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Abstract

In recent years, speech-driven 3D facial animation has been widely studied. Previous work on the
generation of coherent 3D facial animations was reported from speech data. However, the gener-
ated 3D facial animations lacks realism and vividness due to the scarcity of audio-visual data, and
the accuracy of lip movements is not sufficient. This work is performed in order to improve the
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accuracy and vividness of lip movement and an end-to-end neural network model, HBF Talk, is
proposed. It utilizes the Hu BERT (Hidden-Unit BERT) pre-trained model for feature extraction
and encoding of speech data. The Flash module is introduced to further encode the extracted speech
feature representations, resulting in more enriched contextual representations of speech features.
Finally, a biased cross-modal Transformer decoder is used for decoding. This paper conducts both
quantitative and qualitative experiments and compares the results with existing baseline models,
demonstrating the proposed HBF Talk model outperforms previous models by improving the ac-
curacy and liveliness of speech-driven lip movements.
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HT 2 S P ) T S 30 100 (JC HL 2 W R sl i) 0 A — b o AR SR MY 17— e ) i 281 i ) e 2 o 2% A6
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2. HXI1E

F, B IKENE 3D THANE F BRI TR FRI0E, RITEE A E AT N A (BRI ER)
Z ALY — A A1) Parke [2]7E 1972 4F & 4R S50 NG RY, 76 A\ BG Shim s i s 1
KEFISGES0H, RS TIREAFRM AR E AT 5. 75N A 7 2 28 OB A
A, ot AR R g 7 A IR KX B, 2 = Fh[3]-[5]: RENSHUEA ., A LS M AL
HHRIRENZHO AL . Paul Ekman [6]01% T AN EGRID R4, AR AR 25 J5 B NI T 350 X 4k Kl 4 i 17
4 ANFERTZHH I, MRAEEARSE R ICHIE B NSRL I N RAESIE, HoR ARG SRR -
FINL AT X 0 . A A E 78 ER ARG sl 2 AR T2 A%, (ER AR A 24 4%

2017 4F, Zhang %6 N [710BE0F 7 — N MWK B T 4R 15 25 B0 A 2 ST Mot 20 1 15 25 RFALE PR 1% B 0 22 ) 2% (Deep
Neural Networks, DNN)BEAY . Z B S5 2 . RSFECR, JIZRmTREHK . Pengcheng 55 A [8]3f i 45 F1
122 X 4% (Convolutional Neural Networks, CNN) B #2585 FH T15& B S B, DL 2o (1) 7 30 B S 15 2
FRIE . 2508 5 RS I 28 DI 3 1 o K R 7 vk 2 S T ok o 48 X 48 A R0 B T G 3 0 op 2 S0
HHRES SRR, BABERRER.
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NEAN, HERRIGEUSMIEFiES, RO &M SRR SN RS, AR I ZRad R o) 3 e
PRASEAT IR, AU AR 65 2% 21 & P IS 1 0 18 XU

> Speech2Face [10] B #: A\ —AN N Ui iE ARk & P B g NG, 385 2% S 08 3 IR 23 R 5 46 FH A0 e
VLTS P B SRARAT T I 5 0 NI A ) 288 PRV AR ALE 225 R0 55 R AR DRI A 7] R

> Face Former [11]3@ 1 5T~ Transformer B4R K & 4 SCEAT 9005, FF B B TIZ)E 3D
INiSTEE I TR

> Mesh Talk [L2] 4TRSS EIGE . T — Ny ARS8 T— PP 28 XSS 45 R SR g8 A0 A
RANGE AT R IE Eo XBERHRLR T = RS RN IS8 3),  [RINEE i 1 5 5 50U 5 A AH G (1 TH 6 6

oy BRI AE Bl
» Code Talker [13] it 4 175 55 B ) (4 T P48 50 1 1 g 7 25 = 3] R 20 i A 1) R 23 [ v ) 4 L 255 160
fE5% -

