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 Exploiting Low-Dimensional Structures and Generative 
Models for Solving High-Dimensional Inverse Problems



Inverse Problems



Inverse problems

Image denoising

Image super-resolution 3D reconstruction 

MRI reconstruction

Coherent diffraction imaging (CDI) 

Inverse problem: given                     ,   recover 



Traditional methods 

Inverse problem: given                     ,   recover 

Questions 
● Which    ?  (e.g., unknown/compound noise) 
● Which    ?  (e.g., structures not amenable to math description) 
● Speed

RegFit



Deep learning has changed everything



With paired datasets 
Direct inversion 

Learn         from 

Algorithm unrolling

Idea: make       trainable  



With object datasets only 

GAN Inversion  
Pretraining:

Deployment: 

Model the distribution of the objects first, and then plug the prior in 

Interleaving pretrained diffusion models 

Image credit: https://arxiv.org/abs/2308.09388 

https://arxiv.org/abs/2308.09388


Without datasets? untrained/dataless methods 



Surveys 

Focused on alg. unrolling  

Focused on 
single-instance methods 

Focused on theories for 
linear IPs

https://arxiv.org/abs/2005.06001 
But focused on linear IPs  

https://arxiv.org/abs/2005.06001


This talk: 
Solving Inverse Problems (IPs)

Using Pretrained Flow-Matching (FM) Models 



Diffusion models 

≅



Flow-matching (FM) models 

Image credit: https://github.com/facebookresearch/flow_matching 

NeurIPS’25 tutorial: Flow Matching for Generative Modeling
https://neurips.cc/virtual/2024/tutorial/99531 

https://github.com/facebookresearch/flow_matching
https://neurips.cc/virtual/2024/tutorial/99531


Foundation FM-based generative models 

Image credit: https://neurips.cc/virtual/2024/tutorial/99531 

https://neurips.cc/virtual/2024/tutorial/99531


Domain-specific vs. foundation FM models 

FFHQ
70K

LSUN-Bedroom
3M

AFHQ
15K



How do people solve IPs with these 
pretrained generative models? 



Solving IPs with foundation FM models - I 

interleaving approach



Solving IPs with foundation FM models - II 

plug-in approach



Surprise? 

Foundation priors << 
Domain-specific, and even untrained priors 



Attempts to strengthen the priors don’t quite work
●   Foundation model: Stable Diffusion 3

Gaussian deblur noise free on AFHQ-Cat dataset



Our contributions 
Enhance the foundation FM priors in: 

● Simple-distortion settings
● Few-shot scientific settings 



Simple-distortion settings 

 

Down 
Sampling

Motion Blur

Gaussian Blur

 



A simple warm-start idea 

plug-in approach warm-start

+ Sharp Gaussian regularization 



Boosted priors >= untrained priors 
● Gaussian Blur and Motion Blur on DIV2K 512 × 512 with additive Gaussian noise
● Bold: best, under: second best; -P: prompt, -W: warm-start only



~ Domain-specific priors 
● Gaussian Deblur and Super Resolution 4X on AFHQ-Cat 256 × 256 with additive 

Gaussian noise
● Bold: best, under: second best



Few-shot scientific settings 
● Scientific imaging:

○ Usually with narrow image domain

○ A few available high-quality samples only  (cannot 
support domain-specific generative models)

● Example: Knee MRI



Few-shot scientific settings 

● Assume a few instances, some of 
which are close to the target  

● Consider sparse combinations of 
them for warm-start 



Preliminary results (<= instances) 

LIS: linear inverse scattering 
MRI: compressive-sensing MRI
 

With 
domain-specific 

model



Take-home messages 
● Naively applying recent foundation FM (i.e., generative) models for IPs 

can be very suboptimal , even poorer than untrained priors 

● We can significantly boost the performance by careful initialization and 
proper regularization, with instance guidance 



More details



Related 


