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Constrained Sampling

Task:

Using the Stable Diffusion text-to-image
model, inpaint the missing half Sampling under constraints with a diffusion model

1: Input: Diffusion model & (x;), schedule o, 3;, step size s,

constraint C'(xg,y), learning rate A, optimization steps K.
Outline of

. 2: x ~ N(O, I)

algor|t.hmfor 3: fort =TT —s,T —2s,...,sdo

sampling under . o .

constraints 4:  // Optimize latent for constraint

> 5. fori=1,2,...,K do

6: // Compute error
7: // non-linear: gradient descent | linear: closed-form
8: e =V3,C(&9,y) or e = Solverc (o, y)
9: // Compute update direction and perform step
10: e, =F(J,e)
11: Ly = Lt — )\et
12:  end for
13:  // Run diffusion step
14: Zy ~ N(O, I)
15: € = \/1_1%753:1/ — \/\{Tisiﬁo(a‘:t)

16 Ty = \Jou_sxo(Ts) + \/1 — s — 7€+ Biosz
17: end for
18: Return: x
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Using the Stable Diffusion text-to-image
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constraint C'(xg,y), learning rate A, optimization steps K.
Outline of
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sampling under Ontimize 1 for constrai
constraints 4@ // ‘I)tllllléﬁ atent for constraint
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B We transform the error from // Compute update direction and perform step
the output space (e: clean image) _F(J
to the input space (e;: noisy image) €: = ( ) e)

using the denoiser Jacobian J Ty = Ty — A



Constrained Sampling

@ we transform the error from // Compute update direction and perform step
the output space (e: clean image) _F(J
to the input space (€;: noisy image) €: = ( 76)
using the denoiser Jacobian J Ty = Ty — A

"Local" Descent

x, =x; — Me

v Cheap:

Constraint enforced locally
X Inaccurate:

Fails at capturing long-range
dependencies

MPGD [2]
Time:18s
Memory: 9GB
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B We transform the error from // Compute update direction and perform step
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Constrained Sampling

B We transform the error from // Compute update direction and perform step
the output space (e: clean image) . ]:(J )
to the input space (€;: noisy image) €: = e
using the denoiser Jacobian J Ty = Ty — A
"Local" Descent Gradient Descent Inexact Newton (Ours)
x, =x; — Me x,=x, — \Je x, =z — NJe

v Cheap: X Expensive: v Cheap:

Constraint enforced locally Backpropagation is slow & memory-heavy No backpropagation

X Inaccurate: v Accurate: v Accurate:

Fails at capturing long-range Constraint backpropagated through Captures long-range

dependencies network — captures long-range effects dependencies

MPGD [2] PSLD [1] FreeDoM [3] Ours

Time:18s Time: 8min Time: Tmin Time: 15s
Memory: 9GB Memory: 17GB Memory: 17GB Memory: 9GB



Inexact Newton for constrained sampling

Why is this a Newton method?
@ We need to solve the system: Je; — e

Newton-Gauss (single-step): €; = J_le

@ To avoid computing J! we can iteratively solve
with inexact steps [5]. We propose the step

Inexact Newton (multiple steps): e; = e; — A\Je



Inexact Newton for constrained sampling

Why is this a Newton method? Why is it cheaper than gradient descent?

@ We need to solve the system: Je; — e @ The Jacobian-vector product can be computed
with two forward passes.
Newton-Gauss (single-step): €; = J_le
Zo(xy + de) — xo(xy)
@ To avoid computing J! we can iteratively solve Je~ 5
with inexact steps [5]. We propose the step

, @ This is cheaper than backpropagation
Inexact Newton (multiple steps): e; = €; — Ae (gradient descent)



Results - Linear constraints

Ground Truth

Inpaint (Free-form)

Method PSNR 1 LPIPS | FID | Time

P2L+ ceptions 91,99

LDPS 21.54
PSLD 20.92
Ours 21.73

0.229
0.332
0.251
0.258

32.82
46.72
40.57
19.39

30m
6m
8m
15s

Super-res (x8)
Method ~ PSNR 1 LPIPS | FID | Time

P2Lt captions 93 38 0.386 51.81 30m
LDPS 23.21 0.475  61.09 6m
PSLD 23.17 0.471  60.81 8m
Ours 24.26 0.455 60.99 1m
Qurs™ captions 24 95 0.405 44.74 1m




