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Abstract

Particle identification (PID) of hadrons plays a crucial role in particle physics
experiments, especially for flavor physics and jet tagging. The cluster counting
method, which measures the number of primary ionizations in gaseous detectors,
represents a promising breakthrough in PID. However, developing an effective
reconstruction algorithm for cluster counting remains a major challenge. In this
study, we address this challenge by proposing a cluster counting algorithm based
on long short-term memory and dynamic graph convolutional neural networks
for the CEPC drift chamber. Leveraging Monte Carlo simulated samples, our
machine learning-based algorithm surpasses traditional methods. Specifically,
it achieves a remarkable 10% improvement in K/pi separation for PID perfor-
mance, which meets the necessary PID requirements for CEPC.
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method, which measures the number of primary ionizations in gaseous detectors,
represents a promising breakthrough in PID. However, developing an effective
reconstruction algorithm for cluster counting remains challenging. To address
this challenge, we propose a cluster-counting algorithm based on long short-term
memory (LSTM) and dynamic graph convolutional neural networks (DGCNN)
for the CEPC drift chamber. Experiments on Monte Carlo simulated samples
demonstrate that our machine-learning-based algorithm surpasses traditional
methods, improving K/m separation by 10% and meeting the PID requirements
of CEPC.

Keywords: Particle identification, Cluster counting, Machine learning, Drift
chamber

44 INTRODUCTION

The Circular Electron Positron Collider (CEPC) [1, 2] is a large-scale collider
facility proposed in 2012 following the discovery of the Higgs boson. With a
circumference of 100 km and two interaction points, it can operate at multiple
center-of-mass energies: as a Higgs factory at 240 GeV [3-6], for WHW ™ thresh-
old scans at 160 GeV, and as a Z factory at 91 GeV [7, 8]. Furthermore, it can
be upgraded to 360 GeV for tt threshold scans, and in the future, to a proton-
proton collider enabling direct exploration of new physics at approximately 100
TeV [9, 10]. The primary scientific objective of CEPC is to precisely measure
Higgs properties, particularly their coupling strengths. Additionally, trillions of
7 — qq events produced by CEPC offer excellent opportunities to study flavor
physics [11, 12].

Particle identification (PID) of hadrons is crucial in high-energy physics exper-
iments, especially for flavor physics and jet tagging [13]. PID helps suppress
combinatorial backgrounds, distinguish final states with identical topology, and
provide valuable additional information for jet flavor tagging. Future exper-
iments such as CEPC require advanced detector techniques with PID perfor-
mance surpassing current capabilities.

The drift chamber is a key detector component in high-energy physics exper-
iments. Beyond charged particle tracking, it can provide excellent PID with
minimal additional detector budget. PID in drift chambers relies on the ioniza-
tion behavior of charged particles traversing the working gas. A well-established
technique measures the average ionization energy loss per unit length (dE/dx)
of charged particles [14]. In a drift chamber cell, charged particles ionize the
gas, creating electron cascades detectable as primary signals. This primary ion-
ization follows a Poisson process, while secondary ionization produces a Landau
distribution in dE/dx. The Landau distribution’s infinitely long tail and large
fluctuations limit dE/dx resolution [15]. [Figure 1: see original paper| shows an
example signal waveform in a drift-chamber cell.

Alternatively, the cluster-counting technique directly measures the average num-
ber of primary ionizations per unit length in waveforms processed by fast elec-
tronics, rather than dE/dx, thereby reducing secondary ionization impact [16]
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and significantly improving PID performance. Cluster counting potentially im-
proves resolution by a factor of two, making it the most promising PID break-
through for future high-energy frontier colliders such as CEPC and the Future
Circular Collider (FCC) [17]. A previous BESIII upgrade study demonstrated
that cluster counting achieved superior PID performance compared to dE/dx,
enhancing m/K separation power by approximately 1.7 times [18].

Reconstruction poses a significant challenge for cluster counting. An effective al-
gorithm must efficiently and accurately determine the number of primary ioniza-
tions in a waveform. However, the stochastic nature of ionization processes and
signal complexity create substantial obstacles. Traditional methods typically
divide cluster counting into two stages: peak finding (detecting all peaks from
primary and secondary ionizations) and clustering (determining the number of
primary ionizations among detected peaks). Derivative-based peak finding com-
putes first and second derivatives, identifying signals via threshold crossings,
but often fails to achieve state-of-the-art performance, especially under high
pile-up and noise. Time-based clusterization exploits the fact that average time
differences between signals from different clusters tend to exceed those within
the same cluster, but significant overlap in time difference distributions leads
to low accuracy.

