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Abstract: Three-dimensional (3D) digital human motion generation guided by multimodal information generates human
motion under specific input conditions through data, such as text, audio, image, and video. This technology has a wide

spectrum of applications and extensive economic and social benefits in the fields of film, animation, game production,
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metaverse, etc. , and is one of the research hotspots in the fields of computer graphics and computer vision. However,
such a task faces grand challenges, including the difficult representation and fusion of multimodal information, lack of high-
quality datasets, poor quality of generated motion (such as jitter, penetration, and foot sliding) , and low generation effi-
ciency. Although various solutions have been proposed to address the aforementioned challenges, a mechanism for achiev-
ing efficient and high-quality 3D digital human motion generation based on the characteristics of distinct modal data
remains an open problem to be solved. This paper comprehensively reviews 3D digital human motion generation and elabo-
rates on related recent advances from the perspectives of parametrized 3D human models, human motion representation,
motion generation techniques, motion analysis and editing, existing human motion datasets and evaluation metrics. Param-
etrized human models facilitate digital human modeling and motion generation through the provision of parameters associ-
ated with body shapes and postures and serve as key pillars of current digital human research and applications. This survey
begins with an introduction to widely used parametrized 3D human body models, including shape completion and animation
of people (SCAPE) , skinned multi-person linear model (SMPL) , SMPL-X, and SMPL-H, and their detailed comparison
in terms of model representations and the parameters used to control body shapes, poses, and facial expressions. Human
motion representation is a core issue in digital human motion generation. This work highlights the musculoskeletal model
and classic skinning algorithms, including linear blending skinning and dual quaternion skinning, and their application in
physics-based and data-driven methods to control human movements. We have also extensively studied approaches to exist-
ing multimodal information-guided human motion generation and categorized them into four major branches, i. e. , genera-
tive adversarial network-, autoencoder-, variational autoencoder-, and diffusion model-based methods. Other works, such
as generative motion matching, have also been mentioned and compared with data-driven methods. The survey summarizes
existing schemes of human motion generation from the perspectives of methods and model architectures and presents a uni-
fied framework for the generation of digital human motion. A motion encoder extracts motion features from an original
motion sequence and fuses them with the conditional characteristics extracted by the conditional encoder into latent vari-
ables or maps them to the latent space. This condition enables generative adversarial networks, autoencoders, variational
autoencoders, or diffusion models to generate qualified human movements through a motion decoder. In addition, this
paper surveys the current work on digital human motion analysis and editing, including motion clustering, motion predic-
tion, motion in-betweening, and motion in-filling. Data-driven human motion generation and evaluation requires the use of
a high-quality dataset. We collected publicly available human motion databases and classified them into various types
based on two criteria. From the perspective of data type, existing databases can be classified into motion capture and video
reconstruction datasets. Motion capture data sets rely on devices, such as motion capture systems, cameras, and inertial
measurement units, to obtain real human movement data (i. e. , ground truth). Meanwhile, the video reconstruction data-
set was used to reconstruct a 3D human body model through estimation of body joints from motion videos and fitting them to
a parametric human body model. From the perspective of task type, commonly used databases can be classified into text-,
action-, and audio-motion datasets. The new datasets are usually obtained by processing motion capture and video recon-
struction datasets based on specific tasks. A comprehensive briefing on the evaluation metrics of 3D human motion genera-
tion, including motion quality, motion diversity, and multimodality, consistency between inputs and outputs, and infer-
ence efficiency, is also provided. Apart from objective evaluation metrics, user study was employed to generate human
motion quality and was discussed in this paper. To compare the performances of various generation methods used in digital
human motion on public datasets, we selected a collection of the most representative work and carried out extensive experi-
ments for comprehensive evaluation. Finally, the well-addressed and underexplored issues in this field were summarized ,
and several potential further research directions regarding datasets, the quality and diversity of generated motions, cross-
modal information fusion, and generation efficiency were discussed. Specifically, existing datasets generally fail to meet
the expectations concerning motion diversity and descriptions associated with motions, data distribution, and length of
motion sequence. Future work should consider the development of a large-scale 3D human motion database to boost the effi-
cacy and robustness of motion generation models. In addition, the quality of generated human motions, especially those
with complex movement patterns,, remains dissatisfactory. Physical constraints and postprocessing show promise in the inte-

gration into human motion generation frameworks to tackle issues. In addition, although human-motion generation methods
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can generate various motion sequences from multimodal information, such as text, audio, music, actions and keyframes,

work on cross-modal human motion generation (e. g. , generating a motion from a text description and a piece of back-

ground music) is scarcely reported. Investigation of such a task is worthy, especially in unlocking new opportunities in this

area. In terms of the diversity of generated content, some researchers have explored harvesting rich, diverse, and stylized

motions using variational autoencoders, diffusion models, and contrastive language-image pretraining neural networks.

