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* Precision computational imaging
# When CLEAN goes AI

* Robust imaging with R2D2
# From enhanced models to uncertainty quantification

* Towards scalable R2D2
#Enabling wide-field and wide-band imaging
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Precision computational imaging
# When CLEAN goes AI
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4 / 20Computational imaging & modern challenges
Across science and technology, when observation gathers incomplete informa-
tion about an image, advanced computational imaging algorithms are needed
to transform data into images.

I Applications are ubiquitous, but it all quite started with
deconvolution problems in astronomy...

Challenges:

I Precision: high resolution and dynamic range

I Robustness: uncertainty quantification and calibration

I Efficiency: fast acquisition and reconstruction

I Scalability: large data volumes



5 / 20The Square Kilometre Array
SKA will target unprecedented resolution and sensitivity regimes, leading to EB
data volumes and PB wide-band image sizes.

Image credit SKA organisation

I Reconstruction algorithms must be efficient and scalable.



6 / 20Aperture synthesis by radio interferometry
Aperture synthesis by radio interferometry (RI) provides access to high resolu-
tion and high dynamic range. But forming an image x̂ from visibility data y is
an ill-posed inverse problem.

I The data provide an incomplete Fourier sampling of the sky, leading
to a deconvolution problem:

y = Φx̂ + n

I Reconstruction algorithms are needed, leveraging a prior image
model to regularise and solve the problem:

y → x̂

I Accurate image models are needed for precision and robustness.



7 / 20Celebrated CLEAN
The standard CLEAN algorithm is a greedy matching pursuit algorithm, itera-
tively identifying model components from back-projected data residuals.

I Write backprojected data as convolution of x̂ with PSF Re{Φ†Φ}δ:

xdirty = κRe{Φ†y} ' κRe{Φ†Φ}δ ? x̂ + n′

with κ = 1/max(Re{Φ†Φ}δ)

I CLEAN iteration structure:

x(i) = x(i−1) + T
(
xdirty − κRe{Φ†Φ}x(i−1))

with T peeling operator implicitly enforcing a sparse image model.

I Simplistic model: bringing efficiency and scalability, but limiting precision
and robustness

I RI image reconstruction is to be reinvented.



8 / 20A learned version of CLEAN
Residual-to-Residual DNN series for high Dynamic-range imaging: R2D2 ap-
plies DNNs iteratively, each inputting the previous iteration’s back-projected
data residual, and outputting an image residual...

I R2D2 iteration structure:

x(i) = [x(i−1) + N
θ̂(i)(r (i−1), x(i−1))]+

with r (i−1) = κ(Re{Φ†y} − Re{Φ†Φ}x(i−1)), κ = 1/max(Re{Φ†Φ}δ)

I “Series” expression for x(I):

x̂ , x(I) =
∑I

i=1 N
θ̂(i)(r (i−1), x(i−1))

I Training losses for N
θ̂(i) sequence:

θ̂(i) = arg minθ(i)∈RQ
1
L
∑L

l=1 ‖x⋆
l − [x(i−1)

l + Nθ(i)(r (i−1)
l , x(i−1)

l )]+‖1



8 / 20A learned version of CLEAN
Residual-to-Residual DNN series for high Dynamic-range imaging: R2D2 ap-
plies DNNs iteratively, each inputting the previous iteration’s back-projected
data residual, and outputting an image residual...

I R2D2 illustration:
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Robust imaging with R2D2
#From enhanced models to uncertainty quantification
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10 / 20R2D2's novel DNN architecture
R2D2's high-dynamic range networks are trained from low-dynamic range
databases, with 
exibility in the underpinning network architecture.

I U-Net architecture underpinning the �rst R2D2 incarnation:



10 / 20R2D2's novel DNN architecture
R2D2's high-dynamic range networks are trained from low-dynamic range
databases, with 
exibility in the underpinning network architecture.

I U-WDSR architecture underpinning robust R2D2:



11 / 20Generalised training setup

A �rst instance of R2D2 is speci�cally trained for VLA imaging.

