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Abstract

The Belle II experiment operates at high instantaneous luminosity, where an increasing
level of beam-induced background poses significant challenges for both the offline and
online track-reconstruction algorithms. This work presents the development, implemen-
tation, and performance evaluation of a hit-filtering algorithm based on graph neural
networks for the central drift chamber of Belle I. The hit filter is designed for appli-
cation in offline track reconstruction as well as in the Level-1 trigger tracking system,
with a targeted deployment on FPGA devices. Applied to offline track reconstruction,
the proposed algorithm improves track efficiency in Monte Carlo studies by up to 6 1%,
reduces the track fake rate by up to 8 0 %, and improves track resolution by up to 77 %
for key physics channels relative to the default filter, while maintaining comparable ex-
ecution time. An adapted version of the algorithm applied to online triggering improves
track efficiency by up to 18 % evaluated on “-“ ,W” events from late 2025, while satisfy-
ing constraints on computing resources, trigger rates, and hardware utilization. In Field-
Programmable Gate Array (FPGA) implementation studies evaluated for a graph size of
820 nodes and 3593 edges, the design utilizes 60 80 % of look-up tables, 27 23 % of flip-
flops, and no DSPs at a 210 92 ns end-to-end latency and 128 008 MHz system frequency.
The design thus satisfies the resource and sub-microsecond latency requirements for in-
tegration into the Belle II L1 trigger. Furthermore, this work establishes a neural network
compression workflow for hardware software co-designed hit filtering in real-time trigger
systems, including 4 bit weight quantization, pruning, and the BOP metric as a quantita-
tive approximation of the model size, which is applicable to the development of future
machine-learning-based trigger designs.






Disclaimer

Algorithm development and data analysis in high-energy physics, including the work in
this thesis, are a collaborative effort. The SuperKEKB accelerator, which provides the
beams used by the Belle II experiment, and the Belle II detector are designed, built, oper-
ated, and maintained by the SuperKEKB accelerator group and the Belle II collaboration,
respectively. The Belle II collaboration also produces the centrally provided simulated and
recorded datasets and maintains the computing infrastructure for their processing. The
collaboration also develops and maintains the software environment essential for Belle I
data analyzes. I have been a Belle II collaboration member since 2024 and performed all
studies presented in this thesis. Below, I detail prior work by other researchers on which
this thesis is based and analysis components conducted by collaborators:

« The procedure for mapping detector hits to hit graphs, in particular, the geometrical
constraints used in graph construction, was developed by Philipp Dorwarth [1].

« The background overlays were provided by a tool developed by Jonas Eppelt [2].
« The composition of the training dataset is based on the work of Lea Reuter [3].

« The hardware implementation of the algorithm, described in Section 9.6, was carried
out by Marc Neu and Fabio Mayer.

The algorithm developed in this thesis has been published in [4, 5], together with part of
the results in Chapters 6, 7 and 9. I implemented my algorithm into the Belle II Analysis
Software Framework together with Giacomo De Pietro.

This thesis uses Artificial Intelligence (AI) tools for grammatical and stylistic improve-
ments and for code development. Writefull! was used for spell and grammar checks and
to paraphrase selected sentences to improve academic clarity and precision. GitHub Copi-
lot?, Perplexity?, and ChatGPT* were used to support the development of C++ and Python
code, mainly for restructuring, documentation, and optimization tasks that do not con-
stitute the core scientific work of this thesis. All suggestions were reviewed, tested, and
approved by me to ensure robust and reliable results.

'"Writefull: An Al writing assistant for academic and technical texts. See https://www.writefull.com/ (Ac-
cess Date: 2026-04-13).

2GitHub Copilot: An Al pair programmer powered by large language models that is used to assist with
writing code. See https://github.com/features/copilot/ (Access Date: 2026-04-13).

3Perplexity: An Al-powered virtual assistant that combines large language models with web and literature
search. See https://www.perplexity.ai/ (Access Date: 2026-04-13).

*ChatGPT: A virtual Al assistant based on large language models. See https://openai.com/chatgpt/ (Access
Date: 2026-04-13).
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1. Introduction

Particle physics experiments, such as the Belle Il experiment [6] at the SuperKEKB
electron-positron collider, provide precision tests of the Standard Model (SM) and search
for physics phenomena that cannot be explained within the SM framework. These ex-
periments rely on the precise reconstruction of charged particle trajectories (tracking) to
accurately determine particle momenta, identify particles, and reconstruct the kinematics
of the underlying physics processes. To achieve high sensitivity to rare processes, Belle Il
aims to record an integrated luminosity of L dC= 50ab *. As SuperKEKB approaches

its target instantaneous luminosity o8 10°*°cm 2s 1, beam-induced backgrounds in-
crease, resulting in higher detector occupancy and accelerated detector aging. These
increasing background rates impose stringent constraints on the Belle Il event recon-
struction for analyzes (o ine) and trigger algorithms (online), as they directly degrade
track reconstruction e ciency, purity, and resolution [7 9]. Consequently, the antici-
pated high-background operating conditions necessitate the implementation of e cient
hit- Itering prior to track reconstruction in both o ine and online event reconstruction,
i.e.the reduction of hits not associated with charged particle trajectories.

This thesis presents the development and implementation of a graph neural network
(GNN)-based hit Itering algorithm for the main tracking detector of Belle Il, the central
drift chamber (CDC). The proposed GNN-based hit Iter takes advantage of both the
per-hit features and the spatial-temporal correlations in the hit topologies to distinguish
hits originating from charged particle trajectories from those arising from background
processes or electronic noise. The algorithm is designed for use in o ine and high-
level trigger (HLT) track reconstruction that are processed on CPU, as well as in the
Level-1 trigger (L1 trigger) tracking system operating on FPGAs. Integrated into the
Belle 1l Analysis Software Framework (basf2) framework for o ine reconstruction, the
GNN-based lIter functions as a drop-in replacement for existing hit ltering algorithms.
For the L1 trigger application, the algorithm is further developed under the strict L1
trigger constraints including sub-microsecond latency, and a total L1 trigger rate of less
than 30 kHz targeting deployment on FPGA hardware for future integration within the
Belle I L1 trigger.

The structure of this thesis is organized as follows. It begins with an overview of re-
lated work on machine learning (ML)-based tracking and trigger algorithms in Chapter 2.
Subsequently, SuperKEKB and Belle Il are introduced, with particular emphasis on the
CDC, the trigger system, beam-induced backgrounds, and planned upgrades, in order to
establish the experimental context of this work. A more detailed description of the o ine
and online track reconstruction algorithms is provided in Chapter 4, thereby de ning the
environment in which the new algorithm operates. In Chapter 5, the fundamental con-
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cepts of the GNN-based hit- Itering approach are presented, including graph construc-
tion, network architecture, and training methodology. Chapter 6 and Chapter 7 specify
the datasets and performance metrics employed for training and evaluation.

In Chapter 8, the optimization of the o ine application is discussed and its performance is
compared to established baseline methods, while Chapter 9 describes the development of
a compressed, FPGA-compatible online implementation, its integration into the simulated
L1 trigger pipeline, and studies of its prospective hardware realization, followed by a short
outlook in Chapter 10. Finally, Chapter 11 summarizes and concludes the main results.



2. Related Work

Machine learning (ML) has become a key tool in high-energy physics analyzes, improving
event reconstruction, classi cation, and anomaly detection [10 16]. For charged-particle
tracking in particular, ML-based methods are widely used [3, 17 21] where a key chal-
lenge is to identify and separate an a priori unknown number of signal hits and tracks
from a large background. This task is analogous to object detection in computer vision,
where the goal is to localize and classify multiple objects in an image. Such conven-
tional object detection tasks are mainly based on convolutional neural networks (CNNSs)
or transformer-based architectures tailored to grid-structured Euclidean data such as im-
ages or sequences [22, 23].

The Belle Il CDC, by contrast, has a non-uniform cylindrical geometry with irregular
wire positions and alternating axial and stereo super-layers. This non-Euclidean layout,
combined with intrinsically sparse hits (only a subset of wires re in a given event), makes
standard CNN-based methods ill suited for CDC hit Itering and track reconstruction.

A more natural description is graph-based, where nodes represent CDC hits and edges
encode spatial and temporal relations.

GNNs for such graph-structured data have been successfully applied in many areas, in-
cluding materials science, chemistry, medicine, and especially high-energy physics (HEP)
[24 26]. In high-energy physics they have been extensively studied for tracking and re-
lated reconstruction tasks [3, 15, 17 21]. Through message passing along graph edges,
GNNSs learn complex structural and relational patterns in event topologies. This makes
them also well suited for background suppression, as they jointly exploit intrinsic hit fea-
tures and spatial-temporal correlations in local neighborhoods. In addition, recent work
on the deployment of GNNSs for track reconstruction on FPGAs [27 29] and ultra-fast
architectures for jet tagging [30] has demonstrated the feasibility of real-time GNN infer-
ence in high-rate collider environments.

While these works primarily focus on track-level reconstruction or jet tagging leveraging
higher-level objects, the approach discussed in this work is distinguished by its focus on
hit-level Itering directly on CDC sense wire data. This enables real-time detector-level
background suppression, achieving sub-microsecond latencies prior to track reconstruc-
tion in the Belle Il L1 trigger.

In addition, the L1 trigger implementation of the GNN-based hit Iter is designed to op-
erate in a substantially di erent regime from that considered in previous studies: it is
designed to process graphs comprising up810® nodes per CDC sector at a sustained
input rate of 32 million events per second, while maintaining an end-to-end latency below
one microsecond. To my knowledge, this speci ¢ combination of high throughput, low
latency, and large input graph size has not been demonstrated in previously published
work.






3. SuperKEKB and the Belle Il Experiment

Belle Ilis ard 4 experiment, located at the high-luminosity SuperKEKB accelerator, de-
signed for precision studies of heavy avor physics and dark sector searches [31, 32]. In
this chapter, | provide an overview of the Belle 1l experiment and the SuperKEKB accel-
erator. Particular emphasis is placed on the central drift chamber (CDC) and the Level-1
trigger (L1 trigger) system, with a detailed discussion of the beam-induced background
and the resulting detector degradation. This serves to establish the experimental context
relevant for the subsequent, more detailed description of the Belle 1l tracking and trigger
subsystems.

3.1. The Belle Il physics program

The primary objective of Belle Il is the detailed study ofmeson decays produced at the
P14( ° resonance that almost exclusively decays to a pair ofmesondBP14(°!  ©;

96 %[33]. These decays provide stringent tests of the Cabibbo Kobayashi Maskawa
(CKM) mechanism, enabling sensitive probes of new physics through rare decay modes
and precise CP violation measurements.

Operating at and- 4 collider, Belle Il bene ts from clean collision events characterized
by a well-de ned initial state and negligible pileup. In contrast, proton colliders are char-
acterized by partonic interactions with unknown initial states and by the presence of
multi-parton scattering processes, both of which signi cantly complicate event recon-
struction. The precisely known collision center-of-mass energy, together with the fact
that theP14( ° decays almost exclusively to a pair of , allows full reconstruction of -

nal states, including those with missing energy from neutrinos or other invisible particles.
In particular,1 ! Btransitions such ad ! Ba, measured, for example, via !

- aa[34], constitute a key avour changing neutral current (FCNC) process as a probe for
potential new physics contributions. Since these processes are predicted to be strongly
suppressed within the Standard Model (SM), any signi cant observation of these pro-
cesses can be interpreted as a signal beyond the SM.

Another probe of new physics is the search for charged Higgs bosons in avor transitions
to g leptons, including ! gaand ! "°ga Furthermoreg leptons are investigated

in the context of CP violation as well as lepton avour violation (LFV) searches in rare
decay channels such @ W and further studied for high-precision measurements of
the electric dipole moment and the anomalous magnetic momé#)(of theg lepton.

Many extensions of the SM predict weakly coupled light particles that could constitute
a dark sector, such as dark photons, or axion-like particless (ALPs). At Belle Il these
processes are studied in low-multiplicity nal states, signatures with missing energy, and
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Figure 3.1.: Geographic layout of the SuperKEKB
accelerator complex at KEK in Tsukuba, Japan.
The high-energy electron ring (HER, indicated
in blue) and low-energy positron ring (LER, in-
dicated in orange) are indicated, together with
the linear accelerator (LINAC, indicated in green)
and the positron damping ring. The location of
the Belle 1l experiment detector at the interaction
point is marked. The image was designed by T.
Blesgen.

displaced decays [35]. Other searches focus on exotic hadrons that cannot be explained
within the conventional quark model [36].

In addition to operating at thé>14( ° resonance, Belle Il records large samples of contin-
uumeventt4 ! - ( =4,7,9),suchag-4 ! - 1Y, as well as light-quark pair
production4-4 ! @ These processes serve as both essential calibration channels and
as precision probes of electroweak and quantum electrodynamics (QED) [32]. Moreover,
Belle Il performs o -resonance scans below and abB¥é( °, e.g. to study the continuum
processes and to search for new exotic hadron states.

3.2. The SuperKEKB accelerator

SuperKEKB [31], shown in Figure 3.1, is an asymmetric-enékdy collider located at

KEK in Tsukuba, Japan. Electrons and positrons are rstaccelerated to their target energy
by an injector linear accelerator (LINAC). For the reduction of emittancee, to decrease

the phase-space area occupied by the beam in the transverse position-momentum plane,
the positrons are additionally transported through a damping ring (DR). Subsequently,
the accelerated electrons and positrons are injected into two independent storage rings:
the 7 GeVhigh energy ring (HER) for electrons and the GeVlow energy ring (LER)

for positrons that intersect at a single interaction region, where the Belle Il detector is
installed.

The accelerator is operated predominantly at a center-of-mass energy of dlithg GeV
corresponding to thé4( ° resonance, which is just above themeson pair-production
threshold. The asymmetric beam energies boost the center-of-mass frame along the beam
axis. This results in a measurable spatial separation between the decay vertices of the
two -mesons, enabling time-dependent CP violation measurements.

SuperKEKB is designed to reach a peak instantaneous luminosity of the drder
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6 10°°cm 2s 1[7], approximately 30-40 times higher than that of its predecessor KEKB,
which achieved. =21 10**cm 2s 1[37] that constitutes the collider luminosity world
record at that time. SuperKEKB has since exceeded this record and has achieved an in-
stantaneous luminosity of about = 5244 10**cm 2s 1 (March 2026) [38] at the time

of this thesis, more than twice the KEKB record.

The long-term objective of the SuperKEKB and Belle Il programs is to accumulate an
integrated luminosity of order L dC= 50ab?. For comparison, the Belle experiment

at KEKB collected aboutab * [39]. This substantial increase in the amount of data will
enable signi cantly improved sensitivity to rare decays, more precise determinations of
CKM matrix elements, and more stringent tests of the Standard Model in the avor sector.

The luminosity [7] can be expressed as

_HH# 2150/ b

| =
© 2 | - \L

” (3.1)

Here, indicates positrons (+) or electrons (#), is the number of particles per bunchy
the number of bunchegy) the revolution frequencygsthe half crossing angle, and, and

_ are the longitudinal and vertical beam sizes at the interaction point (IP), respectively.
The quantities = 4 # =5 are the beam currents in the LER and HER, are the
dimensionless vertical beam-beam parameters, ¥ni$ the vertical beta function at the
IP.
Achieving the desired luminosity requires increasing the beam currentsenhancing
the vertical beam-beam parametdxs , and reducing the vertical beta functions. Since
increasing beam currents by more than a factor of two is highly challenging in terms of
technical feasibility and operational costs, SuperKEKB adopts the so-called nano-beam
collision scheme [40]. In the nano-beam scheme, beam bunches with small beam sizes
collide at a relatively large horizontal crossing angle, leading to a reduction/oby
roughly a factor of 20 compared to the value of KEKB [7] without the necessity to in-
crease beam currents. Luminosity can be further enhanced by increasing the beam-beam
parametetb. . This also strengthens beam-beam interactions and may cause instabilities
that must be carefully controlled during operation. To approach the design luminosity,
ongoing and planned upgrades and optimization measures are under investigation, in-
cluding modi cations of the interaction region, improvements to the injection complex,
and continued re nement of collimation systems and vacuum conditions [7]. However,
increasing the luminosity comes at the price of increased beam-induced backgrounds in
the Belle 1l detector, which will be discussed in section 3.6.
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Figure 3.2.: Overview of the Belle Il detector including its sub-detectors. Taken from [41].

3.3. The Belle Il detector

The Belle Il detector [6] is a general-purpose, nearly hermdticspectrometer installed
at the IP of SuperKEKB, optimized for time-dependent CP violationimeson decays
and precision measurements. In order to achieve these goals, Belle Il [42] is designed with

A

an impact-parameter resolution df0to 15um, resulting in20to 30um vertex res-
olution;

a relative charged-patrticle transverse momentum resolution of approximad&yo
at?) =1 Gevc,

an observed hadron identi cation e ciency 0P0 %at 10 %contamination with un-
certainties of the order ol %

energy-dependent resolutions of electrons and photons in 1f6&to 4 %range;

an observed lepton-identi cation performance 65 %pion contamination at90 %
electron e ciency, and7 %kaon contamination a0 ¥muon e ciency with typical
uncertainties at thel to 2 %level.

a Level-1 trigger system [8] that delivers nearly00 %e ciency for  events at
Y 30 kHzrate with Y 4’4 ps latency.

Belle 1l has a cylindrical geometry concentric with the beam pipe, as shown in Figure 3.2,
divided into three regions: backward, barrel, and forward. Due to the asymmetric beam
energies of the electron and positron beams, the IP is not located at the geometric center
of the detector, but instead is displaced toward the backward region, thus enlarging the
forward region relative to the backward region. The coordinate system is de ned with its
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origin at the IP: thd -axis follows the incoming electron beam, theaxis points vertically
upward, and theGaxis completes a right-handed system. The detector acceptance is
asymmetric as well, covering polar anglegrom 12'4to 1581 , re ecting the boost from

the asymmetric-energy collisions, where the polar anglis de ned between0» c%with

\ = Oparallel to the positivd -axis. The azimuthal anglg is de ned between» cec¥%

with q = O along the positiveGaxis at~ = 0.

