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A few remarks

* This project is done in the ATLAS combined performance EGamma group

* | am collaborating with the current EGamma photon identification (/D)
convener (Mohamed Belfkir, UAEU)

 Much of what | will show today is very WIP, with mostly ideas and plans

 For some things | will follow a “pedagogical” order, rather than a
chronological order
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Motivation

« HH—Dbbyy analysis

Cutflow of the Run2 HH—bbyy analysis

SM ggF HH
Cuts : .
» Current Photon ID efficiency ~85% Yield  Efficiency [%]
100% Ph ID — 159 o S All events 12.600 100.00
. 0 5% more events = ~7% larger HH significance Pass trigger 9 368 74 35
. . . _Ano Has primary vertex 9.368 74.35
H =2y analysis: ~80% 2 loose photons 6.875 54.57
» All analyses with photons which are statistically limited e — 'y ambiguity 6.872 54.54
Trigger match
b Photons tight ID cut
# Photons isolation cut
g Rel. pr cuts : :
m.,, € [105,160] GeV | 4.782 37.95
¢ Niep = 0 4759 3777
Njers > 2 4221 33.50
Ncentraljets <6 4.118 32.68
2 b-jets with 77% WP | 1.628 12.92

We want to improve this selection cut

L. Franco - 02/05/2025



Jets faking photons

Irreducible yy BKG
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Photons In the detector

Cells in Layer 3

ApxAn = 0.0245%0.05 Quark from the hard-scattering will
hadronize and form a jet with a 0
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! Photon from the hard-scattering
will reach the calorimeter

Section of the liquid Argon (LAr)
electromagnetic calorimeter

Prompt (real) photon in the EM calorimeter
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Eur. Phys. J. C 79, 205 (2019)

Photon ID in ATLAS today

* Electromagnetic showers from real and fake photons have a different development in the
calorimeter

~10 variables describing the properties of the shower shape

S] S] 94 2 S
_ [ XEim; XEin; V10— E —E”!
S] ||||| Wn, = \/ TE; ( TE, max,2 . min
. . = lzndnx ] l;nmax"
width in a 3 x5 (An X AQ) ) B Bt = 3,
R¢ B region of cells in S, | E ax 1+Emdx 5
'/ — 7 ¢
L ZE[(I—ln]ax)"
E]i[ild WS o ZE
Rhaq = E
T wg3 uses 3x2 strips (1 X ¢)
ps (7]

Hadronic but uses 20x 2 strips
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Photon ID in ATLAS today

 These shower shape variables are used in a series of rectangular cuts (i.e. no Machine | earning)

Optimization performed in different n-pT regions, separately for converted-unconverted photons

Eur. Phys. J. C 79, 205 (2019)
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Photon ID in ATLAS tomorrow?

* Exploit Machine Learning

* Drop shower shape (high-level)
variables

Tr gggg
T r

* Feed 2D (nx®) energy clusters to a
convolutional neural network
(CNN)

vare cells in
ay 56x2

. Lr 1 Lr2 Lr3
i Extractor Extractor Extractor

* | ow-level input: LAr calorimeter

cells (3 layers) \l/
» Classification task with prompt DNN clssifer 5
photon as signal and non-prompt N promptor ek |

photons as background S s
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Photon ID in ATLAS tomorrow?

& 1 ////////////é

Photon ID becomes an
Image recognition problem
with machine learning
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A revolution
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Design of a CNN for Photon ID

* Training with Monte Carlo (MC) simulations of

Y] and |j processes

 Truth MC label (prompt/non-prompt) used as

class label

 Photon pT between ~1 GeV and ~1 TeV

* pl-reweighting in the training to compensate
for class imbalance

 1.5M entries: 80% Training (of which 33%
validation), 20% Test

Count
= = = = = = =
L] =] L] L] L] L] =]
il ioaou il AT | i aaul il il il i
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Input
features
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i —-= WP =0.32 | :
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I B Signal I
: B Background :
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I i
1 I
I
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CNN Score
* Two working points (WP) defined on the CNN
SCcore.

