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Al reconstruction team at KIT:

ongoing:

Dr. Giacomo De Pietro'3, Marc Neu?, Kai Unger?, Georgios Sotiropoulos?,
Tristan Brandes?, Karlina Krohnert!, Marc Thomas?!, Marc Martini!, Felix
Herdtweck! Daniel Grossmann’, Fabian Schmalenbach?, Maximilian Korb?,
Christoph Boehrer4, Dr. Karim Guirguis4

1KIT, Institute of Experimental Particle Physics (ETP)
2 KIT, Institute of Information Processing (ITIV)

3KIT, Scientific Computing Center (SCC)

4 SiMa.ai

past:

Dr. Isabel Haide!, Dr. Lea Reuter!, Dr. Greta
Heinel, Thomas Lobmaier?, Frank Baptist!, Fabio
Papagno?, Valdrin Dajaku?, Timo Justinger?, Till
Raedler?
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Belle I

= | K, and muon detector (KLM):
Electromagnetic calorimeter (ECL): Resistive Plate Counters (RPC) (outer barrel)

8736 Csl(TI) crystals / Scintillator + WLSF + MPPC (endcaps, inner barrel)

waveform sampling (energy, time, pulse-shape)

/-' Magnet:

1.5 T superconducting

Vertex detectors (VXD):

2 layer DEPFET pixel detectors (PXD) : . Y positl‘Ons o
4 layer double-sided silicon strip detectors (SVD) * :

Particle Identification (PID):
Time-Of-Propagation counter (TOP) (barrel)

Central drift chamber (CDC):
He(50%):C2Hs (50%)

Aerogel Ring-Imaging Cherenkov Counter (ARICH) (forward endcap)

DEPFET: depleted p-channel field-effect transistor
WLSF: wavelength-shifting fiber
MPPC: multi-pixel photon counter
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Charged particles in a gas detector

Drift chamber
09 0 0O O
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60 Belle Il Simulation (own work)

Charged particles in a drift chamber IR B

= Each fired wire gives a drift distance (drift time x drift o=
velocity) = a drift circle around the wire: the track is |
tangent to these circles A
= Stereo wires tilted by a small angle relative to axial wires: & | ="'
. . . . . O P
that tilt Is what gives the z coordinate along the wire ; e -al.
when combined to a track 077 -

1
Axial wire layer

*rotation is hugely exaggerated for illustration




Charged particles in silicon detectors

Pixels Strips

segmented in 2D. One hit gives a precise 2D segmented in 1D. One hit gives one coordinate
point directly (= 3D with the layer position) (=>the second coordinate needs a crossed strip layer)
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Raw hits in the Belle |l detector

Belle Il Simulation (own work)
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Track finding: Pattern recognition

Belle Il Simulation (own work)
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Track fitting: Minimisation of a helix fit
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Charged particles at Belle Il

= Particles with pt > 500 MeV transverse the full

tracking detector

= On average around 55 CDC hits, 4 SVD hits, and 2 PXD hits per track

= Most charged particles are pions with
momentum around 300 MeV range

= Tracks curl back in the magnetic field

= Multiple scattering contributes significantly to momentum resolution

= No pile-up, but high beam-induced
backgrounds (photons, electrons, neutrons)

Normalized Distribution

0.01 0.05 0.10 0.50 1.00 3.00
Transverse Particle Momentum in GeV/c
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Algorithm requirements

= |[dentify the number of tracks

= Predict the three-momentum, starting point, and the charge of each track
= Assign the associated hits to each track

= Detect overlapping tracks without clear spatial boundaries

= Be sensitive to a large dynamic range of track lengths and curvatures

= Be insensitive to the hit-ordering

= Be rotation and charge invariant

= Be fully differentiable, no iterations

= Be efficient for sparse inputs (i.e. most inputs are zero for a given event)

= Be robust against moderate changes in detector configurations and backgrounds
AT



Trackfinding is a clustering problem in the wrong space

Real space

O

O
O
O
@,
@
O
0)0, OO

What do we
actually optimize?

Cluster space

@ O OO @ How do we cluster

in cluster space?
How do

we trans- O
form from O

real to

cluster O

space?

