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Abstract

In the interdisciplinary field of modern computer vision and natural language processing, digital talking facial generation
technology has become an increasingly important research topic. Digital facial generation technology focuses on generating
realistic facial images based on predetermined text or audio sequences. In recent years, deep learning methods such as
convolutional neural networks, generative adversarial networks, and neural rendering fields have been used for digital
talking face generation, which shows significant research and application value. These methods have not only attract
widespread attention from the academic community, but also have been applied in industry to solve specific problems
in image processing and computer vision. Although some progress has been made, the practical application of these
technologies still faces many challenges. Comprehensively review and evaluate the specific implementation of deep

learning methods in the generation of digital talking face to identify the advantages and disadvantages of existing methods,
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explore common problems that need to be solved, and highlight open issues that still require further research. In addition,

currently available datasets from a statistical perspective were listed, evaluated and compared so that researchers can more

easily choose datasets that meet their needs.
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M3 1 o 120 I g HE 22 7] DAAE BT A
W Be kAT ke o S — W BEAEAR N L ~F
5] 2 S 4 2 RN T v 26 1 2 A S A T gk
555 R0, DU A A O #2e T 5, % 3D
NG FEATE A, IF R Bz B G, 22 5]
W UIE AT 2, DASR B i) 1 Sk 50 48 2
FI3DTH HP B . 8 — B B fa A A0
HR PR S FRFAS'G REE P 3D I B 1 Ve 2
BRI SR, A — A e H A AF
HE 5 G AN P, K3 6 24 Bl ity Mo o 2 ik
ELSLHI M

KR E BT VG N AR i a8 S
FE I ST B 5 i N\ 8 SRR 2 SRR B
FE M o 7 A3 H AR AL 0 A 155 I 25 6
o3 B 5 A RS S 5 1B S
fFE, LRGSR ETZ e, bk, e
AL i 2 T BB AR, AR Hh bR A= B LA
M, SRT, feile HAA DR o8 T Tk 4
X EEES M AT M AR R N
T A o Al AR AR B, R 2R
JRARRE N S 27 > g o (B2, AT
ANVE R Oanr] R AR SRAR DL SLER 22 0%
FE R E s @ e Fr i e B kA2

pUlEEERER =AU RS

SCHR[64142 H T—FIFACTALHEZE K
fift i Bk A, 5 DA RSk 2R e S
i T P B B SR AN TR, i HE SR SR H
RS TR G E N RE A AN 2R
M, B EEN T A R, AR Sk
HREZEH FRAE . By SOEAEIRAU, M
T A AR R —HE SR T R E A TR 3% A
AT AE RS H

SCHR 16518 WAL F R > 43 B R AIE
wav2vec 2.0F1Yingram, N T ERAT/A]
AME RS N REIESE R, HAH
TAESSFNET ElZiwav2vec 2.0, It
A, IR T— N Y ingram BT RHIE,
LA L B, TR AT O e R A i
Blo ESRE, R TR B Hl, (2
HES HAEAEIE WL I, f AT I E O,
HH — AT i Bl G e ok fig e B
(] , & A Y in SR KM S R TR
et Yngram$rAE . bR HT R AEH &2
i B Z A Sk A W) IR 1 R S, AEARK
L, oA AR R A0 T B R R A AR,
AN o SCHR65]18 # HT—Ff
{5 B B3 7 ¥k, RN R @ R AL T DACR F7
H I H B9 REE 40 . X2 T
T A B, T I 25 48 W 45 AN &
MR P 42 RO F5 B @k, iz i 2
AN 27 3 O AR A R 2 2 2 [A] O
] 3R o B AL o

GANH R IE Ui im AR e Fn 4,
HINFEL,

2.3 {#EADiffusionFiHiFARYE
5% % N

Diffused Heads!"OV gy fif J 4 i 5
W, T B — A G5 UGN 3 53U 51l mT
DLAE pl— B SE  £2 300 A 2 SL AR I AL
W, AR RS AT S | TSRS (AR )
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R1 GAN MBXNEZTIHIEAMK

el eds B

RankGAN® FET I KL BRAR ik =0 YIR A JIIR BE SN AE AN A B 00 T P itk e
T, $2% TGANRYULSOHE I, JE55R T GANAIPERE

X2Facel MAEANTAILES . T SOARHRNE; ARG ARG REAR R

Mesoscopic Facial
Geometryl®
High—fidelity Facial
Reflectancel®®
Decoupled 3D face!®

GANFit®
Synthesizing Facial

Photometries!®”!
Unsupervised Face
Normalization!®®
3DFaceGANHO

Digital Twin®?