Results - Linear constraints

Inpaint (Free-form) Super-res (x8)
Method PSNR 1 LPIPS | FID | Time _Methed PSNRT LPIPS| FID | Time
—— P2L* captions 9338 (.386 51.81 30m
PoL* ceptions 9199 0.229  32.82 30m LDPS 2321 0475 61.09 6m
LDPS 2154  0.332 46.72 6m PSLD 2317 0471 60.81 8m
PSLD 20.92 0251 40.57 8m Ours 24.26 0455 60.99 1m
Ours 21.73 0.258 19.39 15s Ours™t eaptions 94 95 (0,405 44.74 1m

@ Inpainting: Better consistency between the given
and missing regions (FID !)




Results - Linear constraints

Ground Truth

Inpaint (Free-form)
Method PSNR 1 LPIPS | FID | Time

P2L+ captions 27 99 0.229  32.82 30m

LDPS 21.54 0.332  46.72 6m
PSLD 20.92 0.251  40.57 8m
Ours 21.73 0.258 19.39 15s

Super-res (x8)
Method PSNR 1 LPIPS | FID | Time

P2Lt captions 93 38 0.386 51.81 30m
LDPS 23.21 0.475  61.09 6m
PSLD 23.17 0.471  60.81 8m
Ours 24.26 0.455 60.99 1m
Qurs™ captions 24 95 0.405 44.74 1m

@ Inpainting: Better consistency between the given

and missing regions (FID !)

@ super-resolution: Similar quality at a fraction of

the inference time



Results - Linear constraints

Masked Image PSLD FreeDoM MPGD SD-Inpaint Ours Image
: E T ([ s : :

&L Inpaint (Box)

Method PSNR 1 LPIPS | FID | Time
LDPS 17.52 042 76.32 6m
PSLD 17.30 0.38 74.02 8m
FreeDoM 16.18 0.42  55.68 1m

Ours (K =5, A =0.5) 18.30 0.30  42.01 15s

Ours (K =2, A=0.5) 18.01 0.39 68.75 Ts
Ours (K =5, A=1.0) 17.48 0.32  47.20 15s

SD-Inpaint 19.05 0.28 3293 4s
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Results - Linear constraints

Masked Image PSLD FreeDoM MPGD SD-Inpaint Ours Image
. ‘ ; % Inpaint (Box)
Method PSNR 1 LPIPS | FID | Time
LDPS 17.52 042 76.32 6m
PSLD 17.30 0.38  74.02 8m
FreeDoM 16.18 0.42 55.68 1m

Ours (K =5, A =0.5) 18.30 0.30  42.01 15s

Ours (K =2, A=0.5) 18.01 0.39 68.75 Ts
Ours (K =5, A=1.0) 17.48 0.32  47.20 15s

SD-Inpaint 19.05 0.28 3293 4s

@ Box Inpainting: Other methods
fail at long-range consistency

\\\ @ Our results are the closest to
IR full fine-tuning (SD-Inpaint)



Results - Non-linear constraints

Style-guided generation

Ours FreeDoM MPGD

"a cat wearing glasses"

g

=

)
Method Style Score | CLIP 1 Time
DDIM 761.0 31.61 9s
FreeDoM 498.08 30.14  80s
MPGD 441.00 26.61  50s
Ours (w = 2) 368.37 23.95  45s
Ours (w =5) 310.96 24.57  45s

OursOPenCLIP () = 5) 43445  25.94  45s




Results - Non-linear constraints

Style-guided generation

Ours

FreeDoM MPGD

"a cat wearing glasses"

"a box"

Method Style Score | CLIP 1 Time . Style guida nce.:

DDIM 7610 3161 9 Better results with the
FreeDoM 498.08 30.14 80s

MPGD 441.00 26.61  50s SRS comDUte

Ours (w = 2) 368.37 23.95  45s

Ours (w =5) 310.96 24.57  45s

OursOPenCLIP () = 5) 43445  25.94  45s
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