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Contents

— Goal: Summarise new/uncommon analysis techniques used by ATLAS data analyses

— Focus on the details of a few key Higgs measurements:

Source: HIGG-2021-23
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H— yvy:
— Multi-MVA model fit D-optimality

H—ZZ—Illl:
— Recurrent neural network quantile
regress of m, mass resolution

VBF, H—bb:
— Mass independent event classification
— Z(bb)+jets b-jet object embedding

VBF+VH, H— 17:

— Z(11)+jets kinematic object embedding

VH, H—bb/cc:
— b-/c-jet truth tagging
— Multi-dimensional parameterisation
of MC theory uncertainties

H—Ily - (Backup only)
— Near-by electron identification
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Machine Learning

- Classification

Machine Learning
- Error Estimation

Machine Learning

&

Object Embedding

Object Embedding

Likelihood Re-weighting
- Statistical Precision
Enhancement

Object Reconstruction
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Machine Learning

= H(yy) STXS Multi-class BDT
= H(ZZ") Quantile Regression Neural Network
— VBF H(bb) Adversarial Neural Network




H(yy) — Multi-Class D-optimality

— H(yy) valuable for measuring Higgs properties with precision:
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— New publication addresses Stage 1.2 Simplified Template

Cross-section Measurement (STXS) \
— ATLAS-CONF-2020-026 superceded by HIGG-2020-16 |

— 44 STXS regions in total
— 28 merged STXS regions used in final fit

.
.

— Multi-class BDT used classify events into STXS regions y.

— Trained using categorical cross-entropy:

N=44

L=,

— ¥, is defined as the softmax converted score of the BDT (z):
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H(yy) -

Multi-Class D-optimality

— Goal: Single scalar metric for fitting, not 44 class
labels

HIGG-2020-16
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— Ideally: Metric to be optimised should be: 5 1= g!gna: se_lecttedd ATLAS Simulation
— Sensitivity aware due to statistical errors @ ol o OItgll‘:: rfoliz:ses Vs =13 TeV, 139 fb", H-yy 3
— Reduce STXS bin correlations L - b P -
= ! gg—>H,1-jet,120£p:'<200GeV I
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— D-optimality: Determinant of the covariance Lﬁ 10 = ! E
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— Transform: Transform output of BDT (z) to a new : :--. ]
more expressive discriminant and take 1073 --. o T
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— Optimisation: The transformation welghts w,

Multiclass BDT output

determined by iteratively minimising D, after

successive 1-bin Asimov fits of STXS binnings
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HIGG-2020-16

H(yy) — Multi-Class D-optimality

H—yy, (s=13 TeV

ATLAS Simulation 139 fb™
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H—ZZ — Illl - Mass resolution uncertainty ricc-20007

— New Higgs mass (m, ) measurement using H— ZZ"— "'

— Unbinned maximum likelihood fit to data
L(mglx) = L(my|mye, D, o)
= I—[ P(mfl[, D', o' |\mpy)
i

— Signal probability density function (pdf) conditional on:

1. m, = Higgs mass }

2. D, = Dense Neural Network classifier Ps(mas, D, o|lmy)

3. 6, = Event level m, resolution A
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H—ZZ — Illl - Mass resolution uncertainty Hicc2020-07
— Recurent Neyral Netwprk + MLP used to estimate the Py(mag, D, o|mp)
per-event quantile of the difference between truth and
reconstructed 4-lepton mass: 4
constrained truth,born
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H—ZZ — Il - Mass resolution uncertainty nicc20007

