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Abstract: With the exponential growth of the metaverse,, immersive virtual reality, and advanced human-computer interac-
tion paradigms, audio-driven digital human generation has rapidly emerged as a paramount research frontier in computer
vision and computer graphics. This transformative technology aims to establish a robust and seamless cross-modal mapping
from 1D speech signals to 3D visual video streams. In contrast with traditional motion capture-based approaches, which are
constrained by expensive hardware and rigid physical setups, audio-driven methodologies offer a highly scalable, cost-
effective, and interactive solution. From a cognitive psychology perspective, human speech perception is inherently a mul-
timodal process. The classic McGurk effect demonstrates that visual cues, such as precise lip movements, play a decisive

role in deciphering auditory information, especially in noisy environments. Consequently, synthesizing a lifelike digital
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human requires not only ultrahigh-definition visual rendering but also millimeter-level, time-synchronized alignment
between auditory signals and visual lip dynamics to prevent the notorious “uncanny valley” effect, where subtle unnatural-
ness provokes discomfort in human observers. Despite the proliferation of extensive research and rapid algorithmic advance-

ments, generating photorealistic and real-time interactive digital avatars continues to encounter three formidable chal-

lenges. First, bridging the immense semantic gap between distinct modalities—specifically, translating semantic and
acoustic features into complex spatial facial muscle deformations—remains fundamentally difficult. Second, the trade-off
between high-fidelity rendering and real-time inference latency poses a critical bottleneck. Achieving pore-level skin
details and realistic hair rendering typically demands immense computational resources, conflicting with the strict low-
latency requirements (often under 100 ms) necessary for seamless live streaming or real-time conversational agents. Third,
zero-shot cross-identity generalization and the expansion of driving scope—from isolated talking heads to full-body expres-
sive agents that encompass co-speech gestures—demand robust structural priors that current isolated models struggle to pro-
vide. To deconstruct this complex domain systematically, this comprehensive review first proposes a unified “encoding-
mapping-rendering” technical framework that encapsulates the majority of audio-driven digital human architectures. The
framework initiates with an audio feature extractor, utilizing state-of-the-art self-supervised foundational models (e.g. ,
WavL.M and Whisper) to capture rich phonetic, semantic, and emotional representations from raw audio waveforms. These
acoustic features are then fed into visual geometric representations, transitioning from sparse 2D landmarks into sophisti-
cated 3D morphable models, which provide explicit facial motion space. Finally, a cross-modal mapping and rendering net-
work translates these spatial configurations into final visual video frames. Following this structural foundation, this study
meticulously reviews the evolutionary trajectory of audio-driven rendering technologies, categorizing them into four domi-
nant paradigms. First, early 2D image-based generation methods, predominantly driven by generative adversarial net-
works, are examined. Although these models excel in achieving rapid inference speed and fundamental lip synchroniza-
tion, they inherently lack topological constraints, suffering from severe structural degradation and texture stretching when
handling large-pose head rotations. Second, the integration of neural radiance fields (NeRFs) introduces a paradigm shift
by leveraging implicit volumetric representations. NeRF-based approaches successfully resolve multi-view consistency
issues; however, the heavy computational burden of volumetric ray marching restricts their real-time application, while
their subject-specific optimization nature limits broad generalization. Third, the recent breakthrough of 3D Gaussian splat-
ting (3DGS) has revolutionized the field by combining explicit geometric primitives with highly optimized rasterization pipe-
lines. 3DGS-based models break real-time rendering constraints, easily surpassing 100 frames per second, although they
still struggle with dynamic consistency during extreme facial deformations due to their discrete point cloud nature. Lastly,
diffusion models represent the current pinnacle of visual fidelity and generative diversity. By iteratively denoising latent
spaces, these models synthesize unprecedented skin textures, hair dynamics, and micro-expressions, although their inher-
ent Markov chain sampling mechanisms introduce significant inference latency and temporal jitter challenges into long
video generation. To facilitate an objective assessment of these diverse methodologies, this study synthesizes mainstream
datasets and rigorous evaluation metrics. We detail the utilization of large-scale in-the-wild datasets, such as VoxCeleb,
alongside high-resolution benchmarks, like high-definition talking face, and emotional datasets, such as the multi-view
emotional audio-visual dataset. The evaluation criteria are multidimensional, encompassing lip-sync accuracy through
SyncNet metrics (lip sync error distance and lip sync error confidence) , visual quality via Fréchet inception distance and
learned perceptual image patch similarity, temporal video consistency that utilizes Fréchet video distance, and identity
preservation measured using cosine similarity. Finally, this study provides an in-depth analysis of open challenges and out-
lines prospective future research trajectories. We hypothesize that the integration of multimodal large language models will
fundamentally redefine cross-identity generalization, serving as powerful world models for decoding audio into structured
motion commands. Furthermore, transitioning from purely correlation-based learning to causal modeling will be essential
for decoupling authentic emotional expressions from entangled acoustic noise. To address the theoretical bottlenecks of
long-sequence temporal consistency, we propose exploring state space models, such as Mamba architectures, and flow
matching trajectories. Concurrently, given that these generative capabilities approach indistinguishable realism, ethical

implications, particularly those that concern deepfake misuse, necessitate the parallel development of robust forensic detec-
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tion and defense mechanisms. Ultimately, this review aims to serve as a definitive guide for researchers, navigating the

transition of digital humans from mere visual replicas into fully embodied, emotionally intelligent interactive agents in the

digital era.

Key words: digital human; audio-driven; talking head generation; neural radiance field (NeRF) ; 3D Gaussian splatting

(3DGS) ; diffusion model
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Fig. 1 A general framework for audio-driven digital humans

B B Ak 2 RS Y R 5 URR A £ HAR
B[ H 2455 RIS iz A5 g . T
A2 2 BE AR PR EE T IR S T4, WavLM (large-scale
self-supervised pre-training for full stack speech pro-
cessing) (Chen %5 ,2022) il 2 5| A Z W4T 55 5 #E75
FeUZ T, 7E PR B A5 o R AR B A R I, R g o 1
XA S 0 57 B Sk, HRTE ) 2 B

AT IE K e A AR, SR 2 iER S
5185 9K 5175 3K , Whisper (Radford %5, 2023) FE 48 H:
TE R FASE 55 W B 001 5 v 345 1 i R0 SO fidk e
71, Retl hy s B I 28 SR AR AR HE Y & R 4 5 1R
AT FERHE . AN, 7R IE SR R R FLAE IR A 1 okt
WFFEH, U0 emotion2vec (Ma 45, 2024 ) 254 7] £ %}
15 R AR DL Ak 1) 5 A L RS 2 s o o ik



$31%5/ET7H /2026 £7 B

=T, SEE, K, B, EFH/ FRRINEFARRER

i i e BE S I\ —AETH & 15 5 v I 2 B X A S
AR E B 1 RS B RS B R T A R A R
FNE (AR I BB Bl a3k 1) 19532 B U8
NPT S RRIE S
1.2 MBEILMARIESSHLRE

LUNCIDREE oW i B4 DN I 2 TN B BN 2
e TRORLA B I AR FIR . ARRIB R Ty
ETERG R FEERR I A A M E R R
(1 2D S A, B EL A3 — SO = i ] AR AR Y
(three-dimensional morphable model, 3DMM) , F-3) =
TR R BR X G A , AR 1 B — AR TR
v 1 AR U B R AR

1)2D 4 5 5 M A% (landmarks and 2D mesh) .
T 5 0 AR PR 38 179 2D T 08 G 5 ek G 2A 68 1)
YER I FRR . XA RS B R TR
R TE KA Sk R I 45 2 S B PR A A IR

2)3D ZHALBIR (3DMM Fil FLAME) . 4 T 5¢
P =2 — 51 , Blanz Fl Vetter (1999) 4 ! (1) 3DMM
N HAT A AR FLAME (faces learned with articulated
model and expressions) (Li 55,2017 ) 5 24 A B9 3 3
VebE. FLAME BERDRE A fAs 0 AR S 43S
3AISE SR XS E SR S AR AL T LA i T T
DRGSR UL MR FFE RSB (R B 4y)
ARAE o XL 3DGS I NeRF 58 A 45 A= i it
RGP

3) B x5 3 AE 4 A9 (implicit and latent codes) o
FEY OB rh B R AR A A2 i Ui J L 4544
17172 s 40 7 85 A 25 T PP AR o) o SRR 7R R
= Wy ] e H B IR 105 B R EBE ) L e
e N 22 1 N ER ARG A SO

