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Unbalanced incomplete multi-view clustering based on missing-value
learning and structure preservation

CHEN Mei', GUO Ai-xia, WANG Jie, YANG Jia-yi, ZHAN Su-bao
(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730000, China)

Abstract: Existing incomplete multi-view clustering algorithms have made some progress, however, they have certain
limitations: 1) Most existing methods fail to accurately uncover the latent information of missing data, especially when
handing varying missing rate across different views; 2) They cannot preserve both global and local structures of data; 3)
They fail to effectively extract high-order correlations and complementary information between ones. To address these
issues, the paper proposes an unbalanced incomplete multi-view clustering algorithm based on missing-value learning
and structure preservation. The algorithm maps the original high-dimensional data to a low-dimensional space using
linear projection, and combines a completion matrix based on neighbornood relationships and an integrity constraint to
fill in the missing values, ensuring that the filled missing values closely match the original structural features of the
data. Additionally, the algorithm employs subspace clustering techniques, hyper-Laplacian regularization, and the
weighted tensor Schatten-p norm, to simultaneously capture the global and local structure and high-order correlation.
Experimental results with ten benchmark algorithms on eight simulated incomplete multi-view datasets with various
missing values show that the performance of the proposed algorithm is superior to the comparison algorithms.

Keywords: unbalanced incomplete multi-view clustering; missing-value learning; structure preserved; the weighted
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E», By BRI A BN O(Vin?); 5) 58 J 11 id 72
o, B e B SRR O = A I 8 B AR e DL S AR
e, FBF A1 44 B O(n?V log(n)), H7E AR B
-3 A AN TIE D) BEAT 5 SFABL 2 8, I TR) SR 2O
O(n*V?), Rk, 5535 T W (8] 52 2% B2 O (n* V2 +
n?V log(n)). A= Z00& T B ER A I 1) B2 A% 2, AnE
eI N, RSN i BRAEERAE. Z5 PR, 11 <
V < log(n) < n, FF 5t B3 5 0 I ) 52 2 FE 9

T BRAE AT R O VR AR, AT IR 8 AN
LI A T Z A SR AR, ARG Bk 2 fros. Hd:
VAMBEAN L, AR, n EdE A3, R
JRARRFAE L FE . 4 T VPl VR LA AR AR FE R
(RS RE, AR SCBE LI BR — & oA i) 2540 >k A i
A 5E & 2 M E B 4R, Bk LE 2R (PER) 430 1 B
0.1, 0.3.0.5. 0.7 F1 0.9, #@ L FE I 3 .

R2  BURSHIHEIR

datasets % c n d

BBC 4 5 685 4659/4633/4665/4 684

BBCSport 2 5 544 3183/3203

ORL 3 40 400 4096/3304/6750

NGs 3 5 500 2000/2000/2 000

Digit 5 10 2000 216/76/64/240/47

MSRCV1 6 7 210 1302/48/512/1020/256/210

YaleA 3 15 165 9/512/50

3Sources 3 6 416 3560/3631/3068

R3  PrEHEEEREIE
datasets ~ BBCSport }3{}:12 S?SI;) /i(?:s/ Digit MSRCV1

Uy 0.25xPER 0.25x PER 0.25xPER  0.25xPER
Vs 0.75 x PER 0.75 x PER 0.75xPER  0.75xPER
V3 — PER PER PER
Uy — — 1.25xPER  1.25xPER
Us — — 1.5 xPER 1.5xPER
Vs — — — 1.75x PER

3.2 SHEZBENS

O A TH VAl BT B B VR A R, AR SR
UIMVC/MLSP 5 LR 10 B R SEE VLT L AN
T2 4% L B B 2R E BSVEY, JE TR 3 1 A 58 4%
2 W B B 2 (PIO)!, WU 5 A 58 & £ W 5 2k
(DAIMOC)™, 3 F- 78 75 2% 1] v B 26 B bl 27 ST (AN 58
% 2 VLR (MISS)!™, J: T s b A e v R B A
5% 2L E T2 [ 825 (HCPIMSO)™, B A 72 %
LB RS (PIMVO)™, V1l 51 5 A 58 % 2 LK i
%% (BGIMVSC)", JE T ik B AL 2 S ) AR 52
#% 2 BB (TTGL)™Y, T4 Wtk A0 16 (1 A P47
55 4% 2 WL B B3 (TETCI_UIMC)™ B R 3 T # 40
BB AT A 52 4% 2 MR B 2% (PCL_UIMVC)™.,
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MG E SRR L 2907

IR T FR R ARD S AR R, HARIE AR A1)
ZHRCHE BT TS 8T, Bl 4 AR AR
R ARG R, Py 45 R A EE Z I
33 SEWEREHMT

9 A TP AS BT 4R VR I M RE, A SR A
Accuracy~ NMI £ Purity H: 3 F 45 b 1l 5 58 R
BeAh, I RS AR RO A S T R R S A

&, FERRSEAE T EE LR 10 K, RAHF
iﬁﬁfﬁﬁ%ﬁﬁ%ﬁ’]ﬁﬁ AFRPRE. K 4 ~ R 6 AT
A EIEAE 8 MR T A PER T R Kb -7y
18, B 1 9 NGs B £ PER T &4RIRHIAL

