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Context: Galactic Archaeology
- studying the formation and evolution of the Milky Way and it’s local volume
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30 stars from Wallerstein (1962) ~500000 stars from GALAH (Buder et al. 2021)
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The need for large spectroscopic surveys
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What we measure from a star:

— Atmospheric parameters:
— Effective temperature Tes
— Surface gravity log(g)
— Overall metallicity [M/H]

- Average abundance ratios
— For instance [a/M] with a goes for a-elements (Mg, Si, Ca, O, Ti, Ne, S)

- Individual chemical abundances
- [XIFe] with X = {Mg, Si, Ti, Ni, Fe, Ba, Eu, ....}

Many other parameters, such as rotation, activity, mass, age ...




Buder et al. 2018
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Standard analysis
of stellar spectra
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How do stellar spectra correlate with astrophysical parameters ?

- Example: effective temperature
Terr (K)

Temperature Sequence
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Machine-learning analysis
of stellar spectra
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Basic concepts of Convolutional Neural-Networks (CNN)

- Practical example: Cat and dog classification

?

— Step 1: build a training sample
Labels

Cat
Dog
b.og
Cat

Data

—>

- Step 2: generate (train) a model between data and labels

CNN:

High-D non-linear function
composed of neurons,
characterized by
weights and biases

—_— Labels

CNN
model

Dog

- Some literature:
LeCun et al. 1989
LeCun & Bengio 1995
Ciresan et al. 2011
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CNNs for stellar spectroscopy

- Example: Measuring temperature of the star

— Step 1: build a training set

Data = spectra
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Past applications of CNNs
for stellar spectroscopy
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Our experience with CNNs and RAVE spectra — Mg —
| RO B SR T

— N —A 0 Ca == Fe

- 1st application of CNNs combining RAVE spectra,
Gaia magnitudes, and parallaxes
- Training set: 4000* with labels from APOGEE DR16 (R~22000)
- Transfer high-quality labels to low-resolution RAVE spectra (R~7500)

0 = = .
Standard spectroscopy::. o/ CNN
7 Using only spectra:” ; Guiglion et al. 2020 4
(Steinmetz et al. 2020) .. 14 *
' ¢ See also:
21 2 Bailer-Jones et al. 1997
§ G} Leung & Bovy 2019
a = Fabbro et al. 2018
Zhang et al. 2019
3 Bialek et al. 2020
4,
5 ]
9000 8000 7000 60(; 00 406 8000 70.00 6000 5000 4000 3000
Teff 1elr (1)

- Such particular combination of data allows to break the spectral degeneracies inherent to RAVE spectra
(and likely to be present in Gaia RVS spectra)
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Chemical evolution of lithium with CNN from stellar spectra 2

~ Why is lithium important ? e |
- Chemical evolution of Li in the Milky Way still unclear (e.g. Guiglion et al. 2019) ESO

\

- Training set: 7000 stars with Gaia-ESO spectra, to derive Ter, log(g), [Fe/H], A(Li) S. Nepal (AIP)

22






Chemical evolution of lithium with CNN from stellar spectra %
1a )

— Why is lithium important ? —4
- Chemical evolution of Li in the Milky Way still unclear (e.g. Guiglion et al. 2019) GalcESO
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Chemical evolution of lithium with CNN from stellar spectra

— Why is lithium important ?
- Chemical evolution of Li in the Milky Way still unclear (e.g. Guiglion et al. 2019)

- Training set: 7000 stars with Gaia-ESO spectra, to derive Tex, l0og(g), [Fe/H], A(Li)
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Chemical evolution of lithium with CNN from stellar spectra

— Why is lithium important ?
- Chemical evolution of Li in the Milky Way still unclear (e.g. Guiglion et al. 2019)

; \J; 4\\/
.. . . . . . S. Nepal (AIP)
- Training set: 7000 stars with Gaia-ESO spectra, to derive Tex, log(g), [Fe/H], A(Li)
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Chemical evolution of lithium with CNN from stellar spectra 4%
™

— Why is lithium important ? —4
- Chemical evolution of Li in the Milky Way still unclear (e.g. Guiglion et al. 2019) GAICESO \~~; I
Traini . . . . . S. Nepal (AIP)
- Training set: 7000 stars with Gaia-ESO spectra, to derive Tex, l0og(g), [Fe/H], A(Li)
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— CNN learns efficiently from relevant spectral features !!
— CNN well suited for Li derivation

(good insights for next surveys like 4AMOST)
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Present application of CNNs
for stellar spectroscopy

32



Gaia: ESA's billion star surveyor

https://www.esa.int/Enabling_Support/Operations/Gaia_s_biggest_operation_since_launch

https://www.cosmos.esa.int/web/gaia/instruments
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Gaia: ESA's billion star surveyor
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https://creativecommons.org/licenses/by-sa/3.0/igo/