B 1A JLAT SE 5 BT T NeRF 2 3DGS 25 18
PHEHLSL , H T 3DMM 5 FLAME %5 S 40L A AL 1)
IR Bl % 28 3T A ok L UAS e 2 i3 iR . FaceFormer
(Fan 45,2022 ) 5 5] A Transformer 2844, F| F A [7]
VA 77 2O B R BRSRE Shy 3D A B4 T8 S0 i, A5 4L
i TR ES BT OUER R T iRg 2
JZ BN AL (multi-layer perceptron, MLP) %5 5 5 2 )
-1 3k B ), EMOTE (Dangtek %, 2023 ) M F —
AE FLAME 284k 2 o] i s2 8L 17 A R BT
UK T S SR T2 (speech) 51 % (emo-
tion ) FRAE 1 IR ) 3K B, A 45 A 10 i) ThT PR Sl VE AN 1))
FRTAU AR ICIC . Mi7EA: i ERT , FaceDif-

fuser (Stan 45, 2023 ) f1l i 1 b 4 - BB 5] A =4
THT 1S 280 10 A S, T e A R0 At T R AE 25 (] TP AT 2
Mt AR, W E T T U B S = 4 A% Sl i i E
SETES ST . XS T A S B RR RY T
VE AU S7 IR B8 AR A1 AR S 5 R Y JLART S 4
(geometry priors) , K J5 2245 & NeRF o 3DGS TR &
HERATE S S e U 8
1.3 EESBET5IRE 5K

PRSI A Z O PR TR R 5 45 I 2 1] Y
—Xof 22 RS X R[] — ) 3 T BRI 22 i B
IR FI LR EAE) o

1)y 22 P W 5 5 MR 2R P e ST o 0 5 PE (regres-
sion) : S I 77 ¥ 2ot 1] B0 22 2 EOAIL BRI R A I
14 ™ 4 (long short-term memory, LSTM ) B % [7] I f]
WESE XMOITER D P PR, S BRI
IR T%%‘@(generative) R T HERE Ry, AT
B0l AT 2 8 % 15 4% (variational autoencoder,
VAE) 8 OB o i i 27 ~J 32 3 73 A T 4F 5 — £k
(B, B REAS A BUAZ IR IR S AT BERLME R F AR
i

2) 3k E P[] 5 % # (head-torso decoupling) .
TETNER 4 BB 2R 5 300 TR HE i, Sk ARz 3
Cra A AR NI ) 5 49K 112 3l (AT W1 ) BA A ] )
YRR . PR, 23 TR 280k — e F SR d
I ANt ST ) 28 3 ) T Ske 38 48 25 AR 7%
e TR Y B B gt AT R, LAsE 5 Sk 3 B AN Bl Y
et Al JE sl B (A B T — BB TR R IR 52 o
1.4 EFEARFEH

T YR A7 DR T LA 75 B A g e 2 A0 ot
HER AR B I B HE LT e NER B BrES
B, 2% U RAETE Y B HEBOR S A3 ] — 2
PEZ B AT T AR

1)2D BMEA B CAE SR T2 ) o S BB A
GAN 8 5 2 P 5 bR A g PR 5 o R R e A e
JEASR  H i T U =2 LT 200, FE AR Bk
PR REL S ) Hh BT L

2) PR TE Yt (volumetric rendering) . L NeRF
AR 7 Wl W S R EAT Ry, S T R
R =4 —20rE . BRI T GAN BYZEAE fi IR [m)
BB A SR AR T B0 Gl A B L MELLIA F
SN AL H A ER

3) ML TE B (rasterization) o A 3DGS A% (>

2321



2322

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 7,Jul. 2026

MO HOR B =2 = R BHEEBOE B 2D P i . B
TEAR B = ZEZ5 A A [R] I, 1) FH 8 A i S B 7 9 5
GAN P TR G TR | 2 >4 i S ) i o i A0 AN e e
Rz —

4) £ M A= il (denoising generation) o & T4 HL
FRHRL A 7 Ve A R A e AR P ok PRI R . R
PEHRAE R f ey B HON K 22 B IR B LSS A0 SO Y
R f ey AR T TS AR Y R
1.5 ZHHSEEREREEN

S A F BTG TE YL K87 (2D NeRF
3DGS . Diffusion ) iX — 3 4% BUAT H7 AR PEAT 1 HE At
BN (£ AT VAL NN T B2 Y T T 8T B G NG
E A s N TR IS S R (VAN D G NI e S 3 S

D) ¥z Ak 1E 71 5 I 2575 2 53 25 (generalization
and training paradigm )

(1) 52 AALFR Y (person-specific) o PAF-1]
(¥) AD-NeRF K & 738 5€ X 3DGS Jr i AR, % 2%
T3 B B H bR N o USRI HE1 T s AU
G, HACHTE T RE m PR Bk I H AR AP i)
FEA R SRS NS08, Ak = RSV, Joik B K
AL By o

(2) 5 B0y 38 FHA A (person-agnostic/zero-shot )
L EMO (emote portrait alive) . Hallo & Wav2Lip A1
e, X MY SE AR KA T SN A (A VoxCe-
leb) #4738 H #i Il Zk (universal pre-training) ,
A (S5 B 552 1 2 2% (K114 (one-shot/few-shot ) B[l AT

WX BAT B B Oy o 3K S A [ 2 9N 1Y 32 i
LRI

2) B Bl kL 4y 28 (driving granularity) o BFEN
3 B ) ok T 9K Bl 3 ) A 4 B . A R 7T gy
Rt I [R5 (A 2 F X A5, 2 MuseTalk , 32
FIARECAY SE P S ARTT RS ) A A 9K 3l (4 3% T
FRILA S RZ R ) Sk SR i R] 3% 3y (R Sk 5 s 430
B 5 KRR A2 | 4028 285 0] 458 A 22 52 (pose-
controllable audio-visual system,PC-AVS) ), L J& a] 4=

B AR s 7 4 1 (co-speech gestures ) T8 F 1Y = B
A

3) 5 G A B IR A 22449 (hybrid architectures
and boundary cases) . {H 15 & A&, B & 24E K
N RE A4 A, AN TR) B AR i IR 22 0] 1 30 57 T 8
W ROR , B — 3 IS o T E DL IR 55 9 A RV AR .
WL IT I B ARV R o3, fig Al 1 R B
FEYIR A . i, ez 3h A= s B, AT HE
R 58 I 1Y) 73 A 045 BE 0 A 1 A R B iy sl 1
R P A ek BI85 i A e 2 T G B, DU X
BB B R S 56 1 A 1 3DGS 5§ i X A% (mesh ) H ik
oLl , AT IS Wb 255 1“9 IR B Y i 12tk iz
Z5EE "5 “3DCS [ m AL LR G RE S 7. BeAh,
UN R SR B ) MeGA B SR T 0 A% -5 g 30 ik S5
IR E TR (hybrid mesh-Gaussian ) , B T #T 8%
B — Y YL SRR 1 B S e A L S IR Y
HEER,

B ATEK SR NHOR K JE TR 2 R

ER-NeRF Real3D-Portrait READ
AD-NeRF GaussianAvatars EmoGene
t
DINet Gaussian Head|Avatar | EchoMimigV2
Wav2Lip FlashAvatar Hallo
o DFRF TalkingGauIsian Emo2
Synthesizing Obama Dream-Talk ] MuseTalk
2017 2018 2019 l 2020 2021 2022 2023 2024 [ ’ fOZ \ 2026
Speech2Vid GeneFace++ GaussianSpeec|
RAD-NeRF AniPortraIl PGSTalker
PC-AVS SyngTalk SyncGausgian
DiffTalk VASA-1 EGSTalkgr
SSP-NeRF EMO SyncTalk++
GeneFace GaussianTalker MeGA
= 2D GAN NeRF === 3DGS Diffusion

K2 ERIR SR AR K S DR e

Fig. 2 Overview of the development history of audio-driven digital human technology
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AR I 2R, () o B 5 5 | AR AR I A e J 24
HME T o S AR A A T P A TR S
FIA T HAR R AR TR R 6 52 2y A
AT 55 53 o Chen 55 A (2019) $2 iy 1 — Tl J2 2 5
PR A UHE R, ) 2l 2545 3R G 2 R 2 1 MLl
5 | 5 ) 2% S I 8 DX 3 0 0 00 2 8, iR R T 4z A
JB AR & R A TR, MakeltTalk (Zhou %5, 2020)
TR A e 30312 099 2% (LSTML) DA 55 53 900 1 35 b s
AIERS , FEAR I bR A 15 . Chen 55 A (2020) 3
— PSR P AR A B AT R S A, i
F| 1 ATVG-Net (hierarchical cross-modal talking face
generation network ) FRAJE S FE A i H AR 1Sk AR 52
Bl 3R TBF AR ). XEITENNEET

