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MULTIMODAL AUDIO-VISUAL SPEECH
RECOGNITION SYSTEM BASED ON PRE-TRAINED
MODELS

ABSTRACT

Training attention mechanisms based models requires a large amount of data and obtaining
labeled aligned multimodal data is costly, especially for audio-visual speech recognition. Thus it
makes much sense to utilize unlabeled unimodal data. On the other side, although the effectiveness
of large-scale self-supervised learning has been well established in both audio and visual modalities,
how to apply pre-trained models in video speech recognition and how to integrate these pre-trained
models into multimodal scenarios remain underexplored. For the first problem, in this work, we re-
place the 2-D convolution in the generic visual self-supervised pre-training model by using randomly
initialized 3-D convolution so that it can be used to improve the performance of video speech recogni-
tion effectively. For word-level video speech recognition, we use a above-mentioned pre-trained vi-
sual front-end, introduce attention masks to integrate word boundary information and a viseme-level
CTC loss to aid training. The proposed model achieves 89.1% accuracy on the LRW dataset, with
an absolute improvement of 0.6% over the state-of-the-art performance. For the second problem,
we integrate partial parameters of the pre-trained audio and visual front-ends into a sentence-level
multimodal audio-visual speech recognition framework that recognizes aligned audio-visual inputs
by using a combination of CTC and seq2seq decoding. Experiments show that the two front-ends in-
herited from unimodal self-supervised learning cooperate well, allowing the multimodal framework
to obtain competitive results through fine-tuning. Even without an external language model, the
proposed model improves the state-of-the-art performance of the sentence-level audio-visual speech
recognition on the LRS2 dataset by a large margin, achieving a 2.6% word error rate, with a relative

improvement of 30%.

Key words: multimodal deep learning, speech recognition, self-supervised learning, audio-visual

speech recognition, lipreading
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AT PEN AR TAE, 58 —800 2 RAE = IHA (word-level visual speech
recognition) ; 2 —H B AR AL E WAIEZ IR (sentence-level audio-visual speech recog-
nition), XM MESEHATZEHEMHMIEZ RS (multimodal audio-visual speech recognition)
TR Z RIEI MESS . AXXHIHRGEUT, EaBATREE S 2 S MAE S
AR R TAE, B4E BB IRA. ARIIE S IRA. A I0E = IR B
B, g, BATRAESE =S N AIREAAOE S IR0 7775 R HAE N 525, X
FEFATTAMAIE A MoCo v2 Riidm, GaEATEEERSFEIAFER, PARMERR CTC
BIHRRHYE X, Z R SEIngs R, FERE X TAREWMIEZ IRAIEE A1
MREMEAMNAD B RS BRI, SRS, UL EE R, FHE
BN ERAMEENSAOEZ IR TR, EHIRITHER NI, &ia, TAITRE LA
WXHIEER, EERMTERNMER, Hik R —EARKTT 1,

1.1 JEARRITESIRFINA

FAITE = IR A (visual speech recognition), tHHFRAEEE (lip reading), KEETCFA RIFL
4 (silent video) SRIRFITIEE Wi tHAINE . RIDUTERERS PRI H SR B AL AR S HY(E B AT AR
KR E A E M (audio only) HENEEIRA] (auto speech recognition) HYHEREN, XTS5
BHIREWIFARNMEFIS | T RKEBFFREE,

A AE & IR BUE S AR N IR EE (word-level lip reading) , AJFi_L 2R3
£55, BRME 2K —BRESTEMANAIN, sFRTCHE M (slient video) i AMFIT2E,
H R KA T EIETRRAIE S IR RS Z LRW? (Lip Reading in the Wild), %%
S B (video clip) [EI7E 29 Wits, H 500 NRARL, BN —DEHiRRIE, H
FRE(IFIAL T AL A BRI IE AR O (RIS TR S5 2 M BBC 17 B HIERRY, A Bk kR E
FRIALZ AN, A& AR Y E R, BAESER AR (word boundary) A T-1HA ML M2
H AR IE Fr L2 B,

KT AERAEARL R ER, WA TIEM TRZIRE, Stafylakis et al.’!, Feng et
al YR TETE IR NS (recurrent neural network) HURARIAFINAZIRHER, A 0-1 K
RS TR RN, K15 TIRKWIEF . [RERIEINRE RS 1R R [ AL,
A DARI FH A R BRINR-IE, IR, TEIREE 25 RE S AT BE B AU I R M A T A, 7
TR FEANE ot BE 4R 5 T AR E A BRBUHRFAE (ANTaTE AL 28380 A0 B s
fIE) o BRI IR A M o AT ARG PR ) £ it 72 27T (unit) FRAREAE S B HTAIA.
Ak, EAMINGET A BARAR LTS, BT BARERIRG,

K25 LRW FdBEM YK ER s, Ja 29 i, ETERHMZMNZE (convolutional neural
network) FYTRIZ AN IE = IR ARSI E AN IRL FHE BRVIE LT, RSk E | S
2L FIRERIER I, AL P HIH B B A PR SR RN T 2 TR A B 5 LRW-10001° E, &
FARREE X 268 FY ZRINBE B B 4 B B TR P I 2 AR BRI SR B R 2208, BAE RS T &R
Z M4 R TR 5 SR FUE BT IR R 1R B IR R, 1E LRW £EE -, A&
PEIEFERE I (attention mechanism) FUREEY Wiriyathammabhum!” ¥ REFE B _E iR P

F1o1F4a5m
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BRI EERRZERR, JRAZETEEIIHIRER N A A BRI, fEEFA. NdEE
HIESS _EAUNAE N B A PR e R B E S FEF A Mg 58 EiEa KT, K
BHREWIESS, AN, FETERMEMEIER —RE, B TRV BB R IC A /)
HOF 1AL 55 B

TEANE =S, BAHRE THEAEREIIEE (attention mask) Y77 5K KA1 F L
% 2| Transformer B2 [G]HHEE I EETF MoCo 2T ZR A0 B Rt s, {5 PR 12 A0 5 B ot Y
FINLETEL 2T AN, TRHAIBEEITE LRW 85 LikE] T 88.8% HUMERIZR, 2 HATZ
PEREAIRAAEE (state-of-the-art model) , TEILEAH EFRATHIAMZEL ] CTC (viseme-level
connectionist temporal classification) fAKFHHBIFS], GEEH —DIEFHE 89.1% HYERFZR, HH
b B AT & AR Kim et al. > 486427 T 0.6%,

1.2 AEZESINETIRANNA

Z S UG B VR Al — T[] ISR A RS Y = 40 e AR B SR s B AL o s N AT IE =
WHIESS, IEFR, BE—EHRZERRIIN RISz —,

HT AT BN ZEEIEEER, mEME AR TIRA, RIS & 5 fxE
ERK, FrlX 2 —TEAKRIMERNTES, BE B 9E ATIE B R B a5 F A
ANIE R SRR = A S ERE, PR EIGEEF A — IR I E %> (supervised
learning) [TE%. BN, TEAIPREAIEZIRAIES Y S 28, WA IERERTI
HITR G ARATIE B IR IS5 2k 5 | S AR 0 FHIERY # > Petridis et al.l'l, Zhang et al.''17E
LRW RS Y2t T 5 ¥, Afouras et al.l'l, Afouras et al.'2l MV-LRS £dE!1314])
FIRNEA B FRIRRIAT B, i o BRI TIIZR,  Afouras et al.l' ! HR (i FAH[F]
JTiER VoxCeleb BHEERIDH T HUIIZR, AMBEA X LTI EEIES, FS—1MF
RO BT TR+ RMERY, AN R ZE I TIEAE > (curriculum learning), PAHEZ2Z
FAIAL Bt TS ) 20 i AT TR B 551 RSS2 U o 21t o ) B 2 el
ARSI, H—T7H, HRIATHE OU0E & IR AR R B BT R LI RO I
FrE sl I ZRIX M A I SR B A RIS Y T B S 2K

AFRERNTFFRZEEIEREIR, AW EESEIMME N MESEE9 5B KEN
FARITCARERHE, EAEA LEBRATR I, ERTERERN 55 2B S A0E S IR I EdEE F 20N
LRW2 (157 /NI LRS2M (224 /). LRS312 (438 /), F3F 819 /NHEE, 7B A%
tb, HeTEMAERATA] DA B FCFRIER Libri-Light!' 3RS, HAEE 60K /N 551
I8, BT K T ARERN T 280 IS A ImageNet' (14M 5K E f). cOCOM™!
(123K 5KE /) SR E 5 RIS (55 O£ R 46 mT L A

BEULBIAEE 2 A A B IR B SR A A X 8 KA TR I SR AR R - 2 A S G =
WAIRPERE, B B IR E 2 S ELW AN — RN TR EEIE % S — R RIETE R,
BINTE B ARG S AbEE 020 EE R DU AL R3], (E1E 2 S A0S
B LA B IREY ST EREERE TR ZER, Shukla et al. 202 IX 77 /D s
Wz —, HIBHMET AP TESSIE, T2 HAEALEE] T 58 IR BOR BITERE,
BELEIE = IR A7 AR 5255,

—/E R H ERRAARIR 2 A AR B B | SRR E O 2 A5 AATE B TR H A
FIADE M HVRHEAR XA . TEEAUREASH, wav2vec®”| vg-wav2vec®), wav2vec 2.01%%,
WavLM#! HuBERTUOIE B B I BB R 1 HAE B aNE S IRBIESS LRI HERE,

Fooidasm
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INMTEMAES, HREERA n] TS S IR A B BB mil g iy, (B0 T8 A A0 52
fEFREN SR, MoCo?), SimCLR™* SimSiam!, BYOL>IZEMEAUERTE 73 KA F(E 55 LR
T HHERERE, A AW E I B S RHIEIR IR A AE — L RIME, H T 72 = A
EEIRAIF, Wiz BB ERIFFEZERN, HMISMEANEGZ 5B LxR, NE
BRI GBI 55 il B T ZR AR v AR 2 75 RE S IE T 2 0G5 IR AT A = AR FN Y

