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§  ML	usage	in	HEP	so	far:		
					search	for	rare	decays,	detector	response	op2miza2on	
§  Interes2ng	to	find	new	applica2ons	

o  try	to	address	centrality	determina2on	in	heavy	ion	events	

Prologue	
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The	 centrality	 is	 a	 key	 parameter	 in	 the	 study	QCD	maTer	 at	 extreme	
energy	 densi2es,	 because	 it	 is	 directly	 related	 to	 the	 ini2al	 overlap	
region	of	the	colliding	nuclei.	

The	collision	centrality	

The	impact	parameter	(b)	is	the	distance	between	
the	centers	of	the	colliding	nuclei.	
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In	ALICE	for	Pb-Pb:		
use	mul/plicity	distribu/on	in	(semi-central)	VZERO	detector	+	Glauber	fit	

Centrality	determina2on	in	experiment	
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Usual	receipt:		
§  use	distribu2on	of	a	signal	in	some	detector	
§  fit	with	some	geometry-based	model	
§  split	into	centrality	classes	(0-100%)	
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(-3.7<η<-1.7	and	2.8<η<5.1)	



à	bimpact,	Npart,	Ncoll,	Nspec	are	not	directly	measurable	and	are	
deduced	from	the	Glauber	model.	

In	ALICE	for	Pb-Pb:		
use	mul/plicity	distribu/on	in	(semi-central)	VZERO	detector	+	Glauber	fit	

Centrality	determina2on	in	experiment	

arXiv:1301.4361	

close	to	0%	à	most	central	events	
closer	to	100%	à	peripheral	events	
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Event	geometry	cannot	be	measured	experimentally.	
We	can	only	group	events	into	centrality	classes	(0-100%),	
which	corresponds	to	a	given	range	of	impact	parameters.	
Centrality	0%	corresponds	to	most	central	events,	100%	–	to	most	peripheral.	
	
	

Usual	receipt:		
§  use	distribu2on	of	a	signal	in	some	detector	
§  fit	with	some	geometry-based	model	
§  split	into	centrality	classes	(0-100%)	
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signals	in	electromagne2c	
calorimeters	(ZEM)	

Alterna2ve	method	in	ALICE	
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Splicng	in	centrality	classes	is	done	by	drawing	(arbitrary)	lines.	

energy	from	neutrons-spectators	
	in	Zero-degree	calorimeters	(ZDC)		 &&	

Based	on	2D	distribu2on	of	signals	from	two	detectors:	
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(4.8<η<5.7)	



Best	centrality	resolu/on	is	achieved	by	usage	of	the	VZERO	es2mator.	

Centrality	resolu2on	in	experiment	

7	Classifiers	for	centrality	determina2on	in	AA	and	pA	collisions		



Can	we	perform	beTer	using	mul2ple	detectors	simultaneously?	
Try	machine-learning	techniques	for	that.		

Best	centrality	resolu/on	is	achieved	by	usage	of	the	VZERO	es2mator.	

Centrality	resolu2on	in	experiment	
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Centrality	determina2on	as	a	Machine-Learning	task	

§  Use	AMPT	monte-carlo	generator	to	simulate	Pb-Pb	events	at	2.76	TeV	
					(without	detector	response)	
§  5	features	are	selected	in	correspondence	with	the	subsystems	of	the	

ALICE	detector:	

mul2plicity	mul2plicity	 mul2plicity		

VZERO-C	 VZERO-A	TPC	

N	neutrons	

ZDC-C	

N	neutrons	

ZDC-A	

(400k	events)	
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Centrality	determina2on	as	a	Machine-Learning	task	

+3	addi2onal	features:		
•  average	pT	
•  kaon/pion	ra2o	
•  proton/pion	ra2o	

§  Use	AMPT	monte-carlo	generator	to	simulate	Pb-Pb	events	at	2.76	TeV	
					(without	detector	response)	
§  5	features	are	selected	in	correspondence	with	the	subsystems	of	the	

ALICE	detector:	

mul2plicity	mul2plicity	 mul2plicity		

VZERO-C	 VZERO-A	TPC	

N	neutrons	

ZDC-C	

N	neutrons	

ZDC-A	

(using	TMVA	Version	4.2.0)	

(400k	events)	
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Target	for	regression:	impact	parameter	b	



pre-selec/on:	
events	class	0-10%	(V0M)	