CATHEPET B H TR LA AE 2D 1T A B, TR R
AT ME LR R LS 1 — Bk
2.4 REBBERRERBE

2D J5 ik 0 5 AR oY J2 B4R P A A U KRS Sk
TR 3z 2 F1 = 43 B R O B . X2Face
(Wiles 55,2018 ) FIl I HZ 25 5% 3K stk A BIL% , SE88 T
TESS E AL T I FBE . PC-AVS(Zhou
85,2021 38 o BR U Al I 4%, RS Al 1 e
EONE S = g i S SN A (5 WA VTR S
SRR E . Audio2Head (Wang %5 ,2021) i — 4 52
T one-shot 37 5 1) H $& 3k &8i2 g w142 )
Gy 1ieil 26 LE S R S Sk o B0 A BEEHSASEA
[ Im)
(Zhang 55, 2023b) | L BB S M 4% , 45 & 2% K]
A5 AR AIE T W 40 DX R A 7 e A At 0 1B 5, W By 2
T BRI S L

{FL 33K S 5 TS SR TC T Al DRAR AR [ 1, 32 2 Ji [
R RGBT G R BB AAATER M. BARm S,
2D S/ DR EE S PR AT i BOAN T LI
A BE AR, WS DX SR R SO + BT AR X,
GAN/UJE 2% (UNet) & E 25 5 1= A= IN KR
2.5 FHiEXLESH

BMAORE BT 2D BRI & 48R 3h 5 i e KR
TR A SE T N SRR PR E) s B A
TR b ] F R gL 5 R e R BB B G T, O
O ST T 55 B AR AR 4 2 PR RS 2 DA
fik. LA Wav2Lip MACERM Tk sh T IR IE [R5 1 hE
() 4 2 42 7t , LA DINet 4G 3R A9 7 1 42 T 1 15 43
HEARME TR R IR . SR, X — PR AR AR
ST E Tk = 5 20 = 2 U 5 P4 20 5, R e A
KIEE ZOAMKF IG5 T 55 AT
& ST

2 MTF L 2D J7 i AR OO 3 I 26 25 4
SR W NI (13 7 Ol 1= W< e W () RSB R e =4
LY AE R IR St R v TS 1R DX AR
RN 4, B re A e BB AR | 45 R AL 5 R
IS TER P I A T AR R B R 25 5B TR,
ST ) — Bk R RO R S SINKR A . A L
Z N JR SRS T NeRF By Bl = 448 5 7 0 vk 5 5L
T 3D ey it S Ak LT v Gy VA R A = 4
—HEA N, WARA E 2 1T OREAS 20 M 4
(25 PR M), DRIk, DA AR % 2 B3 1) 1

DINet (deformation inpainting network )
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KF 2D 7L IS A SIS T N RGP
R A Can PR T2 [R) A5 JRyld 1 X el 5
IR FGE ), i A DB R m R H =2 — 2k S
R P S AN KB ) e R T 56 o VAT, 2D
2 AE TR 5 S 3 1L 50 op TR KA A B
HRA I A J Fa H5 T n] B2 5 3DGS i R 2
T E AR - B 2D BRI 20 7 4 5 SR i A
W5,y = el AR R R 1 T A SR A — e S
e PR AL IR

3 ETHEESNZHEMRIEFA
AR

BT 2D UG A A= T v AR TR I BT RS T
KR (HH Tz =4 Ui e 2o, AR i
PABAE K AR BE S 0z ) B A4 25 1 ISR h A iz
AR . Mildenhall 55 A (2020) 4 Hi i) NeRF 38 i
MLP [3 2 375 37 57 i AR AR e A €, S B 1 i
J s LR IR A B, R bR AR AL TR
MIFEEC . AR # S 0 NeRF 975 0 & 455K 3
22 NeRF, 143 51 NS i v G 2 fRE ) S A
BALH 3N HEFE LRI RE
3.1 BHEEFHNHESEHERR

H NeRF I HI T 3630 A G A% O Pk e T
SRS SR R Z BB R o Guo A
A (2021) # 4 7 AD-NeRF (audio driven neural radi-
ance fields ) RIS ILZAE . %7 ol 2 iy
ME5 SR ARLEAS SR 5 i N 422 3 W ST Y
NeRF 2% 1, 73 ) 1 5 e Y Sk ALK 1. AD-NeRF
RSB T AR Sl Y e PR I SRS A AR R
T 2D 5 S IR E R ). S84 AD-NeRF SR
PG, (F TR 7 A4S 7™ S0 1) i 3 R A 1,
TFRTE B (volume rendering ) AL 5 BUAE iy Y 75
BEAWIECA T A MELL S B AT 5 2) Sk B AR Y
AR TSR AR 3 T R 5L, W 9 12 sl AN Hp i
W BB DX ) B A B . I B Y NeRF
T AT REL S Wk S, Tk B 00 B TR
absR NG PRt R O Rk
3.2 ZESHBELRERMRL

h T fif e NeRF HEFALCRAR T 09 18] &, 5 2240
FEGI AT 25 ] 43 fif B A 9 B (hash encoding) 7
AR i P 23 TR0 6] 0 S g 25 4R T 1 e e

RAD-NeRF (real-time neural radiance talking portrait
synthesis via audio-spatial decomposition) (Tang 4§ ,
2025) 51T T AR B4 D G S SRt o I
= YR A 8] 3 A SR 22 AR T, IR AR fIE 3
T 32 6 T Y R P L R A TR )E MLP R B TR,
W SE B T S HERE . ER-NeRF (efficient region-
aware neural radiance fields) (Li %% ,2023 ) Wi — 241
b7 A (R AR SRS . A IF SR Y T AN [ DX JO0T
T A O SO e R AN ] AN P B, Ak k) L DL
FEH T XA (region-aware) I S5 HLH , 45 &
— VI W5 Ay 271 (tri-plane hash representation ) , 75
TIE e R L 1 5 ) [ N, S BT e AR N 2 4 B
B xSk B o 85 5 B T %, SSP-NeRF (semantic-
aware speaking portrait neural radiance field ) (Liu 5% ,
2022) 51T i SCRIBLE] , 1T ST 115 S 4
SYARIE A A5 52 A S R0 B R A3 B Y e S
THMWERE -

3.3 ZUMEDERER

& GE 1) NeRF J5 1538 5 5 X R € HAR AW
A — B KA Gl 6 Ko ) #EAT I 25, i = 85 B 1y
AZALRE ST o AT S AP AEAR (few-shot) H 2 B
A (one-shot ) 9K 5112 31 P AF (Y BFFE R .

DFRF (dynamic facial radiance fields) (Shen 4%,
2022) FIA T hRifEAS ] A g e G . ALy )
— 38 0 T F e 0 e e T IR s Y A £
A T D FEAR ST AP IS [V . GeneFace
(generalized and high-fidelity audio-driven 3D talking
face synthesis) (Ye %5 ,2023b) & 75 fif e Ul R 508 (&
B ) 5 IR (FLSERUR) Z A A 22 5+ %07
BT T — ANz B AR A TR R i —
AR BRI, #EIE R 2 H AR NeRF 1, 125 42
T AEAR W S A ER R, BEJS , GeneFace++
(Ye &5,2023a) 5L A T 2 AL ME LU BR ¥ 4
AR TS BT, 2 — R T T A AR E
Ifii 7E one-shot 37 5t T , Real3D-Portrait (Ye %, 2024)
BN ZRRY 3D S, Seat 1AL GE— sk By BT 2R
T2 A A TR AR, B R H RS T NeRF J5 i
AL FH T A
3.4 BERERTEBERES

4 NeRF [k i 1 5[] 73 fifp 55 W6 A 4 1) 28 fifp 5
PRSI , WIS EE R TR DA B AR B e ) < S 15
FLARTIAET , o i SR A 7 [ 2 SRR [l AP R
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PESHIERKL

H1 T NeRF HL &5 18 22 ] i 1) = 2 SR AE 15 J
il FT LA 3 0 o] R 4 ) B Ry v A 37 S B
3 8, A0 2D RR AR E A B 7 AR R AR .
Peng 55 N (2024) 45 Hh A I B 7E K79 AL b 45
Gy WISy A FISTE A R L i [al R, Al T8 Y
SyncTalk 51 A T — AT [] 20 42 1 4% , b 2 7R
T S AR 55 8 AR X 55 0 & L R AL T R AU
Hlis SRR

