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Multi-modal digital human modeling, synthesis, and driving: a survey

Gao Xuan, Liu Dongyu, Zhang Juyong’
Key Laboratory of Computer Graphics and Perception Interaction in Anhui Province , University of Science and

Technology of China, Hefet 230026, China

Abstract: A multimodal digital human refers to a digital avatar that can perform multimodal cognition and interaction and
should be able to think and behave like a human being. Substantial progress has been made in related technologies due to
cross-fertilization and vibrant development in various fields, such as computer vision and natural language processing. This
article discusses three major themes in the areas of computer graphics and computer vision: multimodal head animation,
multimodal body animation, and multimodal portrait creation. The methodologies and representative works in these areas
are also introduced. Under the theme of multimodal head animation, this work presents the research on speech- and
expression-driven head models. Under the theme of multimodal body animation, the paper explores techniques involving
recurrent neural network (RNN)-, Transformer-, and denoising diffusion probabilistic model (DDPM )-based body anima-
tion. The discussion of multimodal portrait creation covers portrait creation guided by visual-linguistic similarity, portrait
creation guided by multimodal denoising diffusion model, and three-dimensional (3D) multimodal generative models on
digital portraits. Further, this article provides an overview and classification of representative works in these research direc-
tions, summarizes existing methods, and points out potential future research directions. This article delves into key direc-

tions in the field of multimodal digital humans and covers multimodal head animation, multimodal body animation, and the
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construction of multimodal digital human representations. In the realm of multimodal head animation, we extensively
explore two major tasks: expression- and speech-driven animation. For explicit and implicit parameterized models for
expression-driven head animation, mesh surfaces and neural radiance fields (NeRF) are used to improve the rendering
effects. Explicit models employ 3D morphable and linear models but encounter challenges, such as weak expressive capac-
ity, nondifferentiable rendering, and difficult modeling of personalized features. By contrast, implicit models, especially
those based on NeRF, demonstrate superior expressive capacity and realism. In the domain of speech-driven head anima-
tion, we review 2D and 3D methods, with a particular focus on the important advantages of NeRF technology in enhancing
realism. 2D speech-driven head video generation utilizes techniques, such as generative adversarial networks and image
transfer, but depends on 3D prior knowledge and structural characteristics. On the other hand, methods using NeRF, such
as audio driven NeRF for talking head synthesis (AD-NeRF) and semantic-aware implicit neural audio-driven video por-
trait generation (SSP-NeRF), achieve end-to-end training with differentiable NeRF. This condition substantially improves
rendering realism while still addressing challenges associated with slow training and inference speeds. Multimodal body ani-
mation focuses on speech-driven body animation, music-driven dance, and text-driven body animation. We focus on the
importance of learning speech semantics and melody and discuss the applications of RNN, Transformer, and denoising dif-
fusion models in this field. Transformer gradually replaces RNN as the mainstream model, which gains notable advantages
in sequence signal learning through attention mechanisms. We also highlight the body animation generation based on
denoising diffusion models, such as free-form language-based motion synthesis and editing (FLAME) , motion diffusion
model (MDM), and text-driven human motion generation with diffusion model (MotionDiffuse), and multimodal denoising
networks under music and text conditions. In the realm of the construction of multimodal digital human representations, the
article emphasizes virtual-image construction guided by visual-language similarity and denoising of diffusion models. In
addition, the demand for large-scale, diverse datasets in digital human representation construction is addressed to foster
powerful and universal generative models. The three key aspects of multimodal digital humans are systematically explored :
head animation, body animation, and digital human representation construction. In summary, explicit head models,
although simple, editable, and computationally efficient, lack expressive capacity, and face challenges in rendering, espe-
cially in modeling facial personalization and nonfacial regions. By contrast, implicit models, especially those using NeRF,
demonstrate stronger modeling capabilities and realistic rendering effects. In the realm of speech-driven animation, NeRF-
based solutions for head animation overcome the limitations of 2D speaker and 3D digital head animation and achieve more
natural and realistic speaker videos. Regarding body animation models, Transformer gradually replaces RNN, whereas
denoising diffusion models can be used to potentially address mapping challenges in multimodal body animation. Finally,
digital human representation construction faces challenges, with visual-language similarity and denoising diffusion model
guidance showing promising results. However, the difficulty lies in the direct construction of 3D multimodal virtual humans
due to the lack of sufficient 3D virtual human datasets. This study comprehensively analyzes various issues and provides
clear directions and challenges for future research. In conclusion, should focus on future developments in multimodal digi-
tal humans. Key directions include improvement of 3D modeling and real-time rendering accuracy, integration of speech-
driven and facial expression synthesis, construction of large and diverse datasets, exploration of multimodal information
fusion and cross-modal learning, and addressing ethical and social impacts. Implicit representation methods, such as neu-
ral volume rendering, are crucial for improved 3D modeling. Simultaneously, the construction of larger datasets poses a for-
midable challenge in the development of robust and universal generative models. Exploration of multimodal information
fusion and cross-modal learning allows models to learn from diverse data sources and present a range of behaviors and
expressions. Attention to ethical and social impacts, including digital identity and privacy, is crucial. Such research direc-
tions should serve as guide the field toward a comprehensive, realistic, and universal future, with profound influence on
interactions in virtual spaces.

