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A fully automated pipeline dedicated to flavour tagging exploiting Graph Neural Network (GNN)-based algorithms is presented. The pipeline is designed to allow the user
flexible and simple model training and validation. In the jet-graph structure, the associated charged particle tracks correspond to nodes totally connected. The network
inferences could be exploited to study the network performance through the discriminant distribution and ROC curve or/and to evaluate the importance of the features which
allows to understand the model behavior and the physics behind the graph construction.
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/ global and 11 per node.
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