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Triggers/Quality Control/ Anomalies

● Calibration
● Clustering
● Tracking
● Noise Mitigation
● Particle ID/Efficiency

Classification

Background Modelling
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Checklist 1:

● Science is science.
● Particle physics is all about precision.
● Can simulate huge amounts of high quality, information dense, labeled 

data.
● ML has clear goals:

○ Performance
○ Accurate generalisation
○ Speed
○ Translatability (controlled biases) 

● ML aims to replace physical simulation with functional approximations.
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Step -2: Classification
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https://indico.bnl.gov/event/15366/contributions/62583/attachments/41251/69099/QML_2022.pdf
https://indico.bnl.gov/event/15366/contributions/62583/attachments/41251/69099/QML_2022.pdf


SHAP Distributions
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● Difference from 0 is what’s important
● Correlations taken into account
● Also useful to explore data and optimize cuts (or debug data selection)
● Anomaly detection
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Checklist 2:

● Signal and Background!
● Big gains in HEP
● Nice processes
● Resonant processes
● Need to reconstruct the properties not just A vs B
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Step 2: Regression and More

5

Grap
hs

 - G
NNs

4

Seq
ue

nc
es

 - R
NNs

3

Im
ag

es
 - C

NNs

Var
iab

le 
Sets

 - R
ep

re
se

nt
ati

on L
ea

rn
ing

21

Fix
ed

 Sets
 - D

NNs



16



17

Generation

Classification

Regression

SCIENCE!

Training data!

Multivariate -> 
likelihood

Noise-> 
Structure
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Checklist 3:

● ML doesn’t replace science.
● Multitude of approaches.
● Many clear benefits of importing computing tools to HEP



19See also 1909.03081, 2002.06307, 2104.04543 (Generative Bayesian NNs), and 2107.08979 (“resampling”)

Step ±1: Theory and Data

https://inspirehep.net/literature/1712175


20See also 2006.06685, 2205.01697, 2110.13632
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Checklist 4:

● Generative tools change the game.
● Can generative inference replace traditional inference methods?
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Summary

Issues
● Care needs to be taken not to lose important physics oversight.
● It’s easy to spend a year making and validating a ML prediction 

that doubles the speed of a function that takes hours to run.
● Our data is fixed, we’ve already achieved so much more than 

our detectors were designed for. 
● Quantum Doesn’t Scale. 

● HEP is a wonderful playground for cutting edge and impactful research 
in data science and ML.

● We need big data to probe fundamental quantum processes.
● The data we have is not perfect. But ML is improving all the time.