TEXTUESSH, FATEHE R Libri-Ligh 385 _EFIZRH wav2vee 2.02217EH
BATHIE AT AN T AT, 3R HAE ImageNet!"SIEHEEE _EHIIIZRET MoCo v21¥1, FF
F—"1 =4GR MoCo v2 HIE—NMERE, REELIE LRW HdEEE _EIVIRZAMAR
EEIRANES N HEATROE, BB, FMBTTIEAFTZRREE SN, H EHEBREH
PN T BV RN [ AF 2 TR, SEIRLh SRARAH, TRATBIHT AT 75 20 B AR 4l bt
WEPEAKES T ARTVATR, EEOULES, BAIBUS THRTHRI, 1£ LRS2
R FIRE T 2.6% WUEHAR, MX B RTREASEA 30%, BRATAAE, XEFE—MME
HATE = TR 22 AR08 B AP A R FH BRI | R AR Y A

1.3 HRTEEELE
SRR AT DAZA A DA LA

JRI 15 P38 AL B A S R T A o ORI PERE . AT I R dd AL B 1 ot
VIR RS A ) — A s N BB (L = 4E A0, (15 T SRRHIE R B 2R RE A i RN
DM I RS, RN AR I R IR 2 5% (domain shift) 7 RHTFEM,

Pt 7R TR DU R () TSl SR S A E R . TR
ERNEERESIEIDAEE, 18 FEARIAAENEE SR SNSRI L R ER, E
HRFARR [CLs] MAES BMAENRIER, #EETERNVIHFREE S H K
AR FH IR 5 BB BRI AAE Z IR A S5 IS

feth 7 EERIL RS CTC R sE S NI~ >« JATI R RS CTC 57
KRG T iphdastiin HAMNIM RIS EF S, 8B RRFTEMRAER >,

feth 7 O S I SRR PR T 2 B U BUMPERER T 12 TR R E M
RRE R RR SR EIZR B SR o BT OV RHE SR B AR, RSB — D RA Z B S
EEVHRESRAFRTTTE, WORIETH 7 287 5% T RITERE,

i ¥ GG S UM TRBE : FATLAIARSC R H B MRTL R ST L, A5
PACERIEIE M AN B, BEUE RIS TR, 2 )IZr U HEAAI AL E B 1),
SERK T S R 2 0E & TR A B,

14 ZSENE

RENG T AHIBEAREER, TRPANE S IR AN A R 2 EE S IR BN MESS
MR E R, ASCHIEHIMEZE TENE. REFRNDESBIWTRoTEE T 1 R4S,
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BE MEXIME

2.1 BzhEEIRF!

HaE S IR Bl H feii S ARAIIENE LSS, &FHIRD/RBERER—R
FERZE M4 (hidden markov model-deep neural network ) HENEHIRFIRSR ZHEHALHE
BURHE, QIAS/REISTE 220 (mel frequency cepstral coefficients) i AP, {HR4HY 745 Y
(acoustic model) FRGEM A T8 FH R 40 RS RHAECS B R AAE AR (raw audio) 1E MM, FFEH
ATYIZRAYERATE B Ao B TARMIERR B33, SRENR GBS 5 B9 Im 2 i R SEAE 15 2 A A
PURZEIMEIMERE, MHEA TERHERK T RANE 2. N TS EIRIEIR A 7RF
5, UmEH (end to end) FYRAIEALIE R R CTC #1KBOEL seq2seq (sequence to sequence)
K2R, Watanabe et al. " E7R, CTC 1 seq2seq FIIE & I ZRF0 RS n] DU —224E B 3
EEIRAIRIERE,

22 ALKMIEF IR

R R B IR S LRW {50 B TR B 2 3] 77 IR i AT TR AR ATE & R A1 39 TAE
Chung et al. 2 7 —1NET VGG-M HIZ 5 (multi tower) BRI M L5244, TALIA
PRASTE B IR A AE E H— DB RSB IH, (region of interest) HEHUISHIEAYRTIHAI—
NHTI R SR, Stafylakis et al. B8 E IR G| A =4EETME NS aTIm, HE
—NEgEBHBEREE — MR SNSRIy N P RHESRBGE T, B4
Z FIVERTISRD: 1639 ) N F 5, FETIERERMEEER K52 LSTMHY (long short-term
memory) [W£%H1 GRUM! (gated recurrent unit) 4% R 44T B AT 7 FI AR RE ) AR S8 A Y
BETHIAL FHUE B RIRE W T2 B F. 38 4244 BB i I 28 1Y JE im S 2 T 12 M A,
N &R %% (temporal convolution networks) #Z5 F T Ma et al.’!, Martinez et al.*®), Ma et
alWirh BHETHRAER Kim et al PR T F SRS E N Gk, BT EENVHNG
Uit 4l Transformer®'7E Wiriyathammabhum!” #7152 223,

£ Martinez et al. )V Z /], FHTIEIRME ML LEESHATIIG, JIZGmEEE RH=
FrERRYTTIERS 9, B5E, ABRERNN 7B Gk mimE TI145, A, ALY
GEALAIXA GRU BOW A LSTM AEHLEURIN R B R 28 5 b, RES R 25 SO o v A T
Wk, &E, BN —EHITHIE, Martinez et al. 3V Zrid 72 1 1k 8 v 210w 19111 25,
XRKBD TR E, HATE T EBIHME M4 HEE Ma et al.b! 5E TR HE N4 H
151 Feng et al.*# A] DUXEHH R B HERIZ . B UUEAY Kim et al. D@ A — D2 ke &
AC I RS (multi-head visual-audio memory) RFIIRN DA Z A & RIFX R, A A HHHE
R EAR RME A& & AR HY BRA],

2.3 SZIERFMIESIRG

B A B IOE S IR A AR R] DOBIHEIRL) —+4FHT, Dupont et al.WVE/R T LAil(F
AR D ARFAIE T PARK 2 5 T B2 S /R ] R B B 3B = IRBI R S, 85— DIUE MSIE S IR
BIRGUETE Afouras et al VFFIR IR, HARGER TIREMZEMSE, HE, ZIUR— B ERE

FaT1F4a51
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) s o one sy BT TS RDN S E SRR
K, REZETNEEREI TN, a0, Zhang et al. " A2 H TR SEL (temporal
focal block) FIZ3[EI-I R A TRIE, Lee et al.*8RZR T A Transformer ISR F ML,
55— & 5 B e 5 FRAE 5 A BRI 2 AEAL Y ST 77 R AR = 5 A0S B IR A B PERE, Liet
al WUEH T —MNMEBSHIMAEIZR /7%, Paraskevopoulos et al. SOEH T — PN 2L F# S T5
K, FEHEBAEFRF (character) #1718 (sub-word) 27! E#BREIRA!I, Shukla et al. PO HHRER
THREFEINNA, HAH TEESERE, NS5 A A L,
B ASTOE B IR B RS 2 2 > B R ERAE Tao et al BUH (EEHAR HIEEELELL
LRS2 A 52, HRIFIRMERIIET i H Conformer™ FH ZEAIFIRE & CTCHER TR
T EssE LRS2 A3 2| ¥ifi F > i 9 A BEo

24 BYEBE3I

HIEES] (self-supervised learning) JTHER—EH 01T, KR ANEREMEIEII AT EIR
TR 8] BT 25 R ST R — RERAE, X EEFSIB3) (contrastive learning) TLEER Y IX S
R BN BT 5 TEBRE S B, BA BN AR IE S 2824512021 (language modelling)
B T RIEIE S &M TSR, TEHINEE A, X EEMERTNZHAS2 (contrastive
predictive coding) EAEEEIHFIES B RHEHIEH, EMRIUR, RN TIEESET
EG AR 75 ECI R T B B aUESS, tndcEPY (distortion), %53 (colorization) F1_E
RTINSO (context prediction), T, 8 AT bbad ST I8 F A 8 R AR ST ES T
i3, 41 MoCol® 231, SimCLR, BYOL®I5%, HAE NfEAI 70 KA F55 B RA R
/18

2.5 HwEING

ARENTIVE R EENES R, WEFIE SRR, 2 E AR
ST A, TSASTIE B IR BIN B A ST = SN2, SR UT0E 2B A P 2
KSR, 305 B IR B R I B R AR 0 5 M0 2 B U 25 IR AR T
BHEITT 2, FRAHR A SIS 2 R B BRI A1 S UR0E 25 R BUBTRIET S 7 6 e
B2 ST T S R R B
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3.1 =HY

AR BB HE ARG 2 R BRI T A0, R R TS A0S A
SYRIS=ERLS  FIHIET B MoCo v2 WAL I RURLE W46 St £ LA T4 (AR
S TIN P, A DI AR B R T S, TS SR 2K,

T X i -
=) |
| | | | | | |
el —45TR ]
| | | | | | | | |
[ TransformerZz i35 ]
| | l | | | | | |
Po P P, P, P, P Pe P, Pso
CLS F, F, Fs F, Fs S F, Fag

El Bl El EELELE B
B 3-1 TagpiiE S iR e
F AREAMIRFAE, CLS ARSI [cLs] ik A (embedding), P 1R B Y

EI3-1H R T IR AN B TR AR R B IR ZEA , AR A2 29 MUK R, 735
S T MEET L ORAYROSRX I8, Zd Al TAb 2 JE R 2 MUY R E F, FRATERSN
IIA—"NAISIHY [CLS] N, FIXERAEMN R4a0 A B Ywtd P, 2 J51%%| Transformer
Zitaas (encoder) HHHTINFEAR, [CLS] RARMMHARET — 452, @il
XN (cross-entropy) HARBEATI L, MATMIA S H A LIS —4EERUS 2] CTC %, 8
It CTC HAZRHBIHAT I

