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Abstract

Belle I is a luminosity frontier experiment located at the SuperKEKB eTe™ collider, focusing
on the study of B, D, and 7 physics under the broad umbrella of “flavor physics”. The Belle
IT experiment is expected to continue operation through 2039, over which time the luminosity
at SuperKEKB will increase from 5.2 x 10** cm™2s7! to 6.0 x 10*®* cm™2s™!. Belle II relies on
a hardware-based “Level-1” trigger system for real-time event selection during operation, which
filters events in order to limit the overall data rate. While the existing event-selection algorithms
are sufficient to achieve the requisite signal efficiency on standard model 7 decays under the current
accelerator conditions, the the expected increase in luminosity will require the development of new
trigger algorithms to maintain a total trigger rate below the < 30 kHz limit of Belle II's Data
Acquisition System. In this thesis, we present a low-latency machine learning-based 7 event
selection algorithm implemented on an AMD Xilinx UltraScale FGPA as part of the Belle 1T
Level-1 trigger. We show that this new algorithm consistently outperforms existing trigger bits
on low-multiplicity standard model T decays, with signal efficiencies reaching 97% across all modes
at a luminosity of 6.0 x 10%® cm™2?s™! while remaining below the 30 kHz limit. This new trigger
bit has been fully enabled for Belle II physics runs from Summer 2026 onward. Performance of
the new firmware logic is consistent with results from simulations, while further direct evaluation
of the trigger behavior during physics runs also suggests several directions for ongoing study and
refinement of the neural network algorithm.
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1 Introduction

The Standard Model of particle physics is one of the crowning achievements of 20th century physics,
unifying the fundamental forces (with the notable exception of gravity) and providing an exhaustive
account of the quantum particles and fields which constitute the natural world at the smallest scales.
The fundamental particles identified by the Standard Model are broadly classified into quarks, leptons,
and gauge bosons. Leptons are those particles with half-integer spins and do not couple to the strong
interaction: the electron (e*), muon (u*), and tau (7%), along with their associated neutrinos. The
7 lepton is the heaviest among these, and consequently has the shortest lifetime and the greatest
number of different decay modes. As a result, 7 decays provide a powerful probe of physics beyond
the Standard Model due to the comparatively large region of the kinematic phase space they occupy
(compared to e or p decays). The most common 7 decay modes predicted by the Standard Model are
given in Table [l along with their associated (inclusive) branching ratios [1].

Table 1: Common decay modes for the Standard Model 7 lepton

Decay Mode Branching Ratio
= =71 (>0, ~ 46.6%

TT = e Doy ~ 17.8%

TT — WD, ~ 17.4%

7 =t (>0,  ~13.6%

77 = K= (>0, ~1.2%

Belle II is an experiment located at the SuperKEKB collider which focuses on B, D, and 7
physics. As a luminosity frontier experiment, Belle II relies on high-efficiency hardware triggers to
limit systematic uncertainties and maximize statistical power. The first collisions occurred in April
2018 and operation is expected to continue until at least ~2040, collecting a total of 50 ab™! of data.
In this time, the accelerator luminosity will increase by over an order of magnitude. As a result,
the trigger algorithms utilized for real-time event selection will require substantial improvements to
their background rejection rates while maintaining or improving on the current efficiencies for BB
and 777~ decays.

In this thesis, we develop a new machine learning-based algorithm for low-latency 7 decay mode
classification and event selection at Belle II, focusing on low-multiplicity (1- and 3-prong) Standard
Model 7 decays. In Section 2, we discuss 7 physics in the context of the Standard Model, highlighting
key measurements and probes of new physics involving these decays. Section 3 introduces the Belle 11
experiment and the SuperKEKB collider, including detailed descriptions of the hardware-based Level-
1 trigger system. In Section 4, we provide a broad overview of machine learning and its applications
in particle physics, focusing on feed-forward neural networks and hardware acceleration.

Section 5 explicitly defines the signal we will attempt to reconstruct and introduces the new
machine learning-based algorithm for 7 event classification. Section 5 also includes an overview of the
methods used for compression and training of the neural network, along with performance evaluation
and validation of the trained model. In section 6, the on-chip deployment of the neural network is
discussed, with an emphasis on the high-level synthesis algorithms used to generate firmware for the
hardware target. Section 7 evaluates the performance of the newly implemented trigger algorithm
during a Belle II physics run. Finally, in Section 8, we summarize the primary achievements of the
thesis and present several directions for future study and development.



2 Tau Physics

2.1 Lepton Flavor Universality

In the Standard Model, the electroweak gauge couplings are universal across all generations of leptons,
giving rise to an accidental global flavor symmetry. Under this symmetry, interchanging two lepton
fields results in identical gauge dynamics, meaning that any differences in the observable physics
arises solely from phase space and kinematic constraints imposed by their differing masses. More
generally, any unitary combination of two particles which couple to the same gauge fields should
share identical gauge couplings. In practice, confirmation of lepton flavor-universality (LFU) requires
precision measurements of the branching ratios associated with the decays of leptons in order to
determine the gauge couplings of each generation. If this symmetry is observed to be broken in
the charged-lepton sector, it would be an unambiguous indication of the existence of new physics
beyond the standard model. Recent measurements of the branching ratios B(r~ — p~7,v,) and
B(t~ — e~ D.v,) at Belle II have provided a stringent test of LEU in the 1 x 1 topology, finding that

B(t™ = p~ ouvr)
B(r— — e Devy)

R, = = 0.9675 £ 0.0007 = 0.0036, (1)

and thus that
19,/ ge| . = 0.9974 £ 0.0019, 2)

where g, and g. are the respective coupling strengths of the 1~ and e~ to the W boson [2].

2.2 Lepton Flavor Violation

The Standard Model of particle physics also requires that the total number of leptons of each flavor
is conserved in all interactions. While this symmetry is assumed to hold in the Standard Model,
many theoretical extensions of the Standard Model include the potential for decays which violate
this symmetry. The existence of so-called lepton flavor-violation (LFV) in 7 decays is one of the key
experimental observations which would establish the existence of physics beyond the standard model.
There are a wide variety of modes which have been hypothesized depending on the specific theoretical
model in question, however some LFV decays appear across a wide range of theories. Some of the
most commonly studied among these include 7 — ey, 7 — py, and 7 — 3u. The existing statistical
limits on several of the most studied LF'V decays are shown in Fig.

2.3 CP Violation

In the context of the Standard Model, both charge-conjugation (C) and parity (P) symmetries are
maximally violated by the weak interaction due to the chiral coupling of the W boson to only left-
handed fermions (and right-handed anti-fermions). Consequently, neither C' nor P are good quantum
numbers for weak interactions. CP symmetry was originally introduced by Landau in 1957 [4],
restoring a modified form of spatial reflection invariance by mapping left-handed fermions to right-
handed anti-fermions:

CP:¢r— (¥°)r 3)

From the perspective of the Lagrangian, exact C'P symmetry requires all coupling constants to be real.
Therefore, any complex phase in the Lagrangian which can not be eliminated via field redefinition
implies explicit C'P violation. In the Standard Model, these phases originate from the quark (CKM)
and lepton (PMNS) mixing matrices, as well as the non-perturbative QCD 6-term.
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Figure 1: 90% confidence-interval upper bounds for 7 LEV branching ratios [3]
2.3.1 CP Violation in QCD
The QCD Lagrangian includes a topologically non-trivial term,
2
Lo =02 qo Gor (4)
o 322 K '

where GZDC:‘“"” is the product of the gluon field strength tensor and its dual. Under a time-reversal
(T') transformation, this operator changes sign:

T:G,,G" — -G, G (5)
However, CPT is an exact symmetry in the Standard Model, therefore this term must violate C'P
symmetry. In practice, experimental measurements of the electric dipole moment of the neutron have
placed stringent restrictions on the magnitude of the effective observable phase 6 = 8 +arg det(M,) <
10719 where M, is the quark mass matrix, strongly suggesting that QCD does not violate C'P-
symmetry [5][6]. This apparent fine-tuning is known as the “strong” C'P problem.

2.3.2 (P Violation in the Weak Sector

The weak force operates directly on the weak flavor eigenstates. For the down-type quarks, these are
represented as:
d/
vi=|s"]. (6)



The relationship between the two is governed by the unitary Cabibbo-Kobayashi-Maskawa (CKM)
matrix Vog e

d d
SI = VCKM S| . (8)
b b
The CKM matrix has the general form
Vud Vus Vub
Vekm = [ Vea Ves Vo |, (9)
Via Vis Vw

which is frequently approximated via the Wolfenstein parameterization to highlight its hierarchical
structure. To leading order, this can be written as

X a -
Voxkm = -2 - ’\72 AN? +O0(XY). (10)
AN (1 —p—in) —AN? 1

In this form, the dependence on the four parameters A, A, p, and 7 is made explicit, with n # 0
permitting the existence of a CP-violating phase. For three generations of quarks, Vokw necessarily
possesses a single irreducible, C'P-violating complex phase, and experimental measurements of 7
confirm the existence of C'P-violation in the quark sector with 7 ~ 0.35 [7][8].

Since the CKM matrix must be unitary,

VCKMVCTKM =1, (11)
it follows that its elements must satisfy the orthogonality condition
VudVap + VeaVey, + ViaVig, = 0. (12)

This condition can be represented geometrically in the complex plane as the so-called CKM unitarity
triangle (Fig. . The lengths of the sides are determined by products of the magnitudes of the

VuaViy ViaVig |

[VeaVih|

Figure 2: The CKM unitarity triangle representing the orthogonality condition (Eq.

elements of the CKM matrix, while the angles «, 8, and v measure the C' P-violating phase. Over the
last several decades, a variety of experiments have made precise measurements of the magnitudes of
the elements of the CKM matrix (i.e. the sides and angles of the CKM unitarity triangle) [9HI2].



2.3.3 CP Violation in the Lepton Sector

The Pontecorvo — Maki — Nakagawa — Sakata (PMNS) matrix is the analogue of the CKM matrix for
the lepton sector, characterizing the mixing of the neutrino flavor and mass eigenstates,

Ve 1551
vy = UPMNS %] . (13)
Vr V3

Modern long-baseline neutrino experiments have also recently measured the mixing angles for the
PMNS matrix, finding strong evidence that C'P symmetry is violated in the neutrino sector if the
neutrino mass hierarchy is inverted [13]. However, the observed magnitude of C'P violation from both
the weak sector and neutrino oscillation remains insufficient to explain the observed baryon asymmetry
in the universe [I4][15]. Consequently, significant experimental and theoretical efforts remain dedicated
to uncovering novel sources of C'P violation. In 2012, the BaBar experiment observed anomalies which
suggested C'P violation in the 7= — W*Kg(z 07%)v, decay may exceed that attributable to quark
mixing [I6]. While further measurements at Belle and Belle II have not confirmed these anomalies,
observation of direct C'P violation in 7 decays would provide concrete evidence of physics beyond the
Standard Model, and thus remains a priority at modern collider experiments such as Belle II.

