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1. Research Question @ 4. Graph Properties Under Investigation 6. Conclusion
« How do different properties of a graph impact the stability of its

graph convolutional network(GCN) against topological E—@ @

perturbations? .

Diameter: Maximum shortest path between any pair of vertices in a graph.

» Which combinations of graph properties can act as reliable « Edge Connectivity: The minimum number of edges that need to be removed to make the graph

indicators of instability in GCNs?

@ disconnected
3 Background ¢ Clustering: Measure of how much nodes tend to cluster together. Calculated by dividing the number
E@ E@? of closed triplets by the total number of triplets (both open and closed)
« GCNs: Models built on a special form of convolution that uses a * Density: Density represents how dense the edges are in the graph. It is the ratio of the number of
shift operator [1] edges to the number of all possible edges

* Assortativity: Specifically, nominal assortativity, a measure of how likely similar nodes are to be

@ @ connected to each other.
* Closeness Centrality: The average distance of a node to every other node in the graph. In the context

of this research, it is averaged over all nodes.

Figure 2: A graph with 8 nodes, generated using the Stochastic Block Model with a diameter of 6,
connectivity of 1, clustering of 0.21, assortativity of -0.48 and centrality of 0.5

5. Results
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Figure 1: A visualization of the graph convolution operation, when

the shift operator is applied twice [] \
« Stability: A GCN’s ability to output accurate information when - !

the graph’s topology is different, i.e. perturbed o ) ! ! I ! ii ii ii i;

assortativity

« Theoretical bounds have already been set on stability, but those
bounds are often loose [2]

« Relationship between properties of graphs and real stability is Figure 3: Box plot displaying errors obtained from graphs with different assortativity 02 o3 dg.‘;nessf:em:.‘s < ds
still unknown
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3. Methodology =St
« The task under investigation is semi-supervised node . I
classification on undirected and unweighted graphs
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« Topology Adaptive Graph Convolutional Networks (TAGConv) [3] ! '
are used as the GCN implementation . i—i 4—1- ;-i- -}-1- e
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° Measuring Stab"ity: Figure 4: Box plot displaying errors obtained from graphs with different edge connectivity number_of_edges
o ATAGConv is trained on a graph G, the final layer’s output x is Figure 6: Scatter plotsshowcasing the relationship between 2 different graph properties and the error

saved 5 ST e — . The error spikes at the middle values of closeness centrality in Figure 5 is
o G is perturbed and the output of the trained TAGConv for , explained in Figure 6(b). It appears that they are caused by high values in
perturbed G is stored (y) assortativity, and stability is correlated directly to centrality as long as

5 ! |
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o The error is calculated using the relative euclidian distance Z l assortativity remains the same 8 References
between x and y: . g g £ ! I » Very low values in diameter can also cause spikes in error for deletion -
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