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Fig. 1. Synthetic images generated with ControINet [Zhang et al. 2023]
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Interest in generative models is surging in academia and industry, with
their impressive capabilities and creativity outputs. Crucially, these models
are also providing users with a growing degree of control over the gen-
eration process via texts or visuals prompts. Concretely, large-scale text-
to-image foundation models like Stable Diffusion [Rombach et al. 2021],
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SDXL [Podell et al. 2023], eDiff-I [Balaji et al. 2022], DALL-E 3 [Betker et al.
2023]; text-to-video foundation models like Imagen Video [Ho et al. 2022]
and Make-a-video [Singer et al. 2022], Sora [OpenAl 2024] have boosted the
growth of visual content editing and generation. Representatively, works
such as AnimateDiff [Guo et al. 2023], ControlNet [Zhang et al. 2023] de-
mocratized video creation with diverse user-defined conditions, and have
become practical tools for graphic designs and personalized media. There
has also been a revolution in 3D asset generation in terms of fidelity and
efficiency. Harvesting the powerful prior of 2D diffusion models, works such
as DreamFusion [Poole et al. 2022], Magic3D [Lin et al. 2023], Zero123 [Liu
et al. 2023], Wonder3D [Long et al. 2023] were enabled high-quality text-
and image-to-3D object generation, with plausible geometry and physical
properties to support their usage in gaming and simulation tasks. At the
meantime, the emergence of high-quality large-scale 3D data [Deitke et al.
2023a,b; Yu et al. 2023] also empowered direct generative model training in
3D space [Hong et al. 2023; Xu et al. 2023]. Inspired by the success of 3D
asset generation, scene-level 3D synthesis also gained increasing interest.
Work such as GeNVS [Chan et al. 2023], ReconFusion [Wu et al. 2023] also
benefit from 2D diffusion priors to achieve high-quality novel view synthesis.
Another branch of work, such as AssetField [Xiangli et al. 2023], BlockPlan-
ner [Xu et al. 2021] regard scenes as a composition of 3D assets guided by
layouts, that can be generatively modeled in a data-driven manner whilst
guarantee user controllability.

This course covers the advances in generative models over the last few
years, with a slight shift towards the controllability and creativity tasks
enabled by generative models. We will first go over the fundamental machine
learning and deep learning techniques relevant to generative models. Next,
we will showcase recent representative work in controllable image, video and
3D content generation and compositional representation learning. Finally, we
will conclude with a discussion on the future application of this technology,
societal impact and open research problems. After the course, the attendees
will learn basic knowledge about diffusion models and how such models can
be applied to different applications.

P.S. Website: https://cveu.github.io/event/sig2024.html; Twitter: https:
//twitter.com/cveu_workshop
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The Birth of Videos (&) S0aRAPH 2024

The Horse in Motion (1878) Roundhay Garden Scene (1888)

The first motion picture ever made The first film with 20 frames
Eadweard Muybridge Louis Le Prince

Video and Its Origins in Magic () e 2o

The Vanishing Lady (1897) Un Homme De Tete (1898)

- Un Homme De Tete -

Alter Time and Space through Editing The Father of Visual Effects
George Melies George Melies

Rao, Caba, etal, Oragnizing ICCV23, ECCV22, ICCV21 Creative Video Editing and Understanding Workshop



Creative Video and Its Origins in Magic ) §GarapH 202

= __‘

@kassupalen — TikTok 2020 @zachking — TikTok 2019

Rao, Caba, etal, Oragnizing ICCV23, ECCV22, ICCV21 Creative Video Editing and Understanding Workshop

Text to Video Generation: SORA 7 i

SORA: Prompt: The story of a robot’s life in a cyberpunk setting.



How Visual Content is Created?

Visual Content from Pixels (&) S0aRAPH 2024

rgb (w, h) t
appearance, width, height




Visual Content from a Camera ) samenzns

Navigating in the 3D Environment

xyzapB,yv.f)t

Position, Angle, Focal Length

Visual Content from Multi-view Editing ) SicanapH 2024
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camera index, time
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horizontal/vertical angle,focal, time




Visual Content from Professional Pipeline ) Sioarap 2024

PRE-PRODUCTION
STORYBOARD ANIMATIC
A Comprehensive workflow that combines o — - oesian
e People’s efforts (g sare; —y
* Natural language processin
giasep s PRODUCTION | |
* Computer graphics ‘ T : P
* Computer vision Y . v “‘""::Dme
° Anim ation “‘-..\‘ : \‘_: _-‘ RNt i '._‘;.- ‘ =tz )
* VFX a '
e ey . POST-PRODUCTION
* Artificial intelligence ,

COMPOSITING 2D VFX / MOTION GRAPHICS
* More..... v _ S 2\ rm

IMAGE BY ANDREW BERN, 30 ANIMATION ESSENTIRLS [2012)

How Visual Content is Created? () SoamAR

PRE-PRODUCTION

— STONY STORYBOARD e

u

e
PRODUCTION l
P LIGHTING

POST—PRODUCTlON ‘
CMPGSlT]NG 20 VFX T ““"::," GRAPHICS OLoﬂ CDEC“N FINAL OUTPUT
S E G e

IMAEE BY ANDREW BEAN, 30 ANIMATION ESSENTIALS [2012)

Professional Video Pipeline
Pixels Editing from Multi view Footage

@ More e.g., Remixing, Augmenting, Editing ....
10
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Introduction to Generative Models

A gen d 3 =) SIGGRAPH 2024
&) carvvees 20 sun 2 w0

* Introduction to Diffusion
* Conditional generation and guidance
* Implementation Architectures



To make a beautiful synthetic image... ) SGerapHz04

A cute corgi sitting on a beach sipping on a glass of
lemonade. 4K, photorealistic.

Generative Al Applications (@) SacnaP 2024

Avrt % DesSigh content Generation

Entertainment
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- The Landscape of Generative Al
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How do we generate new data? ) SIGGRAPH 2024
&
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How do we generate new data? (@) FecrAPH 2024

@ o@. ca?-l;u\re,\ﬁlish frowm the river
V&Y o ot oF

How do we generate new data? (@) FecrAPH 2024

Step 2:

Tvain 3 neuvdl netwovrk
to learn the {ish
distribution by analyzing
the captuved $ish!




How do we generate new data? (@) BsnarH 2024

Step 3:

e USe the trained neural network
to generate new fish.

e Ensuve the 3evxeva-l;ec\ £ish 1S
qood: have chavacteristics
learned Svow the dataset.

Are we modeling the actual distribution? ) sieeraeH 2024



Models ) SIGGRAPH 2024

~

GAN: Adversarial N Discriminator Generator -
training D(x) G(z)

VAE: maximize - N Encoder | z Decoder <
variational lower bound g¢(z|x) L po(x|2)
Flow-based models: x| Flow —,Ei - In:*:!rse _ i
Invertible transform of f(x) f(2)

distributions
Diffusion models:

- X11 X - =
Gradually add Gaussian b Pns < Pommm——LEL e ]
noise and then reverse

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
11

Diffusion Models:
A Generative Al Big Bang




Diffusion models (@) SecrAP 2024

* Main idea: iteratively convert a base distribution to the target
distribution via Markov chain

Denoising Diffusion Probabilistic Models

Jomsthan Ho Ajay Jain Pieter Al
UC Berbeley UC Berkekey UC Berke
sty e Lécs, ba

Abst
" 5 !
acl
bo
)
Dezp genen s of all kinds have recersly exhibited bigh quality ssmplos in & wide varisty

'EE e
Rt - g v P ]

base EiFeee
Distribution Egéiﬁégg
Basics of diffusion models (@) SecrAP 2024
Fovward Revevrse Tvaining
Diffusion Diffusion %

Process Process Sam?ling
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Refresh on distributions (@) SacnaP 2024

Gaussian Distribution

Defined b\j:
e Meawn
e Std. deviation
=\/ vaviance
Gaussian noise (@) SacnaP 2024

or’\givxa\ Gaussian Noised

lmage NoO1Se lwxage

16



Forward diffusion process (@) SacnaP 2024

Oviginal Gaussian
\W\age At each NoO1Se
timestep ;
Forward diffusion process (@) SacnaP 2024

wegawn

/N\(xt,\/l :Bt. Bi1)
N4

variance Schedule

18



Apply forward process one by one? (@) FecrAPH 2024
%=
Too wwuch to ,

Stove n wy

wmewovy!

