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Background

 Diffusion Models
- Gaussian NoiseS B2 QI denoising M2 AN A &5 =l datal| = E(image)E H2tsl= M d
EE—lI
- Conditional diffusion models
- Diffusion model= class label/text/ |5l & &= image = conditioning 7tS
- Diffusion model £4= Of2 2F 2+ denoising objective 2 2t&
Exce.t[Wt]|Xo(cex + ot€, ) — x5
- (x, ¢): data-condition pair, t~U([0,1]), e~N(0 I)(Gaussian Noise)
2™ o 2 diffusion model2 noise/t A= z; == a,x + 0,6 x= denoisingdt= A
- O] A2 reparameterization trick= O| &5} 0] e-spaceOl| A e, Ol CHSH squared error lossE M -&
- A2 image AN E 0| 55t =M Ol M timestep tO| A t-12 & [ KA noiseE 0| Fot= 22 Het
Po(x¢— 1|Xt :
O O @~
= A
: q(xtfllx;)—is_L:nknown
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Background

 Latent Diffusion Models — Stable Diffusion

DlHusmn Hodel
B i
t, Gt
Lofent Dlﬁuswn HoJel
EMW

- 7| Diffusion Model2 &2 ¢{S HE 0 =ot1 BF=X 2l denoisings Sl O|0|X[ & 44
- Pixel space 20| A =3H5}7| T S
- Pixel 242 28 O|=5HA| G511 Auto Encoders AH&5H0 &= latent embedding2 0| Sot= &
HE
- Latent space &f O M| =&SH0] O M2 AL M ME S5 S 5+ AS
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Champ: Controllable and Consistent Human

Image Animation with 3D Parametric Guidance
CVPR 2024
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ZHU, Shenhao, et al. “Champ: Controllable and consistent human image animation with 3d parametric guidance.” arXiv preprint arXiv:2403.14781, 2024.

Abstract

« AT Q| ©Q -3- IS 7|= 0 A human image animation= 7§ A15}7| 2|3 3D human parametric
model S B2t A2 =2 7| of

r_l

o 2IK[2] shape “d Z 1 motion 2L E & A7 7] 23l Latent Diffusion Model2| framework
Li 0l A{ SMPL(Skinned Multi-Person Linear) model S At

- SMPL model2 AFESH0] A1A| shapelt posel| &2HEl B2 = &2 2 M source video 2 £ H

gk QU 7[otet 8l % 58S oA 25

:
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ZHU, Shenhao, et al. “Champ: Controllable and consistent human image animation with 3d parametric guidance.” arXiv preprint arXiv:2403.14781, 2024.

Introduction

- Diffusion Model2| &7
- |2 Latent Diffusion 2 22| 2™ O 2 jmage animation &=0F7t 3 H| 2174 &
- 7tet A 4, interactive storytelling, C|X| 2 2 H X M 20| AM 2E
« Human image animation
- Skeleton, semantic maps, dense motion flows & 217t 115 2| motion guideE A2

- GANZ} Diffusion Model 7|8t &2 HHAIO| T2 AR E

3
B
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Introduction

ZHU, Shenhao, et al. “Champ: Controllable and consistent human image animation with 3d parametric guidance.” arXiv preprint arXiv:2403.14781, 2024.

- Warping2 AH2 S} reference imageE ¥ = motion0f| &3 37t S 2 Hatat

- HEE BEoAgH o E ST FY S MR 7 4452{ 0 SHX| B motion HE0f| A0 2 HIE
SME o 2 Ha|shk| 2t

- H| S A E 2l visual artifact@t Al ZHE L 2HE 25| 7 LA e

- Diffusion Model 7| gt &

- CLIP encoding El visual feature 2t Diffusion Model=2 ZA%!5t0| &
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ZHU, Shenhao, et al. “Champ: Controllable and consistent human image animation with 3d parametric guidance.” arXiv preprint arXiv:2403.14781, 2024.

Introduction

. Hoket M2 Al

- SMPL model AtE
- Reference image2| 3D 7|5tet2 Q13 St source videoOf| A human motion2 =&t
- 22 Xt2lo| meto|Ef 7t A& SHO] shapedt poseE S5t E R

- O| £ Sl reference image2} source video2| SMPL 7|2t motion sequence 7+2| 7|5}t A Q1 LAX| 7} 75 &t

Reference Image Source Video Motion Output Frame
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ZHU, Shenhao, et al. “Champ: Controllable and consistent human image animation with 3d parametric guidance.” arXiv preprint arXiv:2403.14781, 2024.

