16. Generative Models



Generative Model

What are deep generative models?

Deep generative models are a class of machine learning models that are capable
of generating new data samples that resemble a given dataset. They learn the
underlying distribution of the data and use this knowledge to create new

Instances that are similar to the original data but not identical to any specific

training exa @
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How: Self-supervised learning




How: Self-supervised learning
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Generative Models
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Diffusion Model

Step 1000 Step 999

Denoise g Denoise
Module Do R Module

Denoise Denoise
Module Module

Step 2 Step 1




Diffusion Model
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Q: Why not directly use an end-to-end model, where
the input is the image to be denoised and the output
is directly the denoised result?

A: It is possible to do so. However, most current papers still
choose to use a noise predictor because the difficulty of gener-

Noise ating an image is different from that of generating noise. If a
Predicto : denoising model can generate a noisy cat, it can almost be said
that it already knows how to draw a cat. Theretore, the diffi-
culty of generating a noisy cat is different from generating the

. noise contained within an image. Thus, directly using a noise
denoise : : : . :
predictor might be relatively simpler, whereas using an end-to-

r

end model to directly produce the denoised result is relatively

difficult.
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Diffusion Model
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Diffusion Model

i DIFFUSION EXPLAINER

Visual Explanation for Text-to-image Stable Diffusion

Seongmin Lee, Ben Hoover, Hendrik Strobelt, Zijie J. Wang, Anthony Peng,
Austin Wright, Kevin Li, Haekyu Park, Alex Yang, Polo Chau
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B ControlNet

-

Input Canny edge Default “masterpiece of fairy tale, gxuu deer, golden antlers™  “.__ quaint city Galsc™

i it

Input human pose Default “chef in kitchen” “"Lincoln statue”




Diffusion Model

Prompt ¢, Time ¢

B ControlNet ﬂm Coniton
Encoder | |Encoder l

zero convolution

" Input z, >
SO —— l ................ 1 l Prompté&Time
: . SD Encoder Block A SD Encoder Block A
. | zero convolution i { s a] x3 [ 6464 (toainable oop7) ] x3
- . : | |
X X ' ‘ : SD Encoder Block B ’ .3 |[ SDEncoderBlockB |
l l : : 32x32 32x32 (trainable copy)
: : I |
neural network neural network | : trainabl : | { SD Encoder Block SJ 3 -_[liblﬁ':;@“ Block C)J .3
: ainable co : * - ainable copy
block block (locked) PY |: 1
' i : SD Encoder 8 |x3 f SD Encoder Block D xS
: : ¢ Block D 8x8 8x8 (trainable copy)
. | zero convolution | !
¢ : ) ' SD Middle 8 - SD Middle Block
y : ‘: Block 8x8 8x8 (trainable copy)
""""""""""""""""" zero convolution
Ye ControlNet st
Block D 8x8 ¢ zero convolution | x3
|
(a) Before (b) After SD Decoder Block C J s - o
%3 ¢~ zero convolution  x3
16x16 B
|
SD Decoder Block B . Iuti <3
32x32 a p— Zero convolution
{ e Dccz;i:;‘Block = a} <3 e zero convolution x3
!

OUtPUt € (zt; tr Cy, Cf)

(a) Stable Diffusion (b) ControlNet



Diffusion Model

B ControlNet

Multiple condition (pose&depth) “boy” “astronaut”



Diffusion Model

B ControlNet

Sketch Normal map Depth map Canny| ' 'Jedge M-LSD[ ] line HED{"|edge  ADEOK[ ] seg. Human pose




Diffusion Model

B ControlNet

[nput “a high-quality and extremely detailed image”



ells tomatoes
QRS E )
BRZEHRLT

=3

=
MENT TMERR

a yellow rubber
duck

3D AIGC
Input

28



3D AIGC

* 3D generation from 3D data

GAN based: 3D-GAN, Get3D

Diffusion + Volume: Rodin, LAS-diffusion...

* Autoregression: Argus-3D, PolyGen
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3D AIGC

* 3D generation from 3D data
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3D AIGC

* 3D Generation from 2D Data
e CLIP-guided 3D optimization: PureCLIPNeRF, CLIP-mesh, Dream3D...

* Diffusion-based 3D optimization: DreamFusion, Magic3D, Fantasia3D,
ProlificDreamer...
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3D AIGC

* 3D Generation from 2D Data
e CLIP-guided 3D optimization: PureCLIPNeRF, CLIP-mesh, Dream3D...

* Diffusion-based 3D optimization: DreamFusion, Magic3D, Fantasia3D,
ProlificDreamer...
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3D AIGC

* 3D generation from hybrid data
* Progressive Generation: Text2NeRF, MVDiffusion...

* Viewpoint-conditioned Diffusion: Zero-1-2-3, MVDreamer, SyncDreamer,
Wonder3D...

 3D-enhanced 2D Diffusion: SweetDreamer
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