LICE: ML and DA
Challenges




Introduction

* Machine learning is in its infancy in ALICE

* Run | analysis mostly based on traditional methods:
| will also show non-ML approaches

* Some attempts ongoing to apply ML and advanced “data science”

* |[n general, increasing interests in these tools

Outline

* Heavy lon Physics and the
ALICE Experiment

* Application at “detector
level” (tracking and PID)

* Applications to Physics
Analysis

* Applications to Computing

e Summary
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Heavy-ion physics in a nutshell

* “Condensed matter” studies of QCD

* Explore the phase diagram of QCD

* Characterize the deconfined phase
of QCD matter (quark gluon plasma)

e Understand hadronization and
hadro-chemistry

* How hadrons are produced from QGP

 Hadron mass generation in QCD
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* Experimental needs: low prtracks, particle identification and flavor tagging

* Extensive particle identification over broad momentum range

* Low pr tracking (“bulk” particle production and low ptheavy flavor)

e Colliding systems

* Pb-Pb: “create” the QGP

* p-Pb, pp: control experiments, system size studies

* and many surprises at the LHC!
CERN Openlab Workshop
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Particle Identification and Tracking
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Particle identification (PID, many different techniques)

Extremely low-mass t
=xcellent vertex

—fficient low-momentum track

racker ~ 10% of Xo
INg capability
iNng — down to ~ 100 MeV/c



Challenges

Very large charged tracks
multiplicity:

several thousand tracks in TPC in a
head-on Pb—Pb collision at the LHC

Data volume: ~10 PB of data so far,
(~3 PB Pb-Pb 2015) almost twice
that in MC

Complex detector calibration

Pb+Pb @ sqrt(s) = 2.76 ATeV

2011-11-12 06:51:12
Fill : 2280

Run : 167693
Event : 0x3d94315a

Combine PID in broad momentum
region (0.1-20 GeV/c)

Key channels: very low
signal-to-background
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Detector: Track

Reconstruction



Track reconstruction (offline)
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Int.J.Mod.Phys. A29 (2014)
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Inward-outward-inward
procedure to reduce
combinatorics

Standard Kalman Filter

Bulk of data produced by TPC
(80% of volume)

Calibration is also a major
challenge

1430044, arXiv:1402.4476
% 8




Space charge distortions

e Charge accumulated in the TPC may distort
electric field

* Clusters (and reconstructed track) are distorted

* Calibrate cluster positions using inner and outer
detectors

e Challenges:

* |nitial reconstruction with very large tolerances
— outliers

e Need smooth parametrization of corrections
(currently: kernel smoother +
Chebyschev polynomials)

 Time dependence (nheed ~20-40 mins bins)

e Fluctuations

e Number of voxels (~850 K) + fits for
pre-processing — computational time

M. Floris CERN Openlab Workshop
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Track reconstruction in the HLT

* Need for online cluster and track
reconstruction in the High Level Trigger

e Data compression (factor ~4)

[TRcsSeiire: |oxn |TRzeciorss
. 5 . .

* Parallelization and hardware |Cluster finder |2+ |Cluster finder

acceleration TR e -

| lSector tracker | === lSector tracker

b ¢
ITrack merger

1 computmg node
- # | ITS update

e Track following based on Kalman PhYS'CS analysis
filter

* Quality Assurance

e FPGA-based cluster finder

* Parallel tracking

» Seeding based on “Cellular
Automaton”

* GPU-based algorithms
e HLT farm: 180 nodes, 4320 CPU

cores IEEE TNS, 58(4), 1845-1851, 10.1109/TNS.2011.2157702
CNNA 2012 proceedlngs 10.1109/CNNA. 2012 6331460
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http://dx.doi.org/10.1109/CNNA.2012.6331460

Cellular Automaton

row k+1

row k

%
7/ \\
3" N
/ row k-1

Neighbors finder:
segments of 3 clusters
forming a straight line (“link”)
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Cellular Automaton

row k+1

row k
Neighbors finder: Evolution step:
segments of 3 clusters Only reciprocal links are kept

forming a straight line (“link”)
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Cellular Automaton

row k+1

row k
Neighbors finder: Evolution step:
segments of 3 clusters Only reciprocal links are kept

forming a straight line (“link”)

Chain of links for the track candidates — Kalman Filter
2 orders of magnitude faster than offline tracker

M. Floris CERN Openlab Workshop



Detector: processing of (

o

D) signals
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Particle Identification

e Can use statistical identification

* Track-by-track needed for some studies
* Multidimensional “classification” problems:
e Extracting information for a single detector

 Combining information from many detectors

w 220 | [ [ [ [ [ [ [ [ [ [ [ | [ [ [ [ [ [ [ [ ! [ [ [ [ _i:
2 E 0 Data -
b 79 mmmml -
c 200(— L T +TT ]
LIJ : Hh| K+iK :
180 —_ ." ----- p—'_!_p _—

— (] + - g_ ]

— — Sum ]

160— /| i |

E ' 0.6<|<0.8 1

L . ; ]

140— 1, :' 3 80<p <9.0 GeV/c

L LV + I T _

120— . —]

- [] : &1 -

100— » :"”“ ..' n ]
80— J S ALICE —

— : | | PERFORMANCE .

