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Chinese Sentence-Level Lip Reading Based on End-to-End Model

ZHANG Xiao-Bing, GONG Hai-Gang, YANG Fan, DAI Xi-Li

(School of Computer Science and Engineering, University of Electronic Science and Technology of China, Chengdu 611731, China)

Abstract: In recent years, with the widely application of deep learning, lip reading recognition technology has achieved rapid
development. Different from traditional methods, lip reading recognition methods based on the deep learning usually use the neural
network model both for the feature extraction and comprehension. According to the characteristics of Chinese language, a two-step
end-to-end architecture is implemented, in which two deep neural network modules are applied to perform the recognition of
picture-to-pinyin (P2P) and pinyin-to-hanzi (P2CC) respectively. After the two modules are trained with convergence, they are then jointly
optimized to improve the overall performance. Due to the lack of Chinese lip reading dataset, the 6-month daily news broadcasts are
collected from China Central Television (CCTV), and they are semi-automatically labelled into a 20.95 GB dataset CCTVDS with 14 975
samples. In addition, the supplementary dataset with 269 558 samples are collected during the pre-training of P2CC. According to
experimental results trained on the CCTVDS, the proposed ChLipNet can achieve 45.7% sentence-level and 58.5% Pinyin-level
accuracies. In addition, ChLipNet can not only accelerate training, reduce overfitting, but also overcome syntactic ambiguity in the
recognition of Chinese language.
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Fig.1 Module division of Chinese lip reading recongnition framework
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Fig.2 Examples of Chinese, Pinyin, Hanzi and intonation mark

B2 JUE. PR DUERIE I R B

Table 2 List of syllables and the corresponding common Hanzi
e 2 5N RO N WL oA

i
H a ou eng
JCH

ma 4,8k 12 | mou 1 1 méng E4 5

n ma KR 24 | mou LR 38 | méng W B 108
mi 5% 22 | mou s 10 | méng S 28
ma g 30 - - - | méng H & 26
zha fL,¥# 46 | zhou A 71 | zhéng Hr AE 81

i zha W, H, 58 | zhou Hhah 8 - - -
zha 1z 34 | zhou J,A 21 | zhéng  HEIEK 16
zha JE/E 42 | zhou  BUB 79 | zhéng  $OF 42
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Fig.3 Model architecture of Pinyin-to-Hanzirecognition (P2P)
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Fig.4 Example of Encoder-Decoder model composed of LSTM
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Fig.5 Model architecture of Pinyin-to-Hanzi recognition (P2CC)
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Fig.6 Chinese lip reading architecture of ChLipNet
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Fig.7 Continuous lip pictures of “today” in CCTVDS dataset
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Fig.8 Semi-automatic generation process of CCTVDS dataset
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SCA AL B 35 1 AT A SRR VD S SO B R R DT AR 18 AN B BRI A 5 3
it OksrtClient S BUALSIURISCACHE 0 1) 1 3056 55, ]I 4560 MAS0 - B o i 40 % 0 8 0 45 RO T 8 AL
TR ] 47 0 D 458 ) 10 ST Y 11 307 4 k.
423 WEERI S 5]

1) A

W R S0 T, B 200 0 4 AT N R 0. 2 4 TP 5 4892 5 T TR A4 1 60 A, LS 5235 1
s S, TR 18 SR T 28 311 AR v —— Viola-Tonees 00 0 5 00 AT Ror 0 T4 A2 75 ok 128 B0 LR S X
T 153 A B 08 AR 53 P17 395 0 lanar-Yike AR5 (015, T 03K PP 0 i 9 0 0 11 2 0258 Haar 5 F,
JFAUIE I 22 A I8 55 4 2 B AT ST, 4 574 1) 4 28 8 0 5 440 T REAR I A JE 240 LV 2 S A B )

2) IR 5E 0 5 4

ORI 2 5 T T[R4 0 AR 347 52 £, R0 A £ 24 D) LA G, 52 0 43 B 45 o A JS X
S U5 A R I 2 0 6 T P00 6 S0 £ 6 R D S e ok 4507 90 o £ o
HEAT 5 0, S5 20 VB8 1205120 KM KW 6 0 8.4 ] O 9 77 4 60T 22 1 JLART RS s 37 W U
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Fig.9 Locate the lips according to the geometric features of face space
KO AR A3 1) U AR R AE 52 A 6 IS

