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Posterior Sampling

Problem Setup

Given measurements y and a measurement operator 𝐴, find a sample 𝑥 that satisfies
 y = Ax + n,

 where x ∈ 𝑅! , 	A ∈ 𝑅"×!	, 𝑦 ∈ 𝑅" , 𝑛 ∈ 𝑁 0, 𝜎%&𝐼" .
 Posterior Sampling & Optimization

For any 𝑥~𝑃, let us denote by 𝑃 𝑦 𝑥 ≔ 𝑁(𝑦; 𝐴𝑥, 𝜎%&𝐼) the probability density of 
the measurement 𝑦 given 𝑥. Given 𝑦~𝑃 𝑦 𝑥 , the goal is to sample from 𝑃 𝑥 𝑦 .

𝑥∗ = argmax
(
log 𝑃 𝑥 𝑦 	⍺	 log 𝑃 𝑦 𝑥 𝑃 𝑥 = log𝑃 𝑦 𝑥 + log𝑃(𝑥)

Bayes’ theorem PriorLikelihoodPosterior

Stable Diffusion model has emerged as a powerful new prior for sampling 𝑃 𝑥 𝑦 .



Posterior sampling present two unique challenges: 

i. Challenge 1: Inexact score function

• Require 𝛻(! 𝑙𝑜𝑔 𝑃) 𝑥)|𝑦 , have access to 𝛻(! 𝑙𝑜𝑔 𝑃) 𝑥) ≈ 𝑆*(𝑥) , 𝑡)

i. Challenge 2: Likelihood approximation

• Posterior sampling requires samples from 𝑃 𝑥|𝑦 :

Challenges for Posterior Sampling
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𝑑𝑥 = 𝑓 𝑥, 𝑡 	− 𝑔& 𝑡 (	𝛻(!𝑙𝑜𝑔 𝑃) 𝑥) + 𝛻(! 𝑙𝑜𝑔 𝑃)(𝑦|𝑥))	 𝑑𝑡 + 𝑔 𝑡 	𝑑𝑤	

Question: How well can we approximate 𝛻(! 𝑙𝑜𝑔 𝑃)(𝑦|𝑥))	?

Get from 
Diffusion
Model J

𝑑𝑥 = 𝑓 𝑥, 𝑡 	− 𝑔& 𝑡 ∇(! log 𝑃) 𝑥)|𝑦 	𝑑𝑡 + 𝑔 𝑡 	𝑑𝑤	



Posterior sampling using Pixel-Space Diffusion Models
• Posterior sampling requires samples from 𝑃 𝑥|𝑦 :

Method: Diffusion in Pixel-Space
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𝑑𝑥 = 𝑓 𝑥, 𝑡 	− 𝑔& 𝑡 (	𝛻(!𝑙𝑜𝑔 𝑃) 𝑥) + 𝛻(! 𝑙𝑜𝑔 𝑃)(𝑦|𝑥))	 𝑑𝑡 + 𝑔 𝑡 	𝑑𝑤	

QuesOon: How well can we approximate 𝛻(! 𝑙𝑜𝑔 𝑃)(𝑦|𝑥))	?

DPS approximation [Chung et al. ICLR’2023]:

    𝑃) 𝑦 𝑥) ≈ 𝑃 𝑦 M𝑥+ = 𝐸 𝑥+ 𝑥) = 𝑁(𝑦; 𝜇 = 𝐴M𝑥+, 𝜎 = 𝜎%𝐼)

where M𝑥+ =
,
-!	

𝑥) + 1 − 𝛼) 𝑆* 𝑥) , 𝑡
Get from 
Diffusion
Model J

Tweedie’s formula

Challenge iii. Computationally very expensive. Requires gradients to be 
computed in the pixel space. Hard to scale to higher resolution images.



Posterior sampling using Latent-Space Diffusion Models (e.g. Stable Diffusion)
• Posterior sampling requires samples from 𝑃 𝑥|𝑦 :

Method: Diffusion in Latent-Space 
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𝑑𝑧 = 𝑓 𝑧, 𝑡 	− 𝑔& 𝑡 (	𝛻.!𝑙𝑜𝑔 𝑃) 𝑧) + 𝛻.! 𝑙𝑜𝑔 𝑃)(𝑦|𝑧))	 𝑑𝑡 + 𝑔 𝑡 	𝑑𝑤	

Question: How well can we approximate 𝛻.! 𝑙𝑜𝑔 𝑃)(𝑦|𝑧))	?

Latent-DPS approximation [RRDCDS’2023]:

   𝑃) 𝑦 𝑧) ≈ 𝑃 𝑦 𝐷𝑒𝑐 V𝑧+ = 𝑁(𝑦; 𝜇 = 𝐴𝐷𝑒𝑐( V𝑧+), 𝜎 = 𝜎%&𝐼)

where V𝑧+ = 𝐸[𝑧+|𝑧)] =
,
-!	

