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‘ Must happen or main physics goals cannot be met

* LLHCDb Velo

‘ Important to meet several physics goals

@ R&D needs being met

ECFA detector R&D

Desirable to enhance physics reach



https://cds.cern.ch/record/2799303

Readout system (Belle Il vs. LHCb)

eBelle Il: L1 trigger + HLT e HCDb: “triggerless” readout & DAQ
* Trigger efficiency: e CPU+GPU based software trigger
*Had. B physics~100% T physics * Rate of physical process: ~MHz

70~95% * No hardware trigger available

N Trigger _
system
D Software
> _ » Storage
</ trigger

Latency '*: ~4.3 ps
Trigger rate 127 MHz A . 30 kHz 30 kHz
Throughput 3(33) GB/s 2 (32) GB/s 3 GB/s
iil'{ C l\? -—>-— ?:i);tgv:arrf —> Buffer — ?:i);tg\;\grze —— Storage
| L] 'l ! .
Trigger rate 40 MHz v 1 MHz

Throughput 5 TB/s ~0.25 TB/s 10 GB/s



Readout and DAQ system(ALICE)

e ALICE: continus readout
e TPC w/ triggerless readout + others w/ hardware trigger
* TPC signal: ~100 ps, physical event rate 50 kHz, TPC signal overlap
*\ery basic hardware+ more effective software trigger

Trlgger
system
-—-
. Buffer > Sc?ftware » Storage
—
ALICE
Latency ~1 us ~30 s
Throughput 3.4 TB/s 0.7 TB/s 100 GB/s

| Heart Beat (HB) | Physics trigger

e HB: ~10 kHz
¢ Time Frame: ~50 Hz , S J_l_I_IJ_'_LL

Time




apparatus with data acceleration
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Luminosity frontier: SuperKEKB
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Luminosity frontier: SuperKEKB

* Asymmetric e*+e- collider Beam current: KEKB x ~1.5
e cte-— Y(4S) »BB Y
/ o, 1l R
~ very clean and well-known initial state L= /s (1+—2)—=22 (L)
2er, o, @ R,

e-7GeV Belle ll detector

Beam squeeze: KEKB / ~20
S e+ 4 GeV

Nano beam scheme

Position dumping ling

low emittance position

5 Position source target Target: | =60 x 1034 cm2 s-
Achieved : 5.1 x 1034 cm-2 s-1 (Record)

e Data:
e 575 fb-1 (Belle Il) <-> 980 fb-1 (Belle)

Low emittance
electron gun




Belle |l detector and dataset

Belle Il Online luminosity Exp: 7-35 - All runs

Inner 2 layers: pixel detector (PXD) ol e G -
Outer 4 layers: strip sensor (SVD)

- 500 <

- 400

Central Drift Chamber (CDC)
He (50%), C2He (50%), small
cells, long lever arm

- 300

~
(92
1

- 200

5.0 1

—

Total integrated luminosity [fb

25 100

Total integrated Weekly luminosity [fb™1]

Particle Identification ey,
Barrel: Time-Of-Propagation '
counters (TOP) //// |
Forward: Aerogel RICH (ARICH)

e (4Ge'0

ElectroMagnetic Calorimeter (ECL) [
CslI(Tl) + waveform sampling K./u detector (KLM)
Outer barrel: Resistive Plate Counter
(RPC)
e Features: Endcap/inner barrel: Scintillator

e Near-hermetic detector

e Vertexing and tracking: o vertex ~ 15um, CDC spatial res. 100um o(P7)/Pr ~ 0.4%
 Good at measuring neutrals, 19, y, K.... o(E)/E ~ 2-4% 8



