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Particle reconstruction in ATLAS
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e Calorimeter signals contribute significantly to most reconstructed
objects: jets, electrons/photons, 1, MET, and hadronic recoil.

e Improving their calibration improves object response, resolution, and pile-up
robustness. 2




From energy deposit to topological clusters

e Calorimeter is read out in cells ATLAS Preliminary LAr Endcap C

e Individual particles deposit energy in many cells Run 325713 Event 426221175
e Topo-clusters are 3D connected cell objects 5 All Gells

o Find a seed cell (cell signal 46 > noise) % Ot

o  Add nearby cell (2¢ > noise) _§0-08 10°

o At last add one neighboring layer 0.061

e Cells from EM and hadronic calorimeters are clustered together 0.04

e Topo-clusters are the principal calorimeter signal objects 0.02
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o Detector-level energy-flow objects with rich geometry,
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Why topo-clusters:
- Preserve full shower shape
- Suppress noise and pile-up
- Basic particle like object for jet, MET reconstruction




Calorimeter calibration challenge

e The basic topo-cluster signal Eﬁ% at EM scale, calibrates EM shower correctly

e For hadrons, Efé‘f is not proportional to Eflzps , truth energy deposited in topo-cluster

o Hadronic showers lose energy invisibly through nuclear breakup, neutrinos, stopped
particles, and inactive material

e A multivariate calibration is needed to recover missing energy
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Why ML for cluster energy calibration?

e How ATLAS measures true energy of the cluster?
o  Standard calibration, Local Cell Weighting (LCW)
o  The calibration factors come from multi-dimensional lookup tables

o Lookup tables average over correlations and can introduce bin-edge discontinuities
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e New approach: ML method to infer true energy (arXiv:2412.04370)

o ML replaces this with a continuous, multidimensional function that preserves
correlations between observables.


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/JETM-2024-01/

Cluster observable used as ML inputs

Cluster level observables

e Kinematics: EM-scale energy, rapidity

e Signal strength: signal significance

e Shower shape: longitudinal/lateral shower shape, radial
distance r, cluster centre (c), shower axis(s), depth A
Shower composition: EM energy fraction, signal density
Timing: cluster time, time spread
Topological isolation

Event level observables

e Pile-up activity:
o average number of interactions
o number of reconstructed primary vertices (npv)

X

Features were chosen for response sensitivity, robustness against MC/data mismodelling,
and sensitivity to pile-up



Training target — cluster response
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cluster features
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Predicting response is easier than predicting energy
o Smaller dynamic range, more stable

o Turns calibration into a scale-factor correction
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Probabilistic DNN for cluster calibration
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Uncertainty aware ML model — Bayesian NN

Bayesian neural network (BNN) ag, i
O—||(R)e,,i
oLt Jiz1,. Ny
weight distributions q(6) O/ S
(Gaussian)
/\O\ —0.3 _ 0.7
)\ &‘ O\.
ae,i /I a92)i
Xelus O (R)Q,i Z © <R>62,i
O/ T I O/ T2t Ji1,.... N
likelihood p(REM |0, X,4s) B
(Gaussian Iglil;(ture) R ~02 O 0.9
\‘\ 0.4 T~
h Qg,,i
Xprst—= O—|{R)e,,i
e BNN weights are distributions q(8), not fixed numbers T3t Ji=1,.... N

e During inference, sample the network multiple times, average
predicted likelihood

e The output likelihood is a three-component Gaussian mixture

e This provides most probable response, estimate of uncertainty




Uncertainty aware ML model — DNN HGM

e BNN is powerful for uncertainty aware calibration

o Harder to deploy, export
e Heteroscedastic Gaussian Mixture (HGM):
o  Uses DNN with a Gaussian mixture output head

o ML learns to predict Gaussian mixture parameters, mean,
sigma, alphas

o Keeps probabilistic response model but has simpler
inference and ONNX style deployment

e Inference:

o From ML predicted mean, sigma, alphas -> response

e HGM has significantly less complex inference than BNN at
similar performance
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Training phase space

