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Introduction

« How can we model categorical data with Normalizing Flows?

Categorical Normalizing Flows via Continuous Transformations

Paper and code
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GraphCNF — Permutation-invariant graph NF

« Stepwise modeling of graph to latent space: node types, edge types, virtual edges

« Permutation-invariant by deploying GNNs, mapping input to a fully-connected graph

« Efficient yet powerful generative model
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» Desired properties of an encoding function: Coupling layers /3 A‘fggrgegg;ﬁ;gge Coupling layers /3
No loss of information, learnable, smooth, support for higher dimension
» Variational Inference with factorized decoder:
p(z) > E [Hip(afilz@-) (Z)] Experiments — Molecule generation Experiments — Graph Coloring
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q(z|x) + Molecules: nodes are atoms, edges are bonds  Assign color to each node, neighbors need different colors
- All model complexity in flow, variational inference only used for encoding  SoTA for flows without manually encoded rules * Tested different node ordering for GraphRNN based on heuristics
. Best encoding function: simple mixture model with exact decoder +  Most common failure case: generating two unconnected valid graphs.  GraphCNF competitive and faster than best GraphRNN
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Experiments — Language modeling \ |
« Considerable better than joint decoder models (LatentNF, Ziegler et al., NN
2019), especially for complex datasets References
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