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Abstract

The identification of high-energy neutral pions whose decay products (two photons) merge into
a single signal cluster in the electromagnetic calorimeter is a problem in event reconstruction at
the LHCb experiment, since such clusters can easily be misinterpreted as other types of clusters,
e.g., those of single photons. This summer student project developed and investigated a possible
classification of these two cluster types (merged pions and single photons) using machine learning.
This, in turn, may help improve current studies of C'P-violating decays as well as open up new
possibilities in physics analysis at LHCDb.
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1. Introduction

The three pions 7= and 7 are the lightest of all hadrons [1]. Because of this property, they are
among the most frequently produced particles in proton-proton collisions at high-energy particle
accelerators [2]. This is also the case inside the LHCb detector at the Large Hadron Collider
(LHC) at CERN.

While the charged pions themselves leave signals in various subdetectors of LHCD, e.g., tracker
or calorimeter [3], the neutral pion decays into two photons in the immediate vicinity of the
production point [1]. The two photons are detected in the electromagnetic calorimeter (ECAL)
unless they convert beforehand by interacting with other detector material [3].

Because of their high production rate, one would like to detect neutral pions as efficiently as
possible among the ECAL data. In addition, there are some interesting C'P-violating processes
in which the neutral pion appears as a decay product, for example D° — 7F7~ 7% or BT — K+7°
[4], [5]. Going further, improved 7° detection may open new doors for physics analyses that have
not been thought of before. Following this motivation, this summer project will attempt to
improve the identification of (merged) pions using machine learning (ML).

2. Identifying 7" with current algorithms
In 98.8 % of the cases, the neutral pion decays after a few micrometers into two photons [1]:
70— 24

Accordingly, neutral pions are detected in the LHCb experiment by their decay products, the
two photons. If they do not convert beforehand, the photons are intercepted in the ECAL.
There, they produce electromagnetic showers whose energy is then measured [1], [3]. The ECAL
resembles a large wall perpendicular to the beam axis of the LHC at a distance of about 12.6 m
from the collision point. It is composed of individual cells, each of which separately measures
the energy deposited in it per event [3]. This results in a two-dimensional image of the energy
deposited in the ECAL for each event (see Figure 1).

The electromagnetic showers of the photons can be seen in the image as local maxima. Cells
that represent a local maximum in the image are called seed cells. The grouping of such a seed
cell and its surrounding cells is called a cluster.

2.1. Resolved neutral pions

In the usual reconstruction procedure of LHCb data, clusters of 3 x 3 cells are formed. The
position and energy information of the cells in the cluster is then used to reconstruct the four-
vector of the initial photon. If the photons are resolved in the detector (forming separate clusters),
the invariant mass for that combination can be determined from the sum of the four-vectors and
can be compared to the pion mass [6].
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Figure 1: Example event measurement of the LHCb ECAL in Run 4 of LHC (simulated).

2.2. Merged neutral pions

However, if the kinetic energy of the pion is too high, the photons are so close together when
they enter the ECAL that only a single local maximum is produced. The two photons merge into
a single cluster in the image of the event, a so-called merged 7° cluster. For such clusters, the
usual pion reconstruction procedure explained earlier can no longer be used because the single
cluster is reconstructed as a single photon. There is a method to reconstruct the invariant mass
from a single cluster (sub-clustering algorithm [6]). However, this method of pion identification
is always associated with a relatively large false positive rate. Therefore, in this summer project,
a different approach to classification between merged pions and single photons is investigated.
This approach is based on machine learning.

2.3. First machine learning approach

A first attempt to identify neutral pions using machine learning for the ECAL of Run 1-3 of LHC
already showed promising results [7]. However, the structure of the network applied therein as
well as the representation of the problem is not suitable for the future ECAL in Run 4.

The ECAL in Run 1-3 consisted of three different types of cells with different sizes. These were
arranged in a very simple rectangular structure (see Figure 2a). One neural network was trained
for each cell region and all possible transition regions in between, resulting in nine individual
networks in total.