F3-1H IR T & B R AT R AE4E FE AR, BB N2 T x 1122 x 1 R/NAIRIL
RS, TERlRT, S =482 )5, FHEEl (feature map) HIFEAIEFRINE] 28, JEIEEL
1RFHE 64, FZZEIE MoCo v2 HTIIIZRAY ResBlock ARSHARBURFE, K& MUSMIMIHZEH 2048
AERVRHIE, 725 WA PR R B ARHIE S 8 F — 4B U TR AES dpue = 512 45, ZJmiELt
Transformer Zmfd g8 HATASIMUEMERIEE S, 155 dypoger = 512 HEEELNST T ERFNRHIE, £
Kby, HH BRI T 22, 52N =500 4EH9772K45 R,

R
(o)}
=
N

/)

A~
Y
A



e
g ) YEXAAE

% SHANGHAI JIAO TONG UNIVERSITY ETT@W”?E&@E’\J%&E%%%U%éﬁ
N - PATER A
%) Bk )

Tx1122x1

e =4 T x 282 x 64

I
MoCo v2 T x 2048
\ — B T X dpode
):D‘ﬁ#ﬁ del
Transformer Zwfid 28 1 X doder
sk - N

7% 3-1 USRI R A
(R RIZER/ x (RN < BEE FRBIAELEEE, T = 20 {REPSRMIEL R,
dpoder = S12 IRRBIRIGEREE, N = 500 {RFEFNEL

3.1.1 Eijm

AiTS 2 A TR R BR s (R Ho R P B BT S M 22 SR IR R, FiTi E S
TR — AT A ARFAIES

R Xtk

i PP TR 4 W 45

MoCo v2

ETETUN

P 3-2 ELHEAEH MoCo v2 PRSI 5 U AR

—/NE R B P00 ZRASEE Y fe B AR R R B A AR B G RS R fE, FRATT 58
418 Stafylakis et al. P8I ARBRIEFE T —Ma] LAY L SR, Koo A\ 23 Il 2R /Y
MoCo v2 (ResNet-50 Z844), 1SEIG MISIRIRHE, < /58/AMER TN EERE,
MNEMZ G A #FRHERST (batch normalization) . ReLU & Aitft/Z (max pooling) ,
XN TG RN RIZERER T 2 £, 2Ja, FAMER— ML E (average pooling)
KIEFAEERE SN — DR, B —PMRIEBRTEM I, 702K Rl 2 E R AT,

G SR FA TR I MBI RER R AE, RN FEAW A, H—=2 MoCo v2 iil)I%5
TRZRARAE AR T AR S ARSI Z R (domain shift) ; H /2 MoCo v2 iR/ X fifi[A]
IR T K 2R O A

B33/~ T MoCo v2 TIIZRFT A ImageNet £HE S 5 iR AWAIE & IR BI AT FH Y LRW

F7o1FH45T



ETFMIFEENSIRETIRAR

T AL R
AR e Bl R o
13

a) ImageNet“g] R EG b) LRWZIHIf) !fgﬁ

& 3-3 ImageNet 5 LRW R3] 72 5
ImageNet FEG & RPIE, LRW PEIGRBEE NI, —HFER%ER

B AR ZE R, W T EIIE & IR A S R — 50 A B B A& BB AAE
L, EBZVLIE A IETEEEEE, T MoCo v2 JEIS FIZRME S S S0 2 R E B
PR —HRERALE, 1R B Beb AT A Ay Fan 2R A0, it o FA0E & IR AHE S5 R
HEENEREAE R NGRS T,

4

| ™ e
i ] / ) <z Vg A
7% 2
T 1R
& 7 &
z SRR ]

a) ImageNet F &K EE

b) LRW A7 B & (%

Fél 3-4 ImageNet fHEL LRW 345 B RH:
ImageNet FEGONFANHNLHIG 5, KNFPHEE; LRW HEGON—BOE S i i

MoCo v2 BRI T ZRAE S5 /2 R [R] — 5K B Fr 2 PRI [F) B o 7y O THE 98, FF
EE%E%%%%F'E%?EZ‘U HURFILE, RIS RO AR E A Z ABRHIE, IXFAIZRESS £ AR B &R E
TR, B NEGERICN P E RN R, IIE ZIRAESS ERIPR T H MR RE
ﬁ]%?%ﬁtﬁ’ﬂ@%ﬁﬂé?‘&, HE MW RS RSN E, E3-47R T ImageNet #HESAH L LRW £
LN FPE R, B MoCo v2 SR/ X il ] I I B R AT R RE ), LSBT HER
FEMIE BRI S LRI,

N R EA N MoCo v2 BRI~ AL HIERIAI 22 57, DAK It R] AR TR BB R AR A Bk 4
EI3-5AT7R, FllMULRE MoCo v2 H/SPU™ ResBlock, K RiIAMITRIIZE —4EEFIE ol =4
B, ZHERERE—NESR 64 NMEER S x 7 x T([A] x BEE x &) BRRA/NI =4k
ERE, REEMEIT N ReLU, fEHAVRHEE 2 58 — M 2 oKt (L 2R PR
[FIFARE R _ERIRST, 2% HRVRHMEE AU INN T x 282 x 64, 1ZR 55 MoCo v2 B3 —1
ResBlock AU AR, 245 7 —DIAERE 1 MoCo v2 B/ PYMUI1ZR ResBlock Z5%%

258 13t 45 T
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T X @Rk
Y RS TR AR [ 45
MoCo v2
&M R EIMoCo v2 Fi)l|Z:ResBlock x 4

Tl = 4ER

B
=451

TN

Pl 3-5 ARG MoCo v2 11 b il i 1] 2R A3 R 5 BRI

BEMSEEIRAMES . RN, FATR RGB MURIEIGR ST K R AR X A] PA
ARG IERREESI B EE R, ISR & Jo 2 =4 R RE NS AE AL b ATl 3 B R X
BHIZIAER, HUUZT I T HBIRENLOTA (RBER, i AAE & TR A Y B 55 A5 7
SR AT DABDHT - S S EE R B U S ERRAL, 210505, REUENRHIRTHEEDS A 53K
RAAIAE = IRBIMERE, TEAIZERICRAE3 27T,

3.1.2  J5im

JE S R AT I PP AR AR ER, L RES 5 ST BT 4R X H R B AL O RAE < TR O R 7 B
7, RHRERHMEES N —NHRERTR, TR miagnsk,

4 )
R
B i3t |
BEH—1
ZLERN
. J

I 3-6 Transformer Ziiday/2

AL T —4EEHH 6 2 Transformer JRiS#s YO EN [, —4EGIEE— MA@
TEE 2048, HHIBEECN dpoaer, EN 1, BREKNN 1 N—4EHE, DIHES
—{tA1 ReLU, HHMWTET X ETHIERIVRHEH{ TR R, &2 Transformer Zif% 28214
MUE3-6FTR, HE—1N23LkBEERE (multi-head self-attention), i A K & R 1E N R
JIEIE (query), B (key) FIMH (value), BMNMERE I3k (attention head) ERREATHE A
TERET] (scaled dot-product attention) &, Hig ABIE4EE N a0, BWEIWAEE, DARYEESR

N

H

F9 7134511

\|
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d, WME, TEREFE Transformer Jrfdes d, = d,

oK”"
Vi

Attention(Q, K, V) = softmax( W (3-1)
Hrb o REA&EW, K RKRE, v IRKRIE

ZAF R RIEET RANSER NN, SRR RIS L&A, 7
ERHHLEE] dis di T d, 4EE F, TEIXERGIAIE R, BAERE MRA LA THITHERR
RREENE, P4 4, EREEE, XEEREEHITIHEE RO TIRE, MMmEE
RANE, Z3KERN ARk B AR E EARRIE T2 HAE o

MultiHead(Q, K, V) =Concat(head, . . ., head,, ) W°
head, :Attention(QWl.Q, KWK, vw))
HH Concat K RIEBIELEMAITHIE, h RRIERIILEE, di = d, = duoaa/h, WP €

Rtwoaerdic | WK ¢ Remoaerxdic | YV g Rebmoderxds | PO g Rh-dxdmoaer,

AT 28 B — DN ASFHEN dpoaer = 512, HIHFHER d;p = 2048 NEHEE, —1
ReLU &, PAK—MHIAFHEN dyp = 2048, HIHFHEN dpoaer = 512 FILNE EHES T

TEARSCH, BATE S IGREEINRER A — 4G E, KRR 5 RHMEN E—
A~ [CLs] HRA, —HEIEA Transformer ffides, [CLS] /& — MRENLRILGAYT AT ZE S BRI
N, BTATEE DI BRAVRAIFEEA R — [cLs] A, HERZEEmANM
BT, IXAEFRATAT DAEE A Transformer i esfa iy [CLS] #RAM BN SCRIEE A
B XA RAL, TR AZ Transformer Jmfes 2 /i, FA B & B 48 % B dm bl
SR [EH A B (S R

(3-2)

PE (o521 = sin(pos/10000%/dmedr)
PE (o5 2iv1) = 0S(pos/10000%/dmedet)
Hh pos BMIINIE, | BHEE, AN BREIENEENN T —NEZK, EKE
B—NM 27 £l 10000 - 270 B9 LRI ER,
FBA TR A== H Stafylakis et al. B2 HY 0-1 R IRNIL AR S 2N g+, (#
FHIETFRHIE x+ B0 fa b B F

(3-3)

X" = [X¢, by] (34
x 228 t MEGIEBUSRIRRE, HA
b; = 1;en (3-5)

B NP BFRIAIPTTEMI & &
S, FATRIIXRN 0-1 FE/R KBRS T2 S LI AT IS e AR A Bl SRR,
MEBIVGIAREETF, FAHE Transformer Jrfd sy HiER 71 (self attention) THEH
R TAEBR-7AT R E T IEE M

M =[Mcrsy), My, -+, M, ..., Mr]™! (3-6)

M, NER ¢ O AR R T e
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<CLS> 1 2 3 4 5 6