] ~

v s @L;g L1
T

N=>
q(x1.71%0) = HQ(xt|xt—1)
t=1
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Reparameterization trick

Forwavd prvocess  q(x¢|xi—1) = N (%4541 — Bexi—1, BeD)
’Rewritihg Def. X =+/1 = Bexe_q + \/Ee, e~N(0,D)
t

Define vaviables ar=1—-p; ay = 1_[ a;

i=1
&G3aussian Reca We can merge gaussians 2 2 ) 5
P with different variances. N(O’ 01 I)’ N(O’ 02 I) 2 N(O' (01 + 03 )I)

Plug v Xt = v/ QX1 + MGt_l
C\e-\:'\V\'\t'\OV\S! — Q¥ 1X¢—2 + \/]. e atat_lét_Q

= \/@_txo + 4/ ) — aye
Q(xt‘xo) — N(xt; \/(_)-'_tX[]; (1 - &t)I) 20




Reverse diffusion process (@) SacnaP 2024
Sorwavd q(x|x;_q)

-

&« TN

—eeey|
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\ ) Denoised
compute q(x,_1[x;)? S

lw\age
learn Po(xe_qlx) V1 21
Training diffusion models (@) SacnaP 2024

Algorithm 1 Training

I: repeat
Model: € (\/ oaxg+v1—a e) 2: xo ~ q(xo)
’ o t 3: t~ Uniform({1,...,7T})
Loss: MSE[ - (1/‘ s T i B )} 4: e~N(0,'I)
088 £ e HE 5: Take gradient descent step on

Vg ”‘E — eo(Vauxo + V1 — ae, t.)||2

until converged

=4

Loss calculation DDPM Tvaining Loo?

22



Sampling diffusion models

=) SIGGRAPH 2024
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Algorithm 2 Sampling

l: xr ~N(0,I)

25 fort=1T:...:14d0

3: z~N(0,I)ift>1,elsez=0

4y Xgoa= f:r_: Xy — %eg(x,,t)) + 0z
5: end for

6: return xg

DDPM Sawpling Loo?

Basics of diffusion models

Forwavd
Disfusion
Pvocess

Reverse
DitSusion
Pvocess
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TY&TV\'\V\3
%
Sampling
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Pixels are expensive! (&) Sanar 2024

Need +o0 Stove 3 lot of§ datal

H'\gh aua\it\j \wmadge

25

Latent diffusion (&) Sanar 2024

Latent Space

Pixel Space

26
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Conditional generation and guidance

27

So far, we’ve seen noise to image (@) SKaanarH 2024

No1Se conditions

28



Score function

NoO1Se

p(x) = Vylogp(x)

29

Conditional diffusion models (@) SKaanarH 2024

“A corgi on
a beach”

No1iSe condition

p(x|y) = Vylogp(x|y) = Vidogp(ylx) + V, log p(x)

condi-l;iovﬁhg terwm uncownditional

scove Sunction,,



Classifier guidance (&) Sanar 2024

Let's g0 3 Vb
(
wiove wn tha'b Wa\,'

(¢

DiSSusion Model classifier

31

Classifier guidance (&) Sanar 2024
Guidance Strength

Vilogp(xly) = wV,logp(ylx) + V. logp(x)

Diffusion Models Beat GANs on Image Synthesis

32
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Classifier-Free Guidance (CFG) ?

covxd‘.tiom\ng Dropout:

lo to 20 percentdge of the

time the comditiovﬁhs
wmiormation 1S removed. /

33
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How do we feed conditioning signals?

>V
111
111 EH cross-

» K >

[TTTT] attention
01173 oo ITT1T1T1]
o—— Q —om + OO \ayevs!
117 0117 - [IT113
Attention
scores

Figure from https://vaclavkosar.com/ml/cross-attention-in-transformer-architecture
34
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Implementation Architectures

U-Net Architecture

input
x | output
image |w-|e- - isegme tion

tile | : j map

i f
|

“I"I ! H‘I = conv 3x3, RelU
1
b

; ; . [} copy and crop
- e o e e # max pool 2x2
4 i 4 up-conv 2x2
= Conv 1x1

U-Net 3architecture

Ronneberger et al., “U-Net: Convolutional Networks for Biomedical Image Segmentation”,

35
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i ~\f Latent Space " (Conditioning
E M __ Diffusion Process | emanti
{ a; l

ﬁ”T

== z I Denoising U-Net €y Text
Repres |
—|| |entatlons
[2)47]
Pixel Space

bd . R

denoising step crossattention  switch  skip connection concat “~——

U-Ne+t based
di§fusion architecture

MICCAI 2015

Rombach et al., "High-Resolution Image Synthesis with Latent Diffusion Models", CVPR 2022 16




U-Net Architecture (@) SKaanarH 2024

DIFFUSION
MODELS

Imagen, Stable DifSusion

Saharia et al. “Photorealistic text-to-image diffusion models with deep language understanding”, NeurlPS 2022
Rombach et al., "High-Resolution Image Synthesis with Latent Diffusion Models", CVPR 2022
Balaji et al.,” ediffi: Text-to-image diffusion models with an ensemble of expert denoisers”, arXiv 2022

37

Transformer Architecture (@) SKaanarH 2024

Predicted noise

@:Add
@ : Concatenate + Linear

. Transformer Block
+

Vision Transformer (ViT) Transformer Encoder

Rearrange to 3=H=W

[ Transformer Block ]

Transformer Encoder ‘

M@Iﬁ@é@&@ﬁé@é@&mﬁ ——

nm. s I'\-d:l jan .
TR ( T Block ] Embeddin;
[ ass] exibodding [ le,.n' Pm,cnmn uf FI.m:m.r.! Pal:ln.\

- ﬁ | [ Transformer Block J Long sklp
Hi II Hi HHE *

Patches

Ehflﬂfsthdﬂthfﬁ ¢ mm
nfﬁ. ﬁ%"@—:ﬁs

_________________ All as words

Vision transSormer. Transforwmeyr based dif§usion wodel

Dosovitskiy et al., “An image is worth 16x16 words: Transformers for image recognition at scale”, ICLR 2021
Bao et al., "All are Worth Words: a ViT Backbone for Score-based Diffusion Models", arXiv 2022
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Transformer Architecture (@) SacnaP 2024

Scalable Di§$usion Models owne Transformer Fits All Simple diffusion:
with TransSormwers Distributions in Multi-Modal End-to-end di§fusion Sor
Diffusion at Scale high resolution images

Peebles and Xie, "Scalable Diffusion Models with Transformers", arXiv 2022
Bao et al., "One Transformer Fits All Distributions in Multi-Modal Diffusion at Scale", arXiv 2023
Hoogeboom et al., "simple diffusion: End-to-end diffusion for high resolution images", arXiv 2023

39

Summary (@) SacnaP 2024

e ®3sics of diffusion wodels

* Forward & reverse diffusion process
* Sampling and training
* Latent diffusion

e conditional genevation

* Classifier guidance

* Classifier-free guidance (CFG)

* Adding condition using cross-attention
e implementation avchitectuves

* U-net

* Vision Transformers

Genevated with DALL-E

40



Start from Text-to-Image Large Models ) Sigarapn 202

Start from Text-to-Video Large Models ) Sigarapn 202

TEXT-TO-

& Opena ST A BLE ' VIDEO
DIFF USIONQ , Dl

£, .
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Generating High-quality Images ... () SoamAR

But visual creation is more than just

=) SIGGRAPH 2024

generating beautiful images ... W o st

‘ A, ol el Animation
o Ceshaip




More Control Other Than Texts? (&) SoanArn 204

nighttime rain stanford

memorial church and nighttime rain stanford

main quad with palm memorial church and
stanford memorial stanford memorial trees, night market main quad with palm
church with neon church and main quad food stalls and neon trees, night market food
signage in the style of with palm trees in the signs in the style of stalls and neon signs
bladerunner style of bladerunner bladerunner like downtown tokyo

Iteration 1 Iteration 3 Iteration 8 Iteration 17

More Control Other Than Texts? (&) SoanArn 204
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nighttime rain stanford s st ]
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trees, night market ;
japadog food stalls and 3:;:
neon signs, neo tokyo e
bladerunner style film R
still illustration ke
omEm
Iteration 21 .
il Lid i |
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https://magrawala.substack.com/p/unpredictable-black-boxes-are-terrible



Text Control is Limited in Creation g AP s
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Iteration 1 Iteration 5

Iteration 17

Text does not match user’s mental representation,
which leads to lots of trial-and-error!

