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» Visual generative model

Input
VAE: maximize variational lower bound
|||||‘|||
x|, Encoder 7 !
9o(2[x)
A
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» Video generative methods

* The field of video generation has seen rapid development, reaching several
milestones...

VAE: maximize variational lower bound GAN: Adversarial training

o Encoder Z Decoder %! , | Discriminator 2 Generator ,
g4 (2x) Po(x|2) XX D(x) G(z) 1
Flow-based models: Invertible transform of Diffusion models: Gradually add Gaussian noise
distributions and then reverse
Flow Inverse / X0 > X1 — X9 ——» — Z
X > > Z > . —» X « — — - |l - - - - ——————.  mum mmm < m e e e ]
f(x) (=)
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» Diffusion for visual generation (1)

* Denoising Diffusion Probabilistic Models (DDPMs)

Data Destructlng data by adding noise ——>‘ Noise

Data €<——— Generating samples by denommg
p(xT) = N(x71;0,I)

.................

: Score function

(Probability of perturbed data‘\

. One denoising step

,_ s . o = pglXqT) = PIXT) Hl)(;'lfxr, 129,
po(xi—1]xt) = N(x;—1; pa(xt. 1), o71) ok

Trainable network
(U-net, Denoising Autoencoder)
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» Diffusion for visual generation (2)
 Stochastic Differential Equations (Score SDEs)

Forward SDE (data — noise)
x(0) dx = f(x,t)dt + g(t)dw
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score function
dx = [f(x,t) — gz(t)&x log p; (xﬁ] dt + g(t)dw

Reverse SDE (noise — data)
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» Key Elements of visual Diffusion Models

* Pixel diffusion (original input) * Unet

* Latent space diffusion * Transformer
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» Sora, breakthrough

* Consistency: consistency in 3D rendering, long-range coherence, and
object permanence.

* High fidelity.

* Surprising length: extended video length capability (Sora: 1 minute vs.
previous systems: seconds).

* Flexible resolution: generation of videos across various durations,
aspect ratios, and resolutions.
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» Sora, key technologies

* The DIT framework by Meta (2022.12) is designed for video
processing.

e Google's MAGVIT (2022.12) focuses on Video Tokenization.

* Google DeepMind introduced NaViT (2023.07) to support various
resolutions and aspect ratios.

* OpenAl's DALL-E 3 (2023.09) enhances Video Caption generation for
improved conditioned video creation.
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» Modeling the physical world

* We know that it is very complicated real physical model.

probabilistic
e bayesian inference;

* probabilistic graphical models.

deterministic

 mathematical equations;

* physics based simulation;

control theory.
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» Modeling the physical world

* We know that it is very complicated real physical model.

probabilistic
e bayesian inference;

e probabilistic graphical models.

deterministic
* mathematical equations;
e physics based simulation;

e control theory.
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» Key elements of a physical world

e Given a Sora demo (the walking woman in the Tokyo street), the key elements of
a physical world, in the graphical way...

Appearance

Geometry

Lighting

Motion & Animation

Audio
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» Modeling the physical world

e [CVPR] Gaussian-Flow: 4D Reconstruction with Dynamic 3D Gaussian Particle

) Z/ y
k o

Espresso Chick-Chicken Split-Cookie Flame-Steak
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» Modeling the physical world

e [CVPR] Gaussian-Flow: 4D Reconstruction with Dynamic 3D Gaussian Particle

[ S = Adaptive Timestamp Scaling DDDM Dual-Domain Deformation Model ——> Radiance ~=—— Forward Backward ]
SIM Density
Control
Gaussian
() .. Rasterization
([
[ ] e o T

N =<
\ ) DDDM . Projection
3D Gaussians Deformed 3D Gaussians

Sparse Points




» It is hard to model the physical world

* In fact, the world is hard to model in a probablistic way.

* Sora resource Consumption...
— 1 billions of images;
— 1 millions of hours of video data;
— 10 trillions tokens after tokenizing images and videos

— Training with ~5,000 A100s in parallel.
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» It is hard to model the physical world

* Sora failure case in geometry and appearance.
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» It is hard to model the physical world

 Sora failure case in lighting.




» It is hard to model the physical world

* Sora failure case in motion and animation.
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» It is hard to model the physical world

* VideoMV: Consistent Multi-View Generation Based on Large Video Generative Model

* Geometric enhancement is still needed for multi-view images.

Qtagel : Finetuning Generatioy
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» It is hard to model the physical world

* VideoMV: Consistent Multi-View Generation Based on Large Video Generative Model

* From a static aspects, SVD is able to model multi-view images.
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» It is hard to model the physical world

StagdD: Spatial-Temporal Anchored Generative 4D Gaussians

* From a temporal aspects...

Video-to-4D Stage 1: Pseudo Sequences Generation Stage 2: 4D Gaussian Field Fitting
. Canonical . Deformed
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» It is hard to model the physical world

* STAGAD: Spatial-Temporal Anchored Generative 4D Gaussians

* From a temporal aspects...




» It is hard to model the physical world

* llya Sutskever: compression is generalization.

* The best lossless compression for a dataset is the best
generalization for data outside the dataset.

