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Why do we need this Tutorial?

What are diffusion model?
What are the many design choices?

Interpretation, controls and adaptation in the context of Visual Computing
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Many Related Materials

e Survey papers
 Past tutorials and courses

* Blogs and recorded videos
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Introduction to Diffusion Models
Guidance and Conditioning Sampling

Attention

Personalization and Editing
Beyond Single (RGB) Image Generation

Diffusion Models for 3D Generation



Images, Video, and Beyond

Spatiotemporal Decoder Spatiotemporal Spatial
Super-Resolution Super-Resolution

SR SRy,

Frame Interpolation

Input Text
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unknown map

What I1s a Diffusion Process?
— »

. -

(unknown) data distribution known distribution

Sampling < (Unconditional generation)
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Mapping between Distributions

X0 XT
N(0,1)
data known
distribution distribution
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* Uniquely defined by and

[y 22

 Reparameterization ‘trick’

Nwz) oo NOD

« Many results on combining Gaussian distributions



Mapping in Many Steps

.Nard mapping .

q(x¢|xe-1) = N(xti, N(()? I[)
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Mapping in Many Steps
—>

forward mapping

oM S oM M
X0 — Xt—1— Xt — — XT

N(0,T)

q(x¢|xe—1) = N (xe;vaexe—q, (1 — a)l)
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Mapping in Many Steps
—>

forward mapping

/_\
X0 — Xt—1— Xt — — XT

0,1
Q(xt = N (x¢; VJaexe—1, (1 — ap)l) N( ) )

Q(xt xo = N (x¢; \/_t@ (1 —a)l) a; = rI:1?:10-'1'
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Mapping in Many Steps
—>

forward mapping

/\
X0 — Xt—1— X¢ — — XT

N(0,T)

q(xelxo) = N (x¢; \/E_txo: (1—a))

X €Cxo) = Vo[t VA —ade) @ =i
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Generative Modeling: Sampling

%

reverse mapping

TN\ P -\
X0 — Xt—1— Xt — — XT
N(0,1
q(xe—1]|x¢) (0,1)

Xt = \/E_txo +/ (1 —@p)e; ~

p(xe—1|xt) = N (xe—1; v @t (1—ap-1)0)

SIGGRAPH 2024 Course Introduction Diffusion Models in Visual Computing




. oss Functions

szmp]e(a) — IEt,xo,e [Ct "xt, t) — € ||2]

£(0) = Eeex, | Ce [ Doec(xo), t) — xo IP]

p(xt1]%c) = N (Xe—1;v@e—1Dg (x4, ), (1 — @p_1)])
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Algorithm (How to Train?)

Algorithm 1 Training

I: repeat
2: X0 ~ q(Xo)
3: t ~ Uniform({1,...,T})
4: €~ N(0,I)
5: Take gradient descent step on
Vo ||e —\/axo + VI — e, t)||°
1

6: until converge
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Training Loss

Ct

N\

[Xt:a,tX()—l—th]—)

/
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Loss Functions: Three Interpretations

1. Predict Noise €
2. Predict clean image X0

€
3. Score-based optimization th log p(Xo) —

Vv1— oy

they are equivalent!!
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Algorithm (How to Sample?)

Algorithm 2 Sampling

1: XTNN(O,I)
cfort=1T,...,1do
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What’s Special about Visual Data?

Dimensionality of the problem

« Inference speed and diversity of generations

« Training data: we have many (differentiable) known functions

 Media specific-losses and semantics of data

« Types of controls
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Latent Diffusion Model

X

Z

D

o

€ (@ Latent Space Conditioning)
@— Em Diffusion Process emanti
Map
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Denoising U-Net €g
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Text
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denoising step crossattention

switch  skip connection concat

.q_____

=y

[High-Resolution Image Synthesis with Latent Diffusion Models, Rombach et al., Arxiv 2021]
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Faster Inference: DDPM vs DDIM

+ DDPM: Markovian process : @\L @ @ g

q(z2|z1)

« DDIM: Non-Markovian process but 10-50x faster!!
— Trained w/ pretrained DDPM diffusion

1 — (t)
Oﬂtfe (mt) + \/1 — Q1 — 0.2

£ Egt)(wt) + O

Ly —
Ti—1 = /0¢—1 (

v/ Ot P ~
. . o~ R random noise
~ - -’ “direction pointing to a4’
“ predicted xo”
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DDPM vs DDIM

CIFAR10 (32 x 32) M) CelebA (64 x 64)
S ( 10 20 50 1001 1000 10 20 50 100 1000

0.0 | 1336 6.84  4.67 4.;? 404 || 1733 1373 917 653 351
02 | 1404 711 477 <& 409 || 1766 1411 951 679  3.64
05| 1666 835 525 446 | 429 || 1986 1606 11.01 809  4.28
10 | 41.07 1836 801 578 |473 | 3312 2603 1848 1393 598

o 56145 15357 35272 999 317 || 299.71 183.83 71.71 4520  3.26

dim(t)=10 dim(tr) =100
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Summary so far

Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: x7 ~ N(0,1)
2: Xo ~ q(Xo) 2: fort="T,...,1do
i: L~ [i?(‘gmir)n({lr ., T}) 3: z~N(0,I)ift > 1,elsez=0
- € ? . _ 1—ay
5: Take gradient descent step on 4 X¢1 = \/%T Xt — /Ti-a; Eﬁ'(xht)) + o2
Vo ||£ — eg(varxo + /1 — aye, t)”2 5: end for
6: return xo

6: until converged
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* CLIP space (linking images with text)

« LORA (finetuning with limited data)

« |mage inversion (DDIM inversion) for real images

« Training schedule
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