<CLs> | -inf | -inf | -inf 0 0 -inf | -inf

1 -inf 0 -inf | -inf | -inf | -inf | -inf

2 -inf | -inf 0 -inf | -inf | -inf | -inf

3 0 0 0 0 0 0 0

4 0 0 0 0 0 0 0

5 -inf | -inf | -inf | -inf | -inf 0 -inf

6 -inf | -inf | -inf | -inf | -inf | -inf 0

B 3-7 SRBIERINEE TR, BIr3onE BN P PO S m iR oy, EREL 6 i
A, %3, 4 WOy HbREFTENCN B

[—inf, —inf, —inf, - -- , —inf]"*!, 2 [CLS]
Ml = [0’ 0709”' 7O]T+17 t e B (3—7)
[mcrsy, mo,my, - -+ ,mp]™*, t¢B
Hrr T =29 s NRORLAIU BRiEL, AT ¢ ¢ B RVIEDL, M, 5 i MTEm N
0 =t
m; = (3-8)
—inf ,i#t

IXARTETR S AT DAEAE IR SN REE R B O, 24 T HAE Transformer Zifd a5 A
HATERAAURIE, FOETRTBH . BARIARTEMR] LB RIFTA W, MM TR 7R,
H B AR BRI A M) S T RPE MR A BRRORFAE, aniiil AR IE, YERRERFRIESE, IE
APV STEI RN £ RS R.  [CLS] BRAFTEWIRT LAEEI B ARRIFAEmT, Hn] DI
BIXLEMFIRHE, i HRERARREE NI A BRAIRE,

3.1.3 Es

RA RN FRAL AR RS B BB DA B SRAEHEA T 20 2R BB FRAIE R 7 — DR
A — BRI Ry 7288, HAUE— MR BEIEIN dpoder = 512, BIHUBEEN dpoger =
512, HKN 1, BERANN | —4EEH2, #HEBIT—LH ReLU, DN RE— i AJE
EECH dipoaer = 512, FHIBEEECH N =500, HEH 1, ERRANN | —4ERIE /S
TEREFZEI N = 500 DA, RBHEAT [CLS] IAGW Sz Gk, HAEMS
BTN BRI & 5 B DT B AR,

3.1.4 fRIESHS

PR 7 or2Eds, BADEHEMN 7 — MEidas H THBIR CTC #iKIHE, HEELIT 23k
AR —4EERURER, HEAEH AR — SN R — AP, B EINE SR

%11 145 51
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TR EEER AT — b, HEFE D —RERNRRRERE 2T SE RN 12, F#Y
A AN

x={x;},t €B (3-9)
Hrr x, GRS ¢ MU A28 804

3.1.5 FAREKEL
TR BRBCE A TR E F 28 R CTC RIS S, XL Lo TEXLH

N
Lee == Yoelog(po.c) (3-10)
c=1

HAR y, o MIERER ¢ BENMMEEA o BB (ENERTR, po. NMEER o J&ET
Al ¢ FFRMIBER, CTC K Lore AR

T
Lere = ~log pere(ylx) ~ = [ | log p(yix) (3-11)
t=1

HA x =[xy, -+, xp] FRRBARIING, y = [y1,---, yo] FORIERIHREE, KA T/ L
SRR AU FIFIAR BRI B, AR3- 11 HAES 2 F CTC ik Mik S Mt
P TR 45 AT

PATTRAAE B R BT N

L=ALcrc+ (1 =) Lk (3-12)

Horp A F T2 CTC M AR AR AR, FATRISEI R A = 0.6, SIAFIERK
CTC LRI Z AR VR STT, BTk WA NI E(ES, HIHEFF
> EARAFTAEMAVRHE, RITRZRBITERE, A ERZ Ry ER IS DR /ML

7, BAE S IRAI RS R ERE T,

32 I

3.2.1 HEE

FRAT M — AN A A FF AT F B9 TR B R4S LRWEWE R FRATHIINAE &, %8
JEEET 157 AV NATZEAR, 2511 489K MK E BBC 5 B RIS B, #BAEEER 29 ik
B, DA 2SFPS ek, IR B S T 500 MATC I —NISZ AR, BFRAHEIE
WA B AR, B R R S, FE TS 2 I ek B F .,

322 LKIKE

BAMEAMRIGNIRA, FFSERNN 12, B 11 MR T CTC #ikrIRiik
PR [blank] H, HTEIRENERAEES—MNAE, FIUBIHEIRICRFAEIEZEE,
(EREE L2 IS RN

FATMEF ParkCHf 26 DNISCFRFIeHEALN 39 1 CMU HZ (phonemes), ZJE{E M
Jeffers et al O RREZ RN E] 11 PR, FEEIEDISCRIFEA DEEIHERFS, H
B RFIRAIREGSZEZ 0 —HI . BARRYZ REI RS R U AR3-2,

%12 T 45 11
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i

=

FV
ER OW R W UH UW
BPM
AW
DH TH
CHJH SH ZH
oY AO
SZ
AAAEAHAYEHEYIHIYY
DLNT
G KNG HH

N = = D QMmO w >

732 CMU & Z 2 E et

BATHISZIEL T Pytorch ZES3! F|F Pytorch Lightning*SCE, FfTICEEHE T T HBEH
FTEINAWLER, BEARSUERE, FAIMEHAY ™ NVIDIA GeForce RTX 3090 GPU i#17T
WZR, NFEEN 96GB, YIZRNKZIN 2 Ko ML AdamW AL OSTHITIIZR, M
1072 K/NIAEZH (weight decay) RAIEZRy 0.2 FYEFF (dropout) HEATIENIML, #I4E
HSJE 93 x 1074, LR EAIR R I HE R R R,

a) H dlib A EIF) R, SRERIRRR 68 Mell ki, A XEARINUE dib kel
T E)

b) SePEHRE 5 IR RIS A

) FIBEEEN 12 BB EOM AR T AL EE,  FF6E A B H S P92 B e M B
X$7F

d) i 120 x 120 B9 AHE (bounding box) # 5 H /B H0 R4 R [X 15§

B 3-8 JH T BEHAZE R R R RR X S P i Ak PRI )
PAEBE s Fef T B AUIE A dIibCSEIHERER 1 68 MBI, O T IHPRIRELHE

F 131445 T
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ARSI ZE R, FAMEF Martinez et al. B R AR IR ZE OIS AG 0 5 I S HT
RN TR, N T AT dlib TR TN SCHE ST, BAER T B 12 MY S HE AU
BRI, &G —DUEEXEOIHIL, K/INVA 120 x 120 AU FAHERE BT R4
DX, BB E IR HO K, FARIE SRR SR EEM 7T 24T — LB, 7l
AEFEAL BRI DL 3-8

hingo: E)IZRI R PR Ma et al "OIRREIRE, FRATSIA BEM 112 % 112 /Y
FENLEBIFIRER Y 0.5 HIZK-F-BIFL

PR 2 ARSI — RNE IR B R SR AR i R T AL RE RO — R DL, &
HAEN ML (A EBFEEM) 2 HEIRCER, Pereyra et al 7 EIR T IX RIS L)L
N URIEEES ERRRNE, SEEGsK, EEEE, YlasBEiEE IR,

SRR AR 1ETT RN

€/N , N o ESARE
Yoo = N-1 . o (3-13)
1- € , c o B LHRZE

N

Hrf N =500 WAL, e B—N/INEE, ERNATLHIARAZ RN € = 0.1,

Kim et al. 12 H T+ CTC #RRIPREE 1B AilE, JEILAE CTC #RHT HARE B0
AN T =D IENITRSEEE, XA NI 28 B o0 1 P AIFRRERIBYES 2 7046 U Z[H]
fY KL B AL

T
L= Dir(PIU)+(1-€) Lere (3-14)
t=1

HAHF CTC #i% € = 0.01

SRy SIRYAIEE A ST 2 B R A DU A ST ZTHAYI, SO

FELEEA T (R MR MEL eV R e (12 S AT B T E B R UG
1= Min + 501~ M) (1 + 05 (3-15)

ok, R AN (epoch) BT, n=3x 10 WEEESTR, n . K T
52 S5 R R IME

o ST 2% ) TR — R/ D EHI SRR R E M0 (primacy effect) 197715,
MR, TR AT BT — LN N SR G RORIR, [  E) 2 B  p
R IEIIILE, Bl 17E R S R EEBRTRII—AN Tyarmy = 10 NI S 2
BB, 2SRRI K

t

M= n (3-16)

Twarmup

323 SLIRSh

BAHERI-SHNALRMGER, WE TIRHIETR I HERR, A0 HAIRZAIIE
FIRFIEERISIEL T 89.1% HITERIZR, b HATERCHAEE Kim et al PHESE T 0.6%, XE—
ANEY KBS, 1Z{T55 M Feng et al.* 15 2020 21X T 88.4% IHERAR 2 J—HIRB K

TeTte BATAIRERIAREL H AT 4 892 TR IALHIE) Wiriyathammabhum!” VERHZRAE KR T
T 4.7%, SUE T EIRPRASEZ IRBIIX DN E YR ESS EE TR ISR AT DR

514 T 45 BT
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o MR F R FHE R EI R AR, 5 AMEREE] Kim et al. P T2 E FARTERN T E A
SOEATINER, TFATH B BE IR B 75 26 F Tohn it Y SR E BTN ZR AT AT, 250
TR E

3.2.4 JHREISLE

WaRFS R (%)
HLk 87.4
+ ResNet-50 ¥ 87.8
+ MoCo v2 Hij¥ 88.8
+ FFY CTC #ik 89.0
+ M E CTC ik 89.1

2 3-3 IS E UM BRI RS g

PR RS I 25 SRR RTERR3-3HH,  FRLRASAY(H A ResNet-18 i A~2Z MoCo v2 {E AT
Ui, AME CTC 5B, FA1E /5 ResNet-50 B Rt ResNet-18 B, MEZRFT 0.4%
HIHERRRIE T, RETATHFRYIZRA MoCo v2 tXEEATEA1L ResNet-50 Riidit, T&FFT 1.0% Y
HERRER, IXIRUE T B BB il SRl n A AT DA ROEMAE B IR AIESS. ZEn Lk
HRBNHY AT CTC R AE B A rh Ny e EEASASR  S) B RO RAE, FRATIEEZIT 0.2%
HIHEF. fefm, BATEE T AMEE B SETT, RO R B IAIE & IG5 B R Es
BT, BATXIRE T 89.1% HIHEF