Target	for	regression:	impact	parameter	b	

True	distribu2on	VS	es2mated	by	Boosted	Decision	Tree:	
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pre-selec/on:	
events	class	0-10%	(V0M)	

Target	for	regression:	impact	parameter	b	

True	distribu2on	VS	es2mated	by	Boosted	Decision	Tree:	

Regression	by	ML	es2mator:	unavoidable	“deforma2on”	
of	the	b-distribu2on	at	the	edges.	
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ML	es2mator	vs	V0M-based	selec2on	
§  Split	the	regression	output	of	the	es2mator	into	centrality	classes	of	1%	width	
§  Look	at	b	impact	distribu2ons:	

AMPT	simula2on	
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Npart	-	would	be	beTer!	
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ML	es2mator	vs	V0M-based	selec2on	
§  Split	the	regression	output	of	the	es2mator	into	centrality	classes	of	1%	width	
§  Look	at	b	impact	distribu2ons:	

§  narrower	RMS	by	ML	es2mator	than	by	V0M	
§  most	central	0-1%	events	by	es2mator	are	

closer	to	truth	b	

Mean	+/-	RMS	within	centrality	classes:	

AMPT	simula2on	
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Npart	-	would	be	beTer!	

Study	in	terms	of	Npart	should	go	
even	closer	to	truth!	

Classifiers	for	centrality	determina2on	in	AA	and	pA	collisions		



Now	try	classifica2on	task:	find	most	central	events	
signal	=	0-1%	most	central	events	(bimpact	<	1.5	fm)	
background	=	other	events	

90k	events	

§  Similar	performance	for	the	most	of	es2mators	
§  Cut-based	classifiers	perform	worse	than	others	
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within	0-10%	events	 background	=	1-10%	

(pre-selec2on:	0-10%	by	V0M)	
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Significant	gain	of	combined	usage	of	informa2on	
from	several	sub-detectors.		

Frac2on	of	“signal”	events	
selected	by	classifiers	output		

Compare	to	V0M	es2mator:	
purity	is	increased	by	~13%.	
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(=“purity”)	

V0M	
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signal	=	0-1%	most	central	
events	(bimpact	<	1.5	fm)	



Which	features	are	the	most	relevant?	

V0A	 V0C	 TPC	

ZDC-A	 ZDC-C	 Κ/π	

p/π	 <pT>	

ZDC-A	
ZDC-C	

V0A	
V0C	

TPC	

Resume:		
Powerful	features	are:	
1)	mul2plicity	in	large	rapidity	ranges	
2)	informa2on	about	spectators	
Addi2onal	features	do	not	help.	
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p-Pb	collisions:		
§  larger	fluctua2ons	in	Npart	
§  More	bias	from	mul2plicity-based	es2mators	
§  Npart	is	more	reliable	target	than	bimpact	

centrality	in	p-Pb	(ALICE)	
arXiv:1412.6828		

From	Pb-Pb	to	p-Pb	collisions	
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p-Pb	collisions:		
§  larger	fluctua2ons	in	Npart	
§  More	bias	from	mul2plicity-based	es2mators	
§  Npart	is	more	reliable	target	than	bimpact	

Try	ML	classifica2on	task	with	Npart	as	a	target:	

From	Pb-Pb	to	p-Pb	collisions	

split	all	events	into	5	classes	
0-20,	20-40,	40-60,	60-80,	80-100%,	

0-20%	=	most	central	
How	oten	do	we	get	true	Npart	in	0-20%	using	es2mator	output?	

in	p–A	collisions	the	
impact	parameter	is	
only	loosely	correlated	
to	ν.	(=Npart	or	Ncoll)	

Of	par2cular	in-	terest	are	
es2mators	from	kinema2c	regions	
that	are	causally	disconnected	
ater	the	collision.	
The	measurement	of	a	finite	
correla2on	between	them	
unambiguously	establishes	their	
connec-	2on	to	the	common	
collision	geometry.	Typically	these	
studies	are	performed	with	
observables	from	well	separated	
pseudorapidity	(η	)	intervals,	e.g.	
at	zero-degree	(spectators,	slow-
nucleons,	deuteron	break-up	
probability)	and	mul2plicity	in	the	
rapidity	plateau.	

