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Particle ldentification at MPD experiment

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

A TPC can identify charged particles by measuring A TOF measures the particle flight time over
their specific ionization energy losses (dE/dx); a given distance along the track trajectory;
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Knowing the particle momentum (from TPC) one obtains the mass squared and thus identity of the particle.
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Klempt W. Review of particle identification by time of flight techniques



Baseline PID at MPD - N-sigma

There are two ways of calculating PID efficiency. The difference is the number of tracks in the denominator
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PID efficiency and contamination for all tracks (left) and only identified tracks (right)

in Bi+Bi collisions at 9.2 GeV



Unstructured data

Tabular Data: Deep Learning vs Gradient Boosting

Structured data

Fuselage length Wingspan

Boeing 707 44,07 39,9
Cessna 172 8,28 11
B-2 Spirit 20,90 5212
Gradient
Boosting

N

https://sebastianraschka.com/blog/2022/deep-learning-for-tabular-data.htmi



Gradient Boosting

Gradient boosting is a machine learning technique which combines weak learners into a single strong

learner in an iterative fashion
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Gradient Boosted Decision Tree

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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Training and Test data

Subsample of the MPD Monte-Carlo production (Request 25) was used for training XGBoost model.
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Event generator UrQMD
Transport Geant 4 10°
Impact parameter 0-16 fm (mb) 10%
ranges o]
5 103

Smear Vertex XY 0.1 cm S
Smear Vertex Z 50 cm 107
Colliding system Bi+Bi 101
Energy 9.2 GeV 100 -

n- mt p k* k™
Particle species

track selection criteria: (p < 100) & (Jm?| < 100) & (nHits > 15) & (|letal<1.5) & (dca < 5) & (|Vz| < 100)
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Experiment design

All Data

Training data Validation data

5-fold Cross-Validation:

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Splitl | Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 — Model 1

Split 2 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 — Model 2

. ' Committee
Split 3 Fold 1 Fold 2 Fold 3 Fold 4 Fold5 —> Model3 »  \1o4el

Split4 | Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 — Model 4

Split5 | Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 — Model 5

Final evaluation { Test data

All classifiers have been trained using the Nvidia Tesla V100-SXM2 NVLink 32GB HBM2 within the

ecosystem for tasks of machine learning, deep learning, and data analysis at HybriLIT platform



XG BOQSt VS N_Sigma Impact parameter 0-14 fm

Energy 5.5 GeV
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XG BOOSt VS N_Sigma Impact parameter 0-14 fm

Energy 5.5 GeV
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V. Papoyan. Data Shift Problem in Particle Identification. Physics of Elementary Particles and Atomic Nuclei (Submitted) 1o



Possible Improvement at low momentum
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Dropping momentum and squared

mass at low momentum improves PID.

Possible preparation of several models

tailored to different momentum

regions.
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Inference time of the classifiers
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Application of Logistic regression
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D. Starikov. Logistic regression method for particle identification in MPD experiment. GRID’2025, 7-11 July, Dubna

Important to have
lightweight model
for Hierarchical PID

Strategy
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Particle Identification at BM@N experiment

BM@N particle identification (PID) is based on two Time-of-Flight (TOF400 and TOF700) chambers

A ToF measures the particle flight time (t) over B L
a given distance (L) along the track trajectory; ct
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Knowing the particle flight time one obtains the relative velocity and thus identity of the particle.

Klempt W. Review of particle identification by time of flight techniques
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Dataset

Subsample of the Monte-Carlo production has been used
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track selection criteria are default within BM@N reconstruction
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Feature vectors by Beta

Current particle distribution

Beta700

Number of tracks: around 5M

Number of tracks with at least one ToF: approx. 1.3M (27%)

Betad400 & Beta700
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Preliminary results
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Conclusion

- MPD Experiment: Gradient boosting has demonstrated strong performance for the
particle identification (PID) task. An XGBoost model is currently being implemented
within the MPDROOT framework.

- Lightweight Model Development: In parallel, work is underway on a new lightweight
model (like logistic regression) aimed at delivering fast and reasonably accurate PID
results, which can be particularly useful for online applications or quick analyses.

- Planned Hierarchical PID Strategy: The idea is to first apply the lightweight model for
rapid classification and then, in cases of uncertain or ambiguous outputs, invoke the
gradient boosting model as a second-stage classifier if nessesary. This strategy Is
expected to balance speed and accuracy effectively.

- BM@N Experiment: For BM@N, a dedicated PID machine learning algorithm is under
Investigation. Progress is pending the availability of appropriate training sample data,
which is still awaited.
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Features
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XGBoost Model Interpretation. Feature Importance

Importance type can be defined as the total gain across all splits the feature is used in

charge

This approach are sensitive when input variables are correlated, and may lead for instance to unreliability

in the importance ranking
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XGBoost Model Interpretation. Feature Importance

Importance type can be defined as the total gain across all splits the feature is used in

firstQp [ DU |
Betad400 I e
Beta700
firstCov([14]
Chi2 B model0
Nhits
_ modell
fDCAInVertex EE model2
irstTx B model3
firstvx Bl modeld
firstvz
firstTy
firstVy
NDF
Length
) 4 6 8
Feature Importance le7

This approach are sensitive when input variables are correlated, and may lead for instance to unreliability
in the importance ranking 23



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)
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