3.2.5 EIESIEEIRA

VARES TR (%)
MFCC + X{[A] GRU™? 97.7
—#E ResNet-18 + A [fi] GRUM“2 97.7
—4E ResNet-18 + XA LSTM + iA]i4 FLB 98.6
—2# ResNet-18 + Transformer + JAIAF + #1Z CTC gk (FAD) 98.7

2 3-4 TIEE VUM LRW Bl LR 2ifmns

FATEMIA T Transformer f5 %5 DA GBI CTC ML TE SRS _ ERVIERE, S5 AN15R3—
4R, BATIBANEEI T 98.7% HIHERAZE, /2 B Al LRW RS L RIE IS &= IR B,
IXAE B AT A IR UE T FANT7E f5 vt 58 B Y TR 200388 88 DA B CTC HZRIRIUR . S AR (il
FASRAEZR Y 16kHz Y RAE EE N, 18I — A S —4E ResNet-18 {5 2] 25FPS 1Y
FIMRFE, 2GR TFNARES, @ Transformer FIVER 1B E I TARAD, 0 2Ka8
AT, HHERRRSAR B S, FRAESIRESTEI RS E2E VEE T, &Rl
FMRTTEER, 6 39K,

i
—_
W
=
\
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N
Y
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3.3 AE/NE

RENET TR L ATRFIIEZ IRBIBR, AZ e TR DU,
WREURRHELAE S, 2 I o408 T R, S, 70 2SRRI ARG &8 1105120 AR A8 F B
PBREYL, TERTURER P FRATNE T R, IE2E T MoCo v2 T ZRE A BE T RFAEAR BX
FAERIRE, DARARHAIRRRTT SR, E/RvwmHsY, A4 7 [ Transformer ZwiY
ARV AN E IR, N TR RER R E RN e KA IR a5l 0 2
THAR—4EERERL, BBy, BT T ARSI CTC #i%, PN
MR HETT T, Ry, TV 7L IRARRE, PAIRATRI SRS R H R
K, AETEGTRME TR THERNEERESTRILANTTE, UAMEH CTC fLH B
gRARAIIEE RIS AR, REUEFZRET H AT LRW £dE8E ERIER 0.6%, 5
IE T BAHRH T IR A R,

i
>
p=il
pies
&
=
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cus BUGR-TIRE + SN + 1T (AN ) ARG IHEE +
e it 2SR KT RS L A & + 8I1ONSY + 1547 =

$'88 e it 2= SR KT e 8IIONSOY + M — or(FREEAHEE) ISR, + FZ00 L MNIE M &
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4.1 (5%

AR T TR A S MUTOE SR BB AE T AR, B S5 B ST 3
MBS RTS8, Rl S LB R0 5%, ZAT0RI ML 50 A0 49 BE I I 459 wav2vec 2.0
F MoCo v2 HE{FAHIERRER, MG 3 Transformer 23 BT SBIN P RERE . ARIGTERLS
LS AR USRI TR & T S M R, FIZT seq2seq Hl CTC Fi
AT L

AR NS AR
4 6/ 6=
W =P =% P MoCo == —#%EF = Transformer =P Eﬁ—{;t = Transformer = se}qﬁz;:q
s RBE
‘ 6/=

g =» —#45F = Transformer

B
o= s
— Wav2Vec 2.0 = —HEF] P Transformer == Uﬂ*’?k L 2 —#EF P CTCIR%
Encoder
EEGE BHE

B 4-1 AL E A S UM BRI

El4-17FfoR 1A S UG S IR AR BRI BRSO AR K A5, I
R RIS BT B ROGEXI,  WIR Dy 25FPS, AR MERFEIAE S (raw audio)
TENRIN, AR 16kHz

4.1.1 Hii%u
i Ji7hoN A
=)
T, x 1

B wav2vec 2.0 Ty x 1024
}:‘Lf”ﬁ]l —é&%ﬂq % X dmodel
=Y

Transformer 4w fida% Z X dodel

R 4-1 HHURA R L
(IS TIZE R > JBTERYL ) ARIFIELERE, T, F1 T, S0 AR S A A 5 S i B it
dmodel =512 fﬁ%%ﬁgggﬁgo

BTG BT A AR, FRATEAAE Libri-Light!_EFIZRE AT wav2vec
2.007, FEREEHN T HaEF AL — MR, BT Z AT b A B — 2
A Transformer 4rfides, =MATHCKE 16kHz FIFIEEMIE AR, wav2vec 2.0 1 —4E
ERURERE 15800 25ms, KON 20ms, @IS DGR, 16kHz HYJF LA Sk A
WREAN 49Hz HIF S, PR EHURRHE RS WR4-1,

%518 Tt 45 11
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N - BT PN
iy PR
Trx 1122 x 1
e =4EEH Ty x 28% X 64
it
MoCo v2 Ty x 2048
\ —HEE] Ty X dmode
E‘ﬁ#ﬁ f del
Transformer Zmh% e Ty X dmoder

42 PSRRI RHIESEE
(RIS x (SERAERAN) > OBER) IRBRHELERE, 7, ZorR PSSR,
Amoder = 512 1%%%&@?&&0

PUBE RG2S Z 6 ORI BE AT 5 3. 1.1 R 239 MoCo v2 ARl A13R4-2FR,
MUITE AN 112 x 112 KNI L EG A, SRR 25FPS, FREERHRERIESF, H
TS ERES PRSI RIMER R S, BATE LS == AR TR RAIE = IR
BIESS LR BT IIZR, DA R B Rah F, Tl R BRIy [E3-5FR AR
TR EFTAZE S Y MoCo v2 TE AR AT IRIZALIIIE S IR AR, I ZRIssE AT R it
IERSE IS5 FR A E AL BE RT3

412 5

H TN 25FPS, s iAE Med mimAt S 1S 2R ST 49Hz £, ERE]
H A MESHIRA 2 B EANESR, BT wav2vec 2.0 F—HEETHIESZE (receptive
field) BEK, SN MEZSHISIER FLBIFF AR IELF 2 55, FRATIEIEIE 25 #2507 S 7E Al
JEHATE RIS, B R HRH = IR R SIS R RSN 50Hz, PRUEALSE MU0 = 4
Wiz RITALF 1:2 BIEGI, e, BAERFZEE 68 H — 45 EEH MES B AR
PR, £5E Transformer Jrfd st it B — RS AN 7 A5,

HAGR : EE UG, AN S0Hz, RHEAERE 1024 RUE ML, T T —4EE
BURR AR RN 25Hz [RINRAELEEFEN dpoaer = 512, (L3 ESMRE S MR IR [F] 4
bR, —4EEREE— M NEEEY 1024, HHEEEN dpose = 512, TK
N2, BREARNN 2 (—4EERHE, DAREIT A ReLU, FAEH — 6 J& Transform
Tmhdas, HATUERE dpp = 2048, XN T B, TR AR3-3HE LRI A BRI,
Ra-1THI R T S A A S RS

PUBESG S ASE S VR A A AR 25Hz, FHIELERE 2048 BIRLATML, TEALGE S, XA
XF A — P —4EEROR R MM BN R IELE RN dypaer = 512, HAFE—DREIA
IBIEECH 2048, HHIBEECN dpoae = 512, HERN 1, BREXK/NA 1| H—HERHE, D
L JZV4—1kF1 ReLU, Transformer Jmtdes 140 BRpD % E S EMamtE R, (EiEEAN
it JE ¥ Y Transformer Zfidds 55 AMEH — BRI SE, MRS EMamt =28, 4
FRIATLAL A N\ o RS AR 4-2,

i
°
p=il
pies
&
=
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413 RIERELR

Kk B SR GRS HRHEE R S B S 72—, TAEEE4E G HETHE,
ORI N 25Hz, FHAEAERE D 1024 FUZ ISR, TERE MESHIRHELE DS RGIER Z 7,
PATTD LS T A AN O 3 2 ey R — 08, X a] PO A 23D — MESHY 77
ZEOR, BEAFERLRNE T R B 5 —BESHIRHME, BT S5 5 um 2R PR —4EE R Rk
E AT R LE R IR ZE dopoger = 512, FEIEH 6 J2 Transformer gwfis st 5 SR 5
MG Transformer ZrtS s i BEAHE, Ho] DAES BB T 2 1IN 7 A,

414 fERYZS

FA 1% R Petridis et al "VHIZ'E, FIRFEFH seq2seq F1 CTC MRS 28 5L T RS 1B
R R0 8 RN A T R

seq2seq fRES AR : 55— T2 seq2seq LA, i 7 —1 6 |2 Transformer f#f5#5 (decoder)
M —4EE/,

Rl A AR R

Fél 4-2 Transformer fi#h5% 452

Transformer fRFS2S7E Vaswani et al. “IHEEH . B Transformer 528 Z RSN E 4
2R, HPEEWDNZLEREER, EEAVIHIRITER3. 1.2 N288 Transformer Jrfid 28
BRIESPE= WAL INiiil A

F-PNNHIEENZLERNE, ERARNESMERNNER, #AE, EEEIE
BUE4-3FR, HTN=AETH 0, HRED N-inf, XFIZIHESE ARG MANGEE
FH AR Z IR, T2 G EEASHIMEE, X AVFEYIZR Transformer fERS#S N 1
FTHATIIZUMSE] (teacher forcing) YIZR, BIL(E TR ESEFREE R, Je&id AR
NS EL IR AR, ZEEEARIIHFE NN ERBIMAMERFRE, HT
FEEREEERIL, B Mam AR DOF 752, fE#EHE (inference) A

