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The problem

We want to study decays with particles that we do not reconstruct like
neutrinos
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The strategy

Reconstruct all the rest and infer what is missing

=

©bbcgoodfood.com
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https://www.bbcgoodfood.com/recipes/collection/classic-cake-recipes

What does it mean at Belle Il
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What does it mean at Belle Il
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Possible decays of the B;,,
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The current solution: Full Event Interpretation
@ Hierarchical machine learning algorithm
@ 6 levels of BDT to reconstruct sequentially the intermediate decays
@ more that 10 000 decays considered
@ O(1%) efficiency

tag-side

[Comput.Softw.Big Sci. 3 (2019)]
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https://arxiv.org/abs/1807.08680

Drawbacks

@ 6 stages are disconnected
@ Possible sub-decays are hard-coded

gen .

{W»{‘

Total branching fraction Biag

In the FEI '

Not in the FEI

[Comput.Softw.Big Sci. 3 (2019)]
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https://arxiv.org/abs/1807.08680

Our goal

Develop a end-to-end trainable method to learn by example how to
reconstruct a generic decay from its final state particles
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Deep learning

@ Deep learning extracts autonomously the high level features without

the need of experts intervention

@ Successful for complex problems with hierarchical data (image
recognition, natural language processing, web searches, ...)

Multiple hidden layers
process hierarchical features

Output:
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Identify
combinations
or features

light/dark " -/
pixel value \\ Identify Identify Identify
edges combinations features

~——3 of edges ——

== HEF T"Hs "¢ EE
.= S0E HEd N5F B

©https://doi.org/10.1073/pnas.1821594116
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https://doi.org/10.1073/pnas.1821594116

Deep learning
@ Deep learning extract autonomously the high level features needed to
solve the task
» Learn autonomously intermediate decays without the need to
hard-code them
@ Successful for complex problems with hierarchical data (image
recognition, natural language processing, web searches, ...)
» A particle decay is hierarchical and reconstruct a generic decay is surely
a complex problem ;)

Multiple hidden layers
process hierarchical features

Identify
combinations
or features
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©https://doi.org/10.1073/pnas.1821594116
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https://doi.org/10.1073/pnas.1821594116

Which deep learning architecture?

input layer

hidden layer 1 hidden layer 2 hidden layer 3

Fully connected neural networks
@ good for vectors

©neuralnetworksanddeeplearning.com

Conet Pooine Comluson oo ]

Convolutional neural networks ﬁ %ﬁ%ﬁ“
@ good for images

Feature Extraction from Image Classification

©kdnuggets.com
INPUT LAYER @
Recurrent neural networks o | () =
@ good for sequences o | ()
©bouvet.no

Giulio Dujany (Belle I1) Finding invisible decays with Deep Learning IPHC Machine Learning day n/2n


http://neuralnetworksanddeeplearning.com/chap6.html
https://www.kdnuggets.com/2016/11/intuitive-explanation-convolutional-neural-networks.html/3
https://www.bouvet.no/bouvet-deler/explaining-recurrent-neural-networks

A matter of symmmetries

Fully connected neural networks
@ good for vectors
@ no sharing of learning blocks

@ no symmetry

Convolutional neural networks
@ good for images
@ sharing learning blocks in space
@ symmetric for translation in space

Recurrent neural networks
@ good for sequences
@ sharing of learning blocks in time
@ symmetric for translation in time
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https://arxiv.org/abs/1806.01261

Graph networks

Particles in a decay
@ do not have a fixed number
@ do not have a clear ordering (symmetric under permutations)
@ can be described by a graph — use graph networks

Hidden layer Hidden layer

- V..

¢ e .-' Qutput
- ,é’ RelU > é‘ ReLU
=S B
L .'\. ® -.\'.

