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The Ring Imaging CHerenkov (RICH) detector is the primary electron identification detector in
the Compressed Baryonic Matter (CBM) experiment. Conventionally a single layer perceptron
based artificial neural network (ANN) is used as the electron identifier in the RICH reconstruction
scheme. The ANN takes in the Cherenkov ring parameters, track momentum, and ring-track
distance as the input features and outputs the probability that the given particle is an electron
or otherwise. In this work, the conventional ANN is replaced by the gradient boosted ensem-
ble of decision trees (XGBoost package). Furthermore, the existing input features are modified
and extended, which involve changing the 2D- ring track distance to differential 1D- distances.
Additionally, a new ring-track reference is derived by refitting the global track (which has hits
in tracking station + PID detectors) in the Transition Radiation Detector (TRD) downstream to
RICH and extrapolating the fitted TRD tracklets upstream to the RICH. Furthermore, a method is
developed to derive a probability that a ring stems from the photon pair production (conversion
probability) in the detector material after tracking stations. Finally, an upgraded XGBoost-based
electron identifier was developed using the Cherenkov ring parameters, momentum, differential
(1D) ring-track distances (extrapolated from STS), differential ring-backtrack references (extrap-
olated from TRD) and conversion probability for the Cherenkov ring.
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1. Introduction

The deconfined phase of quarks and gluons is produced in the initial stages of the high-energy
heavy-ion collisions. The di-leptons are produced at all stages of the evolution of heavy-ion
collisions and reflect the history of the collision [1]. Di-leptons are used as penetrating probe,
giving a chance to understand the initial QCD phase because they only undergo electromagnetic
interactions and are least affected by the strong medium effects. The Compressed Baryonic Matter
(CBM) experiment is a general purpose upcoming fixed-target experiment being constructed at the
Facility for Anti-proton and Ion Research (FAIR) at GSI, Darmstadt. It is designed to characterize
the QCD medium produced at high net-baryonic density and moderate temperatures [2]. The
di-leptons will be measured in both electron and muon channels, with dedicated detector setups
for each. In both the setups, a Micro Vertex Detector (MVD) and a Silicon Tracking System
(STS) are used for the tracking and vertexing. In the electron setup, a Ring Imaging CHerenkov
(RICH) detector and a Transition Radiation Detector (TRD) are used for e* / 7* separation, and a
Time-of-Flight (TOF) detector is used for identifying other hadrons.

In the conventional RICH reconstruction scheme, the reconstructed tracks from the track-
ing stations are extrapolated to the RICH camera plane, and matched to the elliptical Cherenkov
ring based on the closest distance between the ring center and the track projection coordinates

(od,; = \/ (6x71)% + (6y,¢)?). The parameters of the matched ring-track pair are used as input fea-
tures for an ANN-based (a single layer perceptron) electron identifier. In this paper, a restructuring
of the base e* identifier with the addition of novel input features is presented.

Since the particles of interest are the e* originating from Low-Mass Vector Mesons (LMVM)
decaying inside the target, the proposed reconstruction algorithms are evaluated for e* from
w — e*e” decays, implanted into UrQMD events simulated for central (40%) Au-Au colli-
sions at 8A GeV/c? beam momentum. Since e* / 1 separation is the main objective of this work,
e* from w meson decays are used as the signal, and 7* from UrQMD-generated events are used as
the background. However, for development of the reconstruction algorithms, also a single-electron

sample is used in combination with UrQMD-generated events. A pre-track selection criteria of

NTR D

ring-track distance < 10cm and N;
hits

> 1 is used, as it is the case for complete di-electron
reconstruction.

2. Additional input features

2.1 Additional ring-track distance measures

In order to extract additional separation power, the 2D- ring-track distance (STS), 6d,;, is
replaced by differential 1D- ring-track distances (dx,;, 0y,;). The idea behind this change is that
the observed matching precision of 0y,,(STS) is better than 6x,,(STS). This is evident in the
figures 1a, 1b, where the differential 1D- distances for primary e* from w decay and 7= are shown.
This is because of the additional errors associated with track fitting and propagation in the presence
of a magnetic field, which is along the XZ plane. The differential 1D- distances are used as input
for the ML model in order to capture these differential widths and to avoid the false matching of
7+ at a large 8y,; which is less likely for e*. Almost all e* (momentum, p > 16 MeV/c) and n*
with momentum above 4.7 GeV /c form Cherenkov rings in the RICH. From the figures la, 1b it