𝑧) + 1 − 𝛼) Y	𝑆*(𝑧) , 𝑡)
Get from 
Stable
Diffusion J

Tweedie’s formula

Stable Diffusion V-1.5

 𝑧) ∈ 𝑅/0×/0	 and
 𝑥) ∈ 𝑅1,&×1,& 

Challenge iv. Many-to-one mapping of encoder. Training is unstable. 
Does not converge to the true underlying sample. 



Posterior sampling using Latent-Space Diffusion Models (e.g. Stable Diffusion)
• Posterior sampling requires samples from 𝑃 𝑥|𝑦 :

Method: Diffusion in Latent-Space 
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𝑑𝑧 = 𝑓 𝑧, 𝑡 	− 𝑔& 𝑡 (	𝛻.!𝑙𝑜𝑔 𝑃) 𝑧) + 𝛻.! 𝑙𝑜𝑔 𝑃)(𝑦|𝑧))	 𝑑𝑡 + 𝑔 𝑡 	𝑑𝑤	

Question: How well can we approximate 𝛻.! 𝑙𝑜𝑔 𝑃)(𝑦|𝑧))	?

GML-DPS approximation [RRDCDS’2023]:

 ∇.! log 𝑃(𝑦|𝑧)) = ∇.!𝑃 𝑦 𝑥+ = 𝐷𝑒𝑐 𝐸 𝑧+ 𝑧) + 𝛾)∇.!||𝐸 𝑧+ 𝑧) − 𝐸𝑛𝑐(𝐷𝑒𝑐(𝐸[𝑧+|𝑧)]))||

where V𝑧+ = 𝐸[𝑧+|𝑧)] =
,
-!	

𝑧) + 1 − 𝛼) Y	𝑆*(𝑧) , 𝑡)
Get from 
Stable
Diffusion J

Tweedie’s formula

Stable Diffusion V-1.5

 𝑧) ∈ 𝑅/0×/0	 and
 𝑥) ∈ 𝑅1,&×1,& 

Look for a fixed 
point of the VAE

Challenge v. Many potential solutions exist. Requires a specific choice 
of step size 𝛾), see Theorem 3.7 [RRDCDS’2023)] 



Posterior sampling using Latent-Space Diffusion Models (e.g. Stable Diffusion)
• Posterior sampling requires samples from 𝑃 𝑥|𝑦 :

Method: Diffusion in Latent-Space 
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𝑑𝑧 = 𝑓 𝑧, 𝑡 	− 𝑔& 𝑡 (	𝛻.!𝑙𝑜𝑔 𝑃) 𝑧) + 𝛻.! 𝑙𝑜𝑔 𝑃)(𝑦|𝑧))	 𝑑𝑡 + 𝑔 𝑡 	𝑑𝑤	

Question: How well can we approximate 𝛻.! 𝑙𝑜𝑔 𝑃)(𝑦|𝑧))	?

PSLD approximation [RRDCDS’2023]:

 ∇.! log 𝑃(𝑦|𝑧)) = ∇.!𝑃 𝑦 𝑥+ = 𝐷𝑒𝑐 𝐸 𝑧+ 𝑧) + 𝛾)∇.!||𝐸 𝑧+ 𝑧) − 𝐸𝑛𝑐(𝐴2𝑦 + (𝐼 − 𝐴2𝐴)𝐷𝑒𝑐(𝐸[𝑧+|𝑧)]))||

where V𝑧+ = 𝐸[𝑧+|𝑧)] =
,
-!	

𝑧) + 1 − 𝛼) Y	𝑆*(𝑧) , 𝑡)
Get from 
Stable
Diffusion J

Tweedie’s formula

Stable Diffusion V-1.5

 𝑧) ∈ 𝑅/0×/0	 and
 𝑥) ∈ 𝑅1,&×1,& 

Look for the fixed point of the 
VAE using gluing objective

SoluOon: Gluing objecOve converges to unique soluOon if it exists. Works 
with any choice of step size 𝛾), see Theorem 3.8 [RRDCDS’2023]. 



Experimental Results: Overall pipeline of our proposed framework from left to right
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Experimental Results: Comparison with commercial inpainting services that use Stable Diffusion
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Experimental Results
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Quantitative results on FFHQ 256x256 using Stable Diffusion V-1.5



Experimental Results: Web applicaJon for user defined masks 
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HuggingFace/Spaces

https://huggingface.co/spaces/PSLD/PSLD


Any questions can be sent to:
litu.rout@utexas.edu

Thanks for listening!
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