60— : o I 25/07/2012 —

403 s R ‘ Pb-Pb, 0-5% m

I U . [] ]

- e, &N 4 |Sw=2.76TeV 3

| ‘: "0 U g\ 1

20 :— . .. 0:.:’ .. P B

0_ A'!'-*;"‘ “J‘ Lonle l‘|" | .I..HI-L l ’*' ,,«.,—.-p__::.i'!;'_.-:!;:—v-_ o W | l_

30 -20 10 10 20 30

0
Ar=dE/dx - (dE/dx)_(arb. units

N

M. Floris CERN Openlab Workshop



Electron identification in the TRD
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ALICE TRD: stack of 6 identical layers
Electrons: larger signal and different time dependence

2008 JINST 3 S08002
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FF Neural Network (NN) works better than other methods,
but uses more information.
Next: include track properties

Int.J.Mod.Phys. A29 (2014) 1430044, arXiv:1402.4476
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Combining Detectors: Bayesian PID
* Many PID detectors in ALICE:

e Sub-optimal: 8 1400[

L A, 1o00E

* Contamination depends ~ §1200¢

on particle species Y 1000F

abundances £ 800

e Non-gaussian features in 600}

the signal distributions 4001

e Bayesian approach: 200

O—_

* Use knowledge of detector :

response and prior species 200

abundances -400|~
30 20

combination?

Basic approach: rectangular
cuts on PID variables (or no)

* Determine priors iteratively

e Early attempts to use

multivariate methods

PERFORMANCE Final Fit Result
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Signal extraction
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e Reconstruction of 2- and 3-prong decays
In heavy ion collisions is challenging: large
combinatorics

e (remember: several thousand
particles/event)

 Many (topological, PID, ...) cut variables
available, often complex correlations: ideal
playground for multivariate methods

* Limited “real-life” application so far:
* Methods involved: hidden systematics?

* Need excellent control over training
sample (typically MC)

* Not always clear gain with respect to
traditional cuts analysis

https://www.flickr.com/photos/mayaevening/138372058
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Ac = K% in p-Pb collisions

e Recent attempts based on TMVA,
mostly BDTs

e Several channels studied:
e A = pr, K = i, Ac — 1iKp, ...
e Example discussed here: Ac = Ks%p

* 3-prong decay: large combinatorial BG

Entries / 8.5 MeV/c?
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Ac = K% in p-Pb collisions

3
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BDT output
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Optimization of BDT parameters in progress
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Nc = KsP: Results

?<103
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Significance improved by BDT
Multi-dimensional selection criteria simplified
Additional BDT systematics not dominant (large statistical error)



Quark vs Gluon Jet

Discrimination
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A primer on jet quenching

Recoll jet loses energy when
traversing the medium
“Radiative” and “Collisional”
energy loss

AE4 > AE, q,s (Color factors)

Distinguishing Quark and
Gluon jets would allow to study
microsopic process of energy

loss in detall

“Raa” is the simplest way of
studying this modification

M. Floris CERN Openlab Workshop



A primer on jet quenching
AA

0.8

R —
A4 Tescaled PP

ALICE 0-10% Pb-Pb |5, =2.76 TeV

| Charged hadrons, n| < 0.8

PLB 720 (2013) 52
Anti-k; R = 0.2 jets, |njet| <0.5

arXiv:1502.01689

Recoill jet loses energy when
traversing the medium
“Radiative” and “Collisional”
energy loss

AE4 > AE, 4,5 (Color factors)

Distinguishing Quark and
Gluon jets would allow to study
microsopic process of energy

loss In detall

“Ran” is the simplest way of
studying this modification

M. Floris
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Quark-Gluon Jet Discrimination
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Jet shapes like angularities, radial moment or ptD show sensitivity

to differences between quark and gluon fragmentation
(Plots from: http.//jets.physics.harvard.edu/qvyg/)

Used as input to ML methods to tag jetsas g or g

Other potential areas of applications: fake jets, jet energy
estimation, heavy-flavor tagging, ...

