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To design a system that can capture both the network property and its
evolution, show the importance of network embedding and temporal
information for improving the performance of recommendation systems to
predict top-K friends and items.

Recommendation systems which target the social media domain are termed
as Social Recommendation Systems. User interests are captured in order to
recommend top-K friends or items, or both.
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The updations of links in dataset is captured by -

Dividing the HUI network into different snapshots

Generating meaningful metapaths that captures the semantic
relationships in the network, corresponding to each snapshot
Generating node representations / embeddings