2.4 Michel Parameters

The Michel parameters are a set of parameters which characterize the phase space distribution of
the three-body decay of a heavy charged lepton into a lighter charged lepton and two neutrinos,
mediated by a charged vector boson W* (Fig. . In the Standard Model, the structure of the weak

vy v,
w T
e -
W= W=
Ve Uy
(a) Muon decay (=~ — e~ Dely) (b) Tau decay (77 — £~ Devy)

Figure 3: The tree-level Feynman diagrams for lepton decays characterized by the Michel parameters

interaction is V' — A (vector minus axial-vector), hence the W boson couples only to left-handed
particles and right-handed antiparticles. This structure is a specific feature of the Standard Model
rather than a fundamental property of any quantum field theory; the most general, Lorentz-invariant,
local, derivative-free matrix element for lepton decays also allows for scalar (S), vector (V), tensor
(T), axial-vector (A), and pseudo-scalar (P) couplings. The Michel parameters therefore must take
on specific values in the Standard Model in order for the weak interaction to be a purely V — A
interaction. The four “main” Michel parameters are p, 7, £, and 6. For the weak interaction to be
purely V — A, these parameters must be exactly
3 3

T n=0, £=1, and 0=-. (14)

p= 4

Consequently, high-precision experimental measurements of the phase space distribution of these
decays provide a robust test of the Standard Model. If any of these parameters deviates from the
values required for a pure V' — A weak interaction, it would indicate the existence of new physics.



2.5 7 Electric Dipole Moment

The Standard Model makes specific predictions for the electric dipole moment (EDM) of each of the
charged leptons. While the specific theoretical calculations for these quantities remain subject to some
uncertainty, experimental bounds on the 7 EDM remain significantly less restrictive than those for
the other charged leptons. The ACME II experiment established strong bounds on the electron EDM
d. in 2018 [17],

|de| < 1.1 x 107%% cm (CL = 90%), (15)

which were then further improved upon by the JILA collaboration in 2023 [1§],

|de| < 4.1 x 107%% cm. (16)

The current limits on the muon EDM d,, are less restrictive than those for d., and were set by the
Brookhaven National Laboratory (BNL) E821 experiment in 2009 [19],

|du| < 1.8 x 107 e em (CL = 95%). (17)

On the other hand, the most stringent kinematic bounds on the 7 EDM d, come from the Belle
experiment, using measurements of the 1-prong 7 decays 7 — wv,, 7 — pv,, T — ev.v,, and
T — ui,v;. The resulting limits on d, were computed as [20]

—0.22 x 10~ %% em <Re(d,) < 0.45 x 10~ % cm
and (18)
—0.25 x 107 %% em <Im(d,) < 0.08 x 10™*% cm.

Thus, precision measurements of d, at Belle II remain a key probe of the Standard Model.



3 Belle I1

3.1 SuperKEKB

SuperKEKB (Fig. [4) is an asymmetric-energy ete™ collider (4 GeV et, 7 GeV e~ ), operating at the
T (4S) resonance to efficiently produce BB pairs. Collisions at T(4S) also generate a large number
of 7 leptons, enabling a robust 7 physics program. At the T(4S5) resonance, the cross-section for the

Belle Il detector

Electron—positron
injector linac

Positron damping ring |

Figure 4: The SuperKEKB ete™ collider |]

ete”™ — 777 process (Fig. ) is 0ete-—rr = 0.919 £+ 0.03 nb [21]. The previous Belle experiment
collected a total of 711 fb™" of data at Y(4S), comprising approximately 6.5 x 108 7 pairs. In
comparison, Belle IT aims to collect at least 50 ab™* of data at Y (4S), or approximately 4.6 x 1010 7
pairs.

et -+

Figure 5: The dominant tree-level Feynman diagram for eTe™ — 7777 at the YT (4S) resonance

The SuperKEKB accelerator utilizes a unique nano-beam collision scheme [22] which has allowed
it to achieve the world’s highest instantaneous luminosity, measured at £ = 5.2 x 103* em=2s! in
March 2026. The luminosity of an accelerator relates the rate of collision events R to the interaction

cross-section o,
R = Lo. (19)
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In a head-on collision between two bunches of particles with Gaussian spatial distributions,

_ fcross Nl N2
dmo oy

L F, (20)
where fe.oss is the bunch crossing rate, N1 and Ns are the number of particles in each bunch, and o
and o, are the horizontal and vertical root-mean-square (RMS) beam sizes at the interaction point
(IP).

The interaction cross-section o can be decomposed into the emittance € and the beta function (B as

o =/eB. (21)

We denote quantities at the IP with a superscript *, hence the horizontal and vertical beam sizes o,
and oy at the IP can be written as

o, =€ By and o =/ B (22)

It immediately follows that the luminosity is related to the beta functions at the IP by

1 1
X —— and x .
fvEm M TR
The high luminosity at SuperKEKB is achieved by "squeezing” the vertical beta function ; as
the beams approach the interaction point, as illustrated in Fig. [f] In a traditional head-on collision
scheme, the overlap length at the interaction point is approximately equal to the bunch length o, .
This requires ultra-short bunches to avoid the "hourglass” effect, in which the heads and tails of each
bunch (where the transverse size of the beam envelope is largest) pass through each other before or
after passing through the IP. On the other hand, the nano-beam scheme employed by SuperKEKB
utilizes a large crossing angle ¢ with overlap equal to a fraction of the bunch length. This allows for
B, to be squeezed down to ~ 0.9 mm. In the future, 8 is expected to be reduced further down to
~ 0.3 mm in order to achieve the full design luminosity of 6.0 x 1033 cm~2s~!. The design parameters

(23)

IP (Interaction Point)

Long Bunch Length Narrow Horizontal Waist e
(0>, =~ 6 mm) (0, ~ 10 um, oy ~ 50 nm)

\

o

A= S <=

sin(

- [Effective Overlap Region} e~

Figure 6: The nano-beam collision scheme at SuperKEKB

for SuperKEKB are shown in Table |2/ and luminosity projections through 2039 are shown in Fig.

3.2 The Belle IT Detector

The Belle IT detector is composed of seven sub-detectors, as shown in Fig.[8| The full Belle II detector
is hermetic, enabling a variety of unique analyses (e.x. dark sector searches which utilize precise
measurements of missing energy) which are not possible at experiments such as LHCb. In this study,
we will primarily focus on the Electromagnetic Calorimeter (ECL).

11



Peak luminosity [x10*°cm2s1]

N

Table 2: Design parameters for the SuperKEKB accelerator

Parameter Value

Avg. Beam Current ({I))
Number of Bunches (V) 2500

3.6 /26 A (et/e)

Horizontal Beta Function (3%) 32 /25 mm (et /e™)
Vertical Beta Function (37) 0.27 / 0.30 mm (e™/e™)

y
Luminosity (£)

8.0 x 10%% cn—2s~ 1@

@ Current target is 6.0 x 103°cm 25!

\S) o A
LN B B I L B B B L L L |

~
I

]

Peak luminosity
[ w/ QCS upgrade w/o QCS upgrade
inLS2 inLS2
Integrated luminosity (delivered)
[ w/ QCS upgrade w/o QCS upgrade
in LS2 inLS2
Projected by SuperKEKB/Belle 11 /
e
e

Jan 2024 Jan 2029 Jan 2034 Jan 2039

Date

Figure 7: Luminosity projections for the SuperKEKB accelerator through 2039 [23]
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Pixel Detector (PXD)
Silicon Vertex Detector (SVD)
Central Drift Chamber (CDC)

TOP Counter (TOP)

Aerogel RICH Counter (ARICH)

Electromagnetic Calorimeter (ECL)

K,‘j and Muon Detector (KLM)

Figure 8: A schematic view of the Belle II detector and its constituent sub-detectors

3.3 Pixel Detector

The Pixel Detector (PXD) is a two-layer depleted field-effect transistor (DEPFET) pixel detector
(Fig. E[) The inner layer contains 8 independent DEPFET modules, while the outer layer contains
12. Each of these modules consists of a 250 x 768 pixel sensor matrix, with pixel sizes ranging from
50 pm x 55 pm to 50 pm X 60 pm in the inner layer, and from 50 pm x 70 pm to 50 pm x 85 pm
in the outer layer. As the innermost component of the vertex detector system, the PXD is primarily
responsible for the reconstruction of the decay vertices of charged particles produced at the interaction
point.

Figure 9: The Belle II Pixel Detector [24]

3.4 Silicon Vertex Detector

The Silicon Vertex Detector (SVD) is a four-layer silicon strip detector, with each layer comprised of
between 7 and 16 independent Double Sided Silicon Strip Detector (DSSD) units (Fig. [I0). These
DSSD units are called a “ladders” and include corresponding independent readout and cooling chan-
nels. Along with the PXD, the SVD enables high-precision reconstruction of the decay vertex in each
event due to its extremely high spatial granularity and proximity to the interaction point.

13



Figure 10: The Belle II Silicon Vertex Detector

3.5 Central Drift Chamber

The Central Drift Chamber (CDC) is the primary tracking detector at Belle II. The CDC is a cylin-
drical tracking detector with an inner radius of 16 cm and an outer radius of 113 cm, consisting of
coaxial aluminum and tungsten wires suspended in He-CoHg gas [24]. These wires are distributed in
56 layers which partition the volume into ~ 1.8 cm x 1.8 cm cells. The cross-section of the detector
in the r — z plane is visualized in Fig. The CDC plays a critical role in the reconstruction of
charged particles, enabling precise measurement of particle momenta. Additionally, the ionization en-
ergy loss as particles traverse the He-CyHg gas can be utilized for particle identification, particularly
for low-momentum pions, kaons, and protons.

3.6 Time of Propagation Counter

The Time of Propagation Counter (TOP) consists of a set of 16 modules enclosing the barrel region,
each consisting of a flat quartz bar with a thickness of 2 cm and a specialized photodetector called
a Micro Channel Plate Photo Multiplier Tube (MCP-PMT) [25]. When a charged particle passes
through the quartz bar, the emitted Cherenkov radiation propagates with total internal reflection
through the length of the bar, reaching the sensor after a time dependent on the angle of the original
emission. The design of one of these modules is illustrated in Fig. Small differences in the angle
of emitted Cherenkov photons thus allow for precise measurement of particle velocities, which can
be combined with momentum information from the CDC to reconstruct particle masses. Hence, the
TOP is primarily responsible for the separation of charged kaons from pions, which have overlapping
ionization energy loss curves and thus cannot be easily identified using the CDC alone.

3.7 Aerogel RICH Counter

The Aerogel Ring-Imaging Cherenkov Counter (ARICH) is a conventional Cherenkov detector which
consists of an aerogel radiator and photodetector, the latter of which detects the Cherenkov photons
emitted by charged particles passing through the radiator [27]. The role of the ARICH is comple-
mentary to that of the TOP, improving the separation of charged kaons from pions. Unlike the
TOP, however, the ARICH utilizes the ring-shaped spatial distribution of Cherenkov photons at the
photodetector (rather than the time-of-propagation in the radiator) for particle identification.

3.8 Electromagnetic Calorimeter

The Electromagnetic Calorimeter (ECL) is a homogeneous calorimeter composed of 8736 caesium
iodide (CslI) crystals doped with thallium (T1). These scintillating crystals have a radiation length of

14
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zo ~ 1.85 cm and are distributed in a roughly cylindrical array centered on the interaction point as
shown in Fig. Each crystal is approximately 30 cm x 5.5 cm x 5.5 cm. When a particle interacts
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Figure 13: r — z cross-section of the Belle II Electromagnetic Calorimeter [24]

with one of these crystals, the energy deposited produces photons in the visible spectrum with intensity
proportional to the total energy deposited in the crystal. These photons are converted to an electrical
signal by a photodiode (PIN-PD) at the rear surface of the crystal. While the hit information for each
crystal is retained for offline analysis, the individual crystals are grouped and read out as 576 Trigger
Cells (“TCs”) as shown in Fig. for use in online triggering due to the limited throughput of the
current readout electronics.