L. Reuter PhD thesis https://publikationen.bibliothek.kit.edu/1000189859
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(1) What do we actually optimize: Object Condensation

Cluster Space

A
[Attraction J
O
| Attraction ]

Cluster Space

[Repulsion]
S 7
jelyes

A«

e qﬁn

Cluster Space

PR s A e e e e e

' track
' parameters
O _OO
~ track
O :parametersf
O\ __________
O
)

L = Lattractive T Lrepulsive + L 5 T Lsuppress noise T L; T L:/' T L::harge

L. Reuter PhD thesis https://publikationen.bibliothek.kit.edu/1000189859
J. Kieseler https://arxiv.org/pdf/2002.03605
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Graph Neural Networks

Node with features A,

G Fdge between two nodes
with features ¢,

Graph: nodes are hits, edges are
connections between nodes (no grid, no
ordering required)
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Graph Neural Networks: Message passing

2 /7 =0+1+5=8 V" =8+11+10=29

=11+9+12+8=40
=9+12+11=32

_‘/.5 =54342=10
3

=1+7/+1+3 = 12 =3+1+5=9 =12+9+11+9=41  =9+12+10=31

=10+9+8=27

Message passing: each node repeatedly updates itself from its neighbors’
messages using an aggregation function, so information spreads across the
graph (example: add-aggregration including self-node)
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@ How do we transform from real to cluster space: Deep GNNs

CDC detector hits

O o o0oWo
O e 0 0 O
@ O o o O
e Oe O o
o WO O o

SVD detector hits
/v/ T
eYe ain IR

A

L. Reuter et al. https://arxiv.orqg/abs/2411.13596

CDC input matrix

- | wd | e | e

SVD input matrix

——>» Forward connection

------ » Skip connection

=» LL - LL - BNL> LL

X | h |4 0
X, | Y, | Z, 0
X3 | Y; | Z; 0
X |Y.|Z. 0
Xu | Y| Za 0

L. Reuter et al. https://arxiv.orqg/abs/2602.10897

S. R. Qasim et al. https://arxiv.org/abs/1902.07987

Linear layers (LL) '
- ELU activation @~ - . GravNet block

Batchnorm layer
- (BNL)

Output layers

...........

. GravNet layer

__{_)

|
|
|
|
|
\

. -~

LL = LL > BNL> LL )

./

.............................

GravNet

______

_____

S

- -

e Dynamic Graph Neural Network layer
e Learns an latent space representation of nodes and features

e Edges determined using k-NN neighbours in latent space (k=54)

S R

l_
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@ How do we cluster in cluster space?

[ Real space J

GNN

Cluster space

B value

track parameters

a) translation into cluster space

[ Real space ]

Prediction
from
points

starting
point

momentum

d) parameter extraction for CPs

O OO
O
O
O
>
Cluster space
* Px Track parameter
e Py layers

[ Real space ]

@)
@)

O

@)

b) B threshold

Cuton
B value

[ Real space ]

charge

O starting

point

momentum

e) clustering around CPs

Assign
hits to
tracks

Cluster space

o0

Cluster space

[ Real space ] Cluster space

sation
points O

c) condensation point (CP) isolation

[ Real space ]

O®E

position
vector Predicted

Start of
o Che

Interaction momentum

it | PR | veotor
. \/t’

Intersection / \

f) hit ordering
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Learned cluster space

Belle Il Simulation (own work) VoY AP 2000 Viy % VY. .
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How good is tracking: Efficiency and fake tracks

_ true tracks
Track

Lfficiency =
y all particles

Belle Il Simulation ‘(own work)

Tracks not
found

y (cm)

backgroun

—100

® @ O signal
GNN prediction

—100

true tracks 4
Track Purity = — —
tatk TuHly all tracks H

Belle Il Simulation (own work)
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Results

] Imulation .
Belle Il Simulatio 2-10 particles from
displaced vertices per event,
1.0- !"-h:#-_ - full tracking acceptance
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L. Reuter et al. https://arxiv.org/abs/2602.10897
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Where are computations done?

Edge compute

Experiment
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[
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Hardware Trigger Fast Calibration

5

Cloud compute
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Storage

Reconstruction
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User Analysis
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How fast are computations done?

Edge compute

Experiment

[

[

A

Frontend Electronics

Data Acquisition System

Sensor

Buffer

> Preprocessor »| Buffer [|Filter

5

Cloud compute

Software Trigger

Actuators

Machine Control Hardware il

Fast Calibration

Soft latency
constraint

Miss the deadline
occasionally and
you can recover

Hard latency
constraint

Miss the deadline and the system fails

> Persistent
Storage

No latency
constraint

You can always recover

Reconstruction

Calibration

User Analysis
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When must you compute at the edge?

