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1.1 Necessity of map-making

 Map-making Is a crucial step In radio observations, bridging the gap between the

collected TODs and scientific analysis

e Important to produce pixelized maps from TOD, with as much accuracy as possible
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|l 1.2Issuesin map-making

®the TOD’s sampling is uneven and irregular in practice

® Map-making usually is an ill-posed inverse problem—observational effects such as scan
strategies, noise, complex geometry of the field and data excision like RFI flagging

@ unbiased estimate with minimal variance is a big challenge
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° Review the existing methods
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® The concept of Map-making is to apply a constructed linear operator W on

data
A -
- - - m= Wd
®d=Am+n:
MAP-MAKING METHODS
Number Method Specification
1 Generalized COBE W = [A’IMAI] TA'M
2 Bin averaging W = [AA] A
3 COBE W = [AN'A] 'AN!
4 Wiener 1 W = SAASA’ + N] '
5 Wiener 2 W=[S '+ AN 'A] AN
6 Saskatoon W=[9S"!+ AN A] AN
7 TE9%6 W = ASATASA" + Nl L (WA), =1
8 TE97 W=A[nS '+ AN A AN, (WA); =1
9 Maximum Nonlinear method if non-Gaussian
probability

10

Maximum entropy  Nonlinear method

Tegmark, M (1997)

* The inverse of the matrix M may not exist, and

therefore W may not exist

« Even if W exists, the computational complexity of the

Inverse operation can reach 0(N3); computationally

intractable if Np ~ 106

 RFl and - subtractions in data preprocessing, leading
to a degeneracy in the estimated map

e An accurate estimate of the noise Is required, I.e., the

covariance matrix N of the noise needs to be known

* The error estimate for each pixel is rather difficult
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@ The gridding: based on a direct weighted interpolation of TOD

Convolution of TOD in a certain region W' a convolution kernel
R; (lez',j>5z',j) = W, ZRn (Qtn, On) W (C\fz',j,5z',j§ U, Op) —
l N - E
:
{jo. $° \} _'a 0
"\\. L Z i f’!.' o
‘Wang (2021)

Drawback:

® pixel-level-error estimate is difficult

® Gridding will further reduce the map resolution

Ogridded = \/O-Igernel + O-c%ata Before and after grlddlng Luo(2018) 8
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CONTENTS . Conditional invertible neural network (CINN)




 Inverse problems are common In scientific research, where observations are utilized

to infer physical parameters (i.e., map here)

e The forward modeling process (map — TOD) is well understood

« TOD — map Is of an inverse problem

Ambiguous Inverse Problems (ill-posed)

e one may apply statistical inference techniques to
express the ambiguities in form of conditional

probabilities p(x|y)

e classical Bayesian methods become very expensive

https://hci.iwr.uniheidelberg.de/vislearn/inver
se-problems-invertible-neural-networks/ even for moderate real-world problems




Intuitively, the ambiguity of inverse
mapping is transformed into p(Z).

e Bijective mapping: introducing additional latent variables, Z, to preserve the
Information that would otherwise be lost during the forward process

« The mapping X +> |y, Z| becomes a one-to-one correspondence (well posed)

« In other words, p(x|y) has been reparametrized into a deterministic function
x = f(y, z) with adding variable z




()

MMD to ,
match prior | T Invertible Neural Net

*---------------

inverse process: [y, z] — X

L2 to match
training data

MMD to
Z " match N(0,1)

e train INN to solve the well-posed forward process X — Y in a supervised
manner, instead of the Ill-posed inverse process

 the latent variables Z to be independent of ¥, and to follow an easy-to-

sample-from distribution, like V' (0,1).

e use LZ (to match the data)+ a Maximum Mean Discrepancy (MMD) loss (to
match the normal distribution) for training INN




output

u;

input

To construct deep invertible networks, just chain these layers like ResNet blocks.




e cINN: a modification of INN, enabling simpler training

e under the condition (), the distribution

of X I1s obtained by sampling Z from
Gaussian distribution; naturally obtain

the error of X

e changed the role of y on the Iinput side,
while introducing the advantage of
conditional input

EEEEEE—

z = f(x|y,0)
Forward Modeling:
From x,y to z

1

v
1

CEEE——

Backward Sampling:
From z,y to x

x =f"(zly, 6)
Ardizzone (2019)
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3.5 Structure of invertible neural network (I)
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e survey simulation: based on the FAST
configuration

o drift scan: consisting of a 19-beam receiver in the
frequency range of 1100-1120 MHz, 20 channels

e coverage: a sky area of over 300 square degrees
» observation time: 2020.5.4-5.28, totaling 25 days

e an integration time of 1 s per beam and a total
observation time of 14400 s/day, the total
number of time samples for all 19 beams

amounts to 25x14400x20x19 ~ 108

» thermal noise (Tsys in 0-25 K) added

28
U 26

024
120 130 140 150 160 170 180

RA (")
18




al 2
Z (xtﬁue o xféc)

MSE (xtruea mrec) —

e the Peak Signal-to-Noise Ratio (PSNR): evaluating the reconstruction quality in dB

L2
PSNR(xtrue: l’reC) =10 10g10 (MSE(SE‘ 2 ))
trues ““rec

e the structural similarity index measure (SSIM)

(2;1,3#3. + 01)(22?;3' + CQ)
(2 + u? + C1)(o} + UJQ- + C5)

SSIM(:L'H-“@, .Trec) =

19



True prediction std residual

true map predicted map K std map residual map

S 0.020

ns ®  P(x|y) estimated by 200
reconstructed maps
through drawing latent

oot variables z from Gaussian

KD‘UIB

1.04
0.015
1.02

0.016
0.014

1.00

0.013
0.98

0.012
. §0.012

e std and residuals are about
B8 0.01 K, 19% level of true
-0.008 map

0.96

0.94 0.011

0.92 0.010

ooos ®  good reconstruction quality

a— 0.009

0.004

0.88
0.008

20



1.05

1.01+

~ 0971

ECER N

0.89+

0.85

1.05

1.01-

=, 0197

F0.93- o

0.89+

0.85
1.05

1.01-
_0.97-
F0.93-

0.89+

0.85

0

30

60
pixel

90 120 0

30

60
pixel

90 1200

30 60 90 120
pixel

* randomly selected a row of map
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 pixel error: 200 realizations of the
latent variables z from normal
distribution

Reconstruction mean and errors for each
pixel can be precisely quantified.
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e First introduce cINN to solve the map-making problem

e Good performance In reconstruction has been achieved

e CINN framework has the potential to tackle ill-posed problems in astronomy,
like radio Interferometric observations, where imaging can be particularl
challenging due to sparse uv coverage
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. TSys In training: 0-25K; TsyS IN generalization tests: 0-160K
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As the noise level increases, the SSIM value decreases from 0.89 to 0.85

MSE and PSNR remain essentially constant with increasing noise level
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@® Observation equation: d=Am+n
® m denotes sky map, d is for TOD, n is for noise

® Dimension: d has N¢, m has N,,;, A has N; X N,,,, n has N;

® The Eqg. can be extended to the multi-frequency and multi-beam case
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|l Main structure

Fully connected structure:

Forward Modeling:

From x,y to z

— I — <

X =

Z
Multi-level structure:
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L ﬂ H . |
| X : ﬂ ﬂ
— -0 |
Backward Sampling: ) _ 5 VY A
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