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e ATLAS uses the topoclustering algorithm to cluster ATLAS simulation 2010
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* The algorithm Is iterative, it checks each cell in turn.

+ It then checks all the neighbouring cells. i ¥
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Simplified ATLAS Calorimeter geometry
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* The clusters go through several post-processing
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What’s the motivation?
Why target this...

* Topoclustering is one of the most resource
intensive algorithms in use in HLT.

* Crucial role in jet and MET reconstruction.
* Far worse pile-up conditions in HL-LHC.

* We pursue faster solutions with similar or
improved performance.

* (And also less energy consumption).

50 vs 200 p-p collisions per bunch crossing.



Can ML help?

pre-process

* Project has been exploring the use of deep
neural networks (CNN/GNN) to replicate the
topoclusters.

convolutional layer dense layer

... quark jet

* Training model weights then using rapid \ J
execution speed in inference.
» Possibility to port to other hardware (GPUSs, M ) :

FPGASs) faster and more energy efficient. [ o o A e v i
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The average is taken over images of jets with 240 GeV < pr < 260 GeV and 65 GeV < mass < 95 GeV.
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Object Detection in the Detector

“Real life” example




Secondment



Lightbox, Geneva

Market Analysis for Financial Firm

 NOT prediction of the future!

 Using ML and other data science tools
to give signals/inform a financial
strategy.

* Already widely adopted.

* A lot of different advice/practices
compared to physics and academia.

e [Ime series data - handle with care!

https://www.netsuite.com/portal/resource/articles/
financial-management/financial-forecast-machine-
learning.shtml

https://www.tapinto.net/towns/elizabeth/articles/3-applications-of-machine-
learning-and-ai-in-finance-2d5c4825-e0ad-4dda-bec6-22e91842eaa7
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Our work

Detour into Bayesian Neural Networks

» Bayesian neural networks model the

uncertainty associated to a prediction.
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https://www.tensorflow.org/probability/examples/Probabilistic_Layers_Regression

https://brendanhasz.github.io/2019/07/23/bayesian-density-net.html  https://neptune.ai/blog/bayesian-neural-networks-with-jax



Our work
Combine LSTM + Bayesian Output

 Can we use the uncertainty estimation
of BNNs to guide the LSTM.

* At each time step output a Gaussian
(student’s-T) distribution.

e Use o as a quality/confidence score.
Use this to filter buy and sell decisions.

* Predictions highly dependent on training
size (training sample regime) and
forecast window .

* (And a small excursion into transfer learning...)
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Miscellaneous activities



Additional engagements

In Geneva:
e University course in statistical methods
e University course in scientific computing in physics
* 3rd Symposium on Al for Industry, Science and Society

* High performance computing cluster training

At CERN:
« ATLAS Control Room Shifter Training for trigger + DQ

* PyRoot + Scikit-HEP masterclasses/tutorials
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* Radioactivity safety course = S

Elsewhere:
e CHIPP PhD Winter School, Leukerbad Jan. 2023
e 3rd COMCHA School, Oviedo Oct. 2023




Thanks for listening