Key words: virtual human modeling; multimodal character animation; multimodal generation and editing; neural render-

ing; generative models; neural implicit representation
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Fig. I Research on multimodal digital humans

RSB AN EE R AT Ak shm A
gl DL SIE R X 3455 o ASCH LA
NS N Z 5 2 RS N A, 5 3
NEIER I HENE .

RSNk ) B AR ST, — R R
TEIKE Ak s — 2R E iE Ak o T ACKERR
AN TR] , Z2 B2 NSk Bl A8 B B 2t A AR R X
o FRAEIK BN Sk BB O A8 Sk S H AR
T AR AR R R B AN [R] AT L& o3 NS e
I S RAS BRI . E IR Ak
AU AR AR R DL Sk 7R 228800 53 3 %1, 73 3i1)
JE B IK Bl AR BAE AN B 3 IK B = 4EEL
TSI Ur sl A SR sl Ak 2 3 25

SRS NRZ AT F I P A AT 55 A
T3 s AR P 9 A USRS S5 A4 A [) 1A 7 X
Q,E;HB/‘J jﬁ‘bﬁﬁ%*ﬂﬁ@ﬁﬁﬂﬁ%ﬁ‘é’%l@?ﬁ(recurrent

neural networks , RNN ) (Medsker £l Jain, 2001 ) #5444
FRIX — ] 8, Transformer( Vaswani 55,2017 ) 4 L F
RNN AU, 47 et B 4 O KRR A 8 DA R o {5 R
(AP B 1, BT IR T RNNASEAL S 4F ok Y
F14) B M PR AR (Ho 25, 2020 ) HL AT 2 388 (14 3 A A
FIRE T, JE W38 A T 2 S AR S b — 3] 2 1
M S AT, i T 1Y — 26 AR st HAE Z RSN
AL S PRI ) . ASCE e RS E R
SCARAE S 1925 2] 5 G, SR IS Fie BT L 30 ) I
JF A A3 55T RNN 932 8l 42 i 3 T Transformer 1932
Bl A A R TR O AL )3 B

ZREETF NIE G AL 13X — 7] 2 B A I i
(R T 75 A 2R A 15 DR SR BT ) B Py — & ) A
TR ARPRLA PR, — Pl S *HU
PEG] 3 LY S 4 &, 32 ZEAR i CLIP (contras-
tive language-image pre-training ) ( Radford 5§ , 2021)
23 [ AL 2R s B 51 0 ) — Rl B T 2
BNy BB 5] S 0y B PUE 24 il 1 SDS
(score distillation sampling ) (Poole 55 , 2022 ) & 5]
LA WA TSRS B A 2R 1 =4k
AN A= JRE B R figf e i — )i, A SCE el ie
PS8 T S AR S | B e S pg o)
WA T Z RS BEMR Y B | T 1Y B R A,
& JE T B AR H# 2B — 4k 1 0N R A
) TAE

K245 T 288807 NS & R, 32 %
JEZRAHDCI AR TAE . RIS (Fisher, 1968 ) 4
T — B a4 (phoneme) 5 1L (viseme)
AR I 5 Z R A IR T S W LAY IR 2R o SR, X
{7 B AR08 107 7 A A Ry BRAE , ek $E AN (] 3 R 40
B R E T iz 3h 22k, Bl S, Blanz Al Vetter
(1999) #& T = 4 7] 4% JE L % (3D morphable
model, 3DMM) , 3X Ji 2k =2k Ak o 2l Ut e 5 FH 11
AL N, 55 — T T.4E JALI (jaw and lip)
(Edwards %5, 2016) #5717 i & 5 =48 A JKz FACS
(facial action coding system) J& 3 75 2 [0) 1Y B 5 ¢

WL R e R R 0 A A S Y SR X

3? FE] T FACS A58 5005 BT (action unit)
X ol A Y A Ao P Ao O g A R A T
VERA S

ik 2R AT A AR Bl ) AR BB A 22 5 T RNN 45
¥ o SR, Transformer ( Vaswani 45 , 2017 )1 i —Fh



$29% /98 /2024 £9 A

BX, MNEF, KEH
SREHFAEE, SRERIERIA

BB F A 5 2 2] BAL S W R T RNN AR AY
ASCTEAA AT SR S5 AT 4f ] Transformer i Tk
N A By 1 A= b TR) Y 28 8 T 4E ACTOR (action-
conditioned 3d human motion synthesis with Trans-
former VAE ) (Petrovich 2¢,2021)%%

X Sk S i ) — SE R B LA e T . Jam-
aludin % A (2019) B YR FiI 45 B 22 [ 45 (convolu-
tional neural network , CNN) 2 it 15 & R 1E 5 B )
MEAIR S ER A B 1] NerFACE (Gafni 45,2021 ) J&:
fic 2 B A 2 4R T 3% (neural radiance fields, NeRF)
NRBER R IFGE 22— |, 38 1 2R 8005 07 5 G A D
B, M HZZ R ( multilayer perceptron, MLP) fige
55 RGB FMA R B, R Z U7 91 AR UL 52 N
KB A . UE— 2 i, AD-NeRF (audio-driven

