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Gemini-GRACES spectroscopy, Venn et. al (2017)
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e physics models methods (EQW, NL fit, projections...)

"data driven" methods (The Cannon, ANN): need a set of reference stars
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translate from 100 languages

google






generate new celebrities

Karas et. al (2017)



detect skin cancer

Melanocytic lesions Melanocytic lesions (dermoscopy)

Skin disease

Esteva et. al (2017)
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deep learning
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other approaches

model + data size



should astronomers care?

detect complex structures in large data sets
classify astronomical objects

learn time consuming simulations

automate and accelerate manual data analysis tasks
replace many image processing techniques
powerful well written software

prepare students






an experiment
[ N

google: tensorflow, keras
facebook: caffe2, pytorch
amazon: mxnet, gluon
microsoft: CNTK

many choice of open DL frameworks
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CANFAR SDSS
infrastructure spectra

distant past ML knowledge



stacking neural networks
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starnet trained on synthetic spectra
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CFully  Fully

Input Output
layer connected connected layer
(1x7214) z z (1x3)




meta learning starnet
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realistic parameters
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where to look in a spectrum - synthetic

Metal Poor
Scale: 1: 215K

Metal Rich
Scale: 1: 110K

Metal Poor
Scale: 1: 0.35dex

Metal Rich

Scale: 1: 0.35dex
-~

Metal Poor
Scale: 1 : 0.5dex

Metal Rich
Scale: 1: 0.05dex

’/‘V".ﬂv ",/\f'\ b

AN A )

} M P
N .l\.r\"\(\'.“’\, ‘J"‘ o ’

\
Wi 4 \u"\”‘"f-‘"o—" al\os

./‘ LD A A A DoPano D portin LA\ i Mt o PN DNt A DN Piod s hreonin oo PN “"’\"" \sinmmmann s \’\..‘-'* L

MU LRIN I\’ ‘\-u g

15950
Wavelength(A)

Cal Fel

Cal Cal
Fell/ /
1,

N LW A

Cal Fel

W

SWEV LY SN WS

Cal Fel

CaIF I/ Cal/
€ f
L/

] q
AW UNVAS LA N A U N VTSt in A Nl I AN e LA LS R AN A TN N s S D L A il

16150



a Teff
T T

= o
Lo

o [Fe/H] a log(g)

o
1

where to look in a spectrum - real
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uncertainties

propagated from error spectra onto the
starnet model with intrinsic scatter.

—  Scatter(Visit-Combined)

— Total Error
100 | — Propagated Error I

. —
01— , . . ‘ .
3900.0 4200.0 4500.0 4800.0 5100.0 5400.0
StarNet Tqfr

0.3
0.2
0.1 T ! 1 : '

—t T 1 l
0.0 T T T T T T

1.0 1.5 2.0 2.5 3.0 3.5
StarNet /log(9)
0.2
I I
0.1 [ |
I T
0.0 : \ . . : ;
-2.3 -1.75 -1.2 -0.65 -0.1 0.45

StarNet [Fe/H]



calibration uncertainties
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comparison with official APOGEE methods
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machine learning limitations
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machine learning limitations

dealing with uncertainties
dealing with heteroscedastic data
dealing with missing data
interpretable models
generalisability

reduce training set size



machine learning meets statistics

p(x.z|0)

z latent model @ physical

parameters

generative implicit models, deep probabilistic programming
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small training set
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synthetic gap?

t-SNE before and after zero-data - interpolation

APOGEE
Synthetic




missing data?

training and testing using random
parts of the spectra
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multi-surveys
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exploring deep learning architectures

. no. of Nodes P
Neural Network " o of Filtees in Fully r Ters log(g) Fe/H]
in Conv. Layers . ~
Connected Layers
T o T o T o
Shallow NN 0 512, 128 09667 -7.2 723 0.003 0.142 -0.008 0.057
. 2048, 1024, 512, v Iy . p Y . -
Deep NN 0 956. 198. 32 09642 -10.2 739 0.027 0.144 -0.011 0.057
Shallow CNN 16 128 0.9573 -1.2 829 0.017 0.155 -0.008 0.066
StarNet CNN 4,16 256, 128 09749 -12.1 63.5 0.005 0.108 -0.014 0.049
. 16, 32, 32, . - . . . "
Deep CNN 1024, 512, 256 09737 87 702 0.003 0.105 -0.010 0.053
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