55 20 T 45 BT
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<S0S> 1 2 3 4

<sos>| 0 -inf | -inf | -inf | -inf

1 0 0 -inf | -inf | -inf

2 0 0 0 -inf | -inf

3 0 0 0 0 -inf

% 4-3 Transformer RS a8 12 ) HE

H[EH (autoregression) , i A F] DAIEIT 1% H: 2 B WIS 2 BT S8R B J5 — NI [RD 20 ZR AR Y
FIRFRRING, HEEEEZEH T ER R

FEANZKERENBEMERE - NEENBERINREE N ER, EAkKEMASBERN
i B UATURHIEVE N BERE, X INER ) B 15 R B CERS I SORBIRHIE, X & IUARE
EHATEWR, BEHEAERERIRT AT~ — N (A5 i AR,

HIa—4ERHM NP KIERZANT S 1 —4E&RBAHNR, MEZRERZRHE
—{tAT ReLU, F—MEIHER A HIBEEEEN doode = 512, B NEHER A BIEL
N dpmoger = 512, FIHIEEECATTSE AN 40, FAFRAEHFZRRANITN, KN 40
TSR HFRERFIT 26 DNFERF. 10 DMUFE. WS LA NRHRIRCA R : H TR R
[space]. AT CTC#ikH) [blank] MFRRAIFHIAFLERA [E0S/S0S]. HTH
BEPAESHMREATS, BAIAMEEMFIAIRLER,

CTC fRh%as: =12 CTC i@y, B— D —4GHRGH, HI¥E S seq2seq RS HR
HRAEEL,

4.1.5 MEEL

EXTLAEH, FAER TIRE CTCAER IR, & x = [x,...,xr] NESELRLE)
BMAZIIMFH, y = [y1,....y ] IRE, HA T ML 2 5IF B ARSI K E, CTC
FRMRE B N 2 [RIR A PRERRZ M, HEy

T
Lere = —log pere(ylx) ~ - | |log p(3.1x) (4-1)
t=1

S—7iH, seq2seq fEMaRIEI £ FETCAIN B ELA_E ERAG TR e RiB IO — %, A
AN

L
Lo = —log pee(ylx) = — [ [log p(ily<t %) (4-2)
I=1
SRS B R

L=ALcrc+ (1 =) Lk (4-3)

521 T 45 11
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Horp A 455 CTC #AAN 2 SRR TEIR & CTCAERE IHLHIFR AR AEE, TEFATRYSE
P A= 0.2, XMEAUA TR MU S N — DI, R hR
FIERLE CTC M seq2seq /MRS YT, BATRIAE N EIRY4.1.675 FFEHT IHEIX PR,
HERIRE CTCAER I RKAIGFAL R ER ILHIRI TR PAF B FR CTC #15 A9 55 FHIRAL
1%,

4.1.6 fEfS

fEHS >R F Watanabe et al. ! HHE ) CTC/AEE B & BAZf#MS (joint CTC/attention one-
pass decoding) SIKHKEER (beam search) Hik, BATNMAHIRERS (shallow fusion) Kl
& CTC F1 seq2seq BTN :
y = arg rgax{a log pere(y1x) + (1 — @) log pee(ylx)} (4-4)
ye
Hefh ¥y R BT ENTIINE, o BERIEE BRI NE, EBRMYEHF o = 0.1,
RS CTCAER BRI E, 8Id CTC MERENIENIR, /04t E o Eag T ki
ANHRINS 75 HH YR
Algorithm 4-1 J& & CTC/FEE 1 AL E TS, s H Watanabe et al.[®],
105 X BRKIN; Loy WERTEPRENRAKE, BATKEIZEN T; C EBE5EE
RS [b] FK [blank].
BiA: X, Liyax
fith: C
1: Qo= {[SOS]}
2Q=0
3 v ([s0s]) =1
4: fort=1,---,T do
s %"(15081)=0
& yP(15081) = [1y*)(15081) - p(z, = [BI|X)
7. end for i
g: fori=1---L,,,, do
9: Q=0
10: while Q;_; # 0 do
n: ¢ = HEAD(Q,_,)

12: DEQUEUE(Q,_))

13: for each ¢ € U do

14: h=g-c

15: if c = [EOS] then

16: log pec (h1X) = log{yy" () + 7y (2)}
17: else

18: if g = [SOS] then

19: y\"(h) = p(z1 = c|X)

20: else

21: yf")(h) =0

i
[N
[
=
\

/|
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Y
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22: end if

23: ’yfb)(h) =0

24; Y= yf") (h)

25: fort=2---Tdo

26: if last(g) = ¢ then

27: (b) (g)

28: else

2: ®=y")(g) +7"(g)

30: end if

3 7" () = (r"} () + ®)p (2, = cIX)
2t 7" () = (21 (h) +9,"{(W)p(z, = [b][X)
33: Y=Y+®-p(z, =c|X)

34: end for

35: log pee (| X) = log(W)

36: end if

37: log p(h|X) = alog pec(h|X) + (1 — @) log pau(h|X)
38: if c= [EOS] then

39: ENQUEUE(S, h)

40: else

41: ENQUEUE(L,, h)

42: end if

43: end for

44: end while

45 Q = TOPK(Q;, W)

46: end for

47: return arg max. g log p(C|X)

HEA- 1R TIRE CTCAER MR E L, CTC RiZRHERGE TG DA h NHITZRA
5 7 ) B :
Pac(hlX) = > pac(h-vIX) (4-5)
ve(U)*
Hrpy FoRFTE ATRERAEZS TS 7, CTC MR A] DUEIE A AEIHER ™ 1 5P kit &,
Hrp EAR (n) #1 (b)) 2 BIARERFTE CTC #812LA9E [blank] B [blank] fF5%
PRI EIRAERL T 5N W RIS ER, HFESE o BH%F CTC %Hﬁﬁjjﬁaepﬂ
HIAE A E, U BFR [blank] IMIFFSE, ERMWEEIR, [sos] Ml [Eos] A
—FERE

4.1.7 YRk

BRI A ATE S IR AR B — MR /K SE A

MNFEAEL, BEhoEd g REESINEMERE T, X ZH wav2vec 2.0 5EAK
1, ARG, EMATAEAE M (AO: audio only) B NHAIFEALOIA L ET &G Ut DA fithd &5
— i T,

i
[\
w
=
\

/|

N
Y
=
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AVIRE
VOHE R AOHHE
MoCo v2 [ bEpESTvIES Lot BERR TR — Wav2vec 2.0
ResBlock x 4 5%k . R IEH —ib PRLEH R <T EER e Trans former A0 3% Bl
4R AR ﬂb BRI i’ WA AT 4?—;' ERI —HER

Pl 4 ghinikek
B OBIHYCRBENLOI AL S8, milE BRI E— NIRRT BRI 2 5

XFLBEARA, LA B TR B & ST I 2, R IE AR AUIE & IR A
ST, 25, MDERTmEZi s (VO: visual only) BEAUGER, HrbHRELRIA L
AR I S A AR 25

BRARIEZEMIN (AV: audio visual) AL AT DATE AL Z AN 2EAL D0 SR SSUS HEA TR,
THERIRRRS, FAIFOCHE 7SI S, FFERE IS S RS BRI
fErDas i RIZ 8. BATRYIIZRE A TR ] M R AL 44,

4.2 3§
421 BUEE

FAME FH KRR ) 2 A & A A0E = IR A £ B 88 LRS27% (Lip Reading Sentences 2)
TERBAMT EZMA -5, YIRS, BATNEEH3.2.175 M09 LRW £dE5E, @it
OB IR AW A TE = TR AT 55 0 b Ji i EA T T 11 25,

LRS2 H1 224 /NSNS TR S MAIAAREE R, 3 144K K H BBC FILIIHY FER,
IXEE B B N A PO, IISRER B &I 200 7 DR IA AT 4 5 RRANC, 28RS
AEHEAEENE, FOYTIE ABSKERES, OB MIRASAERARE 21,

422 SERIKE

F13.227 N ARYSEEIMEE], FATET Pytorch FE%) FH Pytorch Lightning!* 52 E}
TAER, HAXTAFOHTERATSER, BARSIEAE, FAEMNED NVIDIA
A100 GPU (WM& 160GB) ERHT TA—ERIIZR, M Adam JLib 28" AT
2R, IEF SR 1074, BATMEH 7322 M BIFRE RIS, seq2seq #14A1 CTC
FARHINRE 1 e #RILE DY 0.01, FAMEH 7 53.2.2 0 PHERIFY 2 S RBAAGRE, (B4
AL R 5181 ReduceOnplateau > RIFE IR HATFE ST, BT LRS2 MillZEH
FEARRK R, FATREALIME SENEAR 1/3 BIRAEINES B, DMESIIZREF B B
K EHEVCEL, & BUS 2 F BRE T 160 I, FATARSL R D iR E R K ERF G K,

PRALBR 5 B o . AR A 53.2.27%0 A R AL A B BRI sR T iR, N T E
RS, TRV ZRAZ AR = AR LIS, AT I 18 R 46 o A N8 N 14 22 & B8 & g
75 (babble noise) RIGSRMEFE SR, FINTEF MR A, BN B AT DARG KA
SIEHIRSERREE, AT S EIR A MBS E B TATHYSEIR A RN /=
FIEEEELY 5dB, #E%0N p, = 0.25, ZHREESRE ZIEITRE LRS2 FREALEEAY 20 A
EEp YNy

P N TARTEHISEL, FATETH1A% (WER: word error rate) SR £BEIHY

55 24 TU £ 45 11
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R, HIEH

WER = (S+ D +1)/N (4-6)

HA Ry S, DT Al ME SRS TS R4 PR R (edit distance) AR, IHIER
MHRAREE, N ERETIIFEE

TRV AR, AN = R P A 2 B B S s 2 A S IR R 77 042, (B
FATRE T — D AR DR AT S 2R E R SR, RS 4. 1.6 M HRTTR
A CTCAER MR, WREEN W = 59 BAELRE AR HINTIE S A
(language model) ,