When a particle transits a single crystal and undergoes multiple interactions, photons are emitted
at multiple points in time from multiple locations in the crystal. Furthermore, even when only one
interaction occurs, the photons emitted from the interaction have a finite temporal distribution due
to the varying times required for the excited scintillator states to decay, as well as the differing optical
path lengths experienced by photons emitted in different directions. Therefore, the current observed at
the PIN-PD appears as a continuous waveform rather than a discrete step function. Waveforms from
each PIN-PD are routed to the front-end electronics (FEE) at the ECL, which include a pre-amplifier
and waveform shaping module ("ShaperDSP”). Each ShaperDSP module outputs two separate signals
with different shaping times. The first is integrated over 0.2 us, with the resulting waveforms sent
directly to the global trigger for online triggering. The second is integrated over 1.0 us and is routed
through the full data acquisition system for offline processing. The full ECL FEE readout chain is
shown in Fig.

The ECL fulfills a wide variety of purposes, including reconstruction of both charged and neutral
particles. While the comparatively coarse segmentation in the direction orthogonal to the beam limits
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the fidelity of shower reconstruction, the high-granularity in both 6 and ¢ enables high-accuracy
matching of calorimeter hits to charged particle tracks in the Central Drift Chamber. The av-
erage position resolution of the ECL in the transverse plane is approximately parameterized by
o, ~ 5mm/\/E (GeV) [28]. On the other hand, the angular resolution ranges from ~ 13 mrad
at low energies (E ~ 100 MeV) to ~ 3 mrad at high energies (E > 4 GeV). Similarly, both the timing
and energy resolutions also scale with energy. The energy dependence of the energy resolution og can

approximated as
op 0.066%\> [0.81%)>
E:\/( > >+ )+ (a2, (24)

while the timing resolution ranges from ~ 9 ns at ~ 200MeV, down to ~ 2 ns at the GeV scale [24].

3.9 K{?/Muon Detector

The K9 and Muon Detector (KLM) is a sampling calorimeter which forms the outermost layer of the
Belle IT detector. The KLM consists of doped polystyrene scintillator strips in the endcap and inner
barrel regions, and layered resistive plate chambers (RPCs) in the outer barrel region, as shown in
Fig. The KLM, as the name suggests, is primarily designed to enable the reconstruction of K9
and p particles which pass through the inner layers of the detector with minimal interaction.

’ S~ Sector abbreviations:
“ DN EF = Endcap Forward
.' ‘ BF = Barrel Forward

\ solenoid BB = Barrel Backward

. ‘ chimney EB = Endcap Backward
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4

1
1
1

D NI

Figure 16: The Belle IT K and Muon Detector [24]

3.10 Data Acquisition System

Belle II utilizes a conventional trigger-driven Data Acquisition System (DAQ) which comprises the
full synchronous data flow from each sub-detector through to the High-Level Trigger (HLT) as shown
in Fig. Data from each sub-detector is stored by a ring buffer on the front-end electronics (FEE)
until a final trigger decision is made. The timing and trigger distribution (TTD) system distributes
the Level-1 trigger signal to each FEE board on an event-by-event basis. When the Level-1 trigger
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signal is received by the FEE boards, the data from each sub-detector is subsequently read out via
optical link to readout modules. These readout modules are connected to readout PCs via optical
links, which then forward this information to the event-building PCs using Ethernet. The data rate
seen by the DAQ system is thus governed by the Level-1 trigger via the aforementioned TTD system,
hence the total Level-1 trigger rate is capped by the DAQ throughput limit of 30 kHz.

v Trigger

! 1
e [ o e ]
----------------- S

r 1
! 1
! 1
1
. COPPER —s PCled0 v
=3 PXD Readout Box
—> —>|
PXD =8 (ONSEN)
=
SVvD
]
b=d
CDC m
o
1 = _—
-+
1
1 m w
| : e |
2 &
= — R/O w = Online
e S [~ ] d
1 = .
1 © :
= .
! [ [ (———
. I
. ]
< B
cor S b
! HLT
! Rocket 10 (10 units [2022])
: over fiber
—> R/O Express
v S ] v = s
| 2022 Specs:  Event Size at HLT: ~150kB | L1 Rate: ~10kHz | HLT Reduction: ~ 1/8 |

Figure 17: The Belle IT Data Acquisition System [29]

3.11 The Level-1 Trigger

The Level-1 (L1) trigger comprises the entirety of the data processing system used to make real-time
trigger decisions at Belle II. Unlike the High-Level Trigger which receives only data for event triggered
by the Level-1 Trigger, the Level-1 trigger relies on an entirely separate data flow which utilizes a
lower-fidelity data stream at every clock cycle in order to make the final trigger decision. Instead of
performing event reconstruction using the digitized data directly from each sub-detector, the Level-1
trigger employs multiple data-reduction steps in order to minimize both data rate and latency. The
data flow for the Level-1 trigger is shown in Fig. The latency of the Level-1 Trigger is limited
by the size of the ring buffers at each detector, which temporarily store data at the detector before
receiving the L1 trigger signal. In particular, the time before the trigger decision is constrained by
the time before any detector overflows the buffer. At Belle II, this limitation comes from the Silicon
Vertex Detector, which reaches maximum buffer capacity in roughly 5 us, hence the final trigger
decision must be made within that window.
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Figure 18: The Belle IT Level-1 Trigger

3.11.1 Universal Trigger Board

The Belle II Universal Trigger Board 4 (UT4) is a custom electronics module designed specifically
for use in the Belle II Level-1 Trigger system. Each board includes a set of high-speed optical links
and a dual-FPGA architecture centered around a high-performance AMD Xilinx Virtex UltraScale
FPGA to handle complex real-time trigger algorithms. Nearly all algorithms in the Level-1 trigger
run on either a UT4 or the last-generation UT3 board, with at least one dedicated board for each of
the discrete components illustrated in Fig.

3.11.2 Data Flow and Sub-Triggers

Each of the CDC, ECL, and KLM has its own corresponding sub-trigger system which performs on-
detector reconstruction with the raw signal data and outputs higher-level data objects to be utilized
by later stages of the Level-1 trigger. For example, for a calorimeter such as the ECL, the sub-trigger
system performs basic clustering and outputs “clusters” with associated positions and energies. These
are aggregations of hits which are likely to be associated with the same primary particle at the surface
of the ECL. Whereas individual hits have associated energies, positions, and hit times, clusters inherit
the total energy, average position, and average hit time of their constituent hits. On the other hand, a
tracking detector like the CDC performs track finding and interpolation, outputting charged-particle
candidates (“tracks”) with their associated positions and momenta. These data objects are then sent
on to the Global Reconstruction Logic, after which the Global Decision Logic makes the final trigger
decision for each event based on the collection of trigger bits provided by the GRL.

3.11.3 The ECL Sub-Trigger

While each of the aforementioned sub-detectors has its own sub-trigger algorithm, here we will focus
on the sub-trigger algorithms utilized by the Electromagnetic Calorimeter (ECLTRG). The ECLTRG
receives the analog sum of the (0.2 ups shaping time) ShaperDSP outputs for the 16 crystals in each
TC. These waveforms are first processed by a front-end analysis module (FAM), each of which receives
data from 12 TCs. The FAM includes three steps: first, the analog signal from each TC is digitized
by a fast analog-to-digital converter (FADC). Then, the digitized signal is processed on an FPGA to
obtain timing and energy information for each TC hit. Finally, a 100 MeV energy threshold is applied
before the data is sent on to the Trigger Merger Module (TMM). The TMM performs aggregation
of the data received from multiple FAMs, then routes the merged data to the ECL Trigger Module
(ETM).

At the ETM, the individual TC hits are grouped into “clusters”. Each resulting cluster is pa-
rameterized by 35 bits, allocated as shown in Table B} Due to hardware limitations, only the six
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Table 3: Per-cluster ECL sub-trigger outputs to GRL

Bit Index Parameter Least Significant Bit
[0, 6] Polar Angle (6) 1.40625°

[7,14] Azimuthal Angle (¢) 1.40625°

[15,22] Avg. Time (¢) 1 ns

(23, 34] Total Energy (E) 5.5 MeV

highest-energy clusters in each event are sent to the Global Reconstruction Logic. In a typical 7-
channel decay, the expected number of clusters is < 6, thus reconstruction of these events should be
unaffected by this constraint. Therefore, considering all four parameters (0, ¢, t, and E) for each
cluster, we require a maximum of 6 x 4 = 24 values to fully characterize the ECL response.

3.11.4 The Global Reconstruction Logic

The Global Reconstruction Logic (GRL) processes the data from all sub-trigger modules in order to
reconstruct the event in real-time. The GRL assigns values to a set of boolean flags (“trigger bits”)
for various physics targets using on multiple independent reconstruction algorithms. The algorithms
executed by the GRL include the matching of reconstructed tracks from the CDC sub-trigger with
hits in the outer detectors (ECL, TOP, KLM), as well as a variety of detector-specific conditions for
event selection targeting BB, 7777, and dark sector physics [30].

3.11.5 The Global Decision Logic

The Global Decision Logic (GDL) is the final step in the Belle II Level-1 trigger system. The GDL
receives a set of boolean trigger bits from the GRL which are then used to make a final trigger
decision. The particular algorithm applied to these trigger bits can vary, but typically involves taking
combinations of logical AND or OR functions of subsets of these bits, along with NOT for a set of bits which
target specific background processes such as Bhabha scattering. This allows for dynamic modification
of trigger conditions based on the accelerator conditions by simply enabling or disabling particular
trigger bits without modifying the underlying reconstruction algorithms.

3.11.6 Trigger Performance

High (> 99%) trigger efficiency on the Y(4S) — BB decay can be achieved relatively easily using
standard cut-based algorithms. However, these trigger conditions are significantly less effective at
identifying low-multiplicity 7 decays such as 7 — uv, 7, or 7 — v, +7F +n(7°), requiring significantly
lower background rejection rates to achieve comparable efficiencies. As a result, the 7 and dark
sector triggers currently occupy the majority of the trigger rate while accounting for a comparatively
small proportion of the expected physics rate. The rates associated with various physics targets and
background processes at £ = 6.0 x 10%® cm~™2s~! are given in Table At Belle II, the dominant
backgrounds come from beam backgrounds and Bhabha scattering [24]. The tree-level Feynman
diagrams for Bhabha scattering are shown in Fig. Beam backgrounds can be divided into two
broad categories:

1. machine-induced (“single-beam”), and
2. luminosity-dependent (“beam-beam”).

