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Part I
ALICE data analysis
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● Large charged particle 
multiplicity in high energy pp 
and heavy-ion collisions

● Large background makes 
measurement of rare probes 
extremely challenging

● ML techniques help to isolate 
signals based on topological, 
kinematic, and PID properties

ML is a crucial analysis tool to take 
advantage of large statistics 

collected during Run 3 at the LHC
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Analysis of high energy heavy-ion collisions at the LHC
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Usage of software in ALICE data analyses

● ML applications in ALICE analyses mainly based on python software stack:

○ scikit-learn, XGBoost, TensorFlow, PyTorch, …

● ALICE Run 3 data analysis:

○ ALICE O2 (online-offline) and O2Physics software: framework and detector 
specific code for reconstruction, calibration, simulation and analysis for the 
ALICE experiment for Run 3 and Run 4

○ ML integration in O2/O2Physics framework via ONNXRuntime

○ Supports almost any ML model (BDT, NN, …) and library (XGBoost, PyTorch, 
TensorFlow, …)



A needle in a haystack
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● Analysis of short-lived charm-strange 
baryons in Run 2 proton-proton collisions

● Reconstruction of decay vertex from 
measured daughter trajectories in the 
detector

● Measurement of Ξ+
c → Ξ- π+ π+ at low 

transverse momenta (pT) in pp collisions at 
√s = 13 TeV

○ “Cascade”-like decay with high 
combinatorial background

○ “Playground” for measurement in high 
multiplicity Pb-Pb collisions

ALICE Run 2 
pp collisions

Invariant mass spectrum 
of Ξ- π+ π+ triplets



Usage of public ML package 
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● Focus on Boosted Decision Trees (BDTs) for 
(multi-)classification task
→ classification of reconstructed signal and 
background candidates

● BDT model is trained and tested on signal from Monte 
Carlo simulations and realistic background from 
data

○ Usage of public ML package hipe4ml 
developed in ALICE for ML based high-energy 
physics analyses

Invariant mass spectrum of 
Ξ- π+ π+ triplets

● Application of trained model to 
reconstructed data using the O2Physics 
interface for ONNXRuntime



Binary classification with BDTs
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● Different properties of the decay (topological, 
kinematic, daughter particle identification) are 
studied regarding their separation power

Input feature importance

Carolina Reetz (master thesis) 

https://www.physi.uni-heidelberg.de/Publications/MasterThesis_CarolinaReetz_wo.pdf


Binary classification with BDTs
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● Different properties of the decay (topological, 
kinematic, daughter particle identification) are 
studied regarding their separation power

● The most relevant ones are selected as input 
features to train the BDT model

Input feature importance

● Correlations between 
input features can be 
exploited by the model 
to separate the classes

Carolina Reetz (master thesis) 

Input feature correlations

https://www.physi.uni-heidelberg.de/Publications/MasterThesis_CarolinaReetz_wo.pdf


Binary classification with BDTs

9Carolina Reetz (master thesis) 

● Reconstructed candidates get assigned a BDT output score
→ used to select signal

Invariant mass spectra of selected  Ξ- 
π+ π+ triplets

https://www.physi.uni-heidelberg.de/Publications/MasterThesis_CarolinaReetz_wo.pdf


Binary classification with BDTs
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● Reconstructed candidates get assigned a BDT output score
→ used to select signal

● Makes production cross section measurement 
of rare probes possible!

Carolina Reetz (master thesis) 

Invariant mass spectra of selected  Ξ- 
π+ π+ triplets

https://www.physi.uni-heidelberg.de/Publications/MasterThesis_CarolinaReetz_wo.pdf
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Machine learning for (multi-)classification

● Measurement of charm mesons from beauty feed-down
→ classification of reconstructed prompt, non-prompt, and background D± → K∓π±π± candidates

3-class BDT output scores 
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Machine learning for (multi-)classification

● Measurement of charm mesons from beauty feed-down
→ classification of reconstructed prompt, non-prompt, and background D± → K∓π±π± candidates



Part II
Infer QCD parameters
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Bayesian inference for QGP parameter estimation

• Idea: Infer the model inputs (evolution parameters) using the experimental data
• Compute the likelihood: Probability of observing experimental data, given proposed parameters
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Markov-Chain Monte Carlo

● How to calculate likelihood? Use Markov-Chain Monte-Carlo method (Metropolis algorithm)
● MCMC is a method for exploring the probability space (samples are drawn randomly but not 

independently).
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Bayesian inference chart
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NN ensemble emulator
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NN ensemble emulator performances



Joint and marginal posterior distributions

input x function f(x) output y

Parameters FluiduM

NN emulator

Observable

Exp. data

χ2 value Posterior
probability

● Unique combination of tools within Bayesian analyses
○ For the first time exploited an ensemble of NN
○ Expect a significant advance in pinning down QCD 

matter properties
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Summary
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Two main applications of ML and NN

1) Search for rare signal via topology decay reconstruction. Mainly in the area of 
charm and beauty hadrons reconstruction at the LHC with ALICE

2) Application of Bayesian inference analysis using NN emulator. Estimation of 
heavy-ion collision parameters and their uncertainties



Backup
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Bayesian inference - priors


