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Abstract: Soft subspace clustering is an important part and research hotspot in clustering research. Clustering in
high dimensional space is especially difficult due to the sparse distribution of the data and the curse of dimensional-
ity. By analyzing limitations of the existing algorithms, the concept of subspace difference is proposed. Based on
these, a new objective function is given by taking into account the compactness of the subspace clusters and sub-
space difference of the clusters. And a subspace clustering algorithm based on k-means is presented. The additional
parameter is not necessary in the novel algorithm. Theoretical analysis and experimental results demonstrate that the
proposed algorithm significantly improves the accuracy.
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K 1) :
O(KND), ,
O(KND)
P, SDSC
O(KNDP) , SDSC
4
3 , SDSC
4.1
5 SDSC
1
1 SpamBase, UCI ma-
chine learning repository,
2
Email-1431°
’ | (2l ’
2 002 ( 28 ),
Email-1431-2002 3
Ling-Spam® 2 412 481
, 48 742
, 44 300 14 ( 0.5%)
7 1157 ( 40%)
, 4 435 4
5
Tan-Corp*, Tan-Corp 14 150
: 12 :
3 5711 6 301

! ftp.ics.uci.edu:pub/machine-learning-databases.

2 http:/iwvww2.imm.dtu.dk/~rem/data/.

% http://www.aueb. gr/users/ion/data/.

4 http://lcc.software.ict.ac.cn/~tansongbo/corpusd.php.

, 1191 ,
Tan-5711-1191 Tan-6301-1191

Table 1 Information about the real-world datasets
1
SpamBase 4601 54 2
Email-1431 1431 2 002 2
Ling-Spam 2 893 4 435 2
Tan-5711-1191 5711 1191 3
Tan-6301-1191 6 301 1191 4
SDSC
[10]
2 Dy
4, 1000 Dsg
4,
5000

Table 2 Summarized parameters of the synthetic datasets

2
D, ( 4, 1.000)
D, D, D, D,
10000 20000 30000 40000
D4 ( 4, 5000)
DS D6 D7 DB
1000 2000 3000 4000
4.2
Intel 2.99 GHz CPU, 2 GB ,
Microsoft Windows 7, C++

SDSC :
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20 3.0 3 ,
4.3 5
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S Ling-Spam
Flo 2 x Recall x Precision , :
Recall + Precision 60% , SDSC ,
, Recall  Precision “ o 85% Email-
" F1 , Micro-F1  Macro-F1¥ 1431 ,
70% , SDSC 90%
Table 3 Comparison of the clustering results on the real-world datasets (Micro-F1)
3 (Micro-F1)
SpamBase Email-1431 Ling-Spam Tan-5711-1191  Tan-6301-1191
SDSC 0.8013 0.958 1 0.848 3 0.927 3 0.827 5
EWKM(y=0.5) 0.567 3 0.582 9 0.654 3 0.578 3 0.498 4
EWKM(y=1.0) 0.5591 0.6051 0.608 7 0.603 6 0.5927
FWKM(S=1.5) 06411 0.602 7 0.840 2 0.668 3 0.564 8
FWKM(3=2.0) 0.610 3 0.746 2 0.807 2 0.7338 0.709 1
FSC(a=2.1) 0.598 4 0.654 2 0.614 6 0.642 8 0.618 4
FSC(«=3.0) 0.736 9 0.798 6 0.747 6 0.698 7 0.665 9
Table 4 Comparison of the clustering results on the real-world datasets (Macro-F1)
4 (Macro-F1)
SpamBase Email-1431 Ling-Spam Tan-5711-1191  Tan-6301-1191
SDSC 0.800 9 0.9309 0.809 4 0.916 4 0.817 3
EWKM(y=0.5) 0.419 2 0.463 4 0.5184 0.479 3 0.501 2
EWKM(y=1.0) 0.407 9 0.487 4 0.496 8 0.527 4 0.496 6
FWKM(B=1.5) 0.499 6 0.487 1 0.495 7 0.5839 0.523 7
FWKM(3=2.0) 0.520 4 0.6811 0.514 8 0.692 1 0.6714
FSC(a=2.1) 0.4735 0.6157 0.484 3 0.4918 0.489 6
FSC(a=3.0) 0.700 8 0.746 3 0.7059 0.5835 0.4328
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