Single-beam backgrounds include synchrotron radiation, beam-gas scattering, and the Touschek effect,
in which particles within the same bunch scatter off of each other. On the other hand, Beam-beam
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Table 4: Projected physics and background event rates at Belle II

Process Event Rate
ete™ Bunch Collision ~ 200 MHz
Beam Background 7774
Bhabha Scattering ~ 50 kHz
Two-Photon Processes ~ 10 kHz
ete™ — vy ~ 2 kHz
ete”™ — qq ~ 2 kHz
ete™ — Y(45) ~ 1 kHz
ete™ = putu~ ~ 0.6 kHz
ete” = 7tr— ~ 0.6 kHz

Dark Sector/New Physics 777

@~ 300 kHz at £ = 5.0 x 103* cm~2s~!

e e
_ o
v v
+ ot ot ot
(a) s-channel (Annihilation) (b) t-channel (Scattering)

Figure 19: The tree-level Feynman diagrams for Bhabha scattering (ete™ — v — ete™)
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interactions include radiative Bhabha scattering (ete™ — eTe™7), electron pair production via two-
photon processes (yy — eTe™), and hadronic backgrounds (yy — hadrons). At Belle II, beam
backgrounds are generally the dominant backgrounds which affect event reconstruction at the Level-1
trigger, with the largest contributions coming from beam-gas interactions, the Touschek effect, and
radiative Bhabha scattering [31]. The tree-level Feynman diagrams for radiative Bhabha scattering
are shown in Fig.

gl gl
e~ e~ e~ e~
et et et et
(a) t-channel ISR (b) t-channel FSR
Y
e e e e
,Y* ,.Y*
v
et et et et
(¢) s-channel ISR (d) s-channel FSR

Figure 20: The tree-level Feynman diagrams for radiative Bhabha scattering (ete™ — eTe™7), includ-
ing initial-state radiation (ISR) and final-state radiation (FSR) for both the ¢-channel and s-channel
topologies

The overall requirements for the Level-1 trigger along with the present values at £ = 5.0
103*ecm 25! are given in Table |5 In order to maintain the requisite trigger efficiencies for both BB

Table 5: Requirements for the Belle IT Level-1 Trigger

Item Requirement Present Value
Trigger Rate < 30 kHz* ~ 8 kHz®

Latency 5 us 5 us

Timing Resolution 10 ns ~ 8 ns

Efficiency > 99% for BB pair > 99% for BB pair

> 95% for 7t~ pair > 95% for 777~ pair

%at £ =6.0x 10%° em2s !
bat £L=5.0x 103 cm 257!

and 7777 events while keeping the total trigger rate below the data acquisition system limit of 30 kHz,
the hardware-based Level-1 Trigger system will require significantly improved signal identification
algorithms over the next several years [30]. Our goal is thus to limit the trigger rate to < 30 kHz
without degrading the overall performance of the Level-1 trigger for event selection. In order to
continue to support the full range of physics analyses at Belle II, we aim to achieve at least 95%
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efficiency on 1- and 3-prong Standard Model 7 decays.

In the current Belle IT GDL, achieving these efficiencies generally requires taking the logical OR
of multiple lower-efficiency trigger bits, further limiting the overall background rejection rate. The
signal efficiencies for several of the most common trigger bits currently used to identify low-multiplicity
7 decays are given in Table @ These include a CDC-based single-track trigger (stt) and two-track
trigger (fyo), and an ECL-based tau-specific trigger condition (taueclb2b3). The extrapolated trigger
rates listed in Table [f] assume that the trigger rate for each bit scales linearly with luminosity. As
shown in Table [} taueclb2b3 requires back to back low-energy clusters in the ECL and is expected
to contribute ~ 11.6 kHz to the total Level-1 trigger rate at £ = 6.0 x 103> ecm~2s7!. Due to the
high trigger rate, this trigger bit was disabled in 2026. There are also several other ECL-based trigger
conditions (1ml) for general low multiplicity physics like eTe™ — pu. Note that several of these bits
depend on the ecl_3dbha bit, which is defined by the following conditions:

e 165° < > fom < 190°, where Y fcy is the sum of the polar angles of any two clusters in the
center-of-mass frame,

e 160° < A¢cm < 200°,°, where Agpcy is difference of the azimuthal angles of any two clusters
the center-of-mass frame, and

e F1 >3GeVAE; >3GeVA(E, > 4.5 GeV||[Ey > 4.5 GeV), where E,, is energy of cluster
n € {1,...,6} in the center-of-mass frame.

The signal efficiency is computed on real data as the average of the efficiency across each pair com-
bination of 1- and 3-prong Standard Model 7 decays, weighted by their respective branching ratios.
In the near future, both hie and several of the 1lml bits will need to be disabled in order to sup-
press the trigger rate as the accelerator luminosity increases, necessitating the development of this
new algorithm as a functional replacement and potential augmentation to the existing trigger condi-
tions. The luminosity-dependent background projections and subsequent trigger rates at the target
luminosity are subject to significant uncertainty, but current estimates place the total trigger rate at
L = 6.0 x10% cm~2s~! around 27.3 kHz, thus the exclusive rate from any additional trigger bits will
likely be limited to approximately 2.7 kHz [32].
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Table 6: Tau Trigger Bits

Bit Detector Definition Sig. Eff. Trigger Rate®

stt CDC #{Tracks} > 1 Ap > 0.7 GeV 84.5% 18.8 kHz

fyo CDC #{Tracks} > 2 A A¢ > 90° 67.2% 7.2 kHz

6

hie ECL > En,>1GeV 93.7% 16.8 kHz

n=1
6

hie4d ECL S En >4 GeV 92.0% 11.6 kHz
n=1

1ml1 ECL #{ne{l,. . 6}:(En>2GCeV)A(OID, € {4,...,14})} > 1  25.0% 6.9 kHz

1m12 ECL #{ne{l,...,6}: (B, >2GeV)A (0ID, € {2,3,15,16})} > 2 12.2% 4.7 kHz
A(—ecl_3dbha)

1ml8 ECL Ha, b} € P2 ({1,...,6}) s.t. (170° < Agom < 190°) 16.0% 2.2 kHz
A(Eq > 250 MeV) A (Ep > 250 MeV)
A(Vn e{l,...,6} En <2 GeV)

1ml12 ECL [Fla € {1,...,6} st. (En>0.5GeV)A (0ID, € {6,...,11})]  76.3% 4.7 kHz
A[V(a #b) Ep < 300 MeV]

eclmumu ECL Ha, b} € P2 ({1,...,6}) s.t. (165° <> Oom < 200°) 33.4% 8.1 kHz
A(160° < Adcn < 200°)
ANEq <2 GeV) A (B <2 GeV)

ecltaub2b3 ECL Ha, b} € P2 ({1,...,6}) s.t. (140° < > Ocm < 220°) 53.8% 11.6 kHz

A (120° < Aponm < 240°)

A(Eq > 140 MeV) V (Ep > 140 MeV)]
A(0IDg € {2,...,16}) A (0IDy, € {2,...,16})
A {E, :0ID, € {1,...,17}} < 7 GeV

A (Eq > 120 MeV) A (Ep, > 120 MeV)

AN(Vn e {l,...,6} E, < 4.5 GeV)

@ Projected at £ = 6.0 x 103% cm—2s~1!
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4 Machine Learning

4.1 Basic Principles

Machine learning denotes a class of computational models which utilize statistical inference, geometric
analysis, or iterative optimization to model complex relationships between data. The broad class of
machine learning algorithms generally includes three distinct paradigms, often called supervised, unsu-
pervised, and reinforcement learning. Among these, supervised learning is specifically a computational
approach to function approzimation. In supervised learning, we provide a set of inputs (“features”)
and the corresponding outputs (“labels”) under the mapping defined by some function. The goal is
then for the algorithm to learn to approximate the behavior of the function when applied to arbitrary
inputs.

For most modern machine learning algorithms such as neural networks, this is achieved by training
the model through the iterative process of gradient descent as illustrated in Fig. To perform
gradient descent, we provide a dataset including both features and labels, then propagate the feature
vectors through the network to obtain a set of output vectors. The measure of the discrepancy between
the outputs of the model and the corresponding labels is called the loss. This value is then used to
iteratively update the parameters of the model, converging to a set of parameters for which the loss
achieves a local minimum.

Features Hidden Layer 1 Hidden Layer 2 Predictions Loss Labels
H; ~
X 91 92 Y L Y
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1

Update: 6 < 0: —nVoLl

Figure 21: Gradient descent for a feed-forward neural network with learning rate n

The process of calculating the partial derivatives of the loss function with respect to each parameter
is called backpropagation. Backpropagation utilizes the Jacobian of the operation at each layer to “pull-
back” the loss function, thus determining the direction in which the model’s parameters should update
to minimize the loss. The magnitude of these updates is scaled by a hyper-parameter called the learning
rate. Hyper-parameters are parameters which are set in advance of the learning process, governing
both the behavior of the model during training as well as the structure of the model itself. This
includes parameters such a the total number of layers, the number of nodes per layer, the activation
functions at each layer, and more.

4.2 Neural Networks

From a purely mathematical perspective, a fully-connected, feed-forward neural network (Fig. is a
set of matrices

{W; € Rrseaxne) ¥

., and {B;eR™}Y (25)

where N € Z% is the number of layers in the network and n; is the width of the ith layer. The entries
wj, € Wy are called weights, while the entries b, € B; are called biases. Inputs at a specific layers 4
are vectors v; € R™. We define the propagation of a vector through the network recursively, as

vip1 =0 (Wivi + B;), i€{l,...,N}. (26)

where o is an activation function which is applied element-wise to the resultant vector. While o; is
generally taken to be a non-linear function such as 1-&-% (“Sigmoid”) or max(0,z) (“ReL.U”), it can
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be chosen independently for each layer in the network, and is often linear at the output layer (i = N).

U1,k ——>f 01 |— V2,5
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(a) Global network topology (b) Algebraic operations at a single neuron

Figure 22: Visualization of a fully-connected, feed-forward neural network

4.3 Hardware Platforms
4.3.1 Graphics Processing Units

Most modern machine learning is performed using specialized hardware optimized for high-throughput
parallel processing. The most common platforms include graphics processing units (GPUs) and tensor
processing units (TPUs), each of which can contain thousands of arithmetic logic units (ALUs).
Modern GPUs are also designed with dedicated tensor cores which are specifically optimized for
mixed-precision matrix multiplication [33]. However, since these architectures are physically designed
for massive parallelization, the hardware is significantly underutilized when performing inference on
a single input, since the unused ALUs cannot be used to accelerate inference. Furthermore, GPUs
rely on high-bandwith memory (VRAM) to store the model’s parameters. This memory is physically
separated from the compute cores, as illustrated in Fig. This physical separation creates a severe
latency penalty often referred to as the Von Neumann bottleneck or "memory wall”. During inference
on small batches, the time required to move data from external VRAM to the on-chip caches dominates
the execution time.

4.3.2 Field Programmable Gate Arrays

As the name suggests, a field-programmable gate array (FPGA) is an array of configurable logic
blocks (CLBs) that can be programmed using a specialized binary file called a bitstream. Modern
FPGAs utilize a heterogeneous, column-based architecture designed to mitigate the routing overheads
inherent to spatial computing. This silicon architecture interleaves fine-grained Configurable Logic
Blocks (CLBs) with columns of dedicated, coarse-grained hardware primitives. The foundational
resources comprising this fabric include Lookup Tables (LUTs) and Flip-Flops (FFs) for arbitrary
combinational and sequential logic, Digital Signal Processing (DSP) slices for accelerated arithmetic,
and a stratified embedded memory hierarchy composed of dual-port Block RAM (BRAM) and/or
high-density UltraRAM (URAM).
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Figure 23: Schematic view of a GPU

FPGAs eliminate the centralized memory bottleneck by utilizing independent on-chip memory
blocks distributed throughout the programmable logic fabric. This layout allows the hardware to be
physically wired into a pipelined data path optimized for the specific computational graph. On the
other hand, this severely limits the size of networks which can be implemented on a single FPGA due
to limited memory and fewer logic units per-chip. Consequently, FPGAs are often used to implement
relatively small models (typically containing fewer than 10 parameters) in contexts which require
extremely low-latency inference.

