% 40 5% 6 M FTRIFRFZR(ARHFR) 2023 4F 12 A
Vol.40 No. 6 J Chongqing Technol & Business Univ( Nat Sci Ed) Dec. 2023

T A WG R TR A 2 Jo s B R AR £ 51k

R ®HFER FRM REN,H 2R
Kz X5 BER, /% 710064

i AT A TIAMEN AL & & 7 (MRSR) 69 205 B-45 48 1k 35 50k A 48 MR 46 69 FF R 5 18] M 2 AR 4 FE 5T AR 2
FHEMTR PAERGAAMERBEF ARG EFHGFE RBET AT OE AL ENK G KT LEEHIELFE
(AMRSR) Hi%, AT 8 RAMENAL B & 7o) S B4 45 5 0k £ MRSR 3ok 9 2 ah b @ it 348648 4 56
Aok R SR ARG RFFARNAE 0 F ST N BT AR P B TR R P A E B T ARG TS —
RIER PRI P Al 50 69 B By 3R JUATIR TS 5 M), A ik B B R A R B B IUTAB S MG, 7RG,
FEWANTFHIEE L#HFT KA L0 B A RS B2 2 A T K-means B £ 5F RIRAAF LR
KFMNPEir . REBHEAPR NI L FNREZR, FBLEREV,AMRSR x5 A0 — kb A £
S REEREART B L H—F R Z LRI R TR 4T,

ellin] T WS B AR S, B AT AM BN, A E N ARMSERE

Bl TP181  SCHkbRINRG: A doi: 10. 16055/j. issn. 1672—058X. 2023. 0006. 006

Unsupervised Feature Selection Algorithm Based on Adaptive Manifold Regularization Self-representation
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Abstract: Unsupervised feature selection algorithm based on manifold regularization self-representation (MRSR) directly
constructed similarity matrix from the original sample space, which might lead to inaccurate similarity description of
samples in the reconstructed space. To solve this problem, an unsupervised feature selection algorithm based on adaptive
manifold regularization self-representation (AMRSR) was proposed. On the basis of MRSR algorithm, unsupervised
feature selection algorithm based on adaptive manifold regularization self-representation embedded the learning of similar
matrix into the optimization process by imposing probabilistic nearest neighbor constraints on similar matrix, and adaptively
learned the similarity of samples in the reconstructed space, so that more accurate local geometric manifold structure of
samples could be obtained in each iteration, and then representative features with local geometric manifold structure could
be selected. Finally, a large number of comparative experiments were carried out on four public datasets. By applying the
feature selection results of the algorithms to K-means clustering, two common clustering evaluation indexes were adopted:
clustering accuracy and normalized mutual information to evaluate the clustering effect. Experimental results show that the
AMRSR algorithm has higher clustering accuracy and normalized mutual information than some existing algorithms, which
further indicates that the feature selection effect of this algorithm is better.
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Fig.3 Two sample graphs of effects of AMRSR algorithm on ATT40 dataset
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