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https://iml-wg.github.io/HEPML-LivingReview/
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End-To-End Deep Learning

e End-to-End Physics Event Classification with CMS Open Data
(Comput.Softw.Big Sci. 4 (2020) 1, 6)
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Theory Applications
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* Feynman [& B 73 M EUE T

* sampling of the phase space in integrals (arXiv: 2209.01091)
* Machine learning spectral functions in lattice QCD (arXiv: 2110.13521)
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the cross section calculation
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