
Inverse Imaging with Diffusion Models
Kien Deshpande

Department of Electrical Engineering, Stanford University

Motivation Approach
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Experimental Results

Diffusion models generate realistic output images 

interpolated from training data. These models can be 

applied to ill-posed inverse imaging problems with 

algorithms such as SDEdit, ScoreALD, DPS. Diffusion 

model inverse imaging addresses limitations of 

classical methods (Wiener filter, ADMM, HQS). 

Non-Diffusion Methods 

• Wiener Filter: resolution loss for high-noise inputs, 

unstable when transfer function near-zero 

• HQS, ADMM: restricted to simple priors (Laplace, L1, 

TV) for regularizing term of convex opt. problem 

• Hybrid methods: Wiener deblur with DnCNN denoise 
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22.97/0.15 26.3/0.12 28.65/0.06 34.53/0.02

SDEdit: at low t, faithful results retain inpaint and blur 

artifacts (insufficient added noise). High t, results 

approach unconditionally generated images. 

ScoreALD, DPS: DPS best results, improvement over 

ScoreALD by better approximation for the forward 

network gradient (no conditioning on noisy image). 

Noisy Input 

(conv, inpaint + forward process)
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Denoised Output,  ෞ𝑥0

ScoreALD crude approximation 

SDEdit no added guidance factor 

𝑥𝑡 = ത𝛼𝑡𝑥0 + 1 − 𝛼𝑡𝜖

Forward Diffusion

𝜖 ∼ 𝒩(0, I)

∇𝑥𝑙𝑜𝑔𝑝 𝐛|𝐱𝟎 ≈ ∇𝑥𝑙𝑜𝑔𝑝 𝐛|𝐱t
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1

𝛼𝑡
(𝑥𝑡 + 1 − 𝛼𝑡 ∇𝑥𝑡𝑙𝑜𝑔𝑝𝑡(𝑥𝑡))

Small t, close to input image

Large t, approaches rand noise

DDPM

DPS approximation using Tweedie’s Formula

Optional: algorithm dependent guidance factor 
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