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Aggregate information

V — VeI’tICGS from adjacent edges
E = Edges
U = Global
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Message passing

1.

For each node or edge, gather all the
neighbouring embeddings and aggregate
using p, e.g. sum

All pooled messages are passed through
an update function f, usually a learned
neural network.
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Message passing
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Input Graph GNN blocks

Transformed Graph

Classification layer

Prediction
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® GCN (Graph Convolutional Network):

- BYESRIRERSSETRNEER. ERYI RSB RIZHET RFFLE

- BESMN, EXNMEAETREFHEENNE, 2B T TRENEREZER
© GAT (Graph Attention Network)
- 5INEEDNS, ITETRENEE T REX

- EEISIEESETRNERE, GRTHRE, BitEERERS

® GraphSAGE (Graph Sample and Aggregate)
- BEXRFEEN=MNDPETREITRS

- BRTAIEE, B¥XFEMTESZ, BrAgEERSDER
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Graph Neural Networks in Particle Physics 13
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Graph classification

Global Prediction

@ Jet Classification (jet constitutes are nodes)
- Classify jets are quark or gluon jets
- Classify jets are b-jets or not

@ Event Classification (particles seen in detector are nodes)
- Classify events are signal or background
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Node classification

Node Predictions

\

® Jet vertex tagger (tagger to classity jets from pile-up or hard vertex)
- To each track (node) assign a probability that it is from pile-up
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Edge classification

Edge Predictions

@ Charged Particle Tracking

- Classify connections between two hits (edge) are from a track or not

e Secondary Vertex Reconstruction
- Classify particles within a jet are coming from a secondary vertex
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Input Graph GNN blocks Transformed Graph Classification layer Prediction
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