AN B TSI iR e AR TR H {5 B o Emo-
Gene (Wang il Fu, 2025 ) ¥ 17 J8% i B2 /E by 451 1 1 45
il 22 5 5| A NeRF, i 5 25 #9207 A AL BEXS 1
AL, 30 BEARE 490 1) 17 S 0 R R L LR 1B R A
M S T ECFE AR HLAS ] 17 8 R AL
3.5 FiEXteSH

hy it — 25 B B AS [R] NeRF J7 3 78 SE I 32 1k
AEJI S AR M SRR E RIS R, R I XA
T R AERYE TAESEAT T IR e, AT R
NeRF P& £k Y WF 58 L nTHEHG 2y 328 55 1 25 LU AD-
NeRF g A3, 5 i o O L = 2 —Foe , (R4 A 2
BOE 55 225 0L RAD-NeRF #1 ER-NeRF {0 3% , i i
23 1) 3 figp 55 S e s S B S I v e, S M
AJ 22 B NeRF %0 N9 =91 77 ) 5 55 3 25 LA Gene-
Face++#1l Real3D-Portrait 5 M0 , B/ DA 2
TLRE T | B TERE AR S 13 AR AR I 512 T 155 B 15385 T
e SR, SyncTalk 5 EmoGene 21 | 2475 Yy
BRSNS A ik Im , WF90 B T iR i 1) [ A0 R
PE 515 IR A A T g S 08 AR, DT 4 T A e 2
RITEE SRS, NeRF B EZLEE T 1Y)
PO SUE T HACAL B bR o i T MLP 25 fiit 1] T
VR B 3 1) v AU T P A Y B X G i 2 P 24
Hrp, T2 O FFAE (identity) 5512 3l 7 4E (motion)
=Y 2 v B g5, 5] A4 (out-of-
domain ) B3 & AR ECHT B IK S 128 S A2 X L
SR 5E 5 A RS TR L A B 5| R A 3 R 3 AT Y
TR, 3 I AR B Oh 52

MEEA LR BT 1 KT, NeRF J5 15 /8 =
2 —Bov T HAT D0, (H AR OO S TS 4R Hh e 4
PHAEIR 5 AR5 AR « RIS AE W A Gt % 5 2 (8] 23 A 5K
BEANFE T, NeRF AT 5 PAT S AR 0 2ok 78, 76 i ) 5
IS 3557 T MELLIA B FSE iR s [W] ), NeRF i
W BTN R B Oy BT AR S AU U St 7

AR JE T s iib, NI B 037z A e 14588
AR, IRBR N 5 ST B U S 6
A £ 19 3D 5 3T I 5 (3DGS) 77 (Kerbl %5 ,2023)
PSRBT SEAl . BVARTHT , NeRF 2R BE A H
FAB R A0 A — B0 5 A0 I 5 11 15 2 al v S
AT 55 I AE AR SR W] BEAE R 3DGS 5 ¥ i 7l {4
R =GR SE T | B ARl R LR AN T AN AR R
R RAEAEH

4 BT 3D BHHE R EREH T
ABA

FAREET NeRF 15 I AE AL R & il B i 1 I
TR AR AR T B ARG 2R A (volumet-
ric ray marching) FJjE K ) 22 J2 BRI HL (MLP) £5 37,
SR BOHE FE R X LA S RS AT OR o BT —
i, Kerbl 4 A (2023) $2 tH T 3D = Wil S (3DGS) o
A AR F A5 1) S0 9 3D i i BRAE 0 2 X LA iR
A5 E 5T BB A 4, S B T 100 /s A
b B S g B IR G BT, 5 NeRF /Y PR &
B SRR AN, 3DGS By B AR 3 5 T kAT L
AR T AN ] o PRI, AneT e A0 5 Il i 38 v S0
J T 1 M (L B e i il AN BB ) 84k |, il
R4k NeRF 2 Ji5 807 NS #T I BIF R
4.1 HESHERSLAESHER

FE S IR A BR Bl 22 1, B B SRR T ey
FET AT Z IR 3DGS, i ii AR e it 7 oG5k
OPIREPist o e g S £ 8

Ry TR B AR N AR R, T U 1
¥ 3D i 7 5 FLAME 50 3DMM 45 2 80 {0 A% 25 1 .
FlashAvatar (Xiang %5 , 2024 ) i i % =5 e A 2] RIA%
2% 18 (Gaussian embedding) , F1| F 4% 1) T2 25 57 o) 15
hizsh GaussianAvatars (Qian 2 204 MFI AT
B 30 2 55 W7 (rigged Gaussians ) HEAS, SZEE T X 1]
NI

%) B H 050 T A ME 55, MonoGaussianAvatar
(Chen %5 ,2024) Fil PSAvatar(point—based shape model
for real-time head avatar) (Zhao 5§ , 2026 ) 43 ! i 1) F&
TR R T IR AN R A R R T A A
T B9 JLAAT HE 8 P . Deformable 3DGS ( Yang 55 ,
2024 ) Fl1 Rig3DGS (Rivero %5, 2025) W 3k — A4k T
AW T AR B B B | A5 B0 N REAE b B AT
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Table 1 Comparison of representative methods in the NeRF paradigm

)itk BUIBUR SR 2R FBHEAERR  EE
SRR s G 3 B A
AD-NeRE gt T O gy PRI s

SR X A AL

G & — =5 18] 53 fif Bl

RADNeRF 1, LLTH #5400 2% Pt T o e

fE—rh (5 LA B 17y

VN %N

o it b PR32 PR R

R L A
[RIAE M Aa e, 40 g VT 1 5 A

IR #£H) FE) AD-NeRF W& 55 S

RN E:‘Z S 5 Tyi- . \ 3 é/\:t n/*gw:; 0

A DCBURRIRN ST g (TR R A e D iR B X
ER-NeRF plane Hash TR AE R X S ) TR ) i R b AT Bods vt 5 X 5%

B AR R ~ e Kwi

U A e AR
DFRF f%@ﬁ@@@%iﬂ%'%fﬁﬁﬁ? muﬁggmﬁﬁ Qﬁﬁzi%ﬁﬁ 2 2 T At B

U AL R = g7

S O 3 L e e BOERF L
Genekace WA ALI St 1 | e o TR AN AW AR T ot vz

15 NeRF 25 4 ~ : - B

A ERARETRE . AR 5
%mmﬁ+%@@%%ﬁwmﬁﬁu*ﬁg§%¢ ﬁ“ﬁgﬁ#Tﬁ ”f@%ﬁiﬁk i 2 10 % 3 1

RS R e AR

R = AR . weripe g MR

feal3D Om@wﬁﬁAW£ﬁ5'W%§§Wﬁ;ﬁﬁﬁ¢%ﬁ%&) Hﬂiﬁ;ﬁ?% (5 B 2Oy 4

K5 i 1iF AT B -1k

INBAFVIRMERY v mGammmes ot g OO
Syncalk AL L T o NI T TR

EEI— Bk S AR

Ho R A e 1A X — B
EmoGene ﬁﬁﬁ%%gmﬁﬁﬁﬁrggﬂﬁéf (B B R ) %“#;ffﬂ*”‘@mﬁmﬁmﬁ|

Sk, ” . AL R
R TR R o B T AR 2 P o GaussianTalker (Cho 55,2024 ) #4) 4

I 4k , HUGS (human Gaussian splats) (Kocabas
G5 ,2024) 45 = TR S DR 2 A B AR AR, BRAR
BERTE B RIB 3l B AL F G RASTE 1Y SR A ok
4 B E SRS B 1A
4.2 EHIER BN A i B i A AR ) 4%

T bR JUA B 2R 0 BL At |, 3 9 4F 1 B 5% A
Bt 1) T ) A ) i ) A — e T IR P 485, A Pk
ASCTE T AR A PR A — 2R 45 R RS E A0 W) I, 52 300
AR IE R s S s S

R B AR B SR s R B A A i TR
sh A IR TalkingGaussian (Ti%,2025)F 8 T
3DGSTEBNA T A h 28 by th BRAS AN — By [n) it , £
H — P 25 44 5 A P (structure-persistent ) 7 1, 4 T
TR N ER SNBSS 3, R T T ULIE

T A SN FHE SR 3 3ok AR A A T v A
JERPE R 22, TE PR AIE o O L I8 5 74 ] i S5 3 1 B AT
FUFEIR . Gaussian Head Avatar(Xu %5 ,2024) fil i 3)
5 1o 0T X 48 A B LA T 2D AR T TR 22 RN
JRSCRR Y B AL

BEO6F AR BCREAAL rh i O B T OE 424 s A AS (] 25 B
L AT T ARG AR W E L] . SyncGaussian
(Liu %5,2025) Bt 17— B3 T4 0 VRS B FRAE A [7)
AR, 38 ) 1 SR B BRI 5 WS Bl 8 B 5 i
T B R EEE R W B DT L [A) B . SyncTalk++
(Peng 5, 2025) W 7E [A] 20 Pk (0 B il LAk 1T 850%
R N = TR T ) AR S R FPS B[R] S
T Y850 s ALK - (state of the art, SOTA) & 7 i) &
FE IR KRG o SynGauss (Zhou 55, 2025) W 1 1 4
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NG5 W S R AR SR, D TR N B
2R BT A A B IR AL R S s B 4R