. S TS A R 4R,

1) £ 4 ~ & 6 MEHEEW, PIC. MISS P J
HCPIMSC 254578 % 2 WL B R R BB T AN 58 &
ﬁ&@l KRB BSV RILEAR R, BNATE & 210

%ﬁ&Tﬁﬂﬁﬁﬁ%%uEWME%hu
z*“fcﬁaﬁéﬁﬁi FEE MG, BRI RIM

2) TETCI_ UIMC. PCL UIMVC 5 UIMVC/
MLSP A ¢ F HAth Xt b 57 R B i, IR ax
3ANEIE R — M P e Z LRI BIE, At
A A AR B R 2R AN TR fH il 8, B AR B S A A
SRS s, A BT RIS

®4 8 MEIEE LFTA PER BY Accuracy H¥){E

BBC BBCSport NGs ORL YaleA MSRCV1 Digit 3Sources
BSV 0.4387 0.4892 04161 0.3929 0.3448 0.4138 0.3142 0.4212
PIC 0.7357 0.7407 0.8404 0.6811 0.4462 0.7624 0.8384 0.4549
DAIMC 0.5321 0.5712 0.6970 0.5214 0.6178 0.6507 0.8467 0.4982
MISS 0.709 1 0.6335 0.7652 0.4465 0.4897 0.6305 0.8385 0.6010
HCPIMSC 0.8149 0.8779 0.8616 0.8302 0.7201 0.7982 0.7674 0.5423
PIMVC 0.7616 0.7657 0.8864 0.7285 0.6798 0.8295 0.8123 0.6532
BGIMVSC 0.6403 0.6992 0.6644 0.6220 0.5757 0.5228 0.5165 0.4935
TTGL 0.6619 0.7665 0.6000 0.4340 0.5265 0.6209 0.7802 0.5088
TETCI_UIMC 0.8654 0.7796 0.8252 0.4340 0.5261 0.6209 0.7802 0.5088
PCL_UIMVC 0.7887 0.7566 0.8240 0.7940 0.7912 0.8038 0.8054 0.7289
ours 0.9743 0.9849 0.999 6 0.9745 0.9031 0.9762 0.9749 0.7799

®5  8EUEE LFTA PER 89 NMI )&

BBC BBCSport NGs ORL YaleA MSRCV1 Digit 3Sources
BSV 0.1978 0.3231 0.1913 0.5417 0.4188 0.4679 0.3521 0.2755
PIC 0.6642 0.6284 0.6984 0.8096 0.5041 0.694 8 0.8603 0.2872
DAIMC 0.3557 0.4263 0.5178 0.6972 0.6819 0.5515 0.7652 0.4451
MISS 0.5449 0.4388 0.5791 0.6101 0.5379 0.502 1 0.7645 0.4706
HCPIMSC 0.6422 0.7552 0.6972 0.7083 0.7368 0.6434 0.7114 0.4461
PIMVC 0.7616 0.7657 0.8864 0.7285 0.6798 0.8295 0.8123 0.6532
BGIMVSC 0.6403 0.6992 0.6644 0.6220 0.5757 0.5228 0.5165 0.4935
TTGL 0.6619 0.7665 0.6000 0.4340 0.5265 0.6209 0.7802 0.5088
TETCI_UIMC 0.8654 0.7796 0.8252 0.4340 0.5261 0.6209 0.7802 0.5088
PCL_UIMVC 0.7887 0.7566 0.8240 0.7940 0.7912 0.8038 0.8054 0.7289
ours 0.9743 0.9849 0.999 6 0.9745 0.9031 0.9762 0.9749 0.7799

*®6 8 MYURE LFTA PER B9 Purity (&

BBC BBCSport NGs ORL YaleA MSRCV1 Digit 3Sources
BSV 0.4387 0.5479 04161 0.4152 0.3934 0.4584 0.3401 0.4827
PIC 0.7357 0.7545 0.8404 0.6811 0.4603 0.7624 0.8631 0.5636
DAIMC 0.5932 0.6693 0.7017 0.5695 0.6388 0.6668 0.8239 0.5902
MISS 0.7542 0.6452 0.7736 0.4705 0.5043 0.6314 0.8416 0.6828
HCPIMSC 0.8236 0.8779 0.8616 0.8303 0.7237 0.8029 0.7689 0.6519
PIMVC 0.786 8 0.7794 0.8864 0.7760 0.6798 0.8372 0.8454 0.7424
BGIMVSC 0.6596 0.7374 0.6708 0.6345 0.5903 0.5391 0.5260 0.5887
TTGL 0.6029 0.7627 0.6000 0.4345 0.5364 0.6276 0.7836 0.5179
TETCI_UIMC 0.8654 0.796 1 0.8272 0.4340 0.5366 0.6278 0.7836 0.5779
PCL_UIMVC 0.794 1 0.7943 0.8279 0.7955 0.8148 0.8076 0.8189 0.7917
ours 0.9743 0.9849 0.9996 0.9785 0.9067 0.9762 0.9749 0.8189
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