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The Belle Il Experiment
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B meson production at Belle Il
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B meson production at Belle Il
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B meson production at Belle Il

o B-Decay in Flavour-Eigenstate,

@ eg.B-D[->Kmnln

- Q B-Decay in CP-

¢ Eigenstate, e.g. B - J/W
[»ppl
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Ingredients of CPV-Measurements

w B — J/WK?: Measurement of sin(2/3)

a reconstruct the signal-side

® measure distance between vertices
At = Az/p~ve

a important aspect:
determine the Flavor of the tag-side
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Flavor Tagging Categories

flavor-specific categories decay processes

w Primary Leptons mboclty
a Secondary Leptons mb—sCc—535l v
a Slow Pion wa B D" X,D' — D'n
w Fast Strange Particles v B = KX
a Slow Strange Particles @ab-—>C-—5S
n
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Why Flavor Tagging is suitable for Deep Learning
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Deep Learning

m from feature engineering to
representation learning

m representation attributes’

m abstract and invariant
a distributed
a disentangled

a multiple architectures
® supervised and unsupervised
m successfully applied

a image recognition

a speech recognition
a language translation

1Representation Learning: A Review and New Perspectives, DOI: 10.1109/TPAMI.2013.50
2Visualization and Understanding Convolutional Networks, DOI: 10.1007/978-3-319-10590-1_53
Jochen Gemmler Flavor Tagging using Deep Neural Networks at Belle |1 21.03.2017 8/18



Deep Learning - Driving Forces

(Big) Data

Architectures/ Algorithms

DNN, CNN, RNN, ...
Dropout, Adam Optimizer, ...

Software Frameworks
Theano, Tensorflow, Torch, ...

theano

Tensor! L

Software Libraries
NVIDIA CUDA, OpenCL

‘E"
fa

OpenCL

Hardware

FPGA, GPU, TPU, ...

1Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. “Imagenet classification with deep
convolutional neural networks.” Advances in neural information processing systems. 2012.
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Deep Learning - Driving Forces

(Big) Data
~13 Million MC Events
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Flavor Tagging - Input Features

Features 2500000

® 10 charged tracks at maximum g 2000000
a sorted by momentum, grouped 521500000
by charge % 1000000
® Pewmss €08(Ocms), Pcus = 500000 Il |I
a electron, pion, muon, kaon, o= la.__
0 2 8 10 12 14 16
proton ID Tracks
a hit count of the Belle ll-tracking I ‘
B > pn 1>..>pn
detectors (3) charge < 0 charge > 0
A e}/ent 1
m track perigee (dr, dz) =
a pValue efrent 3
a overall 140 input features Dvariable set per track
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Flavor Tagging - New Approach

Architecture: 9 layer perceptron
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Receiver Operating Characteristic
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Classifier
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Effective Tagging Efficiency
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Hyperparameter Influence - Number of Hidden Layers
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Feature Representation - Hidden Layers

Network Input 4. Hidden Layer
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Visualization with T-distributed Stochastic Neighbour Embedding (TSNE)
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Feature Representation - Hidden Layer

8. Hidden Layer
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Feature Representation - Hidden Layer

8. Hidden Layer
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Summary

m representation learning is advantageous for certain tasks

a new Flavor Tagging method
a based on Deep Neural Networks
a relies on low level features
a shows significant improvement on Monte Carlo compared to the
established method

u classifier performance can be calibrated directly on data
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Thank you for your attention!
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