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Given a k-partite k-uniform (hyper)network, where each (hyper)edge
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3-partite 3-uniform network:
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Fig. 3. Partitions of the Southern women bipartite network obtained by (a) our method, (b) the extended modularity optimization
approach advanced by Guimera, (c) the extended modularity optimization approach presented by Barber, (d) the extended
modularity optimization approach brought forward by Suzuki.
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Fig. 2. Community detection in 3-partite 3-uniform hypernetworks. The three-way hyperedges are represented as curved lines. | _ | |
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Fig. 5. Performances of various methods in the synthetic 3-partite 3-uniform hypernetworks with built in communities
of many-to-many correspondence.

1. Based on the Minimum Description Length (MDL) Principle, we
define a quality function for measuring the goodness of partitions

of a k-partite k-uniform (hyper)network into communities:
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Q() ;  logc, +log( )];[t ;‘1&2‘1 akZ_l 9\;281283 Aniz...ik/ has the following key properties:

B Comprehensive: able to handle broad families of k-partite k-uniform
(hyper)networks.

2. We develop a fast algorithm for optimizing the quality function: B Adaptive: competent for both communities with one-to-one

Algorithm 1: Detecting communities in a (hyper)network H by minimizing COI'I'eSpOndence and many-to-many COI'I'ESpOndenCe.

ality function G . . . .
ql;;;jt: E“fm“”:nj — B Parameter-free: automatically detect communities in different node

Output: Partition of H into communities sets, without any prior knowledge like the numbers of communities.
1 begin

// Phase 1
2 assign each node in H a unique label:
s | repeat B Scalable: fast and scalable to large-scale (hyper)networks.
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More relevant information is available at www.ai.cs.titech.ac.|p