4.4 Machine Learning in Particle Physics

Machine learning has a long history in experimental particle physics, beginning with the early de-
velopment of neural network-based jet-tagging algorithms for the DELPHI and ALEPH experiments
at CERN in the early 1990s [34] 35]. These have subsequently grown to encompass a wide range
of applications from calorimeter shower reconstruction to real-time triggering and accelerator tuning
[36]. The major advantage of neural networks in this domain is that they allow for much more effi-
cient modeling of the extremely complex structure of subatomic particle interactions and decays as
resolved by instruments such as calorimeters or tracking detectors. When provided with raw data
from a calorimeter, physical interpretation and inference requires careful analysis of the relationships
between each individual energy deposition along with spatial positions, timing information, and the
material properties of the detector itself. While there are a variety of heuristics which physicists
have developed to facilitate these analyses [37H40], almost all approaches which rely on these tools
necessarily fail to leverage the complete informational content of the data provided by the detector,
since they operate at a significantly higher level of abstraction than the raw data.
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5 Event Classification Algorithm

5.1 Overview

To achieve the requisite trigger efficiency on Standard Model T decays while maintaining a sufficiently
high background rejection rate to keep the total trigger rate below 30 kHz, it is not sufficient to
engineer a more complex system of cuts on individual event variables to augment those shown in
Table [l These methods are fundamentally limited in their ability to distinguish 7 pair decays from
the primary background contaminants such as Bhabha scattering and beam-beam interactions, as they
cannot effectively utilize the complex structure of the resultant showers in the ECL to discriminate
between events. For the time being, we constrain our approach to Standard Model 7 decays (rather
than CP-violating or LFV decays) since it allows us to train on real data, enabling more robust
learning of the background distributions compared to the models used in Monte-Carlo simulation.
While the accuracy of event reconstruction at the level of the GRL is limited by the data reduction

Neural Network ----,

<

L
e
a S
c o
) 2 -l
0 @ © c
(o) (o)) = _9 —
L4 O b - 7] -
Q % = ﬁ % => 5 0 *
o 5 w s o) 5 00 5
[T} : o) : 8 : a :
(o] S b1 =
(7] o 8
; ; E L] 3 L]
Trigger Objects Reconstructed Final Trigger
Raw Output (Clusters, Tracks, etc.) (_C; Event Information Decision

Figure 24: Implementation of neural network-based reconstruction in the Level-1 Trigger

which occurs on-detector at the ECL, the GRL still receives substantially more granular position and
timing information than is currently utilized for event classification. To this end, we develop and train
a neural network for 7 event classification leveraging the full cluster information received by the GRL
from the ECL sub-trigger system (Fig. . More specifically, our algorithm uses energy, timing, and
position information as inputs to a fully-connected, feed-forward neural network to reconstruct these
standard model 7 decays and classify them among 10 possible pair-combinations as defined in 4.2.
The training of the neural network is performed by using data labeled by offline analysis, and the
trained model is implemented as firmware on the FPGA mounted to the GRL UT4.

5.2 Physics Targets

In cases where the final state of a decay involves > 3 charged-particles, events can generally be
identified using relatively low-complexity heuristics such as cuts on energy, track count, and/or cluster
count. However, low-multiplicity decays (i.e. those with < 3 charged particles in the final state) can be
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particularly challenging to identify using conventional triggers due to the sparsity and inhomogeneity
of the resulting hits/tracks. Therefore, these decays are a prime candidate for reconstruction using
more complex algorithms such as neural networks. In this study, we focus primarily on reconstruction
of the low-multiplicity standard model 7 decays, the dominant tree-level Feynman diagrams for which
are shown in Fig. . For a pair of 7 leptons produced via ete™ — 777, this gives us 10 possible
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Figure 25: The 1-prong (leptonic and hadronic) and 3-prong (resonance-mediated hadronic) decay
modes of the Standard Model 77 lepton

combinations of decay modes, characterized by the charged particles in the final state:

l.exe(1x1) 6. pxm(1lx1)
2. exp(1x1) 7. pux 37 (1x3)
.oexm(1x1) 8. wxm(lx1)
4. ex 37 (1x3) 9. mx 37w (1x3)
5. wx p(1x1) 10. 37 x 37 (3 x 3)

While we perform event classification for all 10 labels, we often treat e™ x e~ as background when
making the final trigger decision due to significant signal contamination from Bhabha scattering.
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5.3 Data Collection and Pre-Processing

While data obtained from Monte-Carlo simulations offers the benefit of access to ground truth infor-
mation for each event, beam background modeling in the existing Belle II simulation framework is
extremely limited. Therefore, we use a 36.1 pb~! dataset collected with a loose trigger condition in
December 2025 for the training and validation of the event classification algorithm. In this configura-
tion, we trigger on all events which contain at least two ECL clusters or one CDC track. This ensures
that the backgrounds are sampled roughly uniformly, requiring that the model learns an unbiased
background distribution and limiting the discrepancy between performance in software and the even-
tual firmware implementation (where the model will see every event irrespective of the Level-1 trigger
condition). The average Level-1 trigger rate during this run was 11.8 kHz with a peak luminosity of
3.05 x 103*ecm—2s~1.

We use the offline reconstruction tools provided in the Belle 2 analysis software framework (basf2)
to identify low-multiplicity standard model 7 decays [41]. Our selection criteria utilize several event
variables such as decay vertex position, thrust, missing mass/momentum, and total visible energy,
alongside neural network-based likelihood cuts for e, p, 7, and 7 identification. The full set of cuts
is given in Table[7] We define all events not selected by these cuts as background, comprising both
continuum and beam backgrounds.

Table 7: Tau Signal Pre-Selection Cuts

Event Variable Definition Cut(s)
Decay Vertex Displacement of the primary decay with respect to the IP  —3.0 < dz < 3.0

dr < 1.0
Thrust Max. fraction of visible momentum along a single axis 0.85 < T <0.99
Missing Momentum  Magnitude of the missing 3-momentum, |7 — > Puis| 0.52 < pmiss. < 2.8
Missing Mass Squared invariant mass of all unobserved particles —0.5 < Mmiss. < 49
Visible Energy Scalar sum of the energies of all reconstructed particles 1.5 < E, <104

The individual decay modes are distinguished using particle identification (PID) likelihood cuts
(Table . In addition, we require that the number of reconstructed particles in the final state is
limited to the expected multiplicity of the reconstructed decay (e.x. #{e} < 2 for e x e, #{m} <6 for
37 x 3m). We define all events not selected by these cuts as background, comprising both continuum
and beam backgrounds.

Table 8: Particle Identification Pre-Selection Cuts

PID Variable Definition Cut(s)

Pion Likelihood PID likelihood fraction for the m hypothesis Ln > 0.5
Electron Likelihood PID likelihood fraction for the e hypothesis L. > 0.9
Muon Likelihood PID likelihood fraction for the p hypothesis L, > 0.9

Due to the relative sparsity of events in each class, we employ an iterative stratification algorithm
(as implemented in the scikit-multilearn package) with an 80 : 20 split to separate the train and
test data [42]. Iterative stratification is a method for stratification of multi-label data which ensures
that the relative prevalence of each label remains uniform across each fold. The algorithm functions by
first calculating the sample count per fold, then iterating through all label combinations and selecting
the combination which maximizes the number of unique labels and minimizes the number of samples
with the same combination. Unlabeled samples are then distributed randomly, weighted by remaining
fold capacity. This ensures that the relative prevalence of each class is preserved in both sets [43].
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Figure 26: Structure of the 7 event classification network

Due to the size of our original dataset (N = 2.3 x 107 events, 10 labels), it is computationally
infeasible to perform iterative stratification on the entire dataset. Therefore, we first separate the
events which are labeled as background from those labeled as signal. We then use scikit-learn to
partition the background events (also with an 80 : 20 test-train split), and iterative stratification on
the signal events, before re-combining to obtain the complete train and test datasets.

5.4 Model Architecture

The event-classification algorithm developed in this study is a fully-connected, feed-forward neural
network with six hidden layers as shown in Fig. This model accepts all four cluster parameters
(E,0,¢,tqvg) from the ECL sub-trigger (Table [3) for each of the six highest-energy clusters in an
event and produces ten outputs: one for each pair of the four selected 7 decay modes. An overview of
the model’s hyperparameters is given in Table[9] In order to set a single boolean flag for this trigger

Table 9: Neural Network Architecture

Layer Layer Type Input Width Output Width Activation

1 Dense 24 64 ReLLU
2 Dense 64 64 ReLU
3 Dense 64 64 ReLU
4 Dense 64 64 ReLU
5 Dense 64 64 ReLU
6 Dense 64 64 ReLU
7 Dense 64 10 Linear

bit, we program ten independent thresholds against which the outputs are compared. If any of the
ten outputs exceeds the assigned threshold, we assign the flag a value of 1 (“True”); otherwise, we set
it to 0 (“False”).

5.5 Model Compression

In general, there are several distinct (and occasionally mutually exclusive) approaches to minimizing
the size and inference time of a neural network. These include dynamic quantization, static quantiza-
tion, structured pruning, unstructured pruning, and hybrid approaches which utilize hyperparameter
optimization schemes alongside a combination of these methods. While these have historically been
treated as independent modes of compression, necessitating separate steps for pruning and quanti-
zation respectively, modern heterogeneous quantization frameworks such as HGQ2 effectively perform
compression equivalent to static quantization and unstructured pruning simultaneously [44].

5.5.1 Quantization

Quantization reduces model size and inference time by limiting the numerical precision of the model’s
weights, biases, and activations. In some cases, this can even allow operations which would ordi-

32



narily require more complex digital signal processing units (DSPs) to be performed using lookup
tables (LUTs), which can dramatically reduce inference times for certain hardware configurations.
Mathematically, for a full-precision value r, the quantized value ¢ is given by

g =round(r/S) + Z, (27)

where S is a scaling factor and Z is the “zero-point”. In practice, Z determines whether a particular
quantization is symmetric (Z = 0) or asymmetric (Z # 0). As shown in Fig. symmetric quanti-
zation (Fig. [27a)) simplifies computation but can result in inefficient allocation of the full bit-width if
the distribution is highly skewed. Asymmetric quantization (Fig. can more efficiently utilize the
full bit-width for arbitrary ranges, but requires additional overhead for the zero-point correction. In
our case, we will be dealing primarily with symmetric quantization schemes.
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Figure 27: Symmetric and asymmetric quantization

When we consider the specific applications of this method for neural network compression, quan-
tization can broadly be separated into two distinct frameworks: dynamic quantization and static
quantization. While both approaches operate on the same fundamental principle of reducing the
numerical precision of a model’s weights and activations, the distinction lies in when they compute
the scales for these parameters. In a dynamically quantized model, the scaling parameters for the
weights are fixed ahead of time, but the activation ranges are calculated on the fly during inference. In
contrast, static quantization fixes the scaling for both the weights and activations in advance. While
this eliminates the runtime overhead associated with the real-time calculation of the optimal scaling
for each activation, it requires calibrating the model with a representative dataset beforehand to map
out the activation ranges.

5.5.2 Pruning

Pruning takes an entirely distinct approach to model compression by strategically removing nodes
from the network entirely. This is typically done by removing the nodes which contribute the least
to the output. This often (though not always) corresponds to the nodes with the lowest weights and
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Figure 28: Comparison between Unstructured and Structured Neural Network Pruning techniques.

biases. Like quantization, pruning generally falls into one of two classes: unstructured pruning or
structured pruning (Fig. .