Can we exploit in a homogeneous way
Gaia spectra (RVS + BP/RP)
magnitudes (G, Bp, Rp)
and parallaxes
for supercharged stellar
parametrization ?
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Analysis of the 1 million Gaia RVS-spectra with CNNs

Beyond Gaia DR3:
tracing the [a/M] — [M/H] bimodality
from the Inner to the outer Milky Way disc
with Gaia RVS and Convolutional Neural-Networks

G. Guiglion®, S. Nepal®3, C. Chiappini?, S. Khoperskov?, G. Traven?, A. B. A. Queiroz?, M. Steinmetz?,
M. Valentini®, Y. Fournier?, A. Vallenari®, K. Youakim®, M. Bergemann!, S. Mészaros™ %, S. Lucatello® 1,
R. Sordo®, S. Fabbro!, I. Minchev?, G. Tautvaisiené!?, S. Mikolaitis'?, J. Montalban'?

- Resubmitted :)

Motivations and goals:

300000
- Use homogeneously the full Gaia data product
200000
- Leverage the low-S/N RVS sample =
No GSP-Spec labels with “good” flags within 15<S/N<25 100000

- Set the machine-learning path for Gaia data analysis
(DR4 in 2025, DR5 in 2027)

RVS sample
<
I
0 —
15 25 35 45 55 65 75 85 95105
S/N (pix~1)
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Training sample

Knowledge transfer
from high-quality
high-res APOGEE labels
Tex, l0og(g), [M/H], [a/M], [FelH]
to intermediate-res RVS
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Analysis of the 1 million Gaia RVS-spectra with CNNs
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Gaia RVS Spectrum
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How to ensure that a label falls within the training sample limits ?

- Labels within T log(g), [M/H], [a/M], [FelH], G, and parallax limits of training sample.

- t-SNE classification of RVS spectra

t-SNE Y

20

10

—10

—20

e m

GG, Nepal et al. 2023

Enti | O All Obs (841300)
10! 102 Sggg‘ggfmpe @ Training Sample (44780) @ Train-like Obs (669572) @ Train-unlike Obs (171728)
-20 -10 O 10 20 -20 -10 0 10 20 26 -10 0 10 20 -20 -10 0 10 20
t-SNE X t-SNE X t-SNE X t-SNE X

- 644287 RVS stars within TS
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GG, Nepal et al. 2023

15<S/N<25
264241 stars

25<S/N<75
270616 stars

75<S5/N<10000000
109430 stars

5500 4500
Teff (K)

3500

6500 5500 4500

Tetf (K)

3500

6500 5500 4500
Teff (K)




GG, Nepal et al. 2023
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CNN - APOGEE

5000
Terrt APOGEE

b =-0.02,0=0.08

0.1 0.2
log(g) APOGEE [a/M] APOGEE

GG et al. 2023




Chemical cartography of the Milky Way, for Inner to Outer regions with Gaia and CNN

- We selected giants, to probe large distances, and limit possible systematics - 147416 stars
- Galactic radius and Height adopted from Nepal et al. In prep. (using StarHorse distances).
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Chemical cartography of the Milky Way, for Inner to Outer regions with Gaia and CNN

- We selected giants, to probe large distances, and limit possible systematics - 147416 stars
- Galactic radius and Height adopted from Nepal et al. In prep. (using StarHorse distances).
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- Studying the chemical abundance pattern [a/M] vs. [M/H] as function of R and Z
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i - Findings consistent with past studies (Minchev et al. 2015, Anders et al. 2014,

_ Hayden et al. 2015, Rojas-Arriagada et al. 2019, Queiroz et al. 2020, 2021).

| s<r<7 | — Opening a new era of Galactic Archaeology with Gaia-RVS (Guiglion et al. In prep,
1<zi<1] Nepal et al. in prep a,b)
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Future application of CNNs
for stellar spectroscopy
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4MOST (de Jong et al. 2019)

- 4MIDABLE-LR Disc and Bulge surveys (Chiappini et al. 2019)

AMOST LR surveg . Developing CNN for 4MIDABLE-LR D1(>)
spectral analysis.

>20 million stars

AMIDABLE-LR ESO proposal 2020

>20 elements to be measured at R=5000
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Summary:

- CNN is an optimal method for combining full Gaia data product
- Leveraging the large set of low S/N RVS spectra

- CNN parametrization is fast and robust (several 103 stars per second)

Insights:

- Standard spec. and ML methods complement each other !

- Future spectroscopic surveys will strongly benefit from CNNs

- CNN parametrization mainly reliable within the training sample limits
-~ The training sample should be built in a pro-active way

E.g.: IWG3 for 4AMOST

guiglion@mpia.de (@ TR | o CRha—
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