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Low-rank robust multiple kernel clustering with block diagonal
constraints

ZHANG Xiao-gian', WANG Jing', XUE Xu-gian®, LIU Zhi-gui'

(1. School of Information Engineering, Southwest University of Science and Technology, Mianyang 621010, China;
2. School of Computer Science and Technology, Southwest University of Science and Technology, Mianyang 621010,
China)

Abstract: Existing (multiple kernel learning, MKL) subspace clustering algorithms ignore the noise and the low-rank
structure of the data in the feature space, therefore, we propose a new low-rank robust multiple kernel clustering algorithm
(LRMKC) with block diagonal representation (BDR) and low-rank consensus kernel (LRCK), which is better for mining
the underlying structure of the data. In particular, 1) to learn the optimal consensus kernel, we design an automatic
weighting strategy using the mixture correntropy induced metric (MCIM), which not only sets the optimal weight for
each kernel but also improves the robustness of the LRMKC by suppressing noise; 2) to explore the low-rank structure
of input data in feature space, we learn the low-rank consensus kernel by the Schatten p-norm constraint on the optimal
consensus kernel; 3) considering the block diagonal property of the affinity matrix, we apply block diagonal constraint
to the coefficient matrix. The LRMKC combines MKL, LRCK, and BDR to solve these problems at the same time.
Through the interaction of three technologies, the results of other technologies are used in the overall optimal solution
to iteratively improve the efficiency of each technology, and finally form an overall optimal algorithm for processing
nonlinear structural data. Compared with the most advanced MKL subspace clustering algorithms, extensive experiments
on image and text datasets verify the competitiveness of the LRMKC.
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MCIM 5E N F (M € RYN*N M, € RN*N):

MCIM(M;, M) =

(1s)
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n
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HE AR
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H A Ja e UMV 85 KNE S
A 5%, BARHE S 72 0L STk [15].
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Hrpe JfF biE AR,
23 EZRESH

ESH B, K I 3 T iR, 5
FARKE P18 BAR b, s 58 2% FE ] 2R AN 1, X
AEREEANL. WF—AN x N IR, E 35 C I E
XPHE B AT Wi 5, HIs HE RN O(N3); BT w
I RIS SR AR 9 O(N?); ST J I 75 22347 41 S8
S, B HE X E NO(N?). ik, BARFEHE 4
JERNO(2N?+N?2)),IEA O(#(N?)), Herb ¢ J9ikAR
AL
3 SEEAAT

AT B FEARE ST L LI 45 R B
PESLEG DA K B 1] 5256, PASGHIE LRMKC FI A R fas
BT RUR.
31 XWKRE

155 F 3 A AR 204 45 A 3 A SCAS £ s 42 0k
LRMKC 75 ¥ A 2401, 1% Ee 04 A2 08 5 F T VP4l A
[F] -2 [B) 5 28 07 v ) SR 2R P e R A 4R 4 3
AN BOHE £E: Yale. ORL il Jaffe. S0 A B 4 (045
TR 11. TR 41 F1TR 45, 53 %>k H TREC-5. TREC-6 A/l
TREC-7 £#%1. & 1 AHHREN BAE LS.

x1 MEIEENER

dataset #instances #features #classes
Yale 165 1024 15
Jaffe 213 676 10
ORL 400 1024 40
TR 11 414 6429 36
TR 41 878 7454 10
TR 45 690 8261 10

¥ LRMKC 5 8 F 2 1% J7 iE HEAT LU i, 20 iR
SMKLI®I, MKKM!"!, JMKSC®!, LKGr®, LLMKL! |
RMKKMI'61 . AASCHI7, SCMKU!S!, %if b 7532 i 1 4
I 3271, KBS HE 25 R SO AT PR 2 DA
KB AR

ARSI FE T 124 SR, B3 74 = Wi
k(x1,x0) = exp(—||z1 — 22|23/ (tc?)). HH:0 Nz 5
oo [ IR B85 ¢ € {0.01,0.05, 0.1, 1, 10, 50, 100}; 4
ML k(21,29) = (z]29 + )’ a € {0,1},b €



F11# KNI F: BRASMRA ARG ERKKSBRE L 2981
{2,4}; LR AN (21, 22) = 2T 20, PEEEFN TRAS B 4. MR AN B 52 28 0 il B R 3
32 R i, I 2E BN 20 R SIS TR, i B ATz A8

3.2 RHIRA
ASCAE 6 AN B E4E AT 9256, 43 51 R Yale £

. BX k&)

FH 48 b iy 5 5SS 1 g 2R 2R K5 ¥ (accuracy, ACC).

JH—1k H.15 . (normalized mutual information, NMI)