Horpd R IR ) PH,d1=0.4d,d2=0.7d,F _h=2.4d,F w=1.8d.%§ J= ' /5 A4 % g (Mx,My), 2 i Mx=0.5F w=
0.8F _h, I J&5 i #1543 Jill b 0.3F_w 1 0.67F _h.
4.3 CCTVDSHIE&E ST

£ CCTVDS Hdli 4 i A AMFEA ) X5 KW IS 181 7 e AU BEYE LA 10~196, 3L T 2~25 MU FE
AHE LT 14 975 AN, HAEA AR 33t 2 972 355 ANU.CCTVDS HARGE i L3 3, I ZRbe USRI 4G 1E 4R
il 7:2:1 34T RI4Y.
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Table 3 Sample statistics of CCTVDS dataset
% 3 CCTVDS HHl LA A G o £

L SIAGE ONIL [} Ve STEEAL] FEA S
2~4 10~28 2136
5~9 32~60 7452
10~25 65~196 5387

5 SKIERRSF

RSB HEAT N S5 2 BT, S0 o B0 HEAT B3 RS R bn B U T I R - R (B W @, 1, 2,<55), 3845 0 T 2 ANIE
{17 50 0 6k L A AR 0 09 B K B 3 A 3 A R A, A5 AL BTN 2~9,10~15 Fil 16~25,
FEAEUE 4351 25 95 883 619 F1 1 768.

S R b AT T B VA 2R (PAR) « U VAP 28 (HAR) VR 5 8 SR A7 B A5 780 f 1 BE.PAR A HAR & Xl 1—
H R R =1—(D+S+I)/N,H H:D,S,1 4351 kg 45 T 7 510 450 30 BL S bR B ], 75 BB« AR R N )96 2 Bkl
DT HCRN Sy LSRR 25 P B 7 Rl 07 1) B0 VR A R AR 236 40 A (1) — 87 o, S () VRV (L, 36 W o A
{1 TR0
5.1 P2PMLZIREINIG 447

501 YIZETy

LB FL G4k (batch normalization, B #8 BN){EZ AT i 2 11 75 2401 84—~ mini-batch F1—Fr&iil & [
Gevl i, ANE A T T B2 B0 M 48 S5 K G PR 28 ) 4% RNN o DK HE7E P2P 20 o 35046 28 W 4% ConvNet 18
T BN #AE M BNA 1 RNN P 48 76 Y 2o 72 o 220348 A At ¥ 50725 J2 Y64k (lay er normalization, & 7K LN).
ZHUIR V5 1L (weight normalization, B FK WN). 42 5% J ¥4k (cosine normalization, f&j #X CN).

i F BN 5055 70 U 2RI, P2P P 4% BT DLAE 5 458 ey ()T 4 2% 30 28, N ) 8% PRG54 T 3 o PRI W 2 =) 26
23 3E0 P2P FEAHK n-LSTM AR AL AT R IX AN ] L FRAT 145 P2P wh A ] A1 B AN 6] I /D 46 2 ) 3 AE
ConvNet [ 2% 16 BURE i IO 46 2% =3 2,10 0. 1.1 76 n-LSTM B 4% b 3 B /N (0] 96 2% = 2%, 0 0.001 .38 1 45
AN [ (R A Bl B A [ £ 2 21 5% AR AE ConvNet A1 n-LSTM JE & [|] I g §i, 398 T35 21 P2P 70 5 4 e S 1 2 4L,
3L R A S P P AU R ).
512 SEueeghR

P2P R HY (AT 22 M 4% ConvNet. JEFRFNZE 4% RNN I CTC 20 . 5256 45 5 3 W :P2P #7844l R [
RHE RIS ConvNet, 7™ 2E I 45 AR A AR [F]. L6 h L2230 T VGG-M,VGG-16,IncepV2 Fl AlexNet iX 4 Ffr A
[ AR P 25, B 2% v (1) i = 2 A& 438 F — A B3 Ak 2 AR b ) VGG-M B4 1) S5 v TR 0l HE 1 56K
58.51%,VGG-16 (1] 41.28%k 2 ,IncepV2 F1 AlexNet [KJHER #2351 4 40.11%H1 39.19%, 1.3 4.