In unstructured pruning, individual weights are pruned based on their magnitude and/or effect
on the output of the model. In practice, this most commonly entails the pruning of the individual
nodes with the lowest weights, though it can also involve activation-based criteria or more complex
information-theoretic metrics of connectivity. However, unstructured pruning does not actually modify
the architecture of the network (i.e. the dimensions of the weight matrices). Instead, the nodes with
the lowest weights simply have their weights set to zero. However, this generally results in large sparse
matrices, often requiring specialized hardware, data formats, and custom compute kernels for optimal
performance. The result is typically a moderate reduction in model size and inference time with little
to no impact on the model’s accuracy.

On the other hand, structured pruning leverages the large-scale structure of the model to excise
entire components of the based on their overall connectivity to the rest of the network. While fun-
damentally based on the same criteria, structured pruning, as the name suggests, makes structural
changes to the network architecture, actively reshaping the weight matrices and often removing entire
layers, channels, or filters. This is particularly useful when the original model is extremely sparse,
as it allows the large sparse matrices to be converted to much smaller dense matrices, massively re-
ducing computational overhead both in storing the model’s parameters and in performing arithmetic
operations during inference.

5.6 Training

We train the model for 500 epochs using adaptive moment estimation (ADAM) with a learning rate
of n = 10™*, decay rates $; = 0.9 and 2 = 0.999, ¢ = 1078, and a weight decay rate of 107°. To
maximize multi-label classification performance on unbalanced classes, we utilize a categorical focal
cross-entropy loss with a = 0.99 and v = 4.0.

5.6.1 Cross-Entropy Loss

In information theory, the cross-entropy of a distribution A with respect to another distribution B is
given by
H(A,B) = —E,.4 [log B(z)], (28)

where E,. 4 is the expected value operator with respect to A. In machine learning, the cross-entropy
is commonly used to compute the loss when training models which perform discrete classification. In
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particular, when the outputs of a model are normalized such that p; € [0, 1], the loss function can be
defined as the categorical cross entropy,

Lor = —log(py) (29)

where p; is the predicted probability that the input belongs to the class.

5.6.2 Class Imbalances and Focal Loss

Generally, when there is a substantial imbalance in the number of samples from each class in a dataset,
the model’s learned parameters disproportionately favor configurations in which the accuracy on the
dominant classes is maximized, while the accuracy on the classes which comprise a lesser proportion
of the dataset can remain comparatively low. To mitigate this, we often apply a direct weighting to
the loss function in order to ensure that classification performance on each class is treated equally
across the full dataset. However, this approach suffers from a major limitation: there is an implicit
assumption that the configurations which result in higher accuracy on some examples of a class are
highly probable to result in higher accuracy on all examples of that class. That is, all members of a
given class are structurally similar from the perspective of the classifier. Consider the following two
examples:

1. multi-label classification of events with the ten pair combinations of 1- and 3-prong 7 decays

(Fig. [29a]), and
2. binary classification of Standard Model 7 pair decay events (Fig. 29b]).

In both cases, assume that the signal class comprises a relative minority of the training dataset.
In the former case, it seems natural to assume that elements of each class comprise a single (though
not necessarily uniform) cluster of points in the feature space. Therefore, as long as we weight the
loss function appropriately, training the model should result in not only comparable performance on
each class, but also comparable performance on random subsets of each class. That is, the learned
information which leads to increased accuracy on some element of each class generalizes to the rest
of the class. This is often the case when training a classifier, however it is not always the case. In
the latter example, we have two classes; events in which there is a 7 pair decay (signal) and all other
events (background). There are now multiple discrete pairs of 7 decay modes which are all defined as
elements of the same class, hence elements of this class do not necessarily comprise a single cluster in
the feature space. Consequently, the learned information required to accurately classify some elements
of this class is considerably less likely to generalize to all elements, as the underlying physics may be
completely distinct depending on the specific decay mode(s).

So far, this paradigm is true if we assume that the primary distinction which leads to separation
in the feature space is the identity of the primary 7 decay itself, but if we now consider the secondary
decays of those daughter particles, it quickly becomes apparent that even within a particular pair
of decay modes, we should still observe distinct subsets depending on the secondary decay modes.
We can follow this through the entire particle shower and theoretically separate the set of all T pair
decays in any given mode into arbitrarily many subsets based on the shower substructure. However,
the feature-space separation between events becomes increasingly small as we attempt to separate
events further down the decay chain for two reasons; one physical, and one information-theoretic.

The physical reason is that each interaction deposits some energy in the material of the detector,
resulting in a collection of secondary particles which have a total energy less than the energy of the
primary particle at that vertex. Thus, phase space and kinematic constraints imply that the number
of accessible future states is less than the number of states which were accessible at the previous
vertex. This means that the states which can diverge the most in terms of their physical behavior
(and thus in their representations in feature space) are the earliest states in the decay chain.

The information-theoretic reasoning is more straightforward; consider two events, each containing
N discrete decays (time-ordered from 0 to N). For simplicity, imagine that we encode each of these
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Figure 29: Visualization of 7 pair decay classes in feature space

events using one bit for each decay, such that each event is encoded by a set of ten bits, {v1,...,v,}
and {wy,...,wy,}. The number of shared bits is given by

a 1 z=y9
Zb(vi,wi), b(x,y) = {0 vty (30)

hence the informational similarity between the two events is directly proportional to the number of
shared decay vertices. In practice this sort of analysis is often considerably more involved, utilizing
more precise measures of information such as mutual information (“MI”) or Shannon entropy, but the
same heuristics generally apply regardless.

Focal loss is a method for handling class imbalances in the training of neural networks without
computing weights for each class in advance. Rather than calculating weights based on the relative
prevalence of each class in the training dataset, focal loss utilizes a technique called down-weighting.
This approach dynamically re-weights the loss function based on the difficulty of classifying a particular
input. Formally, the focal loss is defined as

Lrr, = —(1 —pt)" log(pt), (31)

where p; is the predicted probability that the input belongs to the class, and +y is the focusing param-
eter. Higher values of « correspond to a more aggressive re-weighting, while v = 0 corresponds to the
standard categorical cross-entropy loss function (Eq. . The focal loss can be further augmented by
re-inserting an overall weighting term oy, so that

Ly, = —az(1 — pt)7 log(pe). (32)

This is the form that we use in the training of our model, as implemented in Keras 3.

5.6.3 Quantization-Aware Training

We utilize per-weight mixed-precision quantization aware training (HGQ2) to train and quantize our
model [44]. In quantization-aware training, the bit-widths for all parameters are masked during the
forward pass to simulate the quantization (using the learned quantization parameters at the current
epoch). This allows the network to optimize for the performance of the model conditioned on the
specific learned quantization parameters at each step without artificially limiting the minimum step-size
during the backward pass. The bit-widths can thus be simultaneously optimized during the training
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cycle by attaching a surrogate gradient to them, making the bit-widths themselves differentiable
parameters. In the HGQ2 framework, the overall loss function £ is thus given by

L = Lpase + Bo EBOPs + »  bit-widths, (33)

where Lyase is the original loss function, EBOPs (”Effective Bit Operations”) is an estimate of on-chip
resource utilization computed during training, and 8y € R™ determines how aggressively the model
will be quantized (i.e. how to balance accuracy and on-chip resource utilization) [44]. In our case, we
set B = 10713,

5.7 Performance and Evaluation

The common trigger conditions currently used for 7 selection generally achieve signal efficiencies
between 80% and 90% in the range of trigger rates between 10 kHz and 30 kHz at the target luminosity
(Table @ In comparison, the neural-network based logic achieves signal efficiencies between 92%
and 97% over the same range of trigger rates. In order to comprehensively evaluate of the model’s
performance, we consider four possible cases:

1. true positives T,

T, = # {(isTauSignal == True) A (Output > Threshold)}, (34)

2. false positives F,

F, = # {(isTauSignal == False) A (Output > Threshold)}, (35)

3. true negatives T,

T,, = # {(isTauSignal == False) A (Output < Threshold)}, (36)

4. false negatives F,,

T,, = # {(isTauSignal == True) A (Output < Threshold)}. (37)

We then define the true positive rate as

T,
TPR = —2 38
and the false positive rate as
F,
FPR= —2 .
R T, + F, (39)

One way to visualize the accuracy of a classifier is by plotting the false positive rate against the
true positive rate to obtain the receiver-operating characteristic (ROC) curve. The area under the
curve (AUC) can then be used to estimate the overall performance. The weighted average of the
neural network ROC across all modes is shown alongside the trigger bits defined in Table [f] in Fig.
with the mode-by-mode performance shown in Fig.

Due to the highly unbalanced classes, it can also be useful to visualize the performance for each
mode with the corresponding precision-recall curve. In this parameterization, we define the precision,

1
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Figure 30: Comparison of the weighted average neural network ROC curve
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and the recall as the true positive rate (Eq. . The overall metric for the model’s performance in
this parameterization is the average precision (AP), which is measured as the weighted average of the
precisions at each threshold,
AP = Z(Rn - Rn—l)Pn, (41)
n
where P,, and R,, are the precision and recall at the nth threshold [45].

The precision recall curves for each decay mode are shown in Fig. here we can more clearly see
some discrepancies emerge. p X p remains the most challenging mode to accurately classify, requiring
a relatively high false-positive rate to reach comparable signal efficiency to what an ”easier” mode like
7w X 7 achieves with considerably lower background contamination. However, since the branching ratios
for the more challenging modes are generally significantly lower, we can accept a larger false-positive
rate in these modes in order to achieve the requisite signal efficiency without substantially increasing
the total trigger rate. Additionally, we examine the activations at each the ten outputs to assess the
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Figure 32: Precision-recall curve for for each pair of 7 decay modes

degree to which the individual outputs are correlated with one another. This can be visualized as a
covariance matrix as shown in or a normalized correlation matrix as in Fig. The fact that
the outputs exhibit significant pairwise correlations indicates that rather than learning to effectively
separate each of the different labels, the model is primarily learning a representation which enables it
to distinguish inputs with any label from backgrounds. In this case, the ten outputs correspond to
non-orthogonal subspaces of the activation manifold. This allows us to fine-tune the performance on
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Figure 33: Neural network output correlation and covariance matrices

each label using separate cut thresholds, but not necessarily cleanly separate different decay modes.
This is consistent with the way the data itself is labeled; events can, and often do have more than
one label, hence the model learns to classify events non-exclusively, ultimately biasing the model’s
internal representations towards those which classify events primarily by whether they correspond to
a 7 pair decay or a background source. In this case, the naive goal of the model (event classification)
is simply a means to an end (event selection).