NeRF) (Guo &5, 2021b ) T YK B 22 5 5 7 B AR N
FEE IS = 4E R N5

T 2 B35 B07F NJE 48 2 J7 T, StyleGAN-
NADA (Gal % ,2021) 42 i T 40l 41 ] CLIP (contras-
tive language-image pre-training) (Radford 4§ , 2021)
R NG 4% b R B3R Style AN, 7 o4 M 7™ ACASE 70 s
JHz B AKGZ 3G s . I A AT Y T2M-
GPT (Zhang %5 , 2023a) fifi F§ VQ-VAE (vector quan-
tized variational autoencoder) (van den Oord 55 ,2017)
T AAKIZ Bl codebook , 31 LA CLIP 4 fith it) SCA 4
ik Ry 2, A 0 AR AR code JP 81 . S
Instruct-NeRF2NeRF (Haque &5 2023) F) FH Instruct-
Pix2Pix(Brooks 5%, 2023) 5| G = 4E AR AN 57 K,
SEPLY A A TR R T = AR g

ACTOR(Petrovich T2M-GPT
NerFACE 4 2021) StyleGAN-NADA (Zhang %, 2023a)
Fisher(1968) JALI(Edwards %{: 2016)  Gafni 4‘2%}\(2021) HF Transformer (Gal 55, 2021421 fdi FHGPTE@‘E
RUWIR TR BETERSHIEREACS LTI gl Afkisshan  ITE FCLIPAHUME ETEYNCSE 2T
WIVESA RRZMEIIRR - NeRFEIASRR R PR Sty leGAN o0 o
JALI Animat alleyGirl : ) ™ \ Tia il i i
| S —f —, P i o
& ﬁ m' w—r] K. P |
1968 1999 2016 2017 2020 2021 2022 2023
LB APk You said that? AD-NeRE 5
Blanz fll BHEHITS  (Jamaludin 25, 2019) (Guo 4§, 2021b) AL g iV g Instruct-NeRF2NeRF
Vetter(1999) St f#HICNN Wl%if)ﬂ E %fNeRFiI)uﬁ IRPAA NS (Haque % 2023)
HEH3DMMER IRFEE A G B =Rt T AE YN TEHIAE AL S Y

DrEEa Y
M-

€

BB AR

o
15
— [
¥on

SRS Z YT NGl

K2 BB NEE & S IR s R

Fig.2  Development of multi-modal digital human modeling, synthesis and driving
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A SRR K K Bl 1 51 G % DR A B2 1) - L, —
SEFERE LAl TR 1 1 YRS ) 8 22 3 22 Wi 2 2] 1Y TR
ME R TE T A A R T

MeshTalk (Richard %5, 2021) 7 & £ A ) 6 77
FEVE B R AH DG AR 43, oA 12 55 R0 D AR 43 (Can iz
WRAE) , BT LABR T e A 2l e 2 531 B 25 1] (cat-
egorical space) , 9k J5 2K F 2% Pixel CNN (van den Oord
£5,2016) RIS 7E X — R 25 1) B gEAT A MIHAE R,
PAG T L A A s

WA TAEC 0] DLSe il He B L S i i Bk 5 =
AR N2 SR B3 — 28 J7 AT T Mk — 2 PRI ¥,
— X — R ITIE MO = 4 LA B, R
e B I EE AR SR s TR TS b A AR
FIKRE ST B R, =2 TL ] 5l i 51 381 B SR AR Y
PeAAT AT L IR
1.2.3 EEII N K565

FA LG T Z H 018 5 SR 3 = e 8 N TR R T
MARS IR N HA U TR Dl T
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NeRF {4 AJ f5f i , T LA B H2 0H] RGB &5 s EA T
i 1) i )N 225, AN 2 IR B A T el R AR E AR % 5 2)
B T NeRF 1E 3 5t 00 i R IABE ) T 45 R 2
R, HA REFHY =482k . X RImE—kn]
PIoRh
D,(p,v,a)=(c,0) (7)
K, p RN RAELNLE 0 RRNKA T W, a R
IR ERHIE , ¢ Fll o RN B AR B, T THARE
AD-NeRF (Guo % ,2021b ) I 44 b 28 4 44 44
AR B 5 9K B = e NS5 b s 6 B,
BTEE IO S A M &R RN TS S
TR SR E TR e B R AT PR . AR UL, AD-NeRF
415 B DeepSpeech FHAE 5 037 & g ih — b2 iy A 45 [
AL, U RGB 15 2 5 1A i, 5230 1 vy 2L S
(9 = 4E Bl ik 7 N . SSP-NeRF (Liu 45 ,2022)
7E AD-NeRF f S fih 35 fm 1 i S0 31 e 4 43 32
(parsing branch) , 28 J& 3 in A 18 SCIE] 47 Bl
Yk A A5 B AT DL A b AR R A T R .
DFRF (Shen 45, 2022) fift k. T 15 ¥ 4K 2 NeRF A Sk Y
IINEEARYINGRIR R, 48 AT DL SE Fl il 2 — > B AR Uik
NBEHY SR TR/ EA RSB JEA T 0 , LA
AR T T 5 AR S Y B S S 2 AR 3
GeneFace(Ye %5 ,2023) 2 T —Fh =B B A1
TR g R, e Uiz AL R T8 BK B0 728 338 3 A= B
#% (variational motion generator) , #3 $it 15 7 15 5 4 W
CHE BT A, SR 50 S5 ST SRR S By 9 30T

