
  



  

Inverse Problems

y=Ax+e
Where:

● x = image/model/parameters to estimate,
● y = measurement data,
● A = forward operator, and
● e = additive noise (often Gaussian).

Typically ill-posed: no guarantees of existence, uniqueness, or 
stability of x given y.

Need to incorporate prior information on x. 



  

Deep Learning approaches

● Post-processing
 Deep direct estimation, deep posterior sampling (Adler and 

Öktem)
 Deep artifact removal (Hauptmann et al.)
 Continued SVD (Schwab et al.)

● Learned iterative
 Learned gradient descent, learned primal-dual (Adler and 

Öktem)
 Recurrent inference machines (RIM) (Lønning et al.)

● Learned regularizers
 Network Tikhonov (NETT) (Haltmeier et al.)
 Adversarial regularizers (Lunz et al.)
 Generative network parametrization (Mosser et al.)
 Deep image priors (Otero Baguer et al.)



  

Post-processing

Want to find approximate inverse mapping

Use some fixed reconstruction operator      and 
combine with neural network

Optimize mean squared error on supervised 
training set.



  

Cardiovascular MR

A. Hauptmann



  

Undersampled reconstruction (13x)

A. Hauptmann



  

U-Net reconstruction

A. Hauptmann



  

Comparison

Gold-standard breath-hold     Undersampled reconstruction   Post-processed image

A. Hauptmann



  

Comparison (cont.)

A. Hauptmann



  

Learned iterative

Parametrize update rule

where d measures data fit (e.g., log-likelihood).

Stop at K iterations and optimize mean squared 
error of      on supervised dataset.xK



  

Accelerated MR imaging

K. Lønning



  

Recurrent inference machine

Parametrize iterative update step

Optimize with weighted mean squared error loss

K. Lønning



  

Recurrent inference machine (cont.)

K. Lønning



  

Reconstruction

K. Lønning



  

Reconstuction (cont.)

K. Lønning



  

Learned regularizer

Minimize regularized loss

where regularizer is defined using a neural 
network.

Optimize network to assign low amplitudes to 
“real” images and high amplitudes to others on 
unsupervised data.

T (x)=d (Ax , y)+λ|Gθ(x)|



  

Adversarial regularizers

Distribution of true images

Distibution of (noisy) measurements

Distribution of “noisy” reconstructions

Train Wasserstein GAN to discriminate

S. Lunz



  

Denoising results

S. Lunz



  

Tomography results

S. Lunz
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