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Next generation astronomy will have to deal with
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Next generation astronomy will have to deal with
a lot of data

Very time consuming to
categorise, label, or tag
sources manually
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| hope to ease this transition to machine learning

Goals:
Generate mock catalogues for ML classification
Improve classification of galaxies and radio emission
Image reconstruction and remove artefacts or noise in an image
Spillover: methods can be used for other aims



Machine learning is not human learning
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The scattering transform: an alternative to
Fourier transforms and neural networks
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The scattering transform: an alternative to
Fourier transforms and neural networks
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The scattering transform accounts for spatial
information
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The scattering transform accounts for spatial
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The scattering transform is an iterative wavelet
transform

Wavelet transform WX =XxV,; (1)
Scattering transform SX — W|WX‘
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The scattering transform is an iterative wavelet
transform

Wavelet transform WX =XxV,; (1)
Scattering transform SX — W|WX‘

Zeroth order So=Xx®
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The scattering transform is an iterative wavelet
transform
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The scattering transform reproduces field types

Cosmic lensing Cosmic web Turbulence Magnetic turb. Anisotrop. turb.

¥

Original |
field

Cheng & Ménard, 2021, arXiv:2112.01288v1
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| want to generate similar galaxies

Input Method Output

24



| want to generate similar galaxies

Input Method Output

Scattering transform
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CNN

Scattering Transform

MLP

Methods

\V/i\= Normalising
flows

Loss-based
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CNN

Scattering Transform

MLP

Methods

3.

next Normalising
VAE time flows

2. Loss-based
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Four datasets have been used

Input data MNIST Mirabest FIRST Galaxy10
Image size 28x28 150x150 300x300 3x256x256
Number of 6000 ~500 ~500 ~1000
samples per
class
Example 0123456789
. olazdyser7¢9
images 61234566969
01234506789
01234567 %9
0/ 234567%9
01 23%4561814 /
# of classes | 10 2 4 10
Source Deng 2012, Porter & Scaife Griese et al. 2023, | Lintott et al. 2011, arXiv:1007.3265
doi.org/10.1109/MSP. | 2023, doi.org/10.1016/}.d
2012.2211477 arXiv:2305.11108 | ib.2023.108974

