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The ATLAS detector

* ATLAS performs precision measurements of Standard Model processes and searches for new physics.
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Calorimeters

* The incident particle interacts with the detector
material and produces showers of secondary
particles with progressively degraded energy.

* A photon appears as a cluster of energies
measured in topologically connected cells.
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M e The EMC measures mainly electrons and photons,
o while the HC measures jets of hadrons.
* Physics analyses make heavy use of accurate Monte

E AN/, Carlo simulations of the detector response.
TN e . . .
;}/f%’/N S * Usually achieved by exploiting sophisticated Monte
A9 < g,
- - ‘;2“5 Carlo codes (GEANT4).
-5l'|'| -" = nto'o . . .
aoggem N\ * A residual difference is usually observed between
Strip towers in Sampling 1 . ]
U data and simulations.
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Shower shapes

* The shower shapes are the observables that describe the shower developement in the calorimeter allowing
to distinguish between photons and hadrons.
* A photon is defined as a cluster of energy fulfilling specific requirements on 9 shower shapes.
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Shower shapes
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for the R, ,, shower shape

In the case of photons, to account for the differences between
data and simulations, correction factors called "Fudge Factors”
(FF) have been introduced.

The FFs correct each shower shape separately.

The purpose of this thesis is to calculate a unique weight per
event that corrects all the shower shapes.

The work consists in three steps:
o Firstly, find the weight training a Boosted Decision Tree to
discriminate MC and data events in a sample of photons
Z — YLy candidates;
o Evaluate the amount of background in the data sample;
o Finally, perform a new ‘background aware’ training, adding
background events with a negative weight to data.
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Machine learning techniques

* The training dataset contains the input variables x. (with its multiple features x.) and the correct output
i S ij
(yie). The input x; has to be mapped into a target output yrrediction with a fixed model.

* The predictive performance of the model is evaluated with the Objective Function:
0bj(9) = L(9) + Q(9)

* A Decision Tree is a flowchart structure where the internal nodes represent a condition on a feature of the

input variables.
A Root
node
[ Branch
1
Decision : Decision
node \ node
1
|
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Leaf Decision !
node ylele[ :
1
Leaf Leaf
node node
\j

* Gradient Boosting: Trees are added iteratively, choosing, at each step, the Tree that optimizes the Objective
Function.
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The radiative Z boson decay

* Need to extract a pure sample of photons in data without using the photon identification criteria.
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: Final State Radiation. A photon is radiated by a I Initial State Radiation. A photon is radiated by
‘\ lepton after the Z boson decay. / the interacting quark quark.
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¢
* Toincrease the purity of the photon sample
focus on FSR only.
. + +. . Z0
* Only events with 4 = or e " in the final state
are considered. J o

Z+jet production. A gluon is radiated by the interacting quark
and it will give rise to an hadronic jet.
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Event selection

120

110

my, [GeV]

100

g0

B0

7o

60

50

Data, Z — uuy

50

60 70

80

a0

100

110

120
My, [GeV]

Data, Z — eey

50

60 7O

80

90

100

110

120
My, [GeV]

140C

0

Selections:

* 80 GeV < my,, < 100 GeV
* m,, < 83 GeV
e p;¥ > 10 GeV
* AR(y,¢1;) > 0.4

Selection Z - eey Z - puy
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BDT

e BDT is trained to distinguish between
photon candidates in MC and data Z —
£fy samples.

e All the shower shapes have been used as
input variables together with n,.

e The early stopping has been set to 5
iterations.

*  From the algorithm prediction y?7¢? it’s
possible to obtain the weight to apply to the
MC samples.
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MC reweighting
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Ryag1 and wg ... shower shapes
are shown. Grey histogram
represents the data, yellow
and green histograms are the
official MC, while the red one
is the reweighted MC. Left
plots are in linear scale, ghile
right ones are in logarithmic
scale on y-axis.
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shower shapes are
collected.
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Efficiency

. N - ,
* Efficiency: € = —#2 where N_,=number of photons fulfilling the selection, N, ,=total number of photons.
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Tight photon identification efficiency as functions of |le| and p;Y. Black line is the data efficiency,
yellow and green are the official MC efficiency and the red one is the reweighted MC efficiency.

* The BDT based weight makes the MC efficiency match the data efficiency.
* Non negligibile background contribution in the data sample (lower efficiency).
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Background subtraction
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* Background template: MC Z€¢ + j sample 20000
e Signal template: MC Z — ¥y sample
e Data: data Z = ¢¥y sample
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Background aware MC reweighting
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Background aware MC reweighting: efficiency
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Tight photon identification efficiency as functions of Inyl and p;Y. Blue line is the data efficiency, yellow
and green are the official MC efficiency and the light blue one is the reweighted MC efficiency.