I Groundtruth images:
X 20k images:

+ exponentiated for dynamic range in [103; 5 � 105]
+ with 512 � 512 pixels

I Observation model:
X 20k VLA sampling patterns with [0:2; 27] million data points
X Briggs weighting [� 1; 1]
X Super-resolution factor [1:5; 2:5]

Astronomical images Medical images



12 / 20Generalised simulation setup

Our �rst instance of R2D2 is validated in simulation for VLA imaging.

I Groundtruth images:
X 200 images from 4 real radio images:

+ exponentiated for dynamic range [103; 5 � 105]
+ 512� 512 pixels

I Observation model:
X 200 VLA sampling patterns with [0:2; 27] million data points
X Briggs weighting [� 1; 1]
X Super-resolution factor [1:5; 2:5]

3c353 M106 PSZ2 ACO 2034



13 / 20Quantitative simulation results

Quantitative metrics con�rm R2D2 brings superior precision to optimisation
and plug-and-play algorithms... at a fraction of the cost (e�ciency).

I Simulation results:

Model
Image quality metrics DATA �delity # Iterations Run time

SNR� std (dB) logSNR� std (dB) RDR� � std (� 10� 3) I� std t tot. � std (s)

CLEAN 12.0� 19.3 9.4� 19.0 3.29� 2.8 8.4 � 1.0 106.5� 81.6

uSARA 28.1� 3.4 20.4� 3.4 2.15 � 2.8 1482� 586 368.8� 296.8

AIRI 28.3� 3.1 21.1� 3.8 2.24� 2.8 5000� 0.0 937.4� 801.8

U-WDSR 16.0� 3.6 6.6 � 3.8 155.8� 81.6 1 0.66� 0.03

R2D2 28.6� 4.7 21.5� 5.6 4.45� 7.8 15.0� 0.0 18.1� 5.1

Robust R2D2 31.3 � 2.4 24.6 � 4.16 2.22 � 28.1 15.8� 5.5 8.8 � 3.9

� : Residual-to-Dirty image Ratio



14 / 20Uncertainty quanti�cation with R2D2

Generating \R2D2 samples" from multiple series, trained from di�erent random
initialisations, enables reducing and quantifying model uncertainty for improved
robustness.

I In few iterations only, model uncertainty decreases to very low levels:

MRU� (� 10� 1) � ( �x (1) ) [�=� ]( �x (1) )

SNR=14.8 dB

logSNR=8.8 dB Mean=0 :082

� : Mean Relative Uncertainty Log scale visualisation Log scale visualisation



14 / 20Uncertainty quanti�cation with R2D2

Generating \R2D2 samples" from multiple series, trained from di�erent random
initialisations, enables reducing and quantifying model uncertainty for improved
robustness.

I In few iterations only, model uncertainty decreases to very low levels:

MRU� (� 10� 1) � ( �x (3) ) [�=� ]( �x (3) )

SNR=31.9 dB

logSNR=18.3 dB Mean=0 :0291

� : Mean Relative Uncertainty Log scale visualisation Log scale visualisation



14 / 20Uncertainty quanti�cation with R2D2

Generating \R2D2 samples" from multiple series, trained from di�erent random
initialisations, enables reducing and quantifying model uncertainty for improved
robustness.

I In few iterations only, model uncertainty decreases to very low levels:

MRU� (� 10� 1) � ( �x (16) ) [�=� ]( �x (16) )

SNR=35.1 dB

logSNR=29.1 dB Mean=0 :0014

� : Mean Relative Uncertainty Log scale visualisation Log scale visualisation



15 / 20Real data results

Cygnus A images formed from real VLA observations at S band.

I Dirty image (20MB data, 512� 512 pixels, dynamic range: 1:7 � 105):
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Cygnus A images formed from real VLA observations at S band.

I CLEAN (20MB of data, 512� 512 pixels, dynamic range: 1:7 � 105):

Residual map
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