N T D R A T A T T I G R
EGSTalker(Zhu %5 ,2025) 51 AT 8 &4 e i A8 FE AL b
(efficient Gaussian deformation) , KIEI /> T TC4% 5
Wi st . BEXF 3DGS FERR B X I8 25 5 7 AR R
DHEE MR R, Zhu 55 N (2026) 1Y) PGSTalker 42 Hi T 14
BN 8 i ¥ 1) (pixel-aware density control ) , 7 5%
BAL T A R0 Sk S A DX SBR ) 1 G R B
4.3 ZUMEREEGRER

&5 1) 3DGS J5 ¥ 18 5 25T X 4 E Al
G5, BT A A R ) 15 B 312 AL FIIR 5 T Y R K
JE . GaussianSpeech (Aneja &5 2025) f1 GGTalker
(Hu 45,2025 ) F) FH #9125 4 38 FH 5 7 56 56 (general -
izable Gaussian priors) , SEI T {0 F5 /b i 44l 2 1R
i P15 B RT 3K S AT 2 B 0 B B N IO LA T
A TE it

hy SN 2 A ) TLAT R E M 5 v S A Y
e BT Y B2, MeGA (mesh-Gaussian) (Wang i
2025a) 2 T —Fh TR TR G280 . IR R T
FARAZ A DX BEBE TR IR FAS E LA 1k KRR
T T S5 AR, Rl 7E R A . I RS R NI B
K LA A% Ak B XS8R 3D s 0 A7 20 T G i . 3X
Pl FRE B AL + AT IR A A MR Z R
e T2l 3DGS ZEAE By 7 Az v RS B SRR L WL A
i — OB S ST AR Rt R 2 —.
4.4 FFEXEE S

5o 3D @it S (3DGS) 1 3 451 9K sh 5 7 N 7
i B AU i 5 M TE G 2 S8 1 ik
() = 4EFR K, A EL NeRF A8 5 2 R0 1 14 T 9% T
2, 3DGS TEHEFE By B RE 6 1 35 AR TR AL T 5, A
TEDRIF 22 WA — Bt 5 s DR L AL [ i B 25 5 51
PSR AE H . 5 NeRF 2R LIRS 5t sk B &0
B B AR H] L 3DGS sk 8 B A5 # ik 5
AT s8R, R R B Y DG B S e 32 B AR BLATE
PN THT :— 5 T, 8 3 NN TLAeT L) s S 4k
& e R A T 2T RO, BT T
WY S RGE ] BREAE ;5 — 7 Gl T A
TR B AR e R R E HLE L 1R = 4EBE A
REAETE DRI A — B R T T S BT 3R 16 5
kAL, S K S AT 55 R i T B AR E Y = 4

2N

JRAE 3DGS M T TE YLl B (U AR 42 R
IR B 3 1) R A s 2AS —B0hE )8, AR R AE
M T B Ec e RN R . = 2L A
(mesh) B IS 2 7 30 MR FN SR, 45 3 ek e 52 3%
SIUREAE IR S iE AT 00 S P Oy 25 BB 25 S A Y
A XI5 (AN s 14 58 A ) e A ol B 4 S8 i AN 1 D) 28
A I AE LB b 7= A A AR IE 0 #5248k 5 558k
i

gtk — A B 3DGS L AR S S A UK SN FA
FE M5 SRR SRR R IR R R 2 AT I
AR R TAESEAT TG, AT LB H, S E
3DGS 45 9K 80 i RAR T A0 Ry 32 5 1 LA
A 3DGS = A A FL A, 38 3 %A 4 3K 2l I 28 B8 )R
TE AR SEBRFAE AR Ak, HLA SR PR TR SR i
BRI B S Ky 9 e M AT R 58 2 2%
i 2GR (AN A /B 4R IE A8 3 ) s T #5048 2
LM 3DCS #A, E R BB H5KIFI G 5T
AT i A5 A R P |, 2 XY i e T i SR
B E DT 1) 5 56 3 itk — B A m 21 s 5
(AN I R XA S 800, FE DR UE ] 25 14 1) ) B 4
FET A FRINEE T AW S5 MR % A1 )
“KHHR”. BN, 3DCS L fE s 2 H 5%
AR — B0 D7 T B BB A, UGS T R LA
A G NSRS MR e K 3775 =8

SRTT , INHE AR BRI A7 2K R, 3DGS ik s
B HLA S E Yot B (0 A O BRI S R FE Bh 3
— 5 AT g B T s R R R T R T
TR, BT B DA IR RS R A
AT B R AR L AT [R5 W, e = RN
REMEDLR , B 20 08 (IR IR sk 11 4 15 5 101
N BB 5 ) AT XE DA RS R ak o Ak, 5 NeRF AH L,
3DGS (145 2R 35 B AR =3 H0r A7 1) 7 55 5 DAk o
S, TADA A i o AR £ sl A B A0 i A B ] i B
AT B . BRI, 3DGS 2k B AV T 1] 52
A 38 B = 4507 A% O R, T NeRF [ 26 76 25
Lt EERSESRE I EA . ARE
A B A B B BT L A - LA 3DGS 7 H 52 i
P 5380, DL NeRF s 47 BB B2 41t 5 B it e 30 5
YT N4, A R L S0R 5 B SR 5 499K 5
HEINEY
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Table 2 Comparison of representative methods in the 3DGS paradigm

Jrik Pl HERHOTSY SRR SRR
swostesmany TR ) 7 i RIS T
waswos vakams oS TEYE mwnmp s T
st IR RRORES P SR
s @t I AEEVERIGE BRSNS W TR
wistmcs i) ORARIL BRI wo
e RPRETIRRE L o WL
e L L pogp WS e
3DGS + Ak ME 3DGS fliggﬁéﬂ 2D/3D 4T #h 4 GE (= A Eg;é%'if%@

5 ETHHEENBFARAR

TEA RBP4 (GAN) I NeRF 3405 A\ A=
JC A AR, AR AU A AT 0 Ao A 1 i) 22 R 1 5 v
HE . GAN % 5 AL 5t (mode collapse) , T
NeRF TEALBRAE NIV AR (4N 22 A ) If 3 L A
W ZeME Y HOE 2 L7 (denoising diffusion probabi-
listic models, DDPM) (Ho 45 , 2020) it 1 #548F4 g 2
P AR SE T ) ol R v B AL VS ST MR e IR
B, PRI 2o S e o B A ) 2 R IR S B o3 A o
XL TR 4 A B A R A BT B T
GAN, WP NIUUAE AR AL TR R A . AR
T, JEL A A 3 IR 8 #f 3 5018 . T DR (flow
matching ) (Lipman 45,2023 ) LS A i i A plaed 7 42
B TR ECAHESE A R AL R A
DT SRBEAHL, B MuseTalk % i 2k 52 HHE07 B
AU E 2 LA
5.1 FMENHAMERTER

LI B 9 HORE A 2% 3L A DiffTalk (Shen 4%
2023) , FEIIE TR EY HUE R (latent diffusion
models, LDM) i A T A i 55 38, (EA)3 =y BR 3k 3 4%
SRS . BEE BOR M, AR SO T

Audio2Video 3 #1542 i, B FEWR T 207 N B i Y
eSS

Tian 45 A (2025h) #2 H 1 EMO & % 4k i L A%
M T BT T ESER) 3D HiEFos (W 3DMM
s S HE AR ), B ) H B AR R B . EMO
FUAY ] R g AL R o s, (A R A
RE S AR 7 99019 22 77 A MR B8 ) Sk B8 52 8 | R L
Z YRS, R TG T I R EN R
B DX R A AT A G ) — B MEXE T, Hallo (hierarchi-
cal audio-driven visual synthesis for portrait image ani-
mation) R I HAT T2 FIHAY Hallo 51 A T
O3 JZE SRS Lo AR L5 A JRy w8 ] 2 5 Bl
Hallo2 (long-duration and high-resolution audio-driven
portrait image animation ) il 13 FsJ 8] X 5 34 535 3¢ W& K¢
Az I BEAAR T 2 4 KOO SRR A H 5 T R
12 1 Hallo3 (Cui 47 ,2025) ) 52 30 T 24 A4 BRAT , 1)
JEGIA T Y H Transformer(video diffusion Trans-
former, VDT) . 14438 ixf B 25 3 2 T LT 04 42 )=
RS2 AR T TR AR Zis 3 (UK R 5%
3 BEE) T RS OR R S ¥R NG B, A M
TAEGE U-Net 2R T K751 vh 2y 1 BLAY R iR I R 5
AN .

