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Experimental Results
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GIN 17.74 £ 6.49  20.30 £ 6.06 35.96 + 8.87 49.46 +4.90 33.19 + 14.26 36.02+17.38  12.00 12.00
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Graph of Graphs: low-level graphs are nodes in the high-level High edge homophily means neighborhoods share the same class InfoGraph,,, 44.09 £5.62 49.17 £8.78 58.67 £5.82 60.24 £4.80 65.79+3.38 77.35+£3.96 4.43 4.29

graph and similar graphs are connected by edges and aggregate their information would be helpful for prediction GraphCL 24.22 £6.21  25.16 £5.25 50.55+10.01 56.31 £6.12 53.40+4.06 62.19+5.68 10.71 10.57
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Graph-of-Graph Neural Network (G*GNN)

Further Probe
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