— BN -+ [
S
JH TIN5 el {

i f RN
WW—’ L‘? ﬁ-:.}&r#mzm
i

T4 s

¥ , i ASCHE 50N 2R A R Bh S Sk w248 54
TE QA BN B AT 91 o 3X— Az AR ] L) s
b R IR R 22 B 22 M B DRI, A 1O
U HTE e bh

RAD-NeRF (Tang %5 , 2022 ) ¥ =5 4 i 18 35 9K
NARZ R I3 i FARYE R A] 7 SRR 3, R A Y
SRAEFARTE e SC L, IR BN S E G i) B, — e R
AT 1 SRl NeRF HE 2L B 12 () [l B

DialogueNeRF ( Zhou 45, 2022) # AR 1 X % 7 5¢
T R DR A s e AR A G A A
SRS, LAS 107 Ak NeRF #7221k

A R B Sk A 2 S I ) B A EE T R
Ve e BLSR g  (E R U AN HE B R e, it — 20
FETHIE B IK Ak 2 58 S 7 O U R B R
SR IX QP AR R )

R VAR NSRRI 64T 1 M (AR
I k. (peak signal-to-noise ratio, PSNR) 48 #5 XJ #H . 1
TRHEATVEAS EHR T 2D 3D R NeRF 45 )5 i (sl A

2 BRESNEDE

FURT I ST 2 0 2525 N A ol ) Rt =
A DIEE ARSI, AR 5 3 A
[7] 5 2) & AR A2 BRI, (ol SRR AT 45 5 AR B XS 51
5 3) SCAR A AR Sl iy A — BESCAS A, 2B A
(ERCE P Y IPN SN2l

BLiE Ak

e
WY

6 AD-NeRF 4]
Fig. 6 AD-NeRF pipeline diagram

2.1 EEHESHFIIERD

TEE ARSI X — AT 55, X R X
FIBEHE R~ IO B, i Tl (R oA BR AR
AR, TR S SR T T R AL MFCC B Mel 3%, 28 )5

VERBR A . S T i — 0 @R & b i i AR
B, Rhythmic Gesticulator (Ao 55 ,2022) %k Fifi 5 %
R TR AT R ZGURE . AR PR 00 HE
FIE AT LATE G 1 2 AE 1 SCJ2 P45 S 5 100 s 4 BE e i
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F1 AKRIEXTERILLER
Table 1 The comparison of talking head methods
URES LN eS| PSNR/dB (W= A

AHLE T 1% 58 3DMM J5 % g
LIS EE RO YIE/IR )

IMAvatar (Zheng % ,2022) FIEZRE Occupancy 23.91~28.75 TR A

NeRFBlendShape (Gao%,2022)  H£IEZE  NeRF 31.57~36.73
" B RAIACKEB AT Bk wXEA,
NerFACE (Gafni %,2021) FWHEE NeRF 23.58~34.94 e s . . -
er afni %5 i e BRABRRRENCSE ok EE
HeadNeRF (Hong%,2022b) FKNERE NeRF 19.6~21.6
Wav2Lip (Prajwal 55,2020) iy 2D 20.17~30.94
MakeltTalk (Zhou%5,2020) EE 2D 19.2~25.52
= =4t
ATVG (Chen%,2019) BE 2D 24.13~30.91 \@%Zf'ﬁ?ﬂﬂgﬂ
e TR R AT gy o P
You said that? (Jamaludin%§,2019) 15 2D 29.91 et TEURIIE T e gy e A
T 4045 60 2 S
Audio2Head (Wang%,2021b) EE 2D 21.19~30.93 ﬁ 5 T 4 /C%t.
DiffTalk (Shen%§,2023) e 2D 32.73~34.17
ADEVP (Ji%,2021) B 2D 29.53
DialogueNeRF (Zhou%,2022) e NeRF 24.18~36.15
RAD-NeRF (Tang%5,2022) W NeRF 34 AHLLF 2D MI3D W ik iE I WERENITTEA
. LSRR R, BEMS AR AN R B U AN I 2R B
AD-NeRF (Guo%,2021h) i NeRF 25.53~31.32 . ’ T .
eRF (Guo%s HE ¢ VLA L5 57 B 1) — BOPE R 4R U1 25 e
DFRF (Shen%%,2022) frans NeRF 30.75~30.96  Zipk TR
SSP-NeRF (Liu%%,2022) B NeRF 32.65

