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Deep Learning in Inverse Problems

I Since 2016: Paradigm shift from sparsity-based
regularization to deep learning

• Post-processing networks [AAPM Low Dose CT Grand Challenge – McCollough 2016; Kang

et al. 2017; Jin et al. 2017; Chen, Y. Zhang, Kalra, et al. 2017; Chen, Y. Zhang, W. Zhang, et al. 2017; …]

• Unrolled iterative schemes [Gregor & LeCun 2010; Yang et al. 2016; Adler & Öktem 2018;

Hammernik, Klatzer, et al. 2018; Schlemper et al. 2019; Hammernik, Schlemper, et al. 2021; …]

• Pre-trained networks (GANs, plug-and-play, …)
[Bora et al. 2017; Romano et al. 2017; K. Zhang et al. 2017; Mukherjee et al. 2020; …]

• Learning the Invisible, Deep Image Prior, …
[Ulyanov et al. 2018; Bubba et al. 2019; …]

I Defines state of the art, i.e., outperforms classical
algorithms in terms of image quality and speed.

The gold-rush mood is over …?

[Image from Gregor & LeCun 2010]

[Image from Jin et al. 2017]
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How Reliable Are These Approaches Really?

Which method performs best in practice? Can I trust it?

I Robustness:
How sensitive are DL-based reconstructions
to perturbations in the input?

[Huang et al. 2018; Antun et al. 2020; Raj et al. 2020; Genzel et al. 2020; …]

I Accuracy:
Can DL-based methods solve the inverse problem?

• Visual image quality vs. quant. error metrics [cf. Sidky et al. 2021]

• Missing small features, hallucinations
[e.g., see NYU fastMRI challenges – Zbontar et al. 2018; Knoll et al. 2020; Muckley et al. 2020]

(Our) starting point for the AAPM sparse-view challenge …

y = Ax0 + e

[Image from Goodfellow et al. 2015]

[Image from Genzel et al. 2020]
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Our Approach (1/2)

Hypothesis: High accuracy only if the
forward model is explicitly incorporated

into the reconstruction mapping.

I A = sparse-view fanbeam CT-operator (unknown!)

I Step 1: Fully data-driven operator identification
based on a generic, parameterized forward model A[θ].

minθ
∑

i ‖A[θ](xi0)− yi0‖22
(DL-style: coordinate descent with backpropagation/autodiff in PyTorch)

A
−−→
←−−
?

x0 (image signal) y0 (sinogram)

detector arraysdetector

rotateγ

ndetector

dsource

ddetector
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Our Approach (2/2)

I Step 2: Pre-train a U-Net as FBP-post-processor.
; our computational backbone [Jin et al. 2017; Kang et al. 2017; …] sino. FBP U-Net rec.

model-based
inversion

signal
enhancement

I Step 3: Construct an iterative scheme.
; loop over NN- and data-consistency blocks

[Aggarwal et al. 2018; Schlemper et al. 2019; Hammernik, Schlemper, et al. 2021; …]

I What’s new?

• Pre-trained U-Net as backbone is very effective
• Data-consistency layer uses filtered backprojection

; DC(x, y) = x − λk · FBP(Ax − y)

(A lot more tricks & tuning: post-training, weight sharing,

ensembling, group normalization, memory channels, restarting)

sino. FBP U-Net DC rec.

iterate K = 5 times

model-based
inversion

signal
enhancement

data
consistency
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Results and Take-Aways

Baselines Our Network Variants Comparison Networks

Chall. FBP Our FBP U-Net ItNet Tiramisu LPD

RMSE 5.72e-3 3.40e-3 3.50e-4 6.37e-6 2.24e-4 1.24e-4
[Jégou et al. 2017; Adler & Öktem 2018]

Our main take-aways

I Near-exact image recovery by DL-techniques is possible.

I Using model-based knowledge is very effective.

I Deep-learning-based geometry-identification is possible.
; unsupervised by consistency conditions?

I Simple and well-trained methods over mathy pixie-dust.

AAPM DL-sparse-view CT Challenge (Genzel, Macdonald, März) 5/5



Results and Take-Aways

Baselines Our Network Variants Comparison Networks

Chall. FBP Our FBP U-Net ItNet Tiramisu LPD

RMSE 5.72e-3 3.40e-3 3.50e-4 6.37e-6 2.24e-4 1.24e-4
[Jégou et al. 2017; Adler & Öktem 2018]

Our main take-aways

I Near-exact image recovery by DL-techniques is possible.

I Using model-based knowledge is very effective.

I Deep-learning-based geometry-identification is possible.
; unsupervised by consistency conditions?

I Simple and well-trained methods over mathy pixie-dust.

AAPM DL-sparse-view CT Challenge (Genzel, Macdonald, März) 5/5



Thank You!

Code available: https://github.com/jmaces/aapm-ct-challenge/

Contact: m.genzel@uu.nl, [macdonald,maerz]@math.tu-berlin.de

M. Genzel, J. Macdonald, and M. März. “Solving Inverse Problems With Deep Neural Networks
– Robustness Included?” arXiv:2011.04268. 2020.

https://github.com/jmaces/aapm-ct-challenge/
mailto:m.genzel@uu.nl
mailto:maerz@math.tu-berlin.de
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