The efficiency in data after the background subtraction is higher (as expected).

Data and reweighted MC agreement is not fully stisfying yet.
The reweighted MC efficiency describes the data efficiency better than the official MC only at low p;¥ and Inyl.
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Conclusions

* In this thesis a new approach to simulation correction has been introduced using a BDT algorithm trained to
distinguish data from MC events in a sample of photons from Z — ££y decay.

o The BDT based weight improves the agreement between data and simulation in the shower shape
variables and makes their efficiencies closer.

o The data sample is contaminated by Z#€ + j background and these weights can not be applied directly
to Z = £y MC samples.

 The amount of background has been evaluated from a ‘signal + background’ fit to data.
o Estimated purity: ~ 46.5% in the muonic channel, and ~ 44.8% in the electronic channel.

A new BDT has been trained adding MC background events with negative weights to the data sample.
o The new weight doesn’t improve the agreement between data and simulations.

 The method is promising although it has to be investigated further to improve its performance.
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Thank you for your attention
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Backup slides
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Event selection
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Event selection

Z — eey

No selections

L. 1 =10
&0 7o 80 S0 100 110 120 130
— lg.m [MeWv]
Z — eey
Truth type selection
BID_—-'_!==70=J—' BEI 90 100 110 120 ! 135(10

lg.m [Mew]

0000 - i
E——= 0 - 70 CFilterBVeto
E——= 0 - 70 CVetoBVeto
E——= 70 - 140 BFilter
50000 | == 70 - 140 CFilterBVeto
E——= 70 - 140 CVetoBVeto
E=——=1 140 - 250 BFilter
[E———7 140 - 280 CFilterBVeto
E———9 140 - 280 CVetoBVeto
40000 280 - 500 CFilterBVeto
280 - 500 CVetoBVeto
500 - 1000 Mone
1000 - 13000 None
30000
20000 p—
10000 p—
[ 1 1 1 1 1 1 1
30 40
50000 - =
E=——=3 0 - 70 CFilterBVeto
E——= 0 - 70 CVetoBVeto
E——= 70 - 140 BFilter
50000 | E—=——3 70 - 140 CFilterBVeto
E=——=3 70 - 140 CVetoBVeto
E=——3 140 - 250 BFilter
E———1 140 - 250 CFilterBVeto
40000 | EE——1 140 - 280 CvewBvew
280 - 500 CFilterBVeto
280 - 500 CVetoBVeto
500 - 1000 Mone
30000 1000 - 13000 Mone:
20000
10000
[ 1 1 1 1 1 1 1
30 40
2400 = T
E——= 0 - 70 CFilterBVeto
2200 | EE= 0- 70 CVetoBVeto
E———= 70 - 140 BFilter
5000 | EE=3 70 - 140 CFuterBveto
E———] 70 - 140 CVetoBVeto
1800 | E== 140 - 280 BFilter
[E———] 140 - 280 CFilterBVeto
[E———1 140 - 280 CVetoBVeto
1600 280 - 500 CFilterBVeto
280 - 500 CVetoBVeto
1400 500 - 1000 MNone
1000 - 13000 Mone
1200 =
1000 BE—
30

40

Z — eey
All selections

i ———— [ Tri—y—
50 70 80 90 100 10 12

130

lg.m [Mew]

Tommaso Cozzi - Tesi Triennale, 14/12/2022

3

=

Invariant mass m£+€y in the
Z4¢ + j sample.




107

1072

107

10!

107

MC reweighting

Data 10 Data Data -
| —— MC_reweighted 3 —— MC_reweighted —MC. reweighted F D iohied
3 MC_noFF E MG_noFF MG noFF T ot
E e MC_withFF : e MC_withFF —— MC_withFF 4 o MC,:withF
L | E
K 1072 E
102 C
= g 2L
Al a3l
10°F 107° E
‘g 4!
107 =
i 1 = -SE_
_I 1 | 1111 | 1111 | 1111 I 1111 | 1111 | 1111 | 1111 | 1111 I L | L1 L1 I L | L | L | L | L1 } | I I | I | :
.05 05 D_? O_E .Dg 1 '1 1_2 1_3 _02 ﬂ2 04 'DB DE ' S L S S L1 11 L1 L _III|III|III|IIIIIII|III|III|III|IIIIIII|II |III|I
ph.reta - - N . - ph fside 0 pﬁ i 0 200 400 600 800 1000 120014001600 1800 200022002400
: : ph.deltae
E Daa 107! = Data _ Data Data
C —— MC_reweighted = —— MC_rewaighted _y | =— MC_reweighted —— MC_raweighted
MG_noFF E MC_noFF 10 MC._noFF - MC_noFF
E e MG _withFF L = MC_withFF e M withFF —— MGC_withFF
= 102 B -
E C 107
r 107 F
E 107
B 107
— 10_55 107 = yo =
I I N VAN AFATIN INUFOIN INArOr AVUrAra B | [ _|||||| | N A A A A B T A A A | e Loy o Ly by by b ey b L e b b b v by b b b b
¢ 02 04 06 08 1 12 14 16 18 0.004 0.006 0008 001 0012 0.014 0016 0.01f 0.4 0.5 0.6 0.7 0.8 0.9 1 01 02 03 04 05 06 07 08 089 1
ph.rhad ph.weta2 ph.rphi ph.eratio