1 : ATVG A hierarchical cross-modal talking face generation with dynamic pixel-wise loss; ADEVP & audio-driven emotional video

portraits ; RAD-NeRF 4 real-time neural talking portrait synthesis

FRAE T DA RN KG 40 1 224k o GestureDiffuCLIP (Ao
4% ,2023) il i1 TS (Raffel 5, 2020) 42 B 5 4% (tran-
script) 1) )22 M A4 AT, DA IOk 1 i A= Ji 4l SR 10 15
SCHMEE O BT T Video CLIP 3R S R5 LIRS
ﬁ}%iﬂ(prompt) E@N*ﬁéﬁiﬁo

B ARA R X — A 55 b 0 AR B A e
42 L B B B T (Fukayama H1 Goto,
2015) & & ¥ 1 5% (chords) . 45 ¥ (structure) . 5 3%
(spectrogram) | 15 411 (beats ) 55 4 Sy 25 {1 AT 4 3L .
ChoreoMaster (Kang 55,2021 ) ¥ 4 F1 55 15 2 ) 2
—AGE— 11 Gt B A ] L, LA SR 4 B AR N SR B
5 BIHPER (S B . EDGE (editable dance genera-
tion from music) (Tseng 55 ,2023) % A K L 5 &
SRR, TR I FB00 2R 5 SR AR A 4 B2 Jukebox
(Dhariwal 4,2020) , U 1 HUAFAORICR o

SCARHE JRAR Bl 5% — AT 55 v, A e T B I
ARG HTE AR R . B TR Rk
FIAEHLRE I3 0 R, — i R B8 T i3 Sh AR 28 A= i
PRBhim AT AR B # CLIP (Radford 55, 2021) )42

th, H AT DU IR SOA rp 5 R0 4R B G R 7
3 i LUBOR B 22 1) TAETT GG 48 ] CLIP AR A A iR
BRI . A TAE (Jiang 55,2023 ) ELREA# K IE
F BRI Y18 XA S o MotionCLIP (Tevet
25,2022) Y Zriz 8l [ i i 2 , IR IE BV 515 00 1
(19 SCAS/ &R 1) CLIP G A% — 25, LA KK 42 3 17 51
2 B 21| CLIP 2 8] T, # M a2 2l A0 SCAR T8 SRl %t 1
2.2 ETRNNHAKZNEER

LY AR B i A R B SR ] RNN 45 4
Plappert 2 A (2018) 8 FH Seq2Seq 15 (Sutskever 2,
2014) 27 2] i 7 AN A Sl i 2 ] i 6 R O AR o
Text2Action (Ahn 55 ,2018) 7F Seq2Seq Y J&hit I+, =
1 O BB RS B L, 5 LK g Bl I
% . Language2Pose (Ahuja il Morency, 2019) fifi J
RNN 5 BLK SCA Fl iz 2y 4 it 31) 3 [] 1) R A1E 25 ) 2
SR JG BT A SOA SRR A BRI Az 3l 7
51 o Ghosh && A (2021) {8 FH 1] 4% 7 25 5. 9T (gated
recurrent unit, GRU) 73 511X A& [ 2F 5 F1 R 2 &
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HEAT T G A , SR 5 HEA TR A A 15 30 S LS A A4
g5 . TM2T (Guo %5, 2022 ) H4 SCA A i A
8 SR BT 55, FH GRU SEBL T — bl
125 (neural machine translator ) 3 [F15 4= il AAARIZ 3)
token. Guo 55 A (2022a) i f] T GRU+VAE B,
g TR AE BB i . ChoreoNet(Ye 5%,
2020) 38 i F GRU Tl I 2t 42 2/ 5. T (choreographic
action unit) SZIEREE A= BY

RNN AR 38 Tl KR E S, BB AeE
I8 IFATHA R, W R B HETE A A
B A= BT 55 A B Transformer BEAVE QY 5
2.3 ETF Transformer B9 A {30 E 4 5L

Transformer ( Vaswani 55 , 2017 ) J&— 5 1 i8¢
GG 527 SR T AE R B W O T RNN RS,
PEREPL B EOR AT attention HLiH , HAK Ky

oK
Jdy
A, Q. K, Vo ) ) i o % 5T R 2 e

Attention ( 0.K, V) = fofimas 14 (8)

KT
Jd
A LASRE G RNN 7240 B 47 I 10 132 0 2k B0
JIE A ) AT [ ) Rl A5 28 O 4 b OC 3 B A A5 2 v
BRI

ACTOR (Petrovich %, 2021) J H 45 28 $ 1 fifi
Transformer fif 5 A AR 18 A= & R R AG T AR . anf&l 7
Fii7s , R HT T Transformer VAE 254 5 A7
IR ENVEAR 2 a H Transformer 25k 58w Fl1 7 22
3, Z IR TR R Bkt T 8 S B B 19 15 3 B L &
2, SRIG R UL S A i 51, A HE B B v 37 20 A
HRAER B 2, RS HEBL BT 51 . TEMOS (Petro-
vich % ,2022) 7E ACTOR Yy JEfli_EIA T SCAE >
53 32, d ] DistillBERT (Sanh 45 , 2019) $2 U A
fiF, LB T TSR AR 1235 . TEACH (tem-
poral action composition for 3D humans) (Athanasiou
£5,2022)7E TEMOS FFERE -, A F1 I U F) SR s i
P 1A B i 7 8 3K S A 2 D4 R FR S A R
Al Choreographer (Li %5 ,2021b){#i T full attention
MBI, A A AR S 3P i B, s 1 e Bkt e
BRI e 81 R E

bifi & 2 T Transformer 115 7 152 8 U1 GPT (gen-
erative pre-trained Transformer) 2§ 7£ NLP (natural lan-