Table 4 Pinyin-level recognition accuracy statistics of P2P network (%)
&4 P2P MZHIDEE P HER R e vt (%)
RNN CNN AlexNet IncepV2 Vgg-16 VGG-M

1-256-LSTM 37.18 39.78 40.39 48.27
2-256-LSTM 36.34 38.12 39.83 44.15
3-256-LSTM 35.95 36.37 37.73 40.29
1-256-GRU 35.60 37.51 39.70 41.36
1-512-LSTM 39.19 40.11 41.28 58.51
2-512-LSTM 37.64 38.91 40.73 46.70
3-512-LSTM 35.99 36.37 37.64 45.42
1-512-GRU 36.21 37.10 38.51 44.39

FE AT SEB6 P, TG SR VIR R 1 R TS A AR R AN 2 2% R 1-512-LSTM(1 J2 512 ) LSTM)I, ¥ iU 5 &
UFI 45 9. GRU R ILEE 22 0T BE & A CTC 453 2K BRI AE 3 B807E s 1l A% 478 10 Jo ot v A R 38047 280 s 2 [
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& B 4% RN AE DI ZR I R I LL VGG-16 5 A HREESR A I, 5 3% VGG-16 R 1 A5 28 (28 i 2 20 B LA
IncepV2 83 ResNet 15 4 W5 J5 & 7 7 41 (KRR AE 2 S B, eh T 109 8 J2 5O IR, I R B AR 25 53 R A0 6 JBE 1 2.
WAk, S 2% B A AS [R] 2% 30 28 25 11250 R 8%, JL W0 S0 R B I T 7E RNIN Hp 2y S A T2 BV AE LN 22480
FTEL WN FIRSZE A CN K138 S IR 2 TEAT AT YN e 175 5 9 286 WS 308 18 . TRD B, 0 %o 408 A oft 8 9 24 T A T R
FL(LN. WN F1 CN)E £ CN BB 75 B Lk LN A1 WN 5300 19958 OB 26 DI 25 30 (1), 25 R0 4E P2P 2L H 4 F XL
I] 1) LSTM i1 28 90 2%, 25 S 5 7 - B 3 O AT 0 25 5 v 55 10 il 119 LSTML P99 28 A B, B2 1 B8 Jon v A7 i 2% R) A o
SRS TR U, fp 8 A AR 0 R SR S 1) LSTM S 5L A 1) 1R P 5455 .
5.2 P2CCRIEIREI LIG N HT

5.2.1 Encoder [l 2+ 15

R S W < P AR IR w22 i i) 25 50t K IR 19X 4 I S 7 AR ELAR e DI RS IR ok, 3R 1K P2CC AR
43 Encoder I Decoder PIANBEEL I} 73 4T Tl Z5.

AT CCTV B M LS R8T M 2016 4 1 1 H~2017 4 6 H 15 H ST KA AR 4 il Bl Bl £, )F K
FAR R 23 A0 77 208 ) 4 B FE 23 0 40 ok 30 AN 25080 4 4 B 030 46 b i) D05 i BRI ) - B By il R
2972355,215697.% curriculum learning 1 J5 % A5 24 56 F 200 2048 42 1E AT I 25, R 5 T AN BT D0 DI 2 a1
SR v ) W5 ) XA Y R ASE I 1) W SO R 5 PRAR 22, 9 FL AT LUK 8 gk /> 3o 48 7 00 my AT R 257 X
T AR S B 3G R — A, It DAASE B S R M B A 1 1 e

EFN R FEH Encoder 4 A& 5 & 557 5 41 0 76 24 JE 15 R0 ChLipNet 946 vh 5 )3 41 PR A5 7Y
P2P (¥t A P2CC IHR NP A1 BT P2P W4 A7 AR 40 2k, Jo i th 56 4% IE W I §F 5 40 17 4100 T 848l P2P
BB A 17 51, BRAT T 6E P2CC B8 Encoder A BEAT BEATLIE IO 0 Bak DL % e S50 3R Ak 38, O HL 545 1) Bt
BLHE I MR A R ARAEAE 0 31 25%2 [H].

