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Frontiers in Big Data paper

e Submitted to Frontiers in Big Data February 2

(@)

(@)
(@)
(@)

Research topic: Machine Learning for Interpretable, Efficient Reconstruction of
Physics in Big Data.

Editorial team has been assigned, currently in review.

This will be followed by an "Interactive Review".

CERN confirmed institutional eligibility.

e Submitted to the arXiv the same day

(@)
(@)

https:/arxiv.org/abs/2202.01276
Code for claiming article ownership sent by email.
m Let me know if you didn't get it.
| used an open source latex template for the arXiv submission, as we can't use the
Frontiers in logo and changing the latex template didn't seem easy.
m https://github.com/kourgeorge/arxiv-style



http://www.frontiersin.org/Journal/SpecialTopicDetail.aspx?s=1948&name=Big%20Data%20and%20AI%20in%20High%20Energy%20Physics&st=20018&sname=Machine_Learning_for_Interpretable_Efficient_Reconstruction_of_Physics_in_Big_Data
http://www.frontiersin.org/Journal/SpecialTopicDetail.aspx?s=1948&name=Big%20Data%20and%20AI%20in%20High%20Energy%20Physics&st=20018&sname=Machine_Learning_for_Interpretable_Efficient_Reconstruction_of_Physics_in_Big_Data
https://arxiv.org/abs/2202.01276

Need longer training?
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Figure 3: Neural network training curves. The loss is shown as a function of training epoch for 1, 3, 5 and 10
component charge-only (left), uncorrelated charge and time (middle), and correlated charge and time likelihoods. The
solid lines correspond to the loss evaluated on a validation sample, and the dotted lines correspond to the loss evaluated
using the training sample.



Need longer training?

e The training of our neural networks hadn't converged for most of the results we
presented in the paper.
e | think there may be opportunities to update this during the paper review.
o Idon't think it will change any of the main conclusions in the paper.
e | have started to run "continued" training of the neural networks at CERN.
o  Will aim for 50 epochs — should be done by next week.

e |et'stryto have updated plots and results ready so we can update the paper quickly if
we have an opportunity.



Next steps: event reconstruction

e Now that we have demonstrated the basic properties of the neural networks, | think we should
focus on the development of the reconstruction algorithm.

o Basic reconstruction script exists (fit_event.py) but needs some work.
m  Mainly we need a realistic seeding (pre-fit) algorithm.
o Use reconstruction performance to guide any future development of the neural network.

° PID, energy, direction, position, fime.
° Run time.

° Network architecture.
o Number of layers, etc.
° Loss function parameterization.




Next steps: multi-ring reconstruction

The next major milestone will be to develop a multi-ring reconstruction strategy.

Essentially we will need to combine multiple predictions into a single prediction.

One option is to use machine learning at the PMT level: a neural network that runs only on each
individual PMT and doesn't "know" about the rest of the event.

o Also agood place to introduce PMT characteristics: model (SK new, SK old, HK), dark rate, ...
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Next steps: multi-ring reconstruction

e For this to work we need neural network architectures that accommodate variable sized
inputs (from 1 to N particles).
e Lots of ML development on this front for natural language processing problems.
o E.g. given asentence with N words in English, produce equivalent sentence with N'
words in French.
e [f datais sequential:
o  Recurrent neural networks (RNNs), particularly Long Short-termm Memory (LSTM).
m Same neural network is applied to each "word" (gaussian component) and
output of i-1 word is used as an input to the ith network.
o Transformers
m "Aftention"is used to emphasize importance of some "words" with respect to
the others.
m  Unlike RNN and LSTM, can process all "words" in parallel — faster processing of
long sentences.
o Inboth cases would need to make a sequence with each particle's predictions.
m  Could make sense to order predictions in time, but no unique way to do this.
e With unordered data, we could use simpler models such as Deep Sets / Neural Processes.



https://en.wikipedia.org/wiki/Recurrent_neural_network
https://en.wikipedia.org/wiki/Long_short-term_memory
https://en.wikipedia.org/wiki/Transformer_(machine_learning_model)
https://gordonjo.github.io/post/deepsets_nps/

Next steps: infegration

So far we've focused on running the neural network on WCSim data.
But ideally we'd like to be able use this on different experiments:
o HK/WCTE/ESSnhuUSB — WCSIim
o SK-SKDETSIM
o THEIA - rat-pac
o .7
e | think the best solution for this is to write all code using a modular I/O interface, that reads in
data with whatever format and provides python/numpy data for reconstruction.
o Thedifferent "readers" are implemented as modules and independent from each other.

e Thereis a skeleton for this, python I/O for optical detectors (pyioopt), which we have been
using to process the WCSim data.
o https:/github.com/cvilelahep/pyioopt
o Let'stryto keep this factorization between 1/0 and algorithm as we further develop the
reconstruction.



https://github.com/cvilelahep/pyioopt

Summary

e Paper submitted to Frontiers in Big Data!
o Let's getready for reviewer comments.
m E.g., by having results with longer training ready to go.
o Butthisis only the first milestone to achieve event reconstruction using this
method.

e | think the next steps for the project are:
o Get aworking single-ring event reconstruction algorithm and use it for futher
development of the neural network.
o Develop a method for multi-ring prediction.
m Either using ML or more classical approaches.
o  All of this while keeping I/0O and algorithms factorized.