However, current studies mainly focus on the motion generation of a single human represented by an SMPL-like naked

parameterized 3D model. Meanwhile, the generation and interaction of multiple dressed humans have huge untapped appli-

cation potential but have not received sufficient attention. Finally, another nonnegligible issue is a mechanism for boosting

motion generation efficiency and achieving a good balance between quality and inference overhead. Possible solutions to

such a problem include lightweight parameterized human models, information-intensive training datasets, and improved or

more advanced generative frameworks.

Key words: 3D avatar; motion generation; multimodal information; parametric human model; generative adversarial net-

work (GAN) ; autoencoder (AE) ; variational autoencoder (VAE) ; diffusion model
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Fig. 1 Multimodal information guided 3D human motion generation
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Fig.2 Classic 3D human parametric models
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%1 SMPL-X.SMPL #1 SMPL-H & R R 55
Table 1 Representation and parameters of the SMPL-X, SMPL, and SMPL-H models

E e SMPL-X SMPL SMPL-H
BRI M M(0,ﬁ7¢);R‘9‘X‘ﬁ\X\¢\ R M(6,8):R"1Fl — R M(6,8):R*Fl — R
TS BV N = 10475 N = 6890 N = 6890
BEZHe |6]=175 l6]=72 6] =78
SIE= Y |B| =24 |B|=10 |B]=20
K280 lw|=10 - _

T RN AR R BEZ SR R

NIIZ B8 T2 20 T RGE SR TR AR FZ 4
FHOGASIE |, Lt SMPL AR (1 A4 3 7R 35O B fin 352,
1117 HL A% 75 B K I 1) SMPL 1) 20% , 754 1 1 B
AR NRCR, BAS K]R8 B LA 0 )
EllipBody (Wang %5, 2020 ) J&—Fh 1] (i YL i 42 2 4%
SRACNARBERY , DL S RO [ 1 R RS BE FH 7

VR ZH T 2 ER AR B AR B AN R R AL
Tl 3 B AR SRR T 1 — 07 THT REAL B = 4\
A o e A ] B R A A 4 28 ) T, 5 — T AT LA
Wb SR . %07 AT LU E A SMPL A A (1Y
FEARZHL, Kt R AR e 48 0y SMPL MRS 2 &
457 W S B N AR RS

®2 ERMSHAANERE

Table 2 Commonly used parameterized human models
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Fr e s s Bt . AR5 AR s s KR
[ 52 9. GANimator(Li %, 2022) J&—4~#i it 3032 5
A UAESE , B TE RN RLIE ST 8 A 2 M Hois
F M EE . GANimator FH— F 41 A BT il 22 9
2R I 3 A g — R i ST A AT RAE O
— JRA B BT R DR U
Y0715 1) iz By, 52BN A [R] 4008 EE 32 3l 1 3 T
TZHE 2l FH — B % A1 5 F (Aberman 45, 2020)
2 W AT S B RS R ENAS AL R DO s s E)
HATHAb B # &5 P RS 2 5% . Raab 55 A
(2023)32 %1 StyleGAN ()i &, #& th T—4% 4 MoDi
AIZRHY . MoDi 1 5 i 4 % i iz sh & 45 2
>J B HAT 9 SR R 45 A Ak 1 v e 23 1)
(latent space) , #R J& 4 =y 0y M8 7 3 o — > B 55 X 4%
PR BN TE A 8], B 8 — AL 1A ARG
TR =BT & M2 A il ARz 8l (3 =4k
R W8 R B KR TR A, X
SHUIALH Z R NAE & I s A7 ]

SR, 2B OB W 280k LAY 2T BANERAE , EAT]
AR AT A — @ AR AR s R py B, I Zhid 72
RZ 5 it . HP-GAN (human pose prediction GAN )
(Barsoum %5, 2018 ) 3 £ 7€ 0 £ 453 2 (1% B iy | 5 Jon
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—A F E SR R EIOR B2 5 U R i 1 L (BATD AR
TCHE S WA AR fuf s e 84, Ak LI 25 7T e i s A
AR, 25T (Guo 28N ,2022a; Petrovich 28 A,
2021; Zhang 55 N, 2022) 3§ Az BExF $T W 265 78 A
iz gl Az U 5 EAAAEXE AN R R8T, 3 22
PR 7 T = — 7 T, AR T PR AR L), N A
B AR AT 55 52 BN G B R B L B 8% 00 B R
A NS Z [l e = WY S ) Sy s DGk M o Ak, A
iz 3 BA A BN, sX 1545 G BRO07 i ME LA
RUHE AR O RFAE (Raab 45 ,2023) o 73 —Jr 1l , 15 5))
A4 ] S5 A LA S N M3 B A B 02 7 91 0 | i b
I P P A 75 DI A Y AR A5 B B PR ) 02 P )
Bt AR AR AR 7] R ] A8 B A