Events:

o Dijet MC events

o s =13TeV pp collisions, pile-up profile p =
20-60

Jets:

o Fully calibrated Anti-k, R= 0.4 jets constructed
from topo-clusters at the EM scale
pT>20 GeV, |n| <2.0
Geometrically matched to truth jets clustered
with the same jet definition

Clusters:
o Topo clusters from selected jets
o E% >300MeV

E%? >300 MeV
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Performance Il

Pile-up: Because npv, pileup,
timing, and cell-time variance are
inputs, ML calibration learns
pile-up-dependent response
variations
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PU tagging
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PU tagging of topo-clusters in jets

e Classify each topo-cluster in a jet as *  Reconstruct jet energy using clusters tagged as signal

hard-scatter signal-like or pile-up-like EDNN /ptrue o psignal /ptrue

e  Expectation: Ejet "/ Ejet jet Ejet

e Input: cluster observables plus jet variables e DNN performs better than area based PU subtraction

e  Output: DNN signal score
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Summary

e ML calibration provides a continuous, correlation-aware alternative to LCW

e BNN and HGM gives per-cluster uncertainty

e HGM gives similar calibration performance with simpler inference

e ML calibration improves signal linearity and resolution, especially for low-energy and
pile-up-sensitive clusters

e Aseparate DNN PU tagger can suppress pile-up cluster contributions in jets better than
area-based correction

e Inference is implemented in ATLAS reconstruction software framework

e Next steps: real-data validation, performance evaluation in jet energy, MET, hadronic recoil ..
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Neural network — input features

Table 1: The topo-cluster features used in the training of the topo-cluster calibration networks, as summarised in
Eq. 3. The variables are defined in Ref. [2], except for prD and Var),s(Zcenn) defined in Appendix B.

Category Symbol Comment

Kinematics Efm Signal at the electromagnetic energy scale
yfﬁ‘l’{ Rapidity at the electromagnetic energy scale

Signal strength, {Eﬂf Signal significance

time structure Vargs(fcen)  Variance of f. distribution

Shower depth, Aetiis Distance of the centre-of-gravity from the calorimeter front face
shower shape, (along principal cluster axis)
ampagiiess |Cetus| Distance of the centre-of-gravity from the nominal vertex
feme Fraction of energy in the electromagnetic calorimeter
(Peell) Cluster signal density measure
<m120ng> Normalised energy dispersion along the principal cluster axis
(mfat) Normalised energy dispersion perpendicular to the principal cluster
axis
prD Signal compactness measure (inspired by Ref. [30])
Topology fiso Cluster isolation measure
Pile-up Lelus Signal timing
Npy Number of reconstructed primary vertices

u Number of pile-up interactions per bunch crossing




PU tagging — input features

Cluster properties

clusterE

clusterEta

clusterPhi

cluster CENTER_LAMBDA
cluster CENTER_MAG

Cluster EM scale energy

Cluster rapidity

Cluster azimuth

Distance of cluster from calorimeter front face
Distance of cluster from nominal vertex

cluster ENG_FRAC_EM Fraction of energy in EM
cluster FIRST_ENG_DENS | Energy-weighted density distribution
cluster LATERAL Measure of lateral energy distribution
cluster LONGITUDINAL Measure of longitudinal energy distribution
cluster PTD Longitudinal fragmentation function
cluster_time Cluster time
cluster ISOLATION Cluster isolation
cluster SECOND_TIME Second moment of cell timing
cluster SIGNIFICANCE Cluster signal significance
cluster_nCells Number of cells associated to cluster
27, ZLy ZRel Fraction of energy of cluster from jet
diffEta Difference between eta of cluster and jet
jetRawE Energy at constituent scale

Environment properties
nPrimVtx Number of primary vertex
avgMu Average number of interactions per bunch crossing
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