> Sad Talker [14]32H Exp Net il id $2HUR KON 3D ¥ Y 1T 5k M 35 45 Hh 2 STHERf R T S e 1, 7
ST, JEIT4AF VAE %t Pose VAE SRERE AN [F] XM Sk 3015 -

> Diff Talk [15]WF 70 1 YeiG B IR i hpLS], AR 0E SE AR —IKEIR &R, RS
MR AR AR A A IR A B 5. il i Fh7 3, Diff Talk o] DUA o & B s DR 3L 255 AR 5
(007 SB B JRr 350 2 1 AR 53 o

TSR 77k R B R MBS R E @ AR EE, BAEMERNERIEA, w A MAERER 15
5 3D ANREhEZ MK FR . SR TAE VALK Z Face Former f1 Code Talker, ‘BXAIT7E1E & HkE) %%
THIX 5 BRI R, SHATARRE, AR T B BB HIZ0E S8 Hu BERT (Hidden-Unit
BERT), Jf3| A Flash BIHRARIUE N+ 5 M5 & £ F CRIR.
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Figure 1. HBF Talk model architecture diagram
[ 1. HBF Talk &8I 2249
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A SCHEH AR HBF Talk (W11 1 Bros) & — i 210t (14 4 15 35 AR AL 25 P 20 I 25 B2 ), b i 35 EH
Hu BERT [16]F1 Flash [17]AH 3L [RIZH R, MRS 25 Bt i B 1) BS BLAS Transformer f#Eig 25408 Hu BERT
S AN SR KBNS SRR, B nT DU % 21 3 A0S B g A A 2 O i (D KRR . FRATEEH 2 Hu
BERT 2244 (K TN Zihi A , 348 B & A5 1Y Hu BERT-Base-1s960 i A%, i% i A< 7 960 /M 1] Libris Speech [18]
Mol BT 7%k 1B S HIE AL IZE M Hu BERT ALY 5, JEid Flash Bibkoxiis 5% &R it
TR, A5 I AR A AT AR

B A =(ay,- a8 ) &R—NESEM 3D AKHEshFsl, T RAELAKIEEFIIME. & ) £ RERE
B A TS 2B AT & P A )L AR — NS5 558 3D ANRHz a7 41 A AR KT A Kz
S Ay o TEIRATEIGHTD S - ARADAHORR K HBF Talk o, WK 1 fiR, BUAKIES RS, £t Hu
BERT Al Flash BLHL AL FIAF BIRE 5 %R By = (by, -+, b ), T NIEHRRIIMEL, T Linear_Interpolation
A, EEERRS 3D ANBTARF L ——X R B ARSI Z & — ] 2 S RN,
BARUAENEN G =(0,, .0y ) o WJa, I E EABEHZE) A, = (4,4 ) LBy« BiEA n
XA g, A 22 RITRENAE R %A, AR .

4 =HBFTalk, (4,9, 1) (1)
Horp 0 RO SHL, 2P HIH ISR K, 4 e Z\H o

3.1. Ymi5=8

3.1.1. Hu BERT Fillgr &8

PV K I VETE SRR 2 A R R T stk i) B B T 2R 5 12 Hu BERT, A -THE5 0K3) 3D
TR AN I A B AT SS - BT Hu BERT R RENS 2% =) I 7= AR 4 & P 22 ANE 5 {5 B IR E SR B3 (1) e ot &
SRR N, K Hu BERT BOFE#E#2 AT LK Hu BERT THIZR I B2080)2 387 F T % Bl R AT 45 [16]

