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Unsupervised feature selection method based on regularized mutual representation
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Abstract: The redundant features of high-dimensional data affect the training efficiency and generalization ability of
machine learning. In order to improve the accuracy of pattern recognition and reduce the computational complexity, an
unsupervised feature selection method based on Regularized Mutual Representation (RMR) property was proposed. Firstly,
the correlations between features were utilized to establish a mathematical model for unsupervised feature selection
constrained by Frobenius norm. Then, a divide-and-conquer ridge regression optimization algorithm was designed to quickly
optimize the model. Finally, the importances of the features were jointly evaluated according to the optimal solution to the
model, and a representative feature subset was selected from the original data. On the clustering accuracy, RMR method is
improved by 7 percentage points compared with the Laplacian method, improved by 7 percentage points compared with the
Nonnegative Discriminative Feature Selection (NDFS) method, improved by 6 percentage points compared with the
Regularized Self-Representation (RSR) method, and improved by 3 percentage points compared with the Self-
Representation Feature Selection (SR_FS) method. On the redundancy rate, RMR method is reduced by 10 percentage
points compared with the Laplacian method, reduced by 7 percentage points compared with the NDFS method, reduced by 3
percentage points compared with the RSR method, and reduced by 2 percentage points compared with the SR_FS method.
The experimental results show that RMR method can effectively select important features, reduce redundancy rate of data and
improve clustering accuracy of samples.
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Tab. 2 Comparison of clustering accuracy unit: %
Kt 5 Laplacian NDFS RSR  SR_FS  RMR
Iris20 86.3 84.9 85.4 87.0 89.3
COIL20 57.2 57.9 58.3 62.5 65.7
Isolet5 47.9 48.5 50. 1 54.6 58.2
CNAE9 45.7 47.2 48.6 51.3 54.1
Semeion 56. 1 57.3 56.8 60. 2 63.7
THE 58.6 59.2 59.8  63.1 66.2
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Tab. 3 Comparison of normalized mutual information unit: %

PGS Laplacian NDFS RSR  SR_FS  RMR
Iris20 68. 4 65. 8 66.7 71.5 73.9
COIL20 74.3 74.6 75.3 78. 4 80. 6
Isolet5 68.0 67.5 68. 4 70.6 72.8
CNAE9 42.7 46. 4 45.8 49.3 52.3
Semeion 48. 6 51.1 50.2 54.4 57.5
FHE 60. 4 61.1 61.3 64. 8 67. 4

M 4 TP S B S5 R AT A, RMR J7 3k 5 55 A0 DO FieRAE 2
FETTEEAR L, T8 A RRIE T AR A TUAR R AR AR, BT RMR
7 T N B B v B T B R AR AR DG PR, Bt TU AR PR
L ik 398
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Tab. 4 Comparison of redundancy rate unit: %
AR Laplacian NDFS RSR  SR_FS  RMR
Iris20 57.0 51.3 40.5 36.4 32.6
COIL20 26.5 25.7 22.8 23.1 20.5
Isolet5 28. 1 21.6 16.3 15.4 12.2
CNAE9 2.2 1.8 1.9 1.7 1.3
Semeion 11.4 10.3 9.1 8.6 7.8
SEI{E 25.0 22.1 18. 1 17.0 14.9
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