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Machine Learning for Velo

» Anomaly detection system for Velo caliration — Uses bayesian
network to detect anomalies before we use miscalibrated
detector

» Calibration time prediction (survival analysis)- when should we
recalibrate

» Dimensionality reduction for monitoring



Velo Cdalibration — complete model

ELLL | Special analyses |

| Pedestal | Hit thresheld | low threshold | outlierness trend R | outlierness trend sensor | outlierness trend phi | outlierness noise

Outlhierness trend for sensor: 21
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Results of calibration prediction

Real data vs predicted data

« We can predict

calibration, basing
only on the pedestal
subfracted datal
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LARTPC and 3D Imaging

» Liquid Argon Time Projection Chamber — LARTPC
» 3D detector! (both tracks and energy)

» The same old problem: monte carlo model is
very time consuming

» Hence the use of Machine Learning










LAITPC — SOA solution 11

» Laura Domine and Kazuhiro Terao
» Solution uses

» Sparse Convolution
» U-net




LAIMPC — U-net 12
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LArTPC — sparse convolutions 13

Skip Operation for Sparse Convolution

Feature map

» Sparse convolutions

EEEEEE Sparse weight

» Think of very picky
convolutions

\ Only need to compute non-zero weights
"% and corresponding inputs
* Reduction of number of calculations
* Memory size reduction




LAIMPC - SOA 14

tconv-s2-fdec

softmax

— Residual connections

- - =m» {(oncatenation

» Accuracy ~98%



LAITPC — My |deo

» Lets do something really crazy: use
reinforcement learning to solve
this problem.

» The agent should move through
non-zero voxels, and categorise
them

» Hopefully it will learn how to
behave like a particle!

» This is Work In Progress
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What is Reinforcement Learning 16
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What is Reinforcement Learning
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Demo timel! (If we still have some time)
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Pros:

The underlying model should be
able to learn how a single particle
behaves, so we have model of an
partficle, not detector itself

It could be independent of the
detector (its size)

We can run the model mulfiple
times, to improve the results

In principle, we could generate
examples with said model

AFAIK: RL has not been applied to
HEP problems

....really cool

>

» It'sreally, really

>

Ccons:

good reward s

...and then the
able to learn

24




