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Abstract: Patterns and complex textures are ubiquitous in astronomical data but challenging to quantify. | will present a new powerful statistic called
the "scattering transform”. It borrows ideas from convolutional neural nets (CNNs) while retaining the advantages of traditional statistics. As an
example, | will show its application to weak lensing cosmology, where it outperforms classic statistics and is on a par with CNNs. | will aso show
interesting visual interpretations of the scattering statistics and possible extensions of this "mathematical neural network™ idea. | argue that the
scattering transform provides a powerful new approach in cosmology and beyond.
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Sihao Cheng
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complex

Sihao Cheng
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complex simple —

Sihao Cheng

a vocabulary information
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How do we characterize a field?

powerspectrum —_____,  physical information  Staechens

plus classic statistics
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How do we characterize a field?
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How do we characterize a field?
.
a number of limitations Sihao Cheng

power spectrum
plus classic statistics

physical information

CNN -

C = hierarchical convolutions
NN = learning ability, but a black box
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How do we characterize a field?

: \ —
Sihao Cheng J

power spectrum
plus classic statistics

scattering transform  —— physical information
(Mallat 2012)
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What do the statistics see?

input map Sihao Cheng

Cheng & Menard 2021a
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What do the statistics see?

input map

with P(k) and bispectrum
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Cheng & Menard 2021a
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Turing pattern Ising model sea temperature  solar UV image  cosmic matter
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Turing pattern Ising model sea temperature solar UV image  cosmic matter
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Cheng & Menard 2021b
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What do the statistics see?

input map

Cheng & Menard 2021a
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power spectrum cos.molpg¥{1r- -~ Shao Cheng

cosmology 2
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How do we characterize a field?

Sihao Cheng » ‘ )

power spectrum

scattering transform
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from power spectrum to scattering transform = P(k)

P(k)m(‘]*eikxlz) § Shao!!eng \‘ _
Fourier mode e™** \

modulus phase
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from power spectrum to scattering transform
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piy |1 433 N

Fourier mode e**

local kernel y;(x)
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from power spectrum to scattering transform

Shaoch'g'. .

L= |Ixy|

scale 1 scale 2

\
S1(k) = (1) Sy(ky, k) = (D)
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wavelets: an efficient decomposition

Dirac
wavelet
Fourier

receptive fields of mammal vision close to Gabor wavelets

2 I N P N
sparse representation of natural images A‘ ; tb [& A\ Ve .%’ rh\

ﬁ!ﬁﬂ, 1

kernels learned in AlexNet
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convolutional network

scales 2

scales 1

Sz(j], ll?an ZZ)
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convolutional network
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interpretation
So = (I): mean

Sl(j, l) = (lI*!{/l) ~ P(k) Sihao Cheng

SoUrs lisJas b)) = (| | 1%y | %y, | o non-Gaussianity. ~P(k) of P(k)

structure sparsity 5,; = 5,/5;
>
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interpretation

_____ AR\

So = (I): mean

$1G. D) = ([T xy|): ~ P(k) LI : (S P shaochens (g

S0 L Jas b) = ¢ | |1 %y | %y, | ) non-Gaussianity. ~P(k) of P(k) hih: N

structure sparsity 5,; = 5,/5; structure shape s,, = 52" 183
>
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convolutional network
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Sihao Cheng & ‘ R
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igravitational lensing
™~

image.credit: NASA, ESA, and J. Lotz and the HFF'TeaH(STSc}l]
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Kilo-Degrée Survey Dark Energy Survey  Subaru HSC Survey
: > . " "V
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image.credit: NASA, ESA, and J. Lotz and the HFF'TeaI‘.(STSczj)
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simulations (from Columbia lensing group)

éds.mologyﬂ (qg—l-,,Q},f)
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Matilla Zorrilla et al. 2016, Gupta et al. 2018 (Columbia lensing group)
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inferring cosmological parameters

3.5x3.5 deg? noiseless map, scale range: 1 arcmin to 3.5 deg

P() P()

Cheng et al. 2020
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inferring cosmological parameters

3.5x3.5 deg? noiseless map, scale range: 1 arcmin to 3.5 deg

P() P()

Cheng et al. 2020
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inferring cosmological parameters
scale range: 1 arcmin to 3.5 deg

scattering coefficients —»
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Cheng et al. 2020
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inferring cosmological parameters
scale range: 1 arcmin to 3.5 deg

CNN (Ribli+19)
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inferring cosmological parameters
scale range: 1 arcmin to 3.5 deg
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inferring cosmological parameters
scale range: 1 arcmin to 3.5 deg —

\ .
Sihao Cheng \ 4

P(l)

~20 coefficients
CNN (Ribli+19)

scattering coefficients —»
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inferring cosmological parameters

Sihao Cheng \ J T
Cheng & Menard 2021a

P(l | 1 redshift bin power spectrum P(J)
( ) =5 redshift bins _
scattering coefficients + P(J)

~20 coefficients

scattering coefficients —»

37 coefficients
0.29

similar results for
other cosmological parameters
millions (Wo, Wy M)

CNN
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towards real data

L

Subaru telescope survey

® Subaru 8.2m A s,
® 1 part of 100 million ef humarieye limit)
® 1400-deg?, 330 nights, 100 million galaxies with shape

image credit: NAOJ, HSC-SSP
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towards real data
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Subaru telescope survey
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® Subaru 8.2m ol ¥
® 1 part of 100 million ef human.eye limit)
® 1400-deg? , 330 nights, 100 million galaxies with shape

first real constraint in*a few months! . * .
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image credit: NAOJ, HSC-SSP
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one-variable illustration
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Cheng & Menard, in prep
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one-variable illustration

log-normal variable Shao !eng@g
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one-variable illustration

log-normal variable Shao Cheng \ p 1\
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interesting directions in astrophysics

1D, 2D, 3D fields ——

extensions of the idea

1 [ * y,
Iy,

cross correlation: phase harmonics
Mallat, Zhang, & Rochette 2018

learning ability
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extensions of the idea

input image synthesis from scattering Sihao Cheng
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extensions of the idea

add cross-correlations

Corr(I, | I % y|) -

input image synthesis from scattering (same number as scattering) Shao Cheng | N\ o .

Pirsa: 21120020 Page 56/58




How do we characterize a field?

2
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Sihao Cheng ! :

power spectrum

scattering transform — information
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How do we characterize a field?
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