AR X VS INA, I AR R BT

F], softmax

guage processing) {55 - Ji& 3t 58 K 1) 7 4 B4 b
FREE T, 3k LA A1 1 33z 2 e 90 09 2 AT 55
RO E TS
p(S|c)=H‘;Z‘.p(Si|c,S<i) (9)
Ko, SFR AMEKIB BT i SR W5 . o EHEF
A A AT, T LU S CLIP #1F (Zhang 55 ,2023a) , t.A]
DR 5 SRAEAE (Li 45 ,2022) . GPTHIRIIET (¢, S.,)
2 B 1 LR B8 5 (S e 5. )
XA B AR T LIS
L= Eswry(s)[—logp(S|c)] (10)
T2M-GPT (Zhang %% , 2023a) J¢ H VQ-VAE (van
den Oord 45 ,2017) #4 £ A {412 3] codebook , 24 J5 LA
CLIP Zi ith 1) SCARFAE Ry 2548, A A A A code
J¥ 5. Bailando (Li %5 , 2022) fifi i T % 1k 2% > Y
actor-critic 2% >J [1Y 5% W Sl 1 1 SR I 2y ) 5 5 A 0 —
M. MotionGPT (Jiang 55 ,2023) 45 A {4z 3 7 471
A SCAS 5 AR 51 LL QA B I A 31 T5
FEHY (Raffel 55, 2020) YA B b o i T GPT
K B REAEFLEE F7, MotionGPT A L FH — M
RIS Z A NAKIS SR AT 55
2.4 E-THBRY SR ANEShEER
W I IR (Ho 25, 2020 ) LA H 58 14 40 A
BERE ) AR BAAE ) S 5 A S L 22 TS
TR EH AR, A 7 R AR S A
Ay B AR g (), ) B
q(x”’xn,l)=N(x“;a,‘xn,l,ﬂnl) (11)
K nel, o, N,x, RN IR FR LN n i 4K
PBEFIMER . o, R TR, B, Rom g
JE o X4 G R R 23 A1 2 R S e T 1
7 AT
p(xN)=N(xN;O,]) (12)
PR AR 3 AR A A S A
p(x”_l|x”)=N(,u(x”,n),2(x”,n)) (13)
— e, 3 (x, ) B AL R R O, R
RS A8 R 2 Al 8 19X 28 R 00 (v, ), Ho 58 A
(2020) 45 Hi 3k AT LLHZS 27 ] BN 2K €
RN BB A 1k B AR
L=E,_ [kl e-e(x,.n)l] (14)
2Rk, %R [ M 7 L R MR Loss HORLTE L, 2
e 2%
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[ Kz A AT 2 ]

VY

[ T ]‘.

Transformeréﬁf’%%%

D % s
[W Ammfﬂuﬂ

&7

DALY
hifi

o

TG A% 24 R ﬂ‘ w W w ﬁ
MNESHLIHR
[ e |
Pt 1
A
SERE ’—)?—) Transformer%ﬁﬁiﬂﬁﬁ
- é@ Y
) 3225

T Transformer VAE [ ACTOR & 4; K]

Fig. 7 ACTOR pipeline diagram based on Transformer VAE

FLAME (Kim %%,2023) \MDM(Tevet 55,2023 ) il
MotionDiffuse (Zhang &5 , 2022 ) J& iz - 5% FH [ 4™ 1Y
RREAY S AR By 2R i A #RHRUAS T L[ﬁiﬁ&iﬂ*ﬁ

B . R 8 B 7R (1 & MDM Jy i, Hi i 3 Trans-
former SEIM KL T CLIP HFAE A ¢ %) 7 51 (Mg | 3 i oA e
ok BB 30T 4 A A8 iz By 51 43 A o MoFusion

(Dabral 55 , 2023) {ifi 1] —F J& T* 2 L 45 Transformer
[ 1D U-Net SCERRFEME 25, RT3 45 35 SCAR S A
rh AR E LAY 3D AAKIZ ¥ 81, B R R
FELSIER

GestureDiffuCLIP (Ao % , 2023) f#i F] £ B 25 (1)
CLIP it A & AdaIN (Huang F1 Belongie , 2017 ) ) i%
THES, SO T 2808 09 AR Sl im XUk Sl . i
W X RS AR (U SCAR 38 Bl 51 R ) &

AERRe BT ) @ 6 ol
v L 4
‘ S bt
ARG J o |
‘ TransformerZijfid 25
FifitLMask 7 B4t
= —
Gt —S—>lE st
[ |
) ) = x,
(a) MDMHAYFFME [ 45

P i) - S RUAK |, (LS A= 1 ) B A vh A7 e R T S
[F1)

EDGE (Tseng 5 ,2023) MR¥E & SR AL Z A
1 3 A PR SRR g HE , O HEA R OK 1) g 45 e
71 EDGE J5 i 28 i F Jukebox 47 % 4R FEAE 12

