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Denoising Diffusion Probabilistic Model (DDPM)

Encoder (forward/diffusion process) Decoder (reverse process) —————=

Use variational lower bound
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Denoising Diffusion Probabilistic Model (DDPM) - Forward Process

Sample a data point from a real data distribution and add small amount of Gaussian noise to it in Tin steps

XONQ(X) X1y XT

Step size controlled by a variance schedule {B: € (0,1)}L,

Use variational lower bound
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When T — oo, xdata sample loses all its features, and end up to complete Gaussian distribution
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Denoising Diffusion Probabilistic Model (DDPM) - Forward Process

Use variational lower bound
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g(x¢—1|%x:) is unknown

g(xe|xs-1) = N (x5 /1 — Bexy—1, BeI)  g(x1.7]%0) = HQ(Xt‘xt—l)
t—1

For get any intermediate sample x; do we have to sample all previous x; ?
No, we can sample at any time step t using reparameterization trick
Letatzl—ﬂtandc‘ut:]_[:-:lai €L 1+ €L_9y"%" NN(O,I)

Xe =vVaiXe 1 +vV1—o€:q
= Vara 1Xe-2 + \/1 = atatltét{%
— « merged Gaussians
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q(x¢|%0) = N (Xs5 v/ @iXo, (1 — @)T)

Merging Two Gaussians
N(0,01) N(0,521)
Merged Distribution
N(0, (o] + a3)I)

Merged STD

\/(1 — O!t) + O!t(]. — Odt_l) - \/1 — 1
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Denoising Diffusion Probabilistic Model (DDPM) - Forward Process

Use variational lower bound
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Denoising Diffusion Probabilistic Model (DDPM) - Reverse Process q(x: 1|x¢)

Use variational lower bound

Po(X¢—1[%:)
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Sample from conditional probability q(x;_1|X¢)

Generate sample from Gaussian noise X7 ~ N (0, 1)

Approximate conditional
probabilities by learning a Po(Xt—1|xXt)
model

T
po(Xo.r) = P(X7) HP@(Xt—l |x¢)

Po(Xi—1|X¢) = N(Xt—l; po(Xe,t), Xp(Xe, 1))
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Denoising Diffusion Probabilistic Model (DDPM) - Training

Use variational lower bound

Po(X¢—1[%:)
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Training is done by optimizing the variational bound on negative log likelihood

Peo (XO:T)
Q(Xl:T|XO)

E [-logpe(x0)] < E,|—log
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Denoising Diffusion Probabilistic Model (DDPM) - Training
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Denoising Diffusion Probabilistic Model (DDPM) - Training
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Denoising Diffusion Probabilistic Model (DDPM) - Training

Use variational lower bound
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 Itis shown in the [1] that reverse conditional probability is
tractible when conditioned on original sample

[Q(Xt—llxta XO)} — N(Xt—1; [l’t(xta XO)) BtI)a
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Denoising Diffusion Probabilistic Model (DDPM) - Training

E, || Dxr(a(xr|xo) | p(xr)) - Y Dic(g(xe—1]x¢,%0) || po(xi—1/%¢)) —log pa(xolx1)
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Since the
approximate
posterior g has no
learnable
parameters

This loss term is
ighored

« This can be learnable through
reparametrization.
 In practice this is fixed

q(xe|xe—1) = N (x5 /1 — tht_l,I) Bi = 107 1o Br = 0.02
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Denoising Diffusion Probabilistic Model (DDPM) - Training

ighored
Eq || Dicr.(q(xr[%0) || p(x)) > Dicr(q(xe—1[%¢,%0) || po(xi-1]%2)) —log pa(xo|x1)
E”;‘ s Lt 1 Ln

pa(Xt—1|Xt) = N(Xt—1§ Ng(Xt,t), Ea(Xt,t)) forl < t§ T

Parametrization of STD So(x¢,t) =021 + Thisis to untrain the time dependent constants

4 Both gives similar results
of =B Suitable for xo ~ N (0,I)

02 = By = 7215, Suitable if our data sample is a deterministic point

\ 105t
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predict posterior
mean that
matches with
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Denoising Diffusion Probabilistic Model (DDPM) - Training

ighored
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Denoising Diffusion Probabilistic Model (DDPM) - Training

Parametrization of Mean

o0, 1) = fi (xt, i Mw(xm) - (xt - e xm))

. function approximator intended to predict € from x
Sampling Xt 1 ~ po(X¢_1|x¢) pp p t
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Denoising Diffusion Probabilistic Model (DDPM) - Training Algorithm

Algorithm 1 Training

l: repeat

2: x0 ~ q(x0)

3: t ~ Uniform({1,...,7T})
4: €~ N(0,I)

5: Take gradient descent step on

Vo ||€ — €a(v/arxo + V1 — c_\zte,t)HQ

6: until converged

[1] Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in neural information processing systems 33 (2020): 6840-6851.