Machine learning (ML) offers a rapidly advancing approach using algorithms and
statistical models to improve performance through data-driven learning. Neural
networks, the most common ML technique, are computational models inspired
by biological neural systems. Recurrent neural networks (RNNs) [19] and graph
neural networks (GNNs) [20] are particularly popular. ML has been widely
applied in high-energy and nuclear physics, such as the GNN-based ParticleNet
algorithm for jet tagging [21, 22], and studies of QCD phase transitions [23,
24] and heavy-ion collisions [25-27]. For cluster counting, ML can leverage full
waveform information to uncover hidden features in signal peaks, modeling the
problem as a classification task amenable to mature tools like PyTorch [28] and
PyTorch Geometric [29).

This paper presents an ML-based cluster-counting algorithm optimized for
CEPC drift chambers. The remainder is organized as follows: Section II
introduces the fast simulation method and samples used for training and
testing. Section III details the ML-based algorithm. Section IV evaluates
performance and compares it with traditional methods. Section V concludes.

## 1I. DETECTOR, SIMULATION AND DATA SETS
##+# A. The CEPC Drift Chamber

In the CEPC 4th conceptual detector design, a drift chamber is proposed be-
tween the silicon inner tracker (SIT) and silicon external tracker (SET). This
chamber primarily provides PID capability while enhancing tracking and mo-
mentum measurements. Based on preliminary design, the chamber length is
approximately 5800 mm, with radial extent from 600 to 1800 mm. The inner
wall uses a carbon fiber cylinder, while outer support features a carbon fiber

chinarxiv.org/items/chinaxiv-202502.00029 Machine Translation


https://chinarxiv.org/items/chinaxiv-202502.00029

ChinaRxiv [$X]

frame with eight longitudinal hollow beams and eight rings, sealed with a gas
envelope. Aluminum endplates have a multistepped, tilted design to minimize
wire tension deformation. [Figure 2: see original paper| shows a schematic of
the drift chamber.

The entire chamber comprises approximately 67 layers. To meet PID and mo-
mentum measurement requirements, a cell size of 18 mm x 18 mm was adopted.
Each cell contains a sense wire surrounded by eight field wires in a square con-
figuration. Sense wires are 20 pm gold-plated tungsten, while field wires are 80
nm gold-plated aluminum. A gas mixture of 90% He and 10% iC,H;, provides
suitable primary ionization density.

### B. Simulation and Data Sets

A sophisticated first-principles simulation package was developed for cluster
counting. The package precisely simulates particle interactions and detector
responses, creating realistic waveforms labeled with MC truth timing for su-
pervised training. The package consists of simulation and digitization compo-
nents. The drift-chamber cell geometry was constructed for simulation. Ion-
izations were generated using the Heed package. To reduce computational ex-
pense, electron transportation, amplification, and signal creation were param-
eterized according to Garfield++ simulation results, outputting analog wave-
forms [30]. Digitization incorporated data-driven electronic responses and noise.
The preamplifier impulse response was measured experimentally and convolved
with waveforms. Noise was extracted from experimental data using fast Fourier
transform and added via inverse FFT. Digitization outputs realistic waveforms
showing good agreement with experimental data in peak rise times and noise
levels. [Figure 3: see original paper] shows the simulation flowchart.

Based on the CEPC 4th conceptual detector design and test beam experiments
[31], waveforms exhibit approximately 4 ns single-pulse rise time, 5% noise level,
and 1.5 GHz sampling rate. Using this package, MC samples with varying
momenta were generated to train and test the neural network. summarizes the
datasets.

. Summary of data sets used for training and testing ML-based cluster-counting
algorithms.

Momentum
Purpose  Algorithm  Particle Number of Events (GeV/c)
Training - K+ 5 x 10° 0.2 — 20.0
peak-
finding
Testing - T+ 5 x 10° 0.2 — 20.0
peak-
finding
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Momentum
Purpose  Algorithm  Particle Number of Events (GeV/c)
Training - K+ 5 x 10° 0.2 — 20.0
Clusteri-
zation
Testing - T+ 1 x 10° x 7 5.0/7.5/10.0/12.5/15.0/17.5/20.0
Clusteri-
zation
Testing - K+ 1 x 10° x 7 5.0/7.5/10.0/12.5/15.0/17.5,/20.0
Clusteri-
zation

#+# 111. METHODOLOGY
### A. Algorithm Overview

An effective cluster-counting reconstruction algorithm must efficiently and ac-
curately determine the number of primary ionizations in a waveform. As in-
troduced in Section I, cluster counting typically decomposes into peak finding
and clusterization. Peak finding detects signals from both primary and sec-
ondary ionizations, while clusterization discriminates primary ionizations among
detected peaks. Traditional peak-finding uses waveform derivatives [32]. Ion-
ization electron pulses, characterized by swift rise (nanoseconds) and prolonged
decay (tens of nanoseconds), yield pronounced derivative values facilitating peak
identification. Higher-order derivatives enhance hidden peak detection but in-
crease noise susceptibility, requiring low-pass filtering beforehand. For clusteri-
zation, peak-merging algorithms exploit the proximity of electrons from single
primary clusters in waveform time structure. However, overlap between inter-
cluster and intra-cluster time differences necessitates precise merging criteria.