The ECAL in Run 4, on the other hand, will have two additional cell types arranged in a more
complicated structure (see Figure 2b). The approach of training a separate network for each part
of the detector becomes infeasible and complicated. Instead, a new machine learning approach
is chosen in this project, with which it is possible to describe the entire calorimeter with a single
network.
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Figure 2: Comparison of the LHCb ECAL structures in different runs of LHC.

3. Simulated data sets

Before the machine learning approach is explained in more detail, the data used for it shall be
discussed here.

3.1. Toy model data

In the beginning, an initial study was conducted using simulated data from a simplified toy
model. This can be found in Appendix A, but will not be elaborated here, since the central
results were generated with detailed ECAL Run 4 simulations.

3.2. Detailed ECAL Run 4 simulations

The main study was performed with simulated data for the LHCb ECAL in Run 4. For this, the
simulations were created using LHCb software and a detailed stand-alone simulation package
for the ECAL based on Geant4d with a parameterized transport of scintillation photons. The
simulated events are clean signal and background events, that is, either a single photon in the
ECAL or two photons from a 7% decay’.

During the data generation, it cannot be said a priori whether the generated event is a merged or
resolved event, because for this the clustering must be carried out first. Therefore, to maximize
the fraction of merged events in the simulation, a cut was applied to the energy, £ > 15GeV,
and to the transverse energy, Ep > 2GeV, of the ¥ respectively, when generating the pion
data.

Selection of merged pion events Subsequently, clustering was performed for all events. The
merged events were then selected from all the simulated events according to the following pro-
cedure:

IThe 7° here comes from the simulation of a D® — 77~ 70 decay.
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1. Match photons from the Monte Carlo (MC) simulation to reconstructed clusters in the
ECAL: Choose the closest cluster to the photon, that fulfills the condition:

HFW - ﬂluster” <2- Axseed

Hereby, 77, is the intersection of the photon trajectory and the ECAL plane shifted by the
penetration depth of the given cluster, Touster is the reconstructed coordinate of the cluster
and AZgeeq is the width/size of the seed cell. If no cluster matches this condition, do not
assign any cluster to the photon.

2. The three possibilities that arise are labeled as follows: the event is resolved (the photons
are attributed to different clusters), merged (the photons are attributed to the same cluster),
or not reconstructable (at least one of the photons is not attributed to any cluster).

Figure 3 shows the number of clusters per event for the differently labeled events. As expected,
most merged events have exactly one cluster.

One could naively take as criterion for merged events all events with exactly one cluster. However,
this also accepts events in which one of the photons has too little energy to create a cluster (there
is a transverse energy threshold for seed cells) or events in which one of the photons does not hit
the detector at all.

The resulting energy distribution of the initial particles (single photon or 7°) after applying the
described selection rule for merged events is shown in Figure 4. As can be seen, the simulated
energies for signal and background are very similar. However, the pion energy distribution has
fewer low-energy events, since no merged events occur at low energies.

Preparation of the data for training For the machine learning application, larger clusters than
in the usual reconstruction were created to include more information from the shower structure.
Usually, clusters are of the order of 3 x 3 cells and are assembled by including all neighbors of
the seed cell. Here, all neighbors of neighbors were additionally added to the cluster, resulting
in a scale of 5 x 5 cells (see Figure 5). The information gathered from each cell in the cluster for
the ML input is summarized in Table 1.

2In a small ancillary study, it was found that omitting the absolute positions of the cells in the ECAL did not
significantly degrade the classification.

Table 1: Inputs for the artificial neural networks used in this project. Note that variables marked with
an asterisk are passed to the ParticleNet lite network twice: once as normal input and once
as coordinate input.

Inputs for the machine learning network

Energies of individual cells E

Relative energies of individual cells w.r.t. seed cell E/FEseq

*Positions of individual cells? (z,y)

*Relative positions of individual cells w.r.t. seed cell (x — Zseed, ¥ — Yseed)
Widths/sizes of individual cells (Az, Ay)
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Figure 3: Number of clusters per 7° event in the detailed LHCb Run 4 simulations.
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Figure 4: Energy distribution of the initial particles generated (single photon or 7°) in the detailed
ECAL Run 4 simulations for the training and validation sets.
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Figure 5: Example clusters for merged pion events in the LHCb ECAL for Run 4 (simulated).