AniPortrait (Wei 25 , 2024 ) | 3% F £ T Referen-
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ceNet (4244, R FXT LG 7 — B I 25 (contras-
tive language-image pre-training , CLIP) K114 g 5 % $12
S22 UL SRR, 2546 Motion Adapter fifi $2 5]
VE TR By — ot p [8] I 52 B0 1 2 31 4 T AR
B
5.2 HEEERMBBMN

SR A IR A e, A IO Y ) ik A R MR AL A
S ECHEFAE IR A, XE LA TS 2 . 2024 4R A
2025 4 AIWFFE A THT X — SRR

MuseTalk (Zhang 55 , 2024 ) 3 i & el 76 25 6] 46
SHUH, SEE T 30 Mit/s DL A SERFAERE . 0 Y
Xof 5 X 3k 49 Latent Feature #E47 82, 1M 4E 4 4=
B, 76 AR IE 5[] 25 2% (SyneNet 7543 SOTA ) (1 8] i K
R AR T TSRS . VASA-1(Xu % ,2024b) i i 7%
e 2 AR AN UL 3D 825 B R AR, S B 1K
FE R ) 22 B . Wang 58 A (2025b) # H
READ (real-time and efficient asynchronous diffusion
for audio-driven talking head generation) Ml #f — 2 41|
B B TS YR, SRV SRR IE SR IS A
Az R S AL HEAT , R T T g 2 i ) Ak
53 BR.EE5XE

SRR AR RIE S B AN PR T Sk 308 A 8, T S 1)
B S A RS B R

DREAM-Talk (Zhang %5, 2023a ) 51 % HUi U &
R AR A PRt , I T IR XA 42 45, (75 A 1
VT Sk RS AR 8 o T A R I 1 0 A5 55 4
e

EchoMimicV2(Meng % ,2025) RS T 1 T “{UAH
KRB B 7 Y Ry BR L F BK Bl AR Y e R
(semi-body) %€ .. & A TEMLG A T Hi—%
A 51 5 AL (audio-pose guided mechanism) , A
ACREAR 5 1 W ) 3l A il F AR A T o R] - 3
(co-speech gestures ) , i BEA PR T3 5 I AR R 1% 76
23 IE TR Bk, R A A R A e T
RAMEH L HYRIE T A5G . Emo2
(Tian 55, 2025a) W51 T A b AT & 51 S HLH , 72
VEFH PR B2 0 25 N %) T R e R Sk B 1, 4
5 TR NAE B ERE S P RSSE R
5.4 FREXTLESART

BT HIOSTR ) AR S0 8 T sl e 5ROk
LR S 2 B T T N SN | ) Uk
5 2R AR GAN 2073k B i B A A5 =

Tt 5 R R O R I R AL TR B R 4% . 5 NeRF
5 3DGS % = 4 R ks LT — B AL
FRCRRE R A0 B2 > e B A A AR SRR AR
AR AR AN, R TR 2R k2% ke
G R — B T R PSS . PRSI AR R
PETT X BN ER 3 i .

SRIN R BB R A B o e T U A
B AR ML S BORE B AER K, N ) 2 St
SEH N HEIAZCIRE . S CR Ak, A it
T AE 25 [0 A& B2 AL 50K 86 35 DX S it A7 4, SE B
30 Mit/s LA b A S At 4R B, 28 ORI 25 S i ]
i S S R AR T AR Y 5 A T e A Vs A 2 ) AR U
YRS BRI SRR R 22 5 A A AT L
B ORI 2R 1) S S S TF AE M p R ELR
) B ORI B AT LR SR E 22 s 2 ) i 5
SN R s

PO R A R AT B 5 B Bl
A2 SR ARG ML) U DRk S o ) e s 3780 8 A B AL A <
BRAT B ot 1] 3 5 3 LT (temporal attention ) 94 fiE
FE—E TR LT A AR T (R ZE VR Z R as Rl 43
1451 (audio guidance ) X 2 BEEILE 1 G/ NP 80 25
B, 5 350 B TR B A5 TR R = AR
(14 B 3% M, 3 U ) A TR A PRI AR B85 1] K A
A G R A DR 10 R RS JE M A

e R J2 T8 AR 5 538 B )5 T, 47 BB IE 7E A
VTS S Az B R 21 5 Sl 515 g B sl BT
NAERMIEZ B IE [R5 10 B & 2 s XRS5 28 |
il ek

ZEG KT 2D NeRF 3DGS 59 Hki il 4 4 g2k
AR b AR A K B — R I B — = A — B —
T E—Z A RE " Z AT AN R R RO A
FE AR BIAT 55 1) 2 B A4 Hh e HE BERSOR S
B — 30, REER A R s v as Al 5 S b
PECAE SR, Fo A AT BT 22 25 R A X LA AE Sty
ISR £ SRR S 5 R IsE,  HORE Y 7
ez WX =LA R T B — e S
RS AL BE S A AN L FE KRR B K 7 5]
Az S AT BT RE )RR S N R DR R o BT
L THIORER B AR T A T IE R = AR A T
55 XU 3 R 7 %) 8 4 o SIS A AT 55, IR R R
AT REAE A 55 A0 0K S0 B T N FR G R A e o R
55, 5 3DGS 45 S = 4E RN L B AR : BV 3D R
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Table 3 Comparison of representative methods in the diffusion model paradigm

WF— R/

7k L e it RECE T e FE R

— ETAD WO RS Ay R L REERELIARK
R A RS T 45 I ‘ ‘ Fr AR A
3t B3 Audio2Video " A B, B A WU FLHEA: AL \ e e

EMO T e R T T R S R U bl
2 4 SR AN BUSAS =

Halle PRSI B R R RS R
T IR THC R 51— Sk P ' oM mAEEekEs

Hallo2 IR 4 5 S SRAEO BT ICH 2E PBREAR N IR A2
Tt I 3R i A R A KA ' ﬁ’ M BT
AW Y B Transformer LLEE THRIZE  HAAE MK . o R BB A i L AE IR

Hallo3 % =] ]

o R E A
Xt 2 7% PR o i EUR

BT SO E S A0 Ek B

I F ReferenceNet 42 HU 2 % [ (% 40 B4 S2EG

niPortrai 1E , 454 Motion Adapter i 4T 5 V8 L —1K fi=n /AN fie ¥
AniPortrait ﬁ\, & Motion Adapter B ff, S5 e P—fE o i 3;& TR i B
(84 5 3 L BN i s
Voot PESFUR SIS (URAMRIRLIN BT BT g R A
> R R Ao BT AT P ) 15 53k 5 B2 IR
VASA] A R S A A S SO Ak RESAGERIAS
1, SRR E 3R 50 1 52 g, AR ™ " M R
S
e S 7 O R RS 5 B ‘fﬁ%’g b gy RGO
JRS A AT, B8 725 0 3 i 7 o ?@) ™ ™ P HORKEAER
i R 5k i N,
Dreamalk SIATERRIRCEER B ORI ST R e Lﬁ }éﬁ@i}%g
T T A WL, BT g ik B ‘ IS i,;% S
PR ALK S ER kSR e IR ek
EehoMimieV2 o i L L A L T S S Py
- SIARIITRS FHLR . R FIAIE kB b ey TERS R IEE 6
5 S ) BORS B 5 T R : IS e e AT M S

B AR R AR B ELSE Y I 25 25955 (41 YouTube R
W) R TR SRR S DR AR AT
T, F B T U B S R Az AL RE T,
ool 2 FH T B 8 A — Js T () 28 40 531 45 (Al Syne-

AT R A — Bk 5 S S H B R 4 5T
JRyER AN 1 5 SO AN 4 5 KUAR — B, T AL
HACR ESE T B N A 2R

6 HEFESTMER

6.1 ERBIESE

B T RS 2R e T T
NAE AR (R MR PR . AR PR AT 55 T SR AN ] (40
ZAGBE I VNS | e O L B Al sl A 0 3=
TR T 4 LA T 325

1) KPS Sh R 4E (in-the-wild dataset) ., X

Net) o

(1)VoxCeleb 241, VoxCeleb1(Nagrani 55,2017)
F1 VoxCeleb2 (Chung %5 , 2018 ) & 1% 4% dsf 5 ELEZ Wi /1
S9E €7 SRS = B 8 s DO (N ST R 2 N =
S R P 5 £ H A D 5 B i R AR )
VLT BAE 4