= Buffer or control-loop limits: Not enough time to round-trip (transfer data to

cloud->process->transfer back)
= Security concerns: cloud-connection offers attack vector
= Safety concerns: loss of cloud-connection result in system failure

= No high-bandwidth link available

SKIT



5G communication

Brain-computer interfaces Self-driving cars

Encryption and

Decryption Drones

Finance

Accelerators

Medical imaging

Robots

Industry 4.0
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Neutral particles in a calorimeter
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Neutral particle reconstruction: Clustering

1.253—
130}
135
1.403—
1.453—

1.50 |

- Truth

- Belle Il (Simulation)

@)
© O
) © O
O O
o}
Photon 1 -
O O Photon 2 -
Background 1
150 155 1.60 1.65 170 175 1.80 1.85
6 (rad)

F. Wemmer et al. https://arxiv.org/pdf/2306.04179
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@
Cluster 1
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The Belle Il Electromagnetic calorimeter trigger

8736 Crystals

Data Aquisition
System

:ooOooooé
- 0Q0o0o0o0o0

e 000000

X 8736

e o @0OO0o |
© 000000 |
 o@o 0000 |
0000000 |

L1 Trigger Input
Full ECL

Other J

[ [ Subdetectors

/

\

: Other
[ L1 Trlgger ] Subdetectors
Trigger
(( A x 1 FPGA |
[ Frontend Electronics ] e N
Global
2 Board Decision
x 52 Boards Logic
x 576 Boards e x 1 FPGA J
ShaperDSP FlashADC Analog Module f 4 [ ICN-ETM } ) N y
e Trigger Merger
Analog Energy Sum ' Analog to Digital | Waveform Analysis Module T _ _
of 4x4 Crysta|s X 576 . CorEr : for Energy & Tlmlng X 52 > X 7 > . ‘ Cluster LogiC ’ . ‘ Event Time Finder ’
z o o 2 —/\J—>01101O 100 MeV Energy Cut 1. Isolated Cluster Logic [ Trigger Bit 1 \
z e to Triggercells - 2. Cluster Determination - bal
\_ - Recghnstruction
\ / Logic
E x 1 FPGA
| /
: GNN-ETM T
E SRS SO AL | Event Time Finder Other
: Hsering ’ Subdetectors
: » Position Trigger Bit Trigger
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¥ H
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---------------------- DL
Pre-Processing :
Detector Hits T IIIIIIIIIIIIII T
Input Matrix B
o o O o 0 0 P . LS
X1 Y1 Z Erec,l : : i %
O O O O O O X2 Y2 Z2 Erec,2 : : i
O O O > X3 Y3 Z3 Erec,3 ! : > DL1 _);
O O O X. | Y. | Z. FBre, .. : E O
O O O O O O Xn Yn Zn Erec,n : ‘)S
) 1
© O O O O O (k> d) : GravNet Layer
co R
—> Forward Connection GravNet Block Linear Layer (LL)
_______ : - Dense Layer (DL)
5 > Skip Connection {70, GravNet Layer (LL + activation) )

—————————————————————————————

Realtime GNN-based clustering: Armadillo

Cluster Parameter

; Energy Scale VSE
Factor LL
: O fE X Erec
. Position * X
1 —
! ’ LL Y
1
' ; . e IsSignal
. ! Signal
_) o ..
b DL
1
LY 5 anfl ]
: Object Condensation
: Layers
1 Latent ~A 0O
: —>» Coordinate =
: LL =
i 3
! O
» Beta Value % O
DL Latent Coordinate 1'
Condensation Point \ 4
Selection Algorithm
g ™ A : ;
Beta Value % O X, | i | Zy | Ep isSig:
. J -§ — 2 2 2 2 fSSTg2
- O X3 Y; /3 E3 |isSigs
Colj::;z;te 2 O
©
— A
~ Cut ~/ Latent Coordinate 1’ OUtPUt
Post-Processing
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Low latency inference
Real time decision systems

Field-programmable
gate array (FPGA)
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Large Al models reconfigurable
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.;
[

qu
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Neural Processing Unit (NPU)

Graphics Processing Unit (GPU)

Central Processing Unit (CPU)

General-purpose computing Specialised hardware
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M. Neu PhD thesis
AMD https://docs.amd.com/r/en-US/am005-versal-clb/IMUX-Reqister
AMD https://docs.amd.com/r/en-US/am004-versal-dsp-engine/DSP58-Architecture

DSP (digital signal processor)

P=C(orP)+ (A+B)xD

How does an FPGA work? (simplified)

NEGATE =t—»

Pre-adder

+1 -1
o\ O

_E\_1 7

58Bit Accumulator/Logic Unit

P>

» XOR

> @
27x 24

P>

» P

Multiplier .