* Loose for higher signal efficiency
* Tight for higher background rejection
 Both match the bkg rej. of cut-based method
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Application to physics analyses

e CNN in HH—bbyy

e up to 8% more HH signal in selection

 final results (HH limit) improved by 5% (GN2
brought ~8%)

* CNN in Z—lly (Z radiative decays used for
calibration)

e X2 Improvement in efficiency at low pT w.r.t.
baseline

o QOut-of-sample validation: CNN trained on
iInclusive photon production and applied to
Z—ly

L. Franco - 02/05/2025
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The real challenge: data/MC calibration
 The CNN shows promising results when applied to MC

e What about ID efficiencies in data?

e |[n EGamma there are 3 methods for the measurement of the ID efficiencies in
data: all of them were designed for a non-ML-based |1D

~=~ This strictly depends on shower
shape variables. N/A for the CNN

Z radiative decays

Results obtained with Rel21 CNN
In the past. To be repeated soon

with Rel22 CNN Extrapolation from Z—ee

- | want to adapt the CNN to
this method

Matrix method

T T 1 1T 1>
7 25 100 250 1500 ET[GeV]

L. Franco - 02/05/2025

15



Existing calibration methods rely
on the assumption that ID and
Isolation are weakly correlated




Isolation variables

Energy cluster associated to photon candidate

‘ Track-based isolation
min | 7%, 15 scalar sum of pT of all the tracks found inside
P the isolation cone of size XX
Ptcone20
Ptcone40

AR = 0.4 \

Calo-based isolation

Recommended (loose) WP: used in the bbyy analysis and others... Sum of ET of all clusters in a cone of size
' i XX, after removig the photon candidate
E~° <0.065-Er and px° <0.05-E ’
T lAR<02 ! PT | \r<02 ! Etcone20
Etcone40

L. Franco - 02/05/2025 " Other energy olusters
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Efficiency measurement with Matrix Method

Hadronic leakage  Rhad 2.
R, 8 '.c—‘.g
» Shower shapes are g &
L Ar layer 2 wy, split into two subsets: Z
narrow-strip and 2
Ry relaxed-tight =i ':
=i ey
wes | * These are used to . J
define 4 regions pass fail
woe | relaxed-tight
LAr layer 1 fide * Track-Isolation used
to estimate efficiency
AE |n eaCh reg|0n cut-based feature

L. Franco - 02/05/2025
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Matrix Method with the CNN

» |dea: design a multi-output CNN to “mimic”
narrow-strip and relaxed-tight cuts

fail

* Define a separate CNN output which is explicitly
decorrelated w.r.t. track-isolation in the loss

CNN output score 2

pass

Lr1 Lr2 Lr 3
Extractor Extractor Extractor

~ oo iahi

DNN classifier CNN output score 1

/ \ CNN feature

2
< = Z BCE(Out,, y) + ADecorr(Out,, ptcone40)

=1

L. Franco - 02/05/2025
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Matrix Method with the CNN

* |dea: design a multi-output (

narrow-strip and relaxed-tig

* Define a separate CNN outp

decorrelated w.r.t. track-isol:

Lr

Lr2

Lr 3

Extractor Extractor Extrac

N/

DNN classifier

Outputi Output2
2

< = Z BCE(Out,, y) + ADecorr(Out,, ptcone40)

=1

RN
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CNN output score 1




Conclusions

My mission for the next ~2 years (hopefully in time for full Run3 EGamma
recommendations): revolution of photon ID in ATLAS

Progress is slow (CNN requires dedicated MC sample production with EM cells)
but we are getting there!

Potential gain for a wide range of physics analyses, mainly searches with photons
Is it a low-hanging fruit? Not really, data/MC calibration is difficult

Multi-dimensional project: ML developments, design of calibration method,
interplay with isolation, application to analyses

| will present the status at the next ATLAS EGamma workshop in a few weeks

L. Franco - 02/05/2025
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Table 1 Discriminating variables used for loose and tight photon identification

Category

Description

Name loose

tight

Acceptance
Hadronic leakage

EM middle layer

EM strip layer

In| < 2.37, with 1.37 < |n| < 1.52 excluded

Ratio of ET in the first sampling layer of the hadronic calorimeter to ET of
the EM cluster (used over the range |n| < 0.8 or [n| > 1.52)

Ratio of E7 in the hadronic calorimeter to E1 of the EM cluster (used over
the range 0.8 < |n| < 1.37)

Ratio of the energy in 3 x 7 n x ¢ cells over the energy in 7 x 7 cells
centered around the photon cluster position

Lateral shower width, \/(ZEi nl.z)/(ZEi) — ((ZE;n;)/(ZE;))?, where E; is

the energy and n; 1s the pseudorapidity of cell i and the sum is calculated
within a window of 3 x 5 cells

Ratio of the energy in 3 x 3 n x ¢ cells over the energy of 3 x 7 cells
centered around the photon cluster position

Lateral shower width, \/ (ZE; (i —imax)?)/(XE;), where i runs over all strips
in a window of 3 X 2 n x ¢ strips, and i, 1S the index of the
highest-energy strip calculated from three strips around the strip with
maximum energy deposit