— Recurent Neural Network + MLP used to estimate the Py(map, D, o|mp)
per-event quantile of the difference between truth and "

reconstructed 4-lepton mass: 4

|m4[c0nstrained . m4[truth,born| < v
% : I 1 | I '| 1 | 1 ] | | I 1 | |' 1 D| I 1 I I | I I :
N [ ] ata i
(D ?0 '_A TLA§ P Higgs boson (125 GeV) _]
-— = H _} ZZ '_} 4' - zZ" -
n -1 -
=) C ¥s=13TeV, 1391 DOC VWV -
./ — 60 :—115"””-“ ;13!] GeV B Z:jets, i _:
WY \ _fﬂ - e Uncertainty -
Lepton 4-vectors R J \ 5 - i
\\\“"' o = S0F E
N L n -
M, p" Jle '\\\ - n
’ ) S\ 40F =
\ L\ : :
: N'v.v. /’%I"i‘\\\\..‘\“\\\:{"\\v/. n ]
NI A SRS ' -
ARNIAINIL Wi 7 NN B ]
N'e% 3% 28 30} =
MLP 1 MLP 2 20 -
— Loss function is the square difference between true and 10+ -
predicted m,, quantile: 5 ’
0 [ R
2
. ) 1 predicted 1 1 .5 2 2.5 3 3.5
Z max(g X (true-predicted), (1 — g) x (true-predicted)) + — Z g~ M
W ;
N N 4r

06/07/22 Stephen Jiggins


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HIGG-2020-07/

VBF H(bb) 166 201904

— Search for H(bb) via vector boson fusion:

Resonant bkg Non-resonant bkg
(Z(bb)+jets) Signal (QCD multijet)
g g

g
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VBF H(bb) — Adversarial Neural Network

HIGG-2019-04

— Search for H(bb) via vector boson fusion:

Resonant bkg Non-resonant bkg

(Z(bb)+jets) Signal - (QCD multijet)
v H b g
< :
¢ q g b

—

— Separating background from signal achieved via
an Adversarial Neural Network:

— Classifier attempts to — Adversary attempts to

determine signal VS background predict the m,, bin of each event:
= A OO
M \. AP ‘ iy e
x— ofo - op HEL ofo - x@ s fa(fe(X))
f.'-?;-, : ' | M ;
Lclassificatian Ladvcr.sary

— Adversary penalises the total loss to ensure
classification without sculpting m , of background or

signal L = Lejassifier — /1Ladversary
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With Adversary
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Object Embedding

> VBF (Hbb) b-jet object embedding

~» H(zt) T-decay kinematic embedding




VBF H(bb) — Z(bb) object embedding HIGG-2019-04

— Constraining resonant Z(bb)+jets difficult in fit:

g — Z(bb)+jets & QCD multijet catgorised
b as bkg by ANN - — Solution: Use Z(up)+jet events from data &
. — Z(bb)+jets poorly modelled by MC in replace p’s by simulated b-quark pairs
5 analysis phase space

Step 3: Replace the muons with
the simulated jets

Step 1: Select data events with a
Z(pp) around the pole mass of the
Z-boson

Step 2: Simulate di-b-quark pairs
using detector simulation with
same muon 4-vector
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HIGG-2019-04

VBF H(bb) - Z(bb) object embedding

— How this look? How well does it perform?
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VH+VBF H(tt) — Z(11)+jets background HIGG-2019-09

— Measurement of H(tt) using all 4 production modes:
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VH+VBF H(tt) — Z(11)+jets background HIGG-2019-09

— Scale the 4-vector of p by the a

— Z(17)+jets modelled using kinematic embedding;: scale factor to transform it to a
realistic T 4-vector due to energy loss N/
1. Select Z(ee/pp)+jets events from data from neutrinos > N4

2. Correct for e-/p-reconstruction/trigger efficiencies

3. Apply a scale to the e/p four vectors to mimic the
energy lost due to invisible T-decay components

4. Apply an event weight to mimic the t-reco/trigger
efficiencies for the kinematic topology of the event

x10°
% C I I I I ] I ) ) I ] ] I 2| II ] | ] L] : % 1 05 :_| AI;LA; I T 1T | T T | T Elmlbeldljeld ISaIm|p||eS| I I_:
O R ASRT:;S;?“:?E;J. B Embedded Z — Il 7] O) E Vs=13TeV, 139 fb™ . Data =
2 1 e 2 b T
— [ Boost + VEF + Vihad)H selection ] Z 10 3 Boost selection mw E
E - - 8 = 72 Uncertainty 3
= - J ‘= 13l ]
5:_ _: 102%
r ‘lll . 10L
ot . o F
21 d E'Em'méq%'zlu?z;: AL g 1-35 | | | | o
wl. S Unoeral W= —]
i S L s
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Likelihood Re-weighting

