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HEPTrkX-presented GNN model
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Modules related to the detector groups 8, 13 and 17
were considered 1n the model.

The detector volume 1s divided into n, X n, segments,
where n, = 8 and n, = 2, 7 1s the pseudorapidity.

The node features are {r, ¢, 7},

l TrackML dataset

16 17

the edge features are { A0, Ap, AQ, Az}.

Here, r, ¢ and z are the cylindrical
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coordinates of a hit, 6 1s its polar angle,
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X. Ju et al., “Graph Neural Networks for Particle Reconstruction in High Energy Physics detectors,” Mar. 01, 2020. doi: 10.48550/arXiv.2003.11603
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https://www.kaggle.com/c/trackml- particle-identification

e Noise in the dataset was taken into account.
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CPU-RAM usage up to 16 GB « That 1s a significant problem which should be solved to exploit
the GNN model for datasets from the MPD 1n the future.



Upgraded GNN model
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PyTorch Geometric = MessagePassing

class CustomWeightedGATConv(MessagePassing):
def __init__(self, node_feature_dim, hidden_dims, output_dim, edge_feature_dim, activation—torch.nn.Tanh(), end_activation = None, dropout = torch.nn.Dropout(0.1)):
super(CustomWeightedGATConv, self).__init__(aggr="add’)
self.mlp = CustomMLP(2 * node_feature_dim + edge_feature_dim, hidden_dims, output_dim, activation, end_activation, dropout)

def forward(self, x, edge_index, edge_attr, edge_weight):
return self.propagate(edge_index, x=x, edge_attr=edge_attr, edge_weight=edge_weight)

def message(self, x_j, edge_attr, edge_weight):
return edge_weight.view(-1, 1) * torch.cat([x_j, edge_attr], dim=-1)

def update(self, aggr_out, x):
out = torch.cat([x, aggr_out], dim=-1)
return self.mlp(out)
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How does it work?

hits.csv
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preprocessing_of_data.py
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graph.npz
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Outlook

e Adapting the GNN model to datasets obtained from the MPD experiment of the
NICA project, taking into account their specifics, 1s the next step in the current
study.
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Thank you for attention!



