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Belle Il Experiment at SuperKEKB

= SuperKEKB in Tsukuba, Japan operates at a bunch crossing rate of up to
250 MHz

= The electromagnetic calorimeter detector reads out 8 million detector snapshots
per second

= However, the Data Aquisition System of the Belle || Detector only supports a
continous readout rate of up to 30 kHz
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= Real-Time Hardware Trigger is required for Online Event Selection
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Belle |l Detector - Electromagnetic Calorimeter (ECL)

J—
Electromagnetic calorimeter (ECL): —

CsI(TI) crystals
waveform sampling (energy, time, pulse-shape)

K. and muon detector (KLM):

Resistive Plate Counters (RPC) (outer barrel)
Scintillator + WLSF + MPPC (endcaps, inner barrel)

L Magnet:
M Wk 1.5 T superconducting

N

Qo>
eCt/'onS e\ —== N : ‘
iy ‘ Trigger:
\ £/ - Hardware: <30 kHz
Vertex detectors (VXD); £/ o Software: <10 kHz
2 layer DEPFET pixel detectors (PXD) : 'OOSItrOnS -

4 layer double-sided silicon strip detectors (VD) % ;
—

Central drift chamber (CDC): [
He(50%):C2Hg (50%), small cells,
fast electronics

Particle Identification (PID):

Time-Of-Propagation counter (TOP) (barrel)
Aerogel Ring-Imaging Cherenkov Counter (ARICH) (FWD)

DEPFET: depleted p-channel field-effect transistor
WLSF: wavelength-shifting fiber
MPPC: multi-pixel photon counter
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The Belle Il Electromagnetic Calorimeter

predicted clusters
x background
x signal

Y

Belle Il Electromagnetic Calorimeter
8736 Csl(Tl) Crystals

Figure by Thomas Lobmaier
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The Belle Il Calorimeter - Crystal Readout on Trigger Level

Offline Resolution Trigger Resolution

= Full readout with 8736 crystals = Reduced readout with 576 trigger cells
= Lower Energy Threshold = Data reduction through 4x4 analog sum
= Typically, less than 32 active trigger cells
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Dynamic Graph Neural Networks for Calorimeter Clustering:

CaloClusterNet

= For our work, we have developed the

CaloClusterNet architecture [Hai26]

= GraVNet Layer for dynamic graph
building via k-Nearest-Neighbour
algorithm in a learned representation
space [1]

= Selection of an unknown number of
clusters via the Condensation Point
Selection algroithm [2]

= Prediction of position, energy, and
signal / background classification per
cluster
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[1]1 S. R. Qasim et al., "Leaming representations of irregular particle-detector geometry with distance-weighted graph networks," Eur. Phys. J. C, 2019.

[2] J. Kieseler, "Object condensation: one-stage grid-free multi-object reconstruction in physics detectors, graph and image data," arXiv, 2020.
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Integration into the first-level Trigger System at Belle i

8736 Crystals

Data Aquisition
System
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Integration into the first-level Trigger System at Belle i

8
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Integration into the first-level Trigger System at Belle i

9

8 Million Events per Second
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Integration into the first-level Trigger System at Belle i

8 Million Events per Second

Detector
to

/

Variable Degree of Input Sparsity
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Integration into the first-level Trigger System at Belle i

8 Million Events per Second
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Integration into the first-level Trigger System at Belle i

8 Million Events per Second 1.061us Latency Deadline
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Integration into the first-level Trigger System at Belle i

8 Million Events per Second

Detector

/ :

Variable Degree of Input Sparsity

1.061us Latency Deadline

Z
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The GNN-ETM

= Preprocessing stage is implemented in Chisel and facilitates the reduction of
576 trigger cells to less than 32 trigger cells through stream compaction [1]

= For the deployment of the CaloClusterNet we use our template-based approach
and AMD Vitis HLS 2024 .2 as backend

= The postprocessing stage is also implemented in - RIS -
Chlsel QE Graph Neural Network GE
8 Dataflow Accelerator . 8
From 2 Preprocessing Postprocessing 2 To
ICN-ETM § Stage Stage § GDL
= GNN-ETM is deployed on the Universal Trigger Board 4 & Buffer &
(AMD Ultrascale XCVU 190) — I —
. Belle2Link
Gl ’ ‘ siderhioy Media Access Control
. . . . ¥
= Data Readout via monitoring protocol (Belle2Link) VME M Belle2Link
s anager Physical Layer
similar to Ethernet \
To VME To RJ45  To DAQ

[1] M. Neu et al., ,Real-Time Stream Compaction for Sparse Machine Learning on FPGASs”, arXiv, 2026.