7
https://magrawala.substack.com/p/unpredictable-black-boxes-are-terrible

ControlNet >\ SIGGRAPH 2024
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Prompt ¢, Time ¢

Text | | Time | Condition ¢;

Encodl:r_ Encoder |
Input (Canny Edge) Default Autamatic Prompt User Prompt zero convolution
Input z, 4
Prompt&Time
SD Encoder Block A & SD Encoder Block A
i [T 6464 (trainable copy)
L SD Encoder Block B _ | SD Encoder Block B |
3232 32x32 (trainable copy) |
SD Encoder Block C | _ . SD Encoder Block C |
= = 5 1616 o 1616 (trainable copy) |
a man with beard sitting with two children ‘mother and twe boys in & room, masterpiece, artwork . T g
SD Encoder | SD Encoder Block D| _
Block D8x8 318 (trsionble copy))
SD Middle . | . {'SD Middle Block
Block 8=8 8+8 (trainable copy) |
zero convolution
SD Decoder 3 :
Block D 8x8 ™ | « zero convolution | =3

SD Decoder Block C

i srvocs: 1t contary & - w3 zero convolution =3
inside a gorgeous 19th century church 16%16 i

ASTROMAT -
SD Decoder Block B zero convolution 3
2=32 t : i

SU Decodes Block A =3« zero convolution =3
64x64 = 2

Qutput € (z, 1, &, )

(a) Stable Diffusion (b) ControlNet



Architecture of ControlNet ?

Prompt ¢, Timet
" Text " Time |
| Encoder | | Encoder

Input z,

SD Encoder Block A I
|

664

SD Encoder Block B
‘52-_:32

("SD Encoder Block C
léflb o

SD Middle
Block 8x8
SD Decoder .
Block D 8x8
SD Decoder Block C
"'f 16 o

5D Decoder Block B
J2x32

| [ SD Decoder Block A
[ 6x64

I Condition ¢;

zero convolution

Perl&‘I‘imc

SD Encoder Block A
6464 (trainable copy)

SD Encoder Block B | _,
_32=32 (trainable copy) |

w

o
{ SD Encoder Block C |

g 16216 (trainable copy)|

§<8 (trainable copy)| T

~{'SD Middle Block |
1823 (inable copy)
— zero convolution

8

zero convolution | »3

zero convolution «3

-

R

3 zero convolution 3

o

zero convolution

4 ]

Qutput € (z, t, ¢, &)

(a) Stable Diffusion

Architecture of ControlNet ?

Prompt ¢, Timet
[ Text " Time |
| Encoder | | Encoder

Input z,

SD Encoder Block A I

(b) ControlNet

Condition ¢;

zero cor;volution
P e . — — L
_I SD Encoder Block A | " I

64%64 ’ __ 64%64 (trainable copy)
SD Encoder Block B _| . I SD Encoder Block B | _,
32x32 o _32=32 (trainable copy) | I
[ SD Encoder Block C | _, I ~ SD Encoder Block € | I
16%16 o 16=16 (trainable copy))
| [ SDEncoder ) . I ne lock D), l
e R IR I
SD Middle ~ 1 SD Middle Block |
Block §x8 = I |8+8 (trainable copy) | I
= F— I |
SD Decoder . | 4 :
Block D 8=8 ee IS zero convolution | =3
$D Decoder Block C . s
16+16 al* 3¢ zero convolution «3
5D Decoder Block B g ey y
4282 8| =3+ zero convolution 3
L SD Decoder Block A 3 zero convolution ‘3
| Bl =se ; #
1 64=64
Qutput € (z, t, ¢, &)

(a) Stable Diffusion

(b) ControlNet

* Using external model to process control
signals.

* Re-using pretrained weights as the
backbone of control model.

) SIGGRAPH 2024
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Architecture of ControlNet (&) SoanArn 204

Prompt ¢, Timet

Text Time Condition ¢;
__Enmd:r_ Encoder |
I T zero convolution

Input z,
Prompt&Time
5D Encoder Block A e 5D Encoder Block A
64%64 o 6464 (trainable copy)
SD Encoder Block B SD Encoder Block B |
32x32 g =3 32x32 (trainable copy) | G
(7D Encoder Block C | [ SDEncoder Block C | . e .
16%16 o 1616 (trainable N M 1
SEEN * Connecting with zero-initialized layers to
| SDEncoder s 15D Encoder Block D ‘3
Block D 8x8 8=8 (trainable copy)) M a3t .
— | E— reduce initial noise.
SD Middle - SD Middle Block

I gl : d
Block 8<8 i ) w— | —
| = — zero convolution
SD Decoder
BlockDgxg @'

- zero convolution =3

SD Decoder Block C

zero convolution «3
16=16 B £ o

42x32 o zero convolution 3

[ 8D Decoder Block A
6x64

5D Decoder Block B a8 I
|

Qutput € (z, t, ¢, &)

(a) Stable Diffusion (b) ControlNet

External model to process control signals ) $GeRapH 2024

* Compossible control (multiple
conditions)

Training
external control
model

Finetuning
diffusion model
weights

V.S.

e Minimal influence to the base
model (the base model can be
changed)

* Reduced overfitting risk (training
with small dataset becomes easier)

12
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External model to process control signals () SiagRarH 2024

i * Compossible control (multiple
raining .
V.S. external control cond IthﬂS)

Finetuning
diffusion model
weights

13

Multiple condition (poseddepth) “boy” “astronaut”

=) SIGGRAPH 2024

External model to process control signals ) SiagRarH 2024

Training
external control
model

Finetuning
diffusion model
weights

V.S.

e Minimal influence to the base
model (the base model can be
changed)

Protogen 3.4

14



External model to process control signals ) $iGarapn 2o

* Reduce overfitting (training with
small dataset becomes easier)

withont ControlNet S + ControlNet
(using Stability's “official” method to add
the channels to input layer, same as their
depth-to-image structure) 15

Reusing pretrained backbone 7 i

Some insights from some previous works ...
In the paper “Sketch-Guided Text-to-Image Diffusion Models”
(from 2022 November), Voynov et.al. discussed that one of the

major challenge of “sketches” guided diffusion is the difficult
alignment of complex scenes with mixed and
ambiguous semantics.

This motivates us to find a
stronger backbone to solve

the semantic alignment and
Figure 14. Failure cases. The guality of the results may drop understanding prObIem eee

for different initialization, and on complex scenes with mixed and
ambiguous semantics,

By the way, this is the
result from ControlNet 1.1.




Reusing pretrained backbone

The ability to “guess” contexts without accurate prompts ...

Prompt ¢; Time ¢

T{‘.KI e Time 5
Encoder | | Encoder

Input =,
Prompt&Time
SD Encoder Block A , | SDEncoderBlockA |,
= 64u64 (trainable copy) | *

SD Encoder Block B _|
32:32 o
5D Encoder Block € |
1616 o
SO Encoder |
Block D ass @™
SD Middle | |
Block #=8
SD Decoder . |y
Block D 8«8 & |~
5D Decoder Block C

[PETI D

[ 8D Decoder Block B

=32 g

a
SD Decoder Block A -
oAb o
Output ey (=, L 6. )

(a) Stable Diffusion

Using zero-initialized layers

(" SD Encoder Block B |,
32+32 {trainable copy)

16216 {trainable copy)| " |

SIGGRAPH 2024

DENVER+ 28 JUL — 1 AUG

A

=

Condition ¢

zero convolulion

5D Encoder Block € |

5D Encoder Block I
Be8 (truinable copy).

S0 Middle Block

zero convolation =

{b) ContralNet

17

SIGGRAPH 2024
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A

The ability to “guess” contexts without accurate prompts ...

AR s g

zero convolution | ==

Zero-initialized connection layers

x S

l H
neural network it on
block (locked) Py |

e Reduce initial harmful noise

* Protect the trainable copy

T
zero convolution | 4

%D
Ko

ControlNet

y. = F(z;0) + Z(F(z + 2(¢;02);0.); On),

In the first training step, Yc = Y.

18



Insufficient prompt
(w/o mentioning “house”)

No prompt

(a) condlition
2€ro conv
input — & &
: =
origin co ] L
| origin || copy
,| H ZCro conv I
ICP ‘- -'.. ! :

output

“high-quality and detailed masterpiece”

Perfect prompt
“a house, high-quality,
extremely detailed, 4K, HQ”

Conflicting prompt
“delicious cake”

- r

= origin 9]' .
I l conv
l output  (w/o zero conv)

(c) -
I . condition

inpul |

I origin ] conv
I output (initialize lightweight S- g ik | -

layers from scratch) |
N NN N NN N SN BN S BN BN S BN BN BN BN N B B S B N S .