Training, validation and test sets A total of 29748 events were generated (14874 single
photons and 14874 merged 7°). This data set was divided into a training set, a validation set
and a test set (see Table 2 for the exact numbers).

Table 2: Data set sizes for the training of the artificial neural networks.

Total Training | Validation Test
merged 7
(signal) 9618 | 65% | 2404 | 16% | 2852 | 19%
14874

single photon
(background) || 9618 | 65% | 2404 | 16 % | 2852 | 19%
14 874
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4. The machine learning approach

The code for the ML approach as well as for the toy data generation can be found in the GitLab
project linked here?.

4.1. The used network architectures

Two different network architectures were used for this project, the ParticleFlowNetwork [8] and
the ParticleNet lite [9]. More information about these networks can be found in the respective
papers. The major advantage that these networks offer, and thus the reason for their use, is that
they accept particle clouds as input. This means that the input consists of an unordered list of
identical objects. Identical in this context means that these objects all have the same attributes.
In this case, the objects are the cells of the cluster and the attributes are the properties of each
cell summarized in Table 1.

The number of cells passed to the network can vary from cluster to cluster. Together with the fact
that the positions and sizes of the cells are passed directly to the network, this allows the network
to process different cluster shapes without having to handle them explicitly in the reconstruction.
This makes the approach both elegant and easy to apply to the complex structure of the ECAL
in Run 4.

4.2. Training and validation

Training with the detailed MC simulations was performed using the weaver-core* framework
based on PyTorch. The optimized hyperparameters used can be found in Table 3. The training
was performed with the training data set up to the specified number of epochs. Then, the
network that achieves the best score with respect to the validation data set was selected as the
result. The metric used in this process has as its most important component the accuracy in
the classification. The number of epochs was chosen sufficiently large so that overfitting already
starts in the later course of the training.

Table 3: Optimized hyperparameters for the training of the networks on the detailed LHCb ECAL
Run 4 simulations.

Network ParticleFlowNetwork ParticleNet lite
Optimizer ranger ranger

Batch size 256 181

Learning rate (at start) | 4.6 x 1073 4.6 x 1072
Learning scheduler flat+decay flat+decay
Number of epochs 1500 1500

3GitLab project: https://gitlab.cern.ch/spacal-rd/summerstudentprojects/jan-schulz
4See weaver-core here: https://pypi.org/project/weaver-core/.
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5. Results

The results were produced using the trained networks and the test data set and are shown in
Figure 6 in the form of receiver operating characteristic (ROC) curves. Those show the true
positive rate (acceptance rate e, for signal events, in this case 7°) as a function of the false
positive rate (acceptance rate ¢, for background events, in this case photons).

0.8

ParticleNet lite

04k (AUC=0.9934) ]

ParticleFlowNetwork
(AUC=0.9924)

simplified sub-clustering
0.2} —— algorithm for merged pions |
' (AUC=0.7773)

random classifier
-=-=- perfect classifier

True positive rate &5 (r° efficiency)

0.0

00 02 04 06 o8 10
False positive rate ¢, (y efficiency)

Figure 6: Results for the training of the two network architectures on detailed LHCb ECAL Run 4
simulations shown in the form of a receiver operating characteristic (ROC) curve.

In addition to the ROC curves for the two networks, the figure also shows those of a perfect
classifier, a random classifier, and a simplified sub-clustering algorithm for comparison. The
latter is similar to the merged reconstruction procedure mentioned in subsection 2.2, which is
used for the current data analysis in Run 3. However, its implementation is not yet fully adapted
to Run 4. For this reason, it should be assumed that the final reconstruction algorithm may
perform somewhat better than the simplified one shown here.

