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Background - Inverse Problems

Origina
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Colorization

Source: Palette: Image to Image Diffusion Models, Saharia et al.
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Background - Inverse Problems

Inpainting

Source: Palette: Image to Image Diffusion Models, Saharia et al.
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Background - Inverse Problems

JPEG restoration

Source: Palette: Image to Image Diffusion Models, Saharia et al.
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Background - Inverse Problems

Main Idea: Given a degradation model h(.) and observations ¥ infer &

y = h(xzg) +n

U C I University of
California, Irvine




Background - Inverse Problems

Main Idea: Given a degradation model h(.) and observations ¥ infer &

y = h(xzg) +n

p(zo|y) o p(y|zo)p(z0)
p(ylzo) = N (h(x0), 03)
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Background - Inverse Problems

Main Idea: Given a degradation model h(.) and observations ¥ infer &

|dea: Use pretrained

p(zoly) o< p(y|zo)p(zo) generative models
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Background - Inverse Problems with Ditffusion Models

Main Idea: Condition the reverse diffusion process on the degradations Y

diL‘t

E = Emt — %GtG:th ]-ng(xt)
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Background - Inverse Problems with Diffusion Models

Main Idea: Condition the reverse diffusion process on the degradations Y

= Fyx; — GtG;r V., logp(z:)

d.’Et

7 Ftwt — —GtGTth IOgP($t|'£/)

U C I University of
California, Irvine




Background - Inverse Problems with Diffusion Models

Main Idea: Condition the reverse diffusion process on the degradations Y

= Fyx; — GtG;r V., logp(z:)

d.’Et

7 Ftwt — —GtGTth IOgP($t|'£/)

Vg, logp(zi|y) = Vi, logp(zt) + we Ve, log p(y|zt)
~ 59(x¢, 1) +wy Vo, log p(yle:)
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Background - Inverse Problems with Diffusion Models

Main Idea: Condition the reverse diffusion process on the degradations Y

= Fyx; — GtG;r V., logp(z:)

d.’Et

7 Ftwt — —GtGTth IOgP($t|'£/)

d;tt F; — —GtG [sﬁ(wt,t) + Wi Ve, logp(ylwt)]
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Background - Inverse Problems with Diffusion Models

& — B, — 1G,G] [so(,t) +w, Vs, log p(y|z:)]

Caveat 1: Can use a pretrained score model so(x¢,t)
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Background - Inverse Problems with Diffusion Models

& — B, — 1G,G] [so(,t) +w, Vs, log p(y|z:)]

Caveat 1: Can use a pretrained score model so(x¢,t)

Caveat 2: Need to approximate Vg, log p(y|z:)
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ith Diffusion Models

Background - Inverse Problems w

dt

I — F, - 1G,G [s9(1,t) + wi Vo, log p(y|z:)]

Caveat 1: Can use a pretrained score model so(x¢,t)

Caveat 2: Need to approximate Vg, log p(y|z:)

p(zo |zt )dxg

p(ylz:) = [Ip(y|zo)

Degradation Model
N (h(z0), o)
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Background - Inverse Problems with Diffusion Models

dx;
& — B, — 1G,G] [so(,t) +w, Vs, log p(y|z:)]

Caveat 1: Can use a pretrained score model so(x¢,t)

Caveat 2: Need to approximate Vg, log p(y|z:)

p(ylz:) = [p(y|zo)p(zo|2: )dao

Diffusion Posterior
DPS: p(xg|x:) ~ 6(Elzg|z])
MGDM: p(zo|zt) ~ N (E[zo|z:], Et)
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Setup - Inverse Problems

Degradation Model (Linear): y = Hzxy + 0y2, p(y|zo) = N (Hzg,021)
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Setup - Inverse Problems

Degradation Model (Linear): y = Hzxy + 0y2, p(y|zo) = N (Hzg,021)

Posterior Approximation(ricbM) — p(zo|z¢) ~ N (Z¢, 72 1,)

Ty = Elzo|z¢] = @ + 0259(24, 1)
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Setup - Inverse Problems

Degradation Model (Linear): y = Hzxy + 0y2, p(y|zo) = N (Hzg,021)

Posterior Approximation(ricbM) — p(zo|z¢) ~ N (Z¢, 72 1,)

Ty = Elzo|z¢] = @ + 0259(24, 1)

Noisy Likelihood p(ylzt) = [p(zo|z:)p(y|zo)dzo

= N (Hzy, 2 HH'" + 021,)
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Setup - Inverse Problems

Degradation Model (Linear): y = Hzxy + 0y2, p(y|zo) = N (Hzg,021)
Posterior Approximation(ricbM) — p(zo|z¢) ~ N (Z¢, 72 1,)
Ty = Elzo|z¢] = @ + 0259(24, 1)

Noisy Likelihood Score (y— Hz)' (rP?HH'" +021;)" 1H6mt

Va, logp(y|zt) oy, =0 [Noiseless inverse problems]

ry [H*(y t)‘%t}
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Setup - Inverse Problems

Degradation Model (Linear):

Posterior Approximation(TiGDM)

Noisy Likelihood Score
Vaz, log p(y|zt)

y = Hzg + 0,2, p(y|zo) = N (Hzg,021)

p(zo|zs) =~ N (Zy, 72 14)

jt:E

xo|xi] = Tt + 0250 (4, 1)
Hf (y — H.T:t) g—it] [Noiseless inverse problems]
| t

oy =10
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Setup - Inverse Problems