Calorimeters	(ZDC),	two	sets	of	neutron	
(ZNA	and	ZNC)	and	proton	(ZPA	and	ZPC)	
calorime-	ters	posi2oned	at	±112.5	m	from	
the	interac2on	point,	with	an	energy	
resolu2on	of	about	20%	for	the	neutron	and	
24%	for	the	proton	calorimeters.	
2.8	<	η	<	5.1	(VZERO-A)	and	−3.7	<	η	<	−1.7	
(VZERO-C)	

The	centrality	determina2on	is	performed	by	exploi2ng	the	rapidity	coverage	of	the	various	detectors.	

The	neutron	calorimeter	has	full	
geometric	acceptance	for	neutrons	
emiTed	from	the	Pb	nu-	cleus,	as	
es2mated	through	Monte	Carlo	
simula2ons.		

To	include	ZNA	in	this	ML	task	(based	on	MC	generator),	we	would	need	Slow-Nucleon	
Model	(similar	to	what	was	done	in	ALICE)	
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Use	for	that	5	mln	AMPT	p-Pb	events	

centrality	in	p-Pb	(ALICE)	
arXiv:1412.6828		



20	

mult	in	VZERO-C	 mult	in	VZERO-A	

Visualize	decision	boundaries	 p-Pb	
Two	features:	 &&	

Target:	Npart	

AMPT	p-Pb	 1k	events	

Colors:		
5	true	centrality	classes	
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K-nearest	neighbors:	
KNN	20	 KNN	40	 KNN	100	 KNN	500	

mult	in	VZERO-C	 mult	in	VZERO-A	

Visualize	decision	boundaries	 p-Pb	
Two	features:	 &&	

(using	scikit-learn	library)	
Target:	Npart	
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K-nearest	neighbors:	
KNN	20	 KNN	40	 KNN	100	 KNN	500	

mult	in	VZERO-C	 mult	in	VZERO-A	

Visualize	decision	boundaries	 p-Pb	
Two	features:	 &&	

Linear	Discriminant:	 Quadra2c	Discriminant:	

AdaBoost	(bad)	

(using	scikit-learn	library)	
Target:	Npart	
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ZDC-neutrons	mult	in	VZERO-A	

Visualize	decision	boundaries	(other	features)	 p-Pb	
Two	other	features:	 &&	

Linear	Discriminant:	 Quadra2c	Discriminant:	

(using	scikit-learn	library)	Target:	Npart	

Classifiers	for	centrality	determina2on	in	AA	and	pA	collisions		

1	mln	events	
Train	20%	
Test	80%	
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ZDC-neutrons	mult	in	VZERO-A	

Visualize	decision	boundaries	(other	features)	 p-Pb	
Two	other	features:	 &&	

Linear	Discriminant:	 Quadra2c	Discriminant:	

AdaBoost	(bad)	

(using	scikit-learn	library)	Target:	Npart	

Quadra2c	Discriminant:	

Try	another	feature:		
mean	pT	(vs	V0A)	

Task:	
how	oten	do	we	get	true	Npart	in	
0-20%	using	es2mator	output?	
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1	mln	events	
Train	20%	
Test	80%	
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“Purity”	of	selec2on	events	in	0-20%	by	Npart	 p-Pb	

Compare	different	feature	sets		
basing	on	Quadra2c	Discriminant	classifica2on:	 (target:	Npart)	

§  Combina2on	V0A	&&	ZNA	provides	best	results	
§  Other	features	are	almost	irrelevant	
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purity	is	increased	by	~10%.	

“single	detector”	es2mators	

“Purity”	of	selec2on	events	in	0-20%	by	Npart	 p-Pb	

ML-based	classifica2on	allowed	to	increase	purity	
of	0-20%	class	in	terms	of	Npart	by	~10%.	

Different	feature	sets	and	several	ML	algorithms:	
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§  we	want	to	go	back	to	na2ve	defini2on	of	the	no2on	of	
“centrality”:	through	the	impact	parameter.	

					(possible	to	perform	similar	study	for	N	par/cipants)	

Possible	ML	task	in	fixed	target	experiment	
NA61/SHINE	
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Projec2le	Spectator	Detector	(PSD)	

