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Introduction
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image sources: [3, 4]

data source: [1, 2]

~0.7 TB/s ~0.3 TB/s

~2.4 TB/s ~1.1 TB/s
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SKA 

Regional 
Centers
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Scaling the 
computation

➢Need to scale the computation

➢Partition visibilities, process separately

➢Time and Frequency partitioning relatively 

trivial, baseline-partitioning more 
complicated as not all frequencies are 

available
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Previous 
related work

• Both works are primal-dual methods that look to 
solve the measurement operator directly

• Implemented in PURIFY[1] framework
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Parallelizing 
image 
reconstruction
by baseline

Parallelizing

image 

reconstruction  by

baseline length
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Major-Minor Loop Reconstruction

De/gridding Deconvolution
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Parallelized L1 reconstruction
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Deconvolution framework for every major cycle   , similar to [1, 2]
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Parallelized L1 reconstruction
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Parallelized L1 reconstruction
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Parallelized L1 reconstruction
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Parallelized L1 reconstruction
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Parallelized L1 reconstruction
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Parallelized L1 reconstruction
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Parallelized MS-CLEAN 
reconstruction 
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CLEAN iteratively removes the brightest source at 

the most relevant scale convolved by the psf 

from the residual[1]. We can denote this as: 

11



Parallelized MS-CLEAN 
reconstruction 
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Parallelized MS-CLEAN 
reconstruction 
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CLEAN iteratively removes the brightest source at 

the most relevant scale convolved by the psf 

from the residual[1]. We can denote this as: 
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Parallelizing 
image 
reconstruction
by baseline

Results 

(Preliminary)
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Results – datasets
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Simulated

Real

➢ Initial images tapered and cutout from 1.28GHz 
mosaic produced in [1]

➢ Visibilities generated with Meerkat, SKA-Mid AA4, 
and SKA-Low AA4 configurations

➢ Observation time of HA=[-2,2] with integration 

times of 120s, 30s, and 120s respectively, 1 
channel at a pseudo-frequency of 1GHz

➢ Degrid to get visibility values
➢ Visibility noise artificially added (to be ~2% of 

average signal)

➢ Angular resolutions of 3.815'', 0.18'', 0.429'' 
respectively

➢ Pixel resolutions of 512x512
➢ Pseudo declinations also used to vary uv-

coverages (-40, -35, -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
➢ Pixel resolutions of 1500x1500 and 1728x1728 

respectively

Sgr A Sgr B2 Sgr C

HL Tau Cygnus A 13



Results – partitioned 
datasets

➢ Ideally want to create even-sized partitions

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

➢ Mostly even partitionings for rest of datasets, with 
the exception of Sgr C which was partitioned 
slightly more unevenly for testing purposes
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Results – Simulated

PS: Parallel ms-clean 

times are fake!

Sgr A Sgr B2 Sgr C

15

S/N compared to 

ground truths



Results – Simulated

PS: Parallel ms-clean 

times are fake!

Deconvolution time dominates 
for small datasets, parallel 
methods worse than serial 

Sgr A Sgr B2 Sgr C
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Results – Simulated

PS: Parallel ms-clean 

times are fake!

Sgr A Sgr B2 Sgr C

Non-even partitioning 
results in lots of waiting 

time

15

S/N compared to 

ground truths



Results – Simulated

PS: Parallel ms-clean 

times are fake!

Sgr A Sgr B2 Sgr C

Benefits of parallel 
more obvious with a 

more even partitioning

15

S/N compared to 

ground truths



Results – Simulated

PS: Parallel ms-clean 

times are fake!

Sgr A Sgr B2 Sgr C

read takes up the lions share of processing 
time. All visibilities loaded every major cycle. 

Additional inefficiencies with RASCIL
15

S/N compared to 

ground truths



Results – Real
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Compare pixel distributions of residual to reference 
noise obtain using jackknifing as in[4, 5, 6] in a 5x5 

sliding window (as we only have one realization), 

can use various different statistical tests e.g. [1, 2]. 
We use Wasserstein difference[3].
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Compare pixel distributions of residual to reference 
noise obtain using jackknifing as in[4, 5, 6] in a 5x5 

sliding window (as we only have one realization), 

can use various different statistical tests e.g. [1, 2]. 
We use Wasserstein difference[3].
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Benefits of parallel framework more 
evident, but still not that convincing. Need 

to test on datasets that require more 

major-cycles and with more partitions.



Results – Real

[1
] 

M
c

K
n

ig
h

t,
 P

a
tr

ic
k 

E
.,
 a

n
d

 J
u

liu
s 

N
a

ja
b

. 
"M

a
n

n
‐W

h
it
n

e
y

 U
 T

e
st

."
Th

e
 C

o
rs

in
i 
e

n
c

y
c

lo
p

e
d

ia
 o

f 
p

sy
c

h
o

lo
g

y
(2

0
1
0

):
 1

-1
.

[2
] 

S
c

h
o

lz
, 

Fr
it
z 

W
.,
 a

n
d

 M
ic

h
a

e
l 
A

. 
St

e
p

h
e

n
s.

 "
K

-s
a

m
p

le
 A

n
d

e
rs

o
n
–
D

a
rl
in

g
 t

e
st

s.
"

J
o

u
rn

a
l 
o

f 
th

e
 A

m
e

ric
a

n
 S

ta
ti
st

ic
a

l 

A
ss

o
c

ia
ti
o

n
8

2
.3

9
9

 (
1

9
8

7
):

 9
1

8
-9

2
4

.

