Stellar spectral models are imperfect.
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Machine learning of stellar spectra:
The Cannon

f\ = 8y -, + noise

fﬂ = {13 T;ffa lﬂg g, [FE/H], Tesz:-

Teis - log g, Toge - [Fe/H], log g2,
log g - [Fe/H], [Fe/HJ?|.
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Ness et al. 2015, ApJ, 808, 16



Machine learning of stellar spectra:
The Payne
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Machine learning of stellar spectra:
The Payne
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Real data: Keck/DEIMOS
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CMS 273: Deep learning applied to
Keck spectroscopy

* |s a convolutional neural network appropriate for
this application? Is there information to be gained?

* Do we have a training set of sufficient size and
trustworthiness?

* What other machine learning methods would be
appropriate?
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