M Mz Ny Ny A
#5. ORL IR AE . Jaffe $r4R 4. TR ¥R 4E. TRA1 %, AL (purity). SEIGEE RANFZ 2 PR,
F2 BAEF(ACC,NMI, purity)
bCTE S =T v MKKM AASC RMKKM SCMK LKGr SMKL JMKSC LLMKL ARSCTT I
ACC  0.457(0.041) 0.406(0.027) 0.521(0.034) 0.582(0.025) 0.540(0.030) 0.582(0.017) 0.630(0.006) 0.655(0.009) 0.673(0.006)
Yale NMI  0.501(0.036) 0.468(0.028) 0.556(0.025) 0.576(0.012) 0.566(0.025) 0.614(0.015) 0.631(0.006) 0.646(0.007) 0.660(0.006)
purity  0.475(0.037)  0.423(0.026) 0.536(0.031) 0.610(0.014) 0.554(0.029) 0.667(0.014) 0.673(0.007) 0.683(0.009) 0.703(0.008)
ACC  0.746(0.069) 0.304(0.008) 0.871(0.053) 0.869(0.022) 0.861(0.052) 0.967(0.000) 0.967(0.007) 1.000(0.000) 1.000(0.000)
Jaffe  NMI  0.798(0.058) 0.272(0.006) 0.893(0.041) 0.868(0.021) 0.869(0.031) 0.951(0.000) 0.952(0.010) 1.000(0.000) 1.000(0.000)
purity  0.768(0.062) 0.331(0.008) 0.889(0.045) 0.882(0.023) 0.859(0.038) 0.967(0.000) 0.967(0.007) 1.000(0.000) 1.000(0.000)
ACC  0.475(0.023) 0.272(0.009) 0.556(0.024) 0.656(0.015) 0.616(0.016) 0.573(0.032) 0.725(0.014) 0.800(0.003) 0.812(0.003)
ORL NMI 0.689(0.016) 0.438(0.007) 0.748(0.018) 0.808(0.008) 0.794(0.008) 0.733(0.027) 0.852(0.012) 0.891(0.003) 0.901(0.002)
purity  0.514(0.021) 0.316(0.007) 0.602(0.024) 0.699(0.015) 0.658(0.017) 0.648(0.017) 0.753(0.012) 0.839(0.009) 0.843(0.006)
ACC  0.501(0.048) 0.472(0.008) 0.577(0.094) 0.549(0.015) 0.607(0.043) 0.729(0.019) 0.737(0.002) 0.718(0.001) 0.787(0.001)
TR11 NMI  0.446(0.046) 0.394(0.003) 0.561(0.118) 0.371(0.018) 0.597(0.031) 0.622(0.048) 0.673(0.002) 0.633(0.002) 0.718(0.001)
purity  0.655(0.044) 0.547(0.000) 0.729(0.096) 0.783(0.011) 0.776(0.030) 0.879(0.030) 0.819(0.001) 0.801(0.002) 0.882(0.001)
ACC  0.561(0.068) 0.459(0.001) 0.627(0.073) 0.650(0.068) 0.595(0.020) 0.671(0.002) 0.689(0.004) 0.689(0.004) 0.737(0.002)
TR41 NMI  0.578(0.042) 0.431(0.000) 0.635(0.092) 0.492(0.017) 0.604(0.023) 0.625(0.004) 0.660(0.003) 0.666(0.003) 0.681(0.003)
purity  0.728(0.042) 0.621(0.001) 0.776(0.065) 0.758(0.034) 0.759(0.031) 0.761(0.003) 0.799(0.003) 0.817(0.003) 0.826(0.002)
ACC  0.585(0.066) 0.526(0.008) 0.640(0.071) 0.634(0.058) 0.663(0.042) 0.671(0.004) 0.687(0.036) 0.745(0.000) 0.761(0.000)
TR45 NMI  0.562(0.056) 0.420(0.014) 0.627(0.092) 0.584(0.051) 0.671(0.020) 0.622(0.007) 0.690(0.022) 0.726(0.000) 0.746(0.000)
purity  0.691(0.058) 0.575(0.011) 0.752(0.074) 0.728(0.048) 0.800(0.026) 0.816(0.004) 0.822(0.031) 0.797(0.000) 0.823(0.000)
ACC  0.554(0.053) 0.407(0.010) 0.632(0.058) 0.657(0.034) 0.647(0.039) 0.699(0.012) 0.739(0.012) 0.768(0.003) 0.795(0.002)
Avg  NMI  0.596(0.025) 0.404(0.010) 0.670(0.064) 0.617(0.021) 0.684(0.023) 0.695(0.017) 0.743(0.009) 0.760(0.003) 0.784(0.002)
purity  0.639(0.044) 0.469(0.009) 0.714(0.056) 0.743(0.024) 0.734(0.029) 0.790(0.011) 0.806(0.010) 0.823(0.004) 0.846(0.003)

FEFTA T3 i, BT U7 VE 3R T iR U I 53

N T ORUE 21, 30 5 A 7512 20 A S A T 2 45

S5 B0 T BT ER U7 R A AU 7 ACC
NMI M purity [~ J4E 73 7l B 55 2 47 (1) 77 7% LLMKL
5127 % 2.4 % F12.3 %,
322 BRI

AATIGUE LRMKC B &8 PE. Wl 1 iR, 45 Yale
NI SIS AN [R) R/ BSR4 R (m = 5, 10, 15, 20).

B 1 B Yale B F (K0h: 5 x 52120 x 20)

70
x —— LRMKC
60f ———=—— | % - LLMKL
—=— JMKSC
O 9 —— SMKL
O 50F —— SCMK
< —— LKGr
“\‘\’\ —— RMKKM
40¢ L —— AASC
'\_\\ —~— MKKM
30 : :

5 10 15
IS (nxn)

B2 #OEH Yale BUBERNBRIERE

20

I8 ACC HEAT VAl Se3 4 AR an 18] 2 . éu!:rﬂaa
RS H I ON 258 K 1) JHE 424 BB, A o 7 25 1) R 2K
ACCH 22 FEAIK. J15h, FE A 15 DL T, LRMKC #33K
137 ST SR 2k
3.2.3 “"En‘mﬂ]ﬁﬁ

AR SR TE 1 6 A7 17-4790 Hh Je b FH 35
LA J¢ 8 GB-RAM 1] & it H AL - A Matlab 2015b i
1T NAREAF, B J5 1255 T Yale BE 42, W s 2%
PE—5 3847 TR IR 1 45 SR A0 1 3 F . SEie 45 )
8, LRMKC lt RMKKM. SCMK. LKGr. SMKL.
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