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A deep self-supervised clustering ensemble algorithm

DU Hangyuan', ZHANG Jing’, WANG Wenjian'’

(1. College of Computer and Information Technology, Shanxi University, Taiyuan 030006, China; 2. Key Laboratory of Computa-
tional Intelligence and Chinese Information Processing of Ministry of Education, Shanxi University, Taiyuan 030006, China)

Abstract: In this study, we propose a deep self-supervised clustering ensemble algorithm to obtain the design of a con-
sensus function in a clustering ensemble. In this algorithm, a weighted connected-triple algorithm is applied to the
cluster components for estimating the similarity matrix of the samples, based on which the adjacency relation can be de-
termined. Thus, the cluster components can be transformed from data representation in the feature space to graph data
representation. On this basis, the consistency integration problem of cluster components is transformed into a graph clus-
tering problem for the graph data representation of cluster components. Further, a graph neural network is used to con-
struct the self-supervised clustering ensemble model. This model uses a graph autoencoder to obtain the low-dimension-
al embedding of the graph, and the target distribution of the cluster ensemble can be estimated based on the likelihood
distribution generated via low-dimensional embedding. The clustering ensemble guides the learning of low-dimensional
embedding. The above methods ensure that the low-dimensional embedding and clustering ensemble results obtained by
the model are consistent and optimal. Simulation experiments were conducted on a large number of data sets. Results
show that the proposed algorithm improves the accuracy of the clustering ensemble result compared with the accuracies
obtained using algorithms such as HGPA, CSPA, and MCLA.

Keywords: feature space; clustering algorithm; consistency function; graph representation; similarity measure; self-su-
pervised learning; graphical data; neural network model
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Fig. 1 Self-supervised clustering ensemble model
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Table 2 Comparison of different algorithms with respect

to ARI
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Table 3 Comparison of different algorithms with respect

to NMI
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Table 4 Comparison of different algorithms with respect

to ACC
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