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Convex Clustering Combined with Weakly-Supervised Information
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Abstract Objective function-based clustering is a class of important clustering analysis techniques, of
which almost all the algorithms are built by optimization of non-convex objective. Thus, these
algorithms can hardly get global optimal solution and are sensitive to the provided initialization.
Recently, convex clustering has been proposed by optimizing a convex objective function, not only
does it overcome the insufficiency illustrated above, but it also obtains a relatively stable solution. It
has been proven that clustering performance can be improved effectively by combining useful auxiliary
information (typically must-links and/or cannot-links) obtained from reality with the corresponding
objective. To the best of our knowledge, all such semi-supervised objective function-based clustering
algorithms are based on non-convex objective, semi-supervised convex clustering has not been
proposed yet. Thus, we attempt to combine pairwise constraints with convex clustering. However,
the existing methods usually make the original convex objectives lose their convexity, which add
constraint penalty terms to the objective function. In order to deal with such problem, we introduce a
novel semi-supervised convex clustering model by using the weakly-supervised information. In
particular, the key idea is to change distance metric instead of adding constraint penalty terms to the
objective function. As a result, the proposed method not only maintains the advantages of convex

clustering, but also improves the performance of convex clustering.

Key words objective function-based clustering; convex clustering; weakly-supervised information;

constraints; distance metric; semi-supervised clustering
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Table 1 Data Sets
®1 HIERE
Data Sets Number of N.umbe.r of Number of
Samples Dimensions Classes

Two moons 200 2 2
Two circles 200 2 2
Iris 100 4 2
Wine 178 13 3
Seeds 210 7 3
Banknote 1372 4 2
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Table 2 Average Number of Clusters

x2 FEHHKH
Number of Banknote Seeds
Constraints Adding ML Adding CL Adding ML and CL Adding ML Adding CL Adding ML and CL
10 10. 33 4 3.33 4 4.75 3.75
20 9 7.33 2.5 4 4 3.5
40 8 4.75 2.5 4 3.25 3.5
80 5.67 4.25 3 3 4.25 3.9
120 2.67 4 2.75 3.33 4.75 3
160 2.33 4.75 2.25 3.5 4.75 3
200 2 4.5 2 3.9 4.67 3
240 2.33 4 2.33 3.25 5.5 3.5
280 2 4 2 3 5 3

Table 3 Average Coincidence of Constraints in Banknote

Table 4 RI of Iris with Constraints Sorted

% 3 Banknote I FHARFE X x4 Iris A KBRGARKEEZEHF)
Number of Adding ML Adding CL Adding ML and CL Number of Constraints Groupl Group2 Group3
Constraints ML CL ML CL 10 0.88 0.75 0.72
10 0.1 0.95 0.967 0.933 20 0.86 0.83 0.72
20 0.317 0.95 1 0.967 40 0.895 0.871 0.714
40 0. 492 0.925 1 0.988 60 0.871 0. 866 0.84
60 0. 644 0. 946 1 0.942 80 0.788 0.752 0.715
80 0.742 0.947 0.997 0.994 90 0. 868 0.789 0.787
100 0. 843 0.94 1 0.958 100 0.868 0. 868 0. 868
120 0.906 0.908 0.996 0.985
200 0.983 0.948 1 0.992 .
280 0. 99 0. 954 1 0. 996 4 BRESRZE

5) PR LY A o X IR R MERE B R . R 4
DB Tris B £ MK RERE AR 70 A 2 I G 240 SR 4 221k
W 7 HE 7 i AR R 20 OB F R R 3 L SE S Y RT A
AL 2y ORCE A R I SRS TR RE S 2 SRR T
IEAROC KR AR R H 1 Z MR8 TH00E il
R0 oA SR A RAT E 2.

B

RSO T RIS DL B TR H AR pR R
T PSS G L S N R S R
105 ™ B2 b ek 0 T R R R R R PR A T
P I8 A SR W] T IR Bk R A AT AR v SR 2R
BE. BLBREAFAE 2 Dol D AR EA RS 2R ki
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