The	purpose	of	the	Projec2le	Spectator	Detector	(PSD)	is	the	measurement	of	projec2le	spectator	energy	in	nucleus-nucleus	collisions.	The	PSD	is	used	to	select	central	(with	a	small	
number	of	projec2le	spectators)	collisions	at	the	trigger	level.	Moreover,	the	precise	event-by-event	measurement	of	the	energy	carried	by	projec2le	spectators	enables	the	
extrac2on	of	the	number	of	interac2ng	nucleons	from	the	projec2le	with	the	precision	of	one	nucleon.	The	high	energy	resolu2on	of	the	PSD	is	important	for	the	study	of	
fluctua2ons	in	nucleus-nucleus	collisions	which	are	expected	to	be	sensi2ve	to	proper2es	of	the	phase	transi2on	between	the	quark-gluon	plasma	and	hadron-resonance	maTer.	
Namely,	the	PSD	provides	the	precise	control	over	fluctua2ons	caused	by	the	varia2on	of	the	number	of	interac2ng	nucleons	and	thus	excludes	the	"trivial"	fluctua2ons	caused	by	
varia2on	of	the	collision	geometry.	The	PSD	calorimeter	consists	of	44	modules	which	cover	a	transverse	area	of	120x120cm2.	The	central	part	of	the	PSD	consists	of	16	small	
modules	with	transverse	dimension	of	10x10cm2	and	weight	of	120kg	each.	Such	fine	transverse	segmenta2on	decreases	the	spectator	occupancy	in	one	module	and	improves	the	
reconstruc2on	of	the	reac2on	plane.	The	outer	part	of	the	PSD	consists	of	28	large	20x20cm2	modules	with	a	weight	of	500kg	each.	

hTp://shine.web.cern.ch	
Lead	plates/scin2llator	2les	

à	Possibili2es	to	use	ML	classifiers	to	cope	with	these	condi2ons	
and	increase	resolu2on	of	centrality	selec2on?	

§  Centrality	in	AA	collisions	in	NA61	experiment	is	determined	by	energy	
in	modules	of	PSD	(possibly	in	combina2on	with	data	from	TPC’s).	

§  Modules	in	PSD	are	fired	by	spectators	and	par2cles	born	in	collision.	
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Summary	
Accurate	centrality	is	a	baseline	for	many	physics	analysis	

(crucial,	for	example,	in	fluctua2ons	and	correla2ons	studies).	
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Presented	work	is	exploratory	to	demonstrate	possible	usage	of	
ML	techniques	for	classifica2on	of	events	in	terms	of	centrality.	



§  We	want	to	go	back	to	na2ve	defini2on	of	the	no2on	of	“centrality”:	
through	the	impact	parameter	and/or	N	nucleons-par/cipants.	

§  ML	algorithms	are	able	to	select	most	central	events	with	higher	“purity”	
without	loss	of	sta2s2cs	using	info	from	several	detectors.	

§  In	this	exploratory	work,	increase	in	purity	is	~10-13%		
à	possible	to	gain	more?.	

§  Combina2on	of	several	strong	features	is	enough,	“weak”	features	are	
irrelevant.	

§  If	use	in	real	life	à	need	to	tune	MC	to	match	real	detector	data.	
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(crucial,	for	example,	in	fluctua2ons	and	correla2ons	studies).	
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Presented	work	is	exploratory	to	demonstrate	possible	usage	of	
ML	techniques	for	classifica2on	of	events	in	terms	of	centrality.	



§  We	want	to	go	back	to	na2ve	defini2on	of	the	no2on	of	“centrality”:	
through	the	impact	parameter	and/or	N	nucleons-par/cipants.	

§  ML	algorithms	are	able	to	select	most	central	events	with	higher	“purity”	
without	loss	of	sta2s2cs	using	info	from	several	detectors.	

§  In	this	exploratory	work,	increase	in	purity	is	~10-13%		
à	possible	to	gain	more?.	

§  Combina2on	of	several	strong	features	is	enough,	“weak”	features	are	
irrelevant.	

§  If	use	in	real	life	à	need	to	tune	MC	to	match	real	detector	data.	
	

Summary	
Accurate	centrality	is	a	baseline	for	many	physics	analysis	

(crucial,	for	example,	in	fluctua2ons	and	correla2ons	studies).	
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Advantages:	
Pb-Pb:	Can	select	most	central	events	with	higher	“purity”	without	loss	of	sta2s2cs	
	
Among	different	features,	mul2plicity	remains	the	strongest	variable	for	centrality	determina2on	
	
p-Pb:	…	
	

Presented	work	is	exploratory	to	demonstrate	possible	usage	of	
ML	techniques	for	classifica2on	of	events	in	terms	of	centrality.	

Combining	several	features	is	enough	
“weak”	features	are	irrelevant	

Machine	learning	algorithms	builds	decision	boundaries	for	us	
	

Thanks for your attention!