Nevertheless, it can be concluded from the comparison of the curves that the ML approach with
both networks clearly provides better results in the classification. Their curves are very close to
the perfect curve and achieve very promising results with an area under the curve (AUC) score
of more than 0.99. Accordingly, the new approach to describe the problem for the entire ECAL
using a single network works well.

Moreover, it can be seen that the ParticleNet lite performs slightly better than the Particle-
FlowNetwork, which confirms the results of the corresponding paper [9]. It is also worth mention-
ing that the ParticleNet lite used here has in its structure less than one third of free parameters
compared to the ParticleFlowNetwork used.
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6. Conclusion and outlook

In this project, a new, more elegant ML approach for identifying high-energy neutral pions was
introduced and shown to work.

It can be concluded that the ML approach yields promising results in the classification of merged
neutral pions and single photons, clearly outperforming those of the currently used algorithm.
Thus, the approach can potentially help improve physics analysis in LHCDb in the future.

Since the events used here are pure and thus pile-up is not present in any form, it is likely that
results for pile-up events and event types not yet learned will be somewhat worse. For this
reason, more extensive studies and training should be done to obtain networks for actual data
analysis.

In addition, other future features of the LHCb ECAL could be included, such as timing infor-
mation, which will be introduced in Run 5.
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A. First study with a toy model

To test the possible application of machine learning to the merged 7° classification in a com-
putationally efficient manner, a toy model of an electromagnetic calorimeter was first developed
and used for initial approaches. In the following, first the toy model itself with its limitations
and then the data simulation procedure will be explained. Finally, the results of the study are
shown.

A.1. The toy calorimeter and its limitations

The simulated example calorimeter is, similar to the real LHCb ECAL, a two-dimensional wall
with an extension of about 3 x 4m? (about 1/4-th of the size of the real one). Its orientation is
perpendicular to the beam axis and its distance to the collision point is 12.6 m. The calorimeter
is composed of individual square cells of two different types (A and B). See Figure 7 for a
visualization of the ECAL and for the specifications of the two cell types. As with the real LHCb
ECAL, the smaller cells are used in the inner region of the ECAL near the beam axis.

It is important to note that the data generated with this toy model is by no means designed to
simulate real LHCb data one-to-one, and an artificial neural network trained with it cannot be
applied directly to real data. It is rather an experimental toy example for studying the network
performance, the needed amount of Monte Carlo (MC) simulations for the proper network and
the general use of machine learning for the given task without having to generate computational
more expensive MC simulations for the true LHCb detector. Therefore, this toy data comes with
some limitations:

o Only two different cell types are considered in the ECAL while the real one has up to five.

« Statistical fluctuations in the detector resolution are included in an approximate way (see
Equation 1 further down).

o The energy calculation for the cells treats all photons as if they hit the detector perpen-
dicularly, i.e., not under an angle. This is a strong simplification especially for photons
hitting the cells at the edge of the detector.

10
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Figure 7: Illustration of the simulated toy calorimeter in the z-y plane including the different cell
specifications.

A.2. Generation of the toy data

The data generation for the two event cases (merged 7° or single photon) differ slightly from one
another.

Single photons For a single photon event of given energy, a random position (z,,y,) is gen-
erated inside a random cell of the ECAL. Then, a cluster (usually 5 x 5 cells) is constructed
around this so-called seed cell. Based on the position, the mean energy density distribution of
the shower in the z-y plane is calculated using the following formula (based on Equation (23) in
[10]):

f(r)y . 2rR? 2rR3 2rR32 (1.8 cm)2
- th sy W et B B .
e(r) o iy =1p (r?2 4+ R3?)? t4a (r2 + R3)? tl-r-q (r? + R3)? ™M

Hereby, r\ is the Moliere radius of the cell material and r the scaled distance to the shower
center (., y,):

1.8cm

r=y(r—2,)2+(y—y,)?-

R U )
This distribution is then integrated over each cell individually to determine the energy deposited
in the cell. The values for the parameters p,q, Ry, Ro, R3 were determined via a fit of MC
simulated showers in a material with Moliere radius ryy = 1.8 cm (see Figure 8). Although the
fit is not perfect, it is of sufficient accuracy for the given application in the toy model.