ReduceOnplateau JfE R : AZ{#H ReduceOnplateau i Z 28K TTF R, ERIEE
HIEETRIR I — 8 N W B AR SR (RN, AR R ST RN R e —F, BAIRIEE
NFEHRT I Iadk S A S

423 SLIGLER

BAMERAAFNE T A LRAVEER, s TAlne, SE i S =g E ~ay
AR, 1BER, XEA A2 BRI 2R K R AR RIB B T8RS I 262K
#2, 40 MV-LRS!"3, LRS3"?I| LibriSpeech!’#1 LRW'?,

Ji7hoN AR TM-CTC E2E Conformer
RGN 315.0M - 3.9M
PR ATV 23.5M 11.2M (RS 11.2M
ERERD 20.2M 20.2M 31.8M
P 5 i 20.2M 20.2M 31.8M
Al AR 19.7M 19.7M 0.8M
fiefods 26.2M 20.5K 9.5M

7 4-3 TAMIEAL, TM-CTCHI E2E Conformer RIS &R /N LR

PATRHIAAIERL, TM-CTC RPN E Fii iR STEAIERY E2E Conformer! 'Y HIZ AR K
IINIIFRA-3F, TRATTARRAY 5 U Al S AR PR C B AR TM-CTC B, seq2seq R A Y
SR E S A, REZRIXANE, FOTFH 7RICIZRFRIRTR, XM T ER
R AR,

BASREE: EEEESRET, FAIEM LRS2 FFRITIIZRAIIZREE N &%
ZRI BRI RS, TRATIER t A A & AIUAIE & IR BRI B (R I NER I S L R R B
TIRENT 2.6% HIIRGE, HLEATREHA Ma et al "2 & T 1.1%, X2 —MESE KA
i, XL 30%,

i E . AT ZRaiE A R I SRR B FE>R B LRS2 BY 224 /NNARIEEME, DA
ek B Libri-Light!"H) 60K /NN ARFRFEIE, XLEHIREIS K wav2vee 2.0 FHISEHK
B, FATRRTEAIE L E FEIUM T 2.7% EIRZR, XHELERTREES Ma et
al. IR TR T 1.2%, AEATEOH T 31%,

@ @ITAE LRS2 MUIIESE L SLIRtfE

b
&
h=i
s
&
h=i
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HANGHALJIAO TONG UNIVERSITY ETFMlEEENSEESIRINERES
WARES FEHAR (%)
A
TM-CTC*! 10.1
TM-seq2seq*!!) 9.7
CTC/attention*!!%! 8.2
LF-MMI TDNN#*[731 6.7
E2E Conformer**!16] 3.9
FeAT TR 2.7
ATy
LIBS/4 65.3
TM-CTC*!1 54.7
Conv-seq2seq!!!! 51.7
TM-seq2seq*!! 50.0
KD-TM7! 49.2
LF-MMI TDNN#*[731 48.9
E2E Conformer*!'¢/ 424
E2E Conformer**!1¢] 37.9
FAT TR 432
=
TM-DCM“¥! 8.6
TM-seq2seq*!!! 8.5
TM-CTC*! 8.2
LF-MMI TDNN#*73! 5.9
E2E Conformer**!1¢] 3.7
AR 2.6

e 4-4 16 LRS2 EAMati & A, Sl SRS PR R nl 28 45 S
W BRIFOREE S TAMNEIE S B, X RITE ISR b LRI B A (R3S
W BTRZOREMH 17— AN E5E KT Transformer 75 5 B

SRR A AR LRS2 HH AT SRAI N SREE AT SR, TETRRAMAIE &
BTN R ERATASMER T LRW R4, RSB 4E& MoCo v2 IS EHEEHH T
ImageNet £ 1.28M 5KARFRFERIEG, 5 HET&EIES E2E Conformer' 5L, FE[XF2
HAE RIS R 7 — /N AR Transformer 18 588, 5 H @S2 I6 - (4 FH O FE TIEER
FZE I 28 BUTE 5 BRBUAH ELER T T 4.5% BUESIAIZR, BRATTAO Al vl A B A 8 S T IE A XA
Z815 5 B E2E Conformer 551 > RIFZREZ 0.8%, X2 —MEHIERE, Ak, i)
i 6 & Transformer ZRAD A TS FEASL, 1M E2E Conformer {# F 7 A& & IR BIESS &l
#J 12 & Conformer®gmtday, TEN FEMAEE D LLIRATEMEGMNE, WRKMNHAZES A
MR S AR TR TR A FAVEES, HETRMAEAZ Ren et al.) HEERZRS

55 26 T £ 45 11
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49.2%, FEFAMTPIEEYE S 6.0%,

RS RER - a5 IR 1 Al SIS AN RE T 1T 2 MASHURR T BT ALE Wi ) 0 - 8
MIERASHT 5| AT LABE B R v iR 22 AR HUBE IR I,

>

AO: WHATEVER YOU ASK
AV: WHATEVER YOU ARE

AO: TRAVEL THREE MILES URBER WEST AND YOU DO GET MORE FOR YOUR MONEY
HERE

AV: TRAVEL THREE MILES FURTHER WEST AND YOU DO GET MORE FOR YOUR
MONEY HERE

AO: IT COULD BE YOUR PASSPORT FOR A SMALL FORTUNE
AV: IT COULD BE YOUR PASSPORT TO A SMALL FORTUNE

AO: WHAT TO THINK FOR THEMSELVES
AV: NOT TO THINK FOR THEMSELVES

AO: NOT THE SUBJECT MATTERING
AV : NOT FOR SUBJECT MATTER

AO: I WOULDN'T SAY I'M THE STAR
AV: I WOULDN'T SAY I'M A STAR

AO: CRISPAS PUDDING THAT NOBODY REALLY LIKES
AV : CHRISTMAS PUDDING THAT NOBODY REALLY LIKES

AO: BUT AT THE SAME TIME
AV: AT THE SAME TIME

AO: BEING 6N MY OWN
AV: BEING MY OWN

AO: SO AT ONE POINT
AV: AT ONE POINT

a5 A0 (AFEH) fAV GRS BEE SRR
PRI ARG TR, MEREZTRMBRE R

424 (HELSLLG
TEART R, FRATHE Al SRR A3 3 158 B 3 B peh 4 A o RS A R P S

afigigi: LRS2 b Ayali B s il (i Rl el B B R £ 3R4-6H1, M Afouras et al.l' ' FF4E, T[]
B S (d I 7E LibriSpeech _EFIIZRAY wav2vec 2.0 Bl 2 STFT & WURHIE, &5 B2 FH T 11.1%,
Wia, BRI 1E E KR TOhR T BB & AR SR Libri-Light _EFUIZRAY wav2vec 2.0
i, WEE] 0.6% HI#—H 1, FATHE—P RN ERMEAR S CTCAERE I TR
fErs, XAET 0.9% HHEF

iyt : LRS2 Al A EE R B/RTER4-T, M Afouras et al. ' JF4G, FKrATESL
B AR S CTCAER DI AMENHINZR (Fim{hARTSeET LRW #HTH)IZR, (EAE
FIRFEY>] (curriculum learning) ), Z5RAESE T 16.0%, ARf5, FAMEATIIZRE MoCo v2

5527 T 45 11



ETFMIFEENSIRETIRAR

Tiik EIFER (%)
FL 153
+wav2vec 2.0 (LibriSpeech) Hij¥i 4.2
+wav2vec 2.0 (Libri-Light) Aij¥ 3.6
+{R& CTC/ER N 2.7

% 4-6 LRS2 LA E S PERER T R g

Fik AR (%)
gl 65.0
+1BE CTCHEE N 49.0
+ MoCo v2 Hi¥F 43.2

< 4-7 LRS2 LAl e BRI P RE R T i s 56
WEFIGEHTIR, R T 5.8% M —LH0H,
425 MREINE NIEENE

N T PRI B RS BN 32, AT 7 FATRI R A [R5 M L KCF B 2 8%
EAME MR,

wHE Y 0dB 5dB Tohg
Afouras et al.[!! 58.0% - 10.5%
ali 40 et
FATR A 32.5% 6.8% 2.7%
. Afouras et al.l!! 33.59% - 9.4
=g o ’ )
AR A 24.5% 6.3% 2.6%

2% 4-8 AFIEEREEACE PRUETASAS, W 2 5 i 2 i S I

WNRA-SFI/R, H{FMEELAKSER 0dB B, FRATTAYZALZ AR & AT B A S8 TR 2 7y 1A 2|
T 32.5% Fl1 24.5%, HHEL Afouras et al.l'VFREE SRR T 25.5% 1 9%, H{ZMEEL/KF -7t
F| 5dB I, FAIHAiE AT EELAE] T 6.8% F1 6.3% AIFEIAZR,

bR T HEZ B E AW IR FEUS T HE RSB o B s, BAE— PR 1A
FENRIEFE IR NRM, AR BAEE B A PIER, RS A S8 & —LL8aiq, i
BRI 5 X 7 MAZIR BN SIS 5 o Fofl 1B ) LRS2 BUHEEE A AYAS R & AU A A AL
HETHITFZ | DIREERERAREEE, WEFTR, BATET TR &4 R A28
FERISLE, AL A 22 B A A R O B AU TR0, (R LK RE% 2 odb AR
I, EETRRAARIE N, X REAEMRGEELACE R, BAIRTREIE R N EEN OB R
e HHBATRBIERG MK R HEB AR L2 B E AR 2, IXHAER A5
ER RS N TIEZ IR R 2 B E SRS N EHE,

(D Ma et al ' 3R T BERTERBE FRORAASE, AT A0 PRSI BAUANTS, RINTEIEA M IR 3 5 ST HAR,

55 28 Tt 45 11
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100

80

N
o N\
\\\\

5 0 5 10 15 20
SNR(dB)

Word Error Rate

Bl 4-5 ARG KT PRIETAR, Mipd LRS2 HoRFER ARG
AO: AEFEHIBA, VO SRR, AV: FHILIER!