D>

u—:Df Pattern Detector

LUT (lookup table)

06 = f(ly ... Is), any Boolean f

Example (2bit)

10

"

0
0
1
1

0
1
0
1

~lOo|-|-10

A1 A2A3 A4

Ab

4LUT

4LUT

B

4LUT

(i

4LUT

T
J ~
:
|

Y2RAZ0NZE
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Why are dynamic GNNs so difficult on FPGAs?

= GNNs work by exchanging information between
nodes along edges

= A gathers information from its neighbours B, C,
and D, and performs an operation (e.g. summing)
them and stores that result as new value of A
- In dynamic GNNs neighbours of A are only

known at runtime

= Either need to support a large number of
concurrent random memory accesses or need to
Improve regularity in the memory accesses for

efficient execution
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Armadillo on an FPGA

= 32 non-zero Inputs

= 8 Million events per second

» 3.168us end-to-end latency \

___________

-100% uptime o]}
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| Energy — . [i if i |=| O ! S I S R I | ) - : | (o : :
(Timing -2 5[ D 2l | |o o |lgu D0 e o)ls o |g o[ Sinal jisigmoidy |2 . Signal
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| 4 X : . Outputs .

m :' Welghts ‘.E .............................. :

....... : Output Layer :

_____________________________________________

|. Haide PhD thesis https://publikationen.bibliothek.kit.edu/1000184927
M. Neu PhD thesis

|. Haide et al. https://arxiv.org/abs/2602.15118

M. Neu et al. https://arxiv.org/abs/2607.09347

M. Neu et al. https://arxiv.org/abs/2507.05099
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Armadillo during collisions

1 ICN-ETM (MCQ)
1 |ICN-ETM (Data)
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From Armadillo to Sunset (simplified)
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The first hard realtime GNN on the critical path: Sunset

Cosmic data CO"iSiOh data (250 MHz bunch crossing)
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Low latency inference
Real time decision systems

Field-programmable
gate array (FPGA)
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How does a Coarse-Grain Reconfigurable Array (CGRA) work?
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M. Neu PhD thesis

___— Very Long Instruction

Word Processors

Parallel execution of multiple
multiply/accumulate, load, and
store operations per cycle
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Large real-time GNNs on FPGA

128 non-zero inputs
throughput: 1.86 million events per second
latency 6.06 s per event
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M. Neu et al. https://arxiv.org/abs/2605.10612
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Large real-time GNNs on FPGA and AlEs

128 non-zero inputs

throughput: 2.94 million events per second (+ 53%)
latency /.15 s per event

predicted clusters
x signal
x background
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@ Search for axion-like particles

decaying into two photons
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Search for axion-like particles in Belle |l
=408 fb-1at 10.58 GeV and below (about half the

available dataset)

= Search peak in the diphoton invariant mass M,

» Selection:

= 3 high-energy photons and nothing else (requires high efficiency tracking
to reject ete™ — ete7y) -
=M, close to known beam energy

= Neural network on kinematic properties to suppress ete™ — yyy

= Kinematic fit of three photons to known beam energy to improve mass

resolution (0.2% for highest ALP masses) =0 M= Epeam

M. Dolan et al. https://arxiv.org/abs/1709.00009
F. Abudinen et al. https://arxiv.org/abs/2007.13071
M. Abumusabh et al. https://arxiv.org/abs/2607.07800

SKIT


https://arxiv.org/abs/1709.00009
https://arxiv.org/abs/2007.13071
https://arxiv.org/abs/2607.07800

Search for axion-like particles in Belle |l

+ — I 108L Belle Il (Preliminary) Tl e™e™ - yy(y) EEm Other ]
€ € — Cl( — }/}/)}/ IOOkS “ke Very [Ldt = 408 b1 B efe  —sete (y) t Data
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high rate Standard Model
ete” — yy If the two decay
photons are close together

Especially for the existing L1
trigger.

M., (GeV/c?)

M. Abumusabh et al. https://arxiv.org/abs/2607.07800 ﬂ(IT
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Search for axion-like particles in Belle li
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R. Gargiulo et al. https://arxiv.org/abs/2501.17753 “Feasibility study of true muonium observation with the existing Belle-Il dataset”

M. Abumusabh et al. https://arxiv.org/abs/2607.07800
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Conclusions

= Belle Il sets world-leading limits on axion-like particles, but this search will

become trigger-limited
= Offline, GNN-based tracking already outperforms conventional methods
= Similar GNN algorithm operates as a hard real-time L1 trigger within 1.053 ps

= DEEP develops FPGA+AIE tooling for triggers on AMD Versal hardware

Want to know more?
www.erumdata-deep.de
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