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Introduction

Variational graph recurrent neural network
(VGRNN) by adopting high-level latent random
variables in GRNN has been proposed to

> Given partially observed snapshots of a dynamic graph with node attributes {G(V, ..., G}, dynamic link
prediction problems are defined as follows:

Dynamic link detection Detect unobserved edges in G (7
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(c) Recurrence equation Interpretable Latent Representation

h, = (A, (X1) ¢ (2") by ).,

» To show that VGRNN learns more interpretable
latent representations, we simulated a dynamic
graph with three communities in which a node
(red) transfers from one community into another in
two time steps.

» The variance of the latent variables for the
desired node increases 1n time (left to right; red
contour).

» The variance of a node whose community doesn’t
change 1n time (green contour) does not increase
over time.

» We argue that the uncertainty helps to better
encode non-smooth evolution, 1n particular
abrupt changes, in dynamic graphs.

» VGRNN separates the communities in the latent
space more distinctively than DynAERNN.

(d) Inference of the posterior distribution
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Learning

» The objective function of VGRNN is derived from
the variational lower bound at each snapshot

T
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We embedded the node into 2-d latent space using

KL (q (20 A9, X9, Z6D) |1p (20| A, X (), Z<<t>)) }

VGRNN Conclusion

» The inner-product decoder is adopted in VGRNN ‘
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‘7 - - - embedding methods for dynamic graphs that
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Semi-implicit VGRNN (SI-VGRNN) \ o | ? : | | embed each node to a random vector in latent
. .. . . i space.

We impose a mixing distributions on the variational : [ [ hoth . \71&37 it addine hieh Tevel latent variables |
distribution parameters to further increase the ¢ argue that adding high level latent variables to
expressive power of the variational posterior through .4 v AERNN GRNN not only increases its expressiveness to

better model the complex dynamics of graphs, but
also generates interpretable random latent
representation for nodes.

» SI-VGRNN is developed by combining VGRNN
and semi-implicit variational inference to achieve
flexible non-Gaussian latent representations.

a semi-implicit hierarchical construction
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Learning » We tested our proposed methods on dynamic link
prediction tasks and they outperform competing
methods substantially, specially for very sparse

graphs.
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» Uncertainty 1s directly related to

KL (E%N%WA@),X@),htl)q (29 |, 11p(2 |ht1))}, evolution of nodes 1n dynamic graphs.