Belle Il trigger strategy

* Design requirements: ~100% for Y(4S)->BB(hadronic decay),

Tau/Charm, Exotics
* No dead-time -> pipeline
* Single photon trigger
e Single track trigger
e Max. trigger rate: 30 kHz @ 6 x 1035 cm=2 s-1
* Physics trigger ~15 kHz
e atency limit: ~5 usec (SVD APV25 buffer structure)

e A fixed latency of about 4.4 usec Process onb) | L1@L=6x10 (kHz)
e Event timing resolution: 10 nsec Bhabha 4 035
Two photon 13 10
Upsilon(4S) 1.2 0.96
Process o(nb) | Rate@L=6x1035(kHz) Continuum ’ 8 > 5
Bunch. cross. - 2x10° " 08 0.64
Beam bkg - 300-600 T 0.8 0.64
Bhabha 44 50 V-V 2 4 0.019*
Total->L1 - 200350->~15 Total 67 ~15




Belle Il trigger system
CDC, ECL: main triggers for tracks <« Challenges:

and clusters * |low multiplicity trigger vs. background
KLM: trigger muon * High track trigger vs. crosstalk
TOP: event timing  Drawback of track trigger at endcap
GRL: matching of sub-triggers * [Latency budget vs. transmission and logics
GDL.: final trigger decision .
Stereo T'S
[ CDC J—> Merger > TSFE A;ciSaL 2D Tracker - Neuro Tracker .
—] Total:
Stereo Stereo T 2l 3D Tracker g/ g ~ 25 UT4
Axial TS ;H)Jo <)
3DHough + DNN Tracker 9 &
.cg S L1 Trigger
13 g SN
[ ECL J—» 4x4 Trigger Cell > Merger > Cluster Finding + Energy Sum % %
S -
— I
i TOP : > Hit ~ Pattern Matching 3;3 (%
: KLM : > Hit ~  Cluster Finding - @

10

~ 5us after beam crossing



e Unified common readout system (except for
PXD)

e Unified timing and trigger distribution (TTD)

system
e A pipeline readout

e To handle 30 kHz level 1(L1) trigger with O 1%
dead time under raw event size of 1 MB

Example: CDC

Axial SL: 0,2,4,6,8
Stereo SL:1,3,5,7

CDC

x292

Front-End

Track Segment
SLO SL1-8

j

Finder x1

— N

3D

Tracker

g’

Tracker

Axial
Track
Segment
Finder x5

Each for an axal SL

Pl xa

4
NN
Tracker

Each for a quarter

transverse plane

P x4

Each for a quarter
of CDC
transverse plane

TS hitot SLO-4

r r
SOF FZ% Mesge Stereo
1" 20 S Track
2: 24 6 Segment
3 28 7 || Finder x4
4 32 8 -
> 36 9 Each for a stereo SL
6 40 10
7 44 11
8 48 12

L1 CDC
trigger logic

O
O
@

Jeubis 10129919

'(LM*
»-

* Provide L1 trigger signal to DAQ using FPGA chips for
real-time processing on detector raw data.

 HLT provide Region of Interest (Rol) to PXD for significantly
reducing the data size.
* Latency O sec.

%

i
>/

Detector side

Belle Il TDAQ system

30 GB/s

Belle2l

~200 COPPERs/21 PCle40
k

~40/21 Readout PCs
event builder0

IRERR

— Datalink over fiber
— Network data path
—» Trigger, timing distri.
| T
DATCON Rol Rol
1 GB/s

HLT
distributor

ng JUSA] \

Z lap|ing Juang

OGbE

| J9p]!
00

I
>

([ (@

2-3 GB/s

Q.
N—
S ——

3 GB/s

Storage

1-2 GB/s

Electronics-hut

Server room

High level trigger(HLT)
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Motivation of Neural Network for L1 Track trigger

DAQ system is designed to handle 30 kHz CD_C Off-orbit background
* Physical trigger ~15 kHz, require S/N = 1 Signal track /
L1 trigger rate depends significant on background \track
"y . K 1D — + .
condition e = VXD Final focus
Advanced CDC algorithm to further suppress background _— / —__magnets
A fixed latency of about 4.4 usec / / \
> 1000 L1 track trigger Rate vs Luminosity
-+~ 900 Early 2022 .. . .
O 800 Late 2022 (High Background) Tracks z, distribution after trigger
(- 2024 _ th1
= _ 700 Vg Targetine  G/N =1 : ] e e
g 2 600 - Background S6bev 1871
?I, & oo / " 39.5% <= Signal track
.'é § 400 4_ !
I 1E
o © 3S00
S % 200
= 7100 T E
% 0 - |
E 0 1 2 3 4 5 -100l l l—éol l l—610l l l—iol 1 l—éol 1 li(l)il l 1210l l l410l l l610l l l810l l l100
= .

