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Abstract: Most existing semi-supervised clustering algorithms with pairwise constraints neither solve the problem
of violation of pairwise constraints effectively, nor handle the high-dimensional data simultaneously. This paper
presents a discriminative semi-supervised clustering analysis algorithm with pairwise constraints, called DSCA,
which effectively utilizes supervised information to integrate dimensionality reduction and clustering. The proposed
algorithm projects the data onto a low-dimensional manifold, where pairwise constraints based K-means algorithm
is simultaneously used to cluster the data. Meanwhile, pairwise constraints based K-means algorithm presented in
this paper reduces the computational complexity of constraints based semi-supervised algorithm and resolve the
problem of violating pairwise constraints in the existing semi-supervised clustering algorithms. Experimental results
on real-world datasets demonstrate that the proposed algorithm can effectively deal with high-dimensional data and
provide an appealing clustering performance compared with the state-of-the-art semi-supervised algorithm.
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NMI (C,Y) = (10)
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Table2 Comparison of NMI achieved by DSCA and three methods on seven low-dimensional datasets
% 2 DSCA 5 3FhIEALE 7 MRS g L) NMI B LA

Dataset Instance Dimension Class K-means RCA SCREEN DSCA
Balance 625 4 3 0.1726 0.4318 0.565 7 0.458 7
lonosphere 351 34 2 0.167 7 0.5789 0.4455 0.4118
Iris 150 4 3 0.7327 0.8558 09211 0.929 3
Letter (a~d) 3096 16 4 0.206 7 0.473 4 0.4374 0.502 1
Soybean 47 35 4 0.617 8 0.882 4 0.803 2 0.895 2
Vehicle 846 18 4 0.2140 0.4708 0.246 6 0.2515
Wine 178 13 3 0.3511 0.467 1 0.485 6 0.522 7

Table3 Comparison of NMI achieved by DSCA and three methods on five high-dimensional datasets
# 3 DSCA 5 3FEIEAE 5 A mdEFdhi gk i NMI R ELAL

Dataset Instance Dimension Class PCA+RCA LLE SCREEN DSCA
Different 300 16 090 3 0.247 3 0.582 2 0.650 8 0.690 0
Same 295 16 090 3 0.100 7 0.396 0 04341 0.544 1
Similar 288 16 090 3 0.1909 0.3851 0.520 3 0.527 4
YaeB 110 2500 10 0.599 2 0.790 2 0.858 6 0.886 8
ORL 100 1024 10 0.582 7 0.665 4 0.828 5 0.869 1

2.3 FXTR 3T DSCAMERERY S50

Must-Link £ cannot-link X £ 3 B A = 3R AL, 1 B SR SR Sk — FBOA D 3 AN 20 o2 TR A 1) 2 S 4 H 1)
DSCA FlH At > W B B 25145 B T must-link F1 cannot-link 355 2 T Sk 3 v 58 5 1k g

3 2 f13 3Nt & I, DSCA ¥ 1 BE AL T HoAth JL AR YL R T 5 4 i B A8 ol 249 ARONS 2 M B SR 2R A0 Pk i
(I 5%, SE I 5 AR P e T N B I R RN BT 4 v mr AW 3 A L 550925 1) 1 1 B 5 R £ TR T
H o 4 22 17 T A v, EL S (R BRI Ak 4 SRR LR AR M i ) R R AN TR B A RO ) TR R i/ (0 10)
i ,DSCA ¥ NMI H 1~ HoAth JLRP S0 1) NMI R AE B 29 A8 2 i 16 22 1, DSCA 1) NM I {f P& b7 3Lk
REAL T oA L RN BV,

SCREEN 1t B F must-link I cannot-link B £ 515 318056 J B, 48 25 1] v FJE T 240 s BROE K (B
0 B 22 DR S B 1K must-link F1 cannot-1ink J8 e 24 B3 B L (1 35 0 0 12 51 48 S T AR SR HE )
DSCA 2 {5 W1 4R 4k 0 TR HL A& B T3 1 o 24 T4 31 B 52 0 B a8k 1 6 2250 W) o 459 B0 00 2R 3R 28 DL, 24 e B 19
must-link F1 cannot-link i % 25 575 A 847 33 565 B I8, 6 DSCA 824 7=k — 5 (R 5% i (5 - DSCA Al
FATCAR 5 B A% 5k 555775 285 50 B, BT LATE 1] 28 Jeotst 4 sROB L 1 17 400 T, 326 B AH R 19 s 0 R0k DSCA R
SEWA L %) SCREEN 1 fig 5% Wi B /8.

SR v L3 ) 5, — A AR B AR L T R AT AE 22 Mk % must-link Al cannot-link o 21 R (H AL 5 %2
{1 R 249 3 7 A H AR O AR B 7 BR 11 muist-link 1T cannot-link 8% 20 5 e 86 FI T B 2R BRI R
XA AR 2 — Ak

3 MHEXIE

CBSSC 1/ &t 1 Wagstaff P25 A 42 ik (1, At 112 must-link F1 cannot-link ft £ 53 F 2176 W e 2.
FE 2% B8 V5 A R 2 e R e A A s x4 RE P PR U 1 B 1 TR Pk i 32 B T 5% i . Bual! 2 A 42
Hi,CBSSC At Mt AT AR5 (KA A v B ik £ 21 S 4 (1) 4 2R 2 mp e R X 28 AT SRb 55 (R A T T SRS e
T AR T AT AR SR Al A SRS RRE AR, T AN S J3O0T 240 TR AR X T 24 TR~ M B SR SR e i T B 11
A R A R Y R o A M A R 2 > A B e, DA PR R 7 SR 2 1 X A5 AR T Rk 24 SRR -
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Fig.4 Relative impact on the performance of choosing the different numbers of pairwis constraints
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