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Approximated Likelihood:

N
o

o We approximate the likelihood by marginalizing P(G) =) P(L".7)> ZWEQ P(L",7)  eg Q= {7BFs, TDFS, Tdegree descent; Tk-cores Mdefault }
over a family of canonical node orderings,

log(1.0E+03 * MMD)
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e.g., DFS, BFS, or k-core. o
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Figure: Efficiency vs. sample quality. The bar and line plots are the MMD
(left y-axis) and speed ratio (right y-axis) respectively.
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e Varying the block size and the sampling stride permits the 16 20 {m} 1.30e7°6.65¢739.32¢73

Table: Ablation study. B: block size, K: number of Bernoulli mixtures, 7y:
DFS, m: BFS, m3: k-core, m4: degree descent, 75: default.

efficiency-quality trade-off.
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e Breaking the dependncy between generation steps allows e - p -
parallel training with sampled subgraphs. Figure: Train and sampled graphs on the 3D point cloud dataset. Figure: Train and sampled graphs on the grid and protein datasets. Code (Pytorch): https://github.com/lrjconan/GRAN
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