Number of HEP-ML Papers by Year
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FP ML Living review



https://iml-wg.github.io/HEPML-LivingReview/
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Kolmogorov

An overview and some HEP use cases



https://arxiv.org/pdf/1207.7214
https://inspirehep.net/literature/1245931
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Phenomenology

Normalising flows



https://arxiv.org/pdf/2405.02888
https://arxiv.org/pdf/2403.18582

CNNS

In CMS, CNNSs are used at trigger level
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https://arxiv.org/html/2411.19506v1#S2
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Particle tracking



https://exatrkx.github.io/
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https://arxiv.org/pdf/2202.03772
https://arxiv.org/pdf/2411.07149
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https://arxiv.org/abs/2212.03763
https://arxiv.org/abs/2212.03763
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Symbolic learning



https://fastmachinelearning.org/hls4ml/
https://arxiv.org/abs/2507.05858