R T AR X S [, — BB T T i
fir—f 2% (encoder-decoder ) 4244 , 3X Fh 4R K H: 1
TR SR BRI 511475 2 A0 PR AE I 1ok B0 Nz 3l
AU S5 R, TCie e e W IR T H gk
#% (autoencoder, AE) . 728 4> H 9% 1% 2§ (variational
autoencoder, VAE) (Kingma i Welling, 2014) 1 7
25, 30 2 Y HT R AT 1Y B T BB B (denoising dif-
fusion probabilistic model, DDPM) (Sohl-Dickstein
4%,20155 Ho 45, 2020) )5 1%, HRREF 211 25 14 s —fift
fith e B 1 o
3.2 ETARBEHRAE)NAE

FI 2Bt s S — b 0 M 2~ 10 A 28 0 28 AR Y
B3 G B AR A AU B AR E ] B, SRS TR
] B A S, T LU TR SR RO B 4 . R
NMRIZ Bl Az J 7 R0 R T A TR A 28 I 28 1)
Gt an 284 . Lin 55 A (2018) 4t T —Fi Bk T 41
FJ¥ 51 (Sutskever 55, 2014) 19 H it #s HEZL , T M
SCAHH A v AR pUTRT B A A B S T HE SR Ak
T2 HE & 09 K K 12 12 W 2% (long short-term
memory, LSTM ) (Hochreiter #1 Schmidhuber, 1997) 3C
A Gt 2 RN IE T 116 25 FR T (gated recurrent unit,
GRU) (Cho %%, 2014) Ky H 4w . 1 THEALAY
F IR BE T AN 2R A o i 0 PR 320 A
G3IE B TCEMERAT & SCRA  JF BT RE 2 A —
SEAEYEE A S H S

Fe A 2 51 907 12 FOR RS — A e s ol 5 —
NI, BT NI 3 Fa AR OO & s
85 AN FBS AR , B A SRR is
TG 5 2 S BURHE RS FRIME , AR RE ) .

— e T AR EGE T F i A% o S I A R FE
SIREHE , FERF B AT TS ) — A i A% [H] (joint
embedding space). Language2Pose(Ahuja Fll Morency,
2019 )2 SCA it s Flliz 0 4 it i , K- A SCAS A
1 A B — RS A S (], A 18 S
s A KB BT 9 . TEBAL IR R BeR HTER
22 2 (curriculum learning) (Bengio £ 2009) KW,
A A 5 AR AR R B N ARz 3 e 9, P
B AR O A R LR A B A 3 B A AR K
¥ 3z 8, $ m A2 i  DanceNet (Zhuang 45
2022) B T — Bl A T ST B T R 45
T H G 5 A8 HE 42, R H e 07 VR & B85 8 (Gaussian
mixture model, GMM ) #1 2& Il 25 M 2% | BE 4% LA & AR 1Y
U T MU SRR A D 5 o AR A
SR RN SR R ARG A 4T 5]
YE. TR BRI PERE  /EE I T ILAd %l
PEE R R — PRI RO AR . (R AR Y B
AR 5 Ll B E A LR A AR — i 2500, BB L
TEAERR M 2 [ . Ghosh % A (2021) #2117 —
A3 U B 48, 23527 2] N TR i
SVEFN B AR TR H Z ARG ik A =S 8], 58 14 12 5l
iR s AR B N 1 4 B iz 3, (RS 1 Ak v RE
A R A8 3B iz 2l i IF AN U2 Y . Motion-
CLIP (motion generation to clip space) (Tevet % ,
2022) #£ T — /> 3 F Transformer (Vaswani % ,
2017) B A it & 2244 , 38 i3 4 Rz s YRk 25 (8]
5 CLIP(contrastive language-image pretraining) (Rad-
ford 45, 2021) FY4FFAE 2 [8] X 5%, 37 T SCRFAA
12 Bl 2Z B WA 5 2 o )T CLIP 75 ML 5 450k Y 56
B2, MotionCLIP i SCAE iz sAT: 55 T LAfdE
G XS AL RTE F AR A s AT &,
AL LLA A TR B S X e — B R T A AR TE AR
18 Bl A A ) 7 TR R

SR T LU S R R S 50 CLIP A5 F0)I 2R A5t
TR A %A B R LS SRR AT X 5% 0 A
T i KA v 2 T 380 A S — 1 [T 5 YRR 1) 8, A
WA 2R IS B T 55
3.3 ETEHAHBR(VAE)HMT X