The Belle Il detector consists of several concentric subsystems, surroundedlf¥/Ta
superconducting solenoid and iron yoke, that provide tracking, vertexing, calorimetry,
and particle identi cation:

~ Closest to the IP is a two-layegilicon-pixel detector (PXD) [43], which provides
highly granular spatial measurements of the charged particle tracks near the beam
pipe. With about eight million pixels, it provides the high spatial resolution required
to reconstruct decay vertices of short-lived particles such asesons.

The silicon-strip vertex detector (SVD) [44] surrounds the PXD, and consists of
four double-sided layers of silicon strip detectors. The SVD extends the tracking
volume and improves both vertex and momentum resolution, especially for low-
momentum tracks.

Outside of the silicon detectors, tHeéDC [45] provides tracking andl +dGenergy-

loss measurements for charged particles. A detailed description of the CDC is given
in section 3.4. Information from the pixel, silicon, and drift detectors is combined to
reconstruct particle trajectories and determine their momenta..

Beyond the tracking system, two dedicated particle-identi cation systems cover
complementary angular regions: thiame-of-propagation counter (TOP) [46]in

the barrel and theaerogel-based ring-imaging Cherenkov counter (ARICH)

[47] in the forward end-cap. Both rely on Cherenkov light detection and ring-
imaging techniques to distinguish hadron species, in particular kaons and pions,
over a wide momentum range.

Surrounding these subsystems is tleéectromagnetic calorimeter (ECL) [48],
composed of thallium-doped Csl crystals arranged in a barrel and two end-caps.
It measures the energies and times of photons and electrons, contributing to both
neutral-particle reconstruction and particle identi cation through shower-shape
analyses.

The outermost system is thE-long and muon detector (KLM) [49], embedded

in the iron yoke that returns the magnetic ux of the solenoid. The KLM employs
resistive-plate chambers and plastic scintillator modules to identify muons and de-
tect neutral !O-mesons and neutrons escaping the inner detectors.

Together, these subsystems enable high-precision track reconstruction, vertex determi-
nation, particle identi cation, and energy measurement across a wide kinematic phase
space.
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Figure 3.3.: Schematic view of a drift cell where a
charged particle (black) passes a drift cell bound by
the eld wires (grey), including the drift path of the
electrons to the sense wire (green) and the resulting
drift length (pink) and drift circle (blue).

3.4. The central dri chamber (CDC)

The CDC [6, 50] is the main tracking detector of Belle Il and the main sub-detector
studied in this work. It provides the trajectories of charged particles and momentum
information, as well as particle identi cation through energy loss measuremdntdG

The latter is particularly important for low-momentum tracks that do not reach the outer
particle-identi cation systems. Furthermore, it is one of the trigger sub-detector systems
providing trigger signals for charged patrticles.

The 233 cmlong cylindrical wire chamber spans radii frob6to 113 cmand is organized
into three distinct regions: the forward regiord7 Y\ Y 354 ), the barrelregion354 Y

\ Y 123) and the end-cap regiorl@3 Y\ Y 150) which cover the full azimuthal range
0Yqg Y 2. Itis lled with a 50:50 helium-ethane gas mixture, resulting in an average
electron drift velocity of33 cne s

The drift chamber comprise$4 336gold-plated tungsten sense wires arranged in nine
concentric rings, so-called super-layers. The sense wires and additd&h24luminum

eld wires form drift cells of approximatelyl0 8 mn?and18 18 mmfor the inner-most

and all other super-layers, respectively, as illustrated in Figure 3.3. In the inner-most
super-layer, a reduced cell size is implemented to mitigate channel occupancy arising
from high beam-induced background.

Charged patrticles traverse the CDC along approximately helical trajectories in the
solenoidal magnetic eld and ionize the gas along their paths, producing electrons and
lons in each drift cell. In the electric eld, the electrons drift toward the positively charged
sense wire. Close to the sense wire, the eld strength increases and initiates an avalanche
multiplication process. Secondary ionization ampli es the initial charge and generates
a signal that is read out on the end-plates of the wire by front-end electronics (FEES)
mounted on the backward side of the CDC. The registered signal on the wire is digitized
and converted into a drift length via calibrated time-to-space relations with a spatial
resolution of approximately120um in the transverse plane. Since the azimuthal position
of the particle within the drift cell is a priori unknown, the measurement is expressed as
a drift radius around the sense wire.
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(a) Super-layer con guration (b) Axial and stereo super-layers

Figure 3.4.(a) The 14 336Gense wires of the CDC are arranged concentrically around the
interaction point (IP) in 56 layers, which are grouped into 9 super-layers. These wires
are oriented either axially (denoted A) or in a stereo con guration (denoted U and V).
(b) The axial wires are aligned parallel to the beam axis, whereas the stereo wires are
inclined with respect to the beam axis. The stereo angle alternates between odd- and
even-numbered stereo super-layers. The gures are adapted from [45].

The sense wires, depicted in Figure 3.4, are arranged in 56 layers grouped into 9 super-
layers and are oriented either axial (denoted as A) or stereo (denoted as U and V). Axial
super-layers comprise wires that are aligned parallel to the beam axis il tH&ection

and therefore enable measurements in the transvéise q° plane.

As the sense wires are read out only at a single end-plate, no dirgobsition infor-
mation can be obtained from hits in the axial layers. Therefore, the wires in the stereo
super-layers are inclined by small stereo angles, as speci ed in Table 3.1. This inclination
induces d -dependent displacement of the hit positions in the transverse view, providing
an additional spatial degree of freedom.

Table 3.1.: Con guration of the CDC sensor wires, taken from [6].

Super-layer #jayer #sensor cells A(cm) Stereo angle (mrad)
Axial AO 8 160 16.80 to 23.80 0.0
Stereo Ul 6 160 25.70 to 34.80 45.4 10 45.8
Axial A2 6 192 36.52 to 45.57 0.0
Stereo V3 6 224 47.69t056.69 553to0 643
Axial A4 6 256 58.41 to 67.49 0.0
Stereo U5 6 288 69.53 to 78.53 63.1t0 70.0
Axial A6 6 320 80.25 to 89.25 0.0
Stereo V7 6 352 91.37t0 100.37 685to 740
Axial A8 6 384 102.09t0111.14 0.0
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By combining hits from axial and stereo layers, the reconstruction algorithms perform a
helical t to the resulting set of three-dimensional space points and thus determine the
full three-dimensional trajectory and momentum of the charged particle, which will be

described in detail in section 4.1.

3.5. The Belle Il online system

The Belle Il online system includes the real-time data acquisition and trigger infrastruc-
ture responsible for the readout of detector signals, the execution of low-latency event
selection, and the management of data ow during experimental operation.

At SuperKEKB the bunch-crossing rate is approximates0 MHz whereas the collision

rate and the resulting rate of physics processes is much lower. For example, the production
rate of theP14( ° resonance at the design luminosity is only abdi67 kHz[32]. The most
common background interaction is Bhabha scatteridgd ! 4 4 ¥, in which the
scattered electron or positron falls within the acceptance of the ECL, occurring at a rate of
roughly 446 kHz The remaining interactions are predominantly caused by beam-induced
background processes, described insection 3.6. Consequently, a substantial fraction of the
recorded events must be rejected.

The Belle Il online system is therefore composed of multiple stages: The data acquisition
(DAQ) acquires data from the sub-detectors and, upon receipt of the L1 trigger [8, 51]
signal, forwards the corresponding event information to the high-level trigger (HLT).

It is limited to an event recording rate of less thad0 kHz due to limited bandwidth.
Therefore, the L1 trigger system reduces the event rate onlin2if real-time before
events are stored) to a level that can be processed by the DAQ system, while preserving
a high e ciency for the physics processes of interest [32]. The HLT [52] executed on a
computing farm then performs additional event selection and data reduction to decrease
the overall data volume to a level compatible with the available storage capacity on disk.
In the following, the components of the Belle 1l online system will be discussed in detail.

3.5.1. Data acquisition system

The DAQ system is designed to acquire the continuous data stream from all sub-detectors.
For example, in the CDC, raw detector signals are initially processed and digitized locally
on the 299FEE boards mounted directly on the backward side of the detector, each pro-
cessing 48 sense wire channels [53]. Each of these channels is processed by an ampli er-
shaper-discriminator ASIC [54], which provides an analog signal for charge measure-
ments.

The analog signal waveform as illustrated in Figure 3.5 is digitized by an analog-to-digital
converter (ADC) and a time-to-digital Converter (TDC) that provide a ADC count, a
TDC time stamp and a time-over-threshold (TOT) measurement. When a sampled ADC
value exceeds the channel-speci c pedestal value, the corresponding TDC time stamp is
recorded and the 25 consecutive sampling points (taken ed2g9 accumulate to form

an ADC count. In addition, the TOT value, which is the number of sample points above

12
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Figure 3.5.: Sense-wire pulse shape of a
CDC wire hit. The rst sample exceeding
the pedestal triggers the TDC signal. The
next three consecutive samples are sent to
the L1 trigger (TRG), while up to 25 sam-
ples are summed above pedestal and sent to
the DAQ system. For most hits, far fewer
than 25 samples contribute to this DAQ
ADC sum. The complementary TOT signal
records how many samples have amplitudes
above the pedestal.

Figure 3.6.: CDC wires are arranged in alternating axial (purple) and stereo (pink) super-
layers. Hits on the rst three layers and the last layer in every super-layer except for the
rst super-layer are not sent to the L1 TRG system (white). In the CDC TRG system, one
out of ve layers is considered a priority layer (darker color).

the pedestal value, provides complementary timing and charge information. The mea-
sured TDC value can be decomposed as

U TDC=)0 )tof )dri% ) prop (3-2)

with a resolution ofU=1ns) ¢ is the collision time) (ot the time-of- ight from the inter-
action point to the drift cell,) g% the electron drift time to the sense wire, angyop the
signal propagation time along the wire to the FEEs. The dominant contribution is the drift
time of electrons within the drift cel) 4ri%, Which can reach values greater th&®0 ns
while the other terms are typically of the orde®*1 ng.

The TDC value of each wire is mainly used to determine the drift radius of the correspond-
ing hit, and the complete set of TDC values in an event allows calculation of the global
eventtime) o. In an alternative scenario whedyix, ) prop, the TDC measurement could

in principle providel -dependent information, since the signal is read out from only one
wire end. Alternatively, equipping both wire ends with FEE readout would allow direct
reconstruction of the longitudinal hit position, but this is not possible with the current
detector setup.

13
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Table 3.2.: Maximum resulting L1 trigger latency constraint imposed by the di erent sub-
detector systems due to the bu er of the detector front-ends. The overall latency is limited
by the lowest of these budgets. The values are taken from [55].

Sub-detector max. latency budgets)

PXD 10°'s

SVD 5's

CDC 15°s

TOP 9's

ARICH up to1015's
ECL 100's

KLM 52°s

In parallel to the primary DAQ readout chain, a reduced-precision copy of the raw detec-
tor signal on independent FEE boards is routed to the L1 trigger system: a coarser time
resolution of2 nsis used, the ADC value is calculated as the sum of 3 sampling points and
no TOT information is provided.

In addition, due to bandwidth limitations only a subset of the available CDC layers is
transmitted to the downstream L1 trigger reconstruction algorithms, as illustrated in Fig-
ure 3.6: in the inner-most super-layer, the rst three layers are excluded, and in each of
the remaining super-layers the outermost layer is omitted.

3.5.2. The Level-1 trigger system

The L1 trigger receives reduced-granularity information from several sub-detector-
speci c trigger systems and provides a global accept or reject decision for each event.
The overall system must comply with the following design constraints:

~ A maximum L1 trigger rate 080 kHz consistent with the DAQ throughput capacity
of 3GPBs.

" A total trigger latency <4"4ps, including data transmission and processing across
all L1 trigger modules.

" Event timing precision of less thahO nsand event separation 00 ns
" Near100 % ciency for hadronic events, includingb 4 !  and4 4 | @with
@=De*3Bs2

The latency constraint is determined by the bu er size of the FEEs, which bu er data for
roughly one beam bunch revolution before a L1 trigger decision must be issued [51]. Ta-
ble 3.2 presents an approximate overview of the respective maximum acceptable latency
constraints applied by each of the various sub-detectors. Currently, the overall L1 trigger
latency is constrained by the SVD with a latency budgetofs.

Four main sub-trigger systems provide input to the global trigger logic of the L1 trigger
system as displayed in Figure 3.7:

14
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Figure 3.7.: Schematic diagram of the Belle Il Level-1 trigger system, illustrating its key
components and data ow. Adapted from [8].

" The CDC trigger [8, 56] is one of the primary sub-triggers reconstructing two- and
three-dimensional charged tracks from CDC hit patterns. It provides track multi-
plicities, approximate angld, and momentum information over the entire Belle II
acceptance. A detailed description of this sub-trigger is given in section 4.2.

The ECL trigger [57] operates on trigger cells that aggregate signals from multi-
ple crystals to 4x4 trigger cells. It provides measurements of the total deposited
energy, individual cluster energies, and cluster positions. Furthermore, it performs
Bhabha scattering identi cation by exploiting the characteristic back-to-back clus-
ter topology. Bhabha identi cation is crucial in the L1 trigger as Bhabha scattering
constitutes the highest background source and needs to be ltered at an early stage.

The TOP trigger [58] provides event timing and hit-topology information derived
from Cherenkov photon propagation times in the TOP detector. This is achieved by
correlating the observed photon arrival time with precomputed reference patterns
obtained from simulation.

The KLM trigger [51] provides coincidence and back-to-back condition informa-
tion.

The outputs of the sub-trigger systems, such as charged tracks from the CDC, ECL clus-
ters, and locations of the TOP and KLM hits, are collected by the global reconstruction
logic (GRL) that combines the information from the sub-trigger systems and provides
global trigger observables to the nal global decision logic (GDL). The GDL subsequently
derives the nal trigger decision by evaluating Boolean combinations of the various trig-
ger signals supplied directly by the sub-detector systems as well as by the GRL.
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The L1 trigger system is fully implemented on Field-Programmable Gate Array (FPGA)-
based boards. It processes events in a dead-time-free pipeline synchronized with a
127216 MHzsystem clock distributed by the trigger and timing distribution system. All

L1 trigger modules, except for the front-end and merger devices, are executed on UT3
or UT4 boards that feature a Xilinx Virtex-6 or a Xilinx Ultrascale XCVU080/160 chip,
respectively [8]. The system operates with a common revolution signdl@jis, which is

used to synchronize counters and data pipelines throughout the trigger chain.

3.5.3. The high-level trigger system

The HLT system [52, 59] consists of a computing cluster comprising up to 15 computing
nodes that house arounl 000processing cores. It performs a full event reconstruction
applying the Belle Il Analysis Software Framework (basf2) to the raw data acquired from
the sub-detector FEEs in real time. It should be noted that the PXD data are not sent to
the HLT. Instead, the HLT processes data from the other sub-detectors and, for selected
events, transmits the corresponding region-of-interest information to the PXD readout.
The PXD data are then combined with the rest of the Belle Il event data downstream of
the HLT.

The objective of the HLT is to achieve a data reduction by a factor between 1/3 and 1/5,
such that the output rate remains below GBs. Based on this online reconstruction,
events are selectively Itered before being written to persistent storage for subsequent
0 ine processing and analysis.

In addition to lter-based selection, the HLT performs an initial coarse classi cation
(skimming) that produces the so-called HLT skims. All events that satisfy at least one
HLT condition are subjected to a fast analysis and assigned to one or more broad physics
categories, such as Bhabha, hadronic, tau, muon-pair, and others. A corresponding ag
is attached to each event, which can later be accessed directly from the raw data without
requiring a full event reconstruction.

3.5.4. Field programmable gate arrays

The L1 trigger system relies primarily on FPGA technology due to strict throughput and
latency requirements. The main advantage of FPGAs over general-purpose processors
such as central processing units (CPUs) and graphics processing units (GPUSs) is high par-
allelization with pipelining: Independent operations can run in parallel, allowing trillions

of operations per second with relatively low power consumption. Comparable throughput
can only be achieved by ASICs that are custom-made for their speci c tasks. In contrast
to ASICs, FPGAs support low-cost exible prototyping with much shorter development
cycles than ASICs. Furthermore, a key advantage of FPGAs is their post-manufacturing
recon gurability, which is especially useful in machine learning (ML) applications, where
the neural network architecture and parameters can be dynamically updated during op-
eration.

A conventional FPGA architecture, illustrated in Figure 3.8, consists of thousands of con-
gurable logic blocks (CLBs). These CLBs typically contain a programmable look-up table
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Figure 3.8.: Simpli ed illustration of an FPGA consisting of input/output (I/0O) Blocks,
switching block (SB) and con gurable logic block (CLB) consisting of a look-up table
(LUT), a ip- op (FF), and a multiplexer (MUX).

(LUT) that performs logical or arithmetic operations via table look-up, a ip- op (FF) that
forwards the signal at the subsequent positive clock (clk) edge, and a multiplexer (MUX)
that enables either the forwarding or the bypass of the corresponding signal. The CLBs
are interconnected through programmable switching blocks (SBs), while input/output (I/
O) blocks provide the interface to external signals.

Since implementing multipliers exclusively with CLBs is highly resource-intensive, mod-
ern FPGAs incorporate dedicated digital signal processors (DSPs), which are specialized
for low-latency arithmetic operations and o er a good trade-o between performance
and resource utilization. Together with FFs, LUTs and DSPs, on-chip block random ac-
cess memorys (BRAMSs) constitute the four main components of an FPGA and are used
to store larger data sets directly on the device.

Today, the term FPGA is sometimes used interchangeably with system-on-chips (SoCs),
which integrate multiple embedded subsystems, including CPUs, bus interconnects,
RAM, ROM, and various peripherals, on a single device. Within the Belle Il L1 trigger
infrastructure, the UT3 and UT4 boards are deployed, both of which are based on the
Xilinx Zyng Ultrascale+ SoC.