Denoising Diffusion Probabilistic Model (DDPM) - Sampling Algorithm

Algorithm 2 Sampling
l: xr ~ N(0,I)
2:fort="1T,...,1do Resembles Langevin
3: z~N(0,I)ift > 1,elsez=0 dynamics with €g
1 it as a learned gradient of
4 Xpo1 = T (Xt T oo, ©f (Xtat)) + Otz the data density
5: end for
6: return xg

87 — —_— 2| resembles denoising score matching over
By e [203%(1 — ait) le —eo(vaxo + V1= ae.1)] multiple noise scales indexed by ¢

[1] Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in neural information processing systems 33 (2020): 6840-6851.



Denmsmg lefusmn Probablllstlc Model (DDPM) - Results
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Figure 1: Generated samples on CelebA-HQ 256 x 256 (left) and unconditional CIFAR10 (right)




Denoising Diffusion Probabilistic Model (DDPM) - Results

Diffused source Source Rec. A=0.1 A=0.2 A=0.3 A=04 A=0.5 A=0.6 A=0.7 A=0.8 A=09 Rec. Source

Denoised
interpolation

Image
manifold
Pixel-space Source X
interpolation

Figure 8: Interpolations of CelebA-HQ 256x256 images with 500 timesteps of diffusion.



Denoising Diffusion Probabilistic Model (DDPM) and NCSN

( t) ~ V. ] ( ) score-based generative method learns the gradients of the data distribution
S9\X¢, L) =~ Vx, 1084\ Xt)  ysing score matching

x ~ N (u, 021) Given Gaussian distribution

Gradient of log PDF
Vy log p(x) = vx( — L — ;1,)2) — X £ L N(O,T)

q(x¢|x0) ~ N (v auxo, (1 — a)I)

S6(X1,t) = Vx, logq(x:) = Eq(x,) [V, log q(x:]x0)]

R [_ €9(X+, 1) } _ (X4
S N w0 R g
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Conditional Generation - Classifier Guided Generation

Include class information in the diffusion process

fo(lylxt,t) train a classifier on the noisy images
Vi log fo(y[x:)

Vi, logq(x;) = — ﬁ €s(Xt,t)  Previous slide

Score function of joint distribution q(x;, y)

Vx, log q(xt,y) = Vx, logq(x:) + Vx, log q(y|x:)
1

~ — €s(X¢, 1) + Vy, lo X
Vi o(Xt,1) g fo(ylxt)

1
— — (ea(x4,t) — V1 — @V, log fo(ylxt))
vV1—ay

€o(X¢,t) = €g(xe,t) — V1 — @V, log fo(ylxy)

€o(x¢,t) = €g(Tt,t) — /1 — @y wVy, log fs(y|x:) Weighted classifier guidance
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Conditional Generation - Classifier Guided Generation

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (g (), 29 (x¢)), classi-
fier ps(y|x:), and gradient scale s.

Input: class label y, gradient scale s
xr < sample from N (0, 1)
for all £ from 7' to 1 do
1,2 — pg(xs), Xo(xs)
ri_1 < sample from NV (u + sX V., log py(y|zs), X)
end for
return z

[1] Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." Advances in neural information processing systems 34 (2021): 8780-8794.
[2] https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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Figure 6: Samples from BigGAN-deep with truncation 1.0 (FID 6.95, left) vs samples from our
diffusion model with guidance (FID 4.59, middle) and samples from the training set (right).
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Conditional Generation - Classifier Free Guidance

po(x) €p(X¢t)  Unconditional diffusion model
po(x|y) €g(xs,t,y) Conditional diffusion model

« Learn both of them jointly using paired data
po(X|y) (%,9)

» Periodically discard conditioning information

Eﬂ(xtat) — eﬁ(xtatay — @)

The gradient of an implicit classifier can be represented with conditional and unconditional score estimators

vxt logp(ylxt) — th Ing(xt‘y) T vxt logp(xt)
S (coxer1,9) — €n(xs, 1))
m O\ Aty by O\ At

é@(xta tay) — Eﬁ(xtata y) —V fl = Qy wvxt logp(ylxt)
— Eﬁ(xtata y) o w(eﬁ(xta tay) - Eﬁ(xta t))
= (w + 1)eg(Xs, t,y) — weg(Xy, t)

[1] Ho, Jonathan, and Tim Salimans. "Classifier-free diffusion guidance." arXiv preprint arXiv:2207.12598 (2022).
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Condltlonal Generatlon Classmer Free Gmdance

(b) Classifier-free gmdance with w = 1.0: FID=12.6, 1S=170.1
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Conditional Generation - Classifier Free Guidance
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(c) Classifier-free guidance with w = 3.0: FID=24.83, IS=250.4
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