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3D inverse problems in medical imaging
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Results (8-view sparse CT)
13.36 / 0.404 14.19 / 0.537 15.65 / 0.674

33.34 / 0.938 34.23 / 0.968 34.06 / 0.960

Coherent results across the whole volume
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Results: general inverse problem solver
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Diffusion models

Data Noise

Reverse denoising process
Generate data from noise by denoising, learned
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Inverse problems
Imaging system

𝒜𝒜𝐱𝐱 𝜼𝜼

noise

𝐲𝐲

Imaging systems cast as the above forward model

• Acquiring the image 𝐱𝐱: inverse problem

• System naturally ill-posed: what is the best solution?

• Ex: microscopy, MRI, CT, optics, etc.
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Diffusion models for inverse problems (DIS)

Diffusion Model

Denoise Updated denoise result

Gaussian noise

Linear combination

Wang et al., “Zero-shot image restoration using denoising diffusion null-space models”, ICLR 2023



Solving 3D Inverse Problems using Pre-trained 2D Diffusion ModelsHyungjin Chung CVPR 2023

Diffusion models & Bayesian inference

∇𝐱𝐱𝑡𝑡log 𝑝𝑝 𝐱𝐱𝑡𝑡 𝐲𝐲 = ∇𝐱𝐱𝑡𝑡log 𝑝𝑝 𝐲𝐲 𝐱𝐱𝑡𝑡 + ∇𝐱𝐱𝑡𝑡log 𝑝𝑝 𝐱𝐱𝑡𝑡
DenoiserMeasurement

process

Song et al., “Score-based generative modeling through stochastic differential equations”, ICLR 2021
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DIS heavily focused on 2D problems

Kawar et al., “Denoising Diffusion Restoration Models”, NeurIPS 2022

Chung et al., “Diffusion Posterior Sampling for General Noisy Inverse Problems”, ICLR 2023

DDRM DPS
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DIS heavily focused on 2D problems

Song et al., “Solving inverse problems in medical imaging with score-based generative models”, ICLR 2022

Chung et al., “Score-based diffusion models for accelerated MRI”, MeDIA 2022

Song et al. Score-MRI
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Practical 3D Inverse Problems
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3D problems?
 3D representations are memory heavy

• Voxels: Hard to deal with > 128^3 data

• Point clouds / Mesh / NeRF: Compact representation, but not suitable for 

medical imaging inverse problems

 3D voxel diffusion?

• The whole diffusion process stays in the data dimension

• Computationally too heavy
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DiffusionMBIR: factored prior

𝑝𝑝𝜃𝜃 𝐱𝐱 𝐲𝐲 ∝ 𝑝𝑝𝜃𝜃 𝐱𝐱 𝑝𝑝(𝐲𝐲|𝐱𝐱)
Posterior

Prior (our interest)

Likelihood (given)
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DiffusionMBIR: factored prior

𝑝𝑝𝜃𝜃 𝐱𝐱 𝐲𝐲 ∝ 𝑝𝑝𝜃𝜃 𝐱𝐱 𝑝𝑝(𝐲𝐲|𝐱𝐱)
Posterior

Prior (our interest)

Likelihood (given)

𝑝𝑝𝜃𝜃 𝐱𝐱 ≔ 𝑝𝑝𝜃𝜃
𝑥𝑥𝑥𝑥 𝐱𝐱 𝑝𝑝𝑧𝑧(𝐱𝐱)

Proposal: factored prior
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Diffusion + model-based prior

∇𝐱𝐱 log𝑝𝑝𝜃𝜃
𝑥𝑥𝑥𝑥 𝐱𝐱 ≃ 𝑠𝑠𝜃𝜃∗(𝐱𝐱) Generative diffusion prior (𝑥𝑥𝑥𝑥):

Pre-trained 2D diffusion model

− log𝑝𝑝𝑧𝑧 𝐱𝐱 ≃ 𝑇𝑇𝑉𝑉𝑧𝑧(𝐱𝐱) Model-based prior (𝑧𝑧):
Total-variation to impose smoothness

𝑝𝑝𝜃𝜃 𝐱𝐱 ≔ 𝑝𝑝𝜃𝜃
𝑥𝑥𝑥𝑥 𝐱𝐱 𝑝𝑝𝑧𝑧(𝐱𝐱)

Proposal: factored prior
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Reverse diffusion + ADMM optimization
1. Denoising with score function (parallel)

𝐱𝐱′𝑖𝑖 ← Denoise(𝐱𝐱𝑖𝑖+1′ , 𝒔𝒔𝜃𝜃∗)

2. Data consistency + TV prior augmenting (joint)

𝐱𝐱i ← argmin
𝐱𝐱′𝑖𝑖

1
2
‖𝐲𝐲 − 𝑨𝑨𝐱𝐱′𝑖𝑖‖22 + ‖𝑫𝑫𝒛𝒛𝐱𝐱′𝑖𝑖‖1
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Reverse diffusion + ADMM optimization
1. Denoising with score function (parallel)

𝐱𝐱′𝑖𝑖 ← Denoise(𝐱𝐱𝑖𝑖+1′ , 𝒔𝒔𝜃𝜃∗)

2. Data consistency + TV prior augmenting (joint)

𝐱𝐱i ← argmin
𝐱𝐱′𝑖𝑖

1
2
‖𝐲𝐲 − 𝑨𝑨𝐱𝐱′𝑖𝑖‖22 + ‖𝑫𝑫𝒛𝒛𝐱𝐱′𝑖𝑖‖1

− log𝑝𝑝(𝐲𝐲|𝐱𝐱) − log𝑝𝑝𝑧𝑧 𝐱𝐱

∇𝐱𝐱 log𝑝𝑝𝜃𝜃
𝑥𝑥𝑥𝑥 𝐱𝐱
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Reverse diffusion + ADMM optimization
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Fast DiffusionMBIR

Running optimization per denoising step would be too costly
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Fast DiffusionMBIR

Sharing primal/dual variables

• Warm start

• Much faster convergence
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Fast DiffusionMBIR

Score update (denoising)

• Prior in 𝑥𝑥𝑥𝑥 dimension

Sharing primal/dual variables

• Warm start

• Much faster convergence
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Fast DiffusionMBIR

ADMM-TV iteration

• Data consistency

• Prior in the 𝑧𝑧 dimension

Score update (denoising)

• Prior in 𝑥𝑥𝑥𝑥 dimension

Sharing primal/dual variables

• Warm start

• Much faster convergence
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Results: sparse-view CT
13.36 / 0.404 14.19 / 0.537 15.65 / 0.674

33.34 / 0.938 34.23 / 0.968 34.06 / 0.960

Coherent results across the whole volume
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Results
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Results: comparison study

[1]
[2]

[1] Chung et al., “Improving diffusion models for inverse problems using manifold constraints”, NeurIPS 2022

[2] Lahiri et al., “Sparse-View Cone Beam CT Reconstruction Using Data-Consistent Supervised and Adversarial Learning From Scarce Training Data”, IEEE TCI 2023

SV-CT

LA-CT

[1]

[2]

CS-MRI
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Results: out-of-distribution
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Thank you!

Paper: https://arxiv.org/abs/2211.10655

Code: https://github.com/HJ-harry/DiffusionMBIR
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