All experiments are conducted with Stable Diffusion 1.5

Comparisons

Input (sketch)

B

Ours (default)

PITI

Input (seg.)

“golden retriever”

Input (sketch)

Input (canny)

SIGGRAPH 2024
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@

Sketch-Guided

“white helmet

on table”

Taming Tran.  Ours (default)

20



Unleash Human Creativity () SoamAR

Redit
©

hitpsziwww.reddit.com » StableDiffusion » comments 2

SDBattle: Week 5 - ControlNet Cross Walk Challenge! Use ...
Mar 20, 2023 — Welcome back to the weekly Stable Diffusion Battle Challenge! Excited to see
what you all make! Join us for more battles over at /SDBattles. If ...

@ Reddit

https-iwww. reddit.com » StahleDiffusion » comments &
SDBattle: Week 3 - ControlNet Fibonacci Challenge! Use ...
Mar 6, 2023 — | think I'l pass this battle and just see the results and if they disproof my
statement. If | would go into photoshop and add some gradients or ...

e Reddit
hittpsztiwww.reddit.eom » StableDiffusion » comments  #

SDBattle: Week 8 - ContrclNet The Thinker Challenge! Use ...

Apr 11, 2023 — In this week's SD Battle | hand made a pose based on The Thinker statue since
ControlNet was having a hard time generating one.

@ Reddit
httpsziwww.reddit.com » StableDiffusion » comments  #

SDBattle: Week 6 - ControlNet Dog Paw Challenge! Use ...

Mar 27, 2023 — Join us for more thrilling battles over at ’SDBattlas, where the action never
stops and the stakes are always high! Don't miss this chance to ...

Results Conditioned on the Canny Map from Input
21

Input

Unleash Human Creativity () SoamAR
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Controllable Generation in General

(a) Personalization
Person Style

Subject Interaction

g

“Suizy Parker
photogrophed by
Gearges Dambier for
N ELLE Bfashion, with &
pmkd{ess and red

&

Distribution Edge Pose Mask

3 SIGGRAPH 2024

DENVER+ 28 JUL — 1 AUG

(b) Spatial Control

Depth

(d) Paragraph-to-Tmage Generation

A close-up picture of people and scenery. The subject is a middle-aged man, A
man in gray clothing is standing on a rock by the sea. He is wearing a black fat.
The man has his hands inserted into the pockets of the gray clothing. The
background is the vast ocean and sky, with a few white clouds in the sky,

Mix Sound of Car
Tarm and Dag Rarking

Cao, Pu, et al. "Controllable generation with text-to-image diffusion models: A survey." arXiv preprint arXiv:2403.04279 (2024).

Take Away

* Text control is limited

* Better control leads to higher quality

Subject
o ol

Image

(g) Text Rendering

Newspaper with The raccoon
the  headline curiously
“Aliens Fonered examined ihe
in Space" sireet sign that
and  "Monster 1
Anacks Mars"™, _mad:

“hivethanol*

27
3 DENVER+ 28 JUL — 1 AUG
Depth

Distribution Edge Pose Mask

28
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Extend Image Diffusion Models for Videos \%’ SIGGEAEIL a0

1. Data Format

image
video

2. Dataset availability Latent Space | (€onditionin
' Diffusion Process “‘| ﬁ\l
LAION (image, 5B) vs. WebVid (video, 10M) ST -5 LﬂETm

Expensive Pre-training;
Laion-5B; over 2k A100s

ixel Space, e = g |
lixel Space)| | ® |
bd ; L
denoiéing step crossattention  switch  skip connection concat =
Extend Image Diffusion Models for Videos \%’ SIGGRAPH 2024

Goal: leveraging powerful T2l prior knowledge
Reasons:

(1) better initialization than from scratch

(2) dataset scale (5B vs. 10M)

[] image layers

' temporal layers

0o I

€pred




Extend Image Diffusion Models for Videos

1. Repeat the image generator along the time axis (e.g., 16/24 frames)

Extend Image Diffusion Models for Videos

1. Repeat the image generator along the time axis (e.g., 16/24 frames)
2. Enable cross-frame information exchange

DENVER+ 28 JUL — 1 AUG

=) SIGGRAPH 2024
<

[[] image layers

' temporal layers

€pred

=) SIGGRAPH 2024
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[] image layers

' temporal layers

€pred



AnimateDiff:
Animate Your Personalized Text-to-Image Diffusion Model without Specific Tuning

AnimateDiff: Repurpose image diffusion model for video generation

Image Generation Foundation Models, e.g., Model Personalization Methods, e.g.,

— e
Latent Space st Fine-Tuning tupat Inference
Diffusion Process Ly

DreamBooth (CVPR’23)

Denaising L-Net 3 ar

el [e]l[fe] [@]\

I' Ky KVl Ky KV
i I —1 |

I

demngmp crossattention switch Skip connection concal ~——

Latent Diffusion (CVPR’22)

High-quality Personalized Models on HuggingFace and CivitAl

3D Cartoon Style Anime Style Disney Style Realistic Style
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Our Goals: Animating personalized text-to-image diffusion models with a motion module, which
> Preserves original models’ visual quality, — 15t stage, Domain Adapter
> Learns transferable motion priors from real-world videos,and ——  2"d stage, Motion Module

> Efficiently adapts to specific motion patterns. ——>  3"stage, MotionLoRA

At inference, we directly insert the pre-trained motion module without needing specific tuning.

Motion Modules of

I AnimateDiff 1

w0 ﬂﬁﬂ

» i[ﬂ[ﬁfﬁﬂﬁlﬁ]mil -

<~

O image Layers of Personalized T21

. -rr, '%w SIGGRAPH 2024
An’mateD'ff. MethOd \ ' DENVER+ 28 JUL — 1 AUG
1. Alleviate Negative Effects 2. Learn Motion Priors 3. (optional) Adapt to New Patterns
e / == y i ]
H <prompts> I 1 <prompts> ! [ <prompts> i
: ki ' : v : : v =
15 _. m{_ﬂ bed == il =
Video i 20~50 Ref.
Sampled e Dataset -~ = "TTeeall i Videos
Frames == e e e T
' Pretrained ! Motion Module (Temporal Transformer) == MSE Loss
' Imags Layers SQC”-’CI‘SSR Al}\‘mlmn i | [ Pretrained Image Layers (frozen)
X W4z + Adapter(z) i Self- Proj. Out [ Doemain Adapter (trainabl b
ResNet Block > : Pro In > P trainable at stage 1
I esNet Blocl i s ity ‘:_)—_)[ Attention || (zero initialize) [] Mation Module (trainable at stage 2)
| ray. 2 I ! Position Enc,  xN [ MotionLoRA (trainable at stage 3)
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AnimateDiff: Method k}’

1. Alleviate Negative Effects

1
<prompts> I
W
. sample
ifill 3
Video
Sampled U = - Datdset
Frames ___---=" el
i Pretrained : == MSE Loss
| Image Layers | Sell-/Cross-Attention [ Pretrained Image Layers (frozen)
L @ = W9z + Adapter(z)
2 ResNet Block i il

0 pomain Adapter (trainable at stage 1)
O Motion Module (trainable at stage 2)
[ MotionLoRA (trainable at stage 3)

2= Wyraj 2 + Adapter(z)

Training Domain Adapter (1% stage): Alleviate Negative Effects from Training Data
» Video datasets’ lower quality: watermarks, motion blurs, and compression artifacts

> Solution: learning such visual patterns with domain adapter and removing it at inference

AnimateDiff: Method =) SIGGRAPH 2024

K DENVER+ 28 JUL — 1 AUG
1. Alleviate Negative Effects
I 1
. <prompts> !
sample
ifili F
Video
SFc:::'I:: ___________ — Dataset
| Pretrained ; == MSE Loss
i Image Layers Sc|f_;crgsg.,\ucnlmn e [ Pretrained Image Layers (frozen)
e e T Q2 = W4z + Adapter(z) 1

0 pomain Adapter (trainable at stage 1)
O Motion Module (trainable at stage 2)
[ MotionLoRA (trainable at stage 3)

2= Wyraj 2 + Adapter(z)

Ablation Study: a lower domain adapter’s effect helps preserve the original model’s visual quality

scaler=1.0

> scaler=0.0
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2. Learn Motion Priors

[ I
] <prompts> !
1 v 1
Video i
Dataset _--°  "TTe--ll W,
Motion Module (Temporal Transformer) == MSE Loss

i
i | \l/ [J Pretrained Image Layers (frozen)
i z Self- Proj. Out [ Domain Adapter (trainable at sta )
Proi. In : ARl S inable at stage 1
Attention H (zero initialize) ) Motion Madule (trainable at stage 2)
! Position Fne. =N ] MotionLoRA (trainable at stage 3)