Key Contributions

1. SMPL model2to| S%t

1. Reference image2} source video2| 3D 7|5+t & Q1 L X|E ST+ human animation 24
2. Multi-Layer Motion Fusion (MLMF)

1. Self-attention mechanism= A& 35} shape X motion latent representation= & &
3. A "It

1. Benchmark dataset= A&t H&0|A 1F & 2| human animation ‘48 & S

2. In-the-wild datasetO]| CHS M = @2t Yt 53 =10l
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1) LOPER, Matthew, et al. SMPL: A skinned multi-person linear model. In: Seminal Graphics Papers: Pushing the Boundaries, Volume 2. 2023. p. 851-866.

Related Work

« SMPL: A skinned multi-person linear model%
- QIZEO] MK HENQF XpM|Off IhE HEY HotE O Z2AoHH ol = U= M2 222 HA[S

- ChSH AIKIO| HEHOL RFHAR S AP HI2HE SATOR LIEHY 4 9IS

II:I

2t Qlut 22t Vhs gt
parameterE Ar&5H0] AA[Q| Hat BIZ S, blending 7S X[, XA Of
o

d

- 7|&2| Oefg nto|
MPL2 O| O] O A{ &f
C’|K5f._ blending S

- Pose(6 € R***3*3)@} shape(B € R'%)E LIEfLH = AMAL2 parameterS 7|2t = o

/\

=pa
I Sh
'.H‘;.:.

- XM 01| 2| &5t= blending2 AHA| 2| HEL| R A= 2] linear function2 = H S
- S AR = 2f CHASH XEMOf| A 7E & &l 3D mesh dataE Sl MK Z2E =&

212 reference image2} source video 25 E{ 3D meshE = & 510 image animation A 2H0]| AF22t
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1) LOPER, Matthew, et al. SMPL: A skinned multi-person linear model. In: Seminal Graphics Papers: Pushing the Boundaries, Volume 2. 2023. p. 851-866.

Related Work

« SMPL: A skinned multi-person linear model%

- Q17H0] Q& CHYSt L AHM|SHA| ®oiot= U
- QIZkol AN H ’IESIO] EXhE (1%!9| 713 &)
371 2| blendshape basis”7t = 2| =| O] Z}Z+9| linear combination2 2 ME2 M2 B
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1) Yang, Z., Zeng, A., Yuan, C., Li, Y.: Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision (2023)

Related Work

« Skeleton === ¢/t DWPoseD

- ICCV 20230f| SAi =l =22 =, O datotd E3 3 Q= skeleton=2 X5
inigs

A P80 F7tE e =M, O =2 S22 image

- Human motion2| skeleton= diffusion model2| 44 4

animations A|&g = A2

St

- Source video2| normal map2 2 £ E{ skeletong ==&

Normal map Skeleton output Normal map Skeleton output
R BTN VDS
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Method

« 7|22 0l OfL|H| O] M ‘8 BHAl-2 Latent Diffusion Model frameworkE At-& &t

-

- Latent Diffusion Model2t & 2t 3D U-Net +XE 0| 23| X2t
st

- Latent Diffusion Model(LDM)<2 diffusion2t denoising2| & 7t X| & X 1t S latent spacelf £&
3 HEAl Ol
HL o© /70

_ &7|0]= VAE(Variational Autoencoder)= AF23}0] @121 0|0|X| 2 XX} feature space = QI A 2t
:: 23 O|O|X| £ latent representation z, = E(D 2 H&tet
- Diffusion 2t 2 z, 0| Markov processE & -850 Lt noisy latent representation= ‘g 2t
zZ; = \/(x:tzo + 1 —a€e, e~N(0,I)
- Denoising 20| M= Z} timestep tH[M z, — z,_; 22| 'L O|= €4(z,,t, 0)= O 5
-2 Z 22 7| HEf 2.~V (0, DN z, 2 BEHE L2 = denoisinge = AZ

- DenoisingEl z,= VAE decoder D(-)E AHE5}0] image spaceE CHA| C| 2 E &

=

Ot

_—

Vo D\ 4 Latent Space B 6onditionina
a I— Diffusion Process ——————»
Denoising U-Net €g \zr SMPL

+
Pixel Space) |

Skeleton
—— n—— — TH | I

SOGANGUNIVERSITY denoising step crossattention  switch  skip connection concat ~——




YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.
1) Goel, S., Pavlakos, G., Rajasegaran, J., Kanazawa, A., Malik, J.: Humans in 4d: Reconstructing and tracking humans with transformers. arXiv preprint arXiv:2305.20091 (2023)
2) Yang, Z., Zeng, A., Yuan, C., Li, Y.: Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision (2023)

Method

« Multi-layer motion condition — SMPL to guidance condition

» Reference human image I, 2t motion video sequence frame 'V RIE 2= IO 7| &
framework ! 4D-HumansDE AF&3t0] 3D human parametric SMPL model H,.r 2t HEN S 2 &

- SMPL mesh& T EH 2510 2D depth map, normal map, semantic map= &=

o

- DWPose? & O|-&5H normal map2 =5 E{ skeleton= &=

Reference Image
ReferenceNet

Parametric Shape
Alignment

Decoder

F| Fl
Semantiz | Skeleto; ) Iteralnely Denoising
Fase Sequence - Noise /:F D Spatial-Anentionlj Cross-Attention D Temporal-Attention
N AW THED I VDS \
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Method

« Multi-layer motion condition — Parametric shape alignment

- Parametric human SMPL modelS A5} reference image2| AFEHF motion sequence AFO|Of| A
shapel} poseg =5+ HESH| 7=

- Reference image I, Ol | &&= SMPL model H,.. 2 N-frame motion video 1N 2| SMPL sequence
HLNZ} Z=0| K| H Hrefol shape Brer S Him" 2| pose sequence 67N 0| St=

- 0] 1’3-= &9l source video2| human shape”} reference image2| human shape2t = & sl &

Reference Image

T I——

Parametrlc Shape r—--——-—-"“——————» [om=———— omemaes e |

Alignment | N P! “tx |
! . o [ ey

| i S 1 :i

S | | ' I i
g : : { i by )0 |

Parametric Shape
Alignment

“F, %F

Semanuc | Skeleton ! Iteratively Denoising

Pose Sequence [:I Spatial-Attention Cross-Attention i Temporal-Attention
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Method

« Multi-layer motion guidance — Multi-Layer Motion Fusion (MLMF)

- Shape alignment & depth map, normal map, semantic map= & H 215} 10 skeletonS F7t2 M&&

- 2t ZF 2| guidanceDtC} convolutional layerES &9l featureS =09} self-attention 2 =2

A8} Of kst SX2 Thokelo] fusiong +3et

- StLEO| Z|F guidance feature 7t 2 &| O denoising U-Net2| condition2 £ A&

Reference Image

ij %F
Semanuc I Skeleton )

e ReferenceNet
5
2
2 —
A | | WM
=
Parametric Shape =
Allgnment d o
/ 8 % £ .
e g = =
\ =) B
&) =
i e w— 2 |- 3
\ | =
s | =
l 1 =
| ! B
|
|
\

Pose Sequence

D Spatial-/\nentionD Cross-Attention ‘ Temporal-Attention
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Method

« ReferenceNet X! W ERF 7=
- ReferenceNet=2 Soff 442 H|C| 22| 7HE| 51 Qf H = reference image2t L 2HE| Al Xt

- ReferenceNet2 denoising U-Netd} & 2ok =

-VAES2} CLIP QIR HE E3| 9213 Y &l reference image embedding=2 YH2 = FFOFM M El H|C|20] A
dHEANAGH EEHE Oxlé’.;.F

- AFHA P2 H|IC|RE Q&) AlZH =2 29| temporal attention 2ES =7}

-

—_

Reference Image

e ReferenceNet
\//

Parametric Shape
Allgnment

"x ’XF

Normal

| ——>

Decoder

|
F 5FI . -
Semantic | Skeleton | : Iteratively Denoising
Boseiequence Noise /:F I:I Spatial-At‘(emionD Cross-Attention D Temporal-Attention

R B THSED IVES \

SOGANG UNIVERSITY 18



YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Method

« Two-stage training — 1%t stage

- W CHA[O| A = O|0[X| 2t g2 2 stig= TIASHA motion module= K| 2/ =

- VAE encoder2}t decoder, CLIP image encoder@| 7+& X[ & 1%t
- Guidance encoder, denoising U-Net, ReferenceNet2 2+5 & YO|0|EE

‘ Parametric Shape ‘

Alignment

T e Diffuser -
et —

h|U 3

Breee oot

Iteratively Denoising

A
\\
\
\
\
|
|
//
|

/ Decoderg

Pose Sequence

I:I Spatial-At‘(emionD Cross-Attention D Temporal-Attention
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220