©tkipf.github.io/graph-convolutional-networks
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https://tkipf.github.io/graph-convolutional-networks/

Going from a decay to a graph

2nd gen,

r Reconstructed

>

(-

} Detected
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Reconstruct a generic decay

2nd gen,

®)
e

Feature Matrix
Reconstructed

~

Ex | E; | E; | By
DK | Pzr | Par | Pap
DPyK | Pyr | Pyr | Pyu
PK | Porr | Por | Pzp

} Detected

Insert GraphNN here

—

3
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Our Graph Network

@ Edge Label prediction using Neural Relational Inference @xivizo2046871

@ Models built using PyTorch and PyTorch Geometric
@ Hyperparameter otimisation with Optuna

@ About 50 000 free parameters

@ Train with millions of simulated decays
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https://arxiv.org/abs/1802.04687
https://pytorch.org/
https://pytorch-geometric.readthedocs.io/en/latest/
https://optuna.org/

Proof of concept
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A more realistic test

Decay Channels generated with the Belle IT software

Decay Channel N°FSPs | Motivation

Bt = DY(— Ktr a%)xt 5 benchmark tag side on T.Keck’s
PhD thesis on FEI

BT =D (—wn aftal)rtat 5 two 3-body decays, overlapping
spectra, same FSPs)

Bt = DY(— Kt a%)ety, 5 semileptonic decay to demon-
strate semileptonic tagging

Bt = DY(— K+n—a0)p(— m~7°) 7 resonances not dealt with FEI,
includes 4 photons that need to be
assigned to the correct 7°

BY = DY(— Ktn n0)w(— ntr n0)nt 9 Three 3-body decays, resonances
not dealt with FEI

Bt =D (= rn atal)rtata® 9 two 4-body decays

Table 1: Decay channels produced with the Belle II software for this work.
All the 7° decay into two photons. All the datasets contain the decay channel
presented here and its charge conjugate
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Test on generic Belle 1l MC

@ Use MC generated information (not yet reconstructed)
@ Overall efficiency O(10%)
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Conclusion

@ Showcased a Graph Deep Neural Network to reconstruct a generic
decay

@ Encouraging preliminary results
@ More realistic tests still needed
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The team
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@ Most of the work performed by llias Tsaklidis
during his joint IPHC-KIT internship financed by
the Belle2NewPhy Seed Money project

@ Principal Investigators: Isabelle Ripp-Baudot eu or
(IPHC), Pablo Goldenzweig (KIT) W o

@ Exploited HoreKa computing center at KIT, plan
to use also CC-IN2P3
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https://www.scc.kit.edu/en/services/horeka.php
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Going from a decay to a graph

Reconstructed
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Reconstruct a generic decay

2nd gen,

T

Adjacency Matrix

BDK#w7mp
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Feature Matrix

Ex | B,

By

PzK | Par

Pap

PyK | Pyr

Pyu

DK | Par

Pz

Lowest Common Ancestor (LCA)

Matrix

=33 R
N =|=|o

Insert GraphNN
here
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Hyperparameters optimisation

Best tuning for mixed datasets
Set [ bsize | Ir | dropout [ nhid | nBlocks | nMLPs [ DoF
6par 16 0.0011 [ 0.000744 | 128 8 14 75776
7par 16 | 0.000072 | 0.308 128 8 4 34816
8par 16 | 0.000185 | 0.133 80 4 14 23680
BY — D°(— K 7%) 7" 32 0.001 0.008520 | 512 4 1 45056
B" — D(— Ktn~7°%)e"ve 32 0.001 0.008520 | 512 4 1 45056
Bf 5D (—»n na )it 64 0.00062 0.1883 128 4 12 33792
Bt — D(— K 1%)p(— n~7°) 16 | 0.00036 | 0.0624 | 128 4 12 33792
B" — D'(— K'n m°)w(— ntn 7%)7r" | 16 | 0.000485 | 0.0304 128 4 12 33792
B" D (»rn m nia)m nta® 64 | 0.00117 | 0.00551 | 256 4 12 67584
all Phasespace 128 0.001 0.25 1024 2 4 69632
all Belle 128 0.001 0.25 1024 2 4 69632
learnable = [(4-2) 4 (5 2) 4 (2 nMLPs - 2)] - nblocks] - nhid
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