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Abstract

Multi-view clustering has been widely used in many fields such as image classification,
information retrieval, and medical pathology analysis. Although multi-view subspace
clustering algorithms based on self-representation learning have been researched in
many academic circles, most of these methods directly utilize the original data as a
dictionary to construct affinity graphs, and thus the clustering performance tends to
be affected by the quality of features in the original data. To overcome this prob-
lem, we propose a novel multi-view clustering algorithm called “Multi-view clustering
algorithm based on clean dictionary learning”. In this approach, we first decompose
the original data into clean and noisy data, and then perform dictionary learning
by employing a clean data matrix, which avoids the misrepresentation caused by the
direct use of contaminated data. At the same time, we introduce Robust Principal
Component Analysis (RPCA) and rank constraints to construct a cleaner and more
robust affinity matrix. Finally, we use an optimization method based on augmented
Lagrange multipliers (ALM) to solve the objective function of the model. Experimen-
tal results show that the clustering performance of our algorithm outperforms other
state-of-the-art clustering algorithms on all four real multi-view datasets, demonstrat-

ing exceptional performance.
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ORL?: 400 kBB AR, HPaE 40 AN 10 FKAFR MBS, 1ZE80E £ S 4096,
3304 1 6750 MM4EEE. BBC ® @ H 685 @ #r [ SCEH M, HAaiEkE 4 MAFE AR EHEE.
NGs [22]: 1 500 MFEASHT H SCRS AR SRR, FRAVE T =P R B RE M SR IR FE B, ax ik
PLE I 4EFE#B N 2000, Movies-617 * = H 17 Fi2RAL 617 LR . X LR B RS 430 2
1878 HA1 1398 4.

4.1.2. BT E

NTVEMBATTEN A SNE, BATEES 8 Moy ikdi r TR, X 8 B & %0 7 &:
LRR-AGR [8]°. DiMSC [26]°. CSMSC [14]. MLRSSC [20]. NESE [27]". MCLES [18]*. CBF-MSC
22]7. CAMR [28]'Y. HA 55 —Fh)g T AL BRI, HRm A Z IR KT,

4.2, LHER
N T AL B ARG, AL B SR AR R R T RIS HE. T8 5

e, BATN BA B SHAEGMBRARE G SR 10 K, HUFTA TR I EIE N R & R
R, rESRWE I~AR, RIS R RS,

Table 1. Clustering results of the algorithm on ORL
& 1. HE(E ORL L¥5ERL

Methods ACC(%) NMI(%) F-score(%) Precision(%) AR (%)
LRR-AGR 68.75 85.44 61.94 54.44 60.94
DiMSC 81.45 91.35 75.25 70.77 74.64
CSMSC 79.65 91.97 75.06 69.28 74.43
MLRSSC 69.05 83.96 99.16 55.13 58.14
NESE 74.50 86.66 65.18 58.84 64.29
MCLES 77.75 89.02 69.74 63.03 68.97
CBF-MSC 82.00 91.10 76.19 72.00 75.61
CAMR 82.75 92.22 77.50 74.01 76.96
Ours 83.50 93.42 79.36 74.68 78.85

2 https://www.cl.cam.ac.uk/research/dtg/.
3 http://mlg.ucd.ie/datasets/bbc.html.
4 http://lig-membres.imag.fr/grimal /data/movies617.tar.gz.
5 Code available: https://github.com/Ekin102003/JFLMSC.
6 Code available: http://cic.tju.edu.cn/faculty/zhangchangqing/code/DiMSC.rar.
7 Code available: https://github.com/sudalvxin/SMSC.
8 Code available: https://github.com/Ttuo123/MCLES.
9 Code available: https://qinghai-zheng.github.io/index-cn.html.
10 Code available: https://github.com/zhaojinbiao/CAMR.
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Table 2. Clustering results of the algorithm on BBC
& 2. HIE(E BBC LMREL