1 4 B P 45 7 41 “jintiantiangihenhao™ 4 Jj “jingtiantanqqihenghhao”.

5.2.2  Decoder I Z:$ 14

TE N ZRAG F1 1 22 050 2% I 38 7 4 T —— I 220 11 0 S 3 4 A 0 — I 0 R % N3k A B T A 20 2 o — b i Tt
HH H b 1 V8 T 820 AR T A A W O R A (10 L SE R SR AN T I, 4 40 T — B 220 £ RO L R A A 5
TCVE A% 24 2 i 20 PO 5 TN it T 5 B0 2 P R T BT Bengio & SR H (0 W i 5 i),
%4k Decoder 7E I 25 F0HE BT R v (1) 22 S B 10 o Jhy T00E R D7 v 7 461 4.

Sample
Loss Loss
Sofimax over
3
h(1) | —»...— hity +—=
} ;
X
F
sampled y(1-2)  true y(1-2) true wit-1)

Fig.10 Example of a predetermined sampling method
10 FiUsE i 77 3575

LEYIZR Decoder 19 2% IR 5 4 A\ 91 AR, DU TEL 43 A0 P 0 S8 RO RE AR 28 1 S N P B 5 IS DU DT — IS 220 £
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g HH P B ATLRAE, 1T AN 2 s 4 A FH BT S (PR A AR 28 2 — 4~ RNIN SR G 9 0 N SR A A 3 B 5 B 1) A 0 189 0m 38)
0.2. 525 F W U REMER KT 0.2 B, JE 1523 Decoder M 4% R F2 e 2% .
523 SEEeghR

P2CC HER S HWT 1A 6 1 2 [-0.02,0.02], 146 2% X %1 4 0.001. 5550 25 L B 7R P2CC BRI 450 H B ik
B TLNEBE AL AN RNN BB N 2 W3 3 000 R 1) AN AH ). b 57 AL 5% 23 1 48 o, D) 228 10 0 2 {1 A1 e
TRCHE I TR B R g /N5 SR ABL 23 il 49 2.69 109985 1 3 2y 15%, M g /)N W J8 e /N 2R A 43 ) oy 2.77 111,02,
24 RNN K 2-1024-GRU I,P2CC 7 4 FiAR AT R 23T TR S BRI 8 /N AR RN 10% 0 5 1R %
9 20%H B /N FE R /AN ARAE A3 79 9 2.97 F1 1,09 4542 2k 25% I, B /NIRRT 8 A IR /N3 AL 43 73 Ky 3.00
H1 110,243 H] 2-512-GRU I B0 (R B /MR S8 O 2.94, B /MR 1.08. 81 T24% 1 1024-GRU I, 45 5
FHAH BT 512-GRU (1145 5, iy HIEA7AE I 1 W 48 155, BRI, DS 56 485 SRR A 28 1 45380 J2 TSR &, RNN
K 2-512-GRU i n] AR 4 i & 5025 1B 5T.38 5 o P2CC BERIAEBEHLAMFE N 10%01, /R [7] RNN /4%
1y 52 56 45 L.

Table 5 Experimental results of P2CC with different RNN networks under 10% sampling rate
FR5 P2CC {EAFIRE N 10% N RNN PI&% 1 A9 5 45 24

RNN TR JE ZENIE

ek 25 LSTM GRU LSTM GRU
1 6.89 12.06 1.93 2.49

256 2 6.49 7.54 1.87 2.02
3 9.12 12.56 221 25

1 5.05 3.29 1.62 1.19

512 2 3.97 2.94 1.38 1.08
3 5.87 3.71 1.77 1.31

1 3.49 3.06 1.25 1.12

1024 2 2.77 2.69 1.02 0.99
3 3.89 3.32 1.36 1.20

5.3 ChLipNeti&EI 3256 5 47
i H4 ChLipNet W45 5 oAb J5 15 PUNBE AL/ CCTVDS $di £ 3476} L3 BT, JE i A JliX ChLipNet 45
AL BE. R 6 BT N AN A BB BUN B AL E CCTVDS |1 s 560t Lh 45 R, 91 HALFE R 1) 35 [ W 4% 45 44 LA
JRH R R N R0 AN 5 2800, H b AC SR B AE % 1 I S0 b (R MER 2 ARS R 7R B/ CCTCDS L
B ZR BT IS (1 g e ) 5 OB AE R 6 AGP 2R £ CCTVDS b TR A I R 35 7 BF 3 21 (1 v
Table 6 Experimental results of different lip reading models on CCTVDS
%6 AFJSEHAYE CCTVDS b 928 45 R

