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Abstract Compared to single-view learning, multi-view learning can often obtain more
comprehensive information about the learning object. Therefore, in the field of unsupervised
learning, multi-view clustering has received great attention from researchers. Among them,

graph based multi-view clustering has made great research progress in recent years. Graph based

Wk H 1. 2023-03-03 5 fELR & Aii H 1] : 2023-12-05. APEIR ] 5 A AR EIEETH (62176001, 61806003) & HUA FH AR T 3t 4 1l
H (1908085MF188) % 4 # T T H SR BL 4 3k 4 J 5 301 H (KJ2020A0041) 22804 T A2 416 75 75 4ERF 2230 H (2023 AH030004) %5 B .
2 B R, b E LS (CCP) & b, R T AU A T8 8 HLE 2 RS B H . E-mail: jixia@ahu.edu.cn.
BERASE , -, FEFSE 5 [0 RIS GG BN EE . B RGEMEMEE i+, fl 2, P E LA S (CCP & 5L, BT
UL > BIRIZ IR N T BE . E-mail : zhoupeng@ahu.edu.cn. Bk B 1t PRI, T BRFSE 4R KBS AESA M. Aot
i URL: https://gitee.com/smy6661/ajo-mve-code



2 EANN P = By L NES) PSR AU E ZUIESE £ 311

multi-view clustering generally involves learning similar graphs from the raw data of each view,
and then fusing similar graphs between views to obtain the final clustering result. Therefore, the
effectiveness of multi-view clustering is determined by the quality of similar graphs and the fusion
method of similar graphs. However, existing graph based multi-view clustering methods almost
all focus on the fusion of similar graphs between views, and lack attention to the quality of similar
graphs themselves. Most of these methods learn similar graphs in isolation from the raw data of
each view, and keep the similar graphs unchanged in the subsequent graph fusion process. The
similarity graph obtained in this way inevitably contains noise and redundant information, which in
turn affects subsequent graph fusion and clustering. The existing a small amount of studies that
consider the quality of similarity graphs either directly iterate the construction of similarity graphs
and graph fusion processes, or use rank constraints to further initializes in advance during the
predefined similarity graph process, or utilizes some underlying structures of similarity graphs to
obtain the fused graph. These methods have very little improvement in the quality of similarity
graph, so the final clustering performance improvement is also very limited. At the same time,
the existing graph based multi-view clustering process lacks comprehensive consideration of
consistency and inconsistency between views, which will also seriously affect the final multi-view
clustering performance. In order to avoid the adverse effects of low-quality predefined similarity
graphs on clustering results, and to comprehensively consider the consistency and inconsistency
between views to improve the final clustering effect, this paper proposes a multi-view clustering
Firstly, the
Hadamard product is used to obtain high-quality consistency information between views, and then

method based on adaptive similarity graph joint optimization (AJO-MVC).

the predefined similarity graphs of each view are compared with this information to reconstruct the
preset similarity graphs for each view. This process strengthens the consistency between different
views and weakens the inconsistency. Secondly, a joint iterative optimization framework for
similar graph reconstruction and graph fusion is designed to achieve adaptive improvement of
similar graphs, ultimately achieving a joint improvement of similar graphs and clustering results.
This AJO-MVC method combines the process of improving similar graphs with the process of
graph fusion for adaptive iterative optimization, and continuously strengthens the consistency
between views and weakens the inconsistency between views during the iterative optimization. In
addition, this AJO-MVC method proposed in this paper also integrates some advantages of
existing multi-view clustering methods, such as self-weighting and no need for additional
clustering steps. The effectiveness and superiority of our AJO-MVC method have been fully
validated through experiments on nine benchmark datasets with eight comparison methods.

Keywords multi-view clustering; similar graph; adaptive optimization; graph fusion; self-
weighting
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11 #:/E &4 M MATLAB R2016a 7+ & F- & . % T
AJO-MVC, TN 2 5k K & 0 15, X 2 1R
ZINENEN S . By VIR A E N 1 X
BAEAEE P RSB A SR fE AR EAR
AR WUR U Y %58 4 5/ T (808 K TH 8R4
(AR BN y B8 R R e oy 22— (i %), X
FE BB A R R A AR B . [R5



2 )

A FOE MR ER A DAL ) Z2 L 2R 26

317

B BN T PRIE S50 I T DL B S 5k
B S5 REZHBORRF RS ARk —2 . Xk
SRS R T AR B s A TS
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el o B RIS AT 10 IR, S 2445 A0 SC 48 Fm 1
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(DA H A AJO-MVC J5 80 AL TG