TB-GAN

AvatarMe!"!

3D Face Generation via

DCGAN®I

StyleGAN3P

BlendGAN!#!

MOST-GANII

WAVZPIX

His &7 PUH VR #5157

FRER TS ANANTT Y5 VT S SOH NG A A R A 5 7
A AEE TR RS

i HHFR AN A UART TR R A o ) S 5

YIS FF TR A, 45 A 28 3D MM 42 Bl 3 I
Sy e

THT B S HE A AR B A2 U VH I 2 B vk FH GANE
AT A, 7530 7o o e ) T 53 3 L 2

SN B 3D R AR AL, b 2
E3DMMILLA EIE H R GANBE AR5 U V L5
e e 43

ZAREEE; 2D AJGHIU VBT 42 5 2546 22 T
HRURAENHT N, A B3 SR F bR AR

TR 3D A AR TR (R TH T AR 5 o FH 1B 2 S AR Ay
s R 3D AN ;s 3SD ARG AL 2 3D ASG U VAL
KA 55

I GAN LS A FIHR KRB PG-GANSEAR I
WGAN-GPRINZH]

AR I8 45 . 8 R AP B £ P (e
s =N

BE AT B B AR 57, AT EE XA A
JEAFAEHEEL; X 3D AR #L, RN e LA A
TR

Te i 45 28 1l e 8 5 T 2 s YN R B0 1k i i B =X
(35

FEGE AT g AR, RIS S0 0R A%
TG B S 1k, an3DIB R, R BEER | 5
T PRV 35 R B — s s B A A s R A il A
FHE TS FRAE, WHIZR990.25%

WA, AE— M ER DA

TR, AR EEASDA R

A T3DMM, T ELJ AR T

TR AR AT AR To vk B e A 2

AR, HOGERAES

A SR 2 R 43 R ARG

U N R th v o e 3D £ 9

ANHE TEAA S AL A R B RT S T

T S B EE RIVR R AL AR AN

AL RFEID A, (BN AL BT

IR R T R A5 R

INGEE R T R G 2=
PO R SR S Sk A B LA TR

AR G RN | i B4 B LR
e B YRR 1 o B AR UK

2%, FEOREZS E TS 5. DIff2Lip ™ [H]#:
BEASAE LR IX LU AE (Y [ B TE [ 2
Difftalk!" 22 6 UG AR 10 A E
FRPFE SR AT G B A R L 224 1
AL, T SEBL B (5 B iz A, IF ELak
G U A BE AT v 3 WA R, P S U
2, Diff Talker ™ 75 BT Hi Y
N T A AR A [, Diff Talker
FH A AR B O 25 20 i« 2878 R g A LAA]

T EE AR e < o 246 R B T3 S O S0 B 4
TN A B P 2% L bR A S S A TR
16988 2 1] A T A T 45 5 TR A 4% R AR
A AR BET R BB 254 OB B A R
EhH,

SCHR 741 FFRAE:, 25 B AT IE A9 A0
B, EETE AR IZ RIS AT s g, B
MY 7 B B W 3 1 T 3, T AN T
[R5 P AL, QnTAT AR A B S DA F L
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%7 PR R T 2 L T B — 2L
P ]/