Hu BERT &A1 34Ky 7E Transformer /=51 7 —/M3ALL BERT [19]1) 5F #l s 5 @I gL &5 . 5 2 7l i)
Wav2vec 2.0 [20]5 2= BI%F EEI R AHEL, B 51N T — AN SR 28 SUIR 8 R SR T0 B i o6 bk, 5
Wav2Vec2.0 AN[F, Hu BERT it £ BT IR . 758 — k%A, Hu BERT A G M B e
Bk BEREAT AR UR I, DMEETE S O 3T 1) B B D E R ) . TSR Ik
R, INZRRAE R I B BB TG b 5E B, AXHE B X 4 B i 2k, e fE RS (i FH 2648l BERT
[ tich 8 2 =) 7 2 FIE = LSRR, IR H(idden)-u(nit)-BERT. Hu BERT Hi CNN Zif8s. HFE
B2 AL E BB NZ A Transformer 241, CNN il 24 4 835 S50 B8O 512 48R . HHIE
PR RN 512 YERIRPERS N 768 4E3R7R, 12 /> Transformer J2 R4 3R F 71 1 B FXE R

ARSI T, A 100 M NS5 Hu BERT RIS MORBEAL, 1655 — MamuiRas 7 e
4 768 HEMIHRN « WILEAL T ZAL E S5, R4S Hu BERT H AR 2, AT E SHCR AT 0 -

¢, = SpeechEncoder (Y, ) 2

Y 2 R RAG B 5 ¢ G A2 R AR AR R .

3.1.2. Linear_Interpolation &

Linear_Interpolation JZ (111 FH 2 222 5 8RR AE B2 HUZ B B B8 5 R AR R s JEA T i 28 ) S 48 o 7911 25
MEGUERT By, 75 24% N\ 3D (SN T g, MAEH SEEURHIE W40 3D [H#3E 3 T ALK i3,
R FF T AT I iE . FEHEIRPN B, MR TE SRR R R M A DL & 3D [HI¥3E ) T A R it 2 1 B A
HEWE . ZEAC AR EIGNSE, R S 1 DL R BB S RHER R S 3D AT
FUPHI— X — Mg G &
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3.1.3. Flash
Flash [17]3X—#Befl & 1 80 R MZAMEE R IR SN FIHERI 7 LA K/ R R A
BB B, WREDNBINLHIN R UGEE S, AR TR Ah, R RETEE S
HERAHFS RIZRE A T, e aoft LB MR BEAT AR, AT TR AR R R T80 .
b, =Flash(c,) 3

H, b, By, Z&Z5d Speech Encoder 1 Flash AbFE 5 (115 & LN SRR,
3.2. HBF Talk BYfi#fL 38

3.2.1. Motion Encoder 1 Motion Decoder

Motion Encoder [FI1E FH A2 F A T01 s 7 810 AN JIG: T 55 4 P52 2 46 BIREIE 4 & - Motion Decoder [FI1EH /2
o FIEI F1 N G T00 53 7 B0 DA ARRAAE 24 58 2 46 380 N G T pi 2 15 3 A 508 4 = B ST A G T o 4 5 S5 R0 4
2 [B) 4

3.2.2. fRmEE

PATI AL 2848 FH 1972 Transformer Decoder 1X—#idkt, 7EF A5 N T Face Former [11]H {5 FH (1) & #1
AL B IS BT (PPE), IX/MEIH AT LAy NIHE Y AE S . F H 5 545 Transformer Decoder A F, I T
Face Former [11] 7R 4t (G i B (10 25 A5V = I LA f B0 BV = 0L

A i B B E R LR B T NI S NI TV S 7 AT A FE, 5] 1 ) Biasa RIAN, 4w
BT LB R TR i f5 B4 S, T EX T AT 741, R e R B A A B gh B Y
IV BE, X A0zt (RIS B) B, D90 BC A 0 YA e A R o e B T B 80 NG 470 it o 44 T it S e 5K

A B B ER AL A 1 ) Biasb RIAL BB SBIESHMER R S A WE
F = AL AR B (1) N8 3 3 7R 2 (A1 R 55

4, = TransformerDecoder (4_,,g,,b;) 4)

ﬁ*t%?ﬂ*%%%wmi&,%%%ﬁkn%mﬁm%ﬁk,ae&”
3.3. MR

IR B, FRATRA E B0 77 2408 Teacher-Forcing 7% . I HAE &5 i 1 1 ] Teacher-Forcing
T RIS L SE % . FERAERT B, BRI A, = (4,4, ) SELFH A; =(ay,+,a; ) Z [
(135177 1 2% (MSE) R AT RE /N

