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Abstract

Multi-view clustering represents a significant research direction in the field of unsupervised learning. However, existing

multi-view clustering methods were found to have several limitations when handling information coupled across views

and high-dimensional data. To address these issues, a deep disentangled multi-view clustering algorithm based on
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variational autoencoder, named DDMVCVA, was proposed. VGG16 was employed as the feature extractor, while both
discrete and continuous latent variables were incorporated into the variational autoencoder framework to achieve
effective disentanglement and fusion of multi-view data. Specifically, the discrete latent variables were designed to
capture clustering features common to all views, whereas the continuous latent variables were used to extract view-
specific information. By controlling the mutual information capacity, DDMVCVA was able to preserve shared
information among views while effectively separating view-specific representations. Finally, based on the disentangled
representations, the K-means algorithm was applied to generate the final cluster labels. Experimental results on six real-
world datasets demonstrated that DDMVCVA outperformed ten comparative multi-view clustering methods,

confirming its effectiveness.
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