AT
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Deployment Methodology

L] b
System Neural Network
Requirements Model
L@ G
Derivation of Optimizations
= We develop an end-to-end deployment methodology for our system Hardaare e Mool
Parameters Inference
|
= User provides = =
. Configuration Mapping Model\ HLS z
- SyStem ReqUIrementS (Latency’ ThrOUghpUt) of Axuiliary on Dataflow Module %
= Neural Network Model (QKeraS) Modules Axrchitecture Library a
C
] ) o Chisel Hardware High-Level
= Semi automated flow in Python combining Module Generation Synthesis
Library (Chisel) (AMD Vitis)
= Chisel3 for generation of RTL modules | |
- AMD Vitis HLS for our GNN dataflow accelerator - L@
. System
. . F y
= FuseSoC for system integration Library. Integration
= CoCoTB for RTL simulation
=  AMD Vivado for synthesis and implementation Synthesis and o
Tmplementation
(AMD Vivado)
b

Bitstream
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Baseline CaloClusterNet (Armadillo)

; GraVNetConv :
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_________________ Outputlayer .
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Baseline CaloClusterNet (Armadillo)

Armadillo (D |- 105

Preprocessing Stage

i | m CaloClusterNet

B Condensation Point Selection
M Postprocessing Stage

0 500 1,000 1,500 2,000 2,500 3,000 3,500
Latency (ns)

Can we optimize our deployment to reach the latency requirement without
reducing the algorithmic performance of our model?
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Baseline CaloClusterNet (Armadillo)

1.061us latency deadline for active trigger decision

Armadillo (D |- IR 1

Preprocessing Stage

i | m CaloClusterNet

B Condensation Point Selection
M Postprocessing Stage

0 500 1,000 1,500 2,000 2,500 3,000 3,500
Latency (ns)

Can we optimize our deployment to reach the latency requirement without
reducing the algorithmic performance of our model?
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Baseline CaloClusterNet (Armadillo)

100% * .
) - A\ 1 " Base Firmware
80 % § | mBelle2Link Media Access Control
60 % B | M Preprocessing Stage
40 % ;_ & é Igaiog}usteriet genseN
20 9% | W . aloClusterNet GraVNet
- — 1 m Condensation Point Selection
0% .
FF LUT DSP BRAM

|

No additional parallelization with the current FPGA
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Compressed CaloClusterNet (Sunset)
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Compressed CaloClusterNet (Sunset)

1.061us latency deadline for active trigger decision

Armadillo (D |- I 0 S
@ S Ea— 1886 ns ) Preprocessing Stage
m CaloClusterNet

| mCondensation Point Selection
M Postprocessing Stage

0 500 1,000 1,500 2,000 2,500 3,000 3,500
Latency (ns)

1282ns latency reduction through model compression
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Physical Desigh Optimizations

22

In initial versions, we only achieved up to 127 MHz on the AMD Ultrascale XCVU190 giRro

Multiple Super Logic Regions on the FPGA introduced bottlenecks for timing and
routing congestion

Thus, we introduce a manual floorplanning approach

SLR1

As a result, we double the design frequency to 254 MHz
without timing issues

SLRO

28.05.2026 Marc Neu et. al - 25th IEEE Real Time Conference
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Physical Desigh Optimizations

1.061us latency deadline for active trigger decision

Armadillo (1) | I e 108 1S
® 1886 1s ) W Preprocessing Stage
I m CaloClusterNet
® 1151 ns B Condensation Point Selection

M Postprocessing Stage

0 500 1,000 1,500 2,000 2,500 3,000 3,500
Latency (ns)

735ns latency reduction through physical design optimizations
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Improving HLS Directives

= [|nitially, we aimed to maximize the DSPs utilization

= However, DSP Macros require extensive pipeline register for higher
frequencies

= For example on AMD Ultrascale, up to 3 clock cycles are required

= Turns out, removing them improves latency significantly ©
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GNN-ETM Final Design

Armadillo (1)

@
®

Sunset (4)
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1061ns latency deadline for active trigger decision

1886 ns

1151 ns

1053 ns

3168 ns |

0 500 1,000 1,500 2,000 2,500 3,000 3,500

Latency (ns)