Tommaso Cozzi - Tesi Triennale, 14/12/2022




Background aware MC reweighting
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Background subtraction
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LightGBM

* Light Gradient Boosting Machine (LightGBM) is the machine learning
implementations used for this work. It is based on the Gradient Boosting
Decision Tree model but it operates with a leaf-wise growth.

D> N wp K -

Leaf-wise growth.
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Electron and photon reconstruction
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and clusters

Electron: object built from
energy deposit in calorimeter
and a matched track.
Converted photon (left):
supercluster matched to a
conversion vertex.

Unconverted photon (right):
supercluster with no associated
tracks or conversion vertices.




Electron and photon energy energy calibration
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Electron identification
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(low E;) and Z (high E;) decays to electrons. o g, jeterei—o— : -

% 0.9 HEH — . N —

e 0.8% il N —

* Three working points are defined: 07 ;;@f“ S v st E
o Loose (efficiency ~ 93%) ?} + Flectore . 1

. « e 0.6 edium ]

o Medium (efficiency ~ 88%) s T Ten ]

o Tight (efficiency ~ 80%) 08 e A

20 40 60 80 100 120 140

E, [GeV]

The electron identification efficiency in Z — ee events in data for
the Loose, Medium and Tight operating points.
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Photon identification

* The purpose is to select prompt photons and reject

gs F T T T g\ F T T ™

c = s = -

the background (e.g. m° — yy). § - :

. .. . . . o 09 © 09 .

e 9 discriminating varibles based on energy in cells of s Pl 1o b ]
. . - S o0sF B « Matrix method 3 8 osF @tﬂ + Matrix method 3

electromagnetic and headronic calorimeters are - > Radiative Z . - > Radiative Z ]
07:_ )—%H + Electron extrapolatlon _: 07:_ }_%_{ s+ Electron extrapolatlon _:

used. L% i . C ]
0.6F ATLAS 3 0.65 - ATLAS -

. (s=13Tev, 8110 ] E_%q (s=13Tev,81 "' ]

* Three methods: R T b ST
o 10 20 40 100 200 400 1000 10 20 40 100 200 400 1000

o Radiative Z E, [GeV] E; [GeV]

o Matrix method N . r )

o Electron extrapolation from Z — ee § § E

5 09F 5 09F -

g E ] ] C ]

: . A P ; : ; g C + Matrix method 4 8 C « Matrix method i

* Loose and Medium: discriminating variables in the & o0& e ] © % e :
HCalo and in the EMCalo middle layer; used by 07F B + Electron axrzpolaion 07F + Blctron exrapolation.
triggers. o.s%‘ ATLAS - o.s::% ATLAS E

. . . .. . . C (s=13Tev, 811" . C [s=13Tev,81 " ]

e Tight: tighter cuts on discriminating variables; uses 0.5F Convertedy, 152<pl<181 05F Converted y, 1.81<nj<237 3
also EMCalo strip layer; used for offline analysis. 020 40 100 200 400E [(15032 020 40 100 200 400E [(150(13
719 718

Loose photon identification efficiency, for converted
photons computed with three different methods.
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Electron and photon isolation

* Eliminates the remaing background particles misidentified as electrons or photons.
* Remains high energy jets that can be rejected requiring low hadronic activity around the

candidate.
* Two variables are defined: E;°"**and p,<"e** which are calculated in a cone centered around

the candidate cluster with a radius AR = XX /100.

* Three standard selections are defined imposing different thresholds on E;*°"**and p-oneXX:
Loose, Tight, Calorimeter-only Tight.
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Efficiency

In this work the Tight photon identification efficiency is used to assess the goodness of the reweighting
applied on the MC samples.
The efficiceny is computed as:
€ = NpID
Ntot

In the case of the background subtraction, the number of signal events is given by the fit algorithm.

The error are computed as:
gy =+ LN?

In the case of the background subtraction, the error on N is given by the fit algorithm.
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