This approach works fine for clusters consisting only of one cell type and will always yield
perfectly symmetric energy showers. However, as soon as multiple cell types are involved, the
energy determination gets more complicated.

11
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Figure 8: Fit of the mean transversal energy density distribution f(r) of an electromagnetic shower.

Since a shower can now extend into two regions of different cell types, the shower is in general not
symmetric anymore as it is broader in cells with larger Moliére radius. In order to keep it simple,
almost all specific effects that might occur at the boundaries are ignored. The different regions are
simply integrated according to the normal energy distribution associated to the Moliere radius.
The only thing that is taken into account is that in order to keep the total energy fixed, one
needs to scale one of the two regions down by a factor (see following calculation).

Integrating over the energy distribution €4 of the cells of type A (determined by their Moliere

radius) yields 1,
/OO /oo ea(r)dedy =1,

just like integrating over the energy distribution eg of cells B:

/OO /OO eg(r)dedy =1

However, integrating over one part of the ECAL, e.g., the region A, does not yield the same for
both distributions:

//AGA(T)dxdy:PA%PB://AEB(T)dxdy

Therefore, partially integrating over two regions alone is not a physical option:

//A ealr)dzdy + //R2\{A} eg(r)dedy = P4+ (1 — Pg) #1

12
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Thus, at least one of the two distributions must be scaled accordingly, e.g.:

g _1-Py
B=1_ Py

€B

1— Py
dzd // ! dedy = P 1— Pg)- =1
= //AEA(T) rdy + RQ\{A}EB(T) T ay 4+ ( B) 1— Py

It was choosen to always scale the distribution of the cell region that does not contain the photon.
An example for a shower distribution in such a border region is shown in Figure 9.

Additionally, for 50 % of the single photon events, a low-energy photon (0 to 10 GeV) was added
to the event to mimic pile-up.

As a final step of data distortion, the energy resolution is taken into account by varying the
energy of each cell using the following formula:

op_ __10% o149 (1)

£\ JE/(1GeV)

Note on the energy resolution formula The target energy resolution for an entire cluster is
given by

E B/ Gev) o0 @)

where a = 10% and b = 1% (approximation of Equation (1) in [11]). Since this formula describes
the general behavior of energy resolutions due to their measurement method, it is assumed
here that the energy resolution of individual cells is also described by a formula of the given
structure.

However, it is by no means obvious whether the parameters a, b are the same as for the cluster
or change. In order to study this, different parameters a,b are used to disturb the generated
clusters on the level of individual cells. Then, all cell energies of a cluster are summed up to get
the reconstructed energy of the cluster. From the distribution of those reconstructed energies for
clusters of the same true energy E, one can estimate a standard deviation og for the given true
energy E. Plotting op/F and comparing it to the expectation given by the formula above, one
can choose parameters a, b that reproduce the expectation best (see Figure 10). From the plot,
one gets:

a=10% A b=14%.

So, the energy resolution for individual cells is slightly worse than for the cluster.
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Figure 9: Example shower in border region between two cell types. The upper right region has a

Moliére radius of 1.8 cm, while the rest has one of 2.8 cm. The x symbol marks the photon
hit position.
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Figure 10: Overall energy resolution of an entire cluster when varying the energy resolution of each

individual cell according to Equation 2. The expected curve shows the known energy
resolution for clusters in the LHCb experiment.
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Pion decays For the neutral pion decay, the simulation procedure is a little bit more complex.
First, the decay into two photons is simulated in the pion rest frame. There, the two photons have
the four-momenta p} and p),. Those four-vectors are then boosted in a random direction towards

the ECAL according to a given energy E, of the pion. The § vector (with |5] = /1 — m2/E2)
is randomly generated so that it hits the ECAL (see Figure 11):

The first element of the resulting boosted four-momentum is the energy and the rest gives the
momentum vector which can be propagated to the ECAL plane at a distance of 12.6 m. Here,
the energies in the individual cells can be calculated analogously to the single photon case except
that one has to sum up the distributions of the two photons.