Luminosity (x 10°* cm™s™") Offline track vertex zy(cm) 15



Machine Learning for L1 Track trigger
(HARDWARE)

13
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300

200

100

Pioneer of NN on HARDWARE for Belle Il trigger
Inputs: Drift time tarire, Wires relative location ¢,.i,

Crossing angle « for priority wires

Outputs: track vertex zo, track 6

Selected 1 Track Segment per one Super Layer
Networks trained with real data from May-June 2020

3(103

400}

—

Exp 16

11,715,532
neuro tracks

100

bit efficiency

1

0.7
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0.1

0

arXiv:2402.14962 (submitted to NIMA)
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- Single Track Trigger (STT)
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Neural Network z-trigger

C. Kiesling (MPI) @ ACAT 2024

XK
ONAPIK)
L0
. v"l/{lf?}‘%’\%\\%\‘
PPN
VARG

* Backgrounds still high
| * Fake background

* Upgrade plan in trigger group:
1| Track finding in 3D Hough space

2 3 4 5
min pt [GeV]

6

* network architecture: “deep-
learning” + additional inputs 15




Deep Neural Network

t.. B Single head self attention Yuxi Liu (KEK) @ |IEEE RT 2024
- ®
bt
~\tdrift —* ‘ -S)
) )\ arit” =
rel™ > ‘ =
—_—
tqrife fOr Other x #layers @
10 wireswith  —— = — [S
low precision . o

* |nputs: Drift time tarist, Wires relative location ¢,.;, Crossing angle « for

priority wires + Drift time for all other wires
* |Introduce the self-attention architecture to “focus” on certain inputs
* Qutput track vertex zo, track 6 and signal/ background classifier output

Parameter #Attention #hidden #hidden activate precision Total multiplier

value nodes layer

Values 27 27 2 Leaky Relu Float 16 4,185

16



Development flow of DNN on FPGA

Keras pEE

-?

TensorkFc

O PyTorch

® Machine Learning model

® Parameter

® C/C++

transition

® Translate into

ardware

Vivado™ HLS

Belle Il UT4

VIVADO’

Verilog/VHDL FPGA

language
*include some function
from hls4ml lib
Convert NN to ,
c++ codes Adjust Model
Train NN with
pytorch (fixed-
precision)
Extract weights file

Commi Meeting

-sSsion

Timing
closure?

Implement

and route

® Start fitter

-
-~
o "
-
.

[
"

® Evaluation

C
simulation

\

Vitis HLS
synthesis

ation, place [«

Integrate IP into
VHDL codes

Generate
[P

With Python
With Vitis HLS
With Vivado eo, B e
8§ LT A
Q» .. -
Xilinx UltraScale
- RTL co- XCVU080,' XCVU160

Fulfill
requirements? 17



Simulation performance of DNN

Yuxi Liu (KEK) @ |IEEE RT 2024
Delta track z Delta track theta Classifier output

Software Software Background (RTL)
40000 A Baseline ] Baseline — Signal (software)
Entries: 117815 300 - Entries: 2984 —— Background (software)
095(Software): 2.392 I 095(Software): 14.141
095(RTL): 2.375 250 ~ 095(RTL)" 14,444
30000 - 095(Baseline): 4.870 |l 095(Baseunne): 19.337
200 A
20000 A 150 - ry"
- -_,
o -___-"'
100 - il df
10000 - 1 edia .
50 n = -F- --H-'-F"'_-'—- -F-u-
0 . , JL . . 0 ; 0 20 40 60 80 100
—40 ~20 0 20 40 -100 -75 =50 =25 0 25 50 75 100
AAAAA ffline hataNN .
NN offline NN _ eofﬂme o Q (%)
Zyg —Z (cm) 0 0