> VH(cc) Jet Flavour Truth Tagging

—» VH(bb) Multi-Dimensional MC Uncert. Parameterisation



V(ILIv,vv)H(cc) — Truth Tagging HIGG-2021-12

— Search for H(cc) via associated vector boson production:

— [ r r 1 1 [ r 1 17

e
0_4:_ ATLAS
= \s=13TeV, 80.5-139 fb”

0.35F VH, H— ¢t 27% c-tagging efficiency working point

- DL1, c-tag + MV2 b-tag veto
—C-jets —b-jets —light-jets

W,Z

Illll|l[|

Llorervalidl

s, . - Z/:////:/::’//' .
H ——

— Signal strength extracted via profile likelihood fit using:

IIIIIIIII

Data c-tagging efficiency * total uncertainty
o
N

-m__: Invariant mass of di-jet system 0.15 _;
0.1F =
o _ , . 0.05/- =
— Efficiency of 2 c-jets the product of single jet e s
tasoing efficiencies & 50 100 150 200 250
gging efficiencies &' ,
! jet P, [GeV]
m - ' . .
8((n) ,x,f) = [l = 27% f=cjet — x2 ciets ~ 7% — Lot of Monte Carlo is lost as
,- jen a result of the tagging
efficiencies!
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V(IL,Iv,vv)H(cc)

— Truth Tagging

HIGG

— Search for H(cc) via associated vector boson production:

W,Z

40

q > 80
Q)
= 70
e B ﬂ
4i: ’ § 60
— Signal strength extracted via profile likelihood fit using;: - 50
-m__: Invariant mass of di-jet system
— Efficiency of 2 c-jets the product of single jet 30
tagging efficiencies ¢
20
8((;1:) » X, f) H E_{(f) = 27%, f = c-jet — X2 c-jets ~ 7% 10
n i Jen
- 1.5
Q
— Solution: Select all events, but weight event e
based on probability of tagging m-jets out of n 8 05

)io) - €in () %)

wrr

total jets:
otal jets ("

Pi(x) =

Stephen Jiggins

K»

-2021-12

——
ATLAS

\s =13 TeV, 139 fo''

2 lepton, 2 jets, 2 c-tags
SR, p¥ > 150 GeV

—-o— Dalta |

—— Signal + Background

B VZ(— cc) (u=1.16)

[ VW(- cq) (u=0.83)
VV Bkg

I Z+hf

o Z+mf
Z+If

tt + others
I VH(— bb)
Uncertainty
= SM VH(— cC) x 300

T I T T T I T T T I T

| /IIIII

l —T— AN S
1 | 1 1 1 | 1 1 1 | 1 1 1 I 1 1 1 | | 1 1 | 1 | 1 | _:
60 80 100 120 140 160 180

M. [GeV]

— Truth tagging improves limit

onyp,, . by~10%
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VH(bb) — MC Systematic Uncertainties

— MC uncertainties from MC model changes (e.g.
matrix element generator models) induce kinematic

variations:
Jdo A
dx — Map nominal to look-
ﬁ like an alternative MC A
v prediction:
a Oal - a Onom
= =f(X)—2"
dx d x
)|
=
X
A

— Analysis feature space is 13-dimensional

06/07/22 Stephen Jiggins

Wijets p‘T’

Z+jets m. shape
Diboson m,, shape

VH acceptance (PS/UE)
VH acceptance (QCD scales)
b-jet tagging efficiency 1
tt m,, shape

QCD scale for ggZH
2-lepton tt my, shape
c-jet tagging efficiency 1
b-jet tagging efficiency 0
c-jet tagging efficiency 0
VH 2-to-3 jets acc. (QCD)
b-jet tagging efficiency 2