F2 HEHEEMNEEER

K4 HA WK & d, d, d, d, d; dy P
HW 2000 6 10 216 76 64 6 240 47  UCITH#E
HW 2sources 2000 2 10 784 256 - MNIST . USPS F 547
100leaves 1600 3 100 64 64 64 - 100 FAE A D05 BAE A
NGs 500 3 5 2000 2000 2000 - 500 /13 1] 21 SRS 20 Bl
BBC 685 4 5 4659 4633 4665 4684 - BBC i ] W3 L 1) 685 473 SC 41 AR
BBCSport 544 2 5 3183 3203 - BBC 77 I3 IO 14 544 13 34k
3sources 169 3 6 3560 3631 3068 - BBC. K@ ALANC TAROIRIE Y 169 5557 20 L
Hdigit 10000 2 10 784 256 - MNIST.USPS F5
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XFHG % . T B AR ) AN FE AR AR LA fe
RAMERE . XA 45 FARTE M b R B T A SC AJO-
MVC Ik — M 2 MR R Ik iEH T
AR SC B BB HE AR S AT DR T B A R M B

(2) 5 %A O AL B ek ) GBS-ko Fil MSGL
ALY A% SCHE AR L& 2l ik 1 ATJO-MVC BBk R 26
PERETE AT . LIRS R AT A WU Y, X ERIE T A SC
5155 HR 50 XoF TR AR RL & A7 A [ 23 AT . AR SCEE T
SR A R P ) — 500 S5 PR AN — 5P 0 B AR, R TR

FH e o i — S5 B T AL WO AR AL IR 8 T ik (AR
B AR RIS BRI AR Y . SE R
B, 33RO A A R 118 A i S 2 A 88

(3) 5 [Al F J2 42 v A B 81 T & 19 5 1 MIVGL,
GMC.ASMV # L. , SE56 45 - R B AR SC AJO-MVC
T3 B AE AL P et A st A L XA 2 T
AT T S A 38 1 SRR AL A B A R A AE
L LDL KRl [ O AL HLJG T A AL IR A Je it
Mk

®3 BWMREFTEEANELREESE L ACCHIERELLR

ACC(Y) GBS-ko GMC MVGL ASMV MSGL SEMC MCGC CONAN AJO-MVC
3sources 69.23(0.00) 69.23(0.00) 30.77(0.00) 33.73(0.00) 34.50(1.81) 36.09 (0.00) 30.12(0.19) 29.41(3.13) 69. 82 (0. 00)
BBC 69. 34 (0.00) 69.34(0.00) 35.04(0.00) 33.72(0.00) 32.34(1.35) 33.28(0.00) 32.85(0.00) . - (-. ) 72.26 (0. 00)
BBCSport  80.70(0.00) 80.70(0.00) 39.15(0.00) 39.28(0.27) 35.20(1.30) 36.03(0.00) 38.05(0.00) -. - (-. ) 81.25(0.00)
HW 88.10(0.00) 88.20(0.00) 85.30(0.00) 70.13(2.45) 67.53(4.50) 74.15(0.00) 97.10 (0. 00) 65.42(6.68) 88.25 (0. 00)
HW2sources 99.40 (0.00) 99.40 (0.00) 97.95(0.00) 74.20(0.00) 69.53(7.82) 97.90(0.00) 39.55(0.00) 37.26(7.31) 99.50 (0. 00)
NGs 98.20(0.00) 98.20(0.00) 22.80(0.00) 22.80(0.41) 21.86(3.10) 20.60 (0.00) 23.80(0.00) 33.42(1.64) 98.60 (0. 00)
100leaves 82.44(0.00) 82.37(0.00) 81.06(0.00) 79.06(0.10) -. - (-. -) 70.88(0.00) 74.26(0.93) 19.39(1.33) 82.56 (0.00)
Hdigit 99.81(0.00) 99.81(0.00) 99.58(0.00) 75.19(0.00) -. - (-. =) 99.24(0.00) 42.64(0.00) 66.87(9.86) 99.87 (0. 00)
ALOI_100  65.71(0.00) 65.16(0.00) 45.47(0.00) 39.44 (0.15) 14.63(1.68) 62.96 (0.00) 25.30(0.00) 13.66 (1.56) 67. 03 (0. 00)
Average 83.66 (0.00) 83.60 (0.00) 59.68(0.00) 51.95(0.37) 39.37(3.08) 59.01(0.00) 44.86(0.12) 38.82(4.61) 84.34 (0. 00)