AT F i s, 2853 G i o 78 g i i A
S/ IMATBTE 23 ] 5 T Se 9 701 G o 2 e 3 204 )
(22 5, SR JE XA 23 A rh R A 1 21 322 i (Tatent
vector) , T 1 AT BEALYE , o] DL AR B808T B9 20408 -
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Action2Motion (Guo 4, 2020) J&45 1 3B T sh k4
WGz EE S5 Wi . R AR R NMkiz
Bl 2 H G ok P AR 4> [ 49 5% 4 (temporal varia-
tional autoencoder) 2% > B VES G FA AR IZ 3l B FRAE
WS o SR, T RNN 0978 53 A St 25 78 42 i 7
G is BIAFAE—LE PR AR . P9 5 2k (i A A5 Y
E LAAT 50T I g R O 2R, e T G 0 A
BARAERE R TTRES R BORZ R, BT 3 AR K
BT . PR FE SE 0 A H o o il R ST Trans-
former 1% g fith 2 AR5 4 o

Actor (action-conditioned Transformer) (Petrovich
&5 2021 )8 3L T Transformer BZE 43 B 2 i #s M 30
VERE A b2 > AR 25 (), 38 3 07 ' 2 B 5 | 5 A A
AR AR SR AT AR I AR IZ B RS . Guo A5
AN (2022a) #2117 —Hf 3 [0 SO iz SHEZE,
HRAJE SCAS G i e 2 IO A HRAE A 9109 b A iz 3
TEMOS (text-to-motions ) ( Petrovich %5 , 2022) & — >
PSR oy NIz 3 A SRS | 38 3 Transformer Zh
fith 2% 2% 2] SCAR 23 [6) M iz 3l 23 [\ /Y 43 A, 11 KL
(Kullback-Leibler ) f B4 3 P 4> [B] 6] 5% 21—~ 15y
3 A 25 18], A RAE 38 5 A 2 R IE 3l
FE4 . BT H 2R 1E T Lz 3 7 8 1 53 4 25 AR
KA i KL HURE SR A T4 SCAS Filiz 3y 2 8] %) 55 3 1
B T T A S ] 23 A SO R AE B S
R e LA A= BERA A SCF AR B9 Az 3l i HL
TER Az gl R UE 55 h R B 22, 2 th B8l 3
A R

1RGERYA53 F Gt i 2 T TR 25 (] v A FH e 2 1Y)
e T A RN B X AR R s A AR L SR
N [ 28 0 1 e S, 2 T e AR A 8z 3l ) o
I T — S8 AR TF A6 4 ] ) & AR 0 A G 5 A%
(vector quantized variational autoencoder, VQ-VAE)
(van den Oord 5%, 2017) MURAZ G2 1928 53 A SRS 25
SEHE BB RN . VQ-VAE 25T ) i i AL Y
AR5 G i , R VTR 4 ) v IR 1] R
KO | AT LU RE TR AR 25 8], A R TR 2 ) B Y
FRAE .

TM2T (Guo 55, 2022b) $2 i —Fh 45 & T SCA 5
IR BN AE B SCAAT 55 B9 BCA VI ZRHESE i 3 VQ-
VAE RE % B4l °7 >) SCAS A AR 12 3l 22 [ 1) AH B
WSS OC AR . TM2T B IR T — B i Pk iz 3l
token” (motion token) Y15 2 R s 7 i, JH4E H 5 3¢

A token &5 G o X FPFIFH token 1 25 HUE P 51 R A
Bl THE SCAR TG 3l 2 18] G B OG22 , AT LK SOA
Az B AR 55 e A o AR TR & S sh e 81 Z 1) Y
PEAT % . T2M-GPT (Zhang %5 , 2023a) J& — /> 3& T
VQ-VAE FlI4 i 2L i 1)l 2% Transformer( generative pre-
trained Transformer, GPT) [ SCA—iz gl A4 IHESE .
HESEE IS VQ-VAE B 457 > iz sh Bl 5 25 i
T e 3 Z 6] B BRI, LASCASH I S 25 A AR R 5 1L 1
it VQ-VAE K # R 5 IR iz 5l Jiang
A (2023) N ANMEiz 2RI 5 A FEE F AU E
SGH G R ] DL RO — FhRRIR I “ 12 3R 57, X
Fl UL 455 TM2T $2 H 19 328 3 token " AT &0 AT
T —N2 3E S B MotionGPT, i i3 VQ-VAE
¥ 12 2y A 2 114 32 3 token, I 5 SCA token 455
R ) SR FIB B Z [ 1 KRG , Ik i 3 —
WE PO GRE R | A AR R X T A5 B R4 7 1
P, 58 s B AR I S A iz S T AE B )
Wit AE S AT 55 o BR T2 3] token 1 SCAR token [ 45
AL Yi %A (2023) 6 VQ-VAE 51 A T #5484 iz 3
55 B2 10 T 55 1A DA A = 4R A A4 B R A%
774 TalkSHOW o A A AZKIH 5 5 1 ey
AR OGP R L 5 B AR RT3 A DG PRI, PRt
A 17 B0 1) G e — A B 8 ) A4 ol 5 JR D G 194 T
W, VQ-VAE k2 > By AR TR 3 1 1 23 8] 43
Aii P B AR AT o3 S AR, P — > 38 AR
() B TSR A il D B A Sl A T4