3.6. Beam-induced backgrounds at Belle Il

The Belle Il detector is subject to signi cant backgrounds [6, 7, 32], where any process
that is not part of the decay of interest is considered background. In the following, the
general categories of background sources at Belle Il are described, followed by a detailed
discussion of the beam-induced background contributions.
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3.6.1. Types of background

The cross section for hadronic events is approximately’l nb, whereas the dominant
process in terms of rate is Bhabha scatteridgd ! 4 4 ), which, after applying analysis
selection criteria, has an e ective cross section of abdis nb Backgrounds such as
Bhabha scattering are typically categorized as backgroendntsor processeand are
largely suppressed by the trigger system or by the application of basic selection cuts in
physics analyzes.

A second class of background arises from physics processes that closely imitate the signal
under study. For example, in analyses of the decady '° - , a major background
source is the decay ! < '°, which has a substantially larger branching fraction
and a very similar nal-state topology. This type of background is referred topdnysics
background Additional physics backgrounds arise from other decay processes that can
mimic the signal, particularly when combined with particle mis-identi cation or mis-
reconstruction of the event kinematics or topology.

A third class of background originates from non-resonaht ! @&hadronic events, in
which light quarks hadronize, thereby emulating the characteristics of signal events. This
background is denoted antinuum background

The fourth background category, the main subject of the remainder of this section, are
beam-inducedbackgrounds (or short beam backgrounds). Beam backgrounds originate
from beam-beam and beam-environment interactions, in which stray particles deviate
from the nominal beam trajectory and subsequently collide with accelerator components
or residual gas molecules, thereby producing secondary particle cascades [60, 61]. These
backgrounds a ect detector occupancies, pile-up, radiation dose, and noise levels and
therefore directly impact the performance and lifetime of the sub-detectors, as well as
the irreducible analysis background and the stability of trigger and DAQ systems. The
sub-detectors that are most vulnerable to beam-induced backgrounds are the TOP patrticle
identi cation system and the CDC. As the instantaneous luminosity at SuperKEKB ramps
up toward its target value by increasing the beam currents and reducing the beam sizes
with the nano-beam scheme, the background levels grow correspondingly.

3.6.2. Beam background sources

Beam-induced backgrounds arise from several distinct processes. Thatis, six main sources
listed in Table 3.3 are relevant for Belle 1l [32]:

Radiative Bhabha scattering corresponds to the procegs4 ! 4-4 Win which an en-
ergetic photon is radiated predominantly along the beam direction. These photons
can interact with the iron of the accelerator magnets downstream of the interaction
region and initiate photo-nuclear reactions that produce neutrons. These then scat-
ter back into the Belle Il detector and contribute particularly to the background in
the outer KLM system. Since the radiative Bhabha rate is proportional to the instan-
taneous luminosityL s, it constitutes one of the major luminosity-related back-
ground sources at Belle Il. For the mitigation of this background source, additional
neutron shielding has been installed.
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Table 3.3.: Main beam background components at SuperKEKB/Belle Il, their qualitative
rates [32], and dominant parameter dependencies. The reported rates are based on beam
background simulations provided by the accelerator group.

Type Rate (MHz) Dependencies
radiative Bhabha 2739 /L inst
two-photon QED 206 /'L inst
beam-gas interactions 157 | peam Pac
Touschek scattering 114/ gfam- \L
synchrotron radiation <1 / geam
injection background - ! beam

Another problem is that the scattered electrons and positrons in radiative Bhabha events
lose energy and experience "over-bending" in the downstream magnets, which causes
them to hit the beam pipe and produce electromagnetic showers. This e ect is reduced
by using separate magnets for the incoming and outgoing beams so that only particles
with very large energy losses are intercepted in the magnet region.

Two-photon processes of the type4- 4 | 44 4 4 and related QED interactions gen-
erate low-momentum electron-positron pairs. These low-momentum particles can
spiral along the solenoidal magnetic eld lines and leave multiple hits in the inner-
most detector layers, thereby increasing occupancies and fake-hit probabilities in the
vertex detector. Similar to radiative Bhabha scattering, the rate of these processes
scales with luminosityL j,st and thus becomes increasingly relevant as SuperKEKB
moves toward higher luminosities.

Beam-gasinteractions constitute a major single-beam background source and are caused
by elastic and inelastic scattering of beam particles on residual gas molecules in the
vacuum chamber. Therefore, this interaction is proportional to the beam current

beamand the residual gas pressu¥g,c. These interactions can de ect beam particles

or produce secondary patrticles, leading to additional losses and shower patrticles
that may reach the detector. Beam-gas backgrounds are mitigated using movable
collimators and shielding elements. Further mitigation includes improved vacuum
design and continuous vacuum scrubbing of the beam pipes, reduidjngand thus

the rate of beam-gas interactions.

Touschek scattering is an intra-bunch Coulomb-scattering process in which momentum
is transferred between particles within the same bunch, producing o -momentum
particles that can be lost on the beam pipe. The resulting particle losses generate
secondary radiation and shower patrticles that can enter the detector volume and
create additional hits. This, in particular, a ects the inner-most tracking detectors
and the calorimeter. Since the Touschek rate scales inversely with the transverse
beam size\_, this contribution increases signi cantly at SuperKEKB compared to
KEKB, which is a direct consequence of the nano-beam scheme [32]. As for beam-gas
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backgrounds, the mitigation is based on movable horizontal and vertical collimators
and metal shields that intercept o -momentum particles before they reach the IP.

Synchrotron radiation  is emitted when the electron and positron beams are bent in the
magnetic elds of the accelerator. A fraction of the emitted photons can strike the
inner beam pipe in the vicinity of the interaction region and scatter into the Belle I
detector, potentially depositing energy in the inner-most layers. To suppress syn-
chrotron radiation backgrounds, the inner surface of the beam pipe is coated with
gold and equipped with ridge structures that prevent photon propagation toward the
IP.

Injection background occurs when new bunches are injected into the storage rings mul-
tiple times per hour and not all particles are immediately captured in stable orbits.
This e ect is e.g., attributable to imperfections in the injection kicker, which cause
transient bursts of beam losses and associated detector activity. To suppress this
background contribution, a trigger veto synchronized with the injection period is
implemented, at the cost of increased DAQ dead-time.

Detailed simulations together with dedicated machine studies make it possible to decom-
pose the various background contributions by operating with and without collisions and
by tuning beam parameters that in uence backgrounds, thereby exploiting their di ering
impacts on the individual background sources. These comprehensive simulations enable
projections to future machine con gurations, forming the foundation for future upgrade
studies [60, 61]. A description of the L1 trigger rate calculation and extrapolation method-
ology can be found in the appendix A.2.2.

3.6.3. Background conditions across runs

Beam-induced backgrounds in the CDC depend on the instantaneous luminosity, beam
conditions, and gas properties of the chamber. In order to monitor the background level,
the background-sensitive observable number of extra CDC Im&yiracochits Which
counts hits that are not associated with any reconstructed CDC track and are therefore
attributed to beam-induced background rather than physics tracks, is shown in Figure 3.9.
Despite intra-run variations due t@.g. beam tuning, a clear trend is visible: higher in-
stantaneous luminosity, that is implicitly increased over experiments and runs, generally
results in a larger number of beam background hits.

Towards the end of Run | (experiments 22 to 26), the background increased by orders
of magnitude (from 127 to 1437 hits per event) within a period of approximately seven
months due to an increase in instantaneous luminosity. The same trend can be seen for
Run Il data. However, experiment 35, run 740 (October 2024) shows a signi cantly higher
average number of beam background hits than experiment 26, run 1430 (1605 vs. 1179),
even though the peak instantaneous luminosity is low&t(l 10**vs.3%64 16**cm 2s 1)

and the beam conditions are comparable. This indicates additional contributions originat-

20



3.7. CDC degradation

Figure 3.9.: Increasing number of extra CDC Hit$exiracpchits@S @ measure of increasing
background levels shown for experiments 21 to 40 (November 2021 to April 2026). Values
provided by [62].

ing from the CDC itself, in particular variations in gas conditions and possible detector
aging phenomena such as the Malter e ect described in section 3.7.

The highest background conditions observed to date occurred in experiment 39, where
the average number of extra CDC hits reach&d exiracpchits = 2450in run 561 at

the beginning of February 2026, corresponding to ab&udt%of all CDC wires being

hit on average per event. At the target luminosity, the expected background level is
bl extracDchits = 2800 which implies an occupancy of roughl$9 %of CDC wires per
event. For comparison, a typicdt4 ! - 2\ event produce0110® CDC hits,
whereas an averagé 4 ! ~ event induceD170@ hits from charged decay products

in addition to the superimposed background contribution.

The progressively increasing wire occupancy presents substantial challenges for both the
current trigger system and the o ine reconstruction algorithms. On the one hand, dense
background levels directly degrade tracking e ciency and spatial-momentum resolution
while increasing the rate of spurious (fake) and duplicate (clone) track candidates. On the
other hand, higher occupancy results in larger event sizes and consequently increases the
computational cost of the reconstruction, which exhibits approximately quadratic scal-
ing with respect to the number of CDC hits. Furthermore, increased wire occupancies
accelerate detector aging, as discussed in the subsequent section.

3.7. CDC degradation

Beam-induced backgrounds do not only directly in uence the track reconstruction per-
formance, but also the operational lifetime of the CDC. In the following, two principal
consequences for the CDC, illustrated in Figure 3.10, are examined in detail: (i) reduc-
tions in wire detection e ciency and (i) masking of readout boards a ected by (temporal)
radiation-induced damage.
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3. SuperKEKB and the Belle Il Experiment

(a) Experiment 22, run 30 (b) Experiment 26, run 1430

(c) Run | average (d) Approximated conditions for Run II.

Figure 3.10.: Wire e ciency maps of the CDC used in simulations for di erent experi-
ments and runs are shown in Fig. 3.10a and Fig. 3.10b, along with the average map over
the full Run | period and approximated conditions for the Run Il period. Colored wires
have reduced e ciency (<1); red wires are completely o . Large colored regions indicate
disabled boards: if red, they were o for the entire period; otherwise, they were disabled
only during the time when a speci c issue occurred. Figures are taken from [63].

3.7.1. Wire e iciency loss

The CDC wire e ciency is mainly e ected by the Malter e ect [64, 65], which is the
direct cause of higher wire occupancies that lead to an increase in the total chamber cur-
rent and result in an accelerated rate of material deposition and charge accumulation on
the wires. These e ects alter the local electric eld con guration and reduce the ampli-
cation gain. This makes the wires less sensitive to ionization signals, resulting in fewer
registered hits along particle tracks. This is especially true in the inner-most CDC layers,
where the particle ux is highest due to their proximity to the IP. In severe cases this
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can lead to micro-discharges or electrical instabilities that introduce additional noise and
further compromise track reconstruction. Due to this gain reduction, the reconstruction
algorithms have fewer reliable points to identify and reconstruct tracks, which increases
the uncertainties on track parameters and, in particular, decreases the momentum reso-
lution. In addition, particle identi cation, which is based od +dG is a ected due to the
decreased collected charge and the reduced number of hits.

3.7.2. Masked boards

Another major challenge for the track reconstruction algorithms arises from CDC read-
out boards that are masked during data taking. The FEE boards are located within
the detector volume and are therefore continuously exposed to high radiation levels.
Radiation gradually degrades the electronics and can cause failures that corrupt data,
produce un-physical outputs, or, in severe cases, destabilize the DAQ. High input rates
from beam-induced background further stress the readout by lIling bu ers faster than
they are emptied, driving the system into a busy state and temporarily suspending data
collection. For example, low-kinetic-energy background neutrons increase the rate of
single-event upsets (SEUSs) in the CDC FEEs. Such soft errors like SEUs do not perma-
nently damage the hardware, but disrupt operation until reset and can therefore disrupt
the Belle Il DAQ system and consequently degrade the overall data-taking e ciency.

Masking instructs the DAQ system to ignore hits from a given board, either proactively

if a malfunction is already known or dynamically when a DAQ problem is detected. For
recurring problems, this is particularly advantageous: while an occasional rmware reset
is acceptable, frequent interruptions would cause signi cant dead time, whereas masking
provides a temporary mitigation at the cost of a modest loss of information. The main
drawback is the reduction in detector acceptance and coverage. Within each CDC super-
layer, the boards are arranged @, and masking a single board, or two boards aligned

in g, creates localized gaps without recorded data. The track reconstruction must then
extrapolate across these gaps, increasing uncertainties on track parameters and, conse-
guently, on physics observables. This is especially problematic when these gaps occurs
in an axial layer, since track nding relies exclusively on axial layers.

3.8. Detector upgrades

Achieving the design luminosity of SuperKEKB requires comprehensive modi cations to
the interaction region, which in turn requires an extended shutdown period, referenced
as long shutdown 2 (LS2). To preserve physics performance and trigger e ciency in the
presence of enhanced beam-induced backgrounds accompanying the luminosity increase,
a new inner detector system and several associated detector and trigger upgrades are
planned, making full use of the shutdown period for their implementation. This section
outlines principle planned upgrades, with particular emphasis on the CDC and the L1
trigger.
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3.8.1. CDC upgrades

The CDC is subject to several upgrade considerations, motivated by the expected increase
in beam-induced background levels, as its present performance is already being adversely
a ected by the current beam background conditions, as discussed in section 3.7. The
inner-most CDC layers are most exposed to beam backgrounds and corresponding in-
creasing occupancies and detector aging. One of the proposed mitigation strategies con-
sists of reducing the gas ampli cation gain of the inner-most sense wires, or, in a more
radical approach, removing or partially deactivating the most severely a ected inner-most
wire layers.

3.8.1.1. CDC trigger hardware upgrades

To cope with the increased beam-induced backgrounds expected at the target luminos-
ity, and to e ciently trigger low-multiplicity non-  physics processe® (. g, di-lepton

nal states, and dark/new particle searches), a series of hardware and rmware upgrades

is planned for the L1 trigger system [7]. First, the fraction of UT4 boards increases in
the near term. In addition, a UT5, based on Xilinx Versal FPGAs that provide extensive
DSP resources, is under development (2024-2032). The UT5 is designed to enable more
sophisticated trigger algorithms, including those based on machine learning.

Around 2026, an upgrade of the CDC FEEs boards is planned, employing optical transceivers
with increased radiation tolerance to ensure the reliable operation of the CDC readout
system until the end of the Belle Il experiment. Furthermore, the FEE upgrade program
encompasses targeted improvements in mitigation of cross-talk e ects and an increase

in data transfer throughput [7]. The optical link bandwidth will be increased fradn

to 10 GBs, allowing transmission of complete TDC and ADC information for all sense
wires, rather than for only a subset. In addition, the precision of the ADC count will

be improved by employing a summation of 25-samples, and the TDC resolution will be
improved to1 nsconsistent with data transmitted to the DAQ system. The changes are
summarized in Table 3.4.

Table 3.4.: Information send from CDC front end board to the L1 TRG, taken from [7] and
from private communication with T. Koga [66].

sent to the CDC TRG present new
existence of wire hit 45 of 56 layers all layers
hit timing (TDC) 9 of 56 layers all layers
2 nsprecision 1 nsprecision
charge (ADC) 9 of 56 layers all layers
3-pointsum  25-point sum
1 bit 4 bit

To accommodate the higher input bandwidth, the CDC merger boards will be migrated
to UT4 boards. The rmware will be comprehensively redesigned to take advantage of

24



3.8. Detector upgrades

enhanced TDC / ADC data, with the aim of improving the tracking performance and
suppressing background contributions.

3.8.1.2. CDC trigger rmware upgrades

The current CDC track trigger utilizes a two-dimensional Hough transformation applied
to hits from the ve axial super-layers to reconstruct the transverse moment@&mand

the azimuthal angley of track candidates. An extension of this method to a fully three-
dimensional Hough transformation is under development, in which hits from the stereo
super-layers are incorporated directly into the Hough parameter space [67]. A more de-
tailed description is provided in subsection 4.2.2.

The current neural -trigger, which processes the input candidates provided by the Hough
nder, utilizes neural network-based algorithms for track tting. To accommodate the
higher trigger rates anticipated at increased instantaneous luminosities, an upgraded deep
neural network rst-level hardware track trigger [9], based on a deep neural network
(DNN) architecture, has been developed. In addition, an expanded set of input observ-
ables for this DNN is under investigation. The implementation of the DNN-based neural
network trigger is planned to be integrated on the same board as the proposed 3D Hough
nder in order to minimize data transmission latency. This integrated system will then re-
place the two-dimensional Hough-based track nder currently used, the additional event
time nder (ETF), as well as the existing three-dimensional track tting algorithm.
Moreover, a dedicated displaced-vertex trigger [68] is being studied to enhance sensitivity
to event topologies in which two oppositely charged particles originate from a common
decay vertex that is signi cantly displaced from the IP.

3.8.2. New inner sub-detectors

Due to a modi ed focusing system at the IP aimed at increasing the luminosity, an up-
grade of the inner part of Belle Il is required. The primary option under investigation
is a new inner tracking system, denoted vertex detector (VTX) [69], which is intended
to replace both the PXD and the SVD. This replacement is associated with an increased
bu er capacity, which in turn will increase the total L1 trigger latency requirement from

5 sto approximatelylO s.

In a con guration in which the inner layers of the CDC are removed, the implementation
of an additional detector subsystem between the VTX and the CDC is under consideration.
This inner tracking and timing detector (ITT) [70] might comprise a silicon strip tracker,
analogous to the current SVD, as well as an additional fast timing layer (FTL) designed to
improve the identi cation of low-momentum particles via time-of- ight measurements.
Currently, the PXD and SVD subsystems do not deliver trigger signals. With the planned
VTX upgrade, a dedicated vertex trigger could be implemented to complement the single
track trigger (STT) in suppression of beam-induced backgrounds originating outside the
nominal interaction region.
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In Belle Il, two conceptually independent track reconstruction approaches are used. The
rst is the o ine track reconstruction, which is primarily used for physics analyzes but

is also executed within the HLT for early event Itering. The second is the tracking algo-
rithm implemented at the L1 trigger level on FPGA-based hardware. The latter operates
under stringent latency constraints and, as a consequence, provides reduced reconstruc-
tion precision compared to the full o ine tracking. In the following, both track recon-
struction algorithms are described in detalil.

