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Abstract Multiple kernel methods less consider the intrinsic manifold structure of multiple kernel data and estimate the consen-
sus kernel matrix with quadratic number of variables, which makes it vulnerable to the noise and outliers within multiple candi-
date kernels. This paper first presents the clustering method via kernelized local regression(CKLR). It captures the local struc-
ture of kernel data and employs kernel regression on the local region to predict the clustering results. Moreover, this paper further
extends it to perform clustering via the multiple kernel local regression(CMKLR). We construct the kernel level local regression
sparse coefficient matrix for each candidate kernel, which well characterize the kernel level manifold structure. We then aggregate
all the kernel level local regression coefficients via linear weights and generate the consensus sparse local regression coefficient,
which largely reduces the number of candidate variables and becomes more robust against noises and outliers within multiple ker-
nel data. Thus,the proposed method CMKLR avoids the above two limitations. It only contains one additional hyper parameter for
turning. Extensive experimental results show that the clustering performance of the proposed method on benchmark data set is
better than that of 10 state-of-the-art multiple kernel clustering methods.
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MKKMMR) ™ 5 Li 45 £ 3 T Jg o0 5 1 00 59 22 4% 3R 26 O ik
(Multiple Kernel Clustering with Local Kernel Alignment
Maximization, LKAMKC)™ ; Liu % ¥ — 2 1 7 3 T &I
SRAT % 2+ ) B £ #% B 25 J7 1 (Optimal Neighborhood Kernel
Clustering with Multiple Kernels, ONMKC)™" ; Kang %5 #& 4
BT W Z RS EDY s Yang 48 1T A 38 5
EBEL T 250 2% 1B (Joint Correntropy Metric
Weighting and Block Diagonal Regularizer for Robust Multi-
ple Kernel Subspace Clustering, JMKSC)'"?!; Zhan % & 3 3
T — 3 M: 45 1 Ak 181 2 2 19 2 0L 18R 25 05 s (Multiview Con-
sensus Graph Clustering, MCGO™* | JEAEE. IR A, 5
AR AL IR SR AR L L 22 B 3R IS T I B ™ 1% 80 B 1)
AU, BRI Bl RS SR AR ML PRSI T 2R &
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T 40 WA T .
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Table 1 Statistics of the benchmark data sets

R omman NH P wmxs suaw
Prostate 102 5966 2 2 EHER 12
CSTR 476 1000 4 4 LA 12
RELATHE 1427 4322 2 2 H & 12
USPS49 1673 256 2 2 % 12
UCIDigit 2000 w;é;io;‘/ 10 10 % 12
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Xof T A B B ARSI SR 7 A A R AR 4 A 2R
PRBICRT 1 A A% 4% R B — LM 12 MR B, P o T A% o
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Gt m . BLAh A SCHR 19 CMKLR 53 8 1 45 2R Al e (45

SRR RL A BT OR

F 2 11 FRFETIETE 5 MR EE R L0y R i 45 21
Table 2 Clustering accuracy of 11 compared algorithms on 5 data sets

Prostate CSTR RELATHE USPS49 UCIDigit Average
CTSR 0.5784 0.6092 0.6412 0.7095 0.9000 0.6877
Coreg 0.5784 0.5924 0.6741 0.7400 0.3185 0.5807
RMSC 0.5784 0.5798 0.5809 0.7466 0.8705 0.6712
RMKKM 0.5784 0.6261 0.5683 0.7854 0.4875 0.6091
MKKMMR 0.6176 0.5903 0.6300 0.7657 0.8905 0.6988
LKAMKC 0.6176 0.7185 0.7169 0.7651 0.9355 0.7507
ONMKC 0.6176 0.5945 0.7281 0.7675 0.9160 0.7247
LKGr 0.6275 0.7920 0.5830 0.7884 0.9205 0.7423
JMKSC 0.5980 0.6639 0.5718 0.8452 0.9360 0.7230
MCGC 0.6373 0.5882 0.6601 0.7310 0.9455 0.7124
CMKLR 0.6765 0.7773 0.8297 0.9074 0.9645 0.8311

F 3 11 MR TR 5 A MK BHE L Loy~ E A B

Table 3 Clustering NMI of 11 compared algorithms on 5 data sets

Prostate CSTR RELATHE USPS49 UCIDigit Average
CTSR 0.0178 0.5624 0.0990 0.1328 0.8174 0.3259
Coreg 0.0178 0.5489 0.1272 0.1731 0.1849 0.2104
RMSC 0.0176 0.5302 0.0548 0.1832 0.7921 0.3156
RMKKM 0.0178 0.5485 0.0090 0.2532 0.5147 0.2686
MKKMMR 0.0426 0.5417 0.0908 0.2165 0.8143 0.3412
LKAMKC 0.0492 0.5876 0.1537 0.2147 0.8747 0.3760
ONMKC 0.0426 0.5508 0.1724 0.2219 0.8541 0.3684
LKGr 0.0574 0.6129 0.0379 0.2567 0.8558 0.3641
JMKSC 0.0401 0.5118 0.0295 0.3783 0.8866 0.3693
MCGC 0.0592 0.4954 0.1134 0.1602 0.8866 0.3430
CMKLR 0.0964 0.6364 0.3752 0.5783 0.9198 0.5212

4 11 FERETTEAE 5 DK BUE S LRI Al LR

Table 4 Clustering purity of 11 compared algorithms on 5 data sets

Prostate CSTR RELATHE  USPS49 UCIDigit Average
CTSR 0.5784 0.7605 0.6412 0.7095 0.9000 0.7179
Coreg 0.5784 0.7542 0.6741 0.7400 0.3265 0.6146
RMSC 0.5784 0.7437 0.5809 0.7466 0.8705 0.7040
RMKKM 0.5784 0.7542 0.5683 0.7854 0.5305 0.6434
MKKMMR 0.6176 0.7542 0.6300 0.7657 0.8905 0.7316
LKAMKC 0.6176 0.7836 0.7169 0.7651 0.9355 0.7637
ONMKC 0.6176 0.7563 0.7281 0.7675 0.9160 0.7571
LKGr 0.6275 0.7920 0.5830 0.7884 0.9205 0.7423
JMKSC 0.5980 0.7500 0.5718 0.8452 0.9360 0.7402
MCGC 0.6373 0.7311 0.6601 0.7310 0.9455 0.7410
GMKLR 0.6765 0.7920 0.8297 0.9074 0.9645 0.8340
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TE A BR 4L P AR SR R 28 0L CMKLR JLTF-78 i A
Febr AR T H AR A H X A k. BAOR A . CMKLR
S NBURE T IR R E TR T 0.831 1, &AL A
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