Machine Learning for Astrophysics
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Machine Learning for Astrophysics - Tutorial

recombination cosmic dawn CD reionisation EoR COSMmiIc noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’
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Credits: NAOJ, modified by C. Heneka
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1) Low-redshift (late time): Classification of 4MOST spectra

4AMOST: On-the-fly classification of spectra (1D)

« 5-year survey B

wide-field, fibre-fed, optical spectroscopy https:/Awww.4most.eu Cradit: E5C
on ESO’s 4-m-class telescope VISTA
2.5-degree diameter field-of-view, 2436 fibres
HRS R = 18000 — 21000, LRS R = 4000 — 7500
« 20mio. (LRS), 3mio. (HRS) sources

Goal: Data-driven classification pipeline layer (galactic & extragalactic sources)

Classification infrastructure working group, led by: N. Napolitano & C. Heneka
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1) Low-redshift (late time): Classification of 4MOST spectra

4AMOST: On-the-fly classification of spectra (1D)

Goal: Data-driven classification pipeline layer (galactic & extragalactic sources)

https://Awww.dmost.eu Cradit: EEC

Classification infrastructure working group, led by: N. Napolitano & C. Heneka
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1) Tutorial classification challenge: 4MOST spectra
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Class: Galaxy or Star? Other? A subtype?

See tutorial part:

https://github.com/csheneka/ML-for-Astro-tutorial

spectral_classifier.ipynb

Caroline Heneka, 28.05.2024, ML for Astrophysics, ICTP Trieste


https://github.com/csheneka/ML-for-Astro-tutorial

1) Tutorial classification challenge: 4MOST spectra
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More data (Credit: Fucheng Zhong):

https://huggingface.co/datasets/Fucheng/GaSNet-1I-SDSS-dataset/tree/main/
train data
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https://huggingface.co/datasets/Fucheng/GaSNet-II-SDSS-dataset/tree/main/train_data
https://huggingface.co/datasets/Fucheng/GaSNet-II-SDSS-dataset/tree/main/train_data

2) High-redshift: Regression for the Square Kilometre Array (SKA)

recombination cosmic dawn CD reionisation EoR COSMmiIc noon ‘late-time
CMB ‘first stars and galaxies’ ‘the last big phase transition’ peak of star formation structure formation’
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2) High-redshift: Regression for the Square Kilometre Array (SKA)

Why care?
Tomography of >80% of the Universe

Square Kilometre Array - true ‘Big Data’

non-linear, non-Gaussian signal

— Tutorial: Introspection on regression with networks

cosmic dawn CD reicnisation EoR pezak of late-tme
‘first stars and galaxics’ ‘the last nig phase ransition’ star formation structurc formation’

Years after the Big Bang
=
400 thouszand C.1 billicn 1 billlon 4 killion 8 billien 13.8 killion

The Big Bang
A

. 21cm intensity ma We are here

Fully ionized Bltralized

Cradits: SKAQ

sradit: NAQL, modiflad by 5 Hanrka
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2) High-redshift: Regression for the Square Kilometre Array (SKA)

21cm signal Why care?

a tracer of neutral hydrogen: Tomography of >80% of the Universe
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2) Brief Introspection basics for our tutorial

Network models are data driven.

Need introspection to:

- Evaluate training data

- Debug, detect ‘anomalies’

- Understand and verify your model
- Understand predictions

Famous examples:
‘Clever Hans’ effect
(wrong cue, ‘overfitting’)
Over-confidence

(e.g. miss-classifying)

g
‘Lapuschkin et al. 2018, arXiv: 1902. 10178
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2) Brief Introspection basics for our tutorial

Input
Data

., prediction w1
‘the answer’  NeUON T »

Easily order(million) parameters (1) ( 0 rz}+bm)
D =g ri +b;

lbi m! @r 3 kT

We do know: architecture (model), best-fitting parameters (weights/bias/filter)
+ how these change during training + reaction to data — analyse
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2) Tutorial part 1: Network visualisation

Visualisation of filters Visualisation of feature maps, or activation
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‘Simple cells’ >

Input as treated by model (filters)

Whatis important ' = . = ™ 3
to learn the concept , EECENE :
Detect: R :
Shapes
Structures

I A s A P )| SR N [
M 1] » ’ . 1 . - ]
o8 A L = = ) ) »‘ \ Laver 2
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0 X0 400

See tutorial part: https://github.com/csheneka/introspection-tutorial/blob/main/
visualisation_3D-21cmPIE-Net.ipynb
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2) Tutorial part 1: Network visualisation

¥ Task 2: Spatially average and plot filters
nfilter = 32

nplots = nfilter

n_axis = 6

for i in range(nplots):

weights = model.layers(1].weights[@].numpyl()
weights = weights.reshape(3,3,162,nfilter)[:,:,:,1]
weights = np.mean(weights,axis=(0,1}) # spatial dims

X = np.linspace(®, len(weights), len{weights))
plt.subplot{ n_axis, n_axis, 1 + L }
plt.scatter(x,weights,s=4)

plt.axis('off')
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See tutorial part:

¥ plor the acrivation, ar Teaturns

nslice = 1

nfilter = 32

le_predict = catalo,d]

img_tensar = np.expand_dins{lc_predict, axis=8)

# get the activation for example afrer the first layer

activation_nocel = keras. Mocellinauts=nodel. inputs, outputs=wnodel.layers[l] .cutput)
activatian = activation modeliimg tensor)

print{zctivation.shape)

plt._figure(figsize=(15,15))
for i in range(32):
plt.subploti6,B,3+1)
feature_map - activatior 8,nslice,:,:, 1]
sy = plt.nshow( feature nap)
plt.celoroarixy,orientation="vertical”,aspect=44)

¥ allernale approach:

# directly nultiply and scan the data with the filters le see the effect of convoluti
(1, 138, 138, 73, 3?)
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https://github.com/csheneka/introspection-tutorial

visualisation_3D-21cmPIE-Net.ipynb
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https://github.com/csheneka/introspection-tutorial

2) Tutorial part 2: Saliency maps

(1) For fixed model parameters 6, obtain for input space x
the NN prediction p(x,0) A

(2) Calculate the gradient map (same shape as input):

op(xz, 0
5 = 2:0) |
ox
T=Xn
(3) Potentially: Same procedure for other class of p EE—
[fully connected]
0
ST I N
0 o
(1) p(x,8)

See tutorial part: https://github.com/csheneka/introspection-tutorial

attention_exercise.ipynb
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https://github.com/csheneka/introspection-tutorial

2) Tutorial part 2: Saliency maps

# generate saliency maps for parameters i.e. classes
parameters=[(0,1,2,3,4,5]
lc = datal[@,0]
for para in parameters:
def loss(output):
return output[@] [paral # shape (samples,classes)

map_saliency = obj_saliency(loss, lc.reshape(14@,140,2350,1))

print(map_saliency.shape)
nslice = 130
plt.figurel()

plot_saliency = plt.imshow(map_saliency[@,nslice,:,:], cmap=cm.hot)

plt.figure()

plot_lc = plt.imshow(lc[nslice,:,:], cmap="EoR",vmin=-150,vmax=30)

(1, 140, 140, 2350)

0
g MEmes - 8=

0 500 1000 1500 2000

Y Y

0 500 1000 1500 2000

0
100

Question: What do you notice,

which areas spatially and
temporally are important?

How does salinecy shift with the
inclusion of noise?

See tutorial part: https://github.com/csheneka/introspection-tutorial

attention_exercise.ipynb
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