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Artificial Neural Networks on FPGASs
for Real-Time Energy Reconstruction

of the ATLAS LAr Calorimeters

Phase-ll Readout Electronics Upgrade
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® Overlap of up to 25 signal pulses created in subsequent bunch
crossings possible

® New trigger scheme allowing selection of events in subsequent
bunch crossings

® Sampling calorimeter with ~180k cells for measuring energy deposits of electrons, photons and jets
® Triangular ionization pulse is amplified, shaped and sampled at 40 MHz
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