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The importance of electrons for LHC
physics



The importance of electrons for LHC physics

e Particles of second or third generation, as well as force carrier,
are unstable.

e They decay into particles of first generation.

e Electrons are first generation particles = they are
particularly important for analysis with leptons in the final
state.

Examples of processes with electrons in the final state
e Vector bosons decay : W — ev and Z — ee;
e Higgs bosons principal decays : H — WTW~, H — ZZ,
H— 1t H— Z~;
e Some beyond the Standard Model (BSM) phenomenon :
SUSY, vector-like quark, BSM Higgs, etc.
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Electron identification in ATLAS




Electron identification in ATLAS

The current algorithms used for electron
identification (e-1D) in ATLAS are the
Likelihood and the DNN.

Background classes

Charge flip (CF);
e Photon conversion (PC);

Heavy flavor (HF) ex.: B — eX;

o Electromagnetic light flavor (LFey) ex.: 7% — ~7;

Hadronic light flavor (LFhad) : 7% faking electrons.

Figure 1: Typical signature of particles in the ATLAS detector
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Convolutional neural networks



Convolutional neural networks - Architecture
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Figure 2: Global neural network architecture.
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Convolutional neural networks - Training with Monte Carlo
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Experimental data sample




Can we improve even further?

e Experimental data is necessarily closer to reality than MC.
e Data is not labeled = impossible to use for training without some preprocessing.

e The most common background is light flavor hadrons faking electrons (LF)

We design a sample pure in LF
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Experimental data sample - Sample purity
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Total LF 99.283 Figure 4: Monte Carlo sample composition before (a) and after (b) applying a

preselection and cuts to veto W and Z bosons.
Table 1: Distribution of each class in the

MC sample.
e Purifying cuts are applied to the initial data sample.

e The last set of cuts make sure to remove signal at high Er.

e \We obtain a sample extremely pure in LF as shown in table 1.
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Experimental data sample - MC vs Data
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Experimental data sample - MC

vs Data

#el[au]

o 9909

#elfau]

oo o9

Olivier Denis

AR AR R AR R AR 5 0Bp T g|
ATLAS Work in Progress datal7 (42 M) 8. 0,165 ATLAS Work in Progress ___ gam17 (@2 Mm) |
V=13 TeV, preselection + WZ vetoes T E Vs=13TeV, preselection + WZ veloes E|
90<p, <130 Gev —— mel6d, JFL7 (2.8M 3 0.14F s5<p <10Gev —— mel6d, IF17 (2.8M)
nl <137 E 16<hi<25 E|

0.12F E

0.1 E

0.08 E

0.06f~ E

0.04 E

0.02 E

. LT S Eo I E|

-0.04-0.02 0 0.02 0.04 0.06 0.08 0.1 0.12 0.14 020:040.02 0 0.02'0.04 0.06 0.08 0.1 0.12 0.14
fs

T T T T T ] 7 008 T T T T T T T 3

ATLAS Work in Progress datar? (42 w) S 0,070 ATLAS Work in Progress gz @z

V=13 TeV, preselection + WZ vetoes T E Vs=13TeV, preselection + WZ veloes E|

5<p, <10GeV —— mcl6d, JF17 (2.8M * 0,06F 5<p, <10Gev —— mel6d, JF17 (28M)]

Ini <137 E mi<iar E|

0.05F E

0.04F E

0.03F E

0.02F E

001 E

E . | L E| Eerr . . . . E|

5 -10 -5 0 5 10 15 82 05 06 07 08 08 1 11 1

1d/o(d)l R,

ATLAS e-ID CNN trained in data

N

Most HLVs have the same
distribution between MC and Data
(see left plots for example).

However, there is a significative
difference in the distributions for
HLV like f3, Ry, (see right plots) or
Adres, especially at low Er.

Suggests that Monte Carlo
simulation is imperfect at lower
energy —> there is room for
further improvements in e-ID.
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Conclusion




e e-ID is crucial for many physics analysis in ATLAS.
e The CNN can improve e-ID performance.

e Data and MC have significant differences, especially at
low ET.

e Training in data should provide even better e-1D
performance.

Figure 6: A beautiful event display of a Higgs decaying
into 2 b quark and a Z which decays into two electrons.
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