Traditional rule-based algorithms depend on incomplete raw hit information
and human expertise, often failing to achieve state-of-the-art performance. In
contrast, ML-based algorithms leverage abundant labeled samples for super-
vised learning, directly extracting intricate data features. Our approach uses
an LSTM network for peak finding to discriminate signals from noise, detecting
both primary and secondary ionization signals. The second step, clusterization,
employs a dynamic graph neural network (DGCNN) to classify whether detected
peaks originate from primary ionization.

##+# B. Peak-finding

The peak-finding algorithm identifies all ionization peaks from waveforms. To
reduce complexity, waveforms are divided into sliding windows of 15 data points.
Each window receives a label based on MC truth information, identifying signal
or noise candidates and defining peak finding as binary classification.

An LSTM-based network processes this time-series data. LSTM, a recurrent
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neural network variant, successfully handles sequential data across applications
[33]. RNNs excel at sequence modeling tasks like prediction and labeling through
dynamic contextual windows capturing entire sequence history. However, stan-
dard RNNs struggle with long sequences and suffer from vanishing/exploding
gradients [34, 35].

LSTMs address these limitations through memory blocks containing cells and
gates. Memory cells store temporal states via self-connections, while gates reg-
ulate information flow: input gates manage activations, output gates control
output flow, and forget gates adaptively reset cell memory [35, 36].

The LSTM-based peak-finding architecture comprises: - LSTM layer: Pro-
cesses sequential data, capturing long-term dependencies. Input features: 1;
hidden state features: 32. - Two linear layers: Fully connected layers map-
ping 32$—32and32—$1, with sigmoid activation producing final classification.

[Figure 4: see original paper] illustrates this network structure. The model was
trained on 5 x 10° 7 meson waveform events with momenta from 0.2-20 GeV /c,
using batch size 64 for 50 epochs. Binary cross-entropy loss guided optimization,
with Adam optimizer at initial learning rate 10~%, reduced by factor 0.5 every
10 epochs. Optuna [39] optimized hyperparameters including learning rate and
network size.

### C. Clusterization

After LSTM-based peak finding detects all ionization peaks (primary and sec-
ondary), the clusterization algorithm determines the number of primary ion-
ization peaks. Secondary ionization occurs locally relative to primary electrons
with sufficient energy, causing electrons from single clusters to appear proximate
in waveform time structure. This property enables algorithms distinguishing pri-
mary from secondary electrons. Traditional methods combine adjacent peaks
based on timing.

GNNs, operating on graph-structured data, handle such complex information
through pairwise message passing where nodes iteratively update representa-
tions by exchanging information with neighbors [40]. For cluster counting, peak
timing serves as node features, with edges initially connected based on temporal
similarity, enabling GNNs to learn complex temporal structures.

A DGCNN, specialized for learning local point cloud structure, was applied. The
edge convolution layer dynamically computes graphs at each network layer, be-
ing differentiable and integrable into existing architectures. Peak timings from
the first step form a graph: each peak’s timing encodes node features, edge
distances define temporal similarity, and nodes connect to k-nearest neighbors
(k-NN) [41]. Through message passing, the network captures hidden local rela-
tionships for improved primary /secondary classification.

The clusterization architecture comprises: - Three dynamic edge convo-
lution layers: Process graph-structured data by dynamically creating edges
between nodes and neighbors, capturing local information via k-NN [42]. MLPs
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map input to output channels, with concatenated features from three layers
producing 128-dimensional outputs (324+32+64). - 4-layer MLP: Feedforward
network with three hidden layers (256 neurons each) and one output layer (2
channels). Dropout rate 0.5 prevents overfitting. Log-softmax activation yields
classification probabilities.

[Figure 5: see original paper] illustrates this architecture. The model trained
on 5 x 10° pion waveform events (0.2-20 GeV/c) using batch size 128 for 100
epochs. Negative log-likelihood loss with Adam optimizer (initial learning rate
1073, reduced by 0.5 every 10 epochs) was used. Optuna tuned hyperparameters
including MLP sizes and k-NN value (optimized to k=4).

#4 IV. PERFORMANCE

The two-step model was trained via supervised learning on extensive waveform
samples. Generalization performance was evaluated on test samples.

