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Models description
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JUNO has an extensive calibration program: multiple radioactive sources and background processes are planned
to be used. We consider three calibration sources, listed in the following table:
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® 5 million positron events; o subsets with discrete Kinetic energies: Distributions of true deposited energy and predicted energy, using the BDT model, for calibration sources.
® uniformly distributed in kinetic energy Exin; ® 0 MeV, 0.1 MeV, 0.3 MeV, 0.6 MeV, 1 MeV, The agreement between the expected source spectra and the spectra reconstructed from the real calibration data
¢ uniformly spread in the volume of the central de- 2 MeV, ..., 10 MeV; will indicate the correctness of the algorithms’ prediction.
tector; ® uniform spatial distribution;
® FEiin € [0,10] MeV. Egep = Exin + 1.022 MeV. ® each subset contains about 100 thousand events.

Aggregated features

Metrics: Parameterization: Machine learning approaches
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