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IDENTIFICATION PROBLEM OF CHARGED PARTICLES

* In Machine Learning terms PID can be considered as classification task
(Supervised learning).

e Let

. P of ))( - is the input space (particle characteristics such as: dE/dx, m2, q,
, efc

. Y - is the output space (particle species such as: m, k, p, etc.)

« Unknown mapping exists
m:X-—-Y,
« for values which known only on objects from the finite training set
. « X" = (X1, Y1), ey (xm Yn)a
M - Goal is to find an algorithm a that classifies an arbitrary new object x € X
ca: X-—>Y.




V. Papoyan, A. Ayriyan, A. Aparin, H. Grigorian, A. Korobitsin, A. Mudrokh



MPD APPARATUS AND PID

MPD particle identification (PID) based on
Time-Projection Chamber (TPC) and Time-of-Flight (TOF). N




PARTICLE IDENTIFICATION IN MIPD EXPERIMENT

Particle identification can be achieved by using information about momentum, charge, energy loss (TPC)

and mass squared (TPC + TOF).
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DECISION TREES FOR PID

Gradient Boosted Decision Tree (GBDT) uses decision trees as weak learner.
They can be considered as automated multilevel cut-based analysis.
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GRADIENT BOOSTING

Gradient boosting is a machine learning technique which combines

weak learners into a single strong learner in an iterative fashion.

N
r=y-y Ir,=r—n I3=r—In Iy = In-1 — IN-1
Predict
Learner 1 Learner 2 Learner3 Learner N
Tra
(X’ Y) (X, rl) (X7 rz) (X, I‘N 1)

When weak learnrs are decision tree, the resulting algorithm is
called gradient-boosted decision trees.
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BASELINE PID IN MPD - N-SsiIcGmA
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XGBOOST vS LIGHTGBM vs CATBOOST VS SKETCHBOOST

Asymmetric Tree (XGB, LGBM) Symmetric Tree (CatBoost, SketchBoost)

Level-wise Tree Growth (XGB) Leaf-wise Tree Growth (LGBM)




DATASET

Subsamples of the two MPD Monte-Carlo productions have been used

Event generator
Transport

Impact parameter
ranges

Smear Vertex XY

Smear Vertex Z

Colliding system
| Energy

track selection criteria: (p < 100) & (|m?| < 100) & (nHits > 15) & (|eta|<1.5) & (dca < 5) & (|Vz]| < 100)
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TWO STAGES OF THE EXPERIMENTS

Some parameters for the tuning and model evaluation stages

Stage Learning Rate A Max Number of Iterations @ Early Stopping
Tuning 0.05 5000 200
Model Evaluation 0.015 20 000 500

Results for hyperparameter tuning (after 30 iterations of the TPE algorithm for each GBDT)

Framework | Max. Depth L2 leaf reg. Min. data in leaf size Rows sampling rate

XGBoost 8 2.3 0.00234 0.942
LightGBM 12 0.1 4 0.981
CatBoost 8 3.0 5 0.99

SketchBoost 8 3.0 5 0.99



COMPARATIVE ANALYSIS OF THE ALGORITHMS

Total Efficiency

XGBoost LightGBM CatBoost SketchBoost
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COMPARISON WITH N-SIGMA
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COMPARISON WITH N-SIGMA
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XGBOOST MODEL INTERPRETATION. FEATURE IMPORTANCE

momentum < 1 GeV/c

02 04 06 08 10
mean(|SHAP value|) (average impact on model output magnitude)
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momentum >= 2 GeV/c
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FINAL EFFICIENCY OF XGBOOST
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Baryonic Matter atf Nuclotron

V. Papoyan, A. Ayriyan, K. Gertsenberger, H. Grigorian, S. Metrs




BMN DETECTOR
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BMN DETECTOR
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PID IN BMN

A p=—1F
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B m2 = b~ P2
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DATASET

e Number of trakcs: around 5M

(60% protons, 40% pions, less than 1% of koans)
* Num

oer of traks with at least one ToF: approx. 1.4M (27%)
107
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RESULTS

* Number of trakcs: around 5M
(60% protons, 40% pions, less than 1% of koans)

* Number of traks with at least one ToF: approx. 1.4M (27%)
XGBoost shows identification efficiency more than 80%!
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RESULTS

* Number of trakcs: around 5M
(60% protons, 40% pions, less than 1% of koans)

* Number of traks with at least one ToF: approx. 1.4M (27%)

XGBoost shows identification efficiency more than 80%!

HOW?!