Single top acceptance (Wt—other)

ATLAS

VH(bb) Observation Paper:

HIGG-2018-04 A
-0.1 -0.05 0 0.05 0.1
Illlllllllllllllllllll
V.
g
: 7 :
g A e

; 7

bz —
' 2

Wz
e

Vs=13TeV —&— Pull: (5-6,)/46

79.8 fb™! +10 Postfit Impact on p

m,=125 GeV :I -1o Postfit Impact on u

coc e bec b e e B B o
-15 -1 -05 O 0.5 1 1.5 2

HIGG-2018-51
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VH(bb) — MC Systematic Uncertainties

HIGG-2018-51

— MC uncertainties from MC model changes (e.g.

matrix element generator models) induce kinematic
variations:

Jdo A
dx — Map nominal to look-
like an alternative MC

prediction:

00,
dXx

[

0O

nom

dx

o (7)

>
X

— f(x) = a surjective map built from a BDT
that simultaneous maps all the features of
nominal (x ) to the alternative MC (x_,)

/x\
EAKR ELKR - KRN
\//

f(?)
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Conclusion

— Pushing scope of Higgs analyses key to
understanding the SM and potentially disovering

BSM physics >
Sensitivity Sensitivity Ratio Additional . .
Yearsofdata without machine withmachine of P data MaChlne Learnlng
. Analysis  collection learning learning values required I . h h
— Detector development life cycles are often 10- M 30112012 320 7o o 51 algorithms have
Ho yy P=0.014 P = 0.0035
20 years IOl’]g ATLAS®  2011-2012 2.50, 340, 18 85% .helped pUSh th?
Ho T P = 0.0062 P =0.00034 d|scovery potentlal
ATLAS®®  2011-2012 1.9¢ 250 a7  73%
. . VH — bb P= 0029 P = 0.0062 of analyses
— Development life cycles of new machine ATLAST 2015-2016 2.6, 700, Lo 15w
. < 4 . VH — bb P = 0.0026 P =0.00135
learning, statistical inference models, and oo 2011.2012 1a0n o s a5
VH — bb P =0.081 p=0.018

accelerator techniques often 2-3 years
Source: A. Radovic et al., Nature 560(2018) no. 7716,41

— Squeezing every ounce of information out of
the already C0||ected data IS unmined gOld... _un3 i=55) k |RL.'":"“.=ET"'?D], _ IntlanT@nlﬂfs?onI] :

50~ ATLAS Preliminary =
- 2022 Computing Model - CPU

»

— For more information about the relevant

40, Conservative R&D
measurements see: . Ao e e
* H(yy): D.Mungo (Thurs. 09:00) e e & »
» H(ZZ): G.Barone (Thurs. 11:45) L) Large data/MC
* VH(bb/cc): G.Di Gregorio (Thurs. 09:15) 20 data volumes

VBF H(bb): G.Di Gregorio (Thurs. 09:15)
H(tt): G.Di Gregorio (Thurs. 09:15)

pose problem
many future HL-
LHC analyses

Annual CPU Consumption [MHSO8years]
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Source: CERN-LHCC-2022-005
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Context

— Goal: Summarise new/uncommon analysis
techniques used by ATLAS data analyses
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Context

— Goal: Summarise new/uncommon analysis
techniques used by ATLAS data analyses

— Data Analysis 101: At its core ATLAS data
analyses are counting experiments interpreted
predominantly in a frequentist likelihood paradigm:

L(nli,0)= 11 P(n,|v,(2.0)) T f,(30)

b:bins 2]

g P(Vb(ﬁ:_é>|)\'bﬁ Tb)

A b:bins
do
dx
Observed data
count n, ° . Expected count:
s ¢ ’ . vk

"

il !