YR LA E R R SR TR AN R B
[ ERE T IR T #EI2 3), DAE-Talker!™!
HEM MY B A S5 25 (diffusion auto—
encode, DAE) KRG B9 £C 4% 9K 30 1 % 71
FIR o DAERLS — K1 K115 G 1S DN TR AE
r) 2 1 G G T 2 A — MR P8 & E 2 E
2 HIDDIM (denoising diffusion implicit
model) FUE @1 &% o DuZEIEDLIE A
R EIIZDAE, 85I E £
fIEVERFETF Conformer B TH 3 T AE A ALY
Y H R IX{HDAE-Talker 88 & 5l 58
FERAG, A S YRR N A —E A
IRLFRIZ B, T AN AR AR TS AR A T
Sl e Sk AR e

FaceTalk "5 F T M N\ 115 5
oG Rl PR L AR L F 3D I B
Ho FaceTalk$d th 17— B9 FE 9 BB
B, FERRZE S KRR () 3 0k 2% (] Hh 4
VE, LG B K s 1) 82 L 58P 41 A
= BAAS5E M N FINPHM (learning
neural parametric head model) FiE =
BRI IE T, FaceTalk X ixX 65 1
HEATO0AG, DLAR B & AT 005 1 2 40—
AR T 53 1 i BN OC A6 N P H M T8 =4S
PELk,

EmoTalker"M& o 7 m ik £, DI
CRAEFEHL R A OR B e AR B B e N
TR AR N BB R R RE T, SINT
55 T SR A AT SR L 7R R AR R A7 Sk
B

DiT-Head "4 4 Ko, LAE
BN ZEAF X B4 B R B2 . DIT—
Head 77 ¥ E AR @k, vl LU # 2 A
B oy, TR AE piOm R I A5 S

SCRR[ 7914 Y T— D @51 59
BT (face animation framework with

an attribute—guided diffusion model,

FADM) WA ShEAE SR , ST fil e 47 8L
TN AT 428 19 & BN 1 [R] , 1% 1 T—
g S M 25 % (attention—driven
graph clustering network, AGCN), H
T8 N30 5 G ORE 2 1] AR AR A = 2 A i EE A
R, KN AAIZ B S AT HOS
XL E IR A B TFADMA IEAH
SR AN, S8 o i Y o e g e
BRI B, FE = R AT 4 .
FADM AJ AR 36 A7 25 b 24 it B AT 19 ) )
A

FESCHR[8O1HR, B 4% 7 SCARHE 7R A4 Hp
LR, XA D4k K CLIP (contrastive
language -image pre—training) HFHEiE
N, TTSEBIL R s s i VR
HE— X ST S5 E N T[] H bR g S0 2R
HeF%, JEoR Y BOBAY , o BRI, e
HY A SUBE UL AT BUSE B A =i (%
R 53 fif ol 22 S L i A, o, BT
LR R TR ORI A AR AN E
FRAA AL E SRR LT 2 2R 2 [R]
MR ZR, FFEEGRAMIBR SR, DA
PRECAYIEIE A A2 il o AN, AR AT 2L
DU 5T Bl e FP A #

DreamTalkPUH 34N SRR 4 2H Bl : —
AL L — DA R E TE & 52—
AT 3 o T-9 B 25 1t ] 4% B
TEAN[R] A 28 17 H— B S Bl e o 11 3 A
KB RTESIE 5. N T E W I B E R
Bl A FIERA T, DreamTalkg[ A\ T—/NX
IR S L 52, AT LAR S Lm0, [l
VE R LG KUK o SR T VH B o 2R 17 2 25 L
BOCARBFE R, TN E T
HIC XU PN s Sk T 922 DA AR A H A
Fef, WX F =, DreamTalka] LLF]
FH R R B9 BB RS SR A S A e A
BT AL, FFIXS By 5 XS 2 25 1
A

