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» Examples for HEP include: translation

» Graph data representations _ /'\
» Physics-constrained ML

» Symmetry-equivariant networks
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» In CS, tailoring algorithms to the structure (and symmetries) of the data has led
to groundbreaking performance
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» What about high energy physics data?


https://miro.medium.com/max/700/1*n-IgHZM5baBUjq0T7RYDBw.gif
https://miro.medium.com/max/700/1*Fw-ehcNBR9byHtho-Rxbtw.gif
https://arxiv.org/abs/2203.12852

HEP DATA REPRESENTATIONS WP: arXiv:2203.12852 4

» In CS, tailoring algorithms to the structure (and symmetries) of the data has led
to groundbreaking performance
» Variable size

» CNNs for images ﬁ.
» No defined order

» RNNs for language processing » Interconnections
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» What about high energy physics data?

» Distributed
unevenly in space
> Sparse
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» In CS, tailoring algorithms to the structure (and symmetries) of the data has led
to groundbreaking performance

» Distributed
unevenly in space

> Sparse

» Variable size

» No defined order

» RNNs for language processing » Interconnections
— Graphs

» CNNs for images

» What about high energy physics data?
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» Node-level tasks

» ldentify "pileup" particles

» Particle-flow
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» Node-level tasks » Graph-level tasks

» Identify "pileup" particles » Jettagging

» Particle-flow » Shower energy estimation
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» Node-level tasks » Graph-level tasks

» Identify "pileup" particles » Jettagging

» Particle-flow » Shower energy estimation Node classification
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Link prediction
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» Edge-level tasks
» ldentify good track doublets

» Secondary vertex reconstruction
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» Symmetry-equivariant networks,
e.g. for Lorentz symmetry

» More economical (fewer, but
more expressive parameters),
interpretable, and trainable

Invariance Equivariance
fpg(x)) = f(x) fpg(x)) = pg (f(x))

X X
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» Symmetry-equivariant networks,
e.g. for Lorentz symmetry

» More economical (fewer, but
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» Physics-specific ML development is advancing HEP research

» ML models with baked-in physics laws can preserve important aspects HEP
problems and provide interpretability

» Encoding key physics knowledge results in quicker learning with smaller training
samples

» Recommendations:
» Dedicated support and review criteria that helps research along this category

» Defined metrics concerning the strengths of physics-specific ML (e.g. sample
efficiency, learning speed, interpretability)

» Support for common and application-specific software development, technical
research staff, establishing an interdisciplinary research community and close
connection between the funding agencies and the research community
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