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An improved transfer fuzzy clustering with few labels

WANG Yue, YANG Yan, WANG Hongjun
(School of Information Science and Technology, Southwest Jiaotong University, Chengdu 610031, China)

Abstract ; In the traditional clustering algorithm, it is difficult to utilize existing historical information, which tends
to be less effective in cases in which the data is contaminated. The semi-supervised clustering algorithm is often
used in such circumstances, wherein the target data has some labeled examples. For situations in which the source
data has partially labeled samples, in this paper, we propose a semi-supervised fuzzy possibilistic C-means algo-
rithm ( SS-FPCM). Based on the transfer learning framework , we use a transfer semi-supervised fuzzy possibilistic
C-means algorithm (TSS-FPCM) to avoid the negative transfer learning problem. Finally, in order to make full use
of source data information, we use representative points to replace the source data class. Thus, we have developed
an improved transfer semi-supervised fuzzy possibilistic C-means algorithm (ITSS-FPCM). The experimental results
demonstrate that these three algorithms may be used to improve the clustering performance by using source data ef-
fectively, as compared with other clustering algorithms. Moreover, the SS-FPCM and TSS-FPCM algorithms exploit
partially labeled data from the source, while the ITSS-FPCM algorithm combines the labeled data and " representa-
tive points," for cases having insufficient data information or contaminated data, and an excellent clustering result
is attained.

Keywords : clustering ; transfer learning; semi-supervised; possibilistic C-means; fuzzy C-means
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Tablel Comparison of 8 algorithms on artificial data sets
] e ik

Bk R LSSMTC Co-Clustering FPCM TSC T-GIFP-FCM SS-FPCM  TSS-FPCM  ITSS-FPCM

F-measure 0.898 1 0.883 7 0.865 8 — 0.895 6 0.901 7 0.901 7 0.9159

RI 0.872 9 0.859 3 0.843 5 — 0.862 7 0.884 2 0.884 2 0.895 5

Setl AC 0.900 0 0.883 3 0.866 7 — 0.893 3 0.900 0 0.900 0 0.916 7

NMI 0.706 7 0.743 4 0.656 1 — 0.736 4 0.732 2 0.732 2 0.769 8

F-measure 0.877 1 0.911 7 0.901 0 — 0.918 4 0.910 7 0.912 4 0.953 8

RI 0.861 5 0.869 8 0.884 7 — 0.896 7 0.892 0 0.892 0 0.941 0

Set2 AC 0.846 7 0.901 0 0.900 0 — 0.920 0 0.910 0 0.913 3 0.954 2

NMI 0.718 7 0.770 5 0.761 6 — 0.801 6 0.781 0 0.788 0 0.844 4
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Table4 Comparison of 8 algorithms on artificial data sets
” . _ (ER7S
BaigE  TEMERS
LSSMTC Co-Clustering FPCM TSC T-GIFP-FCM ~ SS-FPCM TSS-FPCM ITSS-FPCM
F-measure 0.683 4 0.664 8 0.6331 0.7688  0.695 6 0.698 4 0.718 7 0.733 6
RI 0.558 5 0.555 0 0.5241 0.6450 0.5770 0.575 0 0.595 8 0.609 5
sciSetl
AC 0.816 5 0.667 5 0.7500 0.7700  0.697 5 0.695 0 0.720 0 0.7350
NMI 0.134 1 0.102 1 0.1189 0.2923 0.148 3 0.109 8 0.134 2 0.156 4
F-measure 0.686 7 0.639 4 0.6980 0.8827  0.890 7 0.8311 0.846 9 09158
RI 0.580 3 0.539 5 0.576 9 0.792 1 0.803 7 0.720 4 0.740 9 0.844 0
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RI 0.782 8 0.747 3 0.6825 0.907 0 0.9299 0.884 5 0.888 4 0.930 0
TDT2
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NMI 0.542 6 0.575 0 0.3980 0.753 5 0.8093 0.719 9 0.721 7 0.829 8
F-measure 0.710 1 0.684 0 0.6361 0.824 7 0.8533 0.812 1 0.817 8 0.860 8
RI 0.812 5 0.715 3 0.6620 0.8419 0.8658 0.832 3 0.837 6 0.870 9
Reuters-21578
AC 0.820 0 0.727 5 0.7191 0.8300 0.8550 0.8150 0.820 0 0.865 0
NMI 0.566 2 0.505 2 0.448 5 0.659 0 0.6430 0.616 2 0.624 2 0.707 6
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