Cervantes 55 A (2022) 4 11 1 —Fp B TRl
R (implicit neural representation, INR) B9 7% 43 H
Gt A HEZE ] T AR B 55 . INRGE I fl 22
P00 246 A B =X R /R W AR B3 5 T T = A
WY, TEAEGEAE ) A dalithas b, g it s 1Y A 2 AH
XF TR B ST AL 1Y, TCRE CRAIE RS B Y
HI I AL | 3T A FH B b 28 3R I AU
TGS 5y A dnias b i B aC A a% , AT LA B4R
Xof g A B RS e 9 AT DA L AR AR Bl BE B 5
MZHE . (BRI 22 7R 5 v S8 o 1 R0 22 J2 IR
FIEF NS Sl A1, 24 B e RS, 2 iz 3l 5
oy MR

ARGy G i e R B T A 2 ) A (R 5 ) T i
T BRI GAE B R A5 T A WU R A, 7R3 B0 2 B4 5 T
HAMH SR A o BRG] 1 HAf 4 52 2 s
Sy A B RE T, TR RLME DL FE 452 2T i A SRR
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iz AR AR YT PR TE A A 2 0 38 B I AT
PRI X
3.4 E T #04EE (Diffusion) 7%

PO AR ) AR S XoF DL A A S e
A 3 BT g B0 0 AT, PR e A 2 R M A R A i
LRBE , AR A 2t A P AR R 2 o] BRI 19 4Rk, TR
AT LA e A i BRI R AR I 7 O 22 M8 A i 48
(¥ %45 (Sohl-Dickstein %5 , 2015 ; Ho 47 ,2020) , 71
FAY 2 H AR 32 G T AR AL 2 — TR MR AR A
155 v J R H 3 K2 i (Rombach 5§, 2022 ; Saharia
4§,2022; Hertz 55 ,2023) o —SEHJF SR HORE AL A=
JAE T 2R AN H AR 2 A R Y R SR AR A
FIABF NB S ERAES .

MotionDiffuse (Zhang %5 ,2022) 245 1 ™R TP
BB () SO Rz 3l 7 v ol —Fh A T RS
A Transformer Y4 UYL, AT LUAR A 12 2 A 72k
I 1] AR AT B K E Rz 8 o S T a8 & 4 {8,
MotionDiffuse $& ) T & [ TEF X4 HOB Y [ M 75 4y
{H” (noise interpolation) , IJ LA 5K B X AN [7] B {4 o7
Z B B AR EEE ] . GestureDiffuCLIP (gesture diffu-
sion model with clip latents) (Ao 55 , 2023) 1] DL 3C
A EIEFTAIAE g 2% A ARRY ] CLIP 727
T %3 5] 2 iy i A0 T34 1, A A2 v 4
YEUCA 0 0 AR 278, PR 2ok 7 RO Y A i L 22
ATzl

BE T WO B Y 15 2B AT 55 38 R ] U-Net
44 MoFusion (Dabral 45, 2023 ) 1[5 25 [8]32 3h 9 ik
(motion latent diffusion, MLD)#& A (Chen £, 2023b)
WK T 2L U-Net B2EHY . (HFENAKIZ 3l A U T
S5 A 2R A AR R A SR T AR K
GIEHE . 4T Transformer 7EAL P9 50 J7 T 910
%, Dabral 45 A\ (2023) #2 H} 7 —ffi 3 T 25 M 4™ e
RUFIHESE MoFusion, TZHESE R FH 2T Transformer [
— Yk U-Net 2244, n] LLHI¥E SR FSCARAE S an A A2 i
K] s B i ) ARz 3. AR I BRER Sh VR 5
SR ZSAHDLIC , 107 HRBAR & #E ) B ASTE I 22K
P o3 A Z NIRRT SR Kim % A (2023) 83t T
— 4~ 44 H FLAME (free-form language-based motion
synthesis and editing) ) 3& T* Transformer i 4" U5 74
2Ky, AT LS SCA A 1z 3 S i s e AR AT 55 . TR
SCAS G B 43, FLAME F) JH 301 25 3 5 #50 8
RoBERTa 4 itk A SUAS R AE | DAYE s R X 1

BB RE ). XSS A 1S FLAME 7653 30 42 i
St e 1 3 A P RS T G M R A SO R R e AR
SR B MRS PR B

BT B 133 2l A i R RE AR R BT
M ZFEME R RIS 37 51, (BB i) 3 R 4 2
o AR B A N (B SRy, T ELAR BT 4 M 2%
P B BEAILE 25 T 30— 2 05 AR RS Y B
I NIIZ SR8, OB AR RBOR R IR 22, A& 3
18 (5 5K B ™ B R A2 1) S B R EETE A 2
S ) R, J5 8 — S8 TAESU) T I 2R I iR R0
A G R

