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Ground Truth Prediction

Deep Learning- based Image Deconvolution on image from the
CANDELS dataset using U-Net architecture trained with 12-loss,
(Akhaury et al. 2022).

» Conceptually: ,realistic-looking artifacts absent from the ground-truth image*

* Setting: deep-learning—based image deconvolution
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Deconvolution Problem

4y n
Observation PSF Ground Truth Noise
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Solution: Two-stage deep deconvolution Method — Tikhonet (Sureau, Lechat and Starck, 2020)

Tikhonov Deconvolution Neural network- based denoising
(Tikhonov and Arsenin,1977)

- . |
Observation

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

I « SUNet, (Akhaury et al., 2024).

» Learnlets (Akhaury et al. 2022).
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Setting

128 64 64 2
output

| e : ': segmentation

alq g9 M= Method  Loss No. of Batch size  Epochs  Training

EIERE parameters Time [h]
Learnlets L1 21,673 4 500 65.9
Learnlets L2 21,673 4 500 61.0
SUNet L1 99,475,367 4 500 134.0
SUNet L2 99,475,367 4 500 135.1

3 U-Net L1 7,781,761 + 500 75.0
U-Net L2 7,781,761 4 500 76.4

=» conv 3x3, RelLU
= copy and crop
¥ max pool 2x2
4 up-conv 2x2
= conv 1x1

U-Net, (Ronneberger, Fischer and Brox, 2015).
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Hallucination of a Neural Network

Let @ € (0,1) and P be a probability measure over X'. For a learning task
M : X — Y, we define the hallucination of a neural network ®(-) for a
randomly sampled data pair (X, Y) := (X, M(X)) as

H(®; «) := H(®) := E dist (Y, B.(P(X))), (1)
where B, (®(X)) is given by
P(Y € Bo(®(X))) >1-—«. (2)

4

» How do we construct B, (¢ (x)) ?
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Ground Truth

/ » 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

Prediction
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input image ground truth

Let X € XY CR™, Y € Y CR™ and let W be the discrete wavelet transform
(DWT) or the discrete shearlet transform (DST). Set X := WX € R™ and
WY € R, j e {1,....5)}. Let !

input image after transform

— e

= |90, = R(X);, ¢(IX)j +R(X);| . 3)

. 1B L tput i fter transf
Goal: find R(-) such that (2) is satisfied. output image after transform

5. (50

— Conformalized Quantile Regression (Leterme, Fadili and Starck, 2025).




Lupwic- " Conformal Hallucination Estimation Metric (CHEM)

CHEM

For an upper bound 6 > 0, we define

HY(X, Y); := min {(‘q?(}?)j - (?)j) - /%(X)J-)+,9}

and )
1 M 1 to

HY () « = ) —
Mm:1 t

HQ(Xma Ym)j
J=1

for a validation dataset D; = {(Xm, Yim)}M

m=i

10
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Theoretical Results

Theorem D.2.
"We can approximate the actual CHEM value with averaging over the pixels
and the validation set."

M tr
l 1 2 og(2
H9( Z = H6’ Xm, Y Al \/9 Og( /6) .
m:l 2 J=1 v 2M
/\ y

Proposition 3.3

/..—'—'—a

Hhigh > (1= 1) Ruigh€(Y = (X)) Hiow < (1+V)(1—Rhigh/)5(37—¢(x))-

An upper bound for the prediction error £ of U-shaped architectures on
discretized functions (images) on a finite number of points, under some

other assumptions . ..
4




MU wowis: Experimental Results — Model Comparison

db4 shearlet

0.20 0.10 0.060 0.070 0.080 0.01 0.00 0.075 0.100 0.125

MSE CHEM MSE CHEM
— U-Net, L1 —— SUNet, L1 Learnlets, L1
U-Net, L2 SUNet, L2 Learnlets, L2

* U-Net and Learnlets perform similarly in MSE, yet Learnlets generate fewer hallucinations.
* Model assessment should explicitly account for hallucination artifacts.

12
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shearlet

db8

Ground Truth Prediction

» 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.

13




Experimental Results — Hallucination- performance Tradeoff
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0.4/ » Beyond a certain number of epochs,
further reductions in training loss come
0’ at the cost of increased hallucination.
0.0 A = L
0.0 02 0.4 06 08 10
(min-max scaling per- model) Training Loss
—eo— Learnlets L1 U-Net L1 —v— SUNet L1
-+ U-Net L2 —eo~- SUNet L2

-®— Learnlets L2

14



MAXIMILIANS-
UNIVERSITAT
MUNCHEN

15

Lwowic- 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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