A.3. Training and results

Using the procedure described in the previous section, a total of 140 000 events were generated,
which are divided as follows:

e 50000 7 events, which are randomly divided into a training set (80 %) and a validation
set (20 %) for training.

« 50000 single photon events, which are randomly divided into a training set (80 %) and a
validation set (20 %) for training.

e 20000 7Y events, which are used as test set for evaluation.
« 20000 single photon events, which are used as test set for evaluation.

The energy of the generated neutral pions or single photons was uniformly distributed between
80 and 1000 GeV (see energy distribution for the test sets in Figure 12). The background for the
choice of the energy is the fact that for the given cell size of the smaller cell type A, the minimum
energy for merged 7° is about 60 GeV.

Training The choice of the variables used for machine learning is described in section 3. The two
network architectures trained are the ParticleFlowNetwork [8] and the ParticleNet lite [9] as later
used for the detailed LHCb ECAL simulations (more information about them in section 4).

Training was performed with the open source module weaver-core® for Python which is based on
PyTorch®. The optimized hyperparameters can be found in Table 4 and are overall the same as
for the training on detailed LHCb simulations, except for the number of epochs.

For each of the following results, the networks from the epoch in which the evaluation metric
(accuracy in categorizing the validation set) was best were used.

Results All resulting plots were created by applying the networks to the test data, which the
networks did not yet know.

5See weaver-core here: https://pypi.org/project/weaver-core/.
6See PyTorch here: https://pytorch.org/.
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Figure 11: Random boost of the pion onto the ECAL.
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Figure 12: Energy distribution of the initial particles generated (single photon or %) for the test sets.
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Table 4: Optimized hyperparameters for the training of the networks on the toy data.

Network ParticleFlowNetwork ParticleNet lite
Optimizer ranger ranger

Batch size 256 181

Learning rate (at start) | 4.6 x 1073 4.6 x 1072
Learning scheduler flat+decay flat+decay
Number of epochs 8500 8500

Figure 13 shows the receiver operating characteristic (ROC) curve with the true positive rate
(acceptance rate ¢, for signal events, in this case 7°) as a function of the false positive rate
(acceptance rate €, for background events, in this case photons).

It can be seen that both networks learn to distinguish between signal and background. The
ParticleNet lite performs slightly better than the ParticleFlowNetwork. This is in agreement
with the results of the ParticleNet paper [9]. This is a promising first result suggesting that
efficient classification for merged neutral pions is possible with machine learning.

Further, the toy model can be used to check the energy dependence of the performance. This
is shown in Figure 14a. As expected, the accuracy of both networks decreases towards higher
energies. The reason is that the photons from the pion decay have on average a smaller distance
in the ECAL at higher pion energy and thus the signal resembles more and more that of a single
photon.

In addition, the performance in different cell regions can be compared (see Figure 14b). Here,
as one would naively expect, the accuracy is highest in the region with the smallest cells (type
A). The border region between A and B performs worst. This is probably due to the more
complicated structure of the clusters as well as the smaller amount of data (relative amount of
events in different regions: N : Ng: Naip ~ 15:80:5). This is a first sign that large samples
are needed for the training with a complex ECAL geometry.

Another sign can be drawn directly from the comparison of networks trained with data sets of
different sizes” (see Figure 14c). The increasing accuracy with increasing data set size is clearly
visible. Thus, the detailed LHCb ECAL simulation should be as extensive as possible.

Summary Overall, all results with the toy model confirm expectations, suggesting that the
problem and the machine learning solution approach were well understood. Furthermore, all
plots without exception show the performance superiority of the ParticleNet lite compared to
the ParticleFlowNetwork.

It should be noted here that these trainings were performed with photon data without the additional low-
energy photons to mimic pile-up (0 to 10 GeV). For this reason, the curves are better than the main results
in Figure 13.
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Figure 13: Results for the training of the two network architectures on toy data shown in the form of
a receiver operating characteristic (ROC) curve.
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Figure 14: Results in form of ROC curves for the training of the two network architectures on toy

data compared for different characteristics.
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