Training Motion Module (2"! stage): learning general motion priors from real-world videos
» Model inflation: from 2D image to 3D video
> Temporal self-attention + position embeddings: modeling cross-frame interactions

> Motion modules are inserted between frozen 2D image layers

AnimateDiff: Method ) SIGGRAPH 2024

\ DENVER+ 28 JUL — 1 AUG

Cartoon Style

+




AnimateDiff: Method

Realistic Style

+

AnimateDiff: Method

Oil Painting Style

+

@

@

SIGGRAPH 2024
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AnimateDiff: Method k:%j SIGGRAPH 2024
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3. (optional) Adapt to New Patterns

<prompts> i
W 1
20~50 Ref.
Videos
== MSE Loss

[J Pretrained Image Layers (frozen)

[0 pomain Adapter (trainable at stage 1)
O Motion Module (trainable at stage 2)
[ MotionLoRA (trainable at stage 3)

Training MotionLoRA (3 stage, optional): adapting to specific motion patterns
» Motion patterns like zooming and rolling are common in productions

> Solution: training additional LoRA adapter upon motion module’s pre-trained weights, with few numbers
of reference videos

AnimateDiff: Method ) SIGGRAPH 2024
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zoom in

rolling

zoom out + rolling right + up



AnimateDiff: Experiments

Training
» Dataset: WebVid-10M

> Pre-trained text-to-image model: Stable Diffusion V1.5

Evaluations

» Diverse model collected from the community

Model Name Domain Type
ToonYou 2D Cartoon  T21 Base Model
MeinaMix 2D Anime T2l Base Model
Lyriel Stylistic T2I Base Model
RCNZ Cartoon 3d 3D Cartoon  T2I Base Model
epiC Realism Realistic ~ T2I Base Model
Realistic Vision Realistic T2I Base Model
Qil painting Stylistic LoRA
MoXin Stylistic LoRA
TUSUN Concept LoRA

AnimateDiff: Experiments

Qualitative Results: on eight different community model

DENVER+ 28 JUL — 1 AUG
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AnimateDiff: Experiments \%‘ el

Quantitative Evaluation
» Our method is preferred by user study and CLIP metrics in text/domain fidelity and temporal smoothness

Method User Study (1) CLIP Metric (1)
Text. Domain. Smooth. Text. Domain. Smooth.
Text2Video-Zero 1.620  2.620 1.560 32.04  84.84 96.57
Tune-a-Video 2.180 1.100 1.615 35.98 80.68 97.42
Ours 2.210 2.280 2.825 31.39 87.29 98.00
AnimateDiff: Experiments \}i SIGGRAPH 2024

Compatibility with Text-to-lmage Models’ Adapter

> AnimateDiff can be directly used with pre-trained T2l adapters, e.g., ControlNet, for controllable generations

> Depth-guided generation with ControlNet-depth




Generating Higher Spatial/Temporal Resolution 3 SIGGRAPH 2024
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Cascaded pipeline

Spatiotemporal Decoder Spativtemporal Spatial

t Frame Interpolation S Resambion Super-Resolution
< SR h

Input Text
x Bl

iy oﬂ
- ;a‘Ape

dolng ﬂﬂo

y

Image credit: Make-A-Video
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Generating Higher Spatial/Temporal Resolution K}’ SIGGRAPH 2024

(984 t,, (3s)

Spatial-Temporal Architecture

+

STUNet

| | MultiDiffusion |

Image credit: Lumiere



Generating Higher Spatial/Temporal Resolution

Spatial-Temporal Architecture

Transformer-based Approaches

Image credit: WA.LT

V5 o e o

g O VG
VI o o e e o o e

=) SIGGRAPH 2024
<
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Controllable Generation

Motion: MotionDirector: Motion Customization of Text-to-Video Diffusion Models

. T Syl fome ] Conv Layers (frozen)
e & . {1 Spatial Transformer (frozen) o
e frame (] Temporal Transformer (fropen) | (5 Self Ann
LI [ with trainable Spatial LoRtA Cross At
shared spatial LoRA weights (] with trainable Temporal LoRA \rL o
all frames
Temgporal Path i
=
S HHE) 0
Craussian Textto-Yideo Ditfusion Maodel -
Noase E

BN

Text-to-Video
Diffusion Model

Controllable Generation

Camera: CameraCtrl: Enabling Camera Control for Video Diffusion Models

@ Cmﬁmodml{) o 7
:m ﬁ QDRHN“BIW.J‘ Ribxhxw)xnxe R(bxhx:’n]xﬂxc
‘ | .];_'-.Rmpnralﬁnmlm
:I:] @ et Rlbxhzw)xnxe
Plikcker Embeddi - e
pe R | 1 I | Linear layer |y
N 1 \ e £
! i d W R P

5t

Zt

Pre-trained T2V model

(a)

A set of videos of a motion concepl

L™

" A person is Ii .'mg lm’ghn i

" A bear is lifting weights. "

" 4 dog is lifting weights. "

shat of avilla
' in a garden,”

'%’ SIGGRAPH 2024

A video representing | IJn: motions Ofsllbjﬂﬂ and camera.

" Surrewnd

" *q pyramid in a forest. ”

" * a temple on a mownain. "

DENVER+ 28 JUL — 1 AUG

"d car is
running on

U the road "

“ A tiger is * in the forest. "

SIGGRAPH 2024
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Controllable Generation 3 SIGGRAPH 2024
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Layout & Pixel: SparseCtrl: Adding Sparse Controls to Text-to-Video Diffusion Models

+ Sketch Encoder

T
= Ae
L] E 7

storysoarding

D

h

sketr.l ~to-video

+ Depth Encoder

Sparsa Condition
Encader *
.1-1:1 deptb-guidd rendering
e

= | + RGE Image Encoder

Pre-trained i
T2V {frozen) | keytrame interpalation N

i image arimation -- ---
keyframez) ¥ ‘ﬂ {
Mobw \l_ ! I

arediction & long video generation

DENVER+ 28 JUL — 1 AUG

Controllable Generation K}’ SIGGRAPH 2024

Layout & Pixel: SparseCtrl: Adding Sparse Controls to Text-to-Video Diffusion Models




Diffusion Based Video Editing K}j SIGGRAPH 2024
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Global Stylization: Structure and Content-Guided Video Synthesis with Diffusion Models (GEN-1)

Decouple the structure and appearance via depth maps

Training Inference

Structure &
Content

Image credit: GEN-1

DENVER+ 28 JUL — 1 AUG

Diffusion Based Video Editing K}j SIGGRAPH 2024

Global Stylization: Structure and Content-Guided Video Synthesis with Diffusion Models (GEN-1)

Decouple the structure and appearance via depth maps




Diffusion Based Video Editing 3 et i

Local: Fate/Zero: Fusing Attentions for Zero-shot Text-based Video Editing

v v
m——— QK K

[ Source PmmFl A silv r| [dnwngdnwnnnm mnimlluemlnlrynde | 1 1
- fxhxw Crom-Aestios Mips ef Sousce Proept
h ] : | 5
oun P i
I ! ]

Sourse SIF Aeation | Blending Mask 1 - X A

—b
Editing Self-Anion + iy MM
5 | E r
Biemded | Self- Atientian Cmus-Astention

I ol o]
QK | Spatial- Ttmpoml
Self-Attention C‘“‘*“‘“‘“’“ l Astention Map Fusion IZI Attention Blending Block

Image credit: FateZero

Tﬁi*%
@

¥ Attention Blending Block v

Diffusion Based Video Editing K}’ et i

Local: Fate/Zero: Fusing Attentions for Zero-shot Text-based Video Editing

Image credit: FateZero



Recap Diffusion ") SIGGRAPH 2024
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Noise to data mapping

Gaussian Distribution Data Distribution

Recap Diffusion
P @ SIGGRAPH 2024
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Gaussian Distributio Data Distribution



Recap Diffusion
P \;%, SIGGRAPH 2024
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X it

O

Gaussia Distributio;> Data Dis?ribution

Recap Diffusion
P \;%, SIGGRAPH 2024
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X it
Traverse backward
O

Gaussia Distributior]T Data DisTribution




Recap Diffusion @ SIGGRAPH 2024

Gaussian Distribution Data Distribution

Noise Predictor 5

Recap Diffusion ) SIGGRAPH 2024
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Gaussian Distribution Data Distribution

Noisy image
Estimated noise

Noise Predictor

)
Step 60



Recap Diffusion

Gaussian Distribution

Noisy image O

€g
- Noise Predictor
Step 10,100,200..