[3
] 

V
a

se
rs

te
in

, 
Le

o
n

id
 N

is
o

n
o

v
ic

h
. 
"M

a
rk

o
v

 p
ro

c
e

ss
e

s 
o

v
e

r 
d

e
n

u
m

e
ra

b
le

 p
ro

d
u

c
ts

 o
f 

sp
a

c
e

s,
 d

e
sc

ri
b

in
g

 la
rg

e
 s

y
st

e
m

s 
o

f 

a
u

to
m

a
ta

."
P

ro
b

le
m

y
 P

e
re

d
a

c
h

i I
n

fo
rm

a
ts

ii
5

.3
 (

1
9

6
9

):
 6

4
-7

2
.

[4
] 

G
o

n
zá

le
z-

Ló
p

e
z,

 J
o

rg
e

, 
e

t 
a

l. 
"T

h
e

 A
LM

A
 S

p
e

c
tr

o
sc

o
p

ic
 S

u
rv

e
y

 i
n

 t
h

e
 H

U
D

F
: 
D

e
e

p
 1

.2
 m

m
 c

o
n

ti
n

u
u

m
 n

u
m

b
e

r 
c

o
u

n
ts

."
Th

e
 

A
st

ro
p

h
y

si
c

a
l J

o
u

rn
a

l
8
9

7
.1

 (
2
0

2
0

):
 9

1
.

[5
] 

D
i 
M

a
sc

o
lo

, 
Lu

c
a

, 
e

t 
a

l.
 "
F
o

rm
in

g
 in

tr
a

c
lu

st
e

r 
g

a
s 

in
 a

 g
a

la
xy

 p
ro

to
c

lu
st

e
r 

a
t 

a
 r

e
d

sh
if
t 

o
f 

2
.1

6
."

N
a

tu
re

6
1

5
.7

9
5

4
 (

2
0

2
3

):
 8

0
9

-8
1

2
.

Compare pixel distributions of residual to reference 
noise obtain using jackknifing as in[4, 5, 6] in a 5x5 

sliding window (as we only have one realization), 

can use various different statistical tests e.g. [1, 2]. 
We use Wasserstein difference[3].
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Different read times despite same  
number of visibilities. Partially 

explained by different polarizations. 

Underlying mechanisms of reading 
.ms also probably playing a role.
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Compare pixel distributions of residual to reference 
noise obtain using jackknifing as in[4, 5, 6] in a 5x5 

sliding window (as we only have one realization), 

can use various different statistical tests e.g. [1, 2]. 
We use Wasserstein difference[3].
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Compare pixel distributions of residual to reference 
noise obtain using jackknifing as in[4, 5, 6] in a 5x5 

sliding window (as we only have one realization), 

can use various different statistical tests e.g. [1, 2]. 
We use Wasserstein difference[3].
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Large de-gridding times due to 
RASCIL, we have fixed this 

(which also sped up the read)



Conclusions and Future Work
To conclude:

➢ Parallelization framework for reconstructing radio-interferometric images by 

baseline length
➢ Applied to both ms-clean and L1 regularized methods

➢ Showing promising results but needs further testing

➢ Some drawbacks include the methods being more tricky to regularize, and 
needing at least two major-cycles.

Future work:
➢ Investigate more partitions and datasets that require more major-cycles to 

reconstruct
➢ More optimized implementation with profiling, preferably in a more performant 

language and not being based on RASCIL.

➢ Investigate possible visibility reduction techniques for better partitioning for SKA-Mid.

17Thank you! Questions?



Appendices
Appendices

18



Selection of

Results suggest that lambda should be 

normalized by the norm of the image, 
and be increased as the major-cycles 
progress to maximize RMSE/PSNR.

Across different 
datasets for first major-

cycle:

Across first three 
major-cycles for Sgr A 

dataset:

19



IUWT vs Daubechies
First major-cycle residuals for Sgr A

IUWTDaubechies

IUWT seems worse at reconstructing 

large-scale extended emissions, 
possibly due to its isotropic nature.

20



Filters

21



Results: Partition configuration affect 
on reconstruction accuracy and speed, 
FISTA

Convergence roughly the same, gradient of 

cost function remains very similar between 
partition configurations and starts tapering off 

around 10-25 iterations. 22



Full-resolution reconstruction

Low-resolution reconstruction

Pipelined parallelization strategy

De/gridding Deconvolution

De/gridding Deconvolution

De/gridding Deconvolution

De/gridding Deconvolution

23



Pipelined parallelization strategy

➢Low-resolution step remains the same
➢For the full-resolution step:

changes to:

➢ Can result in waiting if computation costs of each step not similar
❖ Asynchronous strategy can alleviate this somewhat

➢ Quality upper bound of serial (but most likely slightly worse)
➢ One image transmitted per major cycle

24



Results: Reconstruction quality of 
pipelined parallel method

As expected, 

converges to similar 
result but slightly worse

For pipelined, only showing full-

resolution reconstruction after 1 low 
and 1 full-resolution major-cycle

Trading off quality 

for parallelism

25



Parallelization by baseline length – 
A naïve approach

Low-resolution Reconstruction

De/gridding Deconvolution

High-resolution Reconstruction

De/gridding Deconvolution

Resolutions not 
regularized together, 
unclear how to 
combine images.

26



Just adding separately 
deconvolved images

➢ Initial images tapered and 
cutout from 1.28GHz mosaic 
produced in [1]

➢ Visibilities generated with 
Meerkat configuration

➢ Exposure time of 4h, samples 
every 120s for to generate 
visibility positions

➢ Degrid to get visibility values
➢ Visibility noise artificially added

Naïve parallel reconstructions seem always 
worse. Maybe can regularize and combine 
to achieve similar quality but unclear how.

27



Evaluating reconstructions on real 
datasets

28

Noise reference image
(via jackknife)

Residual

Wasserstein Distance in 5x5 sliding window
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