1.0 -

* Latency : 76 clock = 592.8 ns ;require: < 600ns
* FPGA resource (UT4: Virtex UltraScale XCVU160) usage:
e DSP: ~70%, LUT: ~50%, others <30%
 AUC do not get large drop comparing RTL and software simulation
* At signal efficiency ~95%
* Background rejection rate ~85%

0.9 -

0.8 -

0.7 -

0.6 -

—— baseline (AUC = 0.87)
——— DNN TRG software (AUC = 0.97)
——— DNN TRG RTL (AUC = 0.97) |

‘ DNN trigger With HARDWARE under CommiSSioning, Close to ().é.:\;(J() ().6?'25 O.SI-‘B() O.SIT-") ().QI()() ().9I25 ().QIS() ().QITS l.li)l()()
operate Signal efficiency

0.5 -

Background rejection rate

18



Improvement try for CDC track trigger

* Develop a algorithm improve the performance for the upgrade (10 usec latency)
o Start from optimization of DNN model

 Modify the number of hidden layers and learning rate
 Hidden layer: 2 -> 4, learning rate: 1e2 -> 1e-3

* Others keep the same

 Latency: 76 clock (592.8 ns) -> 82 clocks (640 ns)
* Next step, change the inputs (CDC hits info.), instead of 2D track parameters

attention weights

input(71)

attention value

® O
® O
®@ @
@ &
J
|
hidden layers

O Z
@ o
O prob

output(3)

1000 A

800 A

600 A

400 ~

200 ~

Belle Il simulation
(own work)

~40

ffline _ NN
Z5 Zq

RTL

Software

Baseline

Entries: 5419
095(Software): 3.961
095(RTL): 4.334
095(Baseline): 14.539

20 40

Frequency

101

—
)
o

103 4

Signal and Background Histograms with Horizontal Lines

5 Belle Il simulation

B Signal (RTL)

' —— Signal (software)
i B Background (RTL)
o (own work)
]- —— Background (software)
| ~ ]
}'l:-:l;_q_- 4
- _‘:?_‘ j--'_s-.’ -—--
] "ﬁq‘fi' ‘,‘-E_JI - _ - -
. . i EY - 1~iB -
e & - - F i ‘3’,)" g - _a B - -0 8
I b 1y ol PR "
K Q‘ ,-A,‘” 't o' .- 4 .(-.;q‘ &{' w E__—_- aa B =0 - - - - =3 -_ =
b.'_,..' v ?ﬁ - - -’é- . T B2 .":“'? a W o= ! 3 s -- - 5 - -
- - o "r.'-'/‘ S - -—"- - 7o _- o -
1 1 I T
0 20 40 60 80

Values

100

19



DNN implementation on Versal ACAP

 R&D of a new general FPGA device using the Versal ACAP
 Heterogenous acceleration (VCK190, VCK5000 evaluation Kkit)
* Alengine - ~

Single head self attention ENGINES ENGINES ENGINES

DUAL-CORE
ARM® CORTEX"-A72

APPLICATION

/ PROCESSOR

Track Fitting

VERSAL™

S psp
‘ REAL-TIME HARDWARE

f PROCESSOR

PLATFORM
MANAGEMENT
‘ CONTROLLER

| i

PROGRAMMABLE NETWORK ON CHIP

32Gb/s MIPI
1006 600G 600G 400G
DDR4 58Gb/s MULTIRATE ETHERNET  INTERLAKEN CRYPTO LVDS
ETHERNET CORES CORES ENGINES

112Gb/s

UG1079

Figure 2: AL Engine Array - /
Figure 4: Al Engine
Cascade Stream — .
AIEM A — »
- . Fixed-Point
Dedicated Register Register
* Non-blocking Files Non-linear Files Floating-Point
" Deterministic . Functions Vector Unit
Scalar Unit Vector Unit
'éi _ AGU AGU AGU Instruction Fetch
& Decode Unit
T Load Unit A Load Unit B Store Unit
\/

