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[Abstract]

In this paper, we propose a novel unsupervised feature selection method. Conventional unsupervised
feature selection method defines virtual label and uses a regression analysis that projects the given data
to this label. However, since virtual labels are generated from data, they can be formed similarly in the
space. Thus, in the conventional method, the features can be selected in only restricted space. To solve
this this paper,

approximations. To solve this problem, in this paper, a virtual label is projected to orthogonal space

problem, in features are

selected using orthogonal projections and low-rank
and the given data set is also projected to this space. Through this process, effective features can be
selected. In addition, projection matrix is restricted low-rank to allow more effective features to be
selected in low-dimensional space. To achieve these objectives, a cost function is designed and an
efficient optimization method is proposed. Experimental results for six data sets demonstrate that the

proposed method outperforms existing conventional unsupervised feature selection methods in most cases.

» Key words: Feature selection, Unsupervised learning, Low-rank approximation, Orthogonal projection,
Regularization
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I. Introduction
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III. Proposed Method
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Table 2. Experimental result on lymphoma data set

CLACC NMI
MaxVar 0.5542 0.7345
LapScore 0.5177 0.7300
NDFS 0.5122 0.6784
EUFS 0.5535 0.7272
RSR 0.5326 0.6991
Proposed 0.5865 0.7610
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Table 3. Experimental result on madelon data set
CLACC NMI
MaxVar 0.5238 0.0052
LapScore 0.5208 0.0045
NDFS 0.5700 0.0142
EUFS 0.5796 0.0184
RSR 0.6154 0.0388
Proposed 0.6191 0.0413

Table 4. Experimental result on orl data set

CLACC NMI
MaxVar 0.5084 0.8700
LapScore 0.3591 0.8101
NDFS 0.3399 0.7978
EUFS 0.4476 0.8538
RSR 0.4886 0.8640
Proposed 0.5186 0.8713

Table 5. Experimental result on tox171 data set

CLACC NMI
MaxVar 0.4246 0.4664
LapScore 0.4107 0.4292
NDFS 0.4191 0.4227
EUFS 0.4236 0.4569
RSR 0.4164 0.3978
Proposed 0.4967 0.5327

Table 6. Experimental result on umist data set

CLACC NMI
MaxVar 0.4210 0.8201
LapScore 0.3345 0.7815
NDFS 0.4364 0.8060
EUFS 0.4913 0.8350
RSR 0.4587 0.8348
Proposed 0.5392 0.8590

Table 7. Experimental result on yaleb data set

CLACC NMI

MaxVar 0.0953 0.7286

LapScore 0.0909 0.7243

NDFS 0.1182 0.6996

EUFS 0.1189 0.6992

RSR 0.0912 0.7308

Proposed 0.1746 0.7507
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yaleb data set
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