FEBRIMAR 5 PR,

I-MSE = ZlZJ ét,n - at,n ’ (5)
FLHRR N AR S8 — 2 18 A PR T R B
BRI A 6 FiR.
T N
Lo = tz_llz_;”(ém _é‘t—l,n)_<at,n - at—l,n) 2 (6)
LA N AR S = 2 T A 1 T A 8
Lot = 4 Lwse + 4 Luoe (7

For A1 2, 53 AR B AR 40 R NS Bl P A5 K IR AR 5
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FEAEERRT BL, B E BT 3D AT 351 RN RD, EFN2E T R &0 . Z AT
&z s &, Mt AR RKIIRAEZR g, I ERIZ50 &, WA 1 PR, g, HUIE AR B0 R €,
AT BLIE L A% One-Hot St 473 [l B R FR A [ B 15 N KUK ) B i

4. SCH
4.1 WS

ASLIGAE ] T — AN ATFR ) 3D HdE4E VOCASET [9]HEATINZRAIMNR . 23R AR R AL T 34 LE
() 40-3D F4H%t . VOCASET H 7 255 MlRe it )1, Horp—20h) P16 % (A L2 .

VOCASET #4412 3238 i3k 11 480 X &= 45Ml1 3D [ #kizsh 741, [HHis s 74 LA
b 60 Mifrs Il 5%, KELN 4 #b. VOCASET H1) 3D NG A% M 2] FLAME [21]364h, &N MAA
5023 MR o A T FHA LA Z AP LE AR, FRATTRA 15 Face Former [11]411 Code Talker [13]4H R 1
PYIZR(VOCA Train). I&ilE(VOCA-Val) A1l (VOCA-Test) 7%,

4.2. {RBISCIE

PATREASCHE 1) HBF Talk i 1) 1 4 22 0 £ A8 5 P b S gk (1) 77 7% Face Former [11]F1 Code
Talker [13]3E4T 7 Lb#. H %6 Face Former [11]#1 Code Talker [13]'5 HBF Talk fE[A%4M4F, H
VOCASET HEAdtAT T NIZRFIIAR . (50T S PPk AN ZE AR [ 5005 AUk 0 264 T e PEVEA, e X3k
ATIH2 AR AT 1AL S .

FITA BB SR AR AE— DA Linux RGEH RN _E 58, % ANl % GEFORCE RTX 4070Ti i
o BALNIZGREBESHNE 1R,

Table 1. Hyperparameters for model training
= 1. BERNIGHNESH

BESH HBF Talk
Optimizer Adam
Learning Rate le*
Number of Epochs 100
Feature Dim 64
Flash Layer Dim 768

4.3. BB

Table 2. Quantitative evaluation results on the VOCA-Test
5% 2. £ VOCA-Test LHIEE AL

T LVE| (x1075 mm)
Face Former [11] 41172
Code Talker [13] 4.1476
HBF Talk (7S¢ AY) 3.6283

St 3D A B pEAs, A SCiAE Face Former [11]41 Code Talker [13] 05 FH i & 35 [5) 25 i Bk 1
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SIS ZN & FrA T K L2 BRZEH E OIS TR 22, iR 28 2 i I EU e Tt A 5k
() =4 NI U R v S, U A 5 41 1 A i) JS T 1R 22 BB E A B 24 1) LVE (JETH SR 22)
EiFL

A8 B VAN SR A5 R 2 FiR.