X
06/07/22 Stephen Jiggins
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Context

— Goal: Summarise ne
techniques used by

— Data Analysis 101:

w/uncommon analysis
ATLAS data analyses

At its core ATLAS data

analyses are counting experiments interpreted

predominantly in a frequentist likelihood paradigm:

L(nz,0)=]1]

b:bins

P(

A

A b‘;bins

Observed data
count n,

:

!
’

+ :

+ N,

P(”b|"b(l;,-é)) H f9(5|8)

0

Vb(ﬁ’ _é)M’b: Tb)

Expected count:

o~ v,(no

o
+ ¢
’

b

06/07/22

>
X

— Why todays talk?

Sensitivity Sensitivity Ratio Additional

Yearsofdata without machine withmachine of P data
Analysis  collection learning learning values required
cMms2 2011-2012 2.20, 270, 4.0 51%
H— yy pP=0.014 P = 0.0035
ATLAS*3  2011-2012 2.50, 340, 18 85%
H—T1tr™ P = 0.0062 P =0.00034
ATLAS®®  2011-2012 1.90, 250, 4.7 73%
VH — bb P=0.029 P=0.0062
ATLAS*t  2015-2016 2.80, 3.00, 1.9 15%
VH — bb P = 0.0026 P =0.00135
CMSI00  2011-2012 1.40, 210, 4.5 125%
VH — bb p=0.081 P =0.018

Source: A. Radovic et al., Nature 560(2018) no. 7716,41

Stephen Jiggins

Machine Learning
algorithms have
helped push the

discovery potential

of analyses
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Context

— Goal: Summarise new/uncommon analysis
techniques used by ATLAS data analyses

— Data Analysis 101: At its core ATLAS data
analyses are counting experiments interpreted
predominantly in a frequentist likelihood paradigm:

— Why todays talk?

Source: HIGG-2018-51

ML models, specialised
jet tagging, opitimised
mass resolution fitting
etc... needed to make
specific Higgs decay
modes viable

T I T T T I T T T l T T T l T T T I T T T I T
ATLAS
(s=13 TeV, VH—bb

4 36.1 fb™ arXiv:1708.03299
¢ 79.8 tb™ arXiv:1808.08238
4 139 fb” CERN-EP-2020-087
[ scaling from 36.1 fb"
+

tirnistic sodind

)

Pess'\m'\st'\c scaling

G,
5
IIII|IIIIEIIII|IIII§IIII IIII|IIII|IIII|IIII

. + - N, .
L(nli, 0)= | | P(n|v,(2,0)) . T]f.(66)
b:bins 2]
- 11 P(Vb(ﬁ:_é)Mb:Tb) — 10¢
A b:bins -.Z. 9:_
do 2 .
dX *é 72
s 7F
Observed data é 6;—
count n « e 5
b A¢ ° * Vb(}l,e) L%- 4;_
: P 3
of-
+ + + 15
v .
>
X
06/07/22

N
o

100 120 140

Integrated luminosity [fb™]
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— Goal: Summarise new/uncommon analysis
techniques used by ATLAS data analyses

— Data Analysis 101: At its core ATLAS data
analyses are counting experiments interpreted

predominantly in a frequentist likelihood paradigm:

?
- to N, ~
L(nli,0)= || P(n,|v,(2,0)) -er( 6|0)
b: bins 0
11 P(v(7,6)|4,, 1)
A b:bins
do
dx
S)ZS:trid data - Expected count:
\*¢ ° +\Vb(p,9)
.
: ¢
+ ¢ .
t + ’ +
>
X
06/07/22

— Why todays talk?