Degradation Model (Linear):

Posterior Approximation(TiGDM)

Noisy Likelihood Score
Vaz, log p(y|zt)

y = Hzg + 0,2, p(y|zo) = N (Hzg,021)

p(zo|zs) =~ N (Zy, 72 14)

jt:E

xo|xi] = Tt + 0250 (4, 1)

Oz

Hf (y — H.T:t) 8—%] [Noiseless inverse problems]

oy =10

H' = HT(HH") ! denotes the "Pseudo-Inverse” of the degradation operator H
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Setup - Inverse Problems

Degradation Model (Linear): y = Hzxy + 0y2, p(y|zo) = N (Hzg,021)
Posterior Approximation(ricbM) — p(zo|z¢) ~ N (Z¢, 72 1,)

Ty = Elzo|z¢] = @ + 0259(24, 1)
Noisy Likelihood Score r, 2 H (y — H;ﬁt)g—iz
V., log p(y|z:) ) o, =0

] [Noiseless inverse problems]

& — Fy, — 1G,G] [so(@s,t) + w, Vo, log p(y|as)]
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Motivation

. . . — . ) axt - T
Noisy Likelihood Score ry2 {HT (y — Hz:) ath
V., log p(y|z:)
Vector Jacobian
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Motivation

Noisy Likelihood Score —2 {H’f (y — Ha,) acr:tJT

a.’L’t

V., log p(y|z:)

d
% = F — %GtGZ so(x¢,t)

+ w

Score Function

Evaluation

o

V2, log p(y|z:)

Jacobian-Vector
Product

| I

Solving Inverse Problems with pretrained models is very slow!
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Conditional Conjugate Integrators - Overview

Project to another space

¢(wtsaH7wt7ts)
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Conditional Conjugate Integrators - Overview

Well Conditioned space
(Better sampling efficiency!)

Project to another space

¢(wtsaH7wt7ts)
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Conditional Conjugate Integrators - Overview

¢_1(§307Hawt70)

Project back when done

Project to another space

LT ¢(wts7H7wt7t8)
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Conditional Conjugate Integrators - Formulation

Original Space: % = F; — %GtG;r [s9(z¢,t) + we Vo, log p(y|z:)]

C%t = AtCL't

Projected Space: % — 4, B A7 &, + dByey (1, t) + dByy + dB, [amt e (0, t)(Hly — P;zo)]

4 =exp | fy B, - (F, + 22-G,G P)]
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Conditional Conjugate Integrators - Formulation

Original Space: % = F; — %GtG;r [s9(z¢,t) + we Vo, log p(y|z:)]
C??t == Atmt

diEt

Projected Space: = AB, A d, + d®yeg(z,,t) + dB,y + dB,; [amt eo(21,t)(Hly — Pay )]

4 =exp| [y B, — (Fo + 222G,G] P) ]

P = H' H denotes the Orthogonal Projector operator
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Conditional Conjugate Integrators - Design Space

Choice of Diffusion (VP-SDE): Fy=—381a G = /Bl

Score Parameterization: Coin) =0 sp(x¢,t) = C, (t)eg (x4, 1)
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Conditional Conjugate Integrators - Design Space

Choice of Diffusion (VP-SDE):

Score Parameterization:

Projection:

Design Choice:

Fr=-18ls G,= /Bl

Coin ) =0 8g(ms,t) = Cy e (t)eg (s, 1)
T = Ay

B; = A\

U C I University of
California, Irvine




Conditional Conjugate Integrators - Design Space

Choice of Diffusion (VP-SDE):  Fy = —38ls Gy = /Bil4

Score Parameterization: Coin®) =0 sg(zs,t) = C i (t)eg (e, 1)
Projection: Ty = Ay
Design Choice: B; = A\,

At:exp[fOB (F—I—wr GGTP)]

Ay = K (N, we) [Id + 2\, wt)P]

U C I University of
California, Irvine




Conditional Conjugate Integrators - Results (4x SR)

Conjugate-TIGDM Reference

Degraded Input
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Conditional Conjugate Integrators - Results (4x SR)

Diffusion Results |

| C-IIGDM 1IGDM DPS DDRM|C-IIGDM IIGDM DPS DDRM |C-IIGDM IIGDM DPS DDRM

5 0.220 0.306 2.7 6.3 37.31 49.06

Super-Resolution | 10 0.206 0.252 0.252 0.318 1.6 4.8 5.8 14.1 34.22 4430 38.18 51.64
20 0.207 0.222 1.7 2:5 34.28 37.36
5 0.272 0.349 3.89 14.1 44.42 63.94

Deblurring 10 0.272 0.294 0.619 0.336 3.6 53 595 123 43.37 47.80 139.58 62.53
20 0.268 0.259 3.5 42 43.70 44.20

4x improvement in Speed-vs-Quality Tradeoffs over vanilla TIGDM
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Conditional Conjugate Integrators - Results (Noisy 4xSR)

Conjugate-TIGDM

Reference
(5 steps)

Degraded Input

o, = 0.05

Extends to Non-linear inverse
problems as well

Afy = A; + e HY(HT)T + O(op)
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lll-Conditioned Better-Conditioned
Dynamics Dynamics
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