Memory Interface Stream Interface

* Higher bandwidth X21763-040519 X25020-011321

Local, Distributed Memory
* No cache misses




DNN acceleration on Versal ACAP

bufdd
axi_noc_ 0 bUf4
- ou Output: DataOut (
.Nic. a_engine 0 r[‘:‘
- IEI — ‘JeTcr; I Stream .
e S —
S achkl 500 an ack
| ‘ , pufsd
Stream " Memory Memory " Memory bufS
buf0 buf? ’ ’ " Nint out] Output: DataOut? (
hid1 dmal0 ) out! int ut2 n[0]
| | bufld pfrg  -mell 2 e / (Tiguurend rewem—
VitisRegion J Input: Dataln1 ( ) . > Memory ¥ Memory — . Memory ¥ Stream
axis_gen 0 0 n[) outl0]
axis_gen 0 _.V:?_w_m_mm_’ PEPVEI) 1 .autL] I nl ;{ out! I in[0) 0]
s R aun +k-_' 2714 m aws bypass s m_axis_bypasm_m + [ Stream " Memory Memory " Stream
i 2 o - perpheral_aresetn bypass 400) perpheral_aresetn_bypass m{00)
versal_cips_0 —<{ 0 _ref_chk bypass pI0_ref_cik bypass m . bUf6d
L . , hid1_71t027 leakyrelu - u
| | csocsma + -t T .. W6 ot
L axis_la_0 £ty n[Q JY out) i out Output: Data(?yﬁ(
A+ SLOT 0 AXS ‘:Tl: aw _noc_anl ok S:r am || emory .ETCFy I‘l_:_q:n’ —_) rU‘
| sowest sync ck mb mset :+ SLOT 1 AXIS gemd_Su tmer crt{930] ! “-19"‘”] I S[fe&'T .
—QN'. reset_n bus struct reseti00) sj-#- SLOT 2 AxS -
d:q-i'cr:;v perpheral_reset{0.0] =
- mb debug sys rst nterconnect areseen0 0| —Q resetn a
- domn locked perpheral_aresen(0:0] - emcinene [
SN So|

dwidth_convernter 0
) xiconstant_0
L | A + S AXS 7
— 1 a M AXS 4 F
- > dout{00]
g m_axis tready 4
@ yesetn
X ) . e
J

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

 DNN implementation: Input nodes 71 27 27 27 27

1 33 Output nod 27 27 27 27 3
* Model on a “graph SPEE TOTES
T T Active Func. LeakyRelLU| Softmax — LeakyReRU| Tanh
* Dense layer on a “kernel

* Al engine: C++ based coding on Vitis v Al Erging Resource Uiikation
® Al engine Iibraries Tiles used for Al Engine Kernels: 5 of 400 (1.25 %)
. . o . Tiles used for Buffers: 7 of 400 (1.75 %)
* Al engine specific functions

Tiles used for Stream Interconnect: 8 of 450 (1.78 %)
" " 11 DMA FIFO Buffers: 0
°
Scaler’ Vector englnes’ plpe“nlng’ etc. Interface Channels used for ADF Input/Output: 4 (PLIO: 4)
Interface Channels used for Trace data: 0




Latency optimization on Versal ACAP

O of © B @ Q £ x -+ 4

NAME 0.000000 us

> Tile(24,0) - TR

> Tile(24,1)

> Interface Tile(24)

> Tile(25,0)

> Tile(25,1) a
> Tile(25,2) O 3 T A

> Tile(26,0)

> Interface Tile(26)

20.000000 us 40.000000 us 60.000000 us 80.00000q us

| l l |

6.C

.

0.644 us
l1.000000 us 2.000000 us 3.000000 us 4.000000 us 5.000000 u

NAME 0.000000 us

l
> Tile(23,0)

> Tile(23,1)

> Interface Tile(23)
> Tile(24,0
> Tile(24,1
> Tile(24,2
> Tile(25,0

hid3 27to27 no act(adf...
hid2 27to2...

