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e Particle identification (PID) information is provided by various ALICE detectors through
complementary experimental techniques

e The Run 2 ALICE Inner Tracking System (ITS1) provided PID information for low-momentum
particles by measuring their specific energy loss

e Upgraded ITS for the LHC Run 3 (ITS2)™:
o higher granularity (pixel size reduced from 50 pm x 425 pm to 29.24 pm x 26.88 pm) — better
spatial resolution (5 um)
lower material budget (0.36 X, %)
it can cope with higher interaction rates (50 kHz in Pb—Pb collisions)
digital readout — ITS2 cannot measure the energy loss directly
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o cluster size distribution for different species is not separated
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Particle identification with Machine Learning

e Separation can be improved with Machine Learning (ML)
e Boosted Decision Tree (BDT) employed for regression _ p

o inference of the particle § — ;. B /pz Fm?

e Training sample:
o ITS-TPC matched tracks, particles tagged with the TPC information
o full data-driven approach
o training variables: cluster size (average and on different ITS2 layers), momentum (p), sin(¢) (¢ is the
particle angle on the transverse plane), tan(1)

dmic
e Regressor implemented by XGBoost' XGBoost
o hyperparameters of the BDT optimised with Optuna? orruns

Results and outlook
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e Regressor trained and applied on Run 3 data
o pp collisions at /s =13.6 TeV
e BDT performance evaluated for protons with 0.4 <p < 0.6 GeV/c
through the discrepancy between g, and g
e Proton distribution peaked around zero
o well separated from the rest of the particles
o PID at low momentum feasible with ML

e |TS PID will be used for:
o identifying low-momentum particles
o improving the matching with TPC
o analysis of (hyper)nuclei decayed or absorbed before reaching the TPC
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https://home.infn.it/it/
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