Re-Think and Re-Design Graph Neural Networks in Spaces of Continuous Graph Diffusion Functionals
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MOTIVATION & OBJECTIVES

Motivation: Graphs are in various domains, such as social networks and
biological systems. Despite the great successes of graph neural networks (GNNs) in
modeling and analyzing complex graph data, of ,
which involves exchanging information only within neighboring connected nodes,
restricts GNNs in capturing long-range dependencies and global patterns in graphs.

Challenges: How to devise for cutting-edge graph application

METHOD

Predict flow dynamics through graph neural transport
equation: We focus on the of
. The system mechanics are formulated as:
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Develop VERY deep GNNs with a selective mechanism for link-
adaptive inductive bias: We formulate the into
the , the new objective

function is defined as: 0
J(x,2) = maxmm |z —= Hz + A/(ng:c)da:
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