DREAM-Talk"2;g—AFF P B
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B S ARSI HE SR, T T TR A2 oy
ANTA] Y 2 FORE B B B W] 2, FE S — B
B, DREAM-Talk#tH T EmoDiff, X &
— ST RS BUs R, W AR s & R 2
B B KRS AR B A A B B A R IR
TEMLFR S, R B WS 1Zsh FE
(B] P B AH 1, 28 3 (6 P & ARURE AR R 17 K
KRB, s OB R RS B
I, DREAM-Talk &8 7— MR E FLIR
[ TE ettt e, B3R TR 8 S E MR EE3D
W EEEBEEH G
Instruct—NeuralTalker®a] DLF A
PR XS i IE R I 7 AT g, TS
A A TR A AR R 12 HE R S A
— MRS R A7, SRS N BT
Sy HUR Y, R R R A 2R 4R
Lo RIS, DR S i R HR ) 8 43
W Jes R 2 T A ad ST TR, 3% 7
HIRFIANT— 28R gs, DIkb
FEEMG AT, T A 2O B g h e Bl m]
P2 A A T AR A
DiffPoseTalk®HEE G Mg 2 25 I
PP AR EOXU R i N H XU Z Bl L E 4 B
R FEH, Diff PoseTalk >R H5ET 15 5 F1 X,
Mo K5 ST S A IR, Sk
[84) K HA J ) A ple L AP 22 55, AT HE 5
JHFURAT
FaceDiffuser!®g&—i 2 v [ AR
TEMEMZE R 25 5, T 1S A S A 3 DIA
B BN E G k. FaceDiffuserf“AEiB BLANZL
FEAL IS 7 5], FEEL RT3 46 7 20 3 B
(B 3D TH AR AT 30 4 Sl T 5 4 P RS T s TR YE
GICRBIE A
SDIFACEFHE H T—T3DH #Biz
SR S ST B, X 1L
FERI T DLAE— A/ NI 3D Iz Bl # P8 £ Il
2, CRFFE AR N iz shi .
A, EIR T] PR R 1 TR T,
T EE— DA R

2.4 fERA#MAEIHHBFIHIEAR
A& T S

G5t aE A K A2 B R I BB A il B
A [ 5 L FR LA F IR W IR 153l
AT ) —ZE R i 2 A A R I SR X A
[ o RT3 46 7 kAl A o 1 A 2R ok
R ER, S5 R = 2R, SE
HEEE . AR 7 Hol Bt T T
B 43 9 23 i S v JoT o D 5037 T S PR )
F1o SRTM, 3X LEAE i 22008 T4 PR A TR BB
Pk, Toik R S WIS 1m B A .
MR E8 AR 2247 e Rn TR TR 5
HITE X ATSN . — AN FT ELFE 23[R AN [A] foRe
FERIRRZR 45, Fh 2247 5t 32 "M% (neural
scene representation network, SRN) #
TR JUARTTZ AR FA AL o 5 T K I Ve e
AEERIPR A, MR N5 B T AT
KR o AR ZeRAE L R AT LAAS DRI 5
HIE ARSI AT B R s Bl . (i FHEFAT
YEIG . SUAEIE . AT AT A5 i 475k
FoRAENITIZ SR, ML ST (neural
radiance field, NeRF) 7E3A ASCTHE AU
HIZE RN T 3T, B R R HARRT5E
HE— A E T IX— M

3 SHFREARBXHREEN
FHEHR

EMLNTEG I SRR 2R FR ] LS Jo b 5
TV A A R Bt T EE . TR D H AT
Z BRI A S B A BRI B, B R sk
HIEEEAMEANF TG, S54h, H T R ARA Al R
VRO N TRAS, BT R AR £ s 4 52 3
AN AUASTE 43 I TERE B 52 o — BT
PERIBITFE T 1] 56T Tohr e AR A a0 5
RS H BB TR & ] R, %
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P A AZ 21 BR A1 1 (] U5 R A 1S 21 i
Yo KA AILNTEL e S Sy A S 135 40043 )
B 77 T PR e 3T I SR i i T EE R Tk, mT A
55 R R SRk T 11 B A S i A
T TR AR G, G SR e T AR K A R
55 B0y ML R A R A R AL
ZE, HLACHE S8 135 SN R R 4G 2
TS LU AR 7 L A RO R AL T e B Ty
o BT RAT 515 A 5C AT AL e AR
FIRFAE WL 2, LI A\ S0 56 5 47 i 21 7
NS

