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Block design
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Credit: “Relational inductive biases, deep learning, and graph networks” (2018) by Battaglia et al.



template <typename Architecture_t>

GNN BIOCk class TGNNBlock : public VGenerallayer<Architecture_t> {

public:
GNNUpdater - a wrapper class around
TDeepNet modified to return the using Tensor_t = typename Architecture_t::Tensor_t;
gradients during the backward pass using Matrix_t = typename Architecture_t::Matrix_t;

using Scalar_t = typename Architecture_t::Scalar_t;

Takes and outputs graphs

(or vectors of tensors) private:

EedgeGNNUpdater <Architecture_t> edge_updater;
Flattens and concatenates features

depending on the implementation NodeGNNUpdater <Architecture_t> node_updater;

GlobalGNNUpdater <Architecture_t> global_updater;
EdgeGNNAggregator <Architecture_t> edge_aggregator;
EPVGNNAggregator <Architecture_t> edge_per_vertice_aggregator;

VerticeGNNAggregator <Architecture_t> vertice_aggregator;




