VECTOR Efficient Graph Generation with
Graph Recurrent Attention Networks

UNIVERSITY OF Renjie Liao’??, Yujia Li*, Yang Song>, Shenlong Wang'?3, Charlie Nash?,

INSTITUTE

TORONTO William L. Hamilton®’, David Duvenaud'~, Raquel Urtasun?3 Richard Zemel'>*®

University of Toronto!, Uber ATG Toronto?, Vector Institute®>, DeepMind*, Stanford University5,
McGill University6, Mila - Quebec Artificial Intelligence Institute’, Canadian Institute for Advanced Research®

Generative Model of Graphs Graph Recurrent Attention Networks (GRAN) Experiments

Dataset ’V‘avg’E‘avg’V‘max‘E‘max

. . . . - . T
Model the distribution of graph G = (V/, E): Auto-regressive Decomposition: p(L™,m) = [ l;— p(LE, [ L5, -+ L, )
Graph at t-1 step Graph at t step Grid 210 392 361 684

P(G) = E P(L™, ), Protein 258 646 500 1575
- 3D Point Cloud 1377 3074 5037 10886

e Table: Dataset statistics.
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I:> I:> | 11 {m} 15le™® 0 2.66e°
— — — _(a) Train o (D) GRAN 120 {m} 1545 0 4.27e°
| igure: Train and sampled graphs on the protein dataset. 1 50 {7T1} 1.70e-5 0 0 5607

= 120 {m, 7,73, T4} 2.34e725.95¢72521e 2

- 1 20 {7y, mo, 73, 74, 75} 4.11e7*9.43e73 6.66e*

4 20 {m} 1.69e * 0 5.04e*

8 20 {m} 7.01e>4.89e 857

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 > ¢ 4 :
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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