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Motivation
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Problem: Most existing methods focus on single-relational networks.
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Problem Statement
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Multi-relational Method F ∈ Rn×k

F = community structure of the multi-relational network.

Multi-relational community: A group of nodes that are densely connected
across multiple relations.
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From Graphs to Embeddings
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Loss function L

L = − log(P (G|F ))

Goal: to fit a graph model that captures the community structure in the data.
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BigClam model

In BigClam∗:

P ((u, v) ∈ E|F ) = 1− e−FT
u ·Fv (1)

Fu: community affiliation vector of node u.

Loss:
L(F ) = −

∑
(u,v)∈E

log
(
1− e−FT

u ·Fv

)
+

∑
(u,v)/∈E

F T
u · Fv (2)

∗Overlapping Community Detection at Scale: A Nonnegative Matrix Factorization Approach, Yang
and Leskovec, WSDM 2013
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Minimization problem
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Loss function L

Repeat until convergence:

1 F = GNN(G)

2 Compute L(F )

3 Update the GNN
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Learning pipeline

Case with 2 graphs/relations:
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Experiment 1: same a priori communities

2 Planted Partition Model (PPM) graphs

- n nodes, k communities

Mixing parameter µ varies

⇒ Completely overlapping PPMs with different
level of mixing

Conclusion: Better performance with correlated communities and low mixing.
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Experiment 2: partially overlapping PPMs

2 Planted Partition Model (PPM) graphs

- n nodes, k communities

Shifted communities parameterized by
s ∈ [0, 1]

Note: complete overlap for s = 0 or s = 1

Conclusion: s ≃ 0.5 ⇒ hard to find the consensus k-community structure.
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Experiment 2: partially overlapping PPMs

For s = 0.5, what happens to F when trying to find the 2k groups?
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Conclusion: ability to find the overlaps between the predefined communities.
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Conclusion

Conclusion:

Method for multi-relational community detection

Better performance with correlated communities across relations
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Future work: explore real-world data with this method (e.g. polarization in social platforms)
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