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All supervised classification methods require training data.

Impossible to isolate pure samples ofquark jetsand gluon jets.

Often rely on simulation, which is sensitive to mismodeling.

[M. Andrews, et al.,1902.08276]

[1902.08276]
[T. Cheng, 1711.02633]

[P.T. Komiske, EMM, M.D. Schwartz, 1612.01551]

[L. de Oliveira, et al., 1511.05190]e.g. e.g.

[K. Datta, A. Larkoski, 1704.08249]

[P.T. Komiske, EMM, J. Thaler, 1712.07124]

[G. Louppe, et al., 1702.00748]

e.g.

[G. Kasieczka, N. Kiefer, T. Plehn, J. Thompson, 1812.09223]
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Simulation Data

[ATLAS Collaboration, 1405.6583]

Simple two-feature quarkvs. gluonjet classifier using simulation and data .

Very different!

Is it possible to train classifiers on data?
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This defines an equivalent classifier to the pure case!
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dogclassifieris a monotonic rescaling of

Hence they define equivalent classifiers.

[EMM, B. Nachman, J. Thaler, 1708.02949]

see also[L. Dery, B. Nachman, F. Rubbo, A. Schwartzman, 1702.00414][T. Cohen, M. Freytsis, B. Ostdiek, 1706.09451]

[P.T. Komiske, EMM, B. Nachman, M.D. Schwartz, 1801.10158]