For peak finding, both LSTM-based and traditional second-derivative (D2) al-
gorithms served as classifiers, evaluated using precision (purity) and recall (effi-
ciency) metrics defined in Eq. (1):

TP TP
Purity = —————, Efficiency = —————
ity = o p clency = o
where TP is correctly detected peaks, (TP+FP) is total detected peaks, and
(TP+FN) is total MC truth peaks. The LSTM algorithm was tested on 5 x
10° 7 sample events (0.2-20 GeV/c), evaluating purity and efficiency across
probability thresholds.

[Figure 6: see original paper| shows purity and efficiency versus threshold.
At threshold 0.95, the LSTM algorithm achieved purity 0.8986 and efficiency
0.8820. The D2 algorithm threshold was adjusted to match this purity, yielding
efficiency 0.6827 (), demonstrating significantly higher LSTM efficiency, partic-
ularly for pile-up recovery ([Figure 7: see original paper]).

Purity and efficiency comparison between LSTM-based and traditional D2
algorithms for peak-finding.

Algorithm Purity Efficiency
LSTM algorithm 0.8986 0.8820
D2 algorithm 0.8986  0.6827

After peak finding, clusterization determines primary cluster numbers. Imple-
menting both LSTM peak-finding and DGCNN clusterization yields charged
particle cluster-number distributions, enabling separation power calculations.
Clusterization performs node classification in DGCNN. The classifier threshold
was tuned to maximize K/m separation power, defined as:
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Separation Power = = 'Kl

(U7T + UK)/Q

where dN/dx and o represent measured primary ionization density per unit
length and uncertainties for /K.

Optimization used K/m samples at fixed momenta (5.0, 7.5, 10.0, 12.5, 15.0,
17.5, 20.0 GeV/c). [Figure 9: see original paper| shows separation power versus
threshold, with optimal overall performance at threshold 0.26.

[Figure 8: see original paper] compares cluster-number distributions from MC
truth, traditional algorithm, and ML-based algorithm for 10 GeV /c pions. The
ML-based distribution’s mean closely matches MC truth, demonstrating higher
efficiency. [Figure 9: see original paper| presents K/ separation power versus
momentum for 1 m track length. The ML algorithm shows ~10% improvement
across all momenta compared to traditional methods. Since separation power
scales with y/(track length), this corresponds to ~20% effective detector radius
increase, significantly reducing cost. lists detailed results. Extrapolating 20
GeV/c K/7 separation to various track lengths ([Figure 10: see original paper])
shows the CEPC design (600-1800 mm radius) meets the required 30 K/7
separation up to 20 GeV/c using ML reconstruction.

. Efficiency and separation power for charged K and 7 at various momenta for
different algorithms. ML thresholds: 0.95 (LSTM peak-finding), 0.26 (DGCNN
clusterization). Efficiency = reconstructed clusters / MC truth clusters.

Momentum (GeV/c) Metric ML-based algorithm Traditional algorithm
5.0 m+ efficiency 0.882 0.683
K+ efficiency 0.882 0.683
K /7 separation power 4.203 3.888
7.5 7w+ efficiency 0.882 0.683
K+ efficiency 0.882 0.683
K /7 separation power 4.279 3.954
10.0 m+ efficiency 0.882 0.683
K+ efficiency 0.882 0.683
K/7 separation power 4.081 3.765
12.5 m+ efficiency 0.882 0.683
K+ efficiency 0.882 0.683
K /7 separation power 3.832 3.550
15.0 m+ efficiency 0.882 0.683
K+ efficiency 0.882 0.683
K /7 separation power  3.509 3.277
17.5 w4+ efficiency 0.882 0.683
K+ efficiency 0.882 0.683
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Momentum (GeV/c) Metric ML-based algorithm Traditional algorithm
K /7 separation power 3.216 3.054

20.0 7w+ efficiency 0.882 0.683
K+ efficiency 0.882 0.683
K /7 separation power 2.921 2.697

## V. CONCLUSION

We developed a cluster-counting algorithm incorporating ML-based peak-finding
and clusterization. Our peak-finding algorithm demonstrates superior efficiency
over derivative-based methods. The clusterization algorithm produces Gaussian-
distributed cluster numbers with efficiency approaching MC truth. The com-
plete ML-based algorithm outperforms traditional methods by 10% in K/ sep-
aration power, equivalent to ~20% larger detector radius. This performance
enables the current CEPC drift chamber design to meet PID requirements.
The critical role of ML in cluster counting suggests strong potential for future
high-energy physics experiments.

## Data Availability
The data supporting this study are openly available in Science Data Bank at

https://cstr.cn/31253.11.sciencedb.16322 and https://doi.org/10.57760/sciencedb.16322.
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