4.1. O line track reconstruction

The o ine track reconstruction (tracking) in Belle Il [45] is a multi-stage process that
combines measurements from all three tracking detectors, PXD, SVD, CDC, into a single
set of charged particle trajectories. The reconstructed tracks are described by ve helix
parameters at the point of closest approach (POCA) to the nominal IP: the transverse
impact parameteBy, the azimuthal anglejg of the transverse momentum at the POCA,
the signed curvaturé , the longitudinal impact parametdr,, and the tangent of the dip
angletan_.

In this section, | summarize the baseline tracking algorithm implemented in basf2 [71, 72].
The full o ine track reconstruction is divided into several dedicated algorithms tailored

to the di erent sub-detectors:

1. CDC hit preparation : The reconstruction starts with a pre-processing of the CDC
hits for tracking and applying a basic hit pre-selection.

2. CDC track nding : After hit preparation, two independent CDC track nding
algorithms are run sequentially to identify potential track candidates and attach
associated hits. The rst is a global pattern recognition based on the Legendre
transformation [73], which is followed by a local cellular automaton [74] that builds
short tracks without assuming an IP origin. The resulting track candidates are then
merged.

3. CDC-SVD combination : The CDC tracks seed a combinatorial Kalman Iter (CKF)
that extrapolates the tracks into the SVD volume. It attaches compatible silicon strip
clusters using a multi-variate analysis (MVA) classi er to select the most probable
continuation of each track candidate.

4. SVD-only track nding : Tracks that leave too few hits in the CDC, typically with
transverse momentum belod00 Mevc, are reconstructed in the SVD by a second
cellular automaton.
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4. Tracking at Belle Il

5. Combined t : The resulting SVD tracks are extrapolated to the remaining CDC
hits and re tted, complementing the CDC-seeded tracks.

6. PXD attachment: PXD hits are attached to the CDC-SVD tracks in a nal CKF
step, signi cantly improving the3g andl ¢ resolutions by the high-resolution PXD
space points.

7. Track tting :Inthe nal GENFIT2 [75] track tting stage, the track parameters are
re ned while accounting for energy loss and material e ects. The resulting helix
parameters and covariance matrices are stored for analysis.

In the context of this work, | focus on the CDC-only modules 1, 2, and 7, as this choice
enables a direct comparison between the graph neural network (GNN)-based Iter de-
veloped in this work and the existing CDC hit Iters. The CDC-only modules will be
explained in more detail in the following.

4.1.1. CDC hit preparation

In the rst tracking step, the raw CDC signals are convertedware hitsand initial back-
ground suppression is applied by thivareHitPreparer ~ module [72]. Early hit Itering in
the CDC is crucial for constraining the combinatorial complexity of track reconstruction,
which scales approximatelly #ﬁits with the number of recorded hits. Conceptually, this
stage comprises the following steps:

1. Application of basic quality and timing cuts to remove clearly un-physical or out-
of-time signals.

2. Bad wire masking based on the recorded CDC conditions of the used data run.

3. Hit Itering using one of the two given lters:

a) Thelegacy cut-based hit Iter uses xed cuts, namely ADC15, TOT 2, and
ADC/TOT 3forthe inner-most and ADC 18, TOT 2, and ADC/TOT 3 for
the other super-layers.

b) TheMVA-based hit Iter employs FastBDT [76] gradient-boosted decision
trees for per-hit classi cation.

4. Cross-talk Itering that requires the number of hits per readout ASIC to be within
set limits and uses the deviation of each TDC from the median TDC to identify and
discard cross-talk hits.

The GNN lter introduced in this work is employed at this tracking stage and included
into the CDCwireHitPreparer ~ module as an alternative to the pre-existing ltering al-
gorithms. The corresponding Itered hits are marked as background by dedicated back-
ground ags, ensuring that they are excluded from the subsequent tracking stages.
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4.1.2. CDC track nding

The baseline CDC reconstruction employs two complementary pattern-recognition algo-
rithms, described in detail in [45]: a global Legendre-transform-based method and a local
cellular-automaton-based track nding.

Global CDC track nding is initiated using information from the sense wires in the ax-
ial layers and by searching for high-density regions in the Legendre space. Track
candidates are reconstructed in an iterative procedure that keeps track candidates
satisfying prede ned quality criteria, such as a minimum number of associated hits,
and removes these hits from further iterations. A fast t re nes parameters, merges
clones or loop fragments, and resolves hit ambiguities.
Subsequently, the hits from the stereo layers are associated with the transverse 2D
trajectories and are used to determine the longitudinal track parameters by identify-
ing dense regions in a second Legendre space. Stereo hits that are compatible with
more than one track candidate are excluded from all corresponding candidates.

Thelocal CDC nder applies a weighted cellular automaton on graphs built from the hits
without requiring tracks to point to the IP. It rst builds segments from triplets of
neighboring hits within a super-layer (vertices), weighted py of a least-squares
t, and connects neighboring triplets that share two hits to edges. In a second stage,
axial and stereo segments from adjacent super-layers are combined into longer track
candidates using circle and line ts (Riemann-circle methods). Finally, the cellular
automaton selects high-weight paths as track candidates.

The global and local nder outputs are then merged using a FastBDT with a priority on the
global nder outputs. The resulting found tracks comprise an initial estimate of the track
parameters, including the point of origin, the momentum, and the electric charge, as well
as an ordered sequence of associated hits. However, at present the cellular-automaton is
not fully used, reducing the e ciency for displaced vertices.

4.1.3. CDC track tting

Track tting is performed using a CKF-based algorithm implemented in thenFIT2 [77]
framework. Starting from an initial seed provided by the track nding stage, the tter
propagates the track state through the detector and updates it sequentially with each
associated hit. Since this procedure relies on a consistent, ordered sequence of measure-
ments, it exhibits a high sensitivity to incorrectly assigned hits originating from other
tracks or from a beam-induced background. Such wrongly assigned hits can signi cantly
compromise the tquality or even cause the tto fail. To address this issue, a determinis-
tic annealing Iter (DAF) is applied prior to the CKF application in order to down-weight
or exclude hits that are incompatible with the track hypothesis.

The propagation explicitly accounts for material e ects, including ionization energy loss
and multiple Coulomb scattering, as well as for the non-uniform solenoidal magnetic
eld within the detector volume. For a consistent treatment of the material interactions,
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separate ts are performed under di erent particle-mass hypotheses (pion, kaon, and pro-
ton), ensuring that ionization losses and multiple-scattering contributions are evaluated
according to the assumed particle species. In this thesis, the pion mass hypothesis is
adopted as the default con guration for all performance studies.

4.2. The track trigger system

The CDC trigger system constitutes one of the core subsystems of the L1 trigger sys-
tem, tasked with the real-time reconstruction of charged-particle trajectories. The CDC
trigger is implemented on FPGA-based universal trigger boards and operates at a clock
frequency of31'804 MHz The CDC trigger chain, schematically depicted in Figure 4.1
for the current setup as well as a proposed future setup, is structured as a sequence of
successive processing stages. An overview of the complete processing chain is presented
in the following sections.

4.2.1. Track segment nding

Following the CDC TRG FEEs and the merger boards, the TSF constitutes the rst process-
ing stage within the CDC trigger system. Its primary objective is the reduction and com-
pression of the raw hit information. This is achieved by associating time- and position-
coincident wire hits into local TSs within each super-layer, employing prede ned geomet-
rical patterns in conjunction with LUT-based logic. The TSs constitute the fundamental
input objects for all subsequent track reconstruction stages and thus provide the interface
between the raw CDC signals and higher-level online reconstruction [78].

A track segment is de ned as a compact prede ned pattern of neighboring sense wires
that span ve adjacent layers around a central priority wire, with distinct pattern de ni-
tions employed for the innermost super-layer and for the outer super-layers, as shown in
Figure 4.2a. Before event-wise TS construction, the TSF applies basic data-quality checks,
including the masking of known dead channels and the rejection of characteristic cross-
talk clusters characterized by dense time-coincident hit clusters on the same front-end
chip. Subsequently, for every prede ned segment pattern, the TSF continuously tests
whether the instantaneous pattern of wire signals in an event is compatible with a valid
track segment.

The corresponding decision logic is realized as a nite-state machine, encoded in prede-
ned data-driven LUTs. The current con guration requires at least four hits in consec-
utive TS-layers for a TS to be formed. For each accepted segment, the algorithm assigns
a discrete identi er that classi es the corresponding hit-pattern topology as indicative of

a left- or right-side passage of a potential track, or as an unde ned type, as illustrated in
Figure 4.2b. In addition, timing quantities are computed, such as the time of the priority
hit and the earliest hit time within the segment.

In high-occupancy conditions, a single physical track or beam-induced background can
produce overlapping hit patterns in neighboring segments, resulting in redundant infor-
mation. To mitigate this e ect, the TSF applies neighbor suppression: segments whose
priority hit matches the central priority position are retained, while active segments
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4. Tracking at Belle Il

(a) track segment shapes

(b) track segment types

Figure 4.2.: (a) The track segments (blue) form a triangle in super-layer 0 and an hourglass
shape in super-layers 1-8. (b) Based on the hit wire patterns in each track segment (TS),
di erent TS types are de ned. Each pattern receives an identi er derived from the binary
code of hitwires (hit =1, otherwise 0). For the LUT identi er, this binary code is shifted by
one bit, and 1 is added if, among all priority wires, only the second-priority left wire is hit.

The TS type, whichcanbe 0 (no TS), 1 (right passage), 2 (left passage), or 3 (undetermined),
is then stored in the LUT at the entry indexed by the decimal value of the LUT code.

whose priority position is displaced from the TS center and have an active neighbor in
the same layer are suppressed.

4.2.2. Hough track nding

The CDC L1 trigger reconstructs charged-particle trajectories in the transvag@lane

by application of a circular two-dimensional Hough transformation [8, 67] applied to the
TSs introduced in subsection 4.2.1. Following a conformal mapping of the TSs into the
Hough coordinate system, each axial TS is represented as a straight line in the Hough
parameter space spanned by the azimuthal argglend the curvaturd / 1% . In this
representation, physical tracks correspond to intersections of multiple such lines.
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4.2. The track trigger system

Figure 4.3.: Example of an event in the Hough plagd (). Each hit maps to a line, and
tracks correspond to local maxima in this plane. Around each identi ed maximum, a
prede ned hourglass-shaped region (red) is cut out. The red lines mark the CDC regions
used to parallelize the algorithm. Figure adapted from work by Simon Hiesl.

The 2D Hough Finder is based on the Hough algorithm, illustrated in Figure 4.3, that
discretizes the parameter space into a nite lattice of Hough cells, and identi es track
candidates as local maxima that satisfy the requirement of at least four contributing axial
super-layers out of a possible ve. This selection provides a substantial suppression of
electronic noise and beam-induced background, at the cost of a reduction in track nd-
ing e ciency, as trajectories traversing the detector end-caps, as well as generally short
tracks, are intrinsically not reconstructible by design. The resulting two-dimensional
track candidatesZD track$, parameterized by and curvaturel , and their associated
TSs, are subsequently passed on to downstream track tting algorithms.

The upgraded3D Hough Finder [67] planned to be integrated into the Belle Il CDC
L1 trigger in the near future extends the existing 2D Hough track nder to allow the
reconstruction of fully three-dimensional trajectories. The 3D Hough nder combines
axial and stereo TSs to track candidates by performing an analogous multi-dimensional
clustering in the Hough parameter space. For the clustering step, it employs a xed three-
dimensional window centered on the global maximum, with con gurable criteria on the
minimum cell weight of the peak, the total cluster weight, and the cut-out shape of neigh-
boring cells, where the cut-out size is independently con gurable in all three dimensions
@,! ,\). Analogously to the 2D Hough nder, the 3D Hough nder imposes the require-
ment that TSs be present in at least four out of the ve axial super-layers and, in addition,
in at least three out of the four stereo super-layers for a track to be reconstructed. The 3D
Hough nder is executed on four processing boards in parallel, with each board respon-
sible for one azimuthal quadrant of the entire CDC plane. Duplicate tracks are rejected
downstream by the GRL on the basis of their similarity in curvature and transverse mo-
mentum () ). Due to latency constraints, each board is limited to reconstructing at most
four tracks.
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4.2.3. Eventtime nding

The event timeQ is determined by one of two distinct CDC ETF implementations. The
legacy ETF estimategg directly from the raw arrival times of TS hits, without invoking
any track reconstruction. For each TS, the ETF processes only the earliest priority cell
times. To suppress the in uence of noise-dominated super-layers, the algorithm restricts
the input to at most ten hits per super-layer and clock cycle. The event time is then
de ned as the smallest time value at which at least three hits are registered. This ap-
proach is conceptually simple and computationally e cient. However, it is vulnerable
to beam-induced background hits that can arrive early and might therefore introduce a
systematic bias in th€ estimate.

Therefore, the CDC trigger utilizes an alternatiidough ETF based on the two-
dimensional Hough transformation to improve the robustness of the determination of
the event time in the presence of a beam-induced background. The primary distinction
from the 2D Hough algorithm employed in the track nder is that the TSs are temporally
ordered according to their arrival times and are injected into the Hough plane in discrete
increments of one data-clock perio8Z n9. The search is terminated as soon as the rst
valid Hough peak is identi ed. Sinc& is inferred from the earliest hit cluster that is
compatible with a physical track signature, rather than from the global earliest hit, this
method is substantially less vulnerable to contamination from early background hits than
the legacy ETF.

4.2.4. Track tting

The track candidate outputs of the 2D Hough nder carry only transverse-plane pa-
rameters from the axial super-layer TSg,( ) and provide no information about the
longitudinal direction. Two subsequent tting stages, separated in the basf2 TRG simu-
lation but uni ed in a single rmware block in the detector, re ne these track candidates
and extend them to full three-dimensional helical tracks.

The2D track tter improves the transverse track parameters by performing a weighted
least-squares circle tto the axial TSs associated with each Hough candidate. In addition
to the priority wire positions, it incorporates drift-time information: the raw hit time of
each priority cell is corrected fofg and converted to a drift length via a calibrate@C
relation. The t minimizes the residuals between the drift-corrected hit positions and the
tted circle and provides a charge-sign estimation.

The 3D track tter extends each re ned 2D track into three dimensions by incorporat-
ing hits from the four stereo super-layers. Since the stereo wires are tilted with respect to
the beam axis, a charged particle crossing a stereo layer at a known radius and azimuthal
angle produces a hit whose longitudinal coordinate can be inferred from the wire geom-
etry and the measured drift length. The tter rst narrows the set of candidate stereo
hits to those geometrically compatible with the extrapolated 2D helix, then resolves the
remaining left-right and layer ambiguities by performing a Hough vote and a nal linear
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least-squares t in the longitudinal parameter space spanned by ltheertex position

| o and the polar-angle cotangertot\ . Together with the transverse parameters from
the 2D track tter, this produces a complete four-parameter helical track description
1goe I+ 1 gecot\ © of the 3D trackcandidate.

In parallel to the conventional track tters, which su er from combinatorial ambiguities
under high-background conditions and cannot guaranty a xed execution timeearo- |
trigger [56] provides an independent estimate of the longitudinal track parameters. This
neural network-based track trigger takes as input the same Hough-based track candidates
and selects a suitable trained model from a bank of multi-layer perceptrons (MLPs), each
specialized for a speci c region of the track phase space. The network output directly
provides thel -vertex positionl o and the polar anglé . The output of the neuro trigger

are the so-calleaheuro tracks

Currently, the neural trigger and the analytic 3D tter deliver two independent estimates

of the longitudinal track parameters. In future upgrade scenarios, only the neural trigger
is foreseen to be employed and will be integrated on the same board as the 3D Hough-
based track nder, thereby reducing the data transmission latency between the two pro-
cessing stages.

4.2.5. Shorttrack nding

The track nding and tting algorithm described above is con gured to reconstruct only
full tracks, de ned as charged patrticle trajectories that traverse at least seven out of the
nine CDC super-layers (four axial and three stereo) in the current con guration. Con-
sequently, charged particles emitted at shallow polar angles toward the endcap regions,
as well as low-momentum particles whose trajectories curl back within the CDC before
reaching the outer super-layers, remain invisible to this reconstruction procedure. This
limitation leads to a reduced trigger acceptance for a non-negligible fraction of physically
relevant tracks.

To restore sensitivity to such short trajectories, a dedicatwbrt track nding algo-
rithm has been implemented directly in the GRL rmware. This shorttrack nder exploits
TS hit information from the ve innermost super-layers that are not already associated
with reconstructed full tracks. It discretizes the fuB60 azimuthal range into 64 uni-
form bins used in a pattern-recognition approach to identghort trackson the basis of
prede ned hit patterns.

4.2.6. Global trigger system

The two-stage global trigger system of Belle I, comprising the GRL and the GDL, consol-
idates the outputs of the four sub-trigger systems into a nal L1 trigger accept-or-reject
decision for each bunch crossing.

The GRL receives detailed trigger observables from all four sub-trigger systems:

" track parameterso, | , 1o, and\ for each of the CDC quadrants;
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4. Tracking at Belle Il

" cluster positions and energies from the ECL trigger;
" hit patterns from the KLM trigger; and
~ photon arrival time patterns from the TOP trigger.