60% 40%

Random efficincy: 80% minus 27% is approx 53%
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RESULTS

* Number of trakcs: around 5M
(60% protons, 40% pions, less than 1% of koans)

* Number of traks with at least one ToF: approx. 1.4M (27%)
XGBoost shows 98.3% efficiency for traks with ToF!
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CNACMBEO 3A BHUMAHMUE!

Tema: UccnepoBaHue u paspaboTka MeToAoB UM NOAXOAOB NPUMEHEHUA MeTOA0B MalIMHHOro o6y4yeHunA
B 3apavax Teopetuyeckoun pusumku (TP) n puankum BbiICOKUX aHeprum (GBI)

PykoBoautenu: K.p.-M.H. AipuaH A.C., K.cb.-M.H. ['puropaH O.A.

= NICA

B wnccnepoBaHunAx B pamkax T n ®B3 Bo3HMKalOT npobnembl, KOTOpble MoxXo ¢opManusyemble, nnMbo mx dpopmanbHan
MaTemaTmyeckas noctaHoBka TpebyeT NpUBMEYEHNA CMOXKHOMO (a2 BO3MOXXHO €LUe He CyLLEeCTBYIOLEro) MaTteMaTMyeckoro annapara
ONA ux peweHuna. B Takux cnyvyaax MoXeT 6biTb NOME3HO NPUMEHEeHe METOA0B MalluHHOro obyyeHus. MNnaHnpyeTcA uccneposatb
BO3MOXXHOCTb MCMO/Ib30BaHUA MalIMHHOIO OOYYEeHWA MpU pelleHMM MPAMbIX M obpaTHbIX 3aday AfIA HENMHEWHbIX YPaBHEHWN,
OnUCbIBaKOLWNX Uccnegyemble hU3nyeckme npoLeccbl. Takom noaxon AO/MKEH 6biTb O6LWNM, T.€. HE3aBUCUMbIM OT (PU3NYECKON CYTU
pewiaemon npobnembl, N 3PPHEKTUBHBIM, YTOObI MOMYYUTL peanbHOe NpUMeHeHMe Ha npakTuke. OCHOBHOM npobnemor B gaHHOM
HanpaBneHUn UCCNefoBaHWA ABMIAETCA MOCTAaHOBKA 33a4a4yM C TOYKU 3PEHUA MallMHHOro oby4dyeHuA, a Takke opMupoBaHue
Bbl60OpKM, 0By4eHUE Ha KOTOPOI NMO3BOMUT peLlaTh MOCTaBEHHYIO 3aaayy.

Y10 nprobpeTeT CTYAEHT: NPakTUKy PeLleHUA akTyaslbHbIX Hay4yHbIX 3aday, MoBbilleHWE KBanvdpukaumm B o06nacTn MalMHHOro
obyyeHuA, ounaoMHyto paboTy, obnagatoLLyo Hay4HOM HOBU3HOM M aKTyaslbHOCTbIO.

Bo3MOXHbI€ TeMbl AUNNIOMHbIX PaboT

1. PelweHne obpaTHou 3agay4m TonmaHa-Onnereimepa-BonkoBa ¢ NnpyMeHeHueM rnyboKux HEMPOHHbIX CETEN;

2. HenpoceTteBon noaxon K npAMOMY U o6paTHOMY BEMBNET-Npeobpa3oBaHuIo;
3. [epeBbA peleHnn ona pacno3HaBaHUA 3/IEMEHTaPHbIX YacTuL, MO AaHHbIM AEeTEKTOPOB (PU3NKN BbICOKUX SHEPTUA. B

06Ll.lI/Ie TDGﬁOBaHMH K CTV,D,eHTaM Baryonic Matter at Nuclotron

¢ 3HaHue maTemMaTu4eckmx ocHoB AnddepeHUnanbHbIX ypaBHEHWUNA.

e 3HaHMe OCHOB MAaLLUMHHOro 0by4eHuA.

e OnemeHTapHoe BnageHve Python, >kenatenbHo anemeHTapHoe BnageHue 6ubnuotekamm NumPy, TensorFlow, Keras, 28
Pandas, Pytorch.




COMPARATIVE ANALYSIS OF THE ALGORITHMS. TIMING
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version 1.7.3 version 1.0.6 version 3.3.5 version 0.4 version 1.7.3

GPU: Nvidia Tesla V100-SXM2 NVLink 32GB HBM2
CPU: Intel Xeon Gold 6148 CPU @ 2.40 GHz 20 Cores / 40 Threads




