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L.C Pion Calibration Motivation

Classification of charged and neutral pions,

Calorimeter and Simulation
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The response for the mixed pion sample for the EM, LC, and
combined CNN classifier and DNN regression. The response is

Corresponding correct classification: 95% of 7° and 95% of *.
 The combined CNN classifier and DNN regression, shown in top right figure, shows a consistent

response at unity for nearly the entire range of true energy. significantly improved over the full range of true energy.
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