)
)
)
)

hidl 71to27 leakyrelu(adf::10 b...

|
T et Layerz | s | Lwerd | Lajers | Tow
| ActveFun. | LeaoRelU | Sotmax | —  LeaReRU | Tan




Machine Learning for software track trigger
(SFOTWARE)
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Overview of high level trigger system at Belle |l

Concept of HLT processing A

e Full event reconstruction (same as offline
processing) 472/488 cores(worker nodes) / unit hit-qutput
e Crude calibration constant
¢13 HLT units, in total ~6200 CPU cores Full Recon. 'I -
(design: 7000 cores) ' |
« Data processing: ~ 2.1kHz/ HLT unit w/ vent-by-event parallel processing pipeline-parallel
hyper-threading of L1 svents of L3 events
eEvent size at HLT in the last run period: PXD —
~150 kB/event 1
e PXD event size = 1MB/event, 10 times
larger than the rest of detectors
e Region of interest (Rol) method is —>I I l I . I I —
e ROI
* Tracking software running on HLT |
nodes Calibration
constants 24

|

| /A3 WO} EJEPMEY

Z Jap|ing Jueng

effective to reduce the data size

| Jop|ing JuaAg




HLT
Rol

| 49p|ing
JUSAT

*PXD event size = 1MB/event, 10 times larger than the rest of
detectors
e Region of interest method is effective to reduce the data size
*ROI
* [racking software running on HLT nodes
*PXD event data size reduced by 1/10 with ROI
*|n addition, trigger rate reduced by 1/3 with HLT ROI

HLT

distributor

—— Datalink over fiber
— Network data path
— " Trigger, timing distri.

¢




GNN based CDC track finder

e Motivations of introducing a GNN track Comput.Phys.Commun. 259 (2021) 107610
finder (SOFTWARE)

CDC Hits

e Low efficiency for displaced vertices CDC
 Efficiency decrease as displacement
Increase GNN SVD
' ' Track Finder
 Important signature for new physics VD Closters
search CDC Tracks Y%
> SVD CKF

* Higher background
» CDC wire inefficiencies M Remaining
CDC Tracks
SVD Clusters

e Bad wires or electrics

* Decreased efficiency Combined . SVD Tracks SVD
Fit Standalone
PXD CKF
Track F'it

 Modular structure for track finding, with flexible
of reconstruction sequence 26


https://arxiv.org/abs/2003.12466

GNN for offline track finding

* Find track parameters: momentum, starting position and charge

* Find unknown number of tracks — Object Condensation (arXiv:2002.03605)

 Computing resource and time constraint may reducible

>

— Forward connection

...... » Skip connection

» space
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https://arxiv.org/abs/2411.13596

Performance of GNN

Efficiency of displaced vertex tracks improved
from 85.4% with a fake rate of 2.5%, compared to
52.2% and 4.1%

* The other performance similar as original
algorithm

Momentum px , py , Pz starting position vy , vy,
V, ,charge

* Provide initial inputs for GENFIT

GNN prediction is drawn according to the track
parameters predicted by the GNN

Plan to added as additional track finder for Belle Il
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GNN for CDC track background filtering

 Developed a GNN algorithm (based on BESIII’s algorithm) for Belle || CDC hits
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NN acceleration on Versal ACAP

Real-time graph building algorithm enables GNN implementation on FPGA for Belle |l
M. Neu et al. Comp. Soft. BigSci. 8, 8(2024)
R&D of a new general FPGA device using the Versal ACAP
 Heterogenous acceleration (VCK190, VCK5000 evaluation Kkit)
* Al engine, DPU
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https://link.springer.com/article/10.1007/s41781-024-00117-0

Acceleration on Versal ACAP platform
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Summary and prospects

 Belle Il TDAQ system was designed to handle 30 kHz level 1 trigger
- NN and DNN with hardware based CDC L1 track trigger to improve background rejection
« GNN with software based offline CDC track finder to improve the efficiency of displaced

vertex tracks
* Not covered in the talk: GNN with hardware based clustering trigger for Belle Il is under

commissioning
» Target the upgrade of ongoing and future collider projects
» ML implementation on heterogenous computing system for acceleration
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FPGA implementation path of ML algorithm