Method

« Two-stage training — 1%t stage

- A HR] THA M = O[O0 X|BH2 C A o 2 ste2 RIS motion module2 X[ 2|2
- Human videoO| A B O 2 = 2j ]2 M EISIO

reference image2 AFE9t1, & videoO| M & CHE
O|O|X| £ target image 2 X EH &}
- Target imageO| A =&t multi-layer guidance £ Guidance network0f] 2 2s0f 1 E X0

9| animation image&
S5t E 28

Reference Image

\\\ ReferenceNet /,/ﬁ

R

Alignment

‘ Parametric Shape ‘

\M \m AI\E.% 4
\
\
|
/
|
|

|

[ 3
( [ 3

|
Decoder\
[

Iteratively Denoising

Pose Sequence

D Spatial-AnentionD Cross-Attention [—‘ Temporal-Attention
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.
1) GUO, Yuwei, et al. Animatediff: Animate your personalized text-to-image diffusion models without specific tuning. arXiv preprint arXiv:2307.04725, 2023.

Method

« Two-stage training — 2" stage
- & HR] TEA O = motion modules = ®I5H0 REHO| A|ZHAE St dunt RAEE H2ie
- Motion module(Temporal-Attention)2 = & St AnimateDiffd2| 7| ZE weight2 X 7|3tgt
- 24 frame2 2 71’4 &l video segmentS Y= H|O|HZ A%

- X HF CHA 0| M &&=l Guidance encoder, denoising U-Net, ReferenceNet= 1174 &t

Reference Image

/
\\Fncodel A)
J
:}
S

Parametric Shape
Alignment

\TW
|
| /‘
;

\

-
El
l
l

- D)
—=
|
Decoder\\

>

\ MLMF
{

<F, %F

Semantlc | Skeleton | Iteratively Denoising

Pose Sequence
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.
1) Xu, Z., Zhang, J., Liew, J.H., Yan, H., Liu, J.W., Zhang, C., Feng, J., Shou, M.Z.: Magicanimate: Temporally consistent human image animation using diffu sion model. arXiv preprint arXiv:2311.16498 (2023)

Experimental Results

« Dataset
- 9} 5,000/ 2| 112t E human videoE 22210 M =%, & 1008t frame O|&f & =g
- Bilibili: 2,5407} video
- Kuaishou: 9207 video
- Tiktok & Youtube: 1,4387H video
- Xiaohongshu: 43071 video

Chorst G, oI, MEol 012

Cret 2l 3 22| BE0AM &Y

_ = =
& 2EES BT HAME2 EoS Eot0] Chet ol 4t s A AS

Q0

ook ok

—_

AT L1
1z 0

- Test set2 2= Image Animation =O0F2| 7| = HIX|Ot3F LX|A|Z|7] 2|3}
MagicAnimateDO| A A8 El 5 2B test setE TikTok H7H0]| AE2t
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Experimental Results

* Qualitative Results

Source Motion
3;

Iy

J

A szuta
S
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Experimental Results

 Qualitative Results

Source Motion
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Experimental Results

 Qualitative Results

Reference Disco Animate Anyone MagicAnimate Ours
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Experimental Results

« Quantitative Results
- TikTok datasetO]| CHSH A 7| & RS0 H|Sh O 2 ds= E2

~LPIPS (Learned Perceptual Image Patch Similarity): O| 0| X| T X| £
st F7t layer0| A = feature vector 42| SAME S ST

~FID-VID (Frechet Inception Distance for Videos): ‘-3 =l video2t & X| video2| Inception
networkOf| Al =% & feature vector2| Wt} S 24 A E S H| w50 Frechet H2|E A4t

-FVD (Frechet Video Distance): Video2| Z=2{| 2l= £ O|O0|X| 2 FZ5FX] 11, X video
sequence?2| feature vectorE =5t 0{ Frechet H2|E A At

Method L1] PSNR T SSIM § LPIPS JJFID-VID | FVD |

MRAA 321E-04 29.39 0.672 0296 | 54.47 284.82

DisCo 3.78E-04 29.03 0.668 0.292 59.90 292.80
MagicAnimate | 3.13E-04 29.16 0.714 0.239 | 21.75  179.07

Animate Anyone - 29.56 0.718 0.285 - 171.9

Ours 3.02E-04 29.84 0.773 0.235 | 26.14  170.20

Ours* 2.94E-04 29.91 0.802 0.234 | 21.07 160.82

(*): TikTok datasetOl CHSH A 2t fine-tuning= Tl ot 2 &

R A%l 3_!.._.1 VDS
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YANG, Zhendong, et al. Effective whole-body pose estimation with two-stages distillation. In: Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023. p. 4210-4220.