F4 BWLFEEANELEESE L NMIBERELLE

NMI(%6) GBS-ko GMC MVGL ASMV MSGL SEMC MCGC CONAN AJO-MVC
3sources 62.16 (0.00) 62.16(0.00) 10.34(0.00) 8.96(0.00) 6.67(1.97) 12.28(0.00) 7.50(0.02) 7.81(1.20)  64.39 (0. 00)
BBC 56. 28 (0.00) 56.28(0.00) 6.62(0.00) 3.48(0.00) 1.40(0.27) 2.77(0.00) 1.12(0.00) -.- (-.-) 61.14(0.00)
BBCSport  76.00(0.00) 76.00(0.00) 8.85(0.00) 10.85(1.90) 0.91(0.16)  2.39(0.00) 3.81(0.00) -.- (-.-) 76.92(0.00)
HW 90. 11 (0.00) 90.50(0.00) 90.55(0.00) 72.29(0.66) 71.43(2.70) 84.22(0.00) 93.31(0.00) 63.89 (5.27) 90.73(0.00)
HW2sources 98.53(0.00) 98.53(0.00) 95.00(0.00) 87.38(0.01) 63.97(3.82) 94.84(0.00) 47.26(0.00) 27.61(6.95) 98.76 (0. 00)
NGs 93.92(0.00) 93.92(0.00) 7.54(0.00) 6.62(0.73) 3.30(3.67) 1.55(0.00) 4.11(0.00) 8.47(1.43) 95.31 (0. 00)
100leaves 93.43(0.00) 92.92(0.00) 90.09 (0.00) 90.09(0.02) -. - (-.-) 86.33(0.00) 83.69(0.51) 48.21(1.40) 93.57 (0. 00)
Hdigit 99. 39 (0.00) 99.39(0.00) 98.66 (0.00) 89.32(0.01) -. - (-.-) 97.63(0.00) 47.34(0.00) 68.80(9.46) 99.57 (0.00)
ALOI100  75.59(0.00) 76.08 (0.00) 61.46(0.00) 61.75(0.24) 38.64(1.79) 74.13(0.00) 35.89(0.00) 40.94(0.52) 76.12 (0. 00)
Average 82.83(0.00) 82.86(0.00) 52.13(0.00) 47.86(0.40) 26.62(2.05) 50.68(0.00) 36.01(0.06) 38.01(3.87) 84.06 (0. 00)

RS BWLEFAEEANELEES L ARIBERELLE
ARI(%) GBS-ko GMC MVGL ASMV MSGL SFMC MCGC CONAN  AJO-MVC
3sources 44.31(0.00) 44.31(0.00) -3.38(0.00) -2.11(0.00) 3.07(2.19)  3.75(0.00) -3.76(0.06) 2.36(1.25)  46.28 (0. 00)
BBC 47.89(0.00) 47.89(0.00) 0.24(0.00) 0.18(0.00) 0.07 (0.43)  0.37(0.00) -0.22(0.00) -. - (-. -) 50.94 (0. 00)
BBCSport  72.18(0.00) 72.18(0.00) 1.89(0.00) 2.75(0.69) 2.60(0.28)  0.51(0.00) 1.70(0.00) -. - (-.-) 73.99(0.00)
HW 84.99(0.00) 85.02(0.00) 83.13(0.00) 57.46(2.70) 59.25(4.58) 62.55(0.00) 93.64 (0.00) 50.60(7.33) 85.44(0.00)
HW2sources 98.67 (0.00) 98.67 (0.00) 95.51(0.00) 74.34(0.02) 51.98(6.81) 95.37(0.00) 32.88(0.00) 18.58(6.57) 98.89 (0. 00)
NGs 95.54 (0.00) 95.54(0.00) 0.25(0.00) 0.28(0.07) 0.58(1.37) 0.00(0.00) 0.32(0.00) 6.01(1.09)  96.54 (0. 00)
100leaves 57.11(0.00) 49.74(0.00) 51.55(0.00) 61.04(0.38) —. - (-.-) 34.54(0.00) 40.67(1.91) 5.99(1.04)  57.59 (0. 00)
Hdigit 99. 58 (0.00) 99.58(0.00) 99.07 (0.00) 76.19(0.00) -. - (-. =) 98.32(0.00) 33.32(0.00) 56.36(11.86) 99.71 (0.00)
ALOI_100  9.67(0.00) 10.27(0.00) 2.78(0.00) 3.58(0.10) 7.41(0.92) 9.44(0.00) 2.58(0.00) 8.08(1.44)  10.40 (0. 00)
Average 67.78(0.00) 67.03(0.00) 36.78(0.00) 30.42(0.44) 17.85(2.37) 33.88(0.00) 22.35(0.22) 21.62 (4.48) 68. 86 (0. 00)
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®6 BIXLHAEEANELEIEE L F-score FMERELL R