Verilog/VHDL | |
Credit: YunTsung Lai
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Kernel optimization for latency
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Motivations of trigger-DAQ upgrade

Physics
* Tau trigger efficiency now is >95% (to be pre-scaled if luminosity is high)
* Low multiplicity trigger efficiency (to be pre-scaled pre-scaled if luminosity is high)
 Low-momentum track trigger efficiency
 “Anomaly” trigger
* Design a special trigger line for some specific physics channel
* Trigger efficiency of displaced vertex

Current hardware limitation:
 DAQ system is designed to handle 30 kHz
L1 latency 4.4 us (SVD APV25 buffer)
« CDC DNN trigger latency ~500 ns, latency already limited more large model
L1 trigger rate will reach to ~20 kHz at 0.9x10-35 cm-2 s-1 (13 HLT units, w/o hyperthreading), planed
full HLT: 15 units (7000 CPU cores)
 TTD system: VME bus limit, no more than 3 triggers within 80 clock (624ns)

Vertex detector is planed to be upgraded during long shutdown 2 (after 2028)

 [Latency limit target: 5 us -> 10 us (5.2 us KLM, 9 us TOP, considering upgrade)

* New TTD hardware: VME bus -> Ethernet

* New trigger board (UT5): Versal ACAP 37



|dea of upgrade trigger and DAQ system

Proposed on Belle Il trigger DAQ workshop 2022
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Training of GNN

e Simulate 1 million events with over 4 million tracks
 Train: Validation =4 :1

* [raining samples contain different topologies that cover all interested event features,
to not bias the model, no conservation laws involved here!
— crucial step to be agnostic about the physics processes

e Sample features

* Low momentum tracks forming circles in the CDC (Pi< 0.4 GeV) <-> High momentum
tracks

» Short tracks <-> tracks penetrate all CDC layers
 Small opening angle <-> well isolated two tracks

U

14

[
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Development of GNN tracking algorithm

* Belle Il MC simulation data-set (Own simulation)

U+ - (particle gan)

0.3 GeV/c <P <5.0GeV/c

Theta: 30°-120° , within on barrel CDC
Phi: 0-2m

Train: Validation: Test = 3: 1: 1

d GO,G
&" GNN —>\'
G = (N, E)

noise : /group/belle2/dataprod/BGOverlay/early_phase3/release-06-00-05/overlay/BGx1/set0/
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Development of GNN tracking algorithm

* Graph Neural Network edge classifier
* |nput network

 Node features embedded in latent space
 Graph model

* Edge network computes weights for edges using the features of the start and end nodes
 Node network computes new node features using the edge weight aggregated features s of the
connected nodes and the nodes’ current features

« MLPs
* 8 graph iterations

e Strengthen important connections and weaken useless or spurious ones

P TR e e e e e e R R e e S e e e e e e e

Graph model

A fully

connected |
—>  2layer —>  edge —> | node
|
network network
network :

Hit selection efficiency: 98.4%
Hit selection purity :97.9%

edge —> | node
network network

41



Performance step-by-step

mo- .fxt;'y..plane o Erzuguon mo- X-y pIZne(via GNN) : ::Z?uon | comformal plane . zt:) ???? ’M,,.. : %:guon 1.0-'_.__,,.. cluster on a space . 5:52%
\; et g‘ |
| S B - |
U+ - (particle gan) GNN noise filtering Transform space Transform a space DBSCAN clustering
1. Original MC data sample 4. Transform to ‘a’ parameter plane
* U+ p- (use particle gan) * Hits connected in the X-Y plane in a straight line
*P (0.3GeV - 5.0GeV) * a as the angle between the straight line and X axis
2 Remove noise via GNN * [he parameter space as cosa and sina
3. Transform to Conformal plane 5. DBSCAN clustering in ‘a’parameter plane
e X=2x/(x2+y2 ) Y=2y/(X2+y? ) * Density-Based Spatial Clustering of Application with Noise
e Circle passing the origin * Hits in a cluster are considered to be in the same track
transform into a straight line Cluster efficiency: 97.7%

Cluster purity  : 96.9%
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