B, fefg Ab PR 22 Fh 2SR 19 3% 2R, 51T T Contact Con-
sistency Loss > fif e 5y 1l Az b el 72 v i) i 20 1)t
(B TE & ik B (BRI SR i, 1 20 ) U SR AP E
2.5 HfttFia*

WA — L TR T HoA LS e A 3K IZ Bl
A Y TR) 5, Learn2Dance (Ofli 45, 201 1) i FH fa X &
IR AT RASE Y SISy i A . Fan 48 A (2012)
Sekb i ANAAKIZ 8l motion graph , #8518 1o h A HL KR
it f U0 R B A% . TalkSHOW (Yi %5, 2023) & %

(b) MDM) SR I

P8 MDM Y A o 45 AR A iof A
Fig. 8 Denoising network and sampling process of MDM ((a) denoising network of MDM; (b) sampling process of MDM )
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MeshTalk (Richard %, 2021) , ¥ [ 5] 5 $b 75 28 51 B3
23 [) A g T A Sl ke, A A A AR B T 28 i B s
[B] 4% J5 103 . ChoreoMaster (Kang %5 , 2021 ) 5 #4) £
T GBI AL SE — Baas (], AR 5 7RI RE 1Y 23 (8] LR AT
EI{E 4k (graph optimization) , WHUHS T ARGF IR

3 ZRSHBFAEREE

3.1 MEIEBFHNES SHEMFERIEE
FUI TR A Rt e 9 2% S B3NS G R
(R 52 45 ,2022) (BT 45 ,2023) (E 2 55,
2023) , CLIP(Radford 4, 2021) A5 3 45 2 1 4058 A
THE RIS, LA A5 56 T SOA g i AN A R HUIE 52
BN ATRE . 7E CLIP BB Zs [a] s SCR S SCAS S it
225 AT FIEMR it 22 5 AL LA R
AT = Bty ) = Erl ) 0s)
Al=E(1,,.)- E(L,.)
KA, b Mt W E BRSO R SOA L T, F
L. " EREGRMIEEER, E, FE, 5355 CLIP ()
EUR RN SCAR it s o CLIP 515 loss PR AT LA i 25
S 1) i AR SZAR U 2 S
AT - Al
Ld":l_\AT||AI| (16)
CLIPstyler (Kwon #1 Ye, 2022) & ] & patch f9
CLIP i1 2K BRECK 51 3 GRS AL I 45 1) 2 2], (i A
KA AL 5 1 UL A5 SCA I8 o StyleCLIP (Patash-
nik %5, 2021) 7€ FYIl 25 4F 1Y StyleGAN (Karras 5% ,
2020) By EEAl b, 32 1 T B B LA EE (latent optimi-
zation) | 5 25 [A] WS 25 (latent mapper) 2% ) ¥ (42 JR)
J710] (global directions ) ¥ &k | S 1 A= pl ot 2 A4S
R A T G . StyleGAN-NADA (Gal %5 ,2021) 45
T RT SUARHE IR I StyleGAN HAE A5 1Y 2k,
Se T 25 StyleGAN fit W + 25 [8] f) i e, 9K )5 e 4%
B A Ak b 25 1 2 AT RO | R A AR
2 —EB o 1y UK A R iRk T RE U BR (mode col-
lapse) Fl i $ & (overfitting) , BUAS T bb #6414 5%
W B 9JER T StyleGAN-NADA #iifi] g i CLIP 2%
[ B SCAR s [l ) i AT 51 S EUG A s itk =
% CLIP H 7 L, 5 AT A B A LR G, B
G rains Grugen 7EAEBEN YN AT TR TP ORI RS 10 2E LA
AR AR R B AV A AR i L Rl 1 P14

G iy FE L TIOR A A2 BLAR , LU 25 B A5 2 AE SCA
IR 7 1) L A AR AR A AR R SR SRS
XS ok 1, BHH G (w0), ¥ 1, R
G[mzen( w )o

E(G,, (W)

K9 CLIPZS[E] T B SCA Ty 1) [a] 5 R AR a1k
Fig. 9 The text direction vector in CLIP space guides

the optimization of the image generator

WA TAEHG AT 5 W B KA AL Y
B a N, PUHOR 92 Z RS B AR A L Tedi-
GAN H StyleGAN (Karras 45 , 2020 ) ¥ .52 A Sk E%
Wi 5% (inversion) B[R 25 [8] &, SR J5 kT 4008 1 = AH
AV SCA L B S B[] — =3 ) v, T MR B s i
w' MR R & o' AT KSR A, 5 45 31 4=
AR
3.2 ZESKEBETREZSISHEMERAE

fifi# Imagen(Saharia 55 ,2022) \DALL-E2 (Ramesh
& 2022) Fil stable diffusion (Rombach 45,2021 ) 25 (%
WO (Ho 45, 2020) 75 —4E B {5 A i U315
BRI , AT AR5 i e ) — 4 5 AR st
LGRS & 5172 JiDL e

