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L2IT	–	a	new	lab’	in	Toulouse
•  Key	ac=vity:	Algorithms,	Compu=ng	and	Data	(simula=on,	data	analyses,	innova=ve	algorithms)	
•  Four	research	teams,	among	them	“Compu=ng,	Algorithms	and	Data”	(CAD)	

	
•  CAD,	2	members	

•  Catherine	(team	leader)	
•  Sylvain	(ML	expert):	dedicated	to	the	ATLAS	project		(the	first	one	established	at	L2IT)	
•  Another	engineer	to	join	in	October	2021		

•  Compu=ng	ac=vi=es	at	the	lab	(with	CAD):	
•  Par=cle	Physics:	ML	is	established	(star=ng	core	SW	ac=vi=es)	
•  Gravita=onal	waves:	under	discussion	(ML	and	SW	dev)		

•  ML	is	one	of	the	4	main	axes	of	the	University	
•  We	aim	to	work	(publish)	together	with	ML	researchers	(IRIT)	
•  Some	experiments	make	it	difficult	
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We	rely	on	the	CC-IN2P3	for	all	our	
compu=ng	needs	(CPU,	GPU,	storage).	
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Compu<ng	challenge	at	the	HL-LHC	
•  Increase	in	the	event	complexity	

•  Increase	in	the	event	rate	
•  Needs	for	new	algorithms	

GNN	for	track	paIern	recogni<on	
•  Track	reconstruc=on	algorithm	=	CPU	intensive	stage	

•  100k	hits	in	the	future	tracker	of	ATLAS	(Itk)	
•  Classical	algorithms	do	not	scale	
•  ML	methods	can	help	?	

•  Raw	data	from	collisions	are	sparse	data	

•  Graph	Neural	Networks	(GNNs)	were	iden=fied	as	suitable	
•  Earlier	proof	of	principle:	ExaTrk.x	project	

	

ML	ac=vi=es	@L2IT	–	Par=cle	Physics

From	ATLAS	HL-LHC	Compu1ng	Conceptual	Design	Report	
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ML	ac=vi=es	@L2IT	–	Par=cle	Physics

•  Graph	crea=on	(nodes	and	edges)	
•  GNN	will	give	the	probability	that	a	pair	
of	hits	(an	edge)	comes	from	a	true	
given	track	

•  Study	on	the	full	detector	(first)	

•  Simple	architecture	
•  Memory	consump=on	
•  Physics	performances	

Graph	
crea<on	

GNN	predic<on	

GNN	training	

Per-edge	
probability	 Track	reconstruc<on	

hit	 Possible	pair	for	hits	coming	
from	the	same	track	



Catherine.biscarat@l2it.in2p3.fr	|	BLOB-ML	mee=ng	|	10-June-2021	|	Compu=ng	ac=vi=es	at	L2IT	 5	

ML	ac=vi=es	@L2IT	–	Par=cle	Physics
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Plenary	talk	at	the	Interna<onal	conference	on	Compu<ng	in	High-Energy	and	Nuclear	Physics	

arXiv:2103.00916	
	
Joint	effort	CAD	and	
PP	team	
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ML	in	our	community

•  ML	is	popular	
•  GNN	is	one	of	the	newest	technics	explored	

•  ML	is	established	now	in	«	produc=on	»	streams	
•  E.g.	ATLAS	run3	fast	simula=on	is	hybrid	
between	parametrisa=on	and	ML	

•  ML@IN2P3	
•  ML@ATLAS	

•  ML@CERN	inter	experiment	

•  Springer:	«	Compu=ng	and	Soiware	for	Big	
Science	»	