Text Conditioned Diffusion

Text Prompt

- l;v
Noisy image Zt\

€o €g(z¢|y,t)
) ) Estimated noise
Noise Predictor

Step t

o @ Null text
Noisy image Zt\

| €g | €9(z¢|D,t)
. _ Estimated noise
¢ Noise Predictor

Step

=) SIGGRAPH 2024

DENVER+ 28 JUL — 1 AUG

Data Distribution “

Estimated noise

=) SIGGRAPH 2024
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é@(ztly't)

Conditional
€g(z¢|y, t)

€o (Zt|®; t )
Unconditional



Text Conditioned Diffusion

Text Prompt

Noisy image Zt—0 \y

€g €g(z¢|y,t)
Noise Predictor
Step t
o @ Null text
Noisy image Zt\

¢ " Noise Predictor

Step

2D Diffusion to 3D

Text Prompt

Noisy image z; —
Step t —

Update samples n p_ixcL space

eolzc|0,t) ~C—>—§>—

|y

7)) SIGGRAPH 2024
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cL ass{"

it

®—&(zly,t)

Scale

7)) SIGGRAPH 2024
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—€g(z¢|y, t)

-- 2D images

10
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Text Prompt

B

Noisy image z; — —€p(z¢y, t)

Step t—
Uupdate samples in pixel space ------- 2D images
How about 3D?
Parameter
== x = g(0) wupdate in parameter space?

Rendered  Differentiable
.' ! Image Rendering

11

DENVER+ 28 JUL — 1 AUG

3D Content Generation \>.», SIGGRAPH 2024

Ldiff(¢@ = Ee-un),e~von[Wd)| epzely, t) — €| 3]
Zt = atx + O'tE

Training a diffusion model: With a trained diffusion model:
¢ = argming Lg;s5(¢p, x) x* = argminy Lgirr(¢, x)
Parameter

Rendered  Differentiable
! Image Rendering

12
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Lairr(9,9(0)) = Eryon,e~wonw®)| €4zcly, t) —€l| 3]

A ¢4 (zelyt) o
VoLairr (¢, 9(0)) = Ee.e[w(t)(ég(ze|y.t) —€) —+ = %)

Noise U-Net Generator
Residual Jacobian Jacobian

update 3D representation w/ gradient descent

Text Prompt

|y

Noisy image z; —
Step t —

—’éQ(Ztlylt)

13
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Lairr(9,9(0)) = Erygon,e~nwon[w®)| epzly, t) — €| 3]

VBLdiff((P' g(e)) = IEt,E[W(t)(éqb(Zt'y, t ) — e) * Z_z

Noise U-Net Generator
Residual Jacobian Jacobian

VoLsps(¢, g(0)) = [Et,e[W(t)(éqb(Ztly' t) =) g_z

g, : Score Distillation Sampling
2oy A~

DreamFusion: Text-to-3D using 2D Diffusion
Ben Poole Ajay Jair J '.|‘.-':;-1€:‘r|=_:.;::i.':‘r!f".|:

Jen Mildenhal
soogle Ressarch

14
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Score Distillation Sampling (SDS) Loss

Parameter 8 Rendering x e~N(0,1)

Zy = arx + op€, t~U(0,1)

15
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Score Distillation Sampling (SDS) Loss

Parameter 8 Rendering x e~N(0,1)

Zy = arx + op€, t~U(0,1)

Noisy image % G,

Step t — x|
€g(z¢|y, t) 16
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Score Distillation Sampling (SDS) Loss

o i ! .

Parameter 6 Rendering x e~N(0,1)

I

Backprop to update 0

Noisy image/ &

Step t — LRGN,
ég(Ztly, t) 17
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DreamFusion: Text-to-3D using 2D Diffusion

1 Higher resolution

Magic3D: High-Resolution Text-to-3D Content Creation

A baby bunny sitting on top A lego bunny sitting on top of a A metal bunny sitting on top of A metal bunny sitting on top of
of a stack of pancakes. stack of books. a stack of broceoli, a stack of chocolate cookies.

19
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Magic3D: High-Resolution Text-to-3D Content Creation

— |__a stuffed grey rabbit holding a pretend carrot | —

Low-resolution 2 High-resolution
optimization wamere i optimization
camera —
.rj Cs DS frb[}b

render
{high-res}

g |

L

-\; @ @ !
1.'. lovecrei)

i v l| ]
S |
i i

latent diffusion

g . +
) mage diffusion L
\_—‘pior/. encoder prior
update -
update

Instant NGP
representation

3D mesh extraction (DMTet) » 3D mesh Stsroptintization . I;Il:?:; :ﬁo':.lu::;rll

20
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Magic3D

Meuschwanstein castle, aerial view. A car made out of sushi. A nest with a few white eggs
and one golden egq.

21
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DreamFusion: Text-to-3D using 2D Diffusion

1 rRicher appearance

Fantasia3D: Disentangling Geometry and Appearance for High-quality Text-to-3D Content Creation

=

A delicious croissant a metal sculpture of a lion's head, highly detailed

22



DENVER+ 28 JUL — 1 AUG

3D Content Generation ) SecRap 2024

Fantasia3D: Disentangling Geometry and Appearance for High-quality Text-to-3D Content Creation

‘ “a highly detailed stone bust of Theodoros Kolokotronis™ ‘

shaded stable diffusion

update

(b) Geometry modeling {c) Appearance modeling

23
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)

{ N

<P

An ice cream sundae

P r
5 1;\_'\ P
:? L 7 I

o .
A -
A highly detailed sandcastle A fresh cinnamon roll covered in glaze, high resolution
I ¥
q@ w ‘\. o
= L
A car made out of cheese AvintageJrecord player

24
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DreamFusion: Text-to-3D using 2D Diffusion

1 Single image to =D

RealFusion: 360° Reconstruction of Any Object from a Single Image

25
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RealFusion: 360° Reconstruction of Any Object from a Single Image

o Volsos O wg & Volsps
&

0 VgLsps

LMSE

—

Rendering Image image 26
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RealFusion: 360° Reconstruction of Any Object from a Single Image

Novel View

Novel View
Diffusion
Jg::ef L = Diffusion
W o ston L Model
Vie.)Lsns -~ Y @)
Priot Objective ’ \J“) 3 ‘ v(.'.v_.c)ﬁ:SDS
=) Prior Objective
A&
>
Novel View
/ &P Diffusion
Reconstruction P &v e) Model

Vi
iew 3 v(a,c}£3 D8
L& Prior Objective
)
', " Single-Image
A Textual Novel View
e 5 Inversion

Diffusion

Maodel
Render Input Image V(o) Lsps
6 Prior Objective
V(a’.c)ﬁﬂm
Reconstruction Prompt with optimized
Ohjective embedding token <e>

27
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Photorealistic appearance?
A 0 A
VoLsps($, 9(0)) = Erc[w(t)(ép(zely, ) €) 3] _ [ éolzely,t)
Estimated noise g
with classifier free guidance S

Q
€o(zely t) = €g(2e]0,0) + 5(eg 2]y, 1) = €9(2:10, 1)) J e

Scondition

Ee(zth)rt)

I ...... o

t =100 t =200 t =300 t = 500 t =700 t = 1000

30
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Photorealistic appearance?

VoLsos($, 9(0)) = Epe[w(t)(ég(zly,t ) — €) =]

Estimated noise
with classifier free guidance

€g(z¢|y, t) = Eqb(Ztl@: t)|+ S8condition

Zy = QX + o€

\(DNulltext

Noisy image Z;

Training: Real image x
SDS: Rendered image x= g(0)
Domain difference

€p €g(2¢|0,t)

Step t —
Noise Predictor

31
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3D Content Generation ) SecRap 2024

Photorealistic appearance?

VoLsos($, 9(0)) = Epe[w(t)(ég(zly,t ) — €) =]

Estimated noise
with classifier free guidance

€g(z¢|y, t) = Egb(Ztl@; t)| + SOcondition

€p(2¢19,t) = Saomain + Sdenoising

Saomain Xoop + Sdomain

32
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3D Content Generation ) SioaRapH202¢

Photorealistic appearance?

0x
VoLsps(p, g(0)) = w(t)(Saomain + SScondition + Sdenoising —€) 30
/ Al N \
Domain-correction ign w/ text Diff b/w predicted noise
& added noise

Training: Real image x
SDS: Rendered image x= g(60)
Domain difference

33
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Photorealistic appearance?

