Advances in developing deep neural networks for finding primary vertices in
proton-proton collisions at the LHC
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Motivations and context model architecture and loss function

Same model as used for track finding from hits in the Velo in LHCb except final output layer!

» In the next years, LHC detectors will face significantly increased luminosities
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e Same input features for GNN as for hybrid model!
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Summary:

» GNN models appear quite versatile where similar models achieve good
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|— — performances for different tasks (tracking vs PV finding)
- : P » GNN and hybrid models achieve similar intrinsic physics
1. Ordering tracks in z values along the beamline. erformances
2. Filtering tracks with simple isolation criteria (| Az;_;| or | Az;;|) < 0.5 mm P o
3. Forming groups based on gaps, d; > 20 mm, between consecutive tracks » ...but only partial overlap meaning both models did not learn

4. Build graphs from groups with edges connecting nodes (i.e. tracks) if d;; < Smm exactly the same relations from identical input datal
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