vi
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Augmented
input images

Classifier - Method

CNN: pixels

STMLP: SC

Classifier

Evaluate with
various metrics

yuation

Model with
metrics

Evaluation metrics

Confusion matrix
Loss plot

AUC

Accuracy

F1

etc...
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Dataset

MNIST

Training set
per class

6000

Epochs

200

o

True label

EER-BCY 0.00% 0.00% 0.10% 0.00% 0.00% 0.00% 0.00%

- 0.00% [EEK:PAL 0.00% 0.00% 0.00% 0.00% 0.09% 0.00%

- 0.19% 0.10% [EEPPEA 0.00% 0.00% 0.00% 0.00% 0.39%

0.00% 0.00% 0.10% EENJGLY 0.00% 0.20% 0.00% 0.00%

- 0.00% 0.00% 0.00% 0.00%

0.00% 0.10% 0.00%

- 011% 0.00% 0.00% 0.56% 0.00% EEBUFA 0.11% 0.00%

0.10% 0.21% 0.00% 0.00% 0.10% 0.31% EENUFZY 0.00%

0

- 0.00% 0.10% 0.58% 0.00% 0.00% 0.00% 0.00% EER®E

- 021% 0.00% 0.21% 0.10% 0.00% 0.00% 0.00% 0.10%

- 0.00% 0.00% 0.10% 0.00% 0.40% 0.40% 0.00% 0.30%

Predicted label

CNN: 99.33%

0.10% 0.00%
0.09% 0.00%
0.10% 0.00%
0.10% 0.00%
0.00% 0.41%
0.00% 0.11%
0.21% 0.00%
0.10% 0.10%
99.18% HUPARH

[Xe[bCl 98.81%
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o

True label

Classifier - Results

STMLP: 99:25%

99.39%

- 0.00%

- 0.10%

- 0.00%

- 0.00%

- 0.22%

- 0.21%

- 0.00%

- 0.00%

- 0.00%

0

0.00% 0.10% 0.00% 0.00% 0.00% 0.20% 0.10%

EERPE) 0.18% 0.09% 0.09% 0.00% 0.18% 0.09%

0.00% [EEEYAAY 0.10% 0.00% 0.00% 0.00% 0.29%

0.00% 0.10% [EERJRAY 0.00% 0.10% 0.00% 0.00%

0.00% 0.00% 0.00% 0.00% 0.10% 0.00%

0.00% 0.00% 0.90% 0.00% [EEREE 0.11% 0.11%

0.00% 0.10% 0.00% 0.10% 0.10% EERLGFA 0.00%

0.10% 0.39% 0.10% 0.00% 0.00% 0.00% EEEEF
0.00% 0.10% 0.00% 0.00% 0.10% 0.00% 0.00%

0.00% 0.10% 0.00% 0.30% 0.00% 0.10% 0.10%

Predicted label

0.20%

0.26%

0.10%

0.20%

0.20%

0.11%

0.31%

0.19%

99.69%

0.20%

0.00%

0.00%

0.00%

0.00%

0.20%

0.11%

0.00%

0.29%

0.10%
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Dataset

MNIST

Training set
per class

6000

Epochs

200

o

True label

0

EER-BCY 0.00% 0.00% 0.10% 0.00% 0.00% 0.00% 0.00%
- 0.00% EER:¥EA 0.00% 0.00% 0.00% 0.00% 0.09% 0.00%
- 0.19% 0.10% [EEPPEA 0.00% 0.00% 0.00% 0.00% 0.39%
0.00% 0.00% 0.10% EENJGLY 0.00% 0.20% 0.00% 0.00%
- 0.00% 0.00% 0.00% 0.00% 0.00% 0.10% 0.00%
- 011% 0.00% 0.00% 0.56% 0.00% EEBEA 0.11% 0.00%
0.10% 0.21% 0.00% 0.00% 0.10% 0.31% EENUFZY 0.00%
- 0.00% 0.10% 0.58% 0.00% 0.00% 0.00% 0.00% EER®E
- 021% 0.00% 0.21% 0.10% 0.00% 0.00% 0.00% 0.10%
- 0.00% 0.00% 0.10% 0.00% 0.40% 0.40% 0.00% 0.30%

Predicted label

CNN: 99.33%

0.10% 0.00%

0.09% 0.00%
0.10% 0.00%
0.10% 0.00%
0.00% 0.41%
0.00% 0.11%

0.21% 0.00%

0.10%

0.10%
99.18% HUPARH

[Xe[bCl 98.81%
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o

True label

Classifier - Results

STMLP: 99:25%

99.39%

- 0.00%

- 0.10%

- 0.00%

- 0.00%

- 0.22%

- 0.21%

- 0.00%

- 0.00%

- 0.00%

0

0.00% 0.10% 0.00% 0.00% 0.00% 0.20% 0.10%
EERPECY 0.18% 0.09% 0.09% 0.00% 0.18% 0.09%
0.00% [EEEYAAY 0.10% 0.00% 0.00% 0.00% 0.29%
0.00% 0.10% [EERJRAY 0.00% 0.10% 0.00% 0.00%
0.00% 0.00% 0.00% 0.00% 0.10% 0.00%
0.00% 0.00% 0.90% 0.00% EEKEFN 0.11% 0.11%
0.00% 0.10% 0.00% 0.10% 0.10% EERLGFA 0.00%
0.10% 0.39% 0.10% 0.00% 0.00% 0.00% EEEEF
0.00% 0.10% 0.00% 0.00% 0.10% 0.00% 0.00%
0.00% 0.10% 0.00% 0.30% 0.00% 0.10% 0.10%

