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Abstract Non-negative matrix factorization (NMF) algorithm can find a non-negative and linear matrix representation and re-
tains the essential characteristics of the original data,it has been successfully applied to many fields. The classical NMF algorithm
and its variant algorithms mostly use the mean square error function to measure the reconstruction error,which has been shown
to be effective in many tasks, but it still faces some difficulties in dealing with noise-containing data. The Huber loss function per-
forms the same penalty for the smaller residual as the mean square error loss function,and the penalty for the larger residual is
linearly grown,so the Huber loss function is more robust than the mean square error loss function. It has been proved that the
L,,; norm sparse regularization term is a feature selection function in the classification and clustering model of machine learning.
Therefore,combining the advantages of the two,a non-negative matrix factorization clustering model based on Huber loss func-
tion and incorporating L;,; norm regularization term is proposed,and an effective optimization procedure based on projected gradi-
ent method to update variables is given. Compared with the classical NMF multi-clustering algorithm on multiple sets of datasets,
the experimental results show the effectiveness of the proposed algorithm.

Keywords Nonnegative matrix factorization, Huber loss function,L.,, norm,Projected gradient method
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Fig. 3 HuberNMF clustering results in synthetic data sets
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BN A S ANERERIN T BHME N o ARiE2E 25 R 0. 05, Datasets  Samples  Dimension Clusters

0.1,0.2,0.5 85 T 75 “//‘m 12; 1; Z
F2—F6FIIM T 5 FEDLAE 5 A ELHIRE L ERE Soybean 47 35 4

gE L H P R E AL B R . BT Soybean ¥ £ v 1 (i Iris 150 4 3
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Table 2 Clustering results of 5 algorithms on Iris dataset

Dataset Noise/ % Metric NMF KNSC Ncut kmeans HuberNMF
o ACC 0.6720 0.7453 0.7880 0.8666 0.9553
NMI 0.6294 0.6014 0.5965 0.7387 0.8748
5 ACC 0.7126 0.7260 0.7933 0.8670 0.9706
NMI 0.6451 0.6128 0.6001 0.7533 0.9078
Iris 10 ACC 0.6906 0.7266 0.8000 0.8682 0.9646
NMI 0.6305 0.6048 0.5845 0.7487 0.8798
20 ACC 0.6760 0.7333 0.7333 0.8694 0.9220
NMI 0.6314 0.6071 0.4454 0.7459 0.8368
50 ACC 0.7313 0.7393 0.6573 0.8121 0.8453
NMI 0.5887 0.5499 0.2795 0.6358 0.6633
#3 5 FEILTE Wine BE 4 AR 45 1
Table 3 Clustering results of 5 algorithms on Wine dataset
Dataset Noise/ % Metric NMF KNSC Neut kmeans HuberNMF
0 ACC 0.6646 0.4028 0.7853 0.4943 0.8134
NMI 0.5272 0.0563 0.4189 0.1039 0.6207
5 ACC 0.6904 0.3994 0.7831 0.4961 0.8005
NMI 0.5435 0.0472 0.4091 0.1073 0.6190
. ACC 0.6387 0.4196 0.7331 0.4991 0.7719
Wine 10
NMI 0.5466 0.0447 0.3874 0.1059 0.6164
20 ACC 0.5955 0.4146 0.7951 0.4905 0.8106
NMI 0.5367 0.0622 0.4185 0.1072 0.6150
_ ACC 0.5814 0.4151 0.6853 0.4952 0.6561
50 NMI 0.4078 0.0545 0.2531 0.0998 0.5494
4 5 FREIRTE Soybean B4 I Y R LR
Table 4 Clustering results of 5 algorithms on Soybean dataset
Dataset Noise/ % Metric NMF KNSC Necut kmeans HuberNMF
0 ACC NAN 0.7425 0.5285 0.7438 0.8361
NMI NAN 0.7471 0.3891 0.7453 0.8084
- ACC 0.7808 0.7191 0.5523 0.7374 0.8510
N NMI 0.7622 0.6915 0.4183 0.7575 0.8299
. ACC 0.7808 0.7361 0.5625 0.7451 0.8595
Soybean 10
- NMI 0.7621 0.7123 0.4328 0.7691 0.8308
20 ACC 0.8063 0.6744 0.5336 0.7676 0.8663
NMI 0.7753 0.6773 0.3887 0.7522 0.7799
50 ACC 0.8106 0.7170 0.5046 0.7604 0.8446
NMI 0.7585 0.6815 0.4199 0.7507 0.7726
F5 5 FEIRTE Zoo B4 LIRS LR
Table 5 Clustering results of 5 algorithms on Zoo dataset
Dataset Noise/ % Metric NMF KNSC Neut kmeans HuberNMF
ACC 0.5821 0.5821 0.5085 0.7554 0.5831
0 NMI 0.7017 0.5687 0.5555 0.7512 0.7009
R ACC 0.5792 0.5871 0.4968 0.7275 0.6128
7 NMI 0.6948 0.5601 0.5749 0.7393 0.7114
ACC 0.5821 0.5811 0.4809 0.7184 0.5901
Zoo 10
NMI 0.6947 0.5529 0.5522 0.7460 0.7022
2 ACC 0.6237 0.5544 0.4190 0.7277 0.5841
NMI 0.7084 0.5248 0.4657 0.7392 0.6891
i ACC 0.6079 0.4881 0.3823 0.6184 0.6653
o0 NMI 0.5921 0.4420 0.3039 0.5958 0.6179
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Table 6 Clustering results of 5 algorithms on Vehicle dataset
Dataset Noise/ % Metric NMF KNSC Neut kmeans HuberNMF
ACC 0.4680 0.3574 0.3982 0.4434 0.4787
0 NMI 0.2329 0.0481 0.1134 0.1922 0.2165
5 ACC 0.4702 0.3468 0.3974 0.4380 0.4882
NMI 0.2249 0.0491 0.1127 0.1962 0.2355
X ACC 0.4712 0.3457 0.4012 0.4421 0.4872
Vehicle 10
NMI 0.2214 0.0385 0.1167 0.1947 0.2344
20 ACC 0.4617 0.3478 0.4008 0.4393 0.4882
NMI 0.2082 0.0460 0.1151 0.1972 0.2258
50 ACC 0.4563 0.3468 0.4297 0.4412 0.4914
NMI 0.2153 0.0416 0.1267 0.1980 0.2284
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