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Loborotowe de Physique de Clermont

Prospective du LPC
Machine Learning

11 July 2018, Domaine du Marand

Emille E. O. Ishida

Laboratoire de Physique de Clermont - Université Clermont-Auvergne
Clermont Ferrand, France

Auvergne

Cosmostatistics Initiative



Big Data is not more of the same ...

Big Data

7 |

\/etoabj \/ame.f.p
szed of dufferav\
Change Forms of
Data Sources

https://digital4africa.com/2018/02/28/whats-big-deal-data/big_data_2_neu/



Machines can help...

... but we need to teach them!
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Machines Learning @ CERN

i Q

“-.-I‘nter—Experimental LHC Machine Learning Working Group

Applications range from small to truly large scales and from
very fast (a few ps) to modest inference (many seconds)
times. The Inter-experimental Machine Learning (IML)
Working Group provides a forum for the machine learning

community at the LHC. It brings together scientists from the

https://iml.web.cern.ch/



https://iml.web.cern.ch/

Machine Learning in France

AstroLab Software ASt @a b
Bring big data and science together software

Q@ Orsay, FR

B Email

© GitHub . DfolOFfO/ at LAL

AstroLab Software is an organisation aiming at providing state-of-the-art software tools to overcome
modern science challenges faced by research groups. Sharing R&D efforts between groups, improving
interoperability between industry and research in open source projects, and developing new
collaborative tools will allow research communities to more fully exploit the big data ecosystem tools.

https://astrolabsoftware.qithub.io/



https://astrolabsoftware.github.io/

Machine Learning in France

o/€V€/0)9€o/ and maintained at INRIA

scikit-learn

classification
algorithm cheat-sheet

NOT :
WORKING

few features
should be
important

NOT LLE
WORKING L

: ‘ "} dimensionality
' reduction




Machine Learning in France

UNIVERSITE PARIS

(22 PSL* amazon criteol.

facebook ‘faurecia Google @& Microsoft L=
NOKIA [PSA suez
Bell Labs SREUrE Ng—

Paris, le 30 mars 2018

Academiques et industriels s’unissent pour créer

I’Institut PRAIRIE’,

lieu d’excellence dedié a I'intelligence artificielle a Paris



Machine Learning in France

seee  UWNIVER SITE PARIS
nteurs du monde numeérique

% &’z/zg’a,. PSL>*  amazon criteol..

A T'occasion du sommet Al for Humanity, le Président de la République Emmanuel Macron a
dévoilé la stratégie francaise en matiere d’intelligence artificielle. Il a notamment annoncé la mise

en place d’'un « réseau emblématique de quatre ou cing instituts dédiés, ancrés dans des pbles
universitaires et maillant le territoire ».

NOKIA [PSA suez2
Be” I_abS GROUPE w‘

Paris, le 30 mars 2018

Academiques et industriels s’unissent pour créer

I’Institut PRAIRIE’,

lieu d’excellence dédié a I'intelligence artificielle a Paris



Machine Learning in France: bridging science and industry

TrackML - Data Challenge

(®) Featured Predictiop€o

. —

TrackML Particle Tracking Chaliet

eliyce
—

High Energy Physics particlé“tfa‘gk_in.g,ing_,.

Prize Money

Jverview Data Kernels Discussion Leaderboard Rules

Description ) ) o
To explore what our universe is made of, scientists

Evaluation at CERN are colliding protons, essentially
recreating mini big bangs, and meticulously

Prizes observing these collisions with intricate silicon
About The Sponsors detectors.

S While orchestrating the collisions and
Timeline

observations is already a massive scientific
accomplishment, analyzing the enormous
amounts of data produced from the experiments

https.//www.kaggle.com/c/trackml-particle-identification



Machine Learning @ IN2P3

Activité Machine Learning en cours a I'IN2P3

(ne compte pas I'utilisation standard de BDT, qui est toujours la technique recommandée
pour classification sur une douzaine de variables)

generative models ATLAS calorimeter or LSST

anomaly detection LSST or ATLAS

Active Learning (LSST)

Active Learning for ‘intelligent” simulation

fast tracking ATLAS LHCB

deblending with deep learning LSST

KM3net event reconstruction/identication

CTA event reconstruction/identification

Reconstruction de camera imagerie beta/gamma (medical)
system administration learning from log files or other information

Pas (encore) de projet commun identifié (sauf TrackML)

MACHINE-LEARNING-L@IN2P3.FR : 65 participants
MACHINE-LEARNING-CORE-TEAM-L@IN2P3.FR : Balazs

Y WOFKShOPS a%ea&y Kegl, David Rousseau, Eric Aubourg, Frangoise Bouvet,
Emille Ishida, Emmanuel Gangler, Jérome Pansanel,
haPPeﬂe& Vava Gligorov Thomas Vuillaume

N2P3 ML Networking, David Rousseau, IN2P3 R&D dat, 29/01/2017



Machine Learning @ LPC

Plan for the near future

Stage 0 Stage 1 Stage 2 Stage 3
2018/1.5 2018/2 2019/1 2019/2

Know thy neighbor | Level the plainfild | Gather tools | The challenge

e 3 scientific meetings: April, May and June
e Between 5 to 10 participants
e 2 PhD students as speakers

