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The application of neural networks for the
calibration of topological cell clusters in the

ATLAS calorimeters

Principal ATLAS calorimeter signal: topological cell clusters Bur.Phys.J.C 77 (2017) 450

Topo-clusters - 3-dimensional clusters of topologically connected cell signals collected by following spatial signal significance patterns

Massless pseudo-particle representation with basic signal E5Y., rapidity y5. and azimuth @5V at electromagnetic (EM) energy scale
Cluster moments comprise shapes, signal-to-noise, compactness, location, internal time structures - sensitive to signal source

Local topo-cluster calibration with Monte Carlo simulations
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