Predicted label

0.20%

0.26%

0.10%

0.20%

0.20%

0.11%

0.31%

0.19%

99.69%

0.20%

0.00%

0.00%

0.00%

0.00%

0.20%

0.11%

0.00%

0.29%

0.10%

No hidden
layers!
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Dataset

MNIST

Training set
per class

6000

Epochs

200

o

True label

EERBCY 0.00% 0.00%

- 0.00% [EER:PRQ 0.00%

- 019% 0.10% [EENPET

0.00% 0.00% 0.10%

- 0.00% 0.00% 0.00%

- 011% 0.00% 0.00%

0.10% 0.21% 0.00%

- 0.00% 0.10% 0.58%
- 021% 0.00% 0.21%

- 0.00% 0.00% 0.10%

0 Predicted label ) 0 Predicted label

0.10%

0.00%

0.00%

99.60%

0.00%

0.56%

0.00%

0.00%

0.10%

0.00%

0.00%

0.00%

0.00%

0.00%

0.00%

0.10%

0.00%

0.00%

0.40%

Classifier - Results

Smaller, faster,
more stable and
interpretable,
better at small

CNN: 99.33% STMLP: 99:25% datasets

0.00% 0.00% 0.00% 0.10% 0.00%

o

EEREERGY 0.00% 0.10% 0.00% 0.00% 0.00% 0.20% 0.10% 0.20% 0.00%
0.00% 0.09% 0.00% 0.09% 0.00% - 0.00% [EER®PAAY 0.18% 0.09% 0.09% 0.00% 0.18% 0.09% 0.26% 0.00%

0.00% 0.00% 0.39% 0.10% 0.00% - 0.10% 0.00% [EEEYEE 0.10% 0.00% 0.00% 0.00% 0.29% 0.10% 0.00%

No hidden
layers!

0.20% 0.00% 0.00% 0.10% 0.00% - 0.00% 0.00% 0.10% [EEKIM 0.00% 0.10% 0.00% 0.00% 0.20% 0.00%

0.00% 0.10% 0.00% 0.00% 0.41% - 0.00% 0.00% 0.00% 0.00% 0.00% 0.10% 0.00% 0.20% 0.20%

EEBLLY 0.11% 0.00% 0.00% 0.11% - 022% 0.00% 0.00% 0.90% 0.00% [ELEREMN 0.11% 0.11% 0.11% 0.11%

True label

0.31% [EERURAY 0.00% 0.21% 0.00% - 021% 0.00% 0.10% 0.00% 0.10% 0.10% [EEBEFA 0.00% 0.31% 0.00%
0.00% 0.00% EERPEZ 0.10% 0.10% - 0.00% 0.10% 0.39% 0.10% 0.00% 0.00% 0.00% [EEREFN 0.19% 0.29%

0.00% 0.00% 0.10% [EEBRFY 0.21% - 0.00% 0.00% 0.10% 0.00% 0.00% 0.10% 0.00% 0.00% [EEKFEFY 0.10%

0.40% 0.00% 0.30% 0.00% [EERIE 9 - 0.00% 0.00% 0.10% 0.00% 0.30% 0.00% 0.10% 0.10% 0.20%

Markus Bredber

, Han Zha
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Dataset Mirabest
(cropped)

Training set | 2000

per class

Epochs 200

FRI

True label

FRII

Classifier - Results

CNN: 81%

FRI FRII
Predicted label

True label

FRI

FRII

STMLP: 85%

FRI FRII
Predicted label
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Dataset Mirabest
(cropped)

Training set | 2000

per class

Epochs 200

FRI

True label

FRII

Classifier - Results

Training time:
~40 min

CNN: 81%

FRI FRII
Predicted label

True label

FRI

FRII

Training time:
~2 min

STMLP: 85%

FRI FRII
Predicted label
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2. Generator: Loss-based - Method

Augmented
input image Output image
Gaussian PDF for
each tensor
Numerical elemen.t Reconstruc’gion
- e Pixel from sampling “

calculation (2000 epochs)

intensities

Scattering
coefficients

Visual
inspection
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Generator: Loss-based - Results

Reconstruction . . L-averaged
of one FRII : cattering i
galaxy Pixels coefficients scattering

coefficients

Original

Reconstruction
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3. Method for variational autoencoder

.Augtrr)ented Variational Reconstructed
inputimages autoencoder images
\lu /
v Encoder ™2 Decoder

/02 \ s
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3. Method for variational autoencoder

iéugtn;ﬁ]gtess Variational Reconstructed
P 9 autoencoder images
Evaluation metrics
e Reconstruction
v Generate plot
v Encoder ™2 Decoder with Generation plots
- 2 trained LOSS p|ot
‘ del :
o mo Inception score
etc...
VaN
T £z

Evaluation 38




3.

