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° many many particles (TI°—YYy, T+, TT-, KO, n, p etc.) from many many vertices

® Particle Flow (PF) reconstructs 3 types: charged hadrons, neutral hadrons, photons
® Charge Hadron Subtraction (CHS) and Pile Up Per Particle Id (PUPPI) remove pileup
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A lot of novelties, long mileage covered since Run




Jet mass resolution
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New ideas, that make our life easier
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2 parts: Bias HS object energy, add PU jets to event!

PU removal at every level:

3. On jets
+ Jet Area subtraction
» Grooming (trimming, softDrop) (backup)
» Forward Jet Vertex Tagger (fJVT)
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Small-R Jet Calibration New

Small-R Jet Calibration

Reconstructed
jets

pr-density-based
pile-up correction

Residual pile-up
correction

Global sequential
calibration

jet finding app!red to
tracking- and/or
calorimeter-based inputs. and jet area.

Absolute MC-based
calibration

Corrects jet 4-momentum
dependence, as a to the gamcle -level energy
function of ¢ and Np,. scale. Both the energy and_
direction are calibrated.

Applied as a function of

Removes residual pile-up
event pile-up p; density

Reduces flavour dependence
and energy leakage effect
using calorimeter, track, and
muon -segment variables.

New Ideas!

ange fit used to determine R(EfZ*",74.) function
Polynomials -> Penalised Splines
Improves general closure
Worse in a few 74, bins where response changes quickly
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Jet energy response (R )
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Residual in situ
calibration

A residual calibration
is applied only to data
to correct for data/MC
differences.
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ATLAS Simulation

Fs = 13 TeV, Pythia8 dijet
Antik, R = 0.4 (PFlow)
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ATLAS Simulation

F Vs = 13 TeV, Pythia8 dijet
Antik, R = 0.4 (PFlow)
Fpine > 20 GeV
plspline fit

Jet energy response (R )
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TASSO at PETRA, 1979

CMS Experirien at the LHE, CERN
Data recorded; 2017-Qct: u 55/39/135168 GMT

Vs'= 13 TeV

Best R

Is there an optimal R?

] 5
117 Measuring with XCone
1=
= L vV jet mass 136 (15TeN] ., GCms 138 b (13 TeV)
09F > gooof T T e o[ T 1200
F & CMS ¢ Data § H
08E P 0 Wt ><u~ |+ Best fit
“E @ 6000( Single t 4 1H 68% CL 1000
c g I Weets | —os%cL
0.7 — 4 [ Other SM i
F W 4000 Total unc. 0.5 800
06 E‘. 2000 0 - k
— . 600
05 7 AK4 - Gluon jets _05
E i 0
0.4 F — Quark jets g sf T Whowwe Csawme = 400
ogb— . ‘ C P 1 f..""' stanattastessd 15 :
102 10° S st w w L - B Y g
[ [GeV] 0 50 100 150 -15 -1 -05 0 05 1 15
miE [GeV] FIEC

A-2205

Defining Quark and Gluon Jets

R 2n 2n 2
dij = min[pT’;, pTI]AR; 0 3
2n 2 P ]
dig = pT;Reir Reff = — 03 T E
. R pr  CE e e ]
Parton flavour (from hard matrix element) is intrinsically flawed 02

Obviously two gluon jets...

... or not?!?

Physically meaningful definitions (not exhaustive)

¢ N-Subjettiness [Larkoski, Metodiev, EPJC 10,014 (2019)]

- Possibility to unambiguously define quark jets (Tn—0)

- Gluon jets always contaminated by quark jets, (Cr/Ca)Nemissions

¢ Flavour-kr [Banfi, Salam, Zanderighi, EPJC 47, | 13 (2006)]

® Jet topics [Komiske, Metodiev, Thaler, JHEP 11 059 (2018)]

* Fragmentation approach (WTA axis) [Caletti et al.JHEP 10 |58 (2022)]

Heavy Object Tagger with Variable R

[Lapsien, Haller, RK, EPJC 76, 600 (2016)

One-pass clustering with integrated subjet finding

» Jet distance measures (with variable R)

» Clustering veto at each step
® mass jump veto
Store objects i and j as subjets

Used in tW resonance search
[CMS, JHEP 04, 048 (2022)]

Works beautifully, but can be
improved
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Random

Clearly, a lot of new interesting ideas (ParticleNet, ML in DataCertification etc)

Common grounds for ATLAS/CM ? Room for improvement and collaboration /
x-talking?

Clear intersection with theory, pheno + ML etc

Jet clustering : are we using/studying the new ideas/models in CMS/ATLAS?
-we certainly do in some cases, like XCone)

-What are we missing?




