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Major-Minor Loop Reconstruction
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Scaling the computation
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»Partition visibilities, process separately

10000 A

»Commonly by fime and em frequency,
partitioning relatively trivial
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»We look at spatial frequency, more
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Parallelization Framework
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Accounts for gridding
frequency spillage, flat
response, efc...
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Example 1: Parallelized L1
reconstruction

Deconvolution framework for every major cyclen, similar to [1, 2]

575 (2015): A90.

0, = argmin [[i, — HWal[3 + Ana];
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reconstruction

Deconvolution framework for every major cyclen, similar to [1, 2]

0, = argmin [[i, — HWal[3 + Ana];

chniques for radio interferometry.” Monthly Notices

o
[}
<
)
(@]
&
7o)
N
[75)
(%]
O
d
>
<
Q
o
4=
(%]
(@]
o8
>
&
o
C
o
=
(%]
<
c
0
=
O
-
=
[ %]}
<

1, = Wa,

sing imaging te

image reco

ed sen

et al. "LOFAR sparse

V » deconvolution
av,, =argmin||Ge(ic, — HWa)lz + |G (hn — Wa)llz + Av,, el

s, et al. "Compress

, Yve!

o
&
~
o
e}
N
2
&
0
o]
o~
156}
>
2
0
O
Q
(%]
O
Q
IS
Q
c
O
=
[%2]
<
2
O
o

[2] Garsden, Hugh,

[1] Wiaux

the

n—1 n—1
ZVL‘n — W()évﬁn,hn — E ?”V’Hj — E Zvﬁn — ZV’Hn_1 — Zvﬁn_l
J=1 J=1

op



Example 1: Parallelized L1
reconstruction

Deconvolution framework for every major cyclen, similar to [1, 2]

0, = argmin [[i, — HWal[3 + Ana];

1, = Wa,

©
wv
[0}
O
&
o
z
=
_E
C
(e}
=
>
2
(0]
=
O
o
[0)
©
[0}
9
=
IS
©°
O
o
=
O
S
wv
(0]
2
g
C
-
(6)
[0)
o
(@)
=
O
O
£
O
<
wv
C
[0}
wv
©°
[0}
wn
wv
0
Q
£
O
O
=
=
(0]
wy
(0]
>
>—
5
ko)
=

[2] Garsden, Hugh, et al. "LOFAR sparse image reconstruction.” Astronomy & astrophysics 575 (2015): A0.

— Addifional data-fidelity term g
ViSlolllng ClelieE for rest of frequency 2
fidelity term information °
. 2"d major cycle 9

V » deconvolution wards| -

— €

ay, =argmin (Glie, — HeWa)l + v, ||| :

< 2

n—1 _%

W, :WOéVL chy, = £

olution filters
lity terms
Ensures visibilities in £ NH sum to 1

op




Example 2: Parallelized MS-CLEAN
reconstruction

CLEAN iteratively removes the brightest source at
the most relevant scale convolved by the PSF
from the residual[1]. We can denote this as:

7= MS-CLEAN(, H)
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Example 2: Parallelized MS-CLEAN
reconstruction

CLEAN iteratively removes the brightest source at
the most relevant scale convolved by the PSF
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Experiment Datasets

SgrC

Simvulated
L™
a
<
Sgr B2
Real
HL Tau

Cygnus A

> Inifial images tapered and cutout from 1.28GHz mosaic
producedin [1]

> Visibilities generated with SKA-Mid AA4, and SKA-Low AA4
configurations

» Observation time of HA=[-2,2] with intfegration times of 30s,
and 120s respectively, 1 channel at a pseudo-frequency of
1GHz

> Degrid to get visibility values

> Visibility noise arfificially added (to be ~2% of average
signal)

» Angular resolutions of 0.18" and 0.429" respectively

> Pixelresolutions of 512x512

» Pseudo declinations also used to vary uv-coverages (-35
and -50 respectively)

» Datasets taken from ALMA long baselines survey[2] and the
VLA observation described in [3] for HL Tau and Cygnus A
respectively

