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Al learns stellar spectroscopy
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Goals of modern cosmology

- Improve the standard model
of cosmology

« Solve challanges of the
ACDM model
- Eg. Ho tension (CMB vs SNe)

- Eg. violations of homogeneity [ R Y
and isotropy “# Leseg

- ...and lots of other problems...
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Galactic Archaeology andithe Subaru PES

RA=194.47983, DEC= 3.88035, MID=52026, Plate= 523, Fiber=563
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using the BSSN formalism — Own work

1. Stellar attributes 2. Galactic evolution 3. Cosmological implications



Example synthetic spectra
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Using Al for... what?

o In case of stellar spectra

:— Learn the physical information stored in a spectrum:

:— Subtract any noise that pollute the spectrum
(Denoising)

« Greatly assists classical methods
« Saves a lot of time and money



Structure of the base autoeencoder:

Dense Autoencoder

Dimensions

Input/output: 4096
Latent space: < 4096

Encoder and the Decoder

4+4 layers

Same amount of neurons
No batch normalization
No dropout layers

Encoder Latent Decoder
Space
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Source: Mahony, Niall O., et al. "Representation learning for
fine-grained change detection." Sensors 21.13 (2021): 4486.



Example for reconstruction
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Example for denoising

SNR = 10.490
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Future considerations

o Convolutional Autoencoders

— Translation invariance!

(Invariant for redshift) St
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dense models and PCA s Griz

StarNet CNN — Fabbro, S., et al. "An application of deep learning in the

methods in Stel | ar p arameter igglyészg (())11‘ g)tegS; gpzeé:st)r;l Monthly Notices of the Royal Astronomical Society
reconstruction

o Continuum normalization?
— Can it really work?

o The sky is the limit for ideas
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Thank you for your attention!
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