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» Simulations of events are very important  * The High Granularity T
N high energy physics Calorimeter will be a §
major new addition
to CMS as part of the
HL-LHC upgrade.

- We anticipate HL-LHC data to enter
the exabyte regime (| billion GB)
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» Classical physics simulation programs
such as GEANT4 are accurate but can
be slow and inefficient

» Current rate of computational advances
will not meet HL-LHC needs

A prototype assembled module

* For simulation, there has been success

» Machine Learning is a potential * Very high granularity (i.e. lots of pixels) using generative and convolutional
alternative where we approximate the plus its irregular geometry means high neural networks (CNNs)
simulations at much higher speeds computational effort

Generative Adversarial Networks
- CNINs convert the detector array data
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Networks instead, where we
represent detector hits as the nodes For ease of testing we
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