Minimize
difference
Probability Probability
X ——> Encoder SEEEEEENa ——> 7 ——> RUSEBUROHN DCCOUCT —> ¢ dmmmm X
network network
0,(Z| X) B(X|Z)
Latent 0
Input Recognition variables Reconstruction UepuK

2024 AI+TREHBFIES | AIRFALTE REFDERIEY £



» Apply the deterministic conditions

 Different representations of deterministic conditions in the physical world.

* Much less data and parameters!

Geometry Lighting Motion & Animation
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» Apply the deterministic conditions

* There are two ways to inject deterministic information.

Pixel Space Latent Space

deterministic #1 ..
deterministic #2

Conditioning

Images
oRepresentations
Semantic Map

Original Image
Image Encoder

Text

Generated Image

Image Decoder Reverse Diffusion - Removing noises

Text Encoder




» Image Human Animation

* Champ: Controllable and Consistent Human Image Animation with 3D Parametric Guidance

About

Champ: Controllable and Consistent
Human Image Animation with 3D
Parametric Guidance

Ve

Readme
Apache-2.0 license
Activity

Custom properties
3.3k stars

174 watching

380 forks

Report repository




» Image Human Animation

* Champ: Controllable and Consistent Human Image Animation with 3D Parametric Guidance

Reference Image

\ ReferenceNet
=

Encoder

(LI

\l\ Diffuser | — '
/'/\\

Tteratively Denoising

MLMF
Decoder

L

Semantlc \ Skeleton ‘

Pose Sequence

D Spatial—AttentionD Cross-Attention D Temporal-Attention

Parametric Shape
- :' q I
|
|
I
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m
Reference
Image
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Self-Attention
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» Image Human Animation

* Champ: Controllable and Consistent Human Image Animation with 3D Parametric Guidance

e -
” v A _Aﬂﬂ"
1 14 @ 1 'af.%
i P 2
( 1} o Method L1} PSNR 1 SSIM 1 LPIPS ||FID-VID | FVD |
. - \ 9 M-_ MRAA 3.21E-04 29.39 0.672 0.296 54.47  284.82
o . DisCo 3.78E-04 29.03 0.668 0.292 59.90 292.80
2 1 - LI MagicAnimate | 3.13E-04 29.16 0.714 0.239 21.75 179.07
¢ "‘? \ w % Animate Anyone - 29.56 0.718  0.285 - 171.9
;,i? : vl [~ ‘.,_\ b Ve | e Ours 3.02E-04 29.84 0.773 0.235 26.14 170.20
/ N : . Ours* 2.94E-04 29.91 0.802 0.234 21.07 160.82
g g& 15 i ,% Table 1: Quantitative comparisons on Tiktok dataset. * indicates that the proposed
S ‘ § a : ’s approach is fine-tuned on the Tiktok training data-set.
= £

L” S i
Reference Image
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» Image Portrait Animation

e Hallo: Hierarchical Audio-Driven Visual Synthesis for Portrait Image Animation

Portrait Animations of Different Audio Styles - e

Hallo: Hierarchical Audio-Driven Visual
Synthesis for Portrait Image Animation

Readme

MIT license
Activity

Custom properties
8.1k stars

535 watching

1.1k forks

Report repository




» Image Portrait Animation

e Hallo: Hierarchical Audio-Driven Visual Synthesis for Portrait Image Animation

Noise

VAE
\ Encoder /

\
\

ReferenceNet

Encoder /

v

z
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Xpress:
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F |
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Decoder
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» Image Portrait Animation

e Hallo: Hierarchical Audio-Driven Visual Synthesis for Portrait Image Animation

Method FID| FVD] | Sync-Ct Sync-D| | E-FID|
SadTalker [49] 22.340 203.860 7.885 7.545 9.776
Audio2Head [38] | 37.776 239.860 8.024 7.145 17.103
DreamTalk [20] | 78.147 790.660 6.376 8.364 15.696
AniPortrait [42] | 26.561 234.666 4.015 10.548 13.754
Ours 20.545 173.497 7.750 7.659 7.951
Real video - - 8.700 6.597 -

Table 1: The quantitative comparisons with the existed portrait image animation approaches on the
HTDF data-set. Our proposed method excels in generating high-quality, temporally coherent talking
head animations with superior lip synchronization performance.

Lip Face Pose | FID| FVD] SynCt SynD| E-FID|
20.581 193.062 6.499  8.691 9.133
v 20.164 184.550 5952  9.347 8.113
v v 2042 171.312 7.502  8.036 8.287
v v v 120545 173.497 7.750 @ 7.659 7.951

Table 5: Ablation study of hierarchical audio-visual (lip, face and pose) cross attention.
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» Dynamic Protein Structure Prediction

e 4D Diffusion for Dynamic Protein Structure Prediction with Reference Guided Temporal Alignment

Denoising Process of Our Diffusion Model

timestamp=0.99 timestamp=0.80 timestamp=0.60

The intermediate results at different time steps of the score-based diffusion model
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» Dynamic Protein Structure Prediction

e 4D Diffusion for Dynamic Protein Structure Prediction with Reference Guided Temporal Alignment
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» Future work

* Apply deterministic conditions to probabilistic diffusion.

e Less data and paramters!

Geometry ighti Motion & Animation

AALAArAA
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