» ALMA Band 6 observation used for HL Tau (224.750GHz -
228.750GHz, 239.250 - 243.250 GHz, 4 spectral windows, 4
channels per spectral window, configuration 10)

> First spectral window (of 8) of VLA S-band used for Cygnus A
(64 channels @ 1988.5 MHz — 2020.5 MHz, all 4
configurations)

» Angular resolutions of 0.005" and 0.125" respectively

> Pixelresolutions of 1500x1500 and 1728x1728 respectively
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Example partition images are of the HL-Tau Bé dataset
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Dataset { V, Vi A\ £9

Sgr B2 20 6.99M(.75)  2.53M(.27) 0.16M(.02) 3%

SerC 25  9.05M(.57) 6.81M(.43) 0.11M(.01) %g

~ HLTau 60 39.86M(.47) 46.24M(.54) 0.61M(.01) Eg

Zﬁ 7/]—[ Cyenus A 40 41.65M(.51) 41.83M(.51) 1.22M(.01) =

ohs

e . » ldeally want to create partitions with equal number %*«E

Dq-l-qse-l- pqr-l-l-l-lonlng visibilities and similar amounts of spatial freq info §§

> Difficult for Sgr B2 dataset due to SKA-Mid AA4 array
(BDA[1] or something similar may be needed)




Example partition images are of the HL-Tau Bé dataset

S

Dataset { vV, V. N

ar C 5. 0SM(. GBI .2 TIM(OD)
~ ~ HL Tau 60 39.86M(.47) 46.24M(.54) 0.61M(.01)
1 L: 7/]—[ Cyenus A 40 41.65M(.51) 41.83M(.51) 1.22M(.01)

» ldedlly want to create partitions with equal number

Dd‘l'qse'l' pqrﬁﬁoning visibilities and similar amounts of spatial freq info

> Difficult for Sgr B2 dataset due to SKA-Mid AA4 array
(BDA[1] or something similar may be needed)

.0
o
(S
£
(o)
£
(e)
O
0
>
O
-
c
[9)
o)
C
0
Q
[0)
©
[0)
£
0
(%]
0
e
<
>
[o;
(%)
1%)
o)
c
O
%)
=
O
<
==
1%)
%)
i)
o)
<
=
=

interferometry." Monthly Notices of the Royal Astronomical Society 476.2 (2018): 2029-2039.




Results — Simulated

S/N obtained with comparison to ground truth
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S/N obtained with comparison to ground truth
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Results — Simvulated

S/N obtained with comparison to ground truth
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S/N obtained with comparison to ground truth
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Resulis — Redl

Wasserstein-1 distance between residual and ideal

HL Tau
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per pixel (windowed), with L2 being plotted.
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Resulis — Redl

Wasserstein-1 distance between residual and ideal

HL Tau

residual obtained via visibility negation. Computed
per pixel (windowed), with L2 being plotted.
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Resulis — Redl

Wasserstein-1 distance between residual and ideal
residual obtained via visibility negation. Computed

HL Tau
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Results — Scaling to larger image
sizes

Average processing times for Cygnus A dataset per major cycle

Alg. Node Pix. res. Deconv. Degrid Grid Disk 1I/0 Transf. Other
Ve 1728 x 1728 354.70s 92.27s 117.21s 342.12s 0.01s 13.51s

b-mse Voo o 1728 x 1728 288.83s 109.84s 129.62s 353.67s 0.01s 11.88s
Vg 10k X 10k 17778.44s (x 50) 1450.58s (x 16) 2519.88s (x 21) 358.31s(x 1) 0.45s(x52) 21.35s(x?2)
Vg 10k x 10k 18014.80s (x 62) 2159.66s (x 20) 2533.84s (x 20) 362.50s(x 1) 0.67s(x51) 21.11s(x2)
V, 1728 x 1728 91.66s 92.44s 111.52s 332.31s 0.02s 11.52s

