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BACKGROUND
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Three shortcomings of existing methods:

1) Directly transform the original network into community membership;
2) Only pay attention to the topology of the network and ignore its node attributes;
3) Hard to learn the global structure information necessary for community detection.

Consistent with the community semantics implied by graph to

constructs embedding spaces with significant community structure.
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Total objective function of Our CDNMF:
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1.1) Decompose the adjacency matrix A of the graph cthods ACC A NMI A ACC A NMI A
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1.1.1) Reconstruction loss

CONCLUSIONS AND FUTURE DIRECTIONS

: 92 ® \\e introduce the idea of contrastive learning (CL) into the nonnegative matrix
(211‘1} Lp = HA —UiUs. .. UPVPHF factorization (NMF) for community detection (CD) for the first time, solving the problems
T | of the existing work. The two modules are mutually reinforcing and naturally coupled.
S.t. Vp >0,U; 20,vi =1,2,...,p ® Different matrix factorization methods (such as ONMF, BNMF, DANMEF, etc.) and other
1.1.2) Nonnegative penalty loss contrastive learning algorithms (such as MVGRL, GRACE, etc.) could be explored to
) further derive more community detection algorithms under the CDNMF framework.
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1.2) Similarly decompose the attribute matrix X of the graph
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(@ Debiased Negative Sampling Layer
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Constructing community-level discrimination based on the interpretable results V, from DNMF.