JE R RESG) B &iE AiC (%) AiS (%) AiP (%)
WLAS CNN+LSM+Attention BBCTV&Eng 46.8 36.7 49.8
[Assael, etal., 2016]  STCNN+BiLSTM+CTC GRID&Eng 93.4 28.9 41.6
[Wand, et al., 2016] NN+LSTM GRID&Eng 79.6 16.7 30.5
[Noda, et al., 2014] CNN+GMM-+HMM JAVD&JAP 37 18.6 35.7
[Garg, et al., 2016] CNN+LSTM MIRACL-VC&Eng 76 29.15 473
ChLipNet CNN+LSTM+GRU+CTC CCTV&Chin - 45.7 58.5

T gk 52 5 5 T AE ST IR A S R S YO b T R LR 4 g
(1) XFEE NN+LSTM Fl CNN+LSTM 5258 45 5, % UL CNN R H 5 K IR ARE AR R 1 B
(2) @A STCNN+BIiLSTMCTC X Lb, I 28 5 B I 45 1R P BE AN — e Lb AR 42 1) 2D-CNN AR, U R 1 )8
WIS
(3)  MJFFUBLEL Ay 5, RNN(LSTM/GRU)ZE 5 SUARRY 77 81 AT 58 0K R 38, 38 FH T SCA G 36 1 AE ik
BT WLAS BEHL A8 A 1 1 A% 20 40 2 P R S0 Al H S ) 0 v sl 8 10 IR0 A0 4 0 7 R 1 1
CCTVDS $#a 4 BRI . 53 40 WLAS 51 1) i N 9 W6 s &) F g Sl g, i T CCTVDS Ul 4 h AL &
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FifE B IR WLAS £E CCTVDS AN GE 7= A 5 5 A MEAR 28 1E U s 56 25 W o AR SO H ) b S ) F 0 1 )
FRU AT ChLipNet 7] 435 HUAS 45.7% 10 A) FUER R A 58.5% K9 & 17 5 AER R, T WLAS FH N 1) 7 #f % 43
A 36.7%F1 49.8%.

6 B %

RS YRR T S S 1 SCE ER B ChLipNet, 2085 ) T LB S AN S 4 AN 23 30 & 42 9 5
BEAR S DOE ) 4 AR N O R AN AN TR] IR ) 4 RS 4 30l 25 1 At e B BB 5 R0 B0 07 1 R, X
PRI ASASEER 3 59 VI 5 0 J, T 4 i 00 A o 8] P40 O A R 480 Sk 189 m N 3 179, S 36 4 SR 9 W) < op SR a4
CCTVDS I-,ChLipNet ¥ 14 #8812 5 AH G IR S 18 2444
FEZ S5 1 AR BATH 2347 LU R 223K,
(1) KT E 5 MR E AR Z W2 b BUREFE A= € T W28 S 3O ZR10 56 1R
LA B 43 28 B YA 1 A 2

(2) XML ANIEATY 8. H AT ChLipNet 19 4% FUSCHERLGE AR JE B4 BATTRE 23 18 o ) 28 4 N 253
IS I 22 P 2 R0 B R0 B N A T B N R SR, S AL RN AR R R v Y 4 AR
R EE;

(3) ¥ ChLipNet N JH BIA & i1 77 =

(4) ¥ Encoder-Decoder 14 24 ifi H] Attention #1.#1, Attention HL 1 B8 1% 18 5 B 4 iy N 7 41 K3t B3IV 5%
HE Ao 1 0 8% B ) O RS T P 4 SR K A Attention BB AR R AT AL AL FRATT 0 PR 45 B IRY o s 6T 9 4% )
B A
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