Based on these inputs, the GRL performs three categories of processing. Firstly, it sum-
marizes the CDC tracking information: it counts full tracks within a slidifi@0 ngiming
window, suppresses duplicate tracks by requiring Y 8 and q Y 8, and derives
geometric relations between tracks, such as opening angles or back to-back topologies.
Secondly, it identi es short tracks as described in subsection 4.2.5. Thirdly, it performs
matching between full CDC tracks and hits in the outer sub-detectors by extrapolating
each two-dimensional track to the corresponding detector radius and requiring azimuthal
coincidences. All resulting trigger conditions are transmitted to the GDL as a compact
set of binary bits.

The GDL receives these input bits from the GRL, together with direct inputs from the
sub-trigger systems, and combines them using Boolean operations (NOT, OR, AND) ac-
cording to a so-called trigger menu. This trigger menu is a prede ned set of output bits,
each corresponding to a speci ¢ physics or calibration trigger condition. It encompasses a
broad spectrum of processes, ranging from high-multiplicity hadronic events selected by
multi-track and opening-angle requirements to low-multiplicity dark-sector signatures
exploiting the small-opening-angle short-track trigger. Furthermore, it also includes cal-
ibration samples selected by Bhabha and back-to-back conditions.

Whenever any output bit of the trigger menu is satis ed, the GDL issues the L1 trigger
accept signal, which initiates the readout of all sub-detectors by the DAQ system. The
overall L1 trigger e ciency for hadronic — and@®events exceed38 %when using CDC-
based conditions alone, and reaches approximagslyavhen ECL-based conditions are
included.

4.2.7. Trigger bits and decision logic

In the following, a concise overview of the most relevant stand-alone trigger bits of the
CDC is provided. The input bits are transmitted from the GRL to the GDL, and the out-
put bits of the GDL are subsequently used to generate a trigger accept-or-reject decision
according to the prede ned trigger menu.

4.2.7.1. Trigger input bits

The CDC stand-alone input bits provided by the GRL are derived from the multiplicity of
2D, 3D, neuro- and short track candidates. The naming convention encodes the type of
tracks involved:f (2D track),y (neuro track) s (short track) and other features such as an
opening anglg 90 (o) or the back-to-back propertyk). The most important ones are:

" t25: there are5 , 12D track candidates (Wit 2 »0»1e 20 31%;

" t3,: there ard | 13D track candidates (with 2 »1e203%);
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4.2. The track trigger system

Table 4.1.: Output trigger bits, prescale factors, and logical conditions are speci ed, where
index ranges denote inclusive logical OR operations over the corresponding input signals.
For each trigger bit, an additional requirement is imposed: neither the Bhabha veto nor

the injection veto may be activated.

trigger bit prescale condition

bfyo! 50 t2 3&tyop 3 & CdGopen,90
f 20000 t3 3

y 1 t22 3&typ 3

fy30 1 12 3 &ty 3 & f2f30

fyb 1 21 3&tyg 3& b2k

fyo 1 t2; 3&tyo 3 & cdGopen,90
S 4000 5 3

ssb 10 ts 3 & S2s5

stt 1 typ

Stt6 1000 typ6

syb 1 t9 3&tyg 3 & s2f5

syo 1 tg 3&tyg 3& s2fo

y 500 1 3

" ty-: there are~ , 1neuro track candidates (with 2 120313}
" tsg there areB, 1 short track candidates (witfB2 »0»1¢2¢31%%

" typ,: at least one track that meets the STT conditiéngith momentumj ?+10
(Where? 2 »560 7%i.€.the default bit typ= typ, requires? j 07 GeYc);

and their respective angular dependencies:

~

cdcopenco: there are two tracks with an opening angleds ;
f2f 30: there are two tracks with an opening angle38 ;

b2b. : there are two back-to-back tracks§ 180), within a symmetric tolerance
window of 10 - (with - 2 »357.9%i.e.for - = 3, the tolerance is 30);

s2s : there are two back-to-back short tracksq  180), within a symmetric
tolerance window of 10 . (with. 2 »35 >/where "0"=9);

s2f; : there is a pair of back-to-back tracks with one 2D track and one short track
( g 180), within a symmetric window of 10 / (with / 2 35>/ where
"0"=9).

4.2.7.2. Trigger output bits

The output trigger bits cover di erent combinations of input bits under the condition
that no injection and no Bhabha veto by the ECL sub-trigger was issued. The output

1In the case o8= 3, more than 3 tracks are found.
2The STT requires a single neural track with an estimated longitudinal impact paranjejet5 cmand a
momentum above a given threshold (typicalh0"7 Gevc)
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4. Tracking at Belle Il

Figure 4.4.: Extrapolation of the L1 trigger rate for CDC stand-alone trigger-bits. An
increase in trigger rates, induced by rising beam-induced background levels, is observed.
The dominant background contribution arises from luminosity-dependent processes. LER
and HER denote the low- and high-energy ring background components, respectively.
This gure is adapted from [79].

trigger bits that contribute to the L1 trigger decision are shown in Table 4.1. The naming
convention encodes the type of tracks involvetl:(2D track),y (neuro track),s (short
track) and other features such as an opening angl80 (o) or the back-to-back property
(b).

To prevent the total L1 trigger rate from exceeding tB8 kHzlimit, individual trigger bits

can be prescalede.only a fraction of1e= of the events satisfying this trigger condition
are e ectively read out.

Therefore, there are two di erent stages for the trigger bitsial trigger decision logic
(FTDL) (before prescaling) andre-scaled and masked (PSNM)(after prescaling).

The STT is the most important minimum-bias CDC trigger bit, since it is the only non-
prescaled single track trigger bit. It requires at least one good neuro track that satis es
jli Y 15cmand? | 07 Gevc. The momentum cut suppresses QED backgrounds like
441 44 44 peaking at low momenta or Touschek-scattered spallation protons [56].
The STT trigger bit is critical for low-multiplicity physics channels includirggpair pro-
duction, certain dark matter signatures, or processes 4ké ! c-c =W= 0). The
cross sections for the latter processes are important for better understanding the muon
6 2anomaly [56].

4.2.8. Trigger rate extrapolation

The projected CDC stand-alone trigger rates for the non-prescaled trigger bits are pre-
sented in Figure 4.4 for three distinct operating scenarios: the present con guration,
corresponding to experiment 30, run 2211 in early 20R4.4 = 018 10°*®cm ?s 1), the
anticipated conditions before LS2L(nst = 2’8 10°°cm 2s 1), and the post- LS2 scenario

(Linst = 6 10°%°cm 2s 1). Each trigger rate is decomposed into its constituent background
contributions: The luminosity-correlated component (e.g., Bhabha and two-photon pro-
cesses), beam-gas scattering in the LER and HER, Touschek scattering in the LER and
HER, and the approximately constant cosmic-ray pedestal. In the appendix A.2.2, | de-

IThe "b" here denotes "without Bhabha veto" taken into account.
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4.2. The track trigger system

scribe the methodology used to quantify individual contributions to the total trigger
rate and the procedure used to extrapolate these rates to future operating conditions at
SuperKEKB, following the approach detailed in [79].

Under the present operating conditions, all CDC trigger bit rates remain well below the
30kHzthreshold. The STT bit constitutes the largest contribution to the overall CDC
trigger rate. For example, in the post-LS2 extrapolation, the STT rate alone is expected to
reach approximately35 kHz and the prescaleti3o trigger bit is also projected to exceed

the 30 kHzlimit.

These projections indicate that operating the STT in its current con guration, without
further modi cations, is not feasible at LS2 luminosities. A trigger rate approaching or
exceeding30 kHzfrom a single trigger bit would saturate the available DAQ bandwidth,
leaving no margin for additional physics or calibration triggers. Mitigating this issue
necessitates either a substantial upgrade of the trigger algorithm, a tightening of the
vertex and momentum selection criteria, or the introduction of a prescaling of the STT
bit, the latter two inevitably resulting in a reduction in physics acceptance.
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5. GNN-based hit Itering: the algorithm

Increasing beam-induced background levels and detector aging, as detailed in subsec-
tion 3.6.2-section 3.7, pose substantial challenges for the Belle Il reconstruction algo-
rithms. In particular, the tracking reconstruction is strongly a ected by the increasing
background occupancy [45, 60, 61]. To suppress spurious background hits, two alterna-
tive ltering strategies are currently applied in the o ine track reconstruction: a legacy,
cut-based hit Iter and a more recent, higher-performing MVA-based lter. Although
the latter signi cantly outperforms the cut-based method, its performance is expected to
reach its limits at the even higher background conditions anticipated in future operation.
Consequently, this work investigates a third alternative ltering strategy based on GNNs.
GNNs are being extensively studied for tracking applications in essentially all high-
energy physics (HEP) experiments [3, 15, 17 21]. In such approaches, the neural network
operates on a graph representation of the detector hits, in which hits are represented
as graph nodes and edges encode spatial and temporal correlations between hits. This
graph-based representation can be exploited not only for the track reconstruction itself
but also in a preceding hit- Itering step.

Performing the ltering prior to tracking o ers a key advantage, as tracking is computa-
tionally expensive and its complexity scales approximately with the square of the number
of hits. Eliminating a substantial fraction of hits prior to the tracking stage can therefore,

in principle, signi cantly reduce the computational load and may also improve the overall
reconstruction performance, measured, for instance, in terms of the number of correctly
reconstructed tracks.

A principal advantage of the GNN approach over the MVA method is that, in the case of
the GNN, the neighborhood of each hit is explicitly incorporated into the per-hit Itering
decision. Consequently, local patterns can be exploited, which is expected to enhance the
classi cation performance.

The following sections present the fundamental principles of the proposed GNN-based
algorithm, which is composed of multiple processing stages, as illustrated in Figure 5.1.
In the rst step, the relevant CDC hit features are extracted for each event. Subsequently,
in a graph construction step, the individual hits are mapped onto a graph representation
in which edges encode the spatial and temporal correlations between hits. A GNN is then
applied to this graph to infer, for each hit and its associated edges, the probability that the
corresponding objects are compatible with a signal-like or background-like origin. In the
nal stage, the GNN output is used to remove hits that are classi ed as background-like.
In the following, | provide a description and a default con guration of the GNN lter al-
gorithm, that serves as a baseline for optimization and dedicated design studies discussed
in section 8.1.
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5. GNN-based hit Iltering: the algorithm

(@) before ltering (b) graph encoding (c) GNN classi cation  (d) after Itering

Figure 5.1.: Overview of the GNN-based hit Itering algorithm: (a) CDC hits (signal hits
in pink, background hits in grey), are encoded as graphs (b) in which edges connect geo-
metrically compatible hits. The GNN carries out classi cation on edge- or node-level (c)
to detect signal-like patterns, with darker colors indicating signal-like and lighter colors
indicating background-like predictions. Finally, the classi cation scores are used for the
hit Itering step (d) [4].

5.1. Hitinformation used for the graphs

The hit- Itering algorithm requires a detailed characterization of each CDC hit in terms

of geometric and pulse-shape observables, where the latter encode the deposited energy
and timing information of the hit, as described in detail in section 3.4. For each event,
the CDC hit data are recorded with the attributes listed in Table 5.1, together with their
respective variable ranges.

" identi ers of the hit sense wire (super-layer ID, continuous layer ID, local layer ID,
cell ID),

"~ the transverse coordinates of the wire in ti@~ plane G ~),
" the transverse coordinates of the wire in ti#eq plane @& q),
" pulse-shape-related quantities (TDC, ADC and TOT).

For training purposes, additional truth-level information from the associated truth parti-
cle (originating either from Monte Carlo (MC) simulation, baseline track reconstruction,
or absent in the case of background hits) is appended, including:

" aunique identi er of the associated particle (object ID),
" a signal-versus-background classi cation label (binary label).

These truth-level quantities are not used by the algorithm during inference, but they are
essential for the training and validation phases.

The transverse wire coordinate§and~, of the stereo wires depend on the chosen lon-
gitudinal coordinatel . Consequently, | de ne two reference con gurations: either the
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5.2. Graph encoding of hit data

Table 5.1.: Available hit information. Ranges that are not directly related to geometric
guantities represent approximate estimates, provided solely to give an impression of the
underlying feature distributions.

Parameter Range

super-layerID 0to 8
layer ID 0to 56
local layer ID 0to5 (7in rst super-layer)
wire cell ID 0 to 384 (di erent for each super-layer)
G 11T14to11T14cm
~ 11T14t011714cm
A 1678to 11114 cm

ADC O0tol (realistic: upto 35000
TDC 42000 5250
TOT O0tol (realistic: upto 200

truth particle ID 0tol (realistic: upto 50000
signal label Oor1

transverse wire positions are evaluated at the nominal interaction pding O or at the
midpoint of the wires. In the initial implementation, | adopt the latter optiong.the
midpoint of the wire, as the reference working point.

Furthermore, two distinct categories of CDC hit inputs are available. The rst option is
the cbcHits collection, which contains the complete set of recorded hits, including those
associated with wires that are subsequently identi ed and agged as background-like.
The second option is thepcwireHit collection, in which the raw observables have already
undergone a preliminary Itering procedure. In this stage, measurements a ected by
basic cross-talk rejection criteria are removed, entire malfunctioning boards are masked,
and, optionally, default hit-selection lters, such as the MVA lter, are applied.

The impact of this pre- Itering in cbcwireHit on model training can be either bene -
cial or detrimental, and it is not known a priori which choice is optimal. To retain the
full informational content and delegate the selection of relevant features to the network,
CDCHit objects are therefore used for model training in the initial design con guration.
Identically to the cut-based or MVA lter, the output of the GNN hit Iter ar&€bcwireHit
objects. The bad-wire masking is performed on these GNN-based hit outputs, while the
cross-talk Itering stage remains disabled.

5.2. Graph encoding of hit data
The GNN employed in this work operates on a graph-based representation of the CDC

hits, in which the nodes correspond to individual hits and the edges encode the respective
relationships between them. The graph construction strategy, in particular the speci ca-
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5. GNN-based hit Iltering: the algorithm

tion of the valid connection topology between hits, is based on the methodology described
in [1]. The default con guration parameters used for graph construction are summarized

Table 5.2.: Initial graph-building con guration parameters.

Parameter Setting (default)

cuts 1101°
) cuts 142404980
minimal number of CDC hits of track 4
node features G ~, ADC, TDC
edge features A g, TDC
same layer distances» 1¢1¥4
next layer distances »0v4
next-to-next layer distances » 1¢0-1%4
inter-super-layer edges False
edge direction uni-directional

in Table 5.2 and will be discussed in detail in the following sections.

5.2.1. Input data preparation

The CDC hits of a given event are preprocessed for subsequent graph construction in the

following way:
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" Cut application :
and)

as

Hit shu ling

readout location in data.

tracks.

Short track handling : Hits associated with short tracks.e.tracks for which the
number of corresponding CDC hits falls below a speci ed threshady( fewer than

ve hits), are re-labeled as background hits during the network training phase. Such
short tracks that do not even traverse a full super-layer, are intrinsically di cult
to classify and are unlikely to be reconstructed by subsequent tracking algorithms.
Consequently, the neural network is expected to prioritize the more relevant, longer

Loose pre-selection criteria based on hit-level observables such
(see Table 5.2) are imposed to suppress evidently spurious back-
ground hits. These criteria enable the model to concentrate on the most informa-
tive and challenging features to classify and as a side e ect reduce both the size of
the constructed graph and the resulting data volume for all subsequent processing
stages.

. The set of hits is randomly permuted to eliminate potential order-
ing biases, since hits are typically ordered either by MC generation sequence or by



5.2. Graph encoding of hit data

Figure 5.2.: Graph building schematic based on [1]. Figure from Philipp Dorwarth.

5.2.2. Node representation

The graph is de ned as a set of nodes and edges, where each CDC hit is represented as
a node within this graph. In the initial design, the node feature set comprises the spatial
coordinatestGe<, as well as and) values. For training and validation purposes,

an additional MC-based signal label is assigned to each node.

5.2.3. Edge construction

The graph edges encode relationships between hits by capturing both spatial and tempo-
ral correlations de ning edges in the following way:

" Wire pair generation : To limit redundant edges, a fully connected topology is
avoided and geometric constraints are imposed to de ne the graph structure fol-
lowing previous studies [1]. The hit distances are de ned by the azimuthal distance
parallel to the layers F, and the radial distance; as shown in Figure 5.2. Here,
the distance between a hit and its two closest neighbors in the same or next-to-next
layer is de ned as F = 1, and the distance to the two closest wires in the next
layer is de ned as F = 0. The graph edges are kept if one of the following con-
ditions is ful lled: F = 1for edges within the same super-layer(=0), F =0
for edges between adjacent layers; (= 1), and F = 0or 1 for edges between
next-to-next layers (; = 2). The two immediate neighbors in the same layer are
dened by F = 1, and the two closest wires in the alternately shifted adjacent
layer by F =0.

In principle, the wire distance F can be directly inferred from the unique wire iden-

ti ers assigned within each layer. For hits occurring in the same layer, this distance
is exactly given by the di erence of the corresponding wire IDs, provided that the
periodic boundary condition between the maximum and minimum wire ID is prop-
erly taken into account. For distances involving neighboring layers, an additional
shift by 1 must be included. However, this procedure is not applicable for graphs
that also incorporate inter-super-layer edges, since each super-layer comprises a
di erent number of wires per layer. As a consequence, the di erence between two
wire IDs (even after correcting for an azimuthal o set) becomes distorted and loses
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5. GNN-based hit Iltering: the algorithm

Table 5.3.: Initial graph pre-processing con guration parameters.

Parameter Setting (default)

node attribute scales G 0.089;: 0.089, :0.014) :0.012
edge attributes scales A 2.5, g: 250, ) :0.013

clipping values -

shifting values ) : 4200

a clear geometric interpretation. For this reason, | employ a super-layer-dependent
azimuthal distance q as the criterion for selecting valid wire pairs.

" Edge attribute calculation : All wire pairs passing the selection are used to build
graph edges, each stored as an edge index pair. For each edge, the relational features
suchas A ¢, and TDCare computed as the edge attribute vector.

" Edge direction: Edges can, in principle, be uni-directional, bi-directional, or undi-
rected. The initial implementation uses uni-directional edges.

