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A survey on posture-guided human motion video generation
ZHANG Bo, ZHOU Lei

(School of Health Science and Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract; With the rapid development of deep learning and computer vision, AIGC ( Al-Generated Content) has achieved
remarkable results in this field. The latest developments in generative models have laid a solid foundation for video generation.
Based on generative models, given an input human body image and a reference video depicting the motion sequences, the goal is to
synthesize a video in which the actions of the human figure in the image are replicated from the reference video, thereby outputting
a controllable and time-coherent human motion video. Although significant progress has been made in posture-guided human motion
video generation technology recently, it remains challenging to produce high-quality, coherent human videos consistent with
conditional signals. This review summarizes the latest technological advancements in the field of human motion video generation,
aiming to provide in-depth insights for the research community and stimulate new thinking to promote the application and
development of this technology.
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Fig.1 Overall architecture of posture guided human

motion video generation technical roadmap
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Fig.2 Overview of diffusion model
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1.4 AT5ISRHMERKESLE

YNNI IP I N ESSiE AP WN N = i
R A 3 (d) s, i Fh s 7 8 T e B
P ERUII A AT 55 vh AT 25 R A S i A i,
R o 3 e AR B DB R (AR Sk B R
G55 ) R s NAR I S5 R N3, g 2R s A 4
HET IR SIESRS S . AR R HUX S OGRS
SER NI R T 2R et i) 8k,
Hr DWPose! >’ \OpenPosem]%ﬁﬁﬁfzmﬁﬁ T8
2RI A iR AR T

SMPL( Skinned Multi-Person Linear)'?" J&—Ff
T 3D AR FIEARAG T 10 S B A B8 | RERS
RS BORE BA R  Z ) NSRS . 72
K SMPL AR T4 AT S5 16, 7 2 NS % [ (R A
IKBHALIIT 51 rh S U N R 28, 4 S % A
GRBIR Bl 3l VA5 M, mT LRI R S0 A 42 (i 4D-
Humans ) "** 335H 3D %01k SMPL AR | W i ff
A N BRSNS A SRR —EL

SR R4 T A8 A5 L, SMPL [ 4 2 % T %
2D Fon e 3 i) AR R LK
FE SR A IREEEIR A T B MR R BAEILT
FREGE B XX T 3D S5 2 OC 2 e A i)

DU R 7 R 75 1e) 47 55 AR A G Y L AR
FOEL, I A AT AR A A AR R SR T R Y
AMTEE . b, i SR E N MR R R T 26
SIME LA Bl TSR ey Ak AR [R]958 43 =2 [h] 1Y)
SEHMKER MK o> T BRARSE AL, T2 5
FS PR 25 T B P R LSRR

SMPL-CS & SMPL R 3" J B A, i 3(f)
JR AERA 3D NS 5 R AG 68 1 1Y ZE Ak
bR THOME R R SO A A
T 3D AR R, SMPL-CS R W% A& A fin A
FEER 3D A, XS IR 5 EE
FE T AR NS R s i R I
PSS A AR 3 T 0o 5 S 52 B SR Ay 1) IO P 43
SE R ER 755 Qs £ 175V M A

HaMeR ( Hand Mesh Recovery ) '® J2& — Fili 3t T
Transformer ) 3D T3 W) 4% & 4 7 i ,BITH TN
FABR MR TP E T804 3D JEAR . HaMeR FIl IR KL
B Transformer ZEHF1 425 1Y A8 46 |, BEE K
WA TR 0 2 Fh 52 2 83 a0 18] 3 (e) B, SE 31
TR T HA G R A, X AR B LAY T Sl i
A BN R 25 S, BRAS W $ T AR iU
B EIEG A T AR i TS ETE M 37 5
BhA SR S Bk

2 ANEZZhLmE S

HIVE NI S AT LA K 2 347 51 3K gl 2 AR A
3, — 3 B Lk 5 SO L S R (B AT 55
P HORR R A SCAR 3] PR 4% 403k A B o 2 R T
N GURE LR T AR B 4% Bl 14T 55 I A 52 %8R
il 2 A S D 2 B R ) P R i F SR N DA B
T ZFRIE R R X — a8, AR AP E
Y BB AL () LRl TF & T AN A A8,
XS AR fre IR T H B A I AR M DL GE R %A
DAL RE A B s PR A5 S B
2.1 ZHS|SHINAERREHE

LRG| SR BB ARAE S 2 UAE il &
J& | DB — 53 o 2 2 P B A S UG AR
BB ShAS AR B, 205 T 2 AR, F 30K
Fig B R 2 R o) () 4 0 7 v 0 O 3R, X 3k e S
HARMATERR
2.1.1  FUIRIAL SRR AR

PIDM " (2023 4F ) J& - PR Biop 5 1 FH T2
PG| T ANFKEG AR ARRE TR, ZTEGIAT



230 oo ®m M5 M OH

16 %

— NGOG L T T SRR B R bR
BB, 19 T AR R 1) SR, PIDM
(4 EBETTIRAE T UE 19 B A7E O BN 15
BRI AR T R R R S B
FE T AL

Fif 5, DreamPose™ F| F i Il 25 () Stable
Diffusion'* JF5 | i BCAHL ] , 33 B84 CLIP - A
VAE'® JEFT UG S, (A AL RE 0% 7 A it 7 vp %
I 2 R SO B I R 23R S AE 8
DreamPose HBIHT7E T-F Tl 245 4 SCA 21 (B {5 A 7Y
JEI NP TR AR S IR S AT 55, SE B T A
BB AR IR 3
2.1.2 RERYARARS 4 3 5