o-LI Voo 1728 x 1728 89.33s 108.17s 126.85s 359.43s 0.02s 13.49s
\' 10k x 10k 3595.75s (x 39) 1449.08s (x 16) 2457.80s(x 22) 365.53s(x 1) 0.59s(x30) 20.16s(x2)
Vg 10k x 10k 3573.73s (x40)  2173.30s (x 20) 2555445 (x20) 363.62s(x 1) 0.60s (x25) 20.22s(x 1)
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Primary bottlenecks seem to be
deconvolution and de/gridding
(to a lesser extent).
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Transfer time also increases similary to
deconvolution, but cost negligible. Even for
100kx100k images, with the current cost
increases, a transfer only takes ~72s which is
substantially less than even the 10kx10k
deconvolution.

Primary bottlenecks seem to be
deconvolution and de/gridding
(to a lesser extent).




Sgr B2

Sgr C

Results — 5 partitions on simvulated

» Partition configurations
o Cutsmade at <4, 2-11, 9-36, 34-71, >69
o Visibilities per partition for Sgr B2:
4710396,2569876,1565927,922346,942517
o Visibilities per partition for Sgr C:
4196451,3975415,3910825,2742692,3152216
» Total processing fimes:
o SgrB2:
= 726.66s (serial) vs 462.46s (parallel)
for I1 after 5 major cycles
= 1192.22s (serial) vs 654.69s (parallel)
for msc after 10 major cycles
o SorC:
= 1215.17s (serial) vs 514.02s (parallel)
for I1 after 5 major cycles
= 1880.88s (serial) vs 615.99s (parallel)
for msc after 10 major cycles
» 1.57x (1) and 1.82x (msc) speedup for Sgr B2
» 2.36x (IT) and 3.05x (msc) speedup for Sgr C
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Short-baselines density problem
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Future Work
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Reconstruct very large images (32k x 32k — Reconstruct single-dish + interferometric

100k x 100k), image source[1]
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IJUWT vs Daubechies

PSNR (dB)
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Linear vs circular convolution

S>/N (dB)

10 1

w

et

—@— [1 linear
-@— [1 circular

p-L1 linear
p-L1 circular

Using linear convolution instead
of circular can be desired so that
bright extended sources don't
wrap around.

More complicated to find the
step size as operator does not
diagonalize with Fourier
transform, have torely on
something like power iteration.
Results don't necessarily seem
better as shown on the left.
More expensive to compute
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Filters

r>0406: lgu(r)|? =1/0% gr(u) =0
r<f—46: gu(r)=0, |g£(’r)|2 = 1/772
(—0<r<l+8§: olgur)?+n’lge(r))? =1

gc(r) = a(r) (1 — sin (%(r - f))) . _
g1 (r) = ao(r) (1 + sin (215(7‘ — 8))) 0 T w r 100

— gelr)
Gac(7)
— agc(r) + ' gac (1)’

0.5

« 1-Dfilters used as distance in 2-D, resulting in an
annulus

* Filters have hard cut-off in Fourier domain, may result
in either oscillations or infinite support in spatial
domain

« Testing with windowed-sinc and Parks-McClellan, no
conclusive results yet, but preliminary experiments
suggest no large difference.
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Naively adding separately
deconvolved images

Naive parallelization method

-3
3x10 = Naive parallel, A =0.025
== Naive parallel, A=0.05
Naive parallel, A=0.1

= All baselines reconstruction

W 2¥ 1073

n

=

I

De/gridding Deconvolution

Major cycle iteration

De/gridding Deconvolufion

* Naive parallel reconstructions seem always
worse.

+ Possibly due to terms not regularized
together, which infroduces some
assumptions on sparsity.

+ Can probably tune lambda so that the
same result is obtained, but unclear how.




Evaluating on real datasets

Reference residual

Reference residual obtained by
randomly negating half of the visibilities
Residual afterimaging compared to
reference statistically in a per-pixel
manner

5x5 sliding window used as only 1
realization of imaging residual
Wasserstein-1 distance used for
stafistical test

L2 norm of Wasserstein distances used
as final metric

Imaging residual

Wasserstein-1 distances using 5x5 sliding
window
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