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What is Diffusion Model?

Denoising Diffusion Probabilistic Models
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What is Diffusion Model?

Data Noise

Data Noise

\ Denoise Process )




Forward Diffusion Process

Q(mtlmt— 1)

&=
Gauss distribution

Data Noise
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signal noise

gaussian
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Forward Diffusion Process

®Forward (closed-form)

Xt = /O Xe—1 + V1 — €3
= \/O‘ft (\/Oc’f_]_Xf_Q + \/1 o at—lst—2) + Vv ] = Q€1

= Varaixe-2 + (Varl —ac1)eca + VI— aee)

:\/cixg+vl-——c_tt5‘, ENN(O.I)
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Where a; = [[._; as




Reverse Diffusion Process

Reverse Diffusion Process

Markov
Q(mf]a:f 1)
Data Noise
‘-T(mr |z,)
X impossible!
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Po (T-:. =] |:I:¢) Neural Network

Assume: the output is gaussian
Target Distribution: g(x;_1 | x¢) = N (xe—1; pe(xe), Le(x2))
Approximated Distribution: py(x;—1 | x:) = N (x¢e—1; o (X, t), Lo(xe, t))



What is q(x;—1 | x¢, X0)

If we know z, and Z;

q(z,_1|z;,z,) is deterministic

Ty

Assume: Markov

_ q(xe—1,xe.%0) _ q(xelxe—1)g(xe—1[x0)q(x0) _ q(xe|xe—1)q(xe—1|x0)
q(xe-1 | Xt %0) = T5550 aCebo)ato) T aebo)

Q(Xt | Xt—l) ~ N(Xt? \/Cl’_txt~11 L = C‘ft)
g(xe—1 | x0) ~ N (thi vV ¥t—1X0, 1 — &tl)
q(xe | x0) ~ N (xe; Varxo, 1 — @)




Remove Xxg

@Reverse If we know xp

(
_ \/a_r(l — c_kt_l)xt = \/ét_l(l = Gft)XO (1 = Cl’t)(l = @t—l) |

q(xe—1|xe, x0) = N | xe—1; 1 — a, 1 — ay

\ ) ;Lq&;,t) a Z:r(t) ’ )

® Forward (close-form)
- \/—— 4 \/1_—— — _ Xt—V1—aee
Xt = /(X X0 tEt X) = T

Var(l=&e—1)xe+v/@—1(1—ac)xo 1 =
> Ja (v Fe%e0)
Why not predict xp directly?

noise predictor c¢+(xo — X¢)



Forward Process : q(x¢|xi—q1) = N(x¢;Jarxe—q1, (1 — ap)l)
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— (X¢ — = BeI)

Reverse Process: p(xi_q1|xs) = N(x¢_1;
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Reverse Diffusion Process

Maximum Likelihood Estimation
Pg(x) Paaial(X)

- | Network |=—> s >
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Sample {x1,x?, ..., x™} from Pyara(x)

m
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We can compute Py (x') 6" = arg mf?xl—[ Py(x')
2?7 ks




Maximum Likelihood Estimation

PrJ{J.'] P:.fu.’.; {I) 7 ! A T, - .
'-__\‘_F//’l.l,rr’ E]Igﬂljlx n pﬂ (ml) (xg ) - oy | ay :-ri—-l: ) Ty
aprssnnnns > rf“ L E 1 s e — = —
k] ||\ f \“"-.I.II.I ;
\ | arg max E log ps (x,)
\ - il
A" i=1

@Optimization (view 1)

min — log pg(x0) < — log pa(xo0) + Dki (q(x1.7 | x0) || Po(x1:7 | X0))

q(x1:7 | xo0)
Po (XG:T)

min —log pa(x0) < Egix.11x0) {Iog ] (ELBO)

min — log pg(x0) < Eq(xl;'rl»m]