SRR TNy NP G S 1 [
XA A A Y TR AR 45 il Discot ™ ] 2L F
ControlNet TR A9 HHESL , LI T X AN 2hi & 5
AN i e et N DR U B RS A PN ST - 2
B, SRR A R SRR DR T A B
DYRFAE , SCHERM R T H AR [R] I BE A% 5 375 Ab 34
HHITK,

Animate Anyone ™ #F—25 & J& T X — %, F
JHFET UNet 19 ReferenceNet M=% K] (% vp 32 B ds:
fiE Il R R LR FAEARSHFER, H
PIET AnimateDiff ™ 5 A A JFEE KB ] 2 48 A% 5]
23ME UNet H, DAR SIS (] — Btk . X fifs A= ey il
AFEE IS A SR AR08 1 I TR 2 5T R)

MagicAnimate[%] WA 2 3t S 07 AR T A1
B, H 2R N DensePose' ™ 5 7 il ) ControlNet,
MR 5 B OpenPose JCHHE T, $R4E T SRS 1 %
PIGT o MR RE S B S A 2 AR S AR
B4 T SV EA: BUAREI BEA E AR
2.1.3 BRZE—STEREILIL

BEA DTSR TR, G — 2R M R P RE DAL 1 R O
VEH 5, UniAnimate™ 48 H) 7 55 — (9 9045 ™ BB
B THBR T XS RAN 27 W 45 AR, [ AT 1 I Zhonk 2
SRS R (R B A B S 2 [RAGORIIR 7S A
PR FERFAEXS 5 IF A0 PRt ] b — S A i, A
RIGIA T ZH RGN LSRRI S R0,
FRVFBERIL IR 75 R A B8 55— Ml S A AL S AL
A DRIE T A 1k

Champ" ™ W3 T Z AV A Rl 1) #
AR RHIEE R A 2 LK 2 )2 18 dh Rl & 1
P ez [l gl SRR Fs B e SRR, XRh 2
RS RlG J7 ik PR T 1 A U 0 o i A SV

W e e e sh Ve strh RIJC R A
2.1.4 LI 5 240 g5

ST IS 5 ) e 1) 1A X AR (R el Ak
fifF 77 % . MimicMotion" ) B AT & {5 A1 14 14
AT SR T 238 B AR B Y XU R OR Bk T
PRATITEL B v o £, k2 PRI 2 L4 ek ] - 1
P XA ARG T BB T RE AR AE AT
FEPE B AR BB e TR S

RealisDance " W78 F-3B 3V 4= i 7 i s 1
GEME, bR 17 UNet HP (i T i [) 7 58 0 o, ik K 1)
B T S A FE R 2% A R 2 AN T
TR AR 2, IR F B 3 0 B 34 T Bl
3 KRR L TN IR SR IE B 2E L, X Fh T A4
SIRRYE T FIE SR RS B 2B AR, X AE Z 1 AR L rh
B RS,

XECRIARICTR T IBFG | T Nz S A= i
BOR AT FEAE , NI — R R B E A £
PSRl Do 6 Al AR g TR) A0 281 G R e 4019 1Y
Al JERL T — B e B MEARIR R, JE X
BTV A BUHESE K Z 44 HEAE 2L ControlNet 1Y
3D-UNet 28482 1 AR ER I ] — 2t [Rlf, o 1
TEAE S FR R B 228 RUR I 2 22 5 UL, 3k 26 7 1
kG A T S g, XIS A & 3D-UNet 1A
FRRAS , 5Bk T B [E] Transformer JZ2, f HGE 08 & 11
TS GRS 0 S FRFAE
2.2 RB5|SHMINERAERZEN

LG | T B PR A BB RIAE R WA 4 TR
2.2.1 FRAEVGwA

AU () A8 AL B 278 R R — el 2 48
FIFH], SHEUG AR A B 0186 N EUR
SRR A B LA SRR AE A 5 0015 B, B0 R A nie i
PATAEAL G b S A B 2 2% BUR AR — 3, i Ay
(T FRARAE B AE , BHIT Y] T4 S
A B VEAR A A0 DGR T R HE B I Ak
AT BRI, BT HI A LU Tl Se L,
T DA DAHC Al 400 A1 v 4 B A A B A AL R %
e T 1 B A B AT AR Ak, a0 Bk 8ROk 5 5
PR3t 3430400 R B (i o e A R A A R
A R N I — BRI 2 5] ARSI HIL TR R
BASRZEAG | RR
2.2.2 AN 4%

AR X 28 2 FH 1A B ey o o | P 9% A €6 50 1)
IO 2 — X LE AP B rhgl i ], LA
TR SR P £ e — S5 T B e



SR, A5 G AE SIUIA Rk 231

B4 EH3|SHMRME R ERTR

Fig. 4 Overview of posture guided video generation model
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