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Diffusion probabilistic models (soni-pickstein et al 2015)
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Diffusion probabilistic models (soni-pickstein et ai 2015)
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Diffusion probabilistic models (sonhi-pickstein et al 2015)

Reverse process
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Diffusion Probabilistic Model

« Diffusion model aims to learn the reverse of noise generation procedure
» Forward step: (Iteratively) Add noise to the original sample

- The sample x, converges to the complete noise x; (e.g., ~ N (0,1))
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Diffusion Probabilistic Model

« Diffusion model aims to learn the reverse of noise generation procedure

Forward step: (Iteratively) Add noise to the original sample

—+ The sample x; converges to the complete noise x; (e.q., ~ N (0, 1))

Reverse step: Recover the original sample from the noise

— Note that it is the "generation” procedure
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Connection with VAE Models
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5.2 What 1s a Markov Chain?

* One special type of discrete-time is called a Markov
Chain,

* Definition: A discrete-time stochastic process is a
Markov chain if, for 1 =0,1,2... and all states

PX,.,=1,X, =i, X, =i, ... X =), X¢=hy)
:P(X.r | f:'fr- le; - I.r)
* Essentially this says that the probability distribution

of the state at time 7+1 depends on the state at time
1(i)) and does not depend on the states the chain

passed through on the way to i, at time 1.



Loss

VLBloss E[-logps(xo)] < E, [LT + 3 Dy (g(xe-1]xe:%0) || PalBESRE)) + Lo]

t>1
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Loss

VLBloss . D Dy (e xo) | @RGEEESRY
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Loss

VLB loss \ LoD Dk (qlxe-fxes o) || PRGEERIRE)
DSMloss  couerit + ||c — E(Vaxo VIS aat)|”

Algorithm 1 Training

. repeat
x o q xo . . .
% Un(ifor)m({l, s TP From variational inference to

€~ N(0,I) T :
Thke gradient descent step on denoising score matching

Vo ||l€ — €o(v/@ixo + V1= aee, t)||”

6: until converged
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Diffusion Probabilistic Model

« Diffusion model aims to learn the reverse of noise generation procedure

« Network: Use the image-to-image translation (e.g., U-Net) architectures

G;

Recall that input is x, and output is x,_,, both are images

It is expensive since both input and output are high-dimensional

Note that the denoiser uy(x,, t) shares weights, but conditioned by step ¢

G;

JZx downsampling

Residual blocks




Sampling

Algorithm 2 Sampling

I; XT ~N(0,I)

Shows that Langevin dynamics is the § ";’i}fé‘ i')'i; ,"; I diiso

natural sampler for DSM & X1 = e (x, — ﬁeo(x,,g)) + 0.2
5
6

. end for
. return xo




+ Forward Process:

— The forward process adds noise to the data xy ~ g(xg), for T time steps.

q(xe|ze 1) = Nz Vagze 1, (1 — o)1)

T
g(z1.1|w0) = H g(z¢|Ti—1)

t=1

where «...... a; 1s the variance schedule.

— We can sample x; at any time step t with

q(ze|20) = N (we; /e, (1 — @) 1)

t
{ft= II(IH

s=1

T = Vo, + 1 — e with € ~ N(e:0,1) T

Ti_1] = /¥4 _1T¢_2 + mﬁ- with € """"J'\.I'({E; u:' I) _
~ N(ze; Vagzo, (1 — a;) 1)




Reverse process

— The reverse process removes noise starting at p(zr) = N(xp:0,I) for T time steps.

P9(33t—1|1-‘f] = N{j:t—l; Ma(—’ﬂt, t)r Eﬁ'(mh f))

T
po(zor) = polzr) | [ pol@izi|z:)
i=1
1 1 — Xy

f are the parameters we train.
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Diffusion models can generate high quality samples
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Diffusion models can generate high quality samples
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Diffusion Model is All We Need?

« Trilemma of generative models: Quality vs. Diversity vs. Speed

« Diffusion model produces diverse and high-quality samples, but generations is slow

High
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