DEF XA G R AEAE . ReMoDiffuse (retrieval-
augmented motion diffusion model) (Zhang & 2023h)
e — MR R A AN ARIZ S OB R . ReMoDif-
fuse i Jj 7 —FPR &R R EA , R H] SCAE U5
VERFRUPE NI ZR B8 rh S OB S A RO DL A AR
B R, AT 5 A A5 SR iz AR PE R 2 e . 78
LA DL SCASHE 7R TR AR R A= 1 s 5T 2 1 12 51
FP o B R AR B R 2 MR BE G IS A 2 3 4, A1
B, AR TAEG Y B, MDM (human motion
diffusion model) (Tevet 55 , 2023 ) 7£ 2= M = & v 70300
218 B P HIME S A B AN M o AR T S50
MRS, Bz 2h 5 50 B TR ARG iR L
AR ARIZ ), b G B AT . BRI
o F %  i B T Transform FY) g 5 28 85 SCA (sl E
S SR A (AT DL 28 250 ) IR I 1) 254 A
S M P 2 ), PR AP IR B b 2k AR 7 A s B
J¥3

2)ET XA AR B EAL o Chen 45 A (2023b) A
SRy A BB TR DA P A 1 — > i i R
Xy N R IR B S S T RO A
A T — R T AR 25 18] b AT P G R Y O
MLD. %7 ¥ 8 S i 3 T Transformer (14573 F 4
285 2] — A HAA AR R K12 37 5110 A
#i i (latent code) , %7253 A gt &5 ffi JH T 55 U-Net
FAL A K Bk 3% 2 (long skip connection) , ' A] LG 5
e it R IKRE T, SR TP PR RE , O EUIns I8l
SRJG TR AR S (8] L AT HOd 2, 7E I 2R A9 2R
BORRW AT TT 8 , e AR )56 12 3 e 41 E i
P BIOERY PR B
3.5 HftrE

GenMM (generative motion matehing) (Li 28,
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2023) & — A EE Tz s D BTk B A2 SR, a] LK
A TR vz A S AT RE 2 R [R) S A L o8
Bz Bl SCEE TS| AR N TCERIE R B sh Az 3
AT 55 . 1B VLI 7 1S GenMM BETE JL 3
Z RPN A B R BT R A B, 0 e A
s[RI 2 0 T 880 B0 50 14 Tk

3.6 B

3 GG T IR N B B s 5
TAE.

1) N5 B A R o SOAS B AEd A
FAM NN S0 PP 9B R G G B 42
O 265 18] A1 JIE XA 1 28 )1 25 DR MR 2= ol 8 2R 224
PE2E B RICR ] 4 0 2 — A i e A0 19 1 i i
A7 H i as AR I A i as 5 > B8 Y
FRIE A — A T B2 1 1] 3, PR RS RE AR e b S B0
PSRRI S M LU AR I 2 AR R . 255 A D
T 25 1] LA B0t 00 R 4 0 31— MW FE s T (e
X B A A R 2 AR 1R R o 3 B AR 2 Al
BB 9 53 A, W] LAAE )T i o 2 A2 AR M A
B EF A BT s B BTSRRI n] s A R
TERBEM

2) WA RIZUA B F BE R . M RTITSE A —
PIEZROINER G , A G882 7 A bt o )
DIVE g R 0R Y G i s — A A L 37 G B0 AR A A A
()25 B )RR AT, P30 ok — SRR R %) o 228 O 284 4
X L S SRR R P i A HIORSE TR A
Nz ], F49 9 LSTM (Hochreiter A1 Schmid-
huber, 1997) \GRU(Cho % ,2014) 55 {iF B i 22 00 2% 45
28 1 AR Ry Gt B e — A AL 4 14 2 B 4, (A A 1
NIz 5l R 2 A UK 193z 2 P 41 N 3 67 vk
W H S AE— B[] J5 105 2724 () A e 8 AR il
i 1k ol EE AL 1) 25 B (Petrovich 45, 2021 ; Zhuang 55
2022) I HA AT R R 22 , 1 A it R A At
Mgl AT B E I3 HLH (self-attention) [ Trans-
former 1] DL AR G- s Ak B B B (R4 OC R, O HL T
LS 3o 57 8 G i 5 | S A5 Y A ] AR K Y B B
1.