The signal and background efficiencies for each mode across a range of cut thresholds between —3.0
and 0.0 are shown in Fig. and Fig. We also plot the projected trigger rate (both per-output
and total) as a function of the cut threshold in Fig. In the current GRL firmware, we budget a
total of 10 kHz for this trigger bit. We optimize the thresholds for each mode for the highest possible
efficiency which can be achieved on all modes simultaneously given this limitation. Practically, we
sample signal efficiencies by scanning across a range of thresholds for each mode. For each efficiency
target, we then determine the trigger rate in the case where we set the thresholds such that each
mode achieves that efficiency (within a small margin of error). At this point, we can simply select the
signal efficiency which results in the trigger rate closest to the desired rate, and thus determine the
corresponding thresholds for each output. For a limit of 10 kHz, the corresponding accuracy across
all modes is determined to be approximately 90%. If we instead scale up to the full DAQ limit of
30 kHz, the accuracy across all modes reaches approximately 97%.
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Signal Efficiency vs. Output Threshold by Mode
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Figure 34: Signal efficiency vs. neural network output threshold for each pair of 7 decay modes

Background Efficiency vs. Output Threshold by Mode
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Projected Trigger Rate vs. Output Threshold by Mode

2001

—— exe —+— mu X 3pi
— —e— pi X pi
—— pi x 3pi
1754 — —— 3pi x 3pi
— m— Total
—_—
150 -

125 A

100 4

75 A

Projected Trigger Rate (kHz)

501

25

—3.0 -25 —2.0 -1.5 -1.0 ~05 0.0
Output Threshold

Figure 36: Projected trigger rate vs. neural network output threshold for each pair of 7 decay modes
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6 On-Chip Deployment

6.1 Hardware Target

The GRL algorithm is implemented on an AMD Virtex UltraScale (XCVU080) FPGA as part of
the Belle IT Universal Trigger Board 4 (UT4). The hardware specifications for this chip are given in
Table Historically, the primary bottleneck in the implementation of complex neural network-based

Table 10: Technical specifications for the AMD XCVU080 FPGA [46]

Resource Count
Block RAM (BRAM) 2842
Digital Signal Processor (DSP) 672
Flip-Flop (FF) 891424
Lookup Table (LUT) 445712

algorithms on FPGAs has been the number of DSPs required to perform the matrix-vector multipli-
cation operations. However, as we will discuss in Section 6.2.1, this limitation is has been rendered
largely obsolete for heavily quantized models due to the development of distributed arithmetic-based
synthesis tools. Therefore, the most significant restrictions on model size now come from the number
of available LUTs and routing between them. In general, we require < 50% LUT utilization for the
full GRL firmware in order to achieve timing closure, which corresponds to < 20% LUT utilization
for the neural network. In this case, that corresponds to < 222856 LUTs for the full GRL firmware,
or < 89142 LUTs for the neural network itself. Additionally, the network must satisfy latency and
pipeline constraints; the total latency cannot exceed 470 ns and the throughput must be greater
than four system clock cycles (127.216 MHz/4 = 31.804 MHz), which follows from the frequency of
ECLTRG inputs to the GRL.

6.2 High-Level Synthesis

Standard workflows for high-level synthesis (HLS) of neural networks in particle physics frequently
employ the hls4ml Python package for the generation of C++ HLS code from models developed with
Keras or PyTorch [47H49]. This can then be used to generate HDL/VHDL code using proprietary
electronic design automation (EDA) suites such as AMD Xilinx Vivado and Vitis. Recent work in
this area has shown that additional optimization of the low-level implementation of vector-matrix
multiplication operations can dramatically reduce the resources required by the final model, leading
to the development of the dadml package for high-level synthesis with distributed arithmetic. To
this end, we opt to use hls4ml with the drop-in distributed_arithmetic strategy from dadml for
high-level synthesis of the HGQ model [50].

6.2.1 Distributed Arithmetic

As discussed in Section 4, the fundamental operation involved in neural-network inference is matrix-
vector multiplication. For a vector v € R™ and matrix M € R™*"™, the product Mv involves n x m
multiplication operations and (n — 1) x m addition operations. At a hardware level, this operation is
a implemented as stream of multiply-accumulate (MAC) operations:

yi = (Miav1) + (Migv9) + -+ =Y M ju;. (42)
=1
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where y; is the ith element of the resulting vector y € R™. These operations are generally implemented
using DSPs, since each DSP contains a dedicated multiplier, adder, and accumulator register as shown

in Fig.
UltraScale DSP48E2 MAC

M;

7j

~
\
1!
N
[Noo

Figure 37: Hardware implementation of MAC for matrix-vector multiplication

Distributed arithmetic is a method which maps fixed-width matrix-vector multiplication operations
to mathematically equivalent sequential bit-shift and addition operations (Fig. . Instead of operat-
ing on the full input vector v;, distributed arithmetic operates on bit slices v[k], defined as is the kth
bit taken from all n elements of v simultaneously. By eliminating the need for direct multiplication
of the elements M; ; and v;, the fundamental operations are reduced to those which can be efficiently
implemented using LUTs, shift registers, and adders, rather than DSPs. Since the number of DSPs

Distributed Arithmetic Unit

. LUT .
U[k] —'w> (Pre-Computed > _'_ Shift i
Weights)

> 1 (Shift)

1
1
:
1
Register '
1
1
1
1
1
1

Figure 38: Hardware implementation of distributed arithmetic for matrix-vector multiplication

available on most FPGAs is typically far smaller than the number of LUTs, this significantly increases
the size of model which can be implemented on a given chip. The distributed_arithmetic synthesis
strategy from da4ml implements this algorithm within the h1s4ml high-level synthesis framework. In
practice, this typically reduces the number of DSPs used by the model to 0 as long as the original
model was quantized appropriately.

6.3 Firmware Implementation

We instantiate the neural network itself as a Vivado Intellectual Property (IP) core within the full
GRL firmware structure. IP cores are pre-designed modular logic blocks which can be seamlessly
integrated into a larger firmware design. As mentioned in Section 3.11.3, the GRL receives ECL
cluster information directly from the ETM at each clock cycle with a frequency of 8 MHz. This
cluster information is not sorted by default, thus we first sort the clusters by energy using an odd —
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even transposition sorting algorithm. This sorting process is pipelined such that each stage operates as
an independent comparator level of a descending sorting network. The process is distributed across five
synchronous pipeline stages, where each energy comparison synchronously swaps the corresponding 6,
@, and t,, data. Once the inputs are fully sorted, the top six clusters are extracted, padded so that
all parameter bit-widths match, and concatenated into a 288-bit vector.

Since the sorting logic and neural network run at a clock frequency of 127 MHz, data is read at
each clock cycle irrespective of whether there is a valid new event at that cycle or not. Therefore,
we evaluate the presence of a valid event by checking if the sorted cluster with the highest energy is
non-zero. To prevent the IP from repeatedly processing the same event in consecutive clock cycles, we
assign a state flag which ensures that when a new non-zero event is detected, the module generates a
one-cycle pulse which prompts the neural network to perform inference on the current input vector.
We also require that the original input features are synchronized with the neural network outputs
for the Belle IT Link (B2L) readout [51]. The input vector is held in a synchronous delay line until
inference is completed, at which point a three-stage pipeline is sequentially triggered.

The first stage registers the network outputs directly from the IP. Stage 2 then compares these
outputs against ten distinct thresholds (one for each class) to produce a set of 10 boolean values.
Stage 3 takes the logical OR of these values; if any individual threshold is exceeded, the 7 decision
flag is set to 1. If none of the thresholds are exceeded, the flag is set to 0. Finally, the fully pipelined
neural network outputs, the boolean values for each class, the 7 flag, and the delayed original inputs
are simultaneously captured by the B2L registers. The data sent to the GDL is simply the value of
the 7 flag for each event, which is then used to make the final Level-1 trigger decision. The data flow
for the full 7 trigger logic is shown in Fig.

6.4 Latency and Utilization Estimates

The post-synthesis resource utilization and latency estimates results for the standalone neural network
IP are reported in Tables [11] and We also compare these results to those obtained using hls4ml
without distributed arithmetic (Tables[13]and [I4). In this particular case, since the model is already
aggressively quantized, the majority of the observed improvements are seen in LUT utilization and
latency. For larger models which utilize more DSPs by default, the impacts of distributed arithmetic-
based HLS strategies are even more pronounced. The post-synthesis resource utilization for the full
GRL firmware (including the new IP) is reported in Table while the post-implementation values
are given in Table

6.5 Behavioral Simulation

We first compare the model outputs in register-transfer level (RTL) behavioral simulation with those
obtained from the original Keras model for a sample of 10* random inputs (Fig. . This is a low-
level simulation of the physical circuit as routed on the target hardware. We find that the outputs
from the RTL simulation match the software results for all tested inputs. We also perform the same
comparison for a sample of 10® real inputs captured during a physics run (Fig. , with the Keras
model continuing to show perfect agreement with the RTL simulation for all events.

6.6 Firmware Validation

After completing the preliminary validation steps in simulation, the new trigger bit was enabled to
allow for a thorough analysis of performance and efficiency on collision data gathered during Belle II
physics runs in June 2026. To validate the performance of the FPGA firmware after installation to
the Belle IT UT4, we capture the inputs and outputs to the neural network during a physics run. The
captured inputs are then fed back into the Keras model and the resulting outputs are compared to
the captured outputs from the firmware implementation. The results of this comparison are shown in
Fig. For the 10* events in the sample, the firmware outputs match those from the corresponding
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Figure 39: Structure of the 7 event classification algorithm in the Global Reconstruction Logic

47



Table 11: Post-synthesis resource utilization estimates for the neural network IP (with distributed
arithmetic)

Name BRAM DSP FF LUT URAM
DSP - - - - -
Expression - - 0 5522 -
FIFO - - - - -
Instance - - 0 1286 -
Memory - - - - -
Multiplexer - - 0 36 -
Register - - 1144 - -
Total 0 0 1144 6844 0
Available 2842 672 891424 445712 0
Utilization (%) 0 0 0 1 0

Table 12: Post-synthesis latency estimates for the neural network IP (with distributed arithmetic)

Measure Latency (Min.) Latency (Max.)

Clock Cycles 6 6
Absolute 47 ns 47 ns

Table 13: Post-synthesis resource utilization estimates for the neural network IP (without distributed
arithmetic)

Name BRAM DSP FF LUT URAM
DSP - - - - -
Expression - - 0 944 -
FIFO - - - - -
Instance - 1 486 10638 -
Memory - - - - -
Multiplexer - - - 36 -
Register - - 1051 - -
Total 0 1 1537 11618 0
Available 2842 672 891424 445712 0
Utilization (%) 0 0 0 2 0

Table 14: Post-synthesis latency estimates for the neural network IP (without distributed arithmetic)

Measure Latency (Min.) Latency (Max.)

Clock Cycles 9 9
Absolute 71 ns 71 ns
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Keras model in 9968 (99.68%). This is consistent with the expected behavior of a quantized neural
network, with the discrepancies attributable to values which fall outside the range of the calibration
sample (likely due to run-by-run differences in accelerator conditions).
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Table 15: Post-synthesis resource utilization estimates for the full GRL firmware

Name BRAM DSP FF LUT URAM
Total 235 0 160974 168232 0
Available 2842 672 891424 445712 0
Utilization (%) 8.27  0.00 18.06 37.74 0

Table 16: Post-implementation resource utilization for the full GRL firmware

Name BRAM DSP FF LUT URAM
Total 1006 0 167474 159820 0
Available 2842 672 891424 445712 0
Utilization (%) 3540  0.00 18.79 35.86 0
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7 Physics Performance

7.1 Trigger Rate

We monitored the behavior of the new trigger bit (ecltaunn) during a Belle IT physics run on June
28, 2026. During this run, SuperKEKB achieved a peak luminosity of 4.66 x 103* cm™2s~! with an
average delivered luminosity of 4.38 x 10%* cm~2s~!. The average Level-1 trigger rate during this
run was 10.3 kHz, with a maximum of 12.3 kHz. The average trigger rate of the ecltaunn bit over
the same period was 1.8 kHz, with a maximum of 2.6 kHz. The trigger rate for the ecltaunn bit is
plotted against the total Level-1 in Fig. When evaluated alongside the other trigger bits utilized

Neural Network vs Level-1 Trigger Rate
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Figure 43: Trigger rate of the ecltaunn bit and the total Level-1 rate over a 1-hour period with an
average luminosity of 4.38 x 1034 cm™2s!