Machine learning application for electron identification in CBM P. Subramani

can be seen that the primary e* shows a characteristic peak which is the result of properly matched
ring and track. Whereas, 7+ show two distinct characteristics: a peak close to zero, which is due to
high momentum n* which have rings in RICH, and a broad distribution due to the fact that 7* with
momenta below the Cherenkov threshold (p < 4.7 GeV/c) are mismatched to electron ring(s). An
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Figure 1: Added input features to the ML model for separating e* / *.

additional ring-track distance measure is introduced by re-fitting the global track in the detectors
downstream of RICH (4 layers of TRD), and these tracklets are then back-propagated to RICH. This
method is referred to as “backtracking”. This enables the introduction of an additional pointing
vector, along with a forward track projection from STS to the same ring. All tracks in TRD are
straight since there is only a very small stray magnetic field downstream of the RICH. Hits inside
the TRD detector are fitted with the help of a linear model using a least square fitter algorithm. As
there is no correlation between the propagation of tracks along the XZ and YZ planes, the tracks
can be fitted simultaneously in both planes. The resultant directional unit vector derived from the
track fit is then extrapolated back to RICH. Because of the different residuals of the fits for 6x, 5,
and 0y, p; due to different spacial resolution of the TRD, the differential distances (0x,p¢, 0y, p;) are

used instead of the squared distance dd,p; = \/((5xrb,)2 + (6yrpr)? (shown in the figures 1d, le).
Since the residuals of 6x and dy also depend on the number of hit layers (due to track-fit errors),
the number of TRD hits (Ntrp) is also included as the parameter (shown in the figure 1f).

2.2 Deriving conversion probability for the Cherenkov rings

In the simulation using UrQMD events with embedded w meson decays, it has been observed
that almost 90% of all Cherenkov rings are produced by the e* stemming from the photon conversion
in detector materials (henceforth called conversion rings). Since the conversion probability scales
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with the material budget most conversion electrons (with rings) are produced in the later layers of
the STS tracker featuring thicker sensors. This leaves 80% of them without reconstructed track
using the STS+MVD tracking system. Note that the primary e* stemming from e.g. an w decay in
the target are always expected to have an associated reconstructed track within STS.

This section describes a modified backtracking approach designed to assign a probability to each
ring indicating the likelihood that it originates from a conversion e*, referred to as the conversion
probability. The method follows a two-step approach: in the first step, all the TRD hits which could
already be matched to STS forward tracks are removed. All leftover hits in TRD have no correlated
track candidate in STS and most likely contain the track traces from e* produced by photon
conversion after STS. In the second step, these leftover hits are combined to form tracks (called
backtracks) within the TRD detector, fitted using a linear model and subsequently extrapolated back
(upstream) onto the RICH camera. Then these backtracks are matched to the closest ring and if the
matching conditions are satisfied, the rings are flagged as stemming from e* from photon conversion
by assigning a conversion probability to the matched ring. This conversion probability will be used
for further e* identification steps. In addition to the TRD tracklets (backtracks) from conversion
e* (tracks of interest), the tracklets from unreconstructed hadrons (in STS) and e* produced after
RICH are found. In order to effectively distinguish the conversion electron tracks of interest from
the other tracks, an XGBoost model [3] is employed.

A balanced dataset of 800 x 103 conversion backtracks and 800 x 103 other background
backtrack samples are used to train the model. All the hyperparameters of the model are optimized
using a Bayesian optimization procedure [4]. The trained model is tested on the dataset consisting
of UrQMD events with embedded w meson decays, and its response is plotted in Figure 2 (left).
The model’s output distribution (PxGgoos:) Shows a clear distinction between the conversion e*
backtracks and the other background backtracks. The relative impact of different variables on
the model performance is estimated using the SHAP metric and is plotted in Figure 2 (right).
As expected, velocity has the largest impact on model prediction because it helps to reduce the
substantial hadron background. Followed by the ring-backtrack distance along dx,,. The influence
of the dx,, is higher than 0y, 5, because of the better ring-backtrack matching performance, which
is the result of better spatial resolution of the hits in TRD along x (~ 100 pm) compared to y
(~ 800 um). Since all input features have an impact on the model performance, it is not necessary
to further reduce the dimensions of the model.

