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Joint uncorrelated regression and latent representation for unsupervised

feature selection
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Abstract: Addressing on the issues that most graph-based unsupervised feature selection algorithms often fail to
fully mine the intrinsic information of data and are prone to noise interference, making it difficult to obtain more
discriminative features, this study proposes an unsupervised feature selection based on generalized uncorrelated
regression and latent representation learning (uncorrelated regression and latent representation for unsupervised
feature selection, URLUFS). Non-negative matrix factorization is applied to the projection matrix of the
generalized uncorrelated regression model to achieve nonlinear dimensionality reduction of the projection matrix
and obtain the feature selection matrix. The latent representation is used to learn the mutual relationship between
data samples, thereby guiding the pseudo-label matrix in the regression model. Adaptive graph learning is
introduced to exploit the local manifold structure of the data, and norm constraints are imposed on the feature se-
lection matrix to maintain sparsity, thereby selecting more discriminative features. Experiments are carried out on

eight public datasets. The experimental results show that the proposed algorithm significantly outperforms the
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other eight advanced unsupervised feature selection algorithms.

Keywords: unsupervised feature selection; generalized uncorrelated regression; nonnegative matrix factorization;

latent representation learning; adaptive graph learning
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