Source: CERN-LHCC-2022-005

Aun 3 {u=55) Run 4 [j1=88-140) Run 5 §u=165-200)

& 50 ATLASPreliminay /-
tg - 2022 Computing Model - CPU .
v - aax
E 401~ . Gonservative R&D P w
g - v Aggressive R&D _.,.-"' 3
= - — Sustained budget model e i
E 30— (+10% +20% capacitylyear) —
W £ 7]
= = “ -
S L .’ ¥
g 20 : =
& I il
E - d
P oo :
[ 0y g o MISHONRCIRIRRNA | ) o o, ), ISETRNTIRERRRINI , , ., | . SN

02020 2022 2024 2026 2028 2030 2032 2034 2036

Year
| »

Numerical techniques to address
data/MC data volumes that pose
problem for some current and
many future HL-LHC analyses
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H(yy) — Multi-Class D-optimality

Step 1: Assign event to a STXS category

— Goal: Single metric for optimisation that: A R
— Sensitivity aware due to statistical errors Z, A Zi A

Red STXS bi lati
— Reduces In correlations Event 1 Event n
— D-optimality: Determinant of the covariance matrix (C,,):
1 |Cex +Ctheo | >
D,,==log e —te: -
opt™ 5 0g |Cexp| i

— Algorithm: Conduct a 1-bin counting experiment by
assigning events to pseudo-STXS bins according based on the i l i J l

maximum multi-class score:

max(2,=w,z,)

L
| 5 o -

,,,,,,,,,,,,,,,,,,,,,,,,,,,

Step 3: Minimise covariance matrix by
changing BDT transformation weights:

w.

1

Step 2: Perform 1-bin Asimov fit obtaining a
covariance matrix
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H—ZZ — Illl - Mass resolution uncertainty

HIGG-2020-07

— New Higgs mass (m, ) measurement using H— ZZ —['[*I

— Unbinned maximum likelihood fit to data

L(mglx) = L(my|mye, D, o)

— Signal probability dens:tyfunctlon (pdf) condltlonal on:
= Higgs mass

1. m, =
2.. D

W = Dense Neural Network classifier

- I—[ P(_m;{, D', o' |my)

3. 6, =Event level m4[resolution ‘
: _I T T | T TT | T 17T I T T T I T T T | T T T 17T I_
3 0_25-_ATLAS Simulation B
> E?r I H—> ZZ" — 4] ¢ Simul. Event for Higgs m,=125 GeV |
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1= 0.2 —
0_15__ s ]
Y i
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2L R E I =
T Tt B
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VH(bb) — MC Systematic Uncertainties HIGG-2018-51

— Signal strength extracted via profile likelihood fit using a Boosted Decision Tree multi-variate proxy:

(FELIT 7. L. ) . L L L . L L L, L s |

>
83500 ATLAS ;\[;la-ltaH_}bs(“oz): o’) _|||||||||||||||||||||||||||||||||||||||_
-1 A 1=1.02) —
3 i TeV. ki [ Diboson o - ATLAS —e— Data _ .
o 3000 1 lepton, 2 jets, 2 b-tags it / ~, g N y B VH, H — bb (u=1.02)
2 150 GeV < p! <250 GeV I Single top \ §2] Is =13 TeV, 139 fb [ Diboson
© 5500 — "‘,"v‘:'lg‘t‘: S 10 1lepton, 2 jets, 2 b-tags i
L
B Z:jets |_|>J 150 GeV < p: < 250 GeV [ Single top

2000 Uncertainty

I TTTTIT
1 IIIIII|

-+ Pre-fit background Multijet

e ot — VH,H - bb x 20 B Waijets
i B Z+jets
120 b . 10° ; Uncertainty
500 t - s e Pre-fit background
! / ; — VH,H — bb x 10
T ~
> 2200F S PR e [ ] P i e U ) ng‘"‘JLT__t / \ .
T 3 ®—>