Latency deadline reached!
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GNN-ETM Final Design
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GNN-ETM Final Design
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GNN-ETM Comissioning and Operation

= For comissioning, we validate the following

L1 Trigger

= Data-Level Validation Compare offline simulation
results with recorded debug data from the system Detectr

ICN-ETM

Logic (4)

v

Frontend Electronics

GNN-ETM

Logic (A)

¥

InSta”ed In the fIrSt-IeveI trlgger Belle2Link Buffer IBeIIe2Link Buﬁerl IBeIIe2Link Buﬁerl IBeIIe2Link Buﬁerl
® ® ® ® |
. s . Frontend Timing Switch |
= Reliability Analysis Stress test of the | s . - . s ] ©
integrated design (Poisson Trigger Rate) e
| - - Event Builder - - l
= Trigger Rate Monitoring Monitor and log the | Storage [ W iowimager  }-—-[ Data Guaiy Wonior |
trigger rate during operation. Compare the Data Acquisition Sysiem

trigger rate the existing ICN-ETM.
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Data Validation

1O Belle 11 2025 (preliminary) 1O Belle 1 2025 (preliminary) | :
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5 08 = 08F . o | GNNETM 2000
wn I (- O 4 1
- o w
S 0 n n 1500
-f:’ 0.6 | = 0.6 | . o o
o | S © =
3 = o 1000 O
3 & © r et
L% 0.4 A~ 10* S 0.4F o 10* - g ©
o 3 = 3
E _ 10° &2 5 10 2 = 500
Q 02} 0% O o2} 102 5 am
X &) O
S E 10! i 10t
0.0}« 10° 0.0f. 100 1 0 1
Colll I (- 1 1 P 1l Gl | 1 1 I 1 I . .
00 02 04 06 08 10 00 02 04 06 08 10 C Simulation, CPS Flag
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Data Validation

1O Belle 11 2025 (preliminary) LOT Belle 11 2025 (preliminary) ] ,
_ Cosmic Data Cosmic Data ] [ Belle Il 2025 (ow
© GNNETM ; GNNETM | Exp 37 Run 1541
5081 —= 08} - o | GNNEL 2000
0 | c O ~
- o o
c ! ) n
-f:’ 0.6 F = 0.6 i a 1500 »
o | S © =
=) = o 1000 O
3 & © r el
L% 0.4 e 104 S 04Ff ~ 104 - g ©
i = : =
o 3 —_ 3
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Q 02} 107 8 O o2 102 © . T
v [ .
@) @)
o - E 10! i 10!
0.0 | 10° 0.0 10° . 0
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C Simulation, Signal Hardware, Signal
Unstable Top-K Sort
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Data Validation

1.0 | Belle 11 2025 (preliminary) 7 LOF Belle 11 2025 (preliminary) ] —_—
_ | Cosmic Data Cosmic Data ] [ Belle Il 2025 (ow
© | GNNETM : GNNETM | Exp 37 Run 1541
5081 —= 08} - o | GNNEL 2000
0 | c O ~
- o ™
c | "
-f:’ 0.6 [ = 0.6L 1 4 1500 »
L S e S
S = Q O
- © E bt 1000
E oal A 10 S 0.4} -~ 10* i ®© ©
J e 3
(é) 103 -E' N 10 -E' E o 500
Q o2} 102 3 O 02} 102 3 ==
o 101 i 10t
0.0 i ' 109 0.0 _ Lo0
00 02 04 06 08 10 0.0 0.2 0.4 06 08 1.0 C Simulatign,
C Simulation, Signal Hardware, Signal
Unstable Top-K Sort
Bit accurate agreement between C simulation and hardware deployment
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Trigger Rate Monitoring

= For trigger rate monitoring, we choose T GNN-ETM wo sig.

. . . 40 F Belle 11 2026 (own work) :
a simple trigger bit E  Ex.a9 (R BEE —— GNN-ETM w. sig.
” GNN-ETM v3.16 (1933d133) — ICN-ETM c2

= At least two clusters in the inner

. el | IJ TENT l I E lage gou 3 .
region of the Belle Il ECL detector £ !MW M'%WMMWWHMWMM WMWWWMWWWW‘W
have an energy above 100MeV* o 25t ! . I | -