ARSI R EEE T R BT NGB 3 A 7
2Rt T anE 4 s rYim I HESE o 15 3 G
i I JELG 12 20 91 h 4 BUE SRR, 155 25 F S i
IR ) S5 ARSI Rl Ay B A o i I BV A

Z3 6], SR 5 B AR O BT 2% | F g g A8 F i i
o AT FRORE R0 45 077 0k DA B A e sl o A 5 ] R 2 ]
f il i s S A AT A AR RE B Y
IR AESE PR R A Y 2 BN A2 2%, 49 4 MLD (Chen
45,2023b ) LRI EAS (0] BT 9 RS R A

4 EHHTEHRE

32 B 73 AT AN G 4 4 TR 12 B AR U SRR B SE R
iz 815 2% (motion clustering ) (Raab %5 ,2023) iz 8 il
I (motion prediction) (Lyu % , 2022) . iz 3 #fi {4
(motion in-betweening) (Mourot 45,2022 ) Flliz 3 75
(motion in—filling) (Duan %% ,2021) & ¥ % . 3y
BT R i T R AV A S () G i b SEBY
TEZS [l T 2B 80 0 P E 3 2ol A Al I Sy
AE, A PASE B —LE R UET 55 . MotionCLIP( Tevet 5% ,
2022 )3 3o T AURRAE 1) 1 10 B B S IS 2 LA B
VEVRU , 388 2t HEAE 1] 2 (40 i S5 30 sl 2H 5 R XA
iEF% (style transfer) o il 4n—~iz 8l & — > ATEIK
K =B — AT E” B X PRI
[i) e RH I, PO 2 ANl ST N B AR AR ] B
AB Az L — > N30 E BE I OK ™ 38 S RCR (1815
(a)). MoDi(Raab % ,2023) i i K-means % 25 F
t-SNE B 4 W e =5 ) af gl Ak, SE B T iz sh R 2k
(K5(b)).

iz B4R 1B 3 b 4 iz B0 G 4 v B B R AT
55 AT IZ RS . TRV & Sl AR,y
PAX 38 5 1Y 5 B Bl AR ot 5 B3 4 e 51 19 B 3l A kb
A, T B 3 BT 08 TAERLCER s FE e e TT Kb, Al
DA A BRI 4 ) A ARAE Bl 7 S S it 3 5 7
12 B 0 Az 3 #b 4] LI A 8 S (E 1 1 55
iz S E A AN T DU SOz sh B, iz sl
(9 P4 7 0] DL ot iz 3l 4h 42 . FLAME (Kim 4§,
2023 ) Fll MotionGPT (Jiang %, 2023 ) 1] DASE 45 % iz
BNFFIIF K 0 SRR T, LSS AL T f5 22 (932 31T 81
(E5(c)), MoFusion(Dabral 28,2023 ) il MDM ( Tevet
45,2023 ) 1] LSS BRSS R 2 3 81T Sk R R i 5
T, AR AR A SR S| S AR R RN 4 vp | Bl AR (1S
(d)). Harvey %5 A (2020) 4 H T —Fh5E T X HTEER
P22 I 45 1) 1 2 A A AR, AT LA S SR R R B 1Y 18
SRS .
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R3 BFNEHERFEBLE
Table 3 Summary of digital human motion generation methods
R Bnpis Bl ik PR
HP-GAN(Barsoum %,2018) e AT BEBUREE IS, B R Ak
Text2Action( Ahn % ,2018) PN AT Z BT INEEE  RARAE O Bk .
DVGANs(Lin%,2018) A AT SS T R R A , A A I8 B R T R 1Y
Harvey % A (2020) SCHEWT  AEROMHTGS SRR AT LA SE A AR 38 SR (AT 55 -
GANimator(Li %,2022) BEAFH ARSI LS T, A LA SN AR S Bl Y AR P
MoDi(Raab%,2023) M ARG B Rz AR RR 2E T R
Lin % A (2018) A Fgmidds AR,
Language2Pose ( Ahuja Fl Morency ,2019) A A i A UAYE Bl AR 38 BT A B, 2R A
DanceNetZhn . 2022 wr  pawe  SREA ERORBGERCLREOAENE
Ghosh % A (2021) A Fgfges  ASEER B SR B i ml B 2R V2 e A
MotionCLIP(Tevet % ,2022) BN H g fih & ZARERERR (AR BT A SR R R Y .
Action2Motion(Guo % ,2020) i o Admtas  EASIEE LS 3 TR TR
Guo % A\ (2022a) A Aoy Agmihas B, A NS VR Y R B K TR
Actor(Petrovich % ,2021) Bk RSy IS ES R SR AR R TR SR TR
TEMOS(Petrovich 25 ,2022) A ARGy H RIS BRI A, SRkl R AR
INR(Cervantes %,2022) i 5453 A i LEE‘ ;}fi@gjﬁ;i gjﬁéf l%X Tiﬁﬁﬁf_gﬁﬂ
TM2T(Guo % ,2022h) A oy Hgmihas B SRR TR iIE sh R B
Rhythmic Gesticulator( Ao %5 ,2022) SCA EHR RS A gnAAY BT BEAE AR AR TR A I SCRTR A
TalkSHOW (Yi4§,2023) A ARy H iy B TR A SR I I RO A T AR R
T2M-GPT(Zhang % ,2023) ok S gim ﬁﬁ VQ-VAE i LA R 4 [l R4 T T Ak
MotionGPT( Jiang &5 ,2023 ) AR Ao A RIS AS = YRR BE 1o, (BT RTT RS K.
MotionDiffuse(Zhang % ,2022) A PR A i;igj};ﬁﬂ%@ XA ERBITTE, R
PhysDiff( Yuan 4,2023) SOA PR YRS R RR.
MLD(Chen 4§,2023b) A iE PR B TR,
FLAME(Kim %:,2023) BEN PR Bt , shVEgw A RE S0 (HIH R IT
MDM(Tevet % ,2023) A BE Py [t ey, T LA SE L 2 s 2l 2 4R AT 55 A AL BE A5
ReMoDiffuse( Zhang % ,2023h) B TG E%; ﬁgﬁgg&seﬁ@ R RUENERER
GestureDTaCLIP( Ao %, 2023) SH e R AR
Ve BT
MoFusion(Dabral 4 ,2023) A AR PR B 2 AR R TSR R
GenMM (Li %5 ,2023) B 87 5 bS] UNUTH gi;j ARFRE, BEFERE, FRLELR
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Fig. 4 A general framework of digital human motion generation