;
}i

IIIIIIIIIIIII‘\IIJ‘IIIIIIIIIllII

329 drias ~-Data 1 =
2 2000 (5 13 Tev, 139 1™ =‘I;::)’°Z°: e 3 R\)_ 102 —]
2 1800 1lepton, 2 jets, 2 b-tags i 3 400 450 500 =
@ 1600i 150 GeV < p! < 250 GeV [ Single top = my, [GeV]
5 = Multijet R
(Tl 1400F B Wjets = .
1200? ﬁ:]:;ftainty i 6 - T T T T LI T T T T LI LI T T LI T TT
1000 i <. B12F B
=t H 3 = © c —— 4
i(o)zz_ w.é *i@‘. _E / -.C_G' 0-8 11 I 1 1 | | 1 1 | | 11 1 I 1 1 1 | 1 1 1 | 11 1 | 1 1 1 | 11| [
G L E @ 1 08-06-04-02 0 02 04 06 08 1
= = BDT,, output
g2 [T FELE I =
D:. 1 \ + _v_++~__‘_ _Q_“QA_«_ k* \ o . . .
SosHL — Uncertainties on the MC expectation included as
o 40 60 80 100 120 140 160 180 200 . . . . . . .
My [GoV] nuisance parameters in the profile likelihood fit paradigm:
+ Moo o
_ _ n 9 P(n,|v 0))|. 6|6
9-11 extra kinematic L{nlg, bl;L ol voli, 0)) l:[fe( 16)
observables -
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H(Il)+y — Near-by electron identification HIGG-2018-43

— Measurement of H(ll)+y using ggF/VBF/VH
production modes:

0 e _
% E [ I | -I- Bkgl I [ I [ ]
O 25-_ Bkg+H—vyy ]
P — Bkg+H—7yy +Sig (u=1 5)
IS i
=)
s i
N 15;
10}
- ATLAS ;
5 Vs=13TeV, 139 fb™ .
- In(1+ Sy/ By) Weighted sum .
g 4
| 2F
2 OF
N
110115 120 125 130 135 140 145 150 155 160

my, [GeV]

— Search in m < 30GeV to mitigate resonant
backgrounds

— Dielectron system prone to being collinear
— Resolution of ECAL means two electrons merge at

— Electron inner detector tracks
calorimeter cell level separable
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H(ll)+y — Near-by electron identification HIGG-2018-43
— Dedicated trigger, identification, and reconstruction algorithm
for ee-merged signatures:
 If conversion vertex match, radius < 20mm > R s ) B B S S ) B S LIRS B
e Multivariate discriminant using: 2 - ATLAS Simulatio — H—-y"y—eey yield — 16
* Shower Shape 3 0.5F ys=13TeV, 139 fb’ H—y*y—uuy yield -
e TRT signals = i 114
e Cluster/ID track kinematics o i ——— ey ]
e Calibrated using photons with conversion radius of 30 mm X (.4 —FM_T_W 912
3 I Signal efficiencies: N
& F b opuy " 110
-'C_)'_ 03 [ > ¢ ce Y. NS -A.-A_A'""A'-A-A-"A-A-"'—A-""A"-A-A-.Ai 8
— ee-merged extends reach of analysis to low m, § i E & ee merged -
and thus highly boosted topologies < 0.2F o eeresolved —6
B'.‘.-.'.‘.'“.\,m .m_
i 0000'00000033;0 ., “. :I 4
0.1 “00% -
A OJsesses, - =P
I e, . ]
O_DD- O 2 .5 TRIcoooocoessieeod )
107 107 107" 1 10
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H(Il)+y — Near-by electron identification HIGG-2018-43

— Dedicated trigger, identification, and reconstruction algorithm
for ee-merged signatures:

* [f conversion vertex match, radius < 20mm L L e N A L T
e Multivariate discriminant using;: ee resolved channels ! ATLAS
* Shower Shape : _ -1
* TRT signalsp ee merged channels —-:'—- ls=13 E\Q’_;tzlg f:c
* Cluster/ID track kinematics h | - une.
e Calibrated using photons with conversion radius of 30 mm Mt channeis | == Syst. only
VBF-enriched channels ; —
High—th channels i — =
— ee-merged extends reach of analysis to low m |
. _ ! Low-p_ channels ——
and thus highly boosted topologies 1 |
ee channels —s=—
channels =
— Observed(expected) significance of H — ly: s |
3.2(2.1)c for m = 125.09 GeV H%IY Yy g||0b§| flt .=
—4 —2 0 2 4 6
oxB/(6xB)gy,
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