% ZOWMW

= Trigger rates are monitored via & |
slow control and stored in the Belle |I 2 15¢
EPICS database " -.
AR et rrsit U s e el r A NS a A U e el e A
) 5 _ Sunset _ .
= We compare trigger rates of the - %ilgg ;ﬁg;'ggrlbgféys'lgya' 16D
ICN-ETM and the GNN-ETM after ol . [ . . . [ .
00:00 00:08 00:16 00:25 00:33 00:41 00:50 00:58

applying injection and bhabha vetos Time (hh:mm)
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Trigger Rate Monitoring

= For trigger rate monitoring, we choose T T T T ANN-ETM w/o sig
) ) ) B 202 k "

a simple trigger bit 40; :f;_'jz"an 26(3““” e —— GNN-ETM w. sig.
. GNN-ETM v3.16 (1933d133) — ICN-ETM 2 _

= At least two clusters in the inner
region of the Belle || ECL detector
have an energy above 100MeV*

w

o
T
1

Trigger Rate (kHz)

N
w
T
]

= Trigger rates are monitored via

slow control and stored in the Belle I = 15 X2 trigger rate reduction 4
EPICS database [ with signal classifier

10 i

N T T T L e ¥ P e n AN A 'J"“Et,‘_, s ARt gz L e PN gt g PN R o PN S S A s »
5k Sunset 9

i ; Beta 29.80, Isolation 1.00, Signal 1.80
= We compare trigger rates of the E e

ICN-ETM and the GNN-ETM after ob——

00:00 00:08 00:16 00:25 00:33 00:41 00:50 00:58

applying injection and bhabha vetos Time (hh:mm)
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Trigger Rate Monitoring

T T T T T T T T T T T T T T T T T

GNN-ETM w/o si

1

= For trigger rate monitoring, we choose [ 1 ]

: - - 40F  Belle Il 2026 (own work) Sig
a simple trigger bit kg0, i T —— GNN-ETM w. sig.
™ GNN-ETM v3.16 (1933d133) —— ICN-ETM c2

= At least two clusters in the inner
region of the Belle || ECL detector
have an energy above 100MeV*

w

o
T
1

Trigger Rate (kHz)

N
w
T
]

= Trigger rates are monitored via

slow control and stored in the Belle |l = 13 x2 trigger rate reduction -
EPICS database [ with signal classifier
10 “ i
B _ Sunset .
= We compare trigger rates of the i Beta 29.80, Isolation 1.00, Signal 1.80

Data Delay 8, Trigger Delay 17
L " 1 1 1 L L L 1

0 I " " i 1 " " " " " " L " " i " 1L " " " L " " " i
00:00 00:08 00:16 00:25 00:33 00:41 00:50 00:58
Time (hh:mm)

ICN-ETM and the GNN-ETM afte
applying injection and bhabha vetos

Monitoring demonstrates a significant reduction of the C2 trigger rate — Validation ongoing
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Conclusion

v" We have developed a template-based deployment approach for dynamic GNNs on FPGAs. Our HLS templates are
available in our open source kernel library [Neu25].

v" We have designed and implemented a GNN-based clustering algorithm for the Belle || ECL trigger. This is the first GNN-
based reconstruction algorithm running in a real-time environment at a particle physics experiment [Hai20].

v" We have optimized the GNN-ETM to achieve 1.053us end-to-end latency and comissioned the system inside the first-level
trigger at Belle Il, validating its operation.

[Neu25] M. Neu et al., "Real-time graph-based point cloud networks on FPGAs via stall-free deep pipelining”, IEEE SBCCI, 2025.
[Hai26] I. Haide et al., "Real-time graph neural networks on FPGAs for the Belle |1 electromagnetic calorimeter" accepted to JINST, 2026.

[Neu26] M. Neu et al., “Reconfigurable Computing Challenge: Real-Time Graph Neural Networks for Online Event Selection in Big Science”, IEEE FCCM RCC, 2026.
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Algorithmic Performance

= Algorithmic performance of CaloClusterNet is continuously
monitored to detect regressions

= The ROC curves shown evaluate a single-photon sample with
exactly two offline clusters per event

= Energy and position resolution are tracked as additional
regression indicators

= The compressed model achieves performance comparable to
the baseline

= Multi-target optimization can shift the trade-off between
energy and position resolution
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F. Baptist, "Training and Optimization of a Graph Neural Network for Deployment on FPGA Hardware in the Belle Il Level 1 Trigger," Master's thesis,
Institute of Experimental Particle Physics (ETP), Karlsruhe Institute of Technology (KIT), Karlsruhe, Germany, 2026.
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Latency Validation
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The Belle Il Calorimeter - Crystal Readout
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