Methods ACC(%) NMI(%) F-score(%) Precision(%) AR (%)
LRR-AGR 65.55 42.11 55.75 71.34 45.82
DiMSC 89.78 73.68 82.14 82.36 76.69
CSMSC 86.25 72.14 80.30 79.92 74.19
MLRSSC 85.65 76.91 83.09 84.39 78.08
NESE 87.45 72.22 78.95 72.92 71.79
MCLES 67.15 45.12 57.66 45.71 39.87
CBF-MSC 87.00 69.57 79.69 79.13 71.51
CAMR 93.72 81.71 89.09 88.40 85.71
Ours 93.78 82.74 89.14 87.46 85.72

Table 3. Clustering results of the algorithm on NGs
#* 3. HIL{E NGs LEA4,

Methods ACC(%) NMI(%) F-score(%) Precision(%) AR (%)
LRR-AGR 44.40 29.00 33.10 52.41 23.52
DiMSC 77.12 75.11 74.47 69.70 67.60
CSMSC 97.91 93.60 95.87 95.81 94.85
MLRSSC 96.20 91.75 93.56 92.89 91.91
NESE 97.40 91.47 94.84 94.81 93.56
MCLES 96.60 89.50 93.27 93.21 91.60
CBF-MSC 98.40 94.95 96.83 96.81 96.04
CAMR 99.00 96.52 97.99 97.98 97.50
Ours 99.00 96.76 98.00 97.98 97.50

M 1~d, AT R Z AR LT EPERER B0 T LRR-AGR AL REE A, File
1 NGs R4 F, AT 5L ACC 1 NMI 5 i S0 T3 & LRR-AGR. X FEEH T
2 A B SR AT DL 7e 43 A R BN AL ) B ORI R B R AR, AT B S e AT 5 4 ) i 25 44 o
5 PLEGEH A A 7 i 2 LR TS A BESS T EEAEL, BRATH TR S T T SR B4 KR 2 HUR
RIEEMA5r, FrHBR T FRE RS VIGEREUSRNE, 52 TRERRER.

5 NESE ZMEDERERZEAMEL, AT S T 4 NEEEE LT BB R1E5. IXiE
B 7 R S 215 B 1 SR A R B e R 5 2 1A B K SE AR R E A T 2 A E RS

FET X 2R ERER T, AT H R EIEE K2 BRI e bs LA T HAb R 2k
Fide X —RIAER KL EUEse 7 IRATATHE B 52 104G S EFnAR b

=
&
8k
4
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Table 4. Clustering results of the algorithm on Movies-617
= 4. HIELE Movies-617 LR EER

Methods ACC(%) NMI(%) F-score(%) Precision(%) AR (%)
LRR-AGR 28.04 26.69 17.29 17.21 11.88
DiMSC 31.22 31.42 20.03 19.94 14.80
CSMSC 29.55 29.48 18.51 18.13 13.09
MLRSSC 31.84 31.82 19.28 18.99 13.94
NESE 30.63 29.14 18.13 16.61 12.28
MCLES 28.36 26.79 18.27 15.44 11.91
CBF-MSC 31.70 31.79 19.61 19.26 14.28
CAMR 31.28 30.78 19.34 18.68 13.89
Ours 32.58 32.11 19.77 18.97 14.32
o) 0.9990 1.9941 1.4117 1.9953

4.3. BHIEHE

BT TR T I I 2R R EEI 2 MR ZRBENSH, 8, ENTHRER KRS
o EIXH, FATEE T ACC M NMI fEbrk* ORL #dak L 2 NS Hut AT BURE 4

Figure 1. Results of ACC and NMI on ORL dataset with different parameters, 8
1. ORL BUEHEANFSEN, 8 £ ACC Fl NMI 45 R

K 1ER TARZSHAEER ACC A NMI (LEE:, Ho 28 Mg 2 AR L KU
REBWEZE. FLLEH, ACC Ml NMI 7£ ORL #4E4E EXF S8\ 718 RILH — & M BURit .
SR FIB ABEAR/DNER K T DFRRRZIARIAN I A BECRUESEFIAE FE MR L BT, T S B =
FBEMER. HoJimE, AR, SERRARBNE SN, 2T RSN R A RE. [
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i %  C convergence %  C convergence
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Error
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Figure 2. Convergence analysis
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