Tk ﬁ DRYA
ok bITRYA ,ﬁ) =
9‘? f-A =% TS RREEERE
(a) MotionCLIP(Tevet%:, 2022) (b) MoDi(Raab%§, 2023)

(¢) MotionGPT(Jiang%#, 2023) (d) MDM(TevetZs, 2023)
K5 Bshirbrfgeis
Fig. 5 Motion analysis and editing ((a) MotionCLIP (Tevet et al. , 2022);
(b) MoDi (Raab et al. , 2023); (¢) MotionGPT (Jiang et al. , 2023); (d) MDM (Tevet et al. , 2023)
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K6  SMPL+H i &l P AFEBI D5 (Romero 55,2017)
Fig. 6  Artifacts in SMPL+H scan data (Romero et al. ,2017)
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Table 4 Human action datasets classified by data types
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Table 5 Human action datasets categorized by task types
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Table 6 Performance comparison of different methods in text generation motion task

R-%0%5( R-precision )1

B ik FID | ZHE— ZAATE T ZRUREER |
Top 1 Top 2 Top 3
MDM  0.317+0.005  0.493+0.006 0.604:0.007  0.528+0.053  9.407+0.100 / 5.579+0.028
Human. MD  0.490+0.003  0.683:0.003 0.781+0.002  0.678+0.014  9.444+0.076  1.556+0.064  3.088+0.008
ML3D  Guo  0.456+0.003  0.638+0.003 0.738+0.002  1.067+0.025  9.230+0.100  2.262+0.115  3.349+0.011
MLD  0.465:0.003  0.655£0.003 0.757+0.002  0.417£0.010  9.828+0.074  2.603+0.085  3.282:0.010
MDM  0.163+0.003  0.291 £0.005  0.398+0.005  0.509+0.032  10.686+0.118 / 9.166+0.028
KIT-ML  MD  0.340+0.006  0.542+0.008  0.670+0.006  2.169+0.095  9.940+0.108  1.735+0.070  3.654+0.027
Guo  0.359+0.006  0.555+0.006 0.674+0.006 3.115+0.133 10.758+0.119  2.113+0.114  3.5140.025

TE < IR RS20 2% Xl 4 b 4 91 ) Bl 46

o 1" FRIRANTE

ST IR BUEBOR A, | T FROR B N T RN

5 B0 BUE MR T # - . MDM  MD . Guo . MLD 43 %]4t % MDM (Tevet %, 2023)  MotionDiffuse (Zhang %5 , 2022) | Guo %% A\

(2022a) LA}z MLD(Chen %5 ,2023b) -

x®7 IMEEBEBEHESHABRFEREEST L
Table 7 Performance comparison of different methods in action generation motion task
nsE ik FID | ZHEE— EZ E i WA 1

MoDi(Raab %§,2023) 14.425+0.298 17.651+0.230 - -

MDM (Tevet %5 ,2023) 0.103+0.006 6.867+0.075 2.555+0.045 0.984+0.002
HumanAct12

MLD(Chen %,2023b) 0.079+0.004 6.850+0.060 2.570+0.050 0.985+0.001

Actor(Petrovich 55 ,2021) 0.116+0.004 6.841+0.048 2.619+0.039 0.953+0.003

MDM (Tevet 5% ,2023) 12.920+0.419 33.029+0.235 14.225+0.116 0.948+0.004
UESTC

Actor(Petrovich % ,2021) 23.136+0.365 32.463+0.262 14.382+0.064 0.926+0.002

T IR TSR BN L, " TR RERBEZ Al R bR T " FOR BB O, | " FOR BB N, <

INEUES
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Fig. 7 Overview of the development history of 3D digital human motion generation technology based on multimodal information
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Fig. 8 Reconstructed human models from videos

(Kocabas et al. ,2020)
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