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Star Formation in a nutshell

Low mass Pre-Main Sequence accretion
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- grain growth

de Wit W., et al. (2014)

However, high mass Pre-Main Sequence accretion
is still largely not understood




Star Formation in a nutshell

Low mass Pre-Main Sequence accretion

Hill, et al. (2019)
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However, high mass Pre-Main Sequence accretion

is still largely not understood
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Star Formation in a nutshell
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Herbig Ae/Be stars
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Star Formation in a nutshell
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Star Formatlon ina nutshell
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Star Formation in a nutshell

Break in accretion
properties between
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Some other open questiorN

Clustering
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Do all massive stars form in
clusters?




Some other open questions
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Planet Formation
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Some other open questions
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Clustering Planet Formation
| ‘ | Planet forming or iy i
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Looking for new Pre-Main Sequence (PMS) objectsin Gaia!
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Main characteristics of PMS objects:
* |Infrared excesses

e Ha emission

e Photometricvariability




Looking for new Pre-Main Sequence (PMS) objectsin Gaia!

| I | |
Class IL

1

T-Tauri Star
1 ] | |

Main characteristics of PMS objects:
* |Infrared excesses

e Ha emission

e Photometricvariability

“Easy” to do for low-mass objects:
eq., Ksoll et al. (2018), Martonetal. (2019)

DEC (J2000)

248° 246" 244°
RA {J2000)

Cdnovas et al. (2019)




Looking for new Pre-Main Sequence (PMS) objectsin Gaia!

T-Tauri Star
| ] | |

Main characteristics of PMS objects:
* |Infrared excesses

e Ha emission
 Photometricvariability

High mass PMS objects (Herbig Be stars) are
very similar to Classical Be stars

... and supergiants, B[e] stars, ...




Looking for new Pre-Main Sequence (PMS) objectsin Gaia! l

ssssss

Perform an homogeneous

selection, distance and
position independent!

High mass PMS objects (Herbig Be stars) are
very similar to Classical Be stars

... and supergiants, B[e] stars, ...




Neural Network

15t Step: The algorithm learns from labeled data (Training Set)
through minimizing error in successive iterations

Credit: 3BluelBrown




Neural Network

2"d Step: The algorithm improves itself by finding non-trivial
patterns hidden within the data

Credit: 3BluelBrown



Credit: 3BluelBrown
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3rd Step




Neural Network

N

labeled data

Algorithm is trained with known

HIDOEN LAYERS

Before training:

Training Set
Set of characteristics
Set of categories

After generalizing:

Each category gets
a probability
Efficiency of the
algorithm

The best architecture is selected




Neural Network ‘

Selection of the characteristics:




Neural Network ‘

Selection of the characteristics:

e |nfrared excesses




Neural Network

Selection of the characteristics:
AlIWISE (WISE+2MASS)
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Neural Network

Selection of the characteristics:

Infrared excesses

Ha emission

AlIWISE (WISE+2MASS)
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Neural Network ‘

Selection of the characteristics:
AlIWISE (WISE+2MASS)
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Neural Network ‘

Selection of the characteristics:
AlIWISE (WISE+2MASS)
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e Photometric variability

e |nfrared excesses
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Neural Network

Selection of the characteristics:
AlIWISE (WISE+2MASS)

Infrared excesses

IPHAS VPHAS+ _

Ha emission

Photometric variability
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2 variability
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Neural Network ‘

Selection of the characteristics:

Create all possible colours > W1,W2, W3, W4

Distance and position
independent!

¢

])HJKS

Remove all linear dependency | >r—H,
(PCA)
l 2 variability
12 dimensions (characteristics) =/ indicators
~—3) B, G,R,




Selection of the categories:
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Selection of the categories: ‘

PMS category




Selection of the categories: ‘

PMS category

Classical Be
category




Selection of the categories: ‘

PMS category

Classical Be
category

Other sources




Selection of the Training Set: ‘

PMS category

Classical Be
category

Other sources




Selection of the Training Set:
AlIWISE IPHAS VPHAS+

@
Q./ \‘\:_?;.-
Pe A

PMS category

Classical Be
category

Other sources

Gaia

g
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Selection of the Training Set: ‘

AIIWISE o
//@ IPHAS VPHASj " : 4’15 1’538
" “ sources

e 848 Pre-Main Sequence

PMS category objects (163 Herbig
Ae/Be)

Classical Be e 775 Classical Be stars

category

Other sources e 471,111 random sources




Selection of the Training Set: ‘
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Probability Classical Be

Probability Map

‘e Other objects candidates

* PMS candidates
* (Classical Be candidates
* Either PMS or Classical Be candidates
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Probability Classical Be

636 Classical
1.0] Be candidates

vability Map

Other objects candidates

* PMS candidates
* (Classical Be candidates
* Either PMS or Classical Be candidates
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Probability Classical Be

636 Classical ablllty ‘

Evaluation on Test Set
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Selection of the Training Set: ‘

AIIWISE o
//@ IPHAS VPHASj " : 4’15 1’538
" “ sources

e 848 Pre-Main Sequence

PMS category objects (163 Herbig
Ae/Be)

Classical Be e 775 Classical Be stars

category

Other sources e 471,111 random sources




Selection of the Training Set:
AllWISE IPHAS VPHAS+

Thereis a large
contamination

PMS categor
BOrY between
categories!
Classical Be assical Be stars
category
Other sources 471,111 random sources




This algorithm cannot assess itself, we need a
totally independent analysis

sources

Thereis a large
contamination

PMS categor
BOrY between
categories!
Classical Be assical Be stars
category
Other sources 471,111 random sources
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Gaia HR diagram
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Gaia HR diag

Classical Be candidates
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3131 potential high mass (682 with good Gaia solution)
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Coordinates
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Photometric variability

Physical behaviour

Variability vs. Masses (lower limits)

Candi_dates

* PMS candidates
* Classical Be candidates
Either of both
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Photometric variability

Physical behaviour

Variability vs. Masses (lower limits)

Candidates

220 ° « PMS candidates

; * Classical Be candidates
200 | Either of both
180 |
160 |«
140 |
120 |

100 |
80 |
60 |
40 |

20 |

Mass [Mz)]

Vi

60
ss-f
50
45
40 -
35
30

25

v — T

O Tar= 8150K (up to AS)

m B150K < T.x= 9500K (A5-Al)

m 9500K < T.»= 10700K (A1-B9)
m 10700K < T.x=< 16500K (B9-B3)
m 16500K < T.# (hotter than B3)

L]

L

Mass [M;]
Vioque et al. 2018




Caveats

Candidates
...‘ s . [ PMS candidates I . .
£ e B U <. Ha emission
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Caveats

Planetary Nebula!
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Future work

Past and future observations Populate HR diagram
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e Weretrieve 8452 new PMS

Results ‘
: Completeness

candidates. 3131 (682) 8.8 4 149/

potential Herbig Ae/Be stars. @ = 0

e We retrieve 636 new Classical
Be stars candidates. Completeness
85.51+1.2%

e Weretrieve 1266 candidates of
belongingto either one of the
two categories.




