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CMS Level 1 trigger (“L1T") selects 100k interesting events out of
40 million collisions every second at the LHC

* Goalis 290% etficiency for events we want to keep

* Keep high transverse momentum (“pT”) particles, reject low pT events

Quick trigger decision: only 3.0 us for the entire process

* Fastlogic algorithms in FPGAs perform complex analysis: from raw
detector inputs, reconstruct, select, and assign pT to particles

Muons leave tracks as they pass through the CMS detector
e Assign pT based on curvature in magnetic field: more bend <= low pT
* InL1 trigger, can only use outer muon chambers, not inner tracker
Typical “interesting” event has a single muon with pT > 25 GeV
* For every real 25 GeV muon, there are 1000 muons with pT =5 GeV!

* Critical to reject as many low-pT muons as possible
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