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Pair Classification Pipeline
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Candidate Edge Preselection

For every hit h:
» Nearest k neighbors are searched in next outer layer

> An edge e = (h, k) is considered if the two hits obey the angular
conditions
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Pair Model: DNN Classifier

Input pair
hit;
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Logit
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GNN Pipeline
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GNN Graph Construction

Stored features Sparse graph storage
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GNN Network

Encoding

Message block

Classification
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Normalized Confusion Matrices

Pair model confusion matrix (row-normaliz GNN confusion matrix (row-normalized)
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GNN Score Distributions

GNN score distributions
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Pair Model Score Distributions

Pair model score distributions

: mmm False candidate edges
H True candidate edges
! —-—- Threshold = 0.500
40 4 1
1
1
1
1
i
30 A :
2 |
2 i
@ 1
a 1
20 i
1
1
1
1
i
10 - !
i
1
L i
0L T . . i . . :
0.0 0.2 0.4 0.6 0.8 1.0

Predicted edge probability

Konrad Beck (



Candidate Oracle vs. Reconstructed Scor

Candidate oracle score versus reconstructed score
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TrackML Score vs. Threshold

TrackML score versus threshold on validation events
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Conclusion and Possible Improvements

» Conclusion:
e both models can get scores > 0
o The GNN score is close to the oracle score

e The main problem for both approaches seems to be the preprocessing

and filtering of the data
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Conclusion and Possible Improvements

» Conclusion:
e both models can get scores > 0
o The GNN score is close to the oracle score

e The main problem for both approaches seems to be the preprocessing
and filtering of the data

» Possible Improvements:
o Optimize threshold
o Redesign the preprocessing pipeline
o Increase GNN complexity and optimize hyperparameters

o Fit curves through the tracks and recluster the hits based on the fits
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ROC Curve

ROC curve comparison
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Pair Model Threshold Data

Pair model threshold diagnostics
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GNN Threshold Data

GNN threshold diagnostics
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