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Deep Clustering Method Based on Reconstruction Error

DENG Xiang',YU Lu',XIE Jun',LYU Hao-yuan', YAO Chang-hua’
(1. Army Engineering University of PLA ,Nanjing 210001 , China;
2. Nanjing University of Information Science and Technology ,Nanjing 210044 , China)

Abstract ; Clustering , usually without label knowledge,is one of the core tasks of machine learning, which divides data by discovering the
potential structure of data. In recent years, the complexity of data is getting higher and higher, and there are various redundant and
complex spatial structures in the data hidden space. It is difficult for traditional clustering algorithms to separate different clusters of data.
Deep learning has strong feature representation and nonlinear approximation ability ,and also shows superiority in the field of unsupervised
clustering. The clustering model based on deep learning effectively improves the clustering results of different kinds of complex data. We
propose an end —to —end deep clustering model. Under autoencoder framework, the model constructs multiple different clustering
subspaces,and reconstructs the original samples by using the low — dimensional features of high — dimensional samples in multiple
subspaces. At the same time, the model adds a cluster prediction network, uses the predicted probability vector to weighted fuse the
decoded samples of different clusters. By minimizing the reconstruction error between the fused samples and the original samples and
constraining the subspace , the model can cluster high—dimensional samples. The model takes the subspace structure of clusters and the re-
construction error between different clusters into account,and achieves ideal clustering results on standard data sets.
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