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Perturbed distributions

Perturb with SDE
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Similar to original diffusion. Given:
x(t) € RY t € [0,1] x(0) ~ Po = Pdata

x(t) = a(t)x(0) + o(t)z,

Weighted data Weighted noise

where: z~N(0,I), a(t) : [0,1] — [0,1] o(t) : [0,1] — [0,00)
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Weight set

o Diffusion
model

Two usual approaches: x(t) = a(t)x(0) + o(t)z,

. . a(t) : [0,1] — [0,1] a(t) : [0,1] = [0, 00)
« Variance Exploding SDE (VE-SDE)

Forallt, a(t) =1
Large o(1) so  N(0,0%(1)I) gaussian noise
« Variance Preserving SDE (VP-SDE)

a?(t) +o%(t) =1 a(t) >0 as t—1
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Diffusion
model

Disclaimer:

Score, a noise generalization

Score, can be reduced to noise

Do not predict noise, predict score!
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Backward process

Diffusion
model

Approximate gradient Vxlogp:(x) with score:

sg(x(t),t)

Loss:

Lt — ]EX(O)diata,ZNN(O,I) [”UtSG (X(t)7 t) T Z”%]

score modeled on the noise..
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SDE solution via Euler-Maruyama method:

z(t) = z(t + At) + (0%(t) — o?(t + At))s )+ /o2t t+ At)z'

E = \/0‘2 — 0'2 t + At) Disclaimer! Always known quantity!
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Backward process

Diffusion
model 5

Given gradient approximation

SDE solution via Euler-Maruyama method:

z(t) = z(t + At) + (0%(t) — o?(t + At))s )+ /o2t t+ At)z'

e =+/0%(t) — o2(t + At)
r(t) = x(t + At) + e?sp(x(t), t) + ez’
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r(t) = z(t + At) + e?sy(z(t),t) + ez’

Intuitively

Previous location
Score/gradient/noise direction

Stochastic noise
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KID and L,

Realism: Kernel Inception Distance (KID)

* Subsample images

from same class .
KID ( e

« Compute similarity

Faithfulness: L,

« Between guide

and output
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t influence
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Algorithm

Algorithm 1 Guided image synthesis and editing with SDEdit (VE-SDE)
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Algorithm

Algorithm 1 Guided image synthesis and editing with SDEdit (VE-SDE)

Require: x(9) (guide), o (SDE hyper-parameter), N (total denoising steps)

At + %

z~N (O I

X X+ 0(ty)z Forward init

for n < N to 1do
t < to%
z ~ N(0,I)
e — /o2 (t) — o2(t — AY) Backward loop

X4+—X+e€ se(x t)+ez
end for
Return x
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Metrics & quantitative

Hard to compare generative methods

Faithfulness (pure number)
More realistic (comparison)

More satisfactory (comparison)

Baselines Faithfulness score (L) |  SDEdit is more realistic (MTurk) T  SDEdit is more satisfactory (Mturk) 1
In-domain GAN-1 101.18 94.96% 89.48%

In-domain GAN-2 57.11 97.87% 89.51%
StyleGAN2-ADA 68.12 98.09% 91.72%

ede 53.76 80.34% 75.43%

SDEdit 32.55 - -
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