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Introduction

• Conceptually: „realistic-looking artifacts absent from the ground-truth image“ 

• Setting: deep-learning–based image deconvolution

Deep Learning- based Image Deconvolution on image from the
CANDELS dataset using U-Net architecture trained with l2-loss, 
(Akhaury et al. 2022).
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Setting

Deconvolution Problem

Observation PSF Ground Truth Noise
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Setting

Solution: Two-stage deep deconvolution Method – Tikhonet (Sureau, Lechat and Starck, 2020)

Neural network- based

• U-Net, (Sureau, Lechat and Starck, 
2020).

• SUNet, (Akhaury et al., 2024).
• Learnlets (Akhaury et al. 2022).

(Tikhonov and Arsenin,1977)
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Setting

U-Net, (Ronneberger, Fischer and Brox, 2015).



7

Conformal Hallucination Estimation Metric (CHEM)

• How do we construct 𝐵ఈ 𝛷 𝑥 ?
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Conformal Hallucination Estimation Metric (CHEM)

[

[

• Extend to wavelet/shearlets to get
information at different frequency
bands

• Estimate interval using Conformalized
Quantile Regression (Leterme, Fadili
and Starck, 2025).

Advantages:
• Model-agnostic
• Distribution-free
• Compatible with different 

representations

Ground Truth

Prediction
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Conformal Hallucination Estimation Metric (CHEM)

input image ground truth

input image after transform

output image after transform

(Leterme, Fadili and Starck, 2025).
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Conformal Hallucination Estimation Metric (CHEM)
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Theoretical Results
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Experimental Results – Model Comparison

• U-Net and Learnlets perform similarly in MSE, yet Learnlets generate fewer hallucinations.

• Model assessment should explicitly account for hallucination artifacts.
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Experimental Results – Varying Dictionaries

• Wavelets and shearlets help capture multiscale information, which is crucial for astronomical imaging (Starck 
and Murtagh, 2006).

• Visually, shearlets and db8 provide a clearer representation of the hallucinations in the prediction.
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Experimental Results – Hallucination- performance Tradeoff

• Beyond a certain number of epochs, 
further reductions in training loss come
at the cost of increased hallucination.

(min-max scaling per- model)
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Next Steps

• Use CHEM to penalize hallucination artifacts during training of 

new models

• Validation of our model on other safety-critical tasks

• Develop a mathematical explanation for the trade-off 

phenomenon and identify “optimal trade-off” 
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