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Given a forward operator 𝐴 ∈ ℝ𝑚×𝑑− and 
corrupted measurements 𝑦 = 𝐴𝑥0 + 𝑒 with 

‖𝑒‖2 ≤ 𝜂, reconstruct the signal 𝑥0.

Ill-Posed Inverse Problems

ICML 2022 1

Scientific ML
Inverse problems

PDEs
Protein folding Learning physics

Signal processing

Scientific
Computing

Machine 
Learning

…

𝐴

?

Lung CTSinogram
𝑦 𝑥0

Radon transform =



Given a forward operator 𝐴 ∈ ℝ𝑚×𝑑− and 
corrupted measurements 𝑦 = 𝐴𝑥0 + 𝑒 with 

‖𝑒‖2 ≤ 𝜂, reconstruct the signal 𝑥0.

Ill-Posed Inverse Problems

ICML 2022 1

Scientific ML
Inverse problems

PDEs
Protein folding Learning physics

Signal processing

↪ Often ill-posed due to undersampling (𝑚 ≪ 𝑑)
or ill-conditioned forward operator 𝐴

Scientific
Computing

Machine 
Learning

…

𝐴

?

Lung CTSinogram
𝑦 𝑥0

Radon transform =



Given a forward operator 𝐴 ∈ ℝ𝑚×𝑑− and 
corrupted measurements 𝑦 = 𝐴𝑥0 + 𝑒 with 

‖𝑒‖2 ≤ 𝜂, reconstruct the signal 𝑥0.

<latexit sha1_base64="eKYCq8Ab0Utgzup5+reXAiI0JXQ="></latexit>ӊ� ̢ BSHNJOӊ ȠӋ ˲ ҚӊȠ�� � ׂ ͥ ҫ	ӊ


Ill-Posed Inverse Problems

ICML 2022 1

Scientific ML
Inverse problems

PDEs
Protein folding Learning physics

Signal processing

Classical variational methods

↪ Often ill-posed due to undersampling (𝑚 ≪ 𝑑)
or ill-conditioned forward operator 𝐴

Scientific
Computing

Machine 
Learning

…

𝐴

?

Lung CTSinogram
𝑦 𝑥0

Radon transform =



Given a forward operator 𝐴 ∈ ℝ𝑚×𝑑− and 
corrupted measurements 𝑦 = 𝐴𝑥0 + 𝑒 with 

‖𝑒‖2 ≤ 𝜂, reconstruct the signal 𝑥0.

<latexit sha1_base64="eKYCq8Ab0Utgzup5+reXAiI0JXQ="></latexit>ӊ� ̢ BSHNJOӊ ȠӋ ˲ ҚӊȠ�� � ׂ ͥ ҫ	ӊ
 <latexit sha1_base64="PcBBPLJZxjb2gXWnZ4vOXch6Nl8="></latexit>ӊ� ̢ Net< ĝֿ>	Ӌ
 <latexit sha1_base64="ImQWQF3Em0dp4ShiinEZTuy6T5E="></latexit>NJOֿ �Ҧ ˱Ҧһ��ȠNet<ֿ>	Ӌһ
 ˲ ӊһ�Ƞ��

Ill-Posed Inverse Problems

ICML 2022 1

“Infer knowledge directly from data {(𝑦𝑖, 𝑥0𝑖 )}𝑖=1
𝑀 .”

Scientific ML
Inverse problems

PDEs
Protein folding Learning physics

Signal processing

Modern deep learning methodsClassical variational methods

↪ Often ill-posed due to undersampling (𝑚 ≪ 𝑑)
or ill-conditioned forward operator 𝐴

Scientific
Computing

Machine 
Learning

…

𝐴

?

Lung CTSinogram
𝑦 𝑥 0

Radon transform =



▸ Since 2016: Paradigm shift from sparsity-based
regularization to deep learning   [Arridge et al. 2019; Ongie et al. 2020]

(post-processing, unrolling, gen. models, PnP, learned reg., DIP, …)

Is Deep Learning for Inverse Problems Reliable?
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What happens at the noisefree limit 𝜂 = 0 ?
Can NNs produce near-perfect solutions, i.e.,

‖𝑥0 − Net(𝐴𝑥0)‖2 ≈ 0 ?



▸ Based on research by Emil Sidky et al. on sparse-view breast CT
▸ Answer for post-processing by U-net: No!
▸ Goal of AAPM Challenge: “The challenge seeks the 

data-driven methodology that provides the most 
accurate reconstruction of sparse-view CT data.”

“Do CNNs Solve the CT Inverse Problem?” [Sidky et al. 2021]
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▸ Step 1: Fully data-driven operator identification
based on a parameterized fwd. model 𝐴[𝜃]

Our Approach to the AAPM Challenge
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Challenge Results – Team: robust-and-stable
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[Jégou et al. 2017; Adler & Öktem 2018]



Further Analysis & Take-Aways (1/4)
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Near-exact image recovery via end-to-end NNs is possible
↪ “practical solution” to the inverse problem



Further Analysis & Take-Aways (2/4)
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Only very few iterations of fwd. operator required
↪ very different from classical solvers



Further Analysis & Take-Aways (3/4)
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Model-based knowledge and pre-training is key
↪ “Simple models, but trained well!”



Further Analysis & Take-Aways (4/4)
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ItNet is also SOTA for real-world CT image data



THANK YOU!
Official Challenge Report:

E. Sidky & X. Pan. Report on the AAPM deep-learning sparse-view CT 
(DL-sparse-view CT) Grand Challenge. Med. Phys. (2022), arXiv:2109.09640

Our code: 
https://github.com/jmaces/aapm-ct-challenge

Find us on
@MartinGenzel  @Iguhring @jan_maces @MaximilianMarz




