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01 / THE MOTIVATION 02 / PROBLEM DEFINITION

Hypergraphs model many-to-many relations, but most hyperlink prediction methods focus mainly on

the topology. In many applications, nodes and hyperedges also have text that provides context. Does th is Set Of nOd es
HYPERGRAPH OF TEXT form a valid hype redge?

Bde vz, = Given a candidate set of nodes e C V with any textual description 7,
o ‘“"'“e”/‘"“ o estimate the probability that it constitutes a valid hyperedge in H.
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Our three-branch architecture combines these complementary
signals into richer representations for more accurate predictions.

COMBINING STRUCTURAL AND SEMANTIC INFORMATION

03 / PROPOSED FRAMEWORK 04 / EXPERIMENTAL SETUP
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06 / RESULTS Topology provides the backbone. Semantics makes it stronger. |
Text improves prediction over the four datasets.
Results are averaged over 10 runs on a machine equipped with an NVIDIA I iment in tructural
RTX 4000 GPU, an Intel Core i7 CPU, and 16 GB of RAM. connectivity with 8 Combining structire)
*our model enhanced hyperlink prediction.
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