Total lateral shower width \/ (ZE;(i —imax)?)/(ZE;), where i runs over all
strips in a window of 20 x 2 n X ¢ strips, and ipnax 1s the index of the
highest-energy strip measured in the strip layer

Energy outside the core of the three central strips but within seven strips
divided by energy within the three central strips

Difference between the energy associated with the second maximum in the
strip layer and the energy reconstructed in the strip with the minimum value
found between the first and second maxima

Ratio of the energy difference between the maximum energy deposit and the
energy deposit in the secondary maximum in the cluster to the sum of these
energies

Ratio of the energy in the first layer to the to the total energy of the EM cluster

Rhad, v

Rhad v

Ws tot

f side

AE,

E ratio

fi

23



CNN with radiative Z

Tight E-inclusive ATLAS WP

ﬁ. - 8 | | | | | | | | | | | | | | | |

1— i OO OO e = = — f . — B -
i —— ] %
08 o
B ©
0.6— -
- O
| —
=t ok
ATLAS Internal . o
04— QO

= {s=13 TeV, 43.6 fb™ o — _

- a0 B ; z 7

— Z— Ily ; Isolation : tight ; 0<n|<0.6 ; UnConverted - Z—lly MC —

0.2— — Data ATLAS Tight E-inc. 0.4 N SN S e e

- 5— —- MC ATLAS Tight E-inc. T ~

B — - —-# - — Data Tight CNN : ' : : =

L - MC Tight CNN | i N

qO 20 30 40 50 60 70 80 QOE G Q/%)O I 1 CNN AUC: 0.968956 ]

8] 1 [T PRI HRTR R PRRRSPPRR TR —_

- ! 0-2_ o 1E-dep ATLAS | _

Tight E-inclusive ATLAS WP : ;
[ | & 1E-indep ATLAS ~
| | | | | | | | | | | |

0.6 0.8 1
Signal Efficiency

T
) £
i
l
5
5
r
B
|

llllllllllllllllllllllllllllllllllllllllllll

L. Franco - 02/05/2025

24



Count

pl reweighting

10° 5
10° -

104 3

102 -

101 E

|
i
i
1
b
L

10Y -

. Franco - 02/05/2025

Pt [lVIeV]

1.2

B Signal

B Background

|
1.4

!
1.6
leb

nd Ratio

Signal / Backgrou

pt Ratio Histogram (Signal / Background)

Distribution of Background Event Weights

106 1 mmm Backgro
10° 1
- 1
= i
=
8 J
104 1 ‘
103 .
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pt

compute pt ratio of sig/bkg

reweight each bkg event with the ratio (sig
events are weighted with 1)

provide weights to the CNN during training to
over/undercompensate for lack/abundance of
signal events in given regions
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Model Accuracy

e Loss function: binary_crossentropy oo “
" " " g 0.9525 A
» Optimizer: Adam(learning_rate=0.001)
* batch_size=128
* Jotal params: 1248513 (4.76 MB)
 epochs=10 (~2-3 mins each on a 16-core CPU, e
.e. on Ixplus)
30.6—
L. Franco - 02/05/2025 "’ é o 8
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Correlation Heatmap
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Correlation Heatmap
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Approach #1: split per layer

* |dea: design a multi-output CNN to
“mimic” narrow-strip and relaxed-
tight cuts

 Narrow-strip variables are computed
using energy in Lr1: define a separate
CNN output based only on Lr1 input

narrow-strip cuts

Lr 1

Extractor

Lr 2 Lr3
Extractor Extractor

-

DNN Lr1 DNN Al DNN Lr2+Lr3
v v v

-

>
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From Matrix Method INT note (link)

fail
)

pass
k.

pass

relaxed-tight

: pass relaxed-tight cuts

lllllllllll

~— = = . .
pass all cuts on narrow-strip variables
| S—_—

1: pass tight ID cuts
2: pass narrow-strip variable cuts, but fail relaxed-
tight cuts

3: pass relaxed-tight, but fail narrow-strip cuts

4. fail both relaxed-tight and narrow-strip cuts

Figure 3: An illustration of the photon classification.

cut-based

feature CNN

all shower shapes

best performance final combined output

narrow-strip variables

weak correlation with Iso | only Lr1 input

relaxed-tight variables

orthogonal (?) to
narrow-strip

rest: Lr2, Lr3, HCal (?)
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https://cds.cern.ch/record/2712917/files/ATL-COM-PHYS-2020-212.pdf