~ Ground-truth labelling : For training and validation, each edge is label&idnal
if both hits come from the same truth object (a MC patrticle or reconstructed track);
otherwise, it is labelledackground

The resulting graph objects comprise node feature tensors, edge attribute tensors, edge
index representations, ground-truth labels for both edges and nodes, as well as supple-
mentary metadata, such as the event identi er.

5.3. Pre-processing of graphs

Before the GNN can be applied to the graph representation of the CDC hits for inference
or training, the graphs must be pre-processed. In machine learning applications, it is
generally preferable that all features lie within a comparable order of magnitude. By
normalizing feature ranges and removing outliers in a numerically consistent and robust
way, both model convergence and predictive performance can be improved.
Consequently, the node and edge features of the input graph are transformed by applying
clipping, shifting, and scaling, according to the prede ned parameters summarized in
Table 5.3. The pre-processing steps comprise:

" Feature clipping : Node features are restricted to lie within prede ned lower and
upper bounds. In the initial con guration, feature clipping is not applied.

~ Feature shifting : Node features are translated by a prede ned o set such that
their e ective origin is close to zero. This is especially relevant for the TDC feature,
whose values begin only at approximate#200

" Feature scaling: All features are rescaled such that their magnitudes are normal-
ized to a comparable order of magnitude.
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5.4. The interaction network

Table 5.4.: Number of
trainable parameters

MLP layer nNyeights Nbiases

R1 0 112 8
R1 1 64 8
R1 2 32 4
o 0 72 8
O 1 64 8
@) 2 40 5
R2 0 112 8
R2 1 64 8
R2 2 8 1

Figure 5.3.: Graphical representation of the interaction network architecture [80] with an
overview of the number of trainable parameters (Table 5.4). Parameters are given per sub-
MLP and parameter type (weight or bias) for a network con guration with two hidden
layers with eight hidden neurons per MLP each. The total number of trainable parameters
is 626.

Table 5.5.: Initial model con guration parameters.

Parameter Setting (default)

model architecture Interaction Network
hidden size 8
hidden depth 2
aggregation 1 sum
aggregation 2 max

5.4. The interaction network

The employed neural network architecture is a modi ed version of the interaction net-
work (IN) architecture [80], which is a GNN-based model designed to reason about inter-
actions among entities in complex systems. This architecture has demonstrated strong
suitability for track reconstruction tasks [15, 17 21]. Moreover, it can be implemented
with a relatively small number of trainable parameters, which is particularly advanta-
geous for deployment at the TRG level [27, 29, 81 83], where stringent constraints on
network size apply.

The network comprises three consecutive MLP blocks: an edge Bladkhat updates
edge features), a node blogk (that updates node features), and a nal edge bldck

(that performs edge-level classi cation).

For each edge, the rst edge blotk processes the edge features jointly with the corre-
sponding incoming and outgoing node featuré§,* G £, and produces updated edge
representationg: These updated edge features are subsequently aggregated at the node
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5. GNN-based hit Iltering: the algorithm

level to yield4 via a scatter-based aggregation operation, which in the default con gu-
ration is implemented as a summation over the responses of all incident edges for each
node. The node block then takes'4e@ as input and outputs updated node features

& In combination with4; these updated node features constitute the inp@G,*Gyy*4°

to the nal edge block' . The block' » predicts one-dimensional edge scod&swhich

are again aggregated per node via a second scatter operation to obtain scalar node-level
scores for each hit. A sigmoid activation function is then applied to these scores, yielding
edge- and node-wise probabilitidgandG 2 »0-1%which are interpreted as the posterior
likelihoods that a given edge or node is signal-like (values close to 1) or background-like
(values close to 0).

In the initial con guration detailed in Table 5.5, each MLP block consists of two hid-
den layers withreLU activation [84], each with 8 hidden network nodes, resulting in a
total of 626trainable parameters, as illustrated in Figure 5.3. This highly compact de-
sign renders the model computationally e cient: training convergence is achieved with
merely Q11000 training events (each consisting of hundreds of CDC hits), and the train-
ing process typically requires abod@&minutes on a local CPU. By contrast, more complex
architectures withO*10* 10 parameters generally demand on the order of millions of
training samples and training times of several weeks.

This low demand in computational cost and resource consumption is particularly ad-
vantageous during algorithm development and optimization, as it facilitates extensive
hyper-parameter studies to determine an optimal con guration, as discussed in chap-
ter 8. Moreover, the small number of parameters enables rapid re-training under varying
background conditions.

The iterative message-passing procedure, in which each node updates its representation
based on its own attributes and those of its neighbors, enables the network to learn and
encode local structural patterns present in the data. Therefore, despite its simplicity, the
model reliably discriminates background from signal hits across a wide range of investi-
gated background levels, ranging from the low background environment of experiment
22 to the higher anticipated levels of experiment 0, as discussed in section 8.2.

5.5. Hit ltering step

The ltering step constitutes the central component of the hit Itering algorithm. This
step utilizes the output scores of the pre-trained GNN model to apply a threshold-based
selection. The work ow comprises the following stages:

" Model inference : The trained IN is applied to the graph-encoded representation of
the event to compute node and edge scores. These scores as illustrated in Figure 5.1c
guantify the probability that a given node or edge is signal-like or background-like,
respectively.

" Node & edge selection: Nodes and edges with a score below a prede ned threshold
(cut value) are removed from the graph (as shown in Figure 5.1d for an exemplary
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5.6. Network training

Table 5.6.: Initial training hyper-parameter con guration.

Parameter Setting (default)

validation split  0.125
batch size 1
shue True
learning rate 0.01
step size 4
gamma 0.7
loss binary cross entropy
training target edges
number of epochs 50
patience 5

cut value of04). To ensure a compact and consistent representation, the surviving
nodes are remapped to a new, contiguous index space.

" Hit Itering : For each event, all hits in thebcwireHit collection are cross-checked
against the selected-hit list. For hits not included in this selected hit list, the back-
ground ags are set. In the subsequent tracking stages, these hits are ignored by the
reconstruction algorithms. In addition, the GNN output corresponding to each hit
is made available as a self-relational weight for every CDC hit in timecHits object.

5.6. Network training

The IN is trained based on the hyper-parameter con guration speci ed in Table 5.6. For
training, the dataset is divided into a training and a validation subset (de ned by the
validation spli), with the latter employed to monitor training performance and to mitigate
over- tting. Training is conducted on batches consisting of single events, each comprising
hundreds of hits, and the events are shu ed at the beginning of each epoch to avoid
biases arising from any intrinsic le ordering. Treating each event as an individual batch
obviates the need for padding or complex batching strategies, while still yielding a large
e ective sample size due to the high number of nodes and edges per graph.

During each training epoch, a binary cross-entropy loss is computed to account for the
binary nature of the classi cation task. This loss is minimized using the Adam optimizer
[85] in conjunction with a step-wise learning rate scheduler. An initially relatively high
learning rate of0"01provides fast descent toward a low-loss region of the parameter space,
while the subsequent step-wise reductions, applied every four epochs by a multiplicative
factor of W= 07, result in smaller parameter updates. This scheduling strategy facili-
tates ne-grained optimization of the model parameters and helps to stabilize oscillatory
behavior in the neighborhood of local minima.

Training is performed for a maximum of 50 epochs with an early-stopping criterion: if the
validation loss does not improve for ve consecutive epochs, the optimization is termi-
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nated. This strategy prevents unnecessary computation after e ective convergence and
further constrains over- tting.
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6. Datasets

A reliable evaluation of an ML-based algorithm requires training and evaluation datasets
that fully cover a wide range of detector operating conditions and physics topologies
expected during deployment. For the GNN-based hit- Itering algorithm developed in this

work, | accordingly construct a dedicated dataset collection, inspired by previous related
studies [3], comprising MC simulations with data-driven beam-background overlays as
well as real collision data.

6.1. Monte Carlo simulation

| simulate MC samples using the basf2 framewashetse-10 ) where signal particles are
rst generated with dedicated event generators: single-particle tracks are produced with
a particle gun; heavy- avor hadron decays (predominantly those oand mesons)
are simulated usingevtGen ; and inclusive decay nal states as well as the continuum
production of light quark-antiquark pairs are modeled with PYTHIA8. Subsequently, the
transport of the generated particles through the detector volume is simulated aihRNT4
after which the detector responses are digitized.

6.1.1. Background overlays

To reproduce realistic detector occupancies, all generated events are combined with
beam-induced background overlays [32]. Beam-related backgrounds, as described in
detail in section 3.6, can either be incorporated through run-independent simulation or
through run-dependent randomly triggered data, and are added at the level of digitized
hits:

Simulated beam backgrounds are generated using the SAD accelerator simulation [86].
In this run-independent simulation, beam-patrticle losses arising from processes such
as radiative Bhabha scattering, Touschek scattering, and beam-gas interactions are
tracked throughout the accelerator lattice. Whenever a simulated particle deviates
from the design orbit and collides with material in the Belle Il interaction region,
its phase-space coordinates are recorded and subsequently provided as input to the
detector simulation. This procedure yields background samples that are merged with
physics events by superimposing one or more background events per bunch crossing
and performing a joint digitization of signal and background. In this way, pile-up
e ects are inherently included and correlations among sub-detectors are preserved.
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6. Datasets

Table 6.1.: Common con guration of the particle-gun samples used for training, spec-
ifying the number and type of generated tracks, the azimuthal angleange, and the
transverse momenturf) ; all ranges are drawn from independent uniform distributions.

In addition, the samples are enriched with extra Poisson-sampled low-momentum tracks.

Setting Value
particles ,
azimuthal angleg 0to 360
number of tracks 1to 6
transverse momenturf 0'05to 6 Gevc
number of low-momentum tracks Poisson (1)
low-momentum®?...r 0'05to 04 Gevc

Data-driven background overlays use run-dependent background events obtained from
random triggers. Since random triggered data contain only beam-induced back-
grounds and detector noise above the readout thresholds, pile-up contributions
from sub-threshold activity can be modeled only approximately and cannot be fully
reconstructed.

For my studies, | employ exclusively data-driven background overlays using an internal
software tool [2].

6.1.2. Particle gun samples

To suppress biases by speci ¢ decay topologies and increase the sensitivity to potential
beyond-the-SM signatures, including dark photons, axion-like particles, and magnetic
monopoles, | use technical particle-gun samples for the GNN training.

All particle-gun-based samples are generated with a common set of characteristics, as
summarized in Table 6.1. The particle-gun events contain up to sixor - tracks per
event, with the track multiplicity drawn from a uniform distribution, and with the trans-
verse momentun?®y of each track uniformly distributed in the rang@05to 6 Gevc.

Muons interact minimally with the detector material and neither shower nor decay
within the CDC. This makes them particularly suitable for isolating the intrinsic tracking
performance, una ected by hadronic interactions or electromagnetic energy losses.

In addition, each event is enriched with a random number of I6yv-muon tracks ) 2
005to 04 GeYc), drawn from a Poisson distribution with an expected value (mean) of 1.
This low-?) enrichment re ects the topologies of generic events that comprise a large
number of charged-particle tracks with momenta substantially belbwseYc, including
low-? (curling) trajectories () Y 0"3 GeYc) that are locally nearly orthogonal to the
radial direction and can produce up to several hundred detector hits. As discussed in
section 8.2, including such low-momentum curlers in the training dataset substantially
improves inference performance on samples. Their presence prevents the network
from learning that only radially outward-propagating track segments are signal-like and
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6.1. Monte Carlo simulation

from systematically classifying all other topologies as background.

| de ne several categories characterized by distinct ranges in polar ahgleansverse
displacement from the interaction point, longitudinatshift, and pointing anglé,gint, as
listed in Table 6.2. These categories are grouped as follows:

1-3) Prompt muons: originating at the 1P, generated for the forward, barrel, and back-
ward regions of the detector, respectively.

4-6) Displaced muons: that share the same angular coverage as Categories 1-3 but con-
tain tracks with production vertices displaced from the IP. These displaced topologies
improve the model's ability to identify hits from non-prompt tracks.

7) Displaced & non-pointing muons: tracks that do not intersect the interaction point but
are rotated by an angl&hoint.

8) z-shi ed muons:  prompt barrel muons with an additional longitudindl-shift, intro-
ducing controlled variations along the beam axis to test the model's robustness to
such shifts.

9) Displaced muonvertices: non-pointing vertices arti cially formed by pairs of particle-gun
tracks with a common, displaced vertex assigned a non-zero pointing angle.

6.1.3. KKMC and EvtGen-based physics samples

In addition to the particle-gun samples, | use physics-motivated samples to train and eval-
uate the algorithm on realistic physics topologies.

~ N

10) Di-muon events: | use Kkmegenerated -~ VW samples to train and evaluate the
model in clean, low-multiplicity conditions. The samples include non-radiative and
radiative topologies. In the non-radiative case, the two muons are back-to-back in
the center-of-mass frame, and non-curling, with momenta aroun@&evc. Radia-
tive - 1\ events provide a wider range of track momenta and opening angles,
as photon emission prevents the muons from being back-to-back. Together, these
samples provide a clean reference for assessing hit- and track-level reconstruction
performance.

11-12) Generic B-events: To evaluate tracking in high-multiplicity environments, | use
EvtGen -generated -meson pair samples (separated int8 © and - ). These
events typically contain ten or more charged CDC tracks, spanning a wide range
of particle species (electrons, muons, pions, kaons, protons, and their respective an-
tiparticles) and momenta from a few tens dfleVt2 up to severalGev2.

The  samples serve two purposes. First, they provide physics-motivated evalua-
tion samples to test track reconstruction in the environment most relevant for the
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6. Datasets

Table 6.2.: Overview of technical and physical samples used in this witok) Descrip-
tion of the particle-gun training samples used in this work for the di erent topology cat-

egories in addition to the commoan

arameters listed in Table griddle) Description

of physics MC simulated samples aB=10%58 GeV[32]. (bottom) Data-driven samples
selected by di erent HLT skims, including special debug runs with waveform readout,
which are used to validate reconstruction and trigger performance under realistic run-

ning conditions.

Particle gun samples

category type \ displacement [ -shift Wooint
1 prompt forward 17 to 354 0cm(IP) Ocm 0
2 prompt barrel 354 t01230 O0cm(IP) Ocm 0
3 prompt backward 1230 to 1500 0Ocm(IP) Ocm 0
4 displaced forward 17 to 354 0to100cm  Ocm 0
5 displaced barrel 354 t01230 0to100cm Ocm 0
6 displaced backward 1230 to 1500 0to 100cm Ocm 0
7 angled displaced 170 to1500 0Oto100cm Oocm @o 30
8 prompt z-shift 354 t01230 O0cm(IP) 10to10cm O
9 displaced vertex 170 to 1500 0to100cm Oocm @o 10
MC generator samples
category type process generator
10 di-muon W KKMC
11 mixed B-events 00 EvtGen
12 charged B-events EviGen
13 pions (from (0) lo- (01! C:C ° EwvtGen
14 pions/protons (fronk.) ! -L 1l ¢ ?° EvtGen
Data samples
category type HLT skim selection criteria
15 di-muon mumu tight see section 6.2

16 background only delayed Bhabh&Ous after Bhabha trigger
special waveform runs

17 waveform

debug

54



6.2. Data-driven samples

Belle Il program. Second, they are included in the training dataset for realistic track
multiplicities and particle-type mixtures. This enables the network to learn patterns
characteristic for hadronic events, such as overlapping tracks, secondary vertices,
and non-trivial kinematic correlations without bias toward speci ¢ decay channels
due to the wide variety of accessible nal states.

13-14) Oand L decays: To probe displaced track signatures, | use long-lived decays
l - 01 ¢c.c2and ! -L 1 ¢ ?° which have decay vertices displaced
inside the CDC. Final-state pion and proton tracks are selected by requiring that
their MC mother particles are identi ed as elther orL.

6.2. Data-driven samples

Beyond simulated datasets, | use recorded Belle Il data for training and validation under
realistic detector and trigger conditions. These samples are selected online by the HLT
applying the default basf2 event reconstruction.

15) HLT-selected di-muon events fumuskim): ~ Like the simulated -~ W samples, these
o er a clean, low-multiplicity reference of prompt, high-momentum tracks. The HLT
selectiort requires two oppositely charged, nearly back-to-back tracks in the center-
of-mass frame, each with momentum abd¥d Gevcand an associated ECL cluster
below(% GeV The total reconstructed ECL energy, including photon clusters, must
be less thar? GeVto e ciently suppress Bhabha and hadronic backgrounds. This
skim is primarily optimized for the selection of events containing two muon tracks.
However, it can also accommodate the inclusion of low-energetic radiative photons.

16) Background only (delayed Bhabha) events: In addition to the run-dependent back-
ground overlays used in the MC simulation, | also use the raw data from which these
overlays are produced. This ensures that the dataset behaves like other unprocessed
samples, without modi cations from MC event simulation. The random HLT event
selection is based on the delayed Bhabha trigger bit, issu@es after the primary
Bhabha trigger, corresponding to ve revolutions of the accelerator ring after issuing
the Bhabha trigger bit at the IP.

17) Waveform events: During standard physics data-taking and in MC simulations, only
processed observables of the hit waveforms, namely the integrated 25-sample ADC
sum, the leading-edge TDC value, and the TOT, are recorded, while digitized wave-
forms are discarded to limit data volume [87]. Dedicated diagnostic runs at nomi-
nal and reduced gas gaie.Q., experiment 30 runs 1729-173@xperiment 33 runs
699-700 and 762and experiment 37 runs 1303-1306 and 1310) use full waveform

IHLT selection de nition:  https://gitiab.desy.de/belle2/software/basf2/-/blob/main/hit/
softwaretrigger/calculations/src/SkimSampleCalculator.cc#L606-607
2Trigger operation database entryittps://elog.belle2.org/elog/ TRG+operation/936
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6. Datasets

Table 6.3.: Overview of used data and simulated run conditions with information taken
from [62].