0x
VoLsps(p, g(0)) = w(t)(Saomain + SScondition + Sdenoising —€) 30
/ Al N \
Domain-correction ign w/ text Diff b/w predicted noise
& added noise

Disgard this one!
SOcondition = S(Ed)(ztly' t) — Ed)(Ztl@: t))

Conditional Unconditional

NFSD: Nolse Free Score Distlliation

E¢(Zt|®: t) = 8domain t+ Odenoising  hard to separate

Assumption: 5conditi0n=pneg = —bdomain

" unreallstie, bLurrH, Low &[H.ﬂlit@, out of focus, ugly, low contrast, dull, dark, Low-resolution, gloomy"

34
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3D Content Generation ) SaRAPH 2024

Photorealistic appearance?

dx
VoLsps(@, g(8)) = w(t)(Saomain t SScondition + 5denoising —€) 30
/ Al N \
Domain-correction ign w/ text Diff b/w predicted noise
& added noise

bisgard this one!
SOcondition = S(€¢(Zt|}/; t) — ec,b(Ztl@; t))
Conditional Unconditional

Egb(Ztl@; t) = 6d0main + 6denoising & hard to separate

€¢(Zt|@, t) — Eqb(Ztly = Pneg» t) =

Sdomain * Wg - (M"’ Wg + SCOWMQ)

Assumpt‘ion: 660nditi0n=pneg = _‘Sdomain =

DENVER+ 28 JUL — 1 AUG

3D Content Generation ) SaRAPH 2024

NFSD: Noise Free Score Distillation 5
X
VoLnrsp (@, g(0)) = w(t)(Saomain + SOcondition) 30

36
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3D Content Generation ) SecRap 2024
ProlificDreamer: High-Fidelity and Diverse Text-to-3D Generation with Variational Score Distillation
d
VoLysp (¢, g(8)) = w(t)(Saomain + SScondition) £

A ox

VoLvsp (¢, g(0)) =w(t)(éo(z]y, 1) = €Loral(ze|y, 1, 0)) o5
Conditional model LoRA model,

trained on the rendered images

€Lora(Ztly, t,c) = 6denoising No domatiwn difference this time!

Vo Lsps (,9(0) = Be [w (6 @alzely, )~ €) 2

Estimated noise
with classifier free guidance

olzely, ) <feglecl®. D]+ SBeomateion €g(z¢|y, t) — €Lora(Zely, t, C) =

€oleelP. ) = Saomatn + Saenataing Sdomain Wg + S8condition — Mg

37
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ProlificDreamer: High-Fidelity and Diverse Text-to-3D Generation with Variational Score Distillation

0
VoLysp(p, g(0)) = w(t)(Sgomain + SOcondition) £

Asnall on aleaf.

An elephant skull. A blue tufip. A sliced loaf of fresh bread. Atarantula, highly detailed.

38
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Janus (multi-face) problem

39
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Janus (multi-face) problem
Dalle-2 Stable Diffusion v2

40
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Janus (multi-face) problem

May wot know what a chair should Look Like
from other view points

41
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Janus (multi-face) problem

How to use 3D data?

A Universe of
Annotated 3D Objects

Q Objaverse 1.0 is a Massive Dataset with 800K+ Annotated 3D Objects

Objaverse-XL

A Universe of 10M+ 3D Objects

Z Image dataset: 5B

42
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Use 3D models to get multi-view images

3D model

43
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Zero-1-to-3: Zero-shot One Image to 3D Object

Input Synthesized Input Synthesized
: Down 30° Left: 90° |}~ Up 45° Right 60° ' . Up: 90°

Input Synthesized Input Synthesized
“»[ Down: 25° Right: 95° }- “[ Up: 45° Left: 60°

44
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Zero-1-to-3: Zero-shot One Image to 3D Object

Input View (RGB)

’ (R, T)]

_—y
* Zero-1-to-3 *
PV Latent Diffusion Model \
Gaussian Noise Output View (RGB)

Idea: Finetune a 2D diffusion model to generate novel views (i.e. condition on camera pose)

45
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Zero-1-to-3: Zero-shot One Image to 3D Object

* Zero-1-to-3 & V "?SJC

+
(. R 7]

Rendering E}i‘;‘:

= +
V& Zero-l-to-3 & « \‘,’ ' [h » (R, T3)]
" + Y Q '?MSE
(5. R 71 .
VZe Zero-1-to-3 # « t“‘.ﬂﬁ- ’ % al

Neural Field 5 v

The trained model can be used for (single-view) 3D reconstruction

46
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Zero-1-to-3: Zero-shot One Image to 3D Object

Text2img2NVSs

“A computer from
the 90s in the style
of vaporwave”

“3D render of a pink E
balloon dog” :

Text == Dall-E-2 % =» Image =»  Zero-1-to-3 & —lp Novel Views

47
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Zero-1-to-3: Zero-shot One Image to 3D Object

Single view 3D reconstruction

48
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But 3D prior only is blurry, 2 prior only lacks geometry...

Common |
Objects
Uncommon
Objects
3D Prior Only Joint 2D&3D Prior 2D Prior Only
Single Image High Consistency but High Generalizability
Low Generalizability but Low Consistency
49
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3D Content Generation

Magic123: One Image to High-Quality 3D Object Generation Using Both 2D and 3D Diffusion Priors

} @ : Frozen welghts‘i {
E‘a._t}: Source view : High quality
q : 3D mesh

& : Novel view

& Textual Inversion 8 2D +

Diffusion Priors @

A high-resolution
DSLR image of <e>

High quality

a
Foreground = Segmentation

=)

Idea: Combine both 2D and 3D diffusion priors

Input Image \

50
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Magic123: One Image to High-Quality 3D Object Generation Using Both 2D and 3D Diffusion Priors

Magicl23 Magicl23 Magicl23
A
y

Magicl23 20 Py

Magic123 30 I Magicl23 Magicl23 hm!

Magic123 20 Pri Y Magic nmp Magic123 Magic123 Normal
\4‘ \ \‘
x {
i
S .

3D Content Generation ) SaRAPH 2024
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DreamCraft3D: Hierarchical 3D Generation with Bootstrapped Diffusion Prior

From Implicit surface (Neus) Lsps, L3p-sps
to 3D Mesh (DMTet)
Text-to-Image
Noise Diffusion
“an astronaut in @
sand beach” . “ \

™ @ —
Reference Estimated Novel View

Image Normal

Geometry Sculpting Result

% i
Novel Views 4
Idea: Enhanced VSD loss to
Text-to-image .
Diffusion Improve appearance
% “a [V] astronaut”
A
) Augmented o
: renderings

Personalized 2p

)C
<y diffusion wmode

@ )

Reference
view

Texture Boosting Result
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DreamCraft3D: Hierarchical 3D Generation with Bootstrapped Diffusion Prior

Personalized 2D
diffusion mode

Idea: Enhanced VSD loss to
improve appearance

Input images an the | ; n o doshouse 4 setting o hedrout 53
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DreamCraft3D: Hierarchical 3D Generation with Bootstrapped Diffusion Prior

i )
Recall: VgLysp (¢, g(0)) =w(t)(ég(7: |y, 1, 2) — €Lora(Ze|y, t, €, 2)) a—;

0
VoLpsp (Cp: g(@)) =w(t) (€Epreampootn(Zt|Y, t, s (2),v) — €Lora(Zt|Y, t, 2, 1)) ﬁ]

r.(z): “Augmented” image renderings
Restore a heavily noised image Better quality

Reveal high-frequency details but sacrifice fidelity dentity preserved
Better consistency

£
B —
Reference
view

Text-to-Image
Diffusion

Texture Boosting Result * Augmented
L renderings

54
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DreamCraft3D: Hierarchical 3D Generation with Bootstrapped Diffusion Prior

=) SIGGRAPH 2024

\ DENVER+ 28 JUL — 1 AUG

3D Content Generation

Single viewpoint prediction to multi viewpoint prediction

Ref | m age ViEWpOi nt Z‘.arf:-l-m-a: Zero-shot One Image to 30 Obje\r:L

v Er ~3
l ‘ &£ ey S & @
Ztt: —€g(z¢]y, t, V) '-Mﬁ @g

Ref image viewpoint
v=(R,T)

MVDream: Multi-view Diffusion for 3D Generation

i ¥ :
A 1 CpdN S R
{Zl"'Zt}_' _’EG(Zt |y' t,U) v

t —

—Eg(zl |y, t,v)

