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Abstract High dimensional data is often encountered in many data analysis tasks. Feature selection techniques aim to find the
most representative features from the original high-dimensional data. Due to the lack of class label information, it is much more
difficult to select suitable features in unsupervised learning scenarios than in supervised scenarios. Traditional unsupervised fea-
ture selection methods usually score the features of samples according to certain criteria in which samples are treated indiscrimi-
nately. However, these approaches cannot capture the internal structure of data completely. The importance of different samples
should vary. There is a dual relationship between weight of sample and feature that will influence each other. Therefore,an unsu-
pervised feature selection algorithm based on dual manifold re-ranking(IDMRR) is proposed in this paper. Different similarity ma-
trices are constructed to depict the manifold structures on samples and samples,features and features,and samples and features
respectively. Then manifold re-ranking is carried out by combining the initial scores of samples and features. By comparing DMRR
with three original unsupervised feature selection algorithms and two unsupervised feature selection post-processing algorithms,
experimental results verify that importance information of different samples and the dual relationship between sample and feature
are helpful to achieve better feature selection.
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Fig. 1 Schematic diagram of algorithm process
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Tablel Dataset descriptions

Datasets Samples Features Classes
WARPARI10P 130 2400 10
YALE 165 1024 15
LUNG 203 3312 5
JAFFE 213 676 10
RELATHE 1427 4322 2
COIL20 1440 1024 20
BASEHOCK 1993 1862 2
MADELON 2600 500 2
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Table 2 Clustering results(ACC) of different feature selection algorithms on different datasets

Algs\Ds YALE LUNG JAFFE RELATHE COIL20 BASEHOCK MADELON WARPARIP AVERAGE
LapScore 0.3936 0.5489 0.7064 0.5364 0.5029 0.5029 0.5192 0.2970 0.5009
LapScore_ AGRM 0.3982 0.5137 0.7353 0.5417 0.5380 0.5025 0.5742 0.3018 0.5132
LapScore_GRM 0.3938 0.4235 0.7208 0.5472 0.5409 0.5021 0.5267 0.3425 0.4997
LapScore_DMRR 0.4135 0.6678 0.7451 0.5506 0.5604 0.5422 0.5578 0.4601 0.5622
MCFS 0.3565 0.5478 0.6945 0.5405 0.5689 0.5075 0.5180 0.2333 0.4959
MCFS_AGRM 0.3514 0.5163 0.6909 0.5402 0.5712 0.5058 0.5176 0.2700 0.4954
MCFS_GRM 0.3443 0.3868 0.6754 0.5461 0.5715 0.5035 0.5167 0.3386 0.4854
MCFS_DMRR 0.4110 0.6716 0.7352 0.5506 0.5920 0.5394 0. 5562 0.4670 0. 565 4
LLEScore 0.3210 0.5656 0.6884 0.5488 0.5870 0.5056 0.5211 0.3033 0.5051
LLEScore_ AGRM 0.3400 0.3651 0.6322 0.5459 0.5556 0.5021 0.5087 0.3308 0.4725
LLEScore_ GRM 0.3425 0.3435 0.7035 0.5464 0.5476 0.5020 0.5078 0.3411 0.4793
LLEScore_ DMRR 0.4192 0.6621 0.7325 0.5511 0.5587 0.5410 0.5921 0.4582 0.5644

3 ARFRHE LB R AE R R BG4 1 i 245 R (NMD
Table 3 Clustering results(NMI) of different feature selection algorithms on different datasets

Algs\Ds YALE LUNG JAFFE RELATHE COIL20 BASEHOCK MADELON WARPARIP AVERAGE
LapScore 0.4456 0.4068 0.7884 0.0034 0.6286 0.0029 0.004 1 0.2998 0.3225
LapScore_ AGRM 0.4516 0.3103 0.7898 0.0032 0.6629 0.0027 0.0164 0.2926 0.3162
LapScore_ GRM 0.4445 0.1806 0.7679 0.0020 0.6584 0.0019 0.0068 0.3367 0.2999
LapScore_ DMRR 0.4706 0.4742 0.8098 0.0059 0.6852 0.0103 0.0173 0.5124 0.3732
MCFS 0.4111 0.3489 0.7467 0.0017 0.6919 0.0045 0.0015 0.1769 0.2979
MCFS_AGRM 0.4104 0.2946 0.7235 0.0017 0.6921 0.0037 0.0015 0.2382 0.2957
MCFS_GRM 0.4047 0.1303 0.7259 0.0021 0.6928 0.0008 0.0014 0.3368 0.2868
MCFS_DMRR 0.4708 0.4739 0.7824 0.0047 0.7060 0.0104 0.0141 0.5175 0.3725
LLEScore 0.3814 0.3805 0.7446 0.0092 0.7022 0.0049 0.0023 0.3099 0.3169
LLEScore_ AGRM 0.3940 0.0917 0.6567 0.0010 0.6585 0.0010 0.0002 0.3057 0.2636
LLEScore_GRM 0.3950 0.0658 0.7493 0.0011 0.6317 0.0010 0.0002 0.3302 0.2718
LLEScore_DMRR 0.4833 0.4666 0.7788 0.0039 0.6814 0.0120 0.0272 0.5116 0.3706

F 4 AR B S R AE R R B 45 1 1 R 245 R (Purity)

Table 4 Clustering results(Purity) of different feature selection algorithms on different datasets

Algs\Ds YALE LUNG JAFFE RELATHE COIL20 BASEHOCK MADELON WARPARIP AVERAGE
LapScore 0.4166 0.8262 0.7505 0.5473 0.5587 0.5029 0.5192 0.3076 0.5536
LapScore_ AGRM 0.4175 0.7539 0.7712 0.5489 0.5765 0.5029 0.5742 0.3137 0.5574
LapScore_GRM 0.4124 0.7187 0.7537 0.5485 0.5765 0.5024 0.5267 0.3576 0.5496
LapScore_DMRR 0.4331 0.8582 0.7816 0.5517 0.5970 0.5422 0.5578 0.4969 0.6023
MCFS 0.3816 0.8010 0.7299 0.5468 0.6128 0.5075 0.5180 0.2451 0.5428
MCFS_AGRM 0.3702 0.7715 0.7185 0.5468 0.6094 0.5059 0.5176 0.2860 0.5407
MCFS_GRM 0.3647 0.6981 0.7107 0.5475 0.6089 0.5036 0.5167 0.3575 0.5385
MCFS_DMRR 0.4311 0.8471 0.7656 0.5514 0.6345 0.5394 0.5562 0.5047 0.6037
LLEScore 0.3457 0.8132 0.7269 0.5569 0.6227 0.5057 0.5211 0.3162 0.5511
LLEScore_ AGRM 0.3616 0.6882 0.6627 0.5466 0.6070 0.5021 0.5087 0.3519 0.5286
LLEScore_GRM 0.3652 0.6866 0.7343 0.5468 0.5754 0.5021 0.5078 0.3605 0.5348
LLEScore_ DMRR 0.4378 0.8508 0.7614 0.5512 0.5935 0.5411 0.5921 0.4971 0.6031
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