F-score(%))  GBS-ko GMC MVGL ASMV MSGL SEFMC MCGC CONAN AJO-MVC
3sources 60.47(0.00) 60.47(0.00) 34.17(0.00) 35.28(0.00) 37.48(6.88) 39.46(0.00) 33.71(0.04) 17.69(2.37) 61.81 (0. 00)
BBC 63.33(0.00) 63.33(0.00) 37.49(0.00) 37.81(0.00) 36.87 (1.92) 38.06(0.00) 37.65(0.00) —. - (-. -) 65.30 (0. 00)
BBCSport  79.43(0.00) 79.43(0.00) 39.07 (0.00) 39.41(0.32) 37.91(2.02) 38.70(0.00) 39.15(0.00) -. - (-. -) 80.76 (0. 00)
HW 86.54 (0.00) 86.58(0.00) 84.93(0.00) 62.24(2.24) 63.73(3.99) 67.25(0.00) 94.28 (0.00) 12.30 (11.36) 86.95 (0. 00)
HW2sources 98. 80 (0.00) 98.80(0.00) 95.95(0.00) 77.23(0.02) 57.13(5.91) 95.83(0.00) 43.20(0.00) 10.80 (4.58) 99.00 (0. 00)
NGs 96.43(0.00) 96.43(0.00) 32.80(0.00) 32.72(0.05) 33.05(0.44) 33.02(0.00) 32.87(0.00) 13.34(3.24) 97.22(0.00)
100leaves 57.65(0.00) 50.42(0.00) 52.17(0.00) 62.55(0.38) -. - (-. -) 33.45(0.00) 41.48(1.87) 0.94(0.43) 58.12 (0. 00)
Hdigit 99.62(0.00) 99.62(0.00) 99.16(0.00) 78.91(0.00) -. - (. -) 98.49(0.00) 43.40(0.00) 9.75(9.46) 99.74 (0. 00)
ALOI_100  11.30(0.00) 11.89(0.00) 4.64(0.00) 5.41(0.10) 8.55(0.84) 11.07(0.00) 4.45(0.00) 0.71(0.39) 12.00 (0. 00)
Average 72.62(0.00) 71.89(0.00) 53.38(0.00) 47.95(0.35) 39.25(3.14) 50.81(0.00) 41.13(0.21) 9.36(4.55) 73.43 (0. 00)
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Background

The problem studied in this paper belongs to the clustering
problem in machine learning, and the direction is multi-view
clustering. Compared with single view, multi-view clustering can
obtain more comprehensive information about objects, which is a
very important field in machine learning. In recent years, multi-
view clustering has produced many research results, which can be
roughly divided into collaborative learning, multi-kernel learning,
multi-view subspace clustering and graph-based multi-view
clustering, etc.

Graph-based multi-view clustering has achieved great
research progress in recent years. However, most of the existing
methods learn the similarity graph from the original data of each
view in isolation, and keep the similarity graph unchanged in the
subsequent graph fusion process, resulting in the similarity graph
inevitably containing noise and redundant information, which
seriously affects the final clustering quality. At the same time, the
existing multi-view clustering process also lacks comprehensive
consideration of the consistency and inconsistency between views ,
which will also affect the final clustering performance. Aiming at
the above problems, this paper proposes a new multi-view
clustering method based on joint optimization of adaptive

similarity graphs. This method combines the similarity graph
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improvement process with the graph fusion process for adaptive

iterative  optimization, and continuously  strengthens the
consistency between views and weakens the inconsistency
between views during iterative optimization. effectively solve the
problems in the above-mentioned graph-based multi-view
clustering methods, and a large number of experiments have also
verified the effectiveness and superiority of the method.

The project of this research is the key project of the Natural
Science Foundation of Higher Education in Anhui Province
“Research on Robust Fusion of Multimodal Data Based on
Multimodal

data fusion is a core research field of big data analysis.

Rough Sets and Multi-objective Optimization” .

However, there are serious robustness problems in multimodal
data fusion that have not been resolved. Therefore, this
project’ s research on how to improve the robustness of
multimodal data fusion models has important theoretical and
practical application value. This paper studies the noise problem
of the original data and its intermediate similarity graph model in
multi-view data clustering fusion.  Through the joint
optimization of adaptive similarity graph reconstruction and
similarity graph fusion, the effect of multi-modal data fusion and

its robustness are effectively improved.