Experimental Results

» Quantitative Results

o

~w/0. SMPL: 2 %! skeleton map'ﬂ AHESHE S )
~w/o. geo.: geometric informationOf| Sl &St= depth mapZt normal map= X 2|5t K=
-w/o. skl.: SMPLOJ| M K|S =l depth map, normal map, semantic map2F AF2 oA 2

- SMPL-driven guidance (depth, normal, semantic map) 2} skeleton map= 25 )
ArESIRE I 71 £2 ds5 ¢

Method L1] PSNR }SSIM T LPIPS ||FID-VID | FVD |
Ours (w/o. SMPL)|4.83E-04 28.57 0.672  0.296 30.06  192.34
Ours (w/o. geo.) |4.06E-04 28.78 0.714  0.276 29.75  189.07
Ours (w/o. skl.) |3.76E-04 29.05 0.724 0.264 34.12  184.24
Ours 3.02E-04 29.84 0.773 0.235 26.14  170.20
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3D cinemagraphy from a single image
CVPR 2023
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LI, Xingyi, et al. “3d cinemagraphy from a single image.” In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

Abstract

« 0t O|O|X| 282 E 3D cinemagraphyE 4 8st= ME2 7|=2 | ¢
- 3D cinemagraphy 2f, ‘SX| =l O|O|X| 28 H A|ZA 0l ZHIX
ESHSH= 3D &4t video S MAHSHE 7|2 ¢
- 2D O|O|X| 2} 3D AFZI £ H B Z The=d| ZTStH, S50t artifact2F L2 Sl
animationO| 244 &t
- O|E 8| Z235}7| I8l sceneS 3D B3 7HU A E S ST animation3} 5t

r|r
=
HU
Mo
0%
IE
ujo
=
rQ
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LI, Xingyi, et al. “3d cinemagraphy from a single image.” In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

Introduction

« Cinemagraphy &7 9| Hi 4

OFEE 7tH2te] E5 o = 221010 B2 AtEIo| 2 EE
- YouTube®t TikTok €2 HIC|2 57 =2 Q7|7 &5
- AFEFE 2 HA QI O|0|X| 2L} S S 2 5HA &
- XH¢tot 2XH

- Cinemagraphs= ‘S8 QI 702t E 7|2t = 17| | Z0] 3D &&= MSokK| &

[ot

. 7| = HHRH S Ch2E| 2SS visual artifactl 2 2HA 91 = animationO| EF A St

rf
o)
o |
=
Ral
HU
I
m
rot
[Ika
oy
$0

= scene animationdt 7t 2f &% )& E St 3D cinemagraphy
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Introduction

- Scene &

LI, Xingyi, et al. “3d cinemagraphy from a single image.” In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

- Feature-based Layered Depth Images (LDIs)E scene E 242t

- LDIsE feature point cloudZ HE

= Scene animation

- 2D motionS 3D scene flow= HEHSFA animationstet

- Depth 4t 0| &2 S5l 2D motion= 3DE

- Hole 24| s &4

=1

—

St pointcloudE YA = 0|58

- 3D symmetric animation 7| &2 At

- M 22 viewE 8510 holeO| M St=

R AW THEE D
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LI, Xingyi, et al. “3d cinemagraphy from a single image.” In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

Key Contributions

1. MZE2 task M| 2t

_I_

1. THY O|0|X| 22 E 3D CinemagraphsE 2 45t= MZ2 tasks A otgt

2. Image animation2Zf novel view synthesisE 3D & 7I0|A] 352 2 S| Aot= M Z 2 framework&
N [hudg=

2. 3D symmetric animation 7| = A& 7|

o

1. PointZ} T LTISIHA 2lSH= hole =X E S Z3H7| ?| 2 3D symmetric animation 7| &2

A

m\]

3. S ASt framework

F

ot

1. AR XF Y| mask®t flow hintS O] 23l Al motion estimatione EZ &S ZM H O 7=

animations o 7ts&

.
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LI, Xingyi, et al. “3d cinemagraphy from a single image.” In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023

1) JHOU, Wei-Cih; CHENG, Wen-Huang. Animating still landscape photographs through cloud motion creation. IEEE Transactions on Multimedia, 2015
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Experimental Results

» Real-world Photos

« Computer-Generated Imagery

Input Ours
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Experimental Results

« Paintings
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Experimental Results

» Quantitative Results
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