos Guided by Lip Reading[C]//The Twelfth Interna-
tional Conference on Learning Representations.

[30] Yin Y, Wang Z, Xia K, et al. Acoustic-based lip reading for mobile de-

vices: dataset, benchmark and a self distillation-based approach[J].

IEEE Transactions on Mobile Computing, 2023, 23(5): 4548-4565.

Zhang X, Zhang C, Sui J, et al. Boosting Lip Reading with a Multi-

View Fusion Network[C]//2022 TEEE International Conference on

Multimedia and Expo (ICME). IEEE Computer Society, 2022: 1-6.

[32] Li Z, Lohrenz T, Dunkelberg M, et al. Transformer-Based Lip-Reading
with Regularized Dropout and Relaxed Attention[C]//2022 IEEE Spo-
ken Language Technology Workshop (SLT). IEEE, 2023: 723-730.

[33] Xia B, Yang S, Shan S, et al. UniLip: Learning Visual-Textual Map-
ping with Uni-Modal Data for Lip Reading[C]/BMVC. 2023: 190-191.

[34] Jinlin M A, Yuhao L I U, Ziping M A, et al. HSKDLR: Lightweight
Lip Reading Method Based on Homogeneous Self-Knowledge Distilla-

[31

tion[J]. Journal of Frontiers of Computer Science & Technology, 2023,
17(11): 2689.

[35] He L, Ding B, Wang H, et al. An optimal 3D convolutional neural net-
work based lipreading method[J]. IET Image Processing, 2022, 16(1):
113-122.

[36] Cheng X, Jin T, Li L, et al. OpenSR: Open-Modality Speech Recogni-
tion via Maintaining Multi-Modality Alignment[C]//The 61st Annual
Meeting Of The Association For Computational Linguistics. 2023.

[37] Shi B, Hsu W N, Lakhotia K, et al. Learning Audio-Visual Speech
Representation by Masked Multimodal Cluster Prediction[C]//Interna-
tional Conference on Learning Representations.

[38] Burchi M, Timofte R. Audio-visual efficient conformer for robust
speech recognition[C]//Proceedings of the IEEE/CVF winter confer-

ence on applications of computer vision. 2023: 2258-2267.



- 10 - BRERRE SRR AR XX

[39] B, VAL, ¥ 7™ . T 45 o T R 7 (0 6 i 1 o 98 B 1
[9]. & fE R 2% 5 £ R 24, 2021, 3(3): 351-358. DOIL: 10.11959/.
issn.2096-6652.202136.

[40] Peng Z, Luo Y, Shi Y, et al. Selftalk: A self-supervised commutative

k= (1996-), T, LHECKZEANTLERES
R0 e S e HY S W
REE R AN T
WAL AL
training diagram to comprehend 3d talking faces[C]//Proceedings of
the 31st ACM International Conference on Multimedia. 2023: 5292-
5301.

[41] Lu J, Sisman B, Liu R, et al. Visualtts: Tts with accurate lip-speech
synchronization for automatic voice over[C]/ICASSP 2022-2022
IEEE International Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP). IEEE, 2022: 8032-8036.

XPiF (2003-), B, wECKHEN LR
BEARHE, ETHFIH M
NOHENA . BshE

(HEEE T M. BHEEAERS.




