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The New Physics Learning Machine is a methodology powered by machine learning 1D benchmark

Data Quality Monitoring !

NPLM for monitoring particle detectors in real-time.

Signal-agnostic searches 4]
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where o is the width of the gaussian kernel, a hyperparameter.

Using the classifier score to identify mismodeled correlations.

Table 3: MUMU 5D - Probability of observing Z > 3.
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