for 7 event selection as defined in Table|§|7 approximately 35% of the average rate associated with the
ecltaunn bit is exclusive (i.e. not triggered by any of other bits), while the remaining ~ 66% are
associated with events already triggered by existing bits. With hie and ecltaub2b3 disabled (as will
be the case in future physics runs), the exclusive rate from ecltaunn increases slightly to around 38%
of the total. The inclusive and exclusive distributions for each of the ECL cluster parameters E, 0,

¢, and t.yg are shown in Figs. [i4] - {7
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Figure 44: Inclusive and exclusive distribution of the cluster energy FE for all clusters in a sample of
2,283,317 events selected by the ecltaunn trigger
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Figure 45: Inclusive and exclusive distribution of the polar angle 6 for all clusters in a sample of
2,283,317 events selected by the ecltaunn trigger
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Figure 46: Inclusive and exclusive distribution of azimuthal angle ¢ for all clusters in a sample of
2,283,317 events selected by the ecltaunn trigger
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Figure 47: Inclusive and exclusive distribution of the average cluster hit time ¢, for all clusters in a
sample of 2,283,317 events selected by the ecltaunn trigger
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7.2 Relative Trigger Efficiency

Let X be the set of all events, Y C X the set of events containing a 7 pair decay, and Z C X be

the subset of events meeting a specific reference selection criteria targeting 7 decays. The inclusive
efficiency of this selection criteria is

ey = |£|

Y|

Next, we define two triggers, bitl and bit2 with true efficiencies e; and e on the set of 7 pair events
Y. The set of 7 events selected by bitl and bit2 are subsets B; C X and By C X, where

(43)

‘BlﬂY‘ :61‘Y| and |B20Y| :62|Y‘ (44)
respectively. Evaluated on the set Z, we can define efficiencies €] and e} such that
|BiNZ|=¢|Z| and |BaNZ|=¢€h|Z|. (45)

These efficiencies clearly depend on the selection criteria used to define the set Z. If the triggers bit1
and bit2 are perfectly statistically independent of the selection criteria,

€z1p1 = €z = €] =ey. (46)
where Z0 B
N By

= 47

€Z|B1 Y N B ( )

This implicitly assumes that Z acts as a perfectly uniform random scalar reduction on B;. In practice,
Z NY is generally a kinematically biased subset of Y, therefore the triggers are not independent of
the selection criteria.

Now consider the conditional probability P(bit1|bit2) on the set Z:

(B; N By)N Z|

P(bitl|bit2 =

(48)

This is the proportion of events in |Bs N Z| that are also in By. If the two triggers are statistically
independent, then

P(bitlbit2)| =e]. (49)

Z

More generally, we can draw a number of conclusions regarding this quantity from the efficiencies €}
and €} in the case where the triggers are not perfectly independent:

if ) =1, then P(bit1|bit2)|, =1,
if ey = 1, then P(bit1[bit2)|, =€},
if ¢} + €4 < 1, then min { P(bit1[bit2)|,} =0,

if €] 4 €5 > 1, then min { P(bit1[bit2)|,} = ate=l g,

7
€3

if e] < e, max { P(bit1|bit2) ‘Z} = z—;l, and
2

if €] > eb, max { P(bit1|bit2)|,} =1.
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Written more compactly, we have

/ !/ 1
max (0, 61+eﬁ> < P(bit1|bit2)
€2

e/
< min <1, ,1> . (50)
z €2

In order to express this in terms of the true efficiencies e¢; and es, note that

€Z|B1 €7|B2
¢ = 2B and e, = 222, (51)
ez €z
therefore
€ er + € ey — € € e
max (o, ZIB1T1 T ~Z1B2va Z) < P(bit1pit2)| < min <1ZB“> (52)
€7|B2€2 Z €7|B2€2

We evaluate the performance of the ecltaunn bit using combinations of reference bits which do
not utilize the ECL cluster information for reconstruction. In this case, we use the existing CDC
single- and two-track bits. From 2026 onward, stt and fyo were replaced by sttz and fzo, which
also depend on the number of reconstructed tracks in the CDC, but include a tighter z-vertex cut
to prevent triggering on tracks not originating from the IP. Hence we can evaluate the ecltaunn bit
against this combination to indirectly estimate the efficiency of ecltaunn. In practice, we compute
the relative efficiency of each ECL-based trigger bit as

P(bit|fzo V sttz) := #{b;‘?{é\z(of\z/osl/tit}tz)}) (53)

evaluated on the set of events selected by the original signal selection criteria. We then plot this
quantity as a function of event-level variables obtained from offline reconstruction: the total energy
E deposited in the ECL, the mean transverse momenta p; of the 7™ and 77, and the mean angle
between the decay products in the primary 7 decay. These distributions are shown in Figs. [49,
and [50l

The most significant dependence on an event-level variable is seen for the total energy deposition
in the ECL, where the number of events triggered by fzo V sttz is more than five times that of
ecltaunnA(fzoVsttz) at very low energies. In this region, the signal efficiencies of both ec1taunn and
fzoVsttz also independently drop below 50%. Thus, at high energies, the ecltaunn and track triggers
provide highly redundant coverage, triggering on the exact same subset of signal events. Conversely,
at very low energy, the decreasing correlation suggests that the conditions capture complementary
and independent regions of the kinematic phase space as their respective signal efficiencies decrease.
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Figure 48: P(ecltaunn|fzo V sttz) as a function of F for all signal events



P(trigger bit | sttz OR fzo, signal)

P(trigger bit | sttz OR fzo, signal) vs. Mean p;
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Figure 49: P(ecltaunn|fzo V sttz) as a function of mean p, for all signal events
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Figure 50: P(ecltaunn|fzo V sttz) as a function of mean # for all signal events
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8 Summary and Future Work

8.1 Summary

The Belle IT experiment is expected to continue operation as the luminosity at SuperKEKB increases
from 5.2 x 1034 cm 257! t0 6.0 x 10%® cm—2s~!. While the existing conditions for 7 event-selection by
the hardware-based Level-1 trigger are sufficient to achieve high signal efficiencies under the current
accelerator conditions, the prospect of an order-of-magnitude increase in luminosity demands the
development of new trigger algorithms to suppress backgrounds and maintain a total trigger rate
below the < 30 kHz limit of the Data Acquisition System. To that end, we develop a low-latency
machine learning-based 7 event selection algorithm utilizing high granularity quantization and high
level synthesis for on-chip deployment in the Belle II Global Reconstruction Logic. We show that
this new algorithm consistently outperforms existing trigger bits on low-multiplicity standard model 7
decays, maintaining signal efficiencies as high as 97% across all modes at £ = 6.0 x 103° cm~2s~! while
respecting the 30 kHz limit. We validate the logic in register-transfer level behavioral simulations,
showing consistent behavior in both software and FPGA firmware, before finally enabling the new
trigger bit for Belle I physics runs from Summer 2026 onward. Outputs from the new trigger logic
in subsequent physics runs show strong agreement with the aforementioned simulations, indicating
successful implementation of the model in FPGA firmware. Direct evaluation of the ecltaunn trigger
performance using the CDC track triggers fzo and sttz as a reference also suggests several directions
for ongoing study and refinement of the neural network algorithm.

8.2 Future Work

There are two notable avenues for future development of the neural network-based 7 trigger trigger,
both of which are likely to significantly improve the performance of the existing model. The first is the
extension of the existing neural network to accept raw ECL hit information. The primary bottleneck
identified in this study is the ECLTRG clustering, which reduces the hit information from all 576
ECL TCs to < 6 clusters parameterized by {E,0, ¢, tavg}. Even when substantially increasing the
complexity of the network itself, the accuracy remains largely unchanged. This is even more evident
when the model is trained with quantization-aware training, as any increase in the number of layers or
nodes per-layer is offset by more aggressive quantization of each individual parameter, since there is no
increase in the model’s accuracy to offset the downward pressure of the surrogate gradient Eq. [33| on
the bit-widths. This is a strong indication that the model is already utilizing essentially all available
information to the extent possible within the existing paradigm.

The second, and likely more immediately actionable direction for continued study focuses on
improving the labeling of the training data and subsequent separation of different decay modes. As
noted in Section 5.7, the outputs of the model remain highly correlated, particularly for ¢ and 7 final
states. Future iterations may benefit from more restrictive selection criterion to limit the multiplicity
of signal candidates in each event, reducing the number of events with multiple labels. This could
involve fine-tuning of the selection criteria to directly restrict the number of charged particle tracks in
an event using rest-of-event reconstruction in basf2, and/or ranking candidates such that each event
can be labeled with only the mode corresponding to the best candidate. While this is almost certain
to improve measured separation between different modes by directly reducing the degeneracy of labels
in the training set, it remains an open question as to whether this would improve the event selection
efficiency across all modes, and requires further empirical investigation. Full validation of the offline
event selection criteria will also require detailed study in Monte-Carlo simulations, which is currently
ongoing.

More broadly, future studies may also focus on extending this machine learning-based event se-
lection framework to other detectors at Belle II. Since the basic methods developed in this thesis are
effectively agnostic to the structure of the inputs, the same model can easily be re-trained using inputs
from any other sub-trigger system available at the GRL. While not all detectors may provide sufficient
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information to meaningfully identify 7 events in particular, both the physics targets and inputs can
be set on a case-by-case basis for those detectors which do allow for robust event selection. Another
plausible extension along these lines involves extending the physics targets to non-Standard Model
modes such as CP-violating or LFV decays. These targets would require the use of Monte Carlo
simulations to generate training data, thus a more thorough consideration of background modeling
would likely be necessary to ensure that the trained model’s performance on simulated data effectively
transfers to real experimental background conditions.
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Glossary

Belle IT Link (B2L) The high-speed optical link system used by the Belle II experiment to transmit
data from the Front-End Electronics to the Data Acquisition System.

Belle IT Analysis Software Framework (basf2) A software framework developed by the Belle II
collaboration which provides tools for offline event reconstruction and data analysis.

ECL Sub-Trigger (ECLTRG) The on-detector algorithms which convert hit information from the
Electromagnetic Calorimeter to high-level data objects (“clusters”) for use in online event re-
construction.

ECL Trigger Module (ETM) The final stage of the ECL Sub-Trigger, which groups individual
Trigger Cell hits into “clusters” for use in online event reconstruction.

Front-End Analysis Module (FAM) The first stage of the ECL Sub-Trigger. Each module dig-
itizes and process waveform data from a subset of crystals in the Electromagnetic Calorimeter
to obtain hit energy and timing information.

Front-End Electronics (FEE) On-detector electronics which perform the initial processing and
buffering of the raw data in each event.

Global Reconstruction Logic (GRL) The second-to-last step in the Belle IT Level-1 Trigger sys-
tem, which assigns a set of boolean flags called “trigger bits” based on event-level reconstruction
algorithms which utilize data from all detector sub-trigger systems.

Global Decision Logic (GDL) The final step in the Belle IT Level-1 Trigger system, which uses
the set of boolean trigger bits from the Global Reconstruction Logic to make a final trigger
decision.

ShaperDSP A waveform shaping module used for real-time integration of waveform data from the
Electromagnetic Calorimeter. Each module outputs two signals with different shaping times to
be used for online and offline reconstruction respectively.

Trigger Merger Module (TMM) The second stage of the ECL Sub-Trigger, which aggregates
data from multiple Front-End Analysis Modules.

Trigger Cell (TC) A 4 x 4 group of CsI(T1) crystals in the Electromagnetic Calorimeter that are
read out collectively for online triggering.

Universal Trigger Board 4 (UT4) A custom electronics module designed for the Belle IT Level-1
Trigger system, featuring high-speed optical links and a dual-FPGA architecture.
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