VI 2 3DTH HR AL SR B A T, B2
A3 T 5 A B B A T B . X L E
P L UE D EOHHE BT T S R AT EB
A, REBERTHEENS. FREM
I4DFABE 8 U FE180 2 & 114D
e, (B R e 2, 802 REH1a
ORI R T o LA 2 3D ) v Joft i 3 44
s o

e B3D(AC)2E LR O 74030
BIEA] T B K s S A DI R S

ALet)7 232 i, AR
— A2 U, DU AR A A 52 3
TR T REAB3DAC) 2434 7
FERT R L 52, TEMMEAR HU 25 7 T &R, &
W& T 515 S A KRB SER SR, XA R S 2L
BT RS E R S

o A AL K £ A AN T DL L AR
(crowd—sourced emotional multimodal
actors dataset, CREMA-D) 57408 91/ iH
B (48 By A4 i ), ik
6 3 SRR A AAR B+ B RO A
PR AR ARG o (8 GRS VS L
20% 1A% R IR B /R T— 28
FHHE A — e S B 124 A P R —
Ao PR ST B3 4480 % 360, SRAFERR
FEFFP30Ml, B AAIRAEFRN44.1 kHz,

o A [ AR M AR S I R 4
— w2 H B AR e B MR R A S —
BB 4T 2 F B R R T E 45, DORIG
A G, HILITEET 168 796 sHYEH,
VAR5 58 25 TUAF 6 BR 19 6 2452 31 4 1 2 A1

®R2 S5EEAEXNNITHIBSEIVRHE

EAEITES A A 2 /h B 1] 22 I WIS
LRS3-TED 438 5000+ N/A X LSy
MELD 13.7 407 17 000 + L5y
GRID 275 33 51 X Sy
TCD-TIMIT 11.1 62 N/A X S E
MODALITY 31 35 182 X Sy
LRW 173 1 000+ 500 X L5248
CREMA-D 11.1 91 N/A + LG
RAVDESS 7 24 8 + S =
MSP-IMPROV 18 12 N/A + LG =
VoxCeleb2 24 000 61 000 N/A X LA
LRS2-BBC 224.5 500+ 59 000 X L5y
Faceforensics++ 5.7 1k N/A X L2
ObamaSet 14 1 N/A X LS
VoxCelebl 352 1.2 N/A X 528
HDTF 15.8 300+ N/A X L5278
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I F AL A3 AR 8 B R B T RS R o R
Pa Lt a5, AL FEhERE, (R T
42 1995k EB G, F:KH 1 sHITE &
BRI

o TCD-TIMIDH £ #0146 2{3 i
PR RII6 913N E RZFEEA T IE R
B BRI, X 28 a] AR A R 3OF AT
LA SLEBARAE o WA /2 M TETAI AT 3 0 B2 Y )
JE o

e GRID (ground re—ldentification)
H A G 0T A 4 3 35 TN 545 Sk i T T
L, HAULHT 000 FE, BEETNA
PR3] B AT LgE 2 1 6 B, AR5 1R
1Al )T LA G R Y, A AT A 1
LEBsh .

e MODALIT Y& 500l F R AT
[E] (time—of—flight) FHALHLALAS AT R
TR 734 (] SoftKinetic Depth—
Sense 326AHMUAEAY, DUIEEFD6 O Wit 2 £F
P AR FEE A, 23] 43 W30 320 < 24014
o BRI Z A0, AL T LA SZKRGB
FERLSRAGH G 2R 3DE

e LRW (lip reading in the wild) %%
AR AT 500 A [F B3], HAS[FT Y
T R B AN HH o JX S B SR A 55 TS
Fh K EB S, — LU B 4% — AN
HEMNE GG M2, HAa
WAL TIPS/ N ARG R EAH B & A
77, 5 th— L A P B Y SR A e A,
TLRWE L2 AR B SL AL R i AR /Y, F
A ISR AE, I AR A

e 3 AL 2R AU G TR E 2 A,
PP A2 i T R — AN (R, TR
X— (A, EERITIAET: QERNAR
7 N 325 A O R 3 R A DG
Be s 4 H AL A o F 2 1 s (3D Tt 37 I R
ZIZHR 5 @61 5 it 15 2 W Y % 5
ARFRLLES