55
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SyncDreamer: Generating Multiview-consistent Images
from a Single-view Image
ICLR 2024 (Spatlight)

Synchronized Multiview Noise Predic

% e
L ﬁw

= ﬁ% il

56
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Single viewpoint prediction to multi viewpoint prediction SyncDreame

y 3

-
o

e &
L.fg,

€eonmp 4 e &

X

MVDream

Iy 3480

il

=
-
L

¢ 8w <
% 2

@ e ¢ @uvhﬂi
€0 o o ¢ gl @ T

e v &

s
A

b 3 .
.-:; ‘n;‘
n‘ g e - N
& 3888
[} S—
Input d multiview-ce images Rendering & Mesh
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RGB + Geometry

Zero-1-to-3: Zero-shot One Image to 3D Object

Ref image viewpoint
v=(R,T)

|

—€glz¢|y, t, V)

Ref image viewpoint

SweetDreamer: Aligning Geometric Priors Wonder3D: Single Image to 3D using Cross-Domain Diffusion
v = (R ) T) in 2D Diffusion For Consistent Text-to-3D CVPR 2024 Highlight
R 2024
A c et 8 a0 o
L R — =
7€ 29—, _’EG(Z | t,v) N a3
tr 2t : g

- I Q= R NEye
g N | ] ¥ -

_’é\ Z ) t, v N P e st

ol t ly

t —
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RGB + Geometry
g ander3D ;
> eeeoOoGOe Gl K& e
& @ 4) ,_(*s:_ :_-f;\ - e et R e 011 e
g@&&w&&&g
85358885 3: f‘
3D Content Generation ) SecRap 2024
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More direct approaches?

Optimize 3D representations
1) ref view match the input image
2) Novel views are photorealistic and view-consistent

But is time consuming
A direct inference approach?

Input image 3D representation &

60
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LRM: LARGE RECONSTRUCTION IMODEL FOR SINGLE IMAGE TO 3D

Sl.ngle input image Image encoder mage features

e = 12 Layers, Dim: 768, ViT {DINO) ol

| & i @ Medulation with
.':"— camera features

@ Residual connection

__— Triplane tokens
— Dim (3% 32 % 32) x 1024

: Cross () o MLP DeCom iReshapei
i Resi (3%32x32) > (3x64 (_s_a_] ______

_________________________________________________________________ Dim: 1024 = 80
Image-to- Tnplane Decoder Camela features, Dim: 20

16 Layers, Dim: 1024

Learnable
positional embeddings
Dim: (3 %32 x 32) x 1024
Point features
Dim: 3 x 80

10 layers, Dim 64

Rendered

novel image Neural Radiance Field (NeRF)

61
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LRM: LARGE RECONSTRUCTION IMODEL FOR SINGLE IMAGE TO 3D

Phone Camera Captured

Objaverse

1 1 s =8

5 seconds tmage to =D o -
Geoogle Scanned Objects

A bit blurry & 2 ~ o -
- 2 'R j
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LRM: LARGE RECONSTRUCTION IMODEL FOR SINGLE IMAGE TO 3D

3 &

Input image 3D representation 6

INSTANT3D: FAST TEXT-TO-3D WITH SPARSE-VIEW GENERATION AND LARGE RECONSTRUCTION IMODEL

: ﬁ
[Instant3D]

3D representation 8

A car made
out of sushi

Finetunded

2D Diffusion

&
&

&

63
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INSTANT3D: FAST TEXT-TO-3D WITH SPARSE-VIEW GENERATION AND LARGE RECONSTRUCTION MODEL

A car made
out of sushi e
. L &8
2D diffusion model ) Transformer-based &
(fine-tuned) reconstructor
. » & & N 2

Gaussian blob initialization

-view i 2 3
(inference only) 4-view image (2 by 2 grid) NeRF

Idea: multi-view 2D diffusion + sparse view reconstruction
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INSTANT3D: FAST TEXT-TO-3D WITH SPARSE-VIEW GENERATION AND LARGE RECONSTRUCTION MODEL

Multi-view images

N=2 hi i
( e 2D image tokens

Cony, :I Self- E i?
o= -7 o O+

L Image encoder 4 Novel vie\lr rendering
- e N ‘,’
.Conv E7 B . Image encoder | s E’ / Volume
Y \ (shared) J 5% rendering
Triplane tokens gn [l=SSSmefactomsseros s mras el A e
(learnable) Self. 7
elf-
attention MLP

Image-to-triplane decoder Triplane

65
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INSTANT3D: FAST TEXT-TO-3D WITH SPARSE-VIEW GENERATION AND LARGE RECONSTRUCTION IVIODEL

§e Ty Rt

a baby dragon drinking boba a ghost eating a hamburger
? s ol L
a hippo wearing a sweater a panda rowing a boat in a pond
a plush dragon toy a squirrel dressed like Henry VIl King of England

e
-

p 3

PR I G

a tiger karate master a train engine made out of clay 66
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INSTANT3D: FAST TEXT-TO-3D WITH SPARSE-VIEW GENERATION AND LARGE RECONSTRUCTION MODEL

A car made
; @
[Instant3D]

out of sushi
3D representation 6

Finetunded

2D Diffusion

&
&%

&

DMV3D:DeNoISING MuLTI-VIEW DIFFUSION USING 3D LARGE RECONSTRUCTION MODEL

Time t Timet—1

&, &
& wﬁi‘

L N
) )
(multi-view denoiser) 67
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DMV3D:DenoisING MuLTI-VIEW DIFFUSION USING 3D LARGE RECONSTRUCTION MODEL

Pliicker rays

" i Q 1 :
; ?} Triplane position [ ] [ ] Triplane

]
embeddin
s Transformer
< o
L]

Image
tokenizer [ —p
(DINO)
& AL
Upsample 9 ﬁ
Rendering loss 1

—
S Image tokens
Input: noisy images Predict: clean triplane Add slighter noise on
rendered images

68
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DMV3D:DenoisING MuLTi-VIEW DIFFUSION USING 3D LARGE RECONSTRUCTION MODEL

b ~Spgenprg e
o B AaLF T AU
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2D priors with Score Distillation Sampling
* Higher resolution
* Richer appearance
* Single-view to 3D
* Photorealistic appearance
3D priors
* View-conditioned diffusion
* Multi-view diffusion
* View-conditioned gemetry + appearance diffusion
Feed-forward models (empowered by data + transformer)
* Single-image to 3D
* Multi-view to 3D
* Multi-view diffusion
Sowmetimes we want to manipulate existing scenes...
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Interpretable?
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Kobayashi, S., Matsumoto, E., & Sitzmann, V. (2022). Decomposing NeRF for Editing via Feature Field Distillation.
Cen, J., Zhou, Z., Fang, J., Shen, W., Xie, L., Jiang, D., Zhang, X., & Tian, Q. (2023). Segment Anything in 3D with NeRFs.
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Interpretable? #

Flexible? Interactive editing NSVEF
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Novel View Synthesis
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Liu, L., Gu, J., Lin, K.Z., Chua, T., & Theobalt, C. (2020). Neural Sparse Voxel Fields
Yang, B., Zhang, Y., Xu, Y., Li, Y., Zhou, H., Bao, H., Zhang, G., & Cui, Z. (2021). Learning Object-Compositional Neural Radiance Field for Editable Scene Rendering.
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Urban Fabric \3 SIGGRAPH 2024
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Interior Design ) SaRAPH 2024
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Some Neural Floor Plan

Ground Feature Plane Original Scene Bird-Eye View
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Xiangli, Y., Xu, L., Pan, X., Zhao, N., Dai, B., & Lin, D. (2023). AssetField: Assets Mining and Reconfiguration in Ground Feature Plane Representation.
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3D density feature 2D RGB-DINO plane feature 3D RGB-DINO feature
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Density field

84



SIGGRAPH 2024

DENVER+ 28 JUL — 1 AUG

85

Center: (161,105)
Width/Height: (150, 43) 2024
Rotation (from x-axis): 0.0 ¢

Center: (149,275)
Width/Height: (42, 50)
Rotation (from x-axis): 50.6

Clustering

lIIlI- | .
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Oblique Photography

1km2~10k images
1image~50 megapixels




Plane-Axis Factorization

Density I /.".\\\

@ Grid Branch Output
e head
_’0




Grid Features

Density ] \

Q@ Grid Branch Output
mm o

| T —c

\\

head
—> 0
Fourier Embedding (position)
(sin(x), cos(x), ..., sin(2-x), cos(2-1x))

.
(@ NeRF Branch Output
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