Experiment Run Date =.events Peakinst. luminosity beiexiracpchits
(in 10*%*cm %s 1)
Data
22 26 30.11.2021 313237 2.40 285
26 1894 21.06.2022 52679 3.77 1219
35 2894 27.12.2024 18953 3.84 1751
37 1893 21.12.2025 6325 3.05 1951
Simulated
0 0 future 1 60.0 2800

readout under representative beam conditions, with systematically varied CDC high
voltage and front-end thresholds. These runs enable detailed studies of gain varia-
tions, cross-talk, and hit information at the waveform level, which are then used to
validate and optimize the CDC response.
For this work, raw waveform data are required for L1 trigger studies since the TRG pro-
cesses only the sum of 3 of the 25 sampled ADC points. The 3-point sum is neither
modeled nor stored in standard runs, so any algorithm intended to operate on it must
be designed and evaluated using this reduced 3-point information. The 25-point sum is
planned to be made available to the L1 trigger in the future, but for initial detector tests
itis essential to rst understand the currently used 3-point sum in detail. For my studies,
| employ waveform data acquired during experiment 37, run 130dcorded on 4th of
December 2025.

6.3. Experiment conditions

| employ several representative background and luminosity con gurations for training
and validation, utilizing either the Belle Il data directly or simulated samples with back-
ground overlays, as detailed in subsection 6.1.1. The experimental conditions correspond
to individual Belle Il runs between 2021 and 2025 or to simulated future conditions, as
summarized in Table 6.3. To ensure that a given run condition provides a large enough
sample size for both training and validation, the number of muon eveats,ents is used

to monitor the e ective size of each run-speci ¢ dataset, noting that the total recorded
events far exceed those containing muons. Beam-induced occupancy is characterized by
the mean number of extra CDC hits per evelmi oxiracDchits

As an early-run con guration with moderate background, | use experiment 22, ruh 26

Trigger operation database entryitips://elog.belle2.org/elog/TRG+operation/1006
°Data path on KEKCClgroup/belle2/TMP/Data/Raw/e0037/r01304/sub00/debug.0037.01304.HLTO1.
m01.f00000.root
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6.3. Experiment conditions

(November 2021). It serves as a low-occupancy reference sample for training and valida-
tion with a peak instantaneous luminosity &4 10**cm 2s and aboutFi extracpchitss300.
Experiment 26, run 1894 June 2022) corresponds to the late phase of Run |, with a peak
luminosity of 377 10**cm 2s ! and roughly Iei exracochits=1 200 | use it as the main
medium-background benchmark.

To probe background levels representative of the current operational conditions, | use
data from experiments 35 and 37. Experiment 35, run 282&cember 2024), in the early
phase of Run II, reached a peak instantaneous luminositg8% 10**cm 2s 1 with
about IFi exracochits1 750 Experiment 37, run 1893December 2025), corresponds to a
higher background level, with aboutri exiracpchits2 200at a peak luminosity of3'05
10**cm 2s 1. The higher number of extra CDC hits in this latter run despite the lower
instantaneous luminosity is most plausibly explained by detector aging, as discussed in
section 3.7.

A projected con guration for a hypothetical future operating scenario (experiment O, run
0°) is derived from simulated beam-background overlay samples tuned to a peak instan-
taneous luminosity 080 10*®cm 2s 1, yielding about2 800extra CDC hits per event.

It is used to extrapolate tracking and hit- Itering performance to the design luminosity.

1Background overlay paths on KEKC/Group/belle2/dataprod/BGOverlay/BGOrd/rel8/BGOExp22rels/
release-08-00-04/e0022/4S/r00026/beambg/sub00/
2/group/beIIeZ/dataprod/BGOverIay/BGOrd/rel8/BGOExp26reI8/reIease—08—OO—O4/e0026/4S/

r01894/beambg/sub00/
3/group/belle2/dataprod/BGOverlay/BGOrd/reIS/BGOExp35reI8/reIease-08-02-05/e0035/4S/
r02894/beambg/sub00/
4/group/bel|e2/dataprod/Calibration/Bucket43/BGO/
5/group/belle2/dataprod/BGOverIay/nominaI _phase3/prerelease-08-00-00a/overlay/BGx1
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7. Metrics

In this chapter, | introduce and de ne the hit-, track-, and trigger-bit-level metrics used
throughout this work. These metrics are used to quantify the performance of the GNN-
based Iter algorithm in suppressing background hits and to assess how this Itering
propagates to higher-level reconstruction entities, such as tracks and trigger decisions.

7.1. De nition of signal particle tracks

First, | identify signal particle trajectories as the reference set for all hit-level and track-
level performance metrics. For MC-simulated events, | consider the MC particle trajecto-
ries as therue tracks For collision data, by contrast, no generator-level truth information

is available. To construct an e ective proxy for the ground truth in the performance eval-
uation, | apply the complete basf2 o ine reconstruction chain to the recorded events
and treat the resulting reconstructed tracks as an operational approximation otie
tracksin the context of TRG studies. Although the reconstruction e ciency of the of-
ine algorithm is not ideal, it can still be regarded as a ground truth reference, since
the trigger-level reconstruction is not required to outperform the more detailed o ine
reconstruction.

In addition, | impose a set of selection criteria on these true particle tracks:

" The particle must be either primary-like or a daughter of a selected long-lived
mother ( 2or L). For true tracks derived from o ine reconstruction, "primary-like"
is de ned as tracks originating in the vicinity of the interaction point, characterized
by moderate impact parameteriSoj Y 15 cmandjl oj Y 20 cm

" The true track must produce at least a minimum number of CDC hits (default: 7),
ensuring that only reconstructible tracks with su cient CDC information enter the
evaluation.

" Optionally, the track must satisfy lower bounds on the transverse momentym
and the total momentun?.

Particles that ful Il all of these requirements are classi ed a$igible particlesall others
are regarded akadand are excluded from the signal de nition in both hit-level and track-
level metrics.
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7. Metrics

7.2. Hit metrics

For each CDC hit, its association with eligible and bad tracks, as de ned in section 7.1, is
determined. If the hit is associated with at least one eligible signal particle, it is classi ed
as asignal hit If it is associated exclusively with bad tracks, it is classi ed abad hit

Hits without any association to a true track are classi ed &eke hits

For a given ltering method (cut-based, MVA, or GNN), each hit is either retained or re-
jected through the assignment of a background ag. Combining the assigned background
ag with the signal classi cation of the hits, | de ne and compute the following hit-level
performance metrics:
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Hit e ciency

 true, hit _ " true, hit, 8
*  Thit, pertrack = I —

tracks i

Mit = -
—true, hit,8

=true, hit
denotes the fraction of true signal hitsyye, nit that are retained after the hit Itering,
" true, hit- The quantity can be evaluated globally over all hits, or computed on a per-
track basis and subsequently averaged. It characterizes the capability of a given
Iter to preserve hits associated with genuine signal tracks.

Hit purity ~

__ *true, hit
Opyy = et

- hit

 true, hit, 8
—_—

%it, per track = .
- hit, 8

tracks i

represents the fraction of selected (i.e. retained) hitg that correspond to true
signal hits. As for the e ciency, this quantity can be evaluated over all hits or aver-
aged on a per-track basis; in the latter case, only background hits that are actually
assigned to tracks are taken into account. Hit purity quanti es the level of noise
from background hits in the selected sample after ltering.

Hit fake rate
_ - fake, hit
fake, hit — — °
" hit
is de ned as the fraction of selected hits that are classi ed as fake hitge nit. It
measures how often the Iter incorrectly keeps hits that are not associated with any

eligible signal particle tracks and thus directly complements the purity metric.

Hit bad rate

- bad, hit_

-+ hit
is de ned as the fraction of selected hits that are identi ed as bad hitgg, hit In
contrast to pure fake hits, these hits are associated with particles that fail the signal
track selection, so this rate is particularly relevant for understanding noise from

mis-selected or out-of-acceptance tracks.

bad, hit =



7.2. Hit metrics

" Hit background rejection

. _ “fake, hit - fake, hit
r€bkg, hit = — . *
—fake, hit

quanti es the fraction of background hitstake nitthat are successfully removed by
the Iter. A high background rejection indicates that the lter is e ective at sup-
pressing spurious hits, thereby reducing combinatorics in the subsequent tracking
stages. The background rejection associated with a discrete hit e cierecy, at

90 %s denoted asejyq. nit, 90%e-

" Extra CDC hits
FFi extracDchite

denotes the number of hits that are not associated with any reconstructed track and
are therefore predominantly background-like. In other words, this is the number of

hits remaining unassigned after tracking. This metric serves as an initial indicator

of the e ectiveness of the lter in suppressing background noise.

Statistical uncertainties for ratio-like metrics are obtained by treating the numerator and

denominator as binomially distributed counts. The central values are computedas

as de ned above, and the associated asymmetric uncertainties are derived from the Wil-

son score con dence interval [88] and reported in the form valqgwn, where up and
down denote the upper and lower con dence bounds, respectively.

In addition to the scalar metrics de ned at the nominal working point of each ltee., af-
ter applying the GNN classi cation cut, | calculate receiver operating characteristic (ROC)
curves based on the continuous GNN output score:

" The true positive rate (TPR) and false positive rate (FPR) as functions of the score
threshold are computed usingikit-learn [89].

" The area under the curve (AUC) is then evaluated as
1
AUC=  TPRFPR3FPR

providing a threshold-independent scalar metric of the hit-level classi cation per-
formance.

Uncertainties on the ROC curves and AUC values are estimated by repeating the network
training multiple times and computing the corresponding ensemble of ROC curves. All
ROC curves are interpolated onto a common grid of thresholds. At each grid point, |
compute the mean TPR and FPR, and use the standard deviation across models as an
estimate of the model-to-model spread.

The AUC is primarily employed to quantify the intrinsic discrimination power of the GNN
model during development and optimization, enabling a comparative assessment of dif-
ferent GNN architectures and con gurations. The scalar metrics, by contrast, characterize
the performance at the xed working point adopted in the main evaluation studies.
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7.3. Track segment metrics

Analogously to the hit-level metrics introduced in section 7.2, | categorize the recon-
structed TSs used in the TRG pipeline according to their relationship to the corresponding
truth signal tracks into three distinct classesignal bad andfake TSs.

However, in contrast to the CDC hits, TSs are not raw detector objects but already the
output of a reconstruction step. In the standard TS building, segments are formed only
if they meet prede ned criteria on the minimum number of hits per TS, as detailed in
subsection 4.2.1. In other words, TSs comprising hits in fewer than four distinct detector
layers are not constructed, even in cases where the associated hits originate from signal
tracks. By construction, any e ciency evaluated solely on the already existing TSs would
therefore trivially amount to100 %To obtain a well-de ned reference "truth" sample for
evaluating TS performance metrics, | therefore employ an alternative TS builder con g-
uration that requires only a single CDC hit per TS. In this way, every potential TS that
could, in principle, be formed from the underlying hits is explicitly constructed.

As for the hit-level metrics | de ne the following metrics

" TS e ciency
- true, TS,

Nrs= —
—true, TS
quanti es the fraction of hypothetical true TSSe, Ts that are correctly recon-

structed by the TSFE e, Ts

" TS purity _
(leS — true, TS.

TS
represents the fraction of the built TSss, that correspond to true signal TSs.

" TS fake rate

_ fake, TS
fake, TS— — °
- TS

denotes the fraction of all built TSs that are classi ed as fake T&ge, Ts

" TS bad rate
* bad, TS

‘TS
is de ned as the fraction of all built TSs that are identi ed as bad TS, Ts

bad, TS—

" TS background rejection

. _ “fake, TS - fake, TS,
Cpkg, TS™

“fake, TS

characterizes the fraction of hypothetical background TSske, Ts that are success-
fully rejected by the TSF-.
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7.4. Track metrics

In direct analogy to the hit-level metrics, | de ne track-level performance metrics with
respect to the signal particle tracks introduced in section 7.1:

" Track nding e ciency
 true, found |

Mfound = —
—true, track

denotes the fraction of true signal tracksyye, rack that are successfully identi ed
by the track nding algorithm,: yue. found

Track tting charge e ciency

_ true, tted
Nited = ———*
—true, tted

(or short track tting e ciency in this work) quanti es the fraction of true signal
tracks, =yue, tted, fOr which a reconstructed track with correctly assigned charge,
" true, tted , IS Obtained.

Track purity

> true, tted
—_—

Nteq = " ed
- tte

gives the fraction of all reconstructed trackseq , that are correctly matched to
true signal tracks.

Track fake rate

_ - fake, tted
fake, tted = —/————— °
- tted

is the fraction of reconstructed tracks that cannot be associated with any signal
track, : fake, tted- This rate quanti es the contribution from purely spurious tracks
originating from background or mis-reconstruction.

Track bad rate

_ + bad, tted
bad, tted = —/———— *
- tted

is de ned as the fraction of reconstructed tracks that are associated with bad signal
tracks,: pad, tted, €.9. Out-of-acceptance tracks or tracks otherwise not considered
part of the target signal.

Track clone rate

_ - clone, tted
clone, tted = —/—————°
- tted

measures the fraction of reconstructed tracks that are identi ed as clongse. tied,
i.e. cases in which more than one reconstructed track is associated with the same
true signal track.

63



7. Metrics

" Track f Vscore

_ 11, V2o, true, tted
Sydtted = .

0O - —_ . .
11, \2 - true, tted ., \2 —true, tted - true, tted ., - fake, tted

provides a combined measure of the reconstructed track e ciency and purity. The
parameterV | 1e.g. % assigns a larger weight to e ciency, whereag Y 1 em-
phasizes purity. This scalar metric is particularly useful for comparing the overall
performance of di erent reconstruction or ltering con gurations.

For the matching between reconstructed and true tracks in the o ine tracking perfor-
mance evaluation, | employ the o cial basf2 de nitions of isSignal and isClone. In
the context of the TRG application, | instead adopt a criterion based on a minimum hit
purity and hit e ciency of 40 %or the match between reconstructed and true tracks. In
other words, a reconstructed track is considered to be associated with a given true track
only if at least40 %of the hits on the true track are recovered by the reconstructed track,
and at least40 %of the hits on the reconstructed track originate from that true track.
The default track matching con guration in the TRG simulation employs a threshold of
10 %for both quantities; however, this looser requirement results in a large number of
spurious associations, particularly under high-background conditions.

In addition to the classi cation-oriented performance metrics, | also evaluatertds®olu-

tion of key track parameters after track reconstruction.

For each reconstructed track that can be unambiguously associated with a corresponding
true signal track, | de ne the residual for a generic track parameteas

C
G= QGGMGCV' forG2 {230

:BG GMC fOFG:|o’

i.e. using relative residuals for momentume-like parameters and absolute residuals for the
longitudinal impact parameter.
From the distribution of G | determine the median value

<g=mediart @

and quantify the resolution using the symmetr&8 %nterval around the median, de ned
as

Asc=Pes] G <g °
such that68 %of the residuals lie within Asggof the median. To mitigate an e ciency-
induced bias in the resolution determination, namely, the situation in which one lter
retainse.g. more low-? tracks than another, potentially leading to an apparent degra-
dation of the measured resolution, | evaluate the resolution exclusively on tracks that
are reconstructed both by the con guration under study and by the baseline con gura-
tion (the MVA lter in the case of o ine track reconstruction, and the default 3D Hough
algorithm in the TRG case).
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7.4.1. Trigger bit metrics

To assess the performance of the trigger algorithm at the level of individual trigger bits,
| introduce a set of event-level metrics that quantify how e ectively a given trigger bit
selects signal events while suppressing background contributions. In contrast to the hit-,
TS- and track-based metrics, which are de ned for individual detector objects, the trigger
bit metrics are evaluated on an event-by-event basis.

For each trigger bit, events are categorized according to their track topology and the cor-
responding trigger-bit requirements: An event is classi ed ag@od evenif it contains

the required number of signal particles and, for trigger bits with angular constraints, if
the opening angles between the relevant tracks satisfy the criteria de ned in subsec-
tion 4.2.7. Conversely, an event is classi ed abaa evenif it is associated exclusively
with particles that fail the signal selection. All remaining events are categorizethe
events

On the basis of these event classes, | de ne the following trigger-bit performance metrics:

" Trigger bit e ciency

_ - true, trgbit

Mrgbit = ——— ¢
—true, trgbit

which quanti es the fraction of good signal eventsiue, trgnit, that are correctly

accepted by the trigger bit,iye, trgpit-

Trigger bit fake rate
 fake, trgbit
Sake, trgbit— —/————— ¢
- trghit
denotes the fraction of all triggered events that are not associated with any truth
particles satisfying either the signal or bad event criterigake, trgbit. These events
are purely background-induced triggers and represent the dominant source of un-
wanted trigger activity.

Trigger bit bad rate
* bad, trgbit _

Dad, trgbit = _
- trgbit

is de ned as the fraction of all triggered eventsygpit, that are identi ed as bad
events,: pad, trgbis I-€.€vents associated with out-of-acceptance or otherwise non-
eligible particles.

" Trigger bit rate
§1
C

= ?f Linst for physics processes

_« trghit

, for background-only samples
trgbit = ¢
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which is estimated by scaling the fraction of events accepted by the trigger bit,

“ trgbit*=, DY the expected abundance of the corresponding process. For pure back-
ground samples, the rate is determined by the coincidence windd= 100 ns

For physics processes, the event abundance is determined by the production cross-
sectionf , scaled by the instantaneous luminosity,s; of the data-taking conditions.

In addition to@e metrics for individual trigger bits, | also report the inclusive CDC trigger
performance CDC, obtained from the logical OR of all CDC trigger bits and the total L1
trigger signal issued by the combination of all sub-detectors after prescaling and masking
(PSNM). The trigger-bit metrics are evaluated separately for the FTDL and PSNM outputs
of each trigger bit.

