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Introduc/on:	Gaia,	scanning	the	whole	sky



Sampling

Eyer	et	al.	2017

Predicted	5	year	mission	sky	coverage	(galacQc	coordinates)
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Gaia	Main	Database	Dic/onary	Tool	(in	ESAC)	
Total	number	of	parameters	(now):	5,540
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At	the	Gaia	precision	not	all	stars	are	variable	

10s	to	150	million	sources	to	analyse

In	the	Galaxy,	variable	objects	represent	about	few	percent	to	15%	of	the	
populaQon

Reduce	your	problem	by	one	order	of	magnitude!
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Hypothesis	tesQng:

Null	hypothesis

AlternaQve	hypothesis

P-value

—	allows	us	to	compare	stars	
with	different	precision,	different	
number	of	measurements

—	allows	us	also	to	rescale	
empirically	the	uncertainQes

Use	some	staQsQcs	e.g.	Chi2

HOWEVER
Gaia	DR1

see	Eyer	et	al.	2017



General	Variability	Detec/on	

AlternaQve:	use	a	supervised	classificaQon	scheme	(e.g.	Gaia	Data	Release	1)

Result	of	the	classifica/on

Completeness	
ContaminaQon

Confusion	Matrix:

Training-set:	based	on	OGLE	

Algorithm:	Random	Forest	(Breiman	2001)

A\ributes:	General	+	those	derived	from	Qme	series

﹛

Eyer	et	al.	2017



Region	for	the	Gaia	Data	Release	1:	well	covered	by	OGLE	
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Region	for	the	Gaia	Data	Release	1:	well	covered	by	OGLE	

HOWEVER
Gaia	Data	Release	2	is	for	the	whole	sky,	no	training-set	is	really	representaQve

Eyer	et	al.	2017
	Gaia	DR1	footprint	in	Equatorial	Coordinates
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Classifica/on:	Itera/ve	approach	(semi-supervised)	
for	Gaia	Data	Release	2

—	Sky	posiQon,	number	of	measurements,	magnitude	(signal/noise)

a.	Coverage	and	distribuQon	of	training-set	similar	to	real	data

b.	RelaQve	fracQon	of	variables	in	the	training-set	representaQve	of	the	true	one	
(e.g.	this	is	true	for	Random	Forest)

Itera/ve	work	to	improve	(generalise)	the	training-set

An obvious fact: the classifica3on depends cri3cally on the training-set
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Classifica/on:	Several	classifiers

Multistage tree: 

Bayesian networks

Multistage tree:

Gaussian mixture Random Forest

Supervised classification (several methods):

Multi stage tree example
Furnish training-set

built from Crossmatched data



Classification

Example	of		
Gaia	DR1

Eyer	et	al.	2017



Classifica/on:	Several	classifiers

Venn	Diagram	of	the	different	classifiers	
of	Cepheids	and	RR	Lyrae	stars	for	the	Gaia	DR1

Eyer	et	al.	2017

	Bayesian	NetworksRandom	Forest

Gaussian	Mixture



Improve	the	classifica/on:	Meta-classifier	

CombinaQon	of	several	classifiers:	a	two	level	hierarchy	learners	

Tests	were	done	on	Hipparcos	by	Süveges	et	al.	2017
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