ldentification of central events in nucleus-nucleus collisions by machine learning algorithms

EP

SPb SU tvgeny Andronov, Andrey Seryakov, Vladimir Kovalenko Saint Petersburg State University

ntroduction Principle components analysis Feature importance

Precise centrality determination 1s a key in a lot of studies
dedicated to search for the critical point of strongly Interacting
matter.

Shapley values for single events classified as peripheral (left) and
central (right). For both events the dominating feature i1s module 6.

o understand significance of different modules we performed
principal component analysis for a set of all 44 modules:

Typical measures of centralrty: i
* Impact parameter (unac;gssia e experimentally) |
* number of nucleon participants : -
and their experimental proxies: y
« forward energy ' 1 E
« multiplicity in a limited kinematic acceptance ~ TEEEET ST ST e e e
n t__?ls work we investigate possibility to Increase resclgtlon capacity Four most significant principal components illustrate the major role of
of forward energy detector of NA6I/SHINE experiment [|] by . .
small central modules with a ring of closest large modules .
means of machine learning techniques. Previously, this study has , L o
been performed for simulated Li+Be reaction [2] and for o , , Sy mbolic classifier
calorimeters with a beam hole [3]. In this contribution Ar+S5c Classifiers: su pErVISC d learnin S Gplearn package [ /] commonly used In genetic programming allows
collisions at |50A GeV/c simulated in EPOSI1.99 model [4] are A number of classifying machine learning algorithms has been trained to perform symbolic classification. The idea of algorithm is fitting data
considered. to distinguish between central and peripheral Ar+Sc collisions with random functions of input features constructed using selected set
/ / _ of mathematical operators.
Projectile spectator detector of NAGT/SHINE [1] = . (2= wue threshod Symbolic classifier has been applied to this dataset with principal
- == Cut based threshold components as input features.
Predicted class 0 , D~ ,
Predicted class 1 Optimal classifying function was found to be

13- PCy— PC, —24.027 with TPR=0.93, FPR=0.01, Prec=0.83

- = (Chance
= Quadtratic discriminant (44 features), AUC = 0.64 \
Gaussian naive Bayes (44 features), AUC = 0.70

summary and Plans

= Decision tree (44 features), AUC = 0.84
-+ AdaBoost (44 features), AUC = 0.94
»= 1D Neural network (44 features), AUC = 0.96

6 central 10*10 cm?2; 28 peripheral 20720 cm?2 il e Cot ey o (45 features), AUC = 0.7
> 10 sections In deep

> potentially 440 features , . '
o similar structure of calorimeters in BM@N, CBM, MPD (no beam °° ) oo
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