.
D (q(x7 | %0) | pH(XT))‘] + > Dre (q(xe—1 | xe,x0) || po(xe—1 | x)) —log po(x0 | x1)

g I 2 "l
prior term reconstruction term



Derivation Process



Derivation Process



Diffusion Model Test by Pytorch



Applications

TXT2IMG Robotics

LDM&DALLE Diffusion Policy




Application 01 —— E14 A4 j} txt2img

J H oD T 45 AR (text prompt)
TP AXt2ime? ™ e g g e

Stable Diffusio(LDM) DALLE 2 By OpenAl



Application 01 — E4 4, LDM

Have a try! Open Source

stability.ai

MidJourney

AR P i i 1)

https://github.com/AUTOMATIC1111/stable-diffusion-webui




Application 01 — E4 4, LDM




Application 01 — E4 4, LDM

(

Encoder
encoding image to
latent space

~

o

\
Decoder
decoding latent
space to image
J

Y J

\_

Pixel Space
raw image space

.




Application 01 — E4 4, LDM

Diffusion Process >

gradual denoising of
data

[ D

Latent Space
Representation
space for diffusion

Denoising
U-Net:
Denoising
architecture

Attention
Mechanism

Cross-attention
with QKV



Application 01 — E4 4, LDM

Conditioning ﬂ
Influencing model output
[ Semantic Map J \ﬁ

Visual representations

Text & Images >
Textual and visual inputs

Representation: <
Contextual conditioning




Application 01 —— LDM J5 3

Step 1 Step 2 AR#Eprompti =
Az Rl AL I =

ﬁ

Image In

Latent Space
Random tensor

in latent space

controlled by seed

Predicted Noise
in Latent Space

New Image Latent Image Predicted Noise After N Samplng I |

Step 3 XM Step 4 Decode A p 4




Application 01 —— E5§ 4 i, DALLE2

Have a tI'Y' API SuppOrted https://platform.openai.com/docs/overview




Application 01 —— E5§ 4 i, DALLE2




Application 02 —— LLaDA

J R AL e Bk Kl 5 AR ?

What is LLaDA? Large Language Diffusion with mAsking

A text generation method different from the traditional left-to-right approach



Application 02 —— LLaDA

542 Auto Regression

IR — A token, Fi: i token2 HF2 35K B :
£/ token i A Ak BUF= R ) f)ﬁi Hitokens Talk is Cheap, Show me the Code!

LLaDA Mask i3 B KB T diffusion ik 28 i 4
Pre-training SFT Sampling
Mask all tokens independently Prolmpt Respf)nse ProTnpt Response
. i = IS =1
¢ Mask ratiot ~ U(0,1) . e
=< < == ; =<y .
} ¢ = | 1
F 5
Mask predictor Mask predictor | Mask predictor ! §
L0 -
| | y ' ! Vo Vo §
| [ =~ : [ ] e
E Remask v v 1 3
B> Mask token i Remask i 7 =
Non-mask token ' Random mask




Application 02 —— LLaDA

Performance



Application 03 —— Robotics

Diffusion Policy



Application 03 —— Robotics

Image
Diffusion

Action
Diffusion



Application 03 —— Diffusion Policy
Action Multimodality

! oft? y More Sauce? )
- " -, - E v;.
Keep Pushing® ( e hd } |

Surprisingly Common



Application 03 —— Diffusion Policy




Application 03 —— Diffusion Policy

Action Space Scalability

O: #»| Policy M a: | single action

action sequence
O: M Policy M at | a1

dt+2 | dt+3 | dt+4 | At+5

Compute

Output Action Dimension

DiffusionPolicy



Application 03 —— Diffusion Policy




Application 03 —— Diffusion Policy

Approach

Stepl IZFrBe: 3 “EWB” I KU ZIOEREME, BERARHBFEYRMESIR “TH 3hfEx0

Step2 15373 DLBLRACALZ A Y BE &2
TG PR RE 2 B 7 1 R R s 1

Step3 InfoNCE#i2k: X3 “4F” shfE5 “W” i1k

Step4 HEEMBr: L AR Bh1E P S
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