P2 xpbgh R, AT HBF Talk B84 X} Face Former [11]F1 Code Talker [13].2A 5
R E TSR Z(LVE), XRMIANB A VLA L, AR SCHE H A2 ] DL 7= A= B8 o (14 )52 30

4.4, TS

BATE I LR T A SR M B 5 5 HASa S8 775 . A T OR EURC AT, FRATIHE AR R )
1t KU 73 o4 Face Former. Code Talker FIASCHE H ) HBF Talk fE AN . v 1 ELEMHE S FIE & I
[FPAR L, FATEGIUE I T AN SR )& s A Sl 7 0, AR E T B g . XA E A
16 )y A it 1< 2 21 6 s o

2088

Ground Truth FaceFormer CodeTalker HBFTalk

Figure 2. /”in”/ pronunciation-related face animation sequence frames
2. "1 & BRI AR E)E FFR

208

Ground Truth FaceFormer CodeTalker HBFTalk

Figure 3. /"mgly”/ pronunciation-related face animation sequence frames

B 3. "mgly™/ % B 18X A B EE R 5

288

Ground Truth FaceFormer CodeTalker HBFTalk

Figure 4. /"mar”/ pronunciation-related face animation sequence frames

4. I"'mar’l & E 1 X B R B E F 51t
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2008

Ground Truth FaceFormer CodeTalker HBFTalk

Figure 5. /”sabdzikt”/ pronunciation-related face animation sequence frames
5. ["sabdzikt”/ & & HE X B A B B 5 51

2008

Ground Truth FaceFormer CodeTalker HBFTalk

Figure 6. /"darag’nousis”/ pronunciation-related face animation sequence frames
6. /"darog’nousis”/ & & 18 3 H A B & 51t

H I 2 B 6 WA, HIMAALL, ASCHE Y HBF Talk /£ WS kbR I TiE&(E S,
WA H 2K S . F1n, 5 Face Former A1 Code Talker #fLt, HBF Talk 7 & B/ /3 (BI & 2)
I, A& KM, AR AR A D RLRE . £E R English BIHTER 2 S & M mgly™/ (R11E] 3). MY
= " mar”/ (B ] 4)F11 diagnosis 1323/ dareg’novsis”/ (Bl & 6)i, HBF Talk 7 L= 2L #ERG K S, A
TGk, A IR R RN . B A& Subject I/t k(] 5), HBF Talk A% it
TTEWA —E K, BABONVHEREIE.

45, jEmEhsCIg

N T o BT AR SCHR AR AR o 1 2 AR HORT AR R AR R (K ok, 15 5% Hu BERT HiliI R A %% = 2
BRGNS EORAT T, SRE I 2545 i B R (0 58— Bk o BT v i g — B A=
JE() 3D THI S H 5 R (1

4.5.1. Hu BERT FRIZER A 5HRL

ASCHAT T R E R SEIE KA FEAIL AL Hu BERT 7£ HBF Talk 4ufid#s i /e « 1230 il s o6 2 @ i v
4t Hu BERT BLAL/E S A E I TSR S ORI AR o WRVREE (RIE— 2 10 S 500 2 IR B AT A7
JEHIBUBEER S (DT ZE A NGS5, SEBATIIG) . ZIHa eI 7t 45 R WL 3.

Table 3. Ablation experimental results of Hu BERT pre-trained model on VOCA-Test
F 3. Hu BERT FRINZRIEELZE VOCA-Test LAITHRRSEIGLER

%t LVE| (x107° mm) BRETIENSHE
(i) 3.6283 100,407,549
(ii) 3.7816 96,207,101
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(iii) 3.8596 95,812,093
(iv) 3.8609 81,636,349
) 3.9271 67,460,605
(vi) 3.9796 53,284,861
(vii) 3.9971 39,109,117
(viii) 4.1975 24,933,373
(ix) 4.3611 17,845,501
x) 4.6158 10,757,629

MR EE 3.1.1 IR Hu BERT 4544, MRl SCIR R EE M E Wi R : () &AEWRSE, Il
EWSHFRT LA, (i) CNN Jaidas (REESEEUZ) B %R 25, (i) CNN aid 48 (REESEIUZE) R IE 3 2
Weiah . SRR Gv) & (viii), BRTERSE CNN Zafid#s (REIESRIUZE) FIRE L 2 A0, R — MR S5 MK
IRZ VRSP Transformer 2o X T8 (ix), (AR B & )5 — > Transformer ZRIYIZR, XS T(x), A
Hu BERT Tl ll ZR B Y 76 Y1 2 A 1R 4 R 465

