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Belle Il Experiment

The Belle Il experiment is designed to study
the properties of B mesons and is currently
being commissioned at the SuperKEKB
accelerator at KEK in Tsukuba, |baraki
Prefecture, Japan. The Belle |l detector was
moved into the collision point of
SuperKEKB in April 2017 and started taking
data in early 2018.
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Current Monte Carlo Simulation data flow

MC

o

Simulation with smart background selection

Det. Sim

MC

>

NN

Pass*
—>

lFail*

>

Reco

Det. Sim

—>

>

Reco

Pass
Skim —» Analyse [---- >
‘Jl;FaH
Pass
—> Skim —» Analyse

computationally expensive

ipai.

-----




Tree Structures of Particle Decay inspire
the use of Graph Neural Network
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Using Deep Graph Library (DGL)

CNN vs GCN
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Convolutional Neural Network (CNN)
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Graph Convolutional Network (GCN)



Graph Attention Networks
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PDG ids
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Visualization of Node/Edge-Attentions
for

SimpleGATModel with
GlobalAttentionPooling
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epochs
GCN GAT GATSIm GATGAP
TrainingTime | 2600.13s | 3322.275 | 3678.665 | 4490.485

AUCValues | 0.90679 | 0.90846 | 0.90683 | 091010



Next steps:
* More tuning
* Speed up rate

* Bias mitigation
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