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Deep learning



Deep	learning
Optimal	stimulus
of	a	given	neuron
Google	2012
http://arxiv.org/abs/1112.6209

GoogLeNet
ILSVRC	2014	Winner
4M	parameters

˜1950
1990	handwritten
digits
2000	deep learning
explosion
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• Looking	for	heavy	Higgs:		H0èWWbb	vs	
ttèWWbb

• Simplified	LHC	simulation	(Delphes)
• Low-level	variables

– 4-vectors
• High	level	variables

– Invariantmasses
• èDNN	(Deep	Neural	Network)	works	better
• èDNN	does	not	need	high	level
• èèDNN	learns	the	physics	???

1402.4735 Baldi,	Sadowski,	Whiteson
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• Analysis	H	tautau :	Hètautau vs	Zètautau
– Low	level
– High	level (=human assisted)

1410.3469 Baldi SadowskiWhiteson

q DNN	works better
q But	now needs the	high	

level variables
q Things gets complicated…
q Also	need	millions	of	

events	 (we	typically	have	
few	thousands)

q For	now,	no	physics	results	
with	DNN	except... 5



Deep Learning	success :	NOVA	
(neutrino)
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arXiv	1604.01444 Aurisano	et	al
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NOVA	(2)

40%	ε improvement
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Convolutionnal Neural	Network	(CNN)

Bruit	de	fond

Higgs Lourd
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Tracking challenge

https://sites.google.com/site/trackmlparticle/
https://www.kaggle.com/c/trackml-particle-identification
https://twitter.com/trackmllhc



Issue
• High	Luminosity LHC	in	2025
• Increase of	number of	proton	collision	per	event
• èpile-up	of	parasitic collision		~200	(compared to		~50	now)
• èvery complex events
• In	particular for	trajectography
• Factor	10	speed-up	to	be found
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Connecting the	dots	but	
- 3	dimensions
- 10’000	tracks x	10	points

è



Why is it difficult?

• 100’000	to	group	into	10’000	tracks	of	10	points
– è~10450’000 combinations
– ⇒brute	force	has	(really)	no	chance

• Precision	of	the	points	:	~50µm	on	a	volume	~40	m3

– è3	1014 voxels!
– 2D	projection	è2	109 pixels	!
– ⇒ image	recognition	algorithm	have (really)	no	chance

• Not	a	classical	problem
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Tracking	outside	HEP
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Tracking Machine	Learning	challenge

pitch	:	put	the	points	(x,y,z)	on	the	web
ask people	to	connect the	dots

Objective	:	expose	new	algorithms
• Accuracy phase	on	Kaggle,	only the	accuracy:	
May	to	August	2018

• Throughput phase	on-going till	12th	March	
2019:accuracy	and	speed

https://twitter.com/trackmllhc
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Dataset
• Hit	file																							(measuredposition	mm)																		

qTruth	file										(	true position	mm										particle momentum GeV )							
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Visualisation	spin-off• Visit at	CERN	Tobias	Isenberg visualisation	scientist at	LRI-Orsay	with PhD	
student XiyaoWang

• Will	use	TrackML dataset to	experiment with visualisation/interaction	
with Microsoft’	Hololens
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Leaderboard
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Progression

20



Why	challenges	work	?

Olga Kokshagina 2015 

MOTIVATION OF ORGANIZING CONTESTS: 
EXTREME VALUE 
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Courtesy : Lakhani 2014 

OI is suitable for a variety of 
nonconvential surprising ideas that 
are «  far » from traditional 
expertise - > high volatility  

Experts are highly skilled, trained - > 
more focused, performed solution, 
low variety  

Not	just	ML,	but	a	general	trend:
Open	Innovation
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From	domain	to	challenge	and	back

Problem

Solution

Domain e.g. HEP

Domain
experts
solve
the	domain
problem

Challenge

Solution

The	
crowd
solves
the	
challenge
problem

Problemsimplify

Challenge
organisation

reimport
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Generative	Adversarial	Network



Generative	Adversarial	Network
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Condition	GAN
Text	to	image
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GAN	for	detector	simulation

Gain	en	temps	de	calcul		x1000
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Beware of	surprises

• https://twitter.com/goodfellow_ian/status/937406530743287808
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Scientific	Method



Systematic uncertainties
Everything we do	not	know

A	typical scientific publication Phys.Rev.Lett.	114	(2015)191803
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Experimental bias

30



Ab
ou

t	5
00

	te
rm

sf
or
	th

e	
sy
st
em

at
ica

lu
nc
er
ta
in
ty

31



Dialogue

200	pages	and	weeks of	discussion	
In	the	collaboration
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Trust	but	verify,	from	theory	to	
experiment

Lisa	Randall,	Harvard

John	Ellis,	CERN
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Re-discovery of	particles

2010

˜1940-50
1974

1977

1983

?



ML	and	systematical	errors
• Paper	conclusion	end	with:

– measurement	=	m	± σ(stat)	± σ(syst)
– σ(syst)	systematical	uncertainty

• We	need	to	minimise the	total	error:									
 σ(stat)	±σ(syst)
• Standard	ML	minimises σ(stat)

q How	to	tell	ML	to	minimise σ(stat)	± σ(syst)	?
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Systematical effect
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Example of	impact	of	the	angle	on	handwrittendigits



Data

Simulation

Higgs ?

Can	we trust	the	simulation?
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Adversarial training
Inspired	from	1505.07818	Ganin et	al	:

Signal	vs	Background

MC	vs	data

Tuning parameter
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ACAT	2017	Ryzhikov	and	Ustyuzhanin	
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Style	Transfert	
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Reinforcement	learning



Reinforcement learning

• sds

Alpha	Zero :	starting only from the	rules,	learn on	its own by	playing against himself in	
a	few	days to	play (separately)	Go,	chess,	or	japanese chess,	and	beats	everyone,	men	
and	computers
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HEP	Application?
• Experiment design
• Data	taking
• Success/failure?

èIn	practice,	could be used
to	optimise	triggering,	which
can easily be virtualised
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Finally…



Machine	Learning	playground

publicationdata
Analysis	statistics
optimisation

Particle identification

Analysis	systematics
optimisation

Energy	regression
Triggering
optimisation

Detector
simulation

Physics	simulation

46





Conclusion
• Machine	Learning/Artificial Intelligence	
:	lots	of	promises	 for	HEP	(and	other
science	actually)

• Powerful algorithms…
• …	on	more	and	more	playgrounds
• However	not	trivial,	not	plug	and	play..	
• …will	take	time
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