(Fabricio and Lennart)



Machine Learning @ LPC

2-Jet mass spectrum with signal injected

10°
104
103

102

Events per bin

—— Gaussian Process background only
—— Gaussian Process signal-plus-background
® Toy data with injected signal

background-only fit residuals

Sig.

signal+background fit residuals

2 3 4 5 6
mj [TeV]

Fabricio Jiménez - LPC (Clermont)

7

Events per bin
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0
-500
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—— Gaussian Process signal
—— Injected signal
& Toy data - Gaussian Process background

2 3 4 5

mj LTeV]

Left - residuals:
Data + signal vs. bkg GP
Data vs. bkg GP

Right:
Extracted signal
— Final sig kernel hyperpal
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Machine Learning @ LPC
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Machine Learning @ LPC: Supernova Photometric Classification

The data Paradigm

year

Number of
supernova

1998 42
2014 740
2025 > 10 000

/ 2 million alerts/da%
15 TB/day

40 nights of LSST

@tire Google databay

A. Connelly, TED2014


https://docs.google.com/file/d/0B2ihEiuQBJL2aEcyR0dmZHE5cTQ/preview

Machine Learning @ LPC: Supernova Photometric Classification

Problem: representativeness

'Observed data

‘'Homogeneous matrix

What we need
Dimensionality Reduction

What we have

Classifier




PLASTICC

Photometric LSST Astronomical Time-series Classification Challenge

A data challenge aimed to prepare
a larger community for the LSST data paradigm

> PI: Renee Hlozek, simulations: Rick Kessler , deployment: Emille Ishida
> SNANA simulations — Light curves in observer-frame (no images!)
> 3 years worth of LSST data, ~ 15 GB

»> ~ 3.5 million objects

Expected release date:

Summer/Fall 2018
> Avariety of transient models /

(galactic and extra-galactic, periodic and non-periodic)

* Please respect model-information policy:
“don’t ask, don’t tell”

> Not all models will be present in the training sample

> Supervised classification + novelty detection
> Deployment: kaggle + C:)RAMP Stide by Emille Ishida



Machine Learning @ LPC

ATLAS - search new physics over ITT - Infrastructure

Novelty High
detection Performanc

e Computing

LSST - Transient Classification

P LAS Ti C C PEPS Astro-informatique
Photometric LSST Tl‘aIlSIXplOI'e

Astronomical Time-series
Classification Challenge



Future Plans

Machine Learning @ LPC

(SST + ATLAS + Sante(?) + Environment(?)



Future Plans

Machine Learning @ LPC

(SST + ATLAS + Sante(?) + Environment(?)
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Machine Learning @ LPC

Plan for the near future

Stage 0 Stage 1 Stage 2 Stage 3
2018/1.5 2018/2 2019/1 2019/2

Know thy neighbor | Level the plainfild | Gather tools | The challenge

O/D timictic ccenario:

We will build - and host - our own data challenge on

Autumn/2019 using RAMP c RAMP



Hep detector anomalies test scores
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B. Kégl (CNRS) 32 CJ Center for Data Science



Main Goals

Enabling local interdisciplinary
o Begin from -srazes, COllAbOTatiON

o Build a strong local interdisciplinary community
o Give students and young researchers practic in transferable skills
o Build human and material infrastructure for long term collaboration

® (onnect with other efforts in France

o Build strong connection with CDS and INRIA
o Apply for potential funding to strength collaborations

® (onnections with International efforts

o PLAsTiCC will be an official Kaggle challenge and TransiXplore can provide some
resources for those interested

o This local exercise would also allow the local community to participate in other
similar efforts - independent of their domain



FIRST GENERATION:
Rule-based

Example

SE.COND GENERATIO[‘I: .
Simple machine learning

THIRD GENERATIQN:
Deep learning

What can be
interesting in the
futurﬁ



Adversarial Learnin
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httpy/ /wwwslideshare net/xavigiro/deep-learning-for-computer-
vision-generative-models-and-adversarial-training -upc-2016

https://mascherari.press/introduction-to-adversarial-machine-learning/



Active Learning

Optimal classification, minimum training

oan

Learn Machine Learning 5 @)MK M”&

Unlabeled Pool
Labeled Pool

-

Annotator
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Summary

There 1s potential, we need to overcome the
barriers!

CEIIN W T FPreonna



Extra slides



Active Learning

Optimal classification, minimum training

amazon

35% or AMAZON’S REVENUE ARE GENERATED
BY IT’S RECOMMENDATION ENGINE.

Can machines learn
better, with fewer
labelled examples, if
they are carefully
chosen?

N ETFLIX




AL for SN classification
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Ishida et al., 2018 - arXiv:astro-ph/1804.03765 - from CRP #4



Thzs is a group effort!

; "b A\- ( /’

COIN Residence Program #4
20 - 27 August 2017 |

Clermont Ferrand, France

UNIVERSITE
Clermont

Auvergne - USA/ BraZ”
' ¢

Active Learning result was born in interdisciplinary
meeting held in Clermont Ferrand in 2017!




Bring innovation to academia!

Cosmostatistics Initrative

http://cointoolbox.github.10



http://cointoolbox.github.io/

