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Abstract Cluster analysis based on pairwise constraints is an important research direction of semi-supervised learning. The num-
ber of pairwise constraints has become an important factor affecting the effectiveness of this type of the algorithm. However,in
practical applications,the acquisition of pairwise constraints requires a lot of costs. Therefore, the extended algorithm of pairwise
constraints based on security (PCES) is proposed. This algorithm takes the maximum local connected distance in the transitive
closures as the safe value. According to the safe value, the similarity between the different transitive closures is modified to reduce
the risk of merging transitive closures. Finally,the method of graph clustering is used to merge similar transitive closures to ex-
tend the pairwise constraints. This algorithm can not only safely and effectively expand pairwise constraints, but also apply the
extended pairwise constraints to different semi-supervised clustering algorithms. This paper compares the extended algorithm of
pairwise constraints on eight benchmark data sets. The experimental results show that the proposed algorithm can extend pair-
wise constraints safely and effectively.
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Fig. 2 Extended of pairwise constraints based on security
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Table 1 Experiment datasets
Dataset Z Instance  # Features % Classes
Iris 150 4 3
Wine 178 13 3
Heart 270 13 2
ORL 400 1024 40
Breast 569 31 2
Bank 1372 4 2
Isolet 1560 617 26
USPS 2000 256 10

N TR R A AP L AR Sk U2 M 7Y B T K-Means
A X 2 3 3R 25 5 .0 (Constrained K-means, COP) Fl % F
BT 29 o B bR % 15 3 3k 5967 (Label Propagation Based
on Pairwise Constraints, PCLP/E MR L. B 56 . BEALIM
IRURICHR Yo G2 B B0 1596, 20 6 R 25 26 Xob B B i 1 1% 24 3R
10 41, HC v T A IR a0 295 55 0 2 SR M A — B
YR KX 29 B (Pairwise Constraints, POP AR ¥ 15 26 £ 9 78
i B XF 29 3R (Pairwise Constraints Transfer Algorithm, PC-
TA) LA BRI A SCREY T8 9 0 29 3K (PCES) 43 51 4
SEI (R SR PAT MR 5k . B Ja il i NMI M ART #)

S-S E R JR R X SR S R A S .

R T B AT R 2R AR SO B B A %
PEAT A I MR AR T — 5 AR ¥ 328 388 4 Sy 22 AL [
I T A I A% 388 P AL R X 24 S g A e A KU . T
B AT LB G i e A B e B 22 A 4 R 34 M L Rk
R L3 BRI Hb BB S 1 S WA 2 T A e B AR R B . AR S IR i
R, RATGE T T AL 3 PR D v B X S 22 18] 40 3t R B L O
Hi K — RS E N 22l WA, RMEg it T
1% 328 VA 6, 22 R] B9 0 b B 8 o s 1 — W B AR A BE B, A0 2R BR
B R T2 A AE L WA S B 3 1 4% 388 AT A A7 6 — 5 1Y KU 75
WA L2 A5 T, SEER A R AR %O ] DL e Ao
FEIAT L,

AR SCHR H 1 53 S B 43 S0l Ay SR b B S T S 48 S
B DL R 3 A% 3 PR AR L R R I 1 S T S 8 o FRATHE
PR SEE E Ry 3, RN 4 & {s/2,5/5,5/10,5/20,5/30}
FI A 53 N AE R o S8R (8 R IR [R) o B X6 B A SR 25 45 2
I3 £ B A B0 45 X B B i 19 NMI A1 ART B ARy b 5%
45

F 2 M2 3 FN L T AN A B 29 SRR BT A R B b X
PR . FTRLE G, SR COP k5 PCLP &
BB BT TR A B 29 R (PO AR 48 1% 138 2k 5 78 15 51 (9 AR
XA (PCTA)7E— SE R A2 [ (i R4 R R AR D H =
WA o AEE AT IR Y X 2 3, 38 i AR SCH R i vk
Fe i 15 2 AT R (PCES) X 2 45 54 45 W1 i 48 7,
JLHFAE Tris, Wine, Heart fil Bank $(4E 4 . b4Ah. £ 2 A
3 BIR T BABIEAE A WCBE 4 LA R