FH A X B B9 TAEHA L F DreamFusion (Poole
% ,2022) #E H 4 SDS (score distillation sampling) 2k
AbFX — (R, AnlE 10 iR, I ER I S EER R
x =g (0), WX HIEAT Y HUS | R M 100 288 it 2 %505
LM RS R 22 5 R

Lis = E o cnonl w)ll €,(ax + oest) —€ll 3]

(17)
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0 (¢) AT ¢ AL PR, A AT 2% Poole
N (2022) W UEIT, L R B2

aéd,(z,; y,t) axl

VoL = Ez.elw(t)(€¢(2; y,t) B €) ) z 370

(18)

i 2 s e

t

BB, A5 5]

=

Gifac | ~PipL) @
J 0] {5 &%) NeRF AL E#H

a0
FIFHIE AR L, X BENL0) 46 16 Y 3D A A7 1
b AT A P IR 22 10 2D v G, ki A=
A 3D ALY SCEL T S & ) 3D A . DreamFusion
Hh el TSR 25 LR B OB AL, DT A 5 2 RIS
i 3D B dE B E AT B . S HU G —
it NeRF %75

VHLSDS:Et.e[w(t)(éd)(zt;y,t)_ E)ax:' (19)

“UPRAR EFLAEAI I [magen

e~N(0.])

&zl n

€¢(zr|y; He

10 SDS{EBh Z A MMy BB R (401 Imagen) 515 NeRF Y1 5

Fig. 10  SDS utilizes a multi-modal denoising diffusion model, such as Imagen, to guide NeRF training

Instruct—NeRFZNeRF(Haque &5 2023 )i JH Instruct-
Pix2Pix ( Brooks %5 , 2023 ) K42 U AR FIAMILSE 5 , i
A SCARSE A K G 3D NeRF Moo %07 1k B 44
T3 3RO R, A B R, O L3 5 7 T AR Y
NeRF 3755 FilbAT4mt, iR 1 A4 il 37 5t BAT =4
—ErE . AR Z AL AE TR InstructPix2Pix [ 634
REJT, T ZE AL 1Y NeRF 3 5% 0Lt B AL

DreamAvatar(Cao 45,2023 )l DreamWaliz ( Huang
& 2023) 38 1+ 456 A AK SMPL (skinned multi-person
linear) S5 50, S BL T i o 19 3D A A1 . G AR,
BT T — A B E ALY NeRF K75, AT LA
W Az 0 R G RS BT A, S IE LAY B
ROR

AvatarCLIP (Hong 5§ , 2022a) Fll AvatarBooth ( Zeng
45 2023) 454 T NeuS (Wang %5, 2021a) i JLAT %
NI T 2R i AR, AvatarCLIP 45
1 CLIP FI SMPL AR, GEAS i 38 A S8 15 = i ik
AR R WA 1 3D fA 6, FRERS A Sh Ak S HEs i 3l
WS . AvatarBooth AR SCA R 7R 5 R A 1l sy
Fri i Al E Y 3D AIE S

DreamFace (Zhang %5 , 2023b) 7 ICT-FaceKit (Li

85,2020 (LA L & Bl SDS I SCAEAL T J L Al
SUH, S — B SCARBR S AR 3D A AR BRHEE
IZMESR RS AR A FH P SR AR Y SCA I AR 2 e Bk
b 38 B 3D AR SC R i shim R, B
W& HoR AT — R0 20 A i 7k SO A
54 3D ARG ARETRY ) JLARp AR SO A sl i g ) 45
FRIE, IR AL S A B A A R 2 R . IZHE
B ELA v BE 0 R R R eT 9 bk | i HL e 6%
R AR AR WA LEDE AL B R
3.3 ZHESESEMANERER

WA TAESU) T B i — 4 2B R s
R 3 — 2 [n] A A a5 TE T A B A A AR B
DATID-3D (Kim I Chun, 2023) 5% % H shallow diffu-
sion ) % W% B EG3D (efficient geometry-aware 3D
GANs) (Chan 5§ ,2022) £ B Sk EGAR 95 42 75 10)
(prompt) HEAT KUK Ak, SK J5 07 16 14 A5 45 7 oK 9 145
FEARY SRR A | f e S M R 8 T EG3D 1Y
Yk, 15 3] =4 KA A A A RS . Rodin (Wang 45,
2023) ) ££ = 4k %2 [a] | triplane (Chan %5 , 2022) 4
1 PASCAR S prompt (9 AE AR TR, ff FH 1R 5 | 48 A
(1) =2 i AN B T Z5
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4 % iE

4.1 BBHMERLE

A B 2B NSk Bl | 22 A AR B i
MEBEETF NE LR CH AR AT T 38,
AT X R AR T A, A A SCHE N &
DL

DGR BIRISR AR ) FyE Je i . 7ER NG IR )
NER A S5, S xS AL el 7 S AT G PR o o
SR AR R IR R ) 55 , T Y AN A AT B
FLAE B A PR AE DL R SR AR A X (n
KR4 L RIME LA 2 s BRaCURE B L & NeRF R
fELE N Ep I = L) | R

2)IEE WA AE U . TEIE S I Eh Ak
AR 55 b, 4R UiiE AN 8 BT =4S 50 MR A sk
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