This procedure is performed before matching any STS tracklets to the rings. This yields a set
of backtrack projections for a ring in RICH. The backtrack with the highest PxGpoos: value will be
chosen as the matched backtrack to that ring. For rings without backtrack projections, a value of
zero is assigned, since such rings have a very high probability of being caused by an e* originating
directly from the target. Conversion probability is therefore added as an additional feature for a
ring along with other ring features. Consistently, more than 80% of all the rings are mapped with
a conversion probability greater than zero for more than 95% of all events. Subsequently, the
STS tracks are matched with the rings using the closest distance method. The applied conversion
probability distribution for the ring matched (6d < 10cm) primary e* (stemming from « meson
decay) and n* are shown in figure lc. It is apparent that the 7* are matched to rings with a larger
conversion probability compared to primary e*. Therefore, these distinguishable characteristics
can be used as additional information for the forward ML model (after matching STS tracks to
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Cherenkov rings) to separate primary e* and 7~.
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Figure 2: Left panel: Response from the XGBoost model for separating conversion e* backtracks and other
background backtracks. Right panel: Relative input variable importance measured by the SHAP metric.

3. Upgrading the XGBoost model with new input features

The response of the ANN for UrQMD events with embedded w meson decays are plotted
in Figure 3 (left, red) as an ROC (Receiver operating Characteristics) curve displaying the e*
identification efficiency (true positive rate) against the 7* contamination (false positive rate). Two
XGBoost models are developed: the first model trains on the same input features as the conventional
ANN, and the second model trains on the status quo input features in addition to the variables derived
in the previous section. In order to test for possible redundancy of the information in the input
features, a linear correlation between a pair of the features is calculated using the Pearson correlation
metrics for the primary e* in the UrQMD+ w meson decay data sample. The correlation calculations
indicate that that no two variables have a high degree of correlation (close to 1), and hence all input
features can be used for the training. The ML models are foreseen to work for all collision energy
and collision systems. Thus, a momentum independent training strategy is used. Accordingly, the
training dataset was chosen to ensure that e* and 7% have a uniform momentum distribution. This
training dataset is derived by a combination of the single electron generator (FAIRBox) for signal
and UrQMD generator for background 7*. A hard cut on the momentum at 7.5 GeV/c is imposed
for selecting training samples because no significant change of characteristics can be observed for
e* and 7* beyond these momenta. A balanced dataset of 650 x 103 e* and 650 x 103 7* is used for
training. The response of the XGBoost models are plotted in Figure 3 (left, Blue, and Orange).

For e* identification efficiencies above 70%, the XGBoost model trained with the status
quo input features outperforms the conventional ANN by at least a factor of two in terms of 7*
suppression (inverse of 7% impurity). The upgraded XGBoost model outperforms the base XGBoost
model (trained with the status quo input features) by at least a factor of two and outperforms the
conventional ANN by at least a factor of four in terms of the 7* reduction performance for e*
identification efficiencies above 70%. The relative contribution of each of the input features to the
upgraded XGBoost model’s performance is calculated by using the SHAP metric and plotted in
Figure 3 (right). Itis evident that the differential ring-track distances (STS), ring-backtrack distances
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(TRD), and the conversion probability exert the greatest influence on the model’s performance. This
illustrates the potential of the enhancements outlined in this paper.
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Figure 3: Left panel: Output response from the different ML models are depicted in the ROC curves. Right
panel: Relative input variable importance chart measured by the SHAP metric for the upgraded XGBoost
model, which trained on new input features.

4. Summary and outlook

The e* identification scheme from RICH has been restructured by changing the underlying
ANN to a gradient-boosted ensemble of decision trees (XGBoost). Novel input features are added
to the XGBoost model by using the information from TRD (used as a stand-alone tracker). The
results indicate that the new variables effectively reduce the 7* contamination at least by a factor of
two as compared to XGBoost model trained with status quo input features and at least by a factor
of four compared to the conventional ANN for e* identification efficiencies above 70%. As an
outlook, the modified e* identifier is foreseen to be further expanded to include the information
from other detectors (STS and TOF) for even better performance.
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