Approach #1: CNN outputs
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Approach #1: results
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Approach #2: decorrelation In the loss

* |dea: design a multi-output CNN to cut-based feature ENN
“mimic” narrow-strip and relaxed- —
. 1 all shower shapes best performance no penalization in loss
tight cuts
2 narrow-strip variables weak correlation with Iso regularization term w.r.t.
. TracklsoMM
¢ Deflne a Separate CNN OUtpUt 3 relaxed-tight variables orthogonal (?) to narrow-strip | regularization term w.r.t.
which is explicitly decorrelated 2
w.r.t. track-isolation in the loss
Lr Lr2 Lr3 3
Extractor || Extractor || Extractor L = Z BCE(Out;, y) + 4,DisCo(Out,, ptcone40) + 4,DisCo(Out,, Out,)

\J/ i=1

DNN classifier
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Approach #2: CNN outputs
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Approach #2: results
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Train set

Correlation Heatmap
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Wetal - 0.08 0.06 0.07 0.05
Weta2 - -0.26 -0.23 -0.25 -0.33
fl - -0.12 -0.16 -0.12 -0.10
fracsl - -0.00 -0.00 -0.00 -0.00
deltak - -0.10 -0.10 -0.11 -0.11
Eratio -I 0.52 0.45 0.48 0.37
mu - -0.08 -0.05 -0.06 -0.04
Conversion - 0.14 0.14 0.11 0.07
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Pile-up
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Model: '"model"

Layer (type) OQutput Shape Param # Connected to
L K. “Inputl (Inputlayer)  LNome, 2, 5, 1 e O
O e e I n Itl O n Input2 (InputLayer) [(None, 11, 7, 1)] 0 []
Input3 (InputLayer) [(None, 11, 4, 1)] 0 []
Cov1ll (Conv2D) (None, 1, 55, 128) 640 ['Inputl[0] [0]"]
Cov21 (Conv2D) (None, 10, 6, 128) 640 ['Input2([0][0]"']
Cov31l (Conv2D) (None, 10, 3, 128) 640 ['Input3[0] [0]']
MaxP11 (MaxPooling2D) (None, 1, 27, 128) 0 ['Covlil[@][0]"']
MaxP21 (MaxPooling2D) (None, 5, 6, 128) 0 ['Cov21[@][0]"']
MaxP31 (MaxPooling2D) (None, 5, 3, 128) 0 ['Cov31[0@] [0]"']
Cov12 (Conv2D) (None, 1, 26, 128) 32896 ['MaxP11[0] [0] ']
Cov22 (Conv2D) (None, 4, 6, 128) 32896 ['MaxP21[0][0] "]
Cov32 (Conv2D) (None, 4, 3, 128) 32896 ['MaxP31[0] [0] ']
MaxP12 (MaxPooling2D) (None, 1, 13, 128) 0 ['Cov12[0@][0]"']
MaxP22 (MaxPooling2D) (None, 2, 6, 128) 0 ['Cov22([0][0]"']
MaxP32 (MaxPooling2D) (None, 2, 3, 128) 0 ['Cov32[0] [0]"']
Flatl (Flatten) (None, 1664) 0 ['MaxP12[0] [0] ']
Flat2 (Flatten) (None, 1536) 0 ['MaxP22[0] [0] ']
Flat3 (Flatten) (None, 768) 0 ['MaxP32[0] [0]']
Concatenate (Concatenate)  (None, 3968) 0 ['Flatl[0] [0] "',

'‘Flat2[o] [0] ',
'‘Flat3[0] [0] "]

D1 (Dense) (None, 256) 1016064 ['Concatenate[0] [0] ']
gaussian_noise (GaussianNo (None, 256) 0 ['D1[0] [0]']

ise)

D2 (Dense) (None, 256) 65792 ['gaussian_noise[0][0] ']
gaussian_noise_1 (Gaussian (None, 256) 0 ['D2[0][0] ']

Noise)

D3 (Dense) (None, 256) 65792 ['gaussian_noise_1[0]1[0]']
Output (Dense) (None, 1) 257 ['D3[0] [0] ']

Total params: 1248513 (4.76 MB)
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Iso-1D correlation

 CNN trained with Tight
|Isolation

 Applied to
e Loose lso
 Tightlso

 No change in performance
of the algorithm
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* CNN trained with Tight Isolation
* Applied to
 Topoetcone20/pt<-0.1

e Topoetcone20/pt>=-0.1
 CNN has same trend as ATLAS tight

WPs: more isolated worse performance,

because you remove info around the
center of the cluster
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