2 BT 0N A B R R NMI (H
Table 2 NMI values of semi-supervised clustering algorithms

based on pairwise constraints

Datasets percent/ % cor PCLP
PC PCTA PCES PC PCTA PCES
15 0.7361 0.7361 0.7515 0.7642 0.7642 0.7817
Iris 20 0.7495 0.7602 0.7973 0.7777 0.7777 0.7986
25 0.7798 0.7862 0.8122 0.7907 0.7924 0.8154
15 0.8130 0.8130 0.8763 0.8823 0.8823 0.8917
Wine 20 0.8585 0.8707 0.8915 0.8635 0.8794 0.9182
25 0.8607 0.8981 0.9195 0.8794 0.8926 0.9050
15 0.3255 0.3295 0.3702 0.2419 0.2419 0.2715
Heart 20 0.3760 0.3863 0.3911 0.2449 0.2449 0.2856
25 0.4437 0.4705 0.4752 0.2466 0.2551 0.2923
15 0.7232 0.7260 0.7260 0.7689 0.7735 0.7786
ORL 20 0.7371 0.7375 0.7402 0.7799 0.7806 0.7849
25 0.7494 0.7503 0.7569 0.7861 0.7883 0.7914
15 0.6788 0.6795 0.6837 0.6710 0.6710 0.7142
Breast 20 0.6901 0.6932 0.6977 0.6823 0.6823 0.7464
25 0.7113 0.7125 0.7214 0.6945 0.6945 0.7490
15 0.0286 0.0322 0.1836 0.9041 0.9041 0.9235
Bank 20 0.0580 0.0659 0.4374 0.9317 0.9317 0.9359
25 0.1256 0.1843 0.5006 0.9359 0.9359 0.9686
15 0.7623 0.7631 0.7685 0.7897 0.7897 0.7933
Isolet 20 0.7666 0.7688 0.7688 0.7903 0.7930 0.7930
25 0.7762 0.7861 0.7903 0.7976 0.7987 0.8016
15 0.6355 0.6380 0.6433 0.7622 0.7651 0.7675
USPS 20 0.6389 0.6395 0.6493 0.7677 0.7677 0.7732
25 0.6480 0.6500 0.6508 0.7770 0.7779 0.7803
Daﬁlslcls Average 0.6114 0.6199 0.6668 0.7304 0.7327 0.7526
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3 FET AR LW B RET LN ARI A data mining [ J]. Knowledge andInformation Systems, 2008,
Table 3 ARI values of semi-supervised clustering algorithms 14(1):1-37.

based on pairwise constraints

Datasets percent/ % cor rer
pPC PCTA PCES PC PCTA PCES
15 0.7158 0.7158 0.7494 0.7309 0.7309 0.7514
Iris 20 0.7611 0.7764 0.8167 0.7445 0.7445 0.7927
25 0.7883 0.8022 0.8339 0.7811 0.7856 0.8105
15 0.8413 0.8413 0.9058 0.9134 0.9134 0.9215
Wine 20 0.8727 0.8892 0.9186 0.8894 0.9062 0.9390
25 0.8818 0.9168 0.9337 0.9062 0.9149 0.9303
15 0.4087 0.4136 0.4681 0.3061 0.3061 0.3490
Heart 20 0.4780 0.4882 0.4935 0.3103 0.3103 0.3668
25 0.5472 0.5749 0.5806 0.3133 0.3186 0.3713
15 0.3156 0.3214 0.3214 0.4557 0.4583 0.4605
ORL 20 0.3590 0.3594 0.3608 0.4575 0.4650 0.4732
25 0.3894 0.3902 0.4026 0.4690 0.4764 0.4817
15 0.7839 0.7858 0.7901 0.7607 0.7607 0.7856
Breast 20 0.7990 0.8011 0.8053 0.7668 0.7668 0.8372
25 0.8181 0.8197 0.8245 0.7730 0.7730 0.8438
15 0.0392 0.0440 0.2493 0.9425 0.9425 0.9653
Bank 20 0.0801 0.0912 0.5458 0.9624 0.9624 0.9653
25 0.1669 0.2106 0.6056 0.9653 0.9653 0.9855
15 0.5291 0.5295 0.5389 0.5863 0.5863 0.5899
Isolet 20 0.5268 0.5284 0.5375 0.5964 0.5992 0.5994
25 0.5548 0.5688 0.5803 0.6094 0.6103 0.6156
15 0.5533 0.5548 0.5570 0.6350 0.6382 0.6398
USPS 20 0.5583 0.5624 0.5738 0.6388 0.6397 0.6433
25 0.5844 0.5872 0.5877 0.6874 0.6881 0.6951

All _ .

Datasets Average 0.5564 0.5655 0.6242 0.6751 0.6776 0.7002
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