wE INEEHE OO IR (%)
LRS2 (224) 2.7
A= X
LRS2 iJllZk&E (28) 3.4 (+0.7)
o LR§2 (224) 432
LRS2 JllZr& (28) 68.9 (+25.7)

2 49 AR SREER R 2l E R Sl R P fE

42.6 REIE NHIEEIRT

i B B ISR ) — D B AR R TR/ B AR SR R 2Rk,

NT H— TR CR TR FAYREL, BA A LRS2 AY 28 /NN I ZRER I 25
A AN A AR RIS TE R4, H 28 /NN BRI ZR AV 4l S A B 5 R R
3.4%, FEHELA 224 /INNEERIIZRAVERIRS 22, BhAGES BH RT&R T Ma et al.l'%10.3%, X
—SERERAA, AT Al BRI, TR AU AR EE SR LI ZRR0 B B AT DUE R
R EIRIEE SR, A 28 /N BRI SRR A AL E 5 F 224 /N BRI ZRIEEIE R K
ZHE, JREARER A T 2R, FREE 2R E,
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AR E AN B B AL S T A B I B A RO, &
T E R ] PAFI 2840 T :

1. EESPTAEARFUEAE R TS, F T2k wav2vec 2.0 19 Libri-Light
IR H 60K /NI EMESHRK, MKk, HTHIIZ MoCo v2 i TmageNet £
£HE 1.28M skE Fr, KRBAHYS T 14 /NI 25FPS AT WA,

2. MoCo v2 A EUGHATIIER, FHAER] DURGF ISR R RGN, (HIX ek
RN B8 I [N RIAE e, MHEL 2 R, wav2vee 2.0 BRRUFE R GG S 40 AT 7
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A Martinez et al.** 141 Ma et al.*31, DURZ Stafylakis et al.3 /Y IAIZARAE B IR BIFFIERCRS & 2,
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from avsr.preprocess import preprocessors

preprocessors = preprocessors.Compose(
[
preprocessors.ProcessAudio(
channel=1,
rate=16000
)r
preprocessors.ProcessVisual(
dlib_detect=True,
mean_face_landmarks=None,
mean_face_files_ list=files_list,
mean_face_generate_n_process=8,
landmark_detector=1landmark_detector,
frame _size=(224, 224),
crop_size=(120, 120),
default_crop=None),
1
)
preprocessors('/path/to/x.mp4')

B 5-2 T AN mp4 X7 AL PR
BANE T Fr 2 BT, HAR M T A A% T Python multiprocessing I FACEEIIA, 77
fE(H A fE A E HE B,
BE V0 BUE 10 FoaEAR TREEEH 2RI ZRN BRI AT 77 BATENXL T
BHRIZEAIC S TE, HT7E Pytorch 2B AR _ getitem_ PREULIE A,
]

import h5py
import numpy as np

from avsr.data import datapipes

h5 = h5py.File('/path/to/h5_file', 'r')
noise = np.randn(10000, )

datapipe = datapipes.Compose(
[

datapipes.ReadAudioFromh5(h5=h5, subset='train', normalize=True),
datapipes.AddNoise(noise=noise, noise_prob=0.25, noise_SNR=5),
datapipes.ReadVisualFromh5(h5=h5, subset="train', shape=(120, 120)),
datapipes.CropVideoClip(max_length=160)

)

sample = datapipe({'index': index})

B 5-3 (PR EIELE _ getitem__ FE(P M HDFS i2EUEHE i1 T AL B
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MULTIMODAL AUDIO-VISUAL SPEECH
RECOGNITION SYSTEM BASED ON PRE-TRAINED
MODELS

Multimodal audio-visual Speech Recognition is a speech recognition task that leverages both
an audio input of human voice and an aligned visual input of lip motions. Unlike auto speech recog-
nition, which recognizes only audio input into speech content, audio-visual speech recognition has
better recognition robustness under a noisy environment due to the involvement of visual modality.
It has been one of the successful application fields that involve multiple modalities in recent years.
Due to the limited amount of labeled, multimodal aligned data and the difficulty of recognition from
the visual inputs (i.e., lip-reading), it is a challenging task to tackle.

Currently, popular modern audio-visual speech recognition models use temporal modeling
modules based on attention mechanisms. Training such models places higher demands on the size of
labeled and aligned multimodal training data. Due to the high cost of collecting such data, it makes
a lot of sense to make use of unlabelled unimodal data.

Self-supervised learning is an intuitive way of leveraging these large-scale unlabeled unimodal
data to improve the performance of multimodal audio-visual speech recognition. Because it is able to
learn the general representation of data through simple tasks that do not require labeling. Contrastive
learning has become the most impactful learning scheme in this field. In audio speech processing,
contrastive predictive coding has shown its effectiveness in speech recognition. In the vision do-
main, models using contrastive learning for general representation learning have been proven suc-
cessful, with outstanding performances on downstream tasks such as classification and detection.
However, how to successfully apply unimodal self-supervised learning to multimodal audio-visual
speech recognition faces two challenges:

(1) how to apply the pre-trained model to visual speech recognition

In the audio modality, self-supervised pre-training models such as wav2vec!?’!, vq-wav2vec!?®],
wav2vec 2.022, WavLM®! and HuBERT have demonstrated outstanding auto speech recognition
performance. However, there are no self-supervised pre-training models in the visual modality that
can be used for visual speech recognition. However, for general-purpose visual representation ex-
tractors, models such as MoCo?*, MoCo v2B!, SimCLR™?*, SimSiam"!' and BYOLI?* have shown
their competitive performances on tasks such as classification and detection. There are some diffi-
culties in using such models as a visual feature extractor. Because the lip motions between frames
are very important in audio-visual speech recognition while the images used for pre-training are
mostly common objects, it is still unknown whether pre-trained visual models designed for tasks
with single-frame images can be applied to audio-visual speech recognition.

(2) how to integrate unimodal pre-trained models into a multimodal scenario

The use of self-supervised learning on multimodal audio-visual speech tasks has not been ad-
equately explored. Shukla et al.l*®! is among the few attempts in this facet in which it predicts lip

motions from audio inputs. Their proposed learning schemes yield strong emotion recognition re-
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sults but are relatively weak in speech recognition. It is unknown whether the two feature extractors
inherited from unimodal self-supervised learning can cooperate well and achieve competitive results
after being fine-tuned on multimodal data.

For the first problem, we replace the 2-D convolution in the generic visual self-supervised pre-
trained model with a randomly initialized 3-D convolution, enabling the pre-trained feature extractor
to capture temporal correlations between visual frames as well as reducing the impact of domain shift
between pre-training and training data. We test the proposed method on a word-level visual speech
recognition task and show that the modified pre-training model effectively improves recognition
performance.

We also further explore the word-level visual speech recognition task. Since the attention
mechanism-based models are not sensitive to the position of input, for short sequence and small
data scale tasks, they are not as good as recurrent neural network and convolutional neural network
models that have a strong prior on position. However, they are more suitable for long sequence and
large data scale tasks. Moreover, the models based on the attention mechanism cannot effectively
utilize word boundaries information, which leads to its poor performance on word-level visual speech
recognition. We use attention masks to leverage the word boundaries information. Frames within the
word boundaries can see all frames thus are able to integrate the environment and context informa-
tion in the frames outside the word boundaries, we use a special [ CLS ] embedding which can only
see target word frames to integrate their information. This enables the attention mechanism-based
models to effectively use word boundaries information to improve the performance of word-level
visual speech recognition. We also use the viseme-level CTC loss to give an additional supervised
signal to the decoder output, which can help the model optimize the features of the target word
frame. Finally, the proposed model achieves a top-1 classification accuracy of 89.1% on the widely
accepted LRW (Lip Reading in the Wild) dataset, with an absolute improvement of 0.6% over the
current state-of-the-art model.

For the second problem, we design a multimodal audio-visual speech recognition framework
that recognizes aligned audio-visual inputs into character-level outputs by combining CTC and
seq2seq decoding. We inherit partial parameters of pre-trained audio and visual front-ends into
this framework and obtain the final audio-visual model through a training pipeline.

Our experiments show that the two front-ends inherited from unimodal self-supervised learning
can be efficiently trained through the pipeline, and the proposed model can get competitive recog-
nition results through fine-tuning. Even without an external language model, the proposed model
achieved a WER (word error rate) of 2.6%, raising the state-of-the-art performances on the widely
accepted LRS2 (Lip Reading Sentences 2) dataset by a relative improvement of 30%. Compared
to the baseline model without pre-trained front-ends, the proposed model has better recognition
robustness under all SNR noise levels. We also test models’ recognition performance under low
resources, and experiments demonstrate that for the audio-only setting, the proposed model can
achieve a WER of 3.4% using only 28 hours of training data, which is even better than the current
state-of-the-art model. However, for the visual-only setting, our model still cannot achieve a com-
petitive performance with only 28 hours of training data. This could be due to the small size of the
visual modality’s pre-training data, we believe that pre-training with larger-scale face data will result

in even more improvement. Meanwhile, video-level pre-training models can be further introduced
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to improve the ability to model the temporal correlation between frames and thus improve visual
speech recognition.

We code a multimodal audio-visual speech recognition toolkit based on the above two models’
implementations. Especially, we build preprocessing and data pipelines, organize predefined mod-
ules and utilities, and provide a training code framework using Pytorch Lightning + Hydra + WandB.
We also provide our model implementation examples using the above-mentioned toolkit. We believe
by using the toolkit, researchers can reproduce our results and implement their own models more
easily.

In general, in this thesis we explore the application of unimodal self-supervised pre-training
on multimodal audio-visual speech recognition and demonstrate its effectiveness. The proposed
word-level visual speech recognition model obtains state-of-the-art performance on the LRW dataset,
and the proposed sentence-level audio-visual speech recognition model raises the state-of-the-art

performance on the LRS2 dataset by a large margin.
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