(2) LRS3-TED. % X # 9 i & 15 5 (visual
speech recognition) 1T 55 , LRS3-TED (Afouras %5 ,
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2018) Hdi 45 1 T HAH Lb VoxCeleb AT B 1 T (1 11
FREE S W% 11 BY, )2 T A AR O AR
=S ARE R

2) 5 4 PR d AR 4 (high-resolution data-
set) o B NeRF F13DGS 454 23 V5 Ju £ A 1y 24k
TG AR 3 PR B © JC 0 J2 R 22 00 1 )

HDTF (high-definition talking face) : Zhang %5 A
(2021) 7E 41 H 9 5 1) A2 BB RUAG & T HDTF $cdls
B BT E TR HDTEF &80 241 NeRF Al
3DGS 2557 (U ER-NeRF, TalkingGaussian) #5175
PRECINZRA AR IEHEE o

3) 1 IS 2 & M B 5 £ (emotional and attribute
dataset) o A 1T B0 N 5 114 26 BT R4 iR )

AR, 50 T O 0 o) ol A 15 SR T O B SR 7%

(1) MEAD (multi-view emotional audio-visual
dataset) (Wang 55 ,2020) . 1F Ay 15 o0& (1 155 18 & AL
B AR, AR A 42 ) A T R A PR T seafil O S it
T 2R 2 B RO R S U Sk A%
AR

(2) CelebV-HQ (high-quality celebrity video data-
set) (Zhu 25 ,2022) o 1R AU iy PR LA Ji0 A0 0 3R
T, JHG s 1 - = 1 T S 1k (L Bl A 1
FBOPRTEASE G SO I ZREE T B R B AL
A A I AR R

SIAE T OIS [F) B8 AR B AR o B
TEE AN K3 AT 55 05 T 22 5%, 200 & AR sl 4 5
NBAEEXS sk 4 Fiw

R4 EREFMEEEF ANBIREXSLL

Table 4 Comparison of mainstream audio-driven digital human datasets

g(EiE S BRI RIS FRyEZRR iE A TS5
GPe % . i AR s T R BE s A
X ’ A N ; 28 AT AL 2 5] AL T 45
1 251 5 FUS, 23 PR ARG e 2 ) KBTI L
At 1 % . i1 ERTE B A B N
I el T R A R
6 112 4513 PIRITEEART gy A SRR
LRS3TED #Ad 400 h A4, Sk A S N, SCARRES (ranscript) ; TR 55 R IE W A5 TR 00 58 15 &
5594 4 TED/TEDx Ji Pk 224 x 224142, 25 Wi/s 1A ; A #0580 TR i 1 % 5% A
HDTE 20 362 BeAiA, 3L 15.8 h, 720 P/1 080 P;#k8Y )5 1iid v Be B [ 8 0 PR R MR E VLIS AL ) . NeRF/
{8 300+ FEIEk WHS12x51218F AB X/ ITE R 3DGS YL 5 PEm
VEAD 281 400 MR B ,60 45 1920 x 1 080153, 7 8 AT 2% 3 GG BGR I ; 240 I I T 8 U3 Sk A= h L %
T8 51 A, 30 /s £ [F] 55 AT T ERAT 290 1 K 3
35 666 AT A EBL, 83 A JE PEFRE 40 AR AR B A B P ORI
CelebV-HQ 15653 1~ & 153, FA512x51218F% B 3S AMEREME S MERK &4 B miE S £ 8 Tk
B K2 65h JEE a4l
6.2 TEMIEFRR sync error-distance, ISE-D), Hrr, LSE-C T/ 5 M

h T WA A BB N B, SR BT
T B EIBE D T M B — Btk i £
BIFNER

DISIEIRIEE T . I [A) 2 2% (Syne-
Net) 73 %o H Fif A9 b5 2 F JH SyncNet (Chung
F1 Zisserman, 2017 ) B B JEATPEAL o 2B R i 0
SR AR 55 A A G R T 1) s 1) i 3% A Ay £ ] 20
e W HAR bR TR B ] A5 % 22 15 B (lip syne
error-confidence , LSE-C) Fl J& JE [A] 20 152 2% ¥ &9 (lip

WK ] 5 28 0 A L, (e o B LSE-D SRR
W 1 RURRIE 22 ] A, BT B o 3
FEHR BE IS B4 S Wi 1 55 W s 20 =2 () A 0 55 7
JE , 2 AT Sk AR U 55 TP e A [ AE PR A
E=L a8

2) W HE o 7T o o T RN BT AR B A AR R
(learned perceptual image patch similarity, LPIPS)
(Zhang % , 2018 ) il 23 15348 R B8 5 B 52 BIG AE
TREERREZS (0] B FRES , 40 B L AR BLEE , LEIR R
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RAGHR AT B N LMW KL . FID (Fréchet incep-
tion distance ) (Heusel 55,2017 )t /& H 7 8 % WL A%
febr , Tl AR RS S LS RURAE R ik 2 A
() 22 5, BUIE B 3R s A 14l AR Bz T 058 43 A
AH AL B0 1) 06 {E 15 M L (peak signal-to-noise ratio,
PSNR) . %% #4 # {2l £ (structural similarity , SSIM ) 4§
BE Y AR bR, FID T HE S WA= j 45 3 Y 4% 4K 1 5
JR%, PRI 7 3T A 1 5 ALK Bl B AN g A B )
Z I

3) PR PE AL J7 TR . FVD (Fréchet video dis-
tance ) (Unterthiner 55 , 2018 ) % F - fiif 2 A= WAL A5 19

I —BPE 5 A F AR BE s TE Sy PR35 D7 T, AR 5% AH
L BE (cosine similarity, CSIM) il % | F] ArcFace
(Deng %5, 2019) A R A A $ B A= e 5 5 B1&
(RFAE ), TS 3 Z [ A AR s AR . T
5 A B R IR N 22 T80 ) B Oy AR | (e
o U B B O PR RS o TSR IR AE R A B
T 55 S R T A B A — BOPE =2 IR A A A A A
PR o T B4 B Z PR AR EA T LR A A BT, TN fE
IR B —F8 bR FI WAL 25 . JE T LR PP Hr 48
B, w3 AR FPEJ5 ¥ 4E HDTF / MEAD-Neutral 03
A L B Oy PR S [R5 MR REXT 2 5 TR .

*®5 RFRMHETE HDTF/MEAD-Neutral FH S B EIFERS T

Table 5 Comparison of identity preservation and synchronization of representative methods on HDTF/MEAD-Neutral

ik lez‘j? HDTF HDTF HDTF HDTF MEAD MEAD MEAD MEAD
ik FID | FVD | Syne-C T Syne-D | FID | FVD | Sync-C T Syne-D |

SadTalker A 22.34 589.63 7.75 7.36 36.88 132.27 6.46 8.07
AniTalker A 51.66 583.70 7.73 7.43 68.01 941.49 6.76 7.64
AniPortrait A 17.71 676.30 3.75 10.63 42.43 379.08 2.30 12.38
Hallo A 17.15 276.31 7.99 7.50 52.07 210.56 7.45 7.47
EmotiveTalk A 16.64 140.96 8.24 7.09 53.21 207.67 6.82 7.43
PD-FGC A+V 67.97 464.90 7.30 7.72 121.46 353.75 5.15 8.77
StyleTalk A+V 29.65 184.60 4.34 10.35 118.48 197.18 3.86 10.74
DreamTalk A+V 29.37 263.78 6.80 8.03 105.92 204.48 5.64 8.69
EmotiveTalk A+V 16.09 120.70 8.41 7.11 50.84 153.71 6.79 7.58

T 1 VORI R, | RN (EBAR AL

e ZLAE I, BT AR DT ISR BRI B N
R DTSR AR ] o3 B Bk B R A DT THI A A 22
S, ARSCE H R A R 32 R T SCHRZ T R ) L

B EE T, ARG — LI A% 2P
o BE—20 M ARSI A SE B R B PR A5 A
JEIE IR B AR RS bR LA AR R AR 6 Fs

*6 RFXMFHAE HDTF/MEAD-Neutral FRIEHER
Table 6 Quantitative results of representative methods on HDTF/MEAD-Neutral

MEAD-Neutral MEAD-Neutral MEAD-Neutral

Ik HDTF FID | HDTF CSIM 1 HDTF LSE-C 1 FID | CSIM 1 LSE-C 1
Wav2Lip 11.21 0.818 4 7.46 24.11 0.843 2 6.74
VideoReTalking 10.93 0.798 9 7.70 26.82 0.8380 5.82
TalkLip 17.61 0.789 8 2.29 45.28 0.8509 2.07
DI-Net 7.27 0.8154 6.17 26.34 0.827 4 4.40
MuseTalk 6.43 0.8225 6.53 13.42 0.866 2 5.15