7.4.2. Number of bit operations

In order to analyze and compare the computational complexity of a given neural network
con guration, | estimate the number of bit operations (BOPSs) per network layer, following
[90]. An MLP is de ned by the number of its weight$,, its biases#y, its inputs#;, and

the corresponding bit widthd,, 1y, andl;j,. The number of bit operations per network
layer is then given by

BOPsyer = #wlwlin , #blp, #wlace (7.1)

accounting for an accumulator width dfacc:ilin ., 1w, log,#in. The BOPs for an MLP
is the sum over its network layers BORge = ayer BOP$uyer-

For an interaction network model comprising the three MLPs, ' , and$ operating
on a graph with# nodesnodes and# eqgesedges, the total number of multiply-accumulate
(MAC) operations becomes

BOPS: #edges 1BOP81 N BOPSZO N #nodes 1BOP§ N BOP&ggron (7.2)

The BOP metric calculations in this work assume a graph dimension Witgges = 820
and# eqges= 3593 This value is based on the assumption of a CDC segmentation into 20
sectors, with the largest sector corresponding to the quoted values under the additional
assumption that only the L1 trigger layers are considered,, only ve out of all layers

in each super-layer.
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In this chapter, | optimize and evaluate the GNN-based hit Itering algorithm in the con-
text of o ine track reconstruction on a common benchmark dataset comprising two dis-
tinct physics samplest 4 | > \Wand44 ! 9 Cevents.

The -~ W sample (category 10 in Table 6.2) provides a clean topology with few high-
quality tracks and low combinatorial complexity. In contrast, thd © sample (category

11 in Table 6.2) probes a complementary multi-track environment with higher hit occu-
pancy and diverse decay topologies. Both samples are derived from Belle II MC simula-
tion with an intermediate background level corresponding to experiment 26, run 1894, as
given in Table 6.3.

| perform the analysis using the basf2 framework employing release-10 track reconstruc-
tion con gured to use exclusively CDC-based information, without incorporating mea-
surements from any additional tracking sub-detectors. The impact of design choices on
the performance of the downstream track tting is quanti ed using the track ttindgy
score de ned in section 7.4. Only tracks generated with at least seven hits in the CDC
were considered for evaluation.

In the following, | compare the ltering performance among three approaches:

1. the legacy cut-based Iter used befokgease-09
2. the MVVA-based lter included in the current default reconstruction, and

3. the GNN-based lIter developed in this work.

All three Itering algorithms are implemented within thewireHitPreparer ~ module (see
subsection 4.1.1) and are applied prior to the track nding stage, marking hits as back-
ground for the subsequent tracking algorithms.

8.1. Algorithm design optimization

This section details the optimization of the GNN-based hit- Itering algorithm, building
upon the baseline design introduced in chapter 5. During the optimization several key
components are re ned: the composition of the training dataset, the selection and pre-
processing of input features, the graph-construction methodology, the training strategy,
the neural network architecture, and the selection of the operational working point. The
nal con guration for each parameter optimization step that is used in the subsequent
steps is indicated in pink.
To consistently compare design choices, all con gurations are tested on the common
benchmark, whereas design choices are based primarily on thé sample, while the

© 1§ sample is used in parallel for monitoring.
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For each con guration, thé» score is evaluated on the same selldfOCevents per sample
type, comprising over a million hits and®*10® 10% tracks. This choice represents a
compromise between statistical precision and the computational cost of running the full
tracking and tting chain during development. The results discussed below therefore
show small but non-negligible uctuations d¥2to 0’5 %pt driven by the limited sample
size of1 000events per trial and stochastic variations in model training. Error bars are
omitted to increase visual clarity. A quantitative discussion of the statistical uctuations
and error bars is given in the appendix A.1.1. To mitigate the impact of unstable or failed
trainings, | train three models per con guration and use the best-performing one for
downstream tracking and evaluation.

Using the same benchmark samples for all con gurations induces correlations, but allows
a controlled comparison of how algorithmic changes a ect track-level performance in
both the low-multiplicity * > ¥ and the more complex? © case.

8.1.1. Sample composition for training

A central design choice for the GNN-based hit Itering concerns the composition of the
training dataset. In the following, the composition of the training sample is incrementally
extended from a minimal initial con guration containing only:- = W samples (category

10 in Table 6.2), to a composition that more closely re ects the full range of Belle Il event
topologies inP14( °.

To mitigate potential biases arising from variations in the number of events used to con-
struct each sample composition, a xed number bfi00training events is used for each
con guration. Since each event consists of an average number @200hits in the CDC
corresponding to roughl\2 400edges per event and therefore3"4 million edges in total,

this provides a su ciently large sample size to incorporate di erent event signature types
and achieve convergence in training. Increasing the number of train samples is further
discussed in subsection 8.1.10.

In Figure 8.1, they scores as a function of the GNN-cut threshold are presented for
the di erent compositions of the training sample using the con guration of the baseline
algorithm as introduced in chapter 5 and are compared to the performance of the two
legacy hit Iters in basf2 (MVA and the cut-based legacy Iter). The GNN-cut is de ned
as the threshold applied to the GNN classi cation score associated with each hit. For
example, for a cut value d¥2, all hits with a classi cation score belowW2 are rejected,
while all hits with a score greater than or equal to this threshold are retained.

The initial con guration, trained exclusively on-~ 1\¥ events, exhibits better perfor-
mance in terms of théy» score evaluated on- © W events relative to both basf2 baseline

con gurations for GNN selection thresholds belo@?2. Nevertheless, when this con g-
uration is applied to ° 9 events, which encompass a substantially wider range of track
topologies, it becomes evident that the network fails to capture all relevant topological
features. This de ciency leads to markedly degraded performance in comparison to the
baseline con gurations.

As an initial extension, | incorporat@rompt particle-gursamples (categories 1 3 in Ta-

ble 6.2). These additional samples enlarge the kinematic phase-space coverage in both
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(a) evaluated on- "~ ¢ (b) evaluated on © ©

Figure 8.1.: Track ttingS score as a function of the GNN-cut threshold for di erent
training sample compositions. The initial composition (train-mix di-muon) exclusively
contains simulated- = W samples used for the network training. The sample composi-
tion is successively extended by adding simulated prompt particle gun tracks, displaced
particle gun tracks, more particle gun topologies (displaced tracks, displagerhcks
and arti cial vertices), generic events (° ®and - ), low ?) track enrichment, and
Belle Il collision data (HLT-selected ™ \W). All sample categories are described in detalil
in Table 6.2. The di erent con gurations are evaluated on the sain@00MC simulated

> 1\¢ events (a) and © © events (b) for experiment 26, run 1894 conditions, and com-
pared to the legacy basf2 MVA- and cut-based hit lters.

momentum and polar angle, thereby enabling the GNN to learn a more generalizable
mapping between hit patterns and track-like structures, rather than being restricted to
the specic -~ W topology. This modi cation alone signi cantly improves the perfor-
mance on ° 9 events, yielding results that surpass the cut-based selection for cut values
<072, although they remain below those of the MVA lIter. Furthermore, the performance
on -~ \Weventsisimproved as well, with th& score now exceeding the MVA baseline
for cut values up ta0"4.

In a subsequent step, | further augment the training mixture wisplaced particle-gun
samples (categories 4 6), in which tracks emulate particles produced by long-lived states
or secondary decays occurring at displaced vertices relative to the nominal interaction
point. Although robustness with respect to displaced vertices is particularly important
in the context of track nding tasks such as those considered in [3], adding this sample
category further improves the performance on both benchmark channels.

To explore even more complex and challenging con gurations, | introduce an additional
more topologiasategory (categories 7 9). These additional particle-gun samples comprise
displaced and non-pointing trajectories, arti cially generated vertices, and prompt tracks
shifted along thel -axis, thereby populating an extended region of phase space. This
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extension is speci cally designed to probe tracks that originate from vertices that are
substantially displaced along the beam axis, and pathological con gurations in which
tracks traverse the CDC under atypical incident angles, for example, due to cosmic muons
or beam-induced background particles. Achieving high-resolution reconstruction of such
background-induced tracks is essential, as it enables their e cient suppression through
dedicated selection criteria in subsequent stages of the analysis. This addition induces a
slight reduction in performance on- "~ W samples, while producing an improvement

in the % score evaluated on® © events.

In a subsequent step, | incorporate generic samplegcategories 11-12) into the training
sample mixture. These samples introduce physics-driven multi-track nal states, higher
hit occupancies, and a mixture of prompt and displaced tracks frordecays, thereby
making the sample mixture more representative of the conditions encountered in physics
data collection at thé4( ° resonance. Once again, performance on tfe® benchmark

is improved, while it is slightly reduced on the: © 1§ sample.

Finally, alow enrichmen®, is applied to all particle-gun samples to compensate for the
otherwise sparse population of low-momentum tracks, which are particularly challeng-
ing for track reconstruction in the presence of strong magnetic bending and multiple
scattering. This extension further improves tigscore for © © events, achieving a per-
formance level comparable to that of the MVA lter, while inducing a marginally negative
impacton™ -~ 1\,

The nal stage of the composition extension incorporatgl ! -~ 1\¥ selected by the
Belle Il HLT from collision data (category 14), embedding realistic operational conditions
into the training sample. From a performance perspective, including this sample does
not further improve the track tting % score on the MC simulated benchmark samples.
However, in principle it is bene cial for the GNN to be trained on the detector conditions
expected in operation, even if the nominal simulated performance does not immediately
improve, as this reduces the risk of simulation-to-data mis-modeling when applying the
Iter to collision data. Therefore, | keep this sample category in the training sample com-
position for all subsequent analyzes.

In the following, all models are trained on the nal sample composition, which comprises
sample categories 1-12 and 15 as speci ed in Table 6.2.

8.1.2. Inputfeature selection

In the baseline design, a minimal set of input features is utilized. Speci cally, the node
features consist of the hit coordinat€sand~ together with the measured ADC and TDC
values, while the edge features comprisd g and TDC.

Motivated by the hypothesis that more detailed information on the position of the hit,
the context of the detector, and the shape of the pulse might increase the discrimination
between signal and background hits, | extend the feature set to include the complete set
of available hit-related variables for both nodes and edges (see Table 5.1). In particular,
the cylindrical coordinatesA q), the time-over-threshold (TOT), the ADC/TOT ratio, and

the discrete indices encoding tleeiper-layer(continuous or locallayer, andwire number
provide additional geometric context and pulse-shape information.
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8.1. Algorithm design optimization

Figure 8.2.: Distributions of all available node input features of MC simulated® sam-
ples (experiment 26, run 1894) for signal and background hits after normalization to the
range [-10,10], without additional selection cuts.
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8. O ine GNN-based hit ltering

Figure 8.3.: Distributions of all available edge input features of MC simulafed samples
(experiment 26, run 1894) for signal and background hits after normalization to the range
[-10,10], without additional selection cuts.
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(a) node feature importance (b) edge feature importance

Figure 8.4.: Normalized node (a) and edge (b) feature importance obtained from a model
trained with the full input feature set. During inference the speci c features are masked to
determine their individual importance. The displayed feature importance is evaluated on
the ° 9benchmark sample fot 000events with a background condition corresponding

to experiment 26, run 1894.

The underlying distributions of these inputs for signal and background hits frofh ©

events are presented in Figure 8.2 and Figure 8.3 for node and edge features, respectively.
The features are displayed after normalization to the common intesval & 10/awithout

the application of any additional selection criteria. These distributions demonstrate that,
for the majority of features, the signal and background populations exhibit a pronounced
separation in their respective distributions. This behavior motivates their selection as
candidate input variables to the GNN classi er, which aims to learn the underlying multi-
dimensional feature distribution in order to discriminate signal from background hits.

To avoid an unnecessary increase in model complexity and to isolate informative vari-

ables, | perform an iterative feature-selection study, based on feature importance inferred
from a model trained on the complete feature set. The feature importance as illustrated
in Figure 8.4 is evaluated by successively masking individual features at inference time
in order to quantify the model's dependence on each input.

The feature importance scores suggest that at the node level the most in uential variable
is the time di erence TDC between two connected hits, followed by the hit time TDC,
the time-over-threshold (TOT), and the radial distance from theAPHowever, these
ndings must be interpreted with caution, as the importance might exhibit substantial
uctuations across di erent trained model instances and inference samples. A quanti-
tative assessment of this uctuation was not conducted within the scope of the present
study. Nevertheless, this feature importance information provides a qualitative indication
of the relative relevance of the features, particularly with respect to identifying the least
informative ones.
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8. O ine GNN-based hit ltering

(a) node feature importance (b) edge feature importance

Figure 8.5.: Normalized feature importance obtained from models trained with the input
feature set after removing all features with importance beldwo

(a) evaluated on- "~ 1\¢ (b) evaluated on? ©

Figure 8.6.: The track ttingy score is only marginally a ected by the removal of a subset

of hit features during both training and inference. The features are iteratively eliminated
in two pruning stages, guided by their respective feature-importance scores. For all sub-
sequent analyses, the con guration including the full set of features is employed as the
baseline.
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In an initial feature-pruning step, | remove all features with a normalized importance be-
low 1% from both the node and edge representations, and retrain the model subsequently.
The resulting importance distributions, shown in Figure 8.5, are then used to perform
a second, more stringent feature-pruning step, in which all remaining features with an
importance below 2% are discarded.
For each of these reduced feature sets, the track ttgcore as a function of the GNN-
cut threshold is evaluated on the common benchmark channels as shown in Figure 8.6.
Although feature-pruned models exhibit broadly similar behavior, the con guration that
includes all available features achieves the best overall track-level performance in both
test samples. Simultaneously, the associated increase in model complexity remains mod-
erate: the number of trainable parameters increases f&26in the minimal feature con-
guration to 1 233when employing the full feature set, without inducing any signi cant
change in inference time in the studied setup. Therefore, | adopt the full-feature con-
guration as the default choice for all subsequent optimization steps. The edge feature
super-layer exhibits a value of 0 in the current con guration, as no edges between dis-
tinct super-layers are utilized at this stage. However, this feature is retained to accommo-
date extensions of the model in which such inter-super-layer edges will be incorporated
as discussed in subsection 8.1.6.

8.1.3. Pre-selection cuts

The pre-selection cuts on ADC, TDC, and TOT (see subsection 5.2.1) applied prior to
the GNN inference directly a ect the available hits used in training and inference, con-
sequently, the track nding e ciency. To quantify and optimize these selections, | rst
assess their direct impact on the hit e ciency and hit background rejection, as de ned
in section 7.2, in the absence of any further hit Itering. The corresponding results are
summarized in Table 8.1. The highlighted rows denote the working points selected based
on the subsequent cut-optimization studies.

The resulting track tting 5 scores as a function of the GNN score threshold are presented
in Figure 8.7-Figure 8.12 for the lower and upper ADC, TDC, and TOT cuts, respectively.
Each scan is performed sequentially, using the cut con guration optimized in the pre-
ceding step as its baseline, such that later optimization choices implicitly incorporate all
earlier ones.

The lower ADC threshold governs the rejection of very small pulses, which are frequently
attributable to electronic noise or background hits. As shown in Table 8.1, increasing the
cut value ADGi, from 0 to 16 progressively improves the hit background rejection from
approximately54 %o 57 %at the cost of a modest reduction in hit e ciency b§"34 %pt

The correspondingy-score scan in Figure 8.7 exhibits only minor variations over this
range for both sample types, with a slight deterioration for the most restrictive thresholds
ADCnin i 10 The relatively loose working point AD&i, = 8is adopted, as it maintains

the hit e ciency at 9875 %while still providing 5459 %background suppression on hit-
level.

The upper ADC threshold might reject very large pulses that can arise from channel satu-
ration, cross-talk, or signal pile-up. In Table 8.1, a scan of Aa(values between 400 and

2 000demonstrates that tightening this selection improves hit background rejection up to

75



8. O ine GNN-based hit ltering

Table 8.1.: Impact of varying the lower and upper preselection thresholds for ADC, TDC,
and TOT on hit e ciency and background rejection. Initial and nal values for each type
are shown, with each threshold type using the nal con guration of the previous one.
Metrics are evaluated on the® © sample for experiment 26, run 1894. The nal con gu-
ration yields a hit e ciency of 9856 %and a background rejection &f666 %i.e.a much
higher e ciency than the MVA lIter but with substantially lower background rejection.

At this stage, the goal is to retain as many true hits as possible and leave most background
suppression to the subsequent GNN-based lter.

Cut hit e ciency hit background rejection
basf2 cut-based 954599 595513
basf2 mva 9389919  7626%%
ADC min =0 9878 %%  5432Q13
ADC min = 4 9878922  5432%%3
ADC min = 8 ( nal) 9875%% 545913
ADC min = 10 (initial) 9867 %%55 5507 %ﬁ%
ADC min =12 9851 3% 556713
ADC min = 16 o747 L 5688 413
ADC max = 400 9695927 6395913
ADC max = 600 9754 %% 6225013
ADC max = 1000 9812 9% 5985913
ADC max = 1500 9843 %% 5780353
ADC max = 2000 ( nal) 9856 92> 5666 913
ADC max =1 (initial) 9875%% 545913
TDC min =0 ( nal) 9858 %5%% 56562 %11%
TDC min = 4200 9858 0% 566213
TDC min = 4240 9856 922 5666 %13
TDC min = 4280 (initial) 97959% 5707913
TDC min = 4320 9678 9% 581213
TDC min = 4450 9236375 6254 Q13
TDC max = 4950 9853 %% 5877 Q%3
TDC max = 4980 (nal, initial) 9858 9% 5662 %3
TDC max = 5010 9863 9% 5499 713
TDC max = 5040 9863922  5485%%3
TDC max = 5070 9863 9% 5485913
TDC max =1 9863 9% 5485713
TOTmin=0 9864 9%2 387703
TOT min=1 9864 9% 3877 %13
TOT min =2 9862 9% 4515913
TOT min = 3 ( nal, initial) 9856 922 56166 %5
TOT max = 15 9822 9%  5753%%3
TOT max = 20 9852 9% 5677 9%
TOT max = 25 9856 {0z 5667313
TOT max = 1 (nal, initial) 9856 922 56166 %3
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