Architecture
(with batch
normalisation
and dropout)

Parameters
Size

Encoder
HHIHIIII
oO|lOo o))

Decoder

Image
MLP
32,32, 32
64, 16, 16
128, 8, 8
256, 4,4
5
256

a
o
(&)
o

256
4096
128, 8, 8
64, 16, 16
32,32,32

3.6 M
15.7 MB

Scatter
MLP

217, 8, 8

ajo,
o|o

ul
o
(&)
o

N
(&)
(o))

4096

/6 M
29.1 MB

Image
CNN
32, 32,32
64, 16, 16
128, 8, 8
256, 4,4
5
256

| Y
o|o -

a
o
a
o

4096
128, 8, 8
64, 16, 16
32,32, 32

3.6 M
15.7 MB

Scatter
CNN

217, 8,8
32,4, 4
64,2, 2

gl
o|o

a
o
a
o

128, 8, 8
64, 16, 16
32, 32, 32

i
o
©
()]

1.3 M
6.7 MB

| used five different variational autoencoders

Scatter +
image CNN

o |LJ28.8,8 |

N
—_—
N
[0¢]
(0]

a

o
ajlo
o|o

a

o

4096
128, 8, 8
64, 16, 16
32,32,32

9.5 M
41.4 MB

4096 |
12888
64,1616
| 32,32,32

39



3. Generator: Variational Autoencoder - Results

Reconstruction

_ Top row:
of FRIl Galaxies Original
¥ ' 4 : ‘ : “ 4 !
Image Image
CNN . : ’ ’ $ MLP b 3 \ “ '
»
’ 4
Scatter : ‘
CNN g >
. ‘. & i » ™ S s
Scatter
Scatter A . 7 iy 8 MLP
+ 0 . ‘ 4 .
image

i

CNN ' ‘ ~d
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3. Generator: Variational Autoencoder - Results

Generation Orginal Image Scatter Image Scatter Scatter +
from noise rigina MLP MLP CNN CNN image CNN
Edge on EAT S TSN AL I R T ‘IR YA Y.
galaxies with ® = ® & N &5 NtsR dof\sels ivww
abulge S=®w m gy A FNN rosm gy RLAN
”,'.“.bﬁob/‘ ‘ x-ﬁ¢ vaU ”*""

FRI : f
’. : 5 ‘ Y i . . 1 - g e \ . . /

FRII ek e Ty ol v RO i e e | .

¥ B i & ‘ ¢ ’ 4 . ’ P
‘.Q' 3 n 3 ; g g Z z ?3‘ 1- R Z ® \i ; 'i' 2 ‘é‘ 2 7,-
D|g|t2 BoE s a ® P 3 o g im Y R RERE T A W el el cwiaar. A
CX il p o a ¥ ¢ 3 3 & T 23 8 st 2 Bl R
PN g & 0 4 ¢ & g g CEOESCE g (o~ S T n




Methods

CNN

Scattering Transform

MLP

\V/i\= Normalising
flows

Loss-based
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CNN

Scattering Transform

MLP

Methods - a growing list

Normalising
VAE flows
GAN Loss-based Diffusion

models
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Classification

Dropout
Regularisation

Future projects

Generation

GANs

Diffusion models
Normalising flows
Feed in reduced
scattering parameters
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Classification

Dropout
Regularisation

Future projects

Generation

GANs

Diffusion models
Normalising flows
Feed in reduced
scattering parameters

Apply on

Diffuse cluster
radio emission
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Conclusions:

The scattering transform is
computationally efficient
Performing on the same level as
artificial neural networks, it has
nevertheless not succeeded
generating realistic sources

More work is undergoing for
classification and generation to be
applied on diffuse radio emission

Thank you !

Have a question?

Markus Bredberg
markus.bredberg@epfl.ch
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