B L0357 R AE AL BEOAS TE A B2 2K 1

W B T3 AR AE RN, 40 B AR 335 & A
AR R I IE B R R IR R — AL A,
TE I G T FL AR 55, il 7 — 2k
I8 5 43 R B8 15 Tt o T8 A )1 2
A G PR I A TR A Dy B {73 457 AIE $1 B2
TH I AR AR 2 1] PR B SR AR B PR
Feo BN, PN (average content
distance, ACD) sl il & 2 5 (1 &
RN &5 I FaceNe 4 A1E 2 [R] AR AL
KAHIHT, AREZLARMUE (cosine similarity,
CSIM) HFl & ArcFace I A B 7]
B AN UG L %

e A A B, 20 ES &
PE A AR AE o 18 T 18 T 15 25 S (R e
It (peak signal-to—noise ratio, PSNR)
AL R IR B 2 (R R = 22
SRT, AZSIEH HPSNR 2[RI 25 AR5
Ko BT EEAIFELLE (structural similarity,
SSIM) I W i R Z AR 58 FE . X T
FERI G A ARAELEE , SIATIS (inception
score) RTPAl A R ) Z2 Rk, B I L
T2 fInception—v 3R AL PR
SRR PEAEFIARIEZE , BiE T FID, 24
T, T IEANX LR, WS HF I 5,
HHESH EUGTEAL TR bR — R FUE SR BORAS: T
(cumulative probability blur detection,
CPBD) SKiA B IIE W . MHILZT,
PSSR B B (frequency domain blur—
riness measure, FDBM) & [R{G M RE
AP FE

[ BB A AR Py TS0 . AR Ry
AR HH 1) -2 B AR S TR A3 N 322 5 B S
N ZE 1 iz HE B[R] A0 A0 238 A AL . i 98 3 1t
TP R BER A FRAR =R, DAPE Ay B2 HE Y
FIARTR FE o T A7 Ui, 17 T 3B 5 i F 948 B ) 3
B R B FE R AL S AR R 20 THE I B AN
IEES (landmark distance, LMD) FIF-
wEARN R, &4 kEGEHLHAS
FEUG Z MM ZE I, JBIL4 S]] TA

2024059-14



88

BIG DATA RESEARCH A#ifE

HI IR B A R SCAR I, YA Z 1 E
BRI AT DA E B 45 12 %8 (word error
rate, WER) o SyncnetB AU & Il 5
AR DE [F 25, 04 i JE 50 R 20 R B
A AV TS FIEE B I AVIE O, MARIRENH
R RE, BIEMALUE S (lip-reading
similarity distance, LRSD) & —/JEHS
[F5 PR FE AR, BT — AR aA, 3
T L A= B B 5 SE BRI - B iy
AE SR 5 A — A 5 TR 2o
HFiadE A AR TR AR LR 3,

4 SHiE

0 F G A AR B AR A T LA
Bt — AN R AT PR R, A7 )
T SRTE . T A AR T R S U
TRENHERE, WEFSI T (WCNN,
GANFINeRF ) $ ARSI A 15035 A A= Bl
AR ARSCEZEIR T IR A= B8 ) A
GEIR B AR A A2 sl RS2 B, A
7 LA SR FE 77 ], LR i £
TR Z BT FER s AR 2 Bl
B w55 K RN FR AR BEA T T T I 45
W, AN T IR R R, R
Wi A 2B R AL T SRS AR, It
AR, AR SCIR A Y BLA IR S, AT A
JTIRHEAT T BRI AT, A St HE
TEAERA R F5 AT WA R T T B i
AR AT B AR HE SIS KB R 3D

TH A AE R, AFEAR. VR, RS 1T
BN XA RSPl 5 35
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