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To demonstrate practical power, we compare the performance of UGNN vs the standard approach
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Both models were valid in the transductive regime, however only UGNN was valid in the semi-
Fig. 1: An illustration of how nodes are allocated to masks under two regimes. In the transductive regime, all time points are exchangeable in inductive regime_
terms of training/validation/calibration/testing split. In the semi-inductive regime, a future period is reserved for testing.
Methods Accuracy Coverage Avg. Set Size
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Table 1: Results on a real data example for two GNNs (GCN or GAT) under two representations (block diagonal or
unfolding), in both the transductive and semi-inductive regimes. Coverage is targeted to > 0.9. Bold values indicate
ideal performance.

We propose to use a dilated unfolding [1] to structure the input of multiple networks, as opposed to
the established block diagonal approach [2]. A UGNN is simply a GNN that is given a set of graphs
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Fig. 2: The baseline (current practice) approach treats adjacency matrices as independent and can be viewed as padding a ‘block-diagonal’ Refe rences

matrix with zeroes. Unfolding instead column concatenates which links nodes to themselves over time. Dilation results in a square symmetric

matrix.
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