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Semi-supervised plane clustering algorithm

Yang Hongxin, Yang Xubing", Zhang Fuquan, Ye Qiaolin
(School of Computer Science and Technology, Nanjing Forestry University , Nanjing, 210037, China)

Abstract: Unsupervised learning machine, typically generated from plane-shaped data clustering, has been widely applied in
the fields of machine learning, data mining. Instead of point-prototype in classic #-means or FCM, the so-called plane
clustering methods aim to seek multiple plane-prototype as cluster centers, and then group the data into clusters by minimizing
the distance between fitting planes and data points in their corresponding clusters. There has been increasing interest in plane-
based methods in the family of data clustering in last decades, including kPC (£ Plane Clustering), PPC (Proximal Plane
Clustering) and TWSVC (Twin Support Vector Clustering). However, it is rarely reported how to utilize plane characteristics
to design semi-supervised plane clustering algorithms, even in the era of the rising of semi-supervised learning. Moreover,
due to the fact that L1 norm is more robust than .2 norm, in this paper, we propose a robust semi-supervised plane clustering
method based on L1 norm, termed as semi-LL1kPC for shortly. Compared with the state-to-the-art methods, the advantages of
our proposed lie in three folds: (1) similar to kPC, it has clear geometrical intuition. That is, the data is grouped into clusters
by minimizing the point-to-plane distance measured by infinite norm, the dual of L1 norm. (2) The algorithm is designed on
the small number of labeled samples, even only need ONE labeled sample per class. (3) The leading problem can be solved
by linear programming, rather than eigenvalue problems in kPC, quadratic programming problems in TWSVC. The
experimental comparisons on artificial and benchmark datasets show that: (1) on exclusive XOR problem, the clustering

accuracies of plane-prototype methods are higher than that of point-prototype ones. (2) When introducing fewer supervised
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information, i.e., labeled samples, our proposed semi-kPC and semi-L.1kPC outperform the foresaid unsupervised methods in

cluster accuracy. (3) As for kPC itself, semi-L1kPC receives more robustness than L2 norm based semi-kPC.

Key words: semi-supervised clustering, plane distribution, robustness, .1 norm metric
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Table 2 Accuracies of seven clustering methods
SRS kmeans  KPC LIKPC  TWSVC  ERTWSVC  semikpc  SomD AMERIEE
L1kPC  “FHH FIMHE
Ecoil 71.17 50. 80 75.00 84.97 87.32 89.25 94. 87 74.52 92.06
Glass 25.00 62.65 56.67 65. 56 66.92 72.45 64.00 62.95 68.23
Haberman 75.00 54.57 70.81 61.26 62. 54 73.50 63. 33 62. 30 68.42
Vowel 22.73 83.13 87.50 83.09 83.25 53.13 56. 67 84.24 54.90
Liver 51.28 50. 31 62. 32 51.32 51.54 50. 31 63. 64 53.87 56.98
Monkl1 50. 00 49.88 54.55 50. 50 52.36 57.68 64.29 51.82 60.99
PID 59.52 58. 80 67.74 54.43 55. 94 68. 80 72.62 59.23 70.71
User 44.23 62.09 45.98 61.17 68. 36 55.65 51.16 59.40 53.41
Mushroom 85. 00 89.40 90. 94 89.49 90. 24 90. 40 92.45 90. 02 91.43
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Fig.3 Accuracies on three datasets with labeled samples of different number
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