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Outline

• “Standard” jet constituents and calibrations
• Machine Learning for jets
• Jet taggers
• Example measurements for/with substructure
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Two different detectors for the same physics
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Tracking:

σ(pT), 1 GeV) = 1.3%
σ(pT), 100 GeV) = 3.8%

Tracking:

σ(pT), 1 GeV) = 0.7%
σ(pT), 100 GeV) = 1.4%

EM Calorimetry Had Calorimetry

Jet reconstruction more based on 
calorimetry for ATLAS, more based 
on tracks (and PFlow) for CMS



From partons to detector: jet components
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-Track jets easier to calibrate, and vertex can be used to mitigate pileup.
but harder to compare to theory, and have bad pT resolution. Just used for substruture 

- Calorimeter jets good at high-pt
need to account for non-compensation,
bad performanor the soft comcponent
hard to control pileup

- Combined (PFlow) combine advantages of both
hard to remove overlap and double counting



The basis of ATLAS jets: Topological Clusters
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Local Cluster Weights for ATLAS TopoClusters
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Particle flow and Track-Calo Clusters in ATLAS
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P-flow objects start from TopoClusters and 
assiciate tracks. Improves jet energy resolution

TCC start from tracks and consider their 
associations to clusters. Designed for 
substructure studies



The synthesis: Unified Flow Objects (UFO)
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Jet inputs in CMS
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Jet calibration in CMS
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Residual corrections for CMS calibration
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CMS: jet energy scale uncertainty
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Calibrating jets in ATLAS
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Global Sequential Calibration and In-Situ corrections
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ATLAS JES resolution and uncertainty
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Also 1% uncertainty after in-situ corrections



Pileup mitigation in CMS
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Performance of PUPPI in CMS
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Pileup mitigation in ATLAS: constituent subtraction 
and SoftKiller
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Improving TopoClusters calibration with Machine 
learning (ATLAS)
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Topo Cluster energy calibration with ML
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Global Neural Network jet Calibration
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Simultaneous calibration of energy and mass

22



Results for NN calibration
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Pt calibration with ParticleNet (CMS)
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ParticleNet response
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ParticleNet resolution
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Jet tagging
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Tagging b-jets using impact parameter or 
secondary vertex as old as precision silicon 
tracking (or even older)

Tagging jets using its substructure started at 
the LHC due to the large boost that even 
massive particles can reach

Techniques evolved with time:

- physics-inspired variables 
- combination of variables into MLP or DNN
- constituents into CNN (imaging), DNN or 
Transformers (ParticleNet)
- Lund Plane into GNN (LundNet)

At the same time, also b-tagging embraced 
Machine Learning



Graph Neural Network for Flavour tagging
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Architecture of GN2
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Performance and future developments
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Better performance than any previous tagger

Transformer architecture can be used for other kinds of tagging, 
vertexing, trigger etc. 



Double b-tagging for boosted jets in CMS
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bb tagger evolution, architecture and performance
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Boosted object tagging with substructure in the ML era
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DNN tagger in ATLAS   ATL-PHYS-PUB-2021/28-29
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Constituent-based taggers   ATL-PHYS-PUB-2021-039/2023-020
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(A parenthesis: the Lund Jet Plane)
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Why is the LJP impotant in QCD?
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Ratios between MonteCarlos:
Different PS                                         Different Hadronisation



Using the LJP as a Physics-aware tagger
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Comparison of W and Top taggers in ATLAS
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The more information you feed into 
the network, the better the network 
classification power will be

However, the most sophisticated the tagger, the larger will be the 
modeling systematics
Can have > 20% difference in performance using a MC model different 
from the one used for training
Working to mitigate it (adversarial networks, mixed training, training on 
data, cutting away LJP etc.)



Tagger comparison in CMS CERN-EP-2020-037 2020/06/09 
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substructure 
variables
Heavy Objects 
Variable R Tagger
Energy 
Correlation 
Boosted Event Shape
CNN imaging
“Particle “and “Vertex” 
lists into a DNN

mostly multi-class taggers combining b-tagging and substructure



Taggers performance on MC
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top vs QCD W vs QCD

Z vs QCD Higgs vs QCD



Deep AKT8 architecture
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Use CNN to reduce 
dimentionality and extract 
features from list of particles 
and secondary vertices

Mass-decorrelated version 
has a mass predictor that 
can be used in the loss 
function to avoid shaping 
the BG around the signal 
mass



Variable- Radius top taggers
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Measuring substructure: the Lund Jet Plane for dijets
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Running of ɑs in a single jet, and analytical comparisons
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Lund Jet Plane for W and Top jets
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Using jet tagging for searches
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Exotic substructure for exotic Physics: 
example hadronic LLP: CMS-EXO-23-013 
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Traditional techniques (trigger and 
tagging) optimised for prompt jets

Special GNNd developed for 
displaced vertices

Additional GNNp for prompt 
production

Background estimated from the 
comparison of the two using the 
ABCD method



Semi-visible jets

49

Characterised by ratio of stable partiles in the jet R, 
that influence Pt balance and ΔΦ



Conclusions
• Jet physics is complex, and extremely important at the LHC
• It has been rapidly evolving, with the development of 

substructure and Machine Learning
• ML in obiquous, helping us reconstructing and calibrating jet 

constituents, reducing pileup and calibrating jets
• Sophisticated ML techniques are used for multi-class jet 

tagging, and exotic searches
• We are only half-way in the LHC explotation, and the next 

years will see many more jets, boosted objects and pileup
• Even more ingenuity and creativity will be needed
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