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Abstract. One of the most important aspects of data processing at flavor
physics experiments is the particle identification (PID) algorithm. In LHCb,
several di↵erent sub-detector systems provide PID information: the Ring Imag-
ing Cherenkov detectors, the hadronic and electromagnetic calorimeters, and
the muon chambers. The charged PID based on the sub-detectors response is
considered as a machine learning problem solved in di↵erent modes: one-vs-
rest, one-vs-one and multi-classification, which a↵ect the models training and
prediction. To improve charged particle identification for pions, kaons, protons,
muons and electrons, neural network and gradient boosting models have been
tested. This paper presents these models and their performance evaluated on
Run 2 data and simulation samples. A discussion of the performances is also
presented.

1 Introduction

Particle identification (PID) plays a crucial role in LHCb [1] analyses. The LHCb PID
system is composed of a tracking system, two ring-imaging Cherenkov detectors (RICH),
electromagnetic (ECAL) and hadron (HCAL) calorimeters and a series of muon chambers.
Combining information from these subdetectors allows one to distinguish between various
species of long-lived charged particles. Advanced machine learning techniques are employed
to obtain the best PID performance and control systematic uncertainties in a data-driven way.

2 Global Particle Identification

Global PID at LHCb identifies the charged particle type associated with a given track. There
are six PID hypotheses: electron, muon, pion, kaon, proton, and ghost track. Ghost tracks
are charged tracks that do not correspond to real particles which passed through the detector,
they are errors of the tracking algorithm. Di↵erent particle types have di↵erent responses in
the LHCb subdetectors as illustrated in Fig 1.
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Figure 1. Illustration of di↵erent particle type responses in the LHCb systems.

Global PID is a multiclassification problem in machine learning. Information from the
LHCb tracking system, RICHs, calorimeters and muon chambers are used as inputs for clas-
sifiers to estimate a track type. Several di↵erent classifiers are considered. ProbNN [1] (base-
line) is Global PID algorithm currently used at LHCb. In this paper it is taken as a baseline
solution. ProbNN is based on six binary one-layer artificial neural networks. Each of these
networks corresponds to one particle type and is trained to separate this particle type from all
others. ProbNN uses neural networks implemented in the TMVA library.

Deep NN is a Global PID model based on deep neural network of Keras library [2]. The
network has three hidden layers with 300, 300 and 400 neutrons in each layer, respectively.
It is trained in multiclassification mode to separate all six particle types in the same time.

CatBoost [3] is a gradient boosting over oblivious decision trees classifier used for PID.
As well as the ProbNN model, there are six CatBoost classifiers to separate one particle type
from all others.

There are 60 observables from the LHCb systems available for PID models. CatBoost
and Deep NN models use all these observables as inputs. ProbNN takes di↵erent subsets of
the observables for each of the PID hypotheses. These subsets are selected based on di↵erent
physical reasons.

The classifiers are trained on a MC sample containing all of the di↵erent charged particle
types. The sample has one million labeled tracks for each particle type. Calibration samples,
containing particles that can be identified based only on kinematic properties, are used to
estimate the classifier performance on real data. The samples contain the following decays:

• J/ ! µ+µ−,

• B+ ! J/ (e+e−)K+,

• D⇤+ ! D0(K−⇡+)⇡+,

• ⇤0 ! p⇡−.

The quality of the Baseline (ProbNN), Deep NN and CatBoost models are compared for
the following particle pairs: µ-vs-⇡, K-vs-⇡, p-vs-⇡, p-vs-K, e-vs-⇡ and e-vs-K. The first
particle in a pair is considered as signal, the second is considered as background. The PID
performance of each classifier is shown in Fig 2.

Electrons have very di↵erent responses in the RICHs compared with other particles and
have no responses in a hadron calorimeter and a muon system. In result, all PID models
demonstrate the best PID quality for electrons as shown in Fig 2. Using all observables helps
CatBoost and Deep NN models to achieve better results than for the ProbNN model. Pions,
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Figure 2. Dependences between background rejection and signal efficiency for six particle pairs.

protons and kaons have similar responses in the calorimeters and separated mainly based on
the RICHs. All three PID models have similar results for K-vs-⇡ and p-vs-⇡ pairs. Pions
and muons are hardly distinguished by the RICHs but have very di↵erent responses in the
calorimeters and the muon system. This makes quality of all PID models similar to each
other for µ-vs-⇡ pair. Separation of kaons and protons is the most difficult. They have similar
responses in all systems and require all information from the RICHs, the calorimeters and the
muon system for separation. This allows CatBoost and Deep NN models to outperform the
ProbNN model for p-vs-K pair.

3 Flat PID Model

The PID information strongly depends on the kinematic variables. This relationship leads to
strong dependency between PID efficiency and kinematic variables as shown in Fig 3. To
reduce the systematic uncertainty arising from the use of PID efficiencies in certain physics
measurements, it is also beneficial to achieve a flat dependency between efficiencies and
spectator variables such as particle momentum. For this purpose, the Flat 4d model based on
the boosted decision trees that guarantee the flatness property for efficiencies have also been
developed. Relative to the ProbNN model, the Flat 4d model has a flatter PID efficiency as
a function of particle p, pT , ⌘ and nTracks (event multiplicity) observables. The classifier
achieves this flatness using a modified loss function [4]. The PID performance of the classifier
is shown in Fig 2. Flat 4d models uses all 60 observables from all the LHCb systems as well as



4

EPJ Web of Conferences 214, 06011 (2019)	 https://doi.org/10.1051/epjconf/201921406011
CHEP 2018

CatBoost and Deep NN models. However, requirement of the flatter PID efficiency decreases
the PID quality of the model.

Figure 3. Dependence between Flat 4d model efficiencies and particle transverse momentum for each
particle type. The curves correspond to the same global signal efficiency of 60%.

4 Conclusions

Several particle identification algorithms have been developed based on machine learning
models. These models efficiently combine PID information from the LHCb tracking sys-
tem, ring-imaging Cherenkov detectors, electromagnetic and hadron calorimeters, and muon
chambers achieving high quality of global charged particle identification. The modified loss
function of the classifiers provides better PID efficiency flatness in particle momentum, trans-
verse momentum, pseudorapidity and number of tracks in the event.
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