T 1 VIR IR | RN (EBAR AR
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7 RS ARKRE

7.1 BHRzZUSDERER

Y & A K Sl AR R R O T4 X5 H A
NPT I 5, X BR A T AR R
TR R

NeRFFaceSpeech (Kim 45 2024 ) FHAE il Je i,
TEAUA — RS Z RR R0 T 528 1T 3D BE3E 3k 1Y
B, E T one-shot W FH A —2 . GAIA (gen-
erative Al for avatar) (He 4% ,2024) W gf — Ay T
RMUELE A BETE N AR AHESE , 7R T zero-shot 4K
B R 1o AR OPRETE T anfar S 34
AR 1Y s PR B

AL, SEME I B iz AR ST FOR PR AR, IEA ]
i e Ml 5 22 S K 7 58 (multimodal large lan-
guage model , MLLM) i #EAH A . 5 R =9
I H v AR ] 2 A (embedding) #5884 R 47 ¥
MLAFAE B 0 T AN R], AR i A 20RF 9 MLLM
WRER ., BRI S, MLLM A 321E 5 — it 5t
FRORLEI” , HARTEI i 2 RS Rl h e I AR R
SN AE A ) B . ROk A EOR AR IR R
CRBEARYTE SCHESR + 52 5 JE YL i 7 (0 9 X PR 48
4 - B R 2800 e K MLLM 17 50K 5 451 A A Ay 485
TR 3D iz 345 4 sk A2 i, 1 iy i I B NeRF
5 3DGS AT = A TE i i, X A A B
MARZAS L fift R zero-shot 5t T 1 B3 EERS MRS
7.2 BREMERNENLIZE

WA BCF N R Z RN B BRI R LA , B
Z NPT A T R A B ARG . FOEAY AR B
B N 24 B i RIS RE ) .

EmoTalker (Shen %5, 2025) MUK IE B A 4,
G TSR AELE , A5 A A T R A RE 2
HR i 25 40 7 1% 8 % Kk A8 4k . CodeTalker (Xing
45, 2023) W 3 3 B Hsh 7F JE 58 (discrete motion
prior) , ff P 1AL S8 7 vk vh F A i BE P Y )
RS NS .

Y RS S T Mk F O B [ AR T, A e
M T U 2B b i G T AH SC M T IR TR Y PR G
Fo flhn RV RO R R R E
TEREB” . AR BARE AR TOC AR AR AE
2 2 B [ DR SR A Sl ok 5 | 5 PR AL X 3 A

FAE SCARTR XS S HLS IR UL 2 shat AT X
PR 2 S S AR B, S 5 A 05 MR 7 R 07 A e P O
XA BE IS 5 (e I AR AR 5 B 3 RE T T 07
AR bR SCHR BT XS A1 25 i TR BE
7.3 NiiEkme S g e

I R A0 2338 I 32 24 TR 7 Sk AR B A4 A
L ABFETT T AR AL S S, BRI IBUATE &
JE SR S H YOG HE

TalkSHOW (generating holistic 3D human motion
from speech) (Yi 55,2023 )id it [ 1915 [ 2 A A
A BB = 4E SR, WIS T IR WA S TR
W] o HH B EchoMimic V2 %5 TAE 4 22 180K
TRENEI A G

X LA HE ASTE T Sk — KT A B[] A
AR BRG] R PR BB L A= il FLAT W) B B
PR 4 B SR, i DL (foot sliding ) i1 142 2 52 1)
A, SEBLEERY A B AN
7.4 BHIHEHEESREN

TEU S PE KA NeRF 19 26348 2 157 %5 41 (1 L
BRI, A A e PR LA AR 2 AR e i P Ak B
#% (graphics processing unit, GPU) IR 55 %% , ME UL 7 7%
Bl vt ol JE $L B 52 (virtual reality, VR) Sk & |+ 52 B
117,

IR 3D g IR R R Y B A T TR G,
{H LA A T 8 KSR B K . LightGaussian (Fan 55
2024) 18 5 BB A ZE IR HOAR 4 3DGS BURRUE 4 T
I5A5LL L, A% sl il 2 S At Tl g

A B X B N RS 45 (model compres-
sion) \ F 28 7 YL ME RS (baking) DL A diig 2 PIp 7] 7 G4 K
ST IECTF N RAR 22 2
7.5 KEIIRF—BE

A AP B 5 [ 1075 A s e AL B AR
(A3 9 LA b ) I, A% i T 15 22 2R AR5 I e A O
AUBIEIH AT, A GEny T sl el 1 B AL LAy
KAEW BT SGETTE . BEX X — )T, AR Ry HR
FEAR T TEAE TP 1) 76 8 20 J2 1T, 5] AL
A LRI 18] 52 2% B2 H B JCRR B R S 2 s Rk
A% [H] Y (state space model) , 41 Mamba 2244, LA
B AR 58 B A I P Transformer, M T 7E 4E 45 5
T i 2 14 [+ I B0 I Bl — B 5 2) 7 A i 3
WIRT, TREFVERCHELE T iy B AL Lk 29 o, 3
1 7E R )2 W 33053 77 72 (ordinary differential equation,
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ODE) /R fff b B | A a1 B 20 77 2% IE 4k, A
B2 R )2 T8 B 2B A B AL DA KR 5 s A
thiz .
7.6 {CIEXUE S BAEALH (Deepfake 4 )

Wi & B T 3DGS 5 4 BB AL A5 A U R (13
Ko, AR SR N A B T LR 5 Y i B
P 2 32 W I R M A, SR B HR M A FE R i 5
Ko XA EE B PETE R RE e AR A B B S
JCTF T A8 A FRR N T A (AT, o i A T IR A 12
AW S(E R Bl AT RE R A
RSt A3 e T R 2 AR N R Al 5 AR
Big, AT R T AN AL S 75 5 RS HE AR &
Al VESR (ED Deepfake Wi ) o X 46147 A E AR L
TSN B ARES 258, XA Wit 25 K
RGN LM T I FE R

PRI, 857 N ARE ) AR 06 R 2 B, 2[R 20
i g S 97 A AT B A R o FE Bk Bl 2
(passive detection) J7 T , A< K 9 WF 78 75 B H R — 11
A KRR SZ AR, ) A5 5 B R A e
4N, ¥ B T B AR A I 28 — BOvE ) S PR R
LS S R A S AR ER A Z (R A1 SR
G| AR B2 {55 Se i, 8 el A DU A= A A e
Z HSE NSRRI O B L 2 AR K AU (remote
photoplethysmography , rPPG) iR fhiE N 75 . #EF 350
Bii 1 (active defense) J5 T , N ESCHE 9 3k 55 A LA 2k
HEAT T TR OB A% - 3 0 456 TR AR Y A= Bl B i i)
HEABIEBR AT DL K BN B A T IX B
B PN IR A, DL S g ST ™ A 0 7R 205 T
BB R BUE S AAL S AL o

ST AR B BT N BR B R R R AN
ARy IR T Vi e O 0 B2 A9 B 1] S , 11T A 20 )
A N — S DB B SR R R A I . TR SRR
HERI I [EI, RSP EOR W) 35 IR L, SEREOR &
J& 5% AR TR R KBS |, SR U AT RS A S Y
[N

8 & &

AR SCER G M T 5 R 5 = 4k 5 AR
B & B iR, R0 2D FUSASIE 55 4 A, 5]
ET 255 (NeRF) (9 Bl = e F at, F 31 240
FF 3D = Wik 5 (3DGS) 5 ¥ BB AU (diffusion

model) AR 3830 2% B Bz 03k i
Bl RPN IR R A TR AN, 7T DL B 3 21)3%
AU A B AR T K 2% - 9Kl 7 DA S [ U 323 )
Az AR AT, 8 SR AE AR 4 S B B 13 )
e PR LA 8 Y TV 375 55 1E MBS A5 1
A3 i) SN SE FLAACHR

1T, 3DGS A 3 U LA 8 SBE 1 S I
e A, T FROAE 2R ) LA 5 A ) A 65
RE L 1 A i 5 A R AR . AR, 25 B ECOE
WS REIE AN NREAT BB N A LS B AL
4 By UIb R 3R Bl L K i 5 i o e o8 B 45 5 T A 2
— PR

JEEEAK , B Z BRGSO
T RE AR BE R, T R Sl B AR AN PR BR T
JEIE 55 T AR Sl AR A AILARASE L , T2 1] HL o T SCREfR |
TE LN KA R A Y H S B RE R . BN
B AR IT T B SE 2R, SRR O T —40A
P H P A Y B A5 R i S A LR AL,
AR | HE AN S AR DM SR A PR R B
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