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Deep Subspace Clustering by Fusing Linear Interpolation and
Adversarial Learning
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Abstract; The research of clustering algorithms has received much attention, but the existing clustering algorithms usually can not
accurately cluster samples and effectively separate individual clusters, which leads to the problems such as poor generalization performance
of clustering models. In response to this,we propose a deep subspace clustering model by fusing the linear interpolation and adversarial
learning. Specifically, this model uses a mixing function and a uniformly distributed o coefficient in the encoder part to obtain a new
mixed output by linearly interpolating the latent representations of two samples; then uses the subspace clustering model to cluster the
mixed output and the original sample latent variables, which significantly improves the clustering accuracy of the difficult—to—classify
samples. At the same time,adversarial learning is introduced into the auto—encoder and a discriminator is trained on the reconstructed
dataset for predicting o coefficients, so as to improving the data quality of the mixed output. Experiments are carried out on three public
datasets, and the proposed algorithm is evaluated by accuracy ( ACC) and normalized mutual information (NMI). On the Extended Yale
B, ORL and COIL20 datasets,the accuracy rates are 0.976 1,0. 874 3 and 0. 942 3 respectively. The proposed algorithm has a great im-
provement in ACC and NMI compared with some existing algorithms. It is verified that the model has significantly better performance
than existing models when dealing with difficult—to—classify samples.
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