M. Floris
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http://jets.physics.harvard.edu/qvg/

Jet Shapes, results
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Pythia reproduces jet shapes
(e.g. girth) in pp collisions
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Jet Shapes, results
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“Exotic” Application: Grid Security

* Feature space: monitoring metrics

* Resource consumption (Like CPU/
Memory)

e Connection information (TCP/IP)
e System calls Pilot Job

* Machine Learning Method:

e Recurrent Artificial Neural Network

Bob's Grid Jobs Alice's Grid Jobs

e A cascade of several algorithms?
* Malicious samples:

* Run test Jobs — DoS, Bitcoin
mining, botnet, malware, ...

e Capture metrics

CHEP2015, https://indico.cern.ch/event/304944/contribution/14
M. Floris CERN Openlab Workshop e ¢ 26



https://indico.cern.ch/event/304944/contribution/14

Summary

* Several potential applications for machine learning technigques in ALICE
* Detector, reconstruction, physics analysis, computing
e Early attempts, no widespread use yet

* [ncreasing interest and expertise
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Thanks! Andrea Alici, Andres Gomez, Andrew Lowe, Chiara Zampolli, David Rohr, Davide Caffarri, Georgios

Krintiras, Jaime Norman, Julien Faivre, Leticia Cunqueiro, Mike Sas, Michael Weber, Yvonne Pachmayer, Zaida
Conesa Del Valle
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https://flic.kr/p/9durkH

Sackup
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Invariant mass reconstruction

Particle identification cuts can be

based on several sub-detectors (ITS,
TPC, TOF...)

Topological reconstruction of
weakly decaying particles
(“high level features”):
e Decay radius
® C0s(0) — pointing angle
¢ Distance of their closest approach
(DCA1 and DCA2) to Vprim B v ok s, = =
¢ Distance of daughters at the point of
closest approach (PCA )
e Armenteros-Podolansky variables

DCA,

Correlations among the cut variables

M. Floris >y CERN Openlab Workshop




Likelihood and Neural Networks
1D Likelihood: start probability that a particle k deposits a charge Q

P(Qle)

k=e, 1, K, p, ...

L) = 5

P(Qle) =] [# (eile) = [P (Qile) . =laver

j=1 j=l1

2oF N N1 2D Likelihood: charged
2 100k 7\92/ @ I deposition in 2 time bins
=] g
2 sop | P(01,02le) = | [ P(Q1),Q2)l¢) .
S 60 J=1
< 20;]; s .| Alternative: NN (MLP) with charge

Obwdoreo o0 deposited in n time bins (TMVA based)

0 05 1 15 2 25 3
Drift time (us)
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Performance
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Tagging Jets with BDT

Correlation Matrix (signal) ALICE Simulation TMVA response for classifier: BDT

PYTHIA Perugia 11 Anti-k; charged jets, R = 0.2

pp \s=7TeV  p">30GeVic 3 [E3Signal | ALCE Simutdtion |
Linear correlation coefficients in % < 10 :@ BaCKground PYTHIA Perugia 11 __
- ° [ pp \s =7 TeV ]
< - quark/gluon discrimination .
= 8[ Anti-k; charged jets, R = 0.2 -
-p" > 30 GeVie .
6 — _
4 :— _:
2 :— _:
N

—0.15

-0.05 0 0.05

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

0.1

BDT response

Pythia Perugia 2011, particle level

Anti-kT, R=0.2

Variables input to BDT: ptD, girth, constituents, LeSub, Circularity
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The ALICE High Level Trigger

LSS,

180 nodes - 4320 CPU cores:
* 2xIntel Xeon Es-2697 CPUs (2.7 GHz, 12 Cores each).
+ 128 GBRAM.
* 2x240 GB SSD (used in Raid 1 - Mirroring). ; '
1 AMD FirePro Sg9ooo GPU. :,;:\.:
« 1C-RORC board (installed in 74 nodes). EF\“ R

E
* 6+ Infrastructure Nodes: ll"iiﬁ :
« 2xIntel Xeon Es-2690, 3.0 GHz 10 Cores. \
« 128 GBRAM.
* 2x240 GB SSD (Raid 1 - mirroring).

« Network:
* Data: Infiniband in IPoIB Mode ( FDR with §6Gb/, full bisection bandwidth).
« Management: gigabit ethernet with sideband IPMI - one physical ethernet port per node.
» 10Gbit backbone.

r FIAS $1 404 T ﬂ . .
Advanced § : M.Krzewicki, CHEP2o015 5
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