R IR AT AR e B nT DA~ AR E SR I = 4E ARG S, (E2 AR B 77 A 0 TS iR 22
(LVE)S/N, AR ahim 515 & WA IE S 5, RITEMFEE . BRItz sh, Siusiiyne 8 A (i) &
BN, FRTAE U =48 N2 AR5 5 IEE, I IS 585 R A AR S . A SCE B2
WA EHRES, RIFTA IS8T LAl 5.

B 1 ERXT Hu BERT HE2Y (1) Ml S8, A OB T HBF Talk 8¢ i H A 5> /£ VOCA-Test ¥4
RS . JHRRSCIR T STAE BRI 4.

Table 4. Ablation results of other parts of the HBF Talk model on VOCA-Test
& 4. HBF Talk #£B H b &R5r 7€ VOCA-Test LAYHRRLINLER

kit LVE| (x107° mm)
HBF Talk (Autoregressive) 3.6283
HBF Talk (Teacher-forcing) 3.8811
w/o Flash 3.8654
Wav2vec2FlashFormer 3.9339
Hu BERT Flash RNN 4.5979
Hu BERT Flash Bi LSTM 4.6059
Liotar (9:1) 3.8415

4.5.2. BEVAVHIEDERL

T A HT R B E BIHHLE] (Autoregressive) IES I, A SCLE I ZRM BLAd ] Teacher-Forcing ALl
TR EEES . TR B AR — N X PR RRLE], B BN — R A R ISR T, AR S A
RN B RB L ER T —NnEk. EEHEBESRES, ERGEGENTCREKB T a4 R eE.
Teacher-Forcing HLHIFEINZRidFEd, FL2 ) H brfi bk FEBCRL 5N, AN 08 AR ZY B B A R
HAE N F—B RN 3R 4 v, TEASCHIBAR T, [ [BEHLEIAE T Teacher-Forcing HLHI Il 2k AR
BRI R, SRR, TEHERLM BOR FIBEL [ 5 A4 s e N — 200N, B LLATE ISR
Befst H B B 18O -
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4.5.3. Flash 3R A;ERE

T 43T Flash SRR RI2 0, AR SC 2Bk TR H 1) Flash ARBR, 7B AR ZRAEAR IR I B0 i T
XFEESEES, Flash BEHU 8 & IR B80UZ R AT T /0 U R e D e 4 JRi 77, e s
R, AR TIES RREZ R R, A 4 v BT Flash B E & I B2 R s T
WP 5, 2 I =48 Aeshm R . Jf H Wav2vec2 Flash Former 5 Face Former #1EL, #1240
Y Flash £, 2 4 AL 2 vJ41, 78 Wav2vec2 FiIZRIERL R, Flash BEHeth A5 ok 58 11 = 4 A6
BE R
4.5.4. BISRISIFA0THRL

TE 155 R Z)) 3D THIHB 2N A X WL 45, 7E VOCA [9]2 )5, 1R Z FH G AL # F Wav2vec2.0
X TR A S 8%, O T W EFRATiE ] Hu BERT [16]4F A 35 44 i 28 19 IE /i 1, A SCH
Wav2vec2.0 A% Hu BERT, 7EH A S5 A4 AH R 158 00 T80 1 %f Beseitr . A 4 AT %0, A Hu BERT Tl
N GRBEAY HEAT1E 5 IR SN 3D [ ¥ 2h 1 A2 BT WA 55 LA A Wav2vev2.0 AT BEAF IR

455, fRIGRH0ERY

AT IUEA SCHTHE AR e BRI AR AL 8%, A SO AR 245 FH AN [R] P P 4 A 7 v 3 AT T T s
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