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Anchor Multi-view Clustering Based on Adaptive Fusion of
Global and Local Information
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Abstract; Subspace-based multi-view clustering algorithms have attracted much attention due to their
good clustering performance and mathematical interpretability. Among them, some large-scale multi-view
subspace clustering algorithms based on anchor strategy can effectively reduce the spatiotemporal com-
plexity. However, existing algorithms often learned the subspace self-representation matrix from the global
structure, ignoring the local structure information between the view data, anchors and the subspace self-
representation matrices. Inspired by the multi-view self-weighted multi-graph learning algorithm, the an-
chor multi-view clustering based on adaptive fusion of global and local information (AMVC-AFGL) algo-
rithm was proposed. The proposed algorithm aimed to learn a more effective subspace anchor graph matrix
for each view data by adaptively allocating view weights and fusing the global information and local infor-
mation between the data, and then concatenated them into a smaller fusion anchor graph matrix for spec-
tral clustering. Extensive experiments were carried out on 10 public real benchmark datasets, and com-
pared with other 12 advanced multi-view clustering algorithms, the results showed the effectiveness and
scalability of the proposed algorithm.
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Table 1 ACC of different clustering algorithms on multi-view datasets AT . %

s 4k MSC-IAS PMSC FMR UOMVSC SFMC MLRSSC AMGL RMKM BMVC LMVSC SMVSC FPMVS A SCH %
Caltech101-7 39.76  58.34 43.96 67.10 67.71 37.31 39.97 38.13 82.90 59.91 46.27 58.82 73.17
Mfeat 85.95  72.85 68.40 97.25 56.90 20.01 71.42 80.80 65.80 91.75 70.60 71.30 93.45
Caltech101-20 31.27  48.91 36.97 46.56 40.32 28.21 28.90 40.74 55.28 47.82 41.79 50.17 50.78
BDGP 52.10  29.20 41.88 40.96 41.26 36.12 34.48 41.36 39.76 50.12 38.68 35.04 52.36
Wiki 23.91 59.49 60.68 55.97 16.22 15.77 12.23  54.36 47.21 60.85 57.47 58.20 61.95
Reuters-7200 — — — — 16.00 18.44 16.79 27.36 36.06 28.82 29.38 17.60 30.21
Reuters — — — — — — 16.72 40.12 52.85 54.34 58.90 46.59 57.71
YTF10 — — — — — — — 75.68 58.58 69.74 73.29 69.89 74.96
YTF20 — — — — — — — 57.68 57.39 64.64 68.21 65.37 70.22
YTF50 — — — — — — — — 66.00 69.32 68.23 67.21 68.65
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Table 2 NMI of different clustering algorithms on multi-view datasets AT . %

LIS MSC-IAS PMSC FMR UOMVSC SFMC MLRSSC AMGL RMKM BMVC LMVSC SMVSC FPMVS A 3L
Caltech101-7 24.55  53.20 40.77 65.07 55.51 21.11 44.99 40.55 67.25 49.89 32.49 36.12 56.38
Mfeat 87.68  65.24 67.67 94.05 68. 15 28.63 77.12  82.28 59.39 85.54 60.02 61.24 85.83
Caltech101-20 31.38  53.89 50.52 63. 88 36.27 26.70 47.95 50.60 49.79 55.01 39.90 45.57 56.65
BDGP 33.07  5.04 12.64 16.91 16. 62 26.33 17.21 16.98 15.74 26.36 10.34 9.69 29.09
Wiki 8.65 52.03 51.90 52.46 1.36 0.08 0. 83 53.42 41.59 50.87 52.58 53.23 55.44

Reuters-7200 — — — — 12.86 4.16 0.27 5.56 12.82 7.6l 8.19 0.19 8. 14

Reuters — — — — — — 0.19 20.43 26.51 33.82 37.21 31.81 35.31
YTF10 — — — — — — — 78.83 54.66 81.98 79.28 80.32 79.35
YTF20 — — — — — — — 73.84 71.65 77.36 81.99 77.59 78.25
YTF50 — — — — — — 81.90 83.10 83.94 83.15 81.98

T R D028 ST SRR R R 4B 2 PR 2 SR SRR B R0 — AR B th T AR R R TCE R R AR LB AT,
®3 FRABREREZESUEBIEE LD Puriy B

Table 3 Purity of different clustering algorithms on multi-view datasets A %
Byl MSC-IAS PMSC FMR UOMVSC SFMC MLRSSC AMGL RMKM BMVC LMVSC SMVSC FPMVS A SCH %

Caltech101-7 44. 44 85.14 80.87 88.26 85.48 41.45 40.40 82.77 82.90 83.58 75.64 78.02 85.65
Mfeat 87.20 72.85 71.80 97.25 57.40 20.01 73.77 83.50 65.80 91.75 70.60 71.30 93.45
Caltech101-20 33.74 69.74 69.40 78.29 45.05 30.39 30.97 70.75 60.44 73.43 59.81 63.70 55.02
BDGP 53.52 30.92 42.44 43.12 42.37 36.12 35.75 42.12 40.52 50.12 38.68 35.80 56.84
Wiki 26. 68 61.34 60.89 60.57 16.40 15.77 12.51  62.11 49.27 61.34 61.41 61.79 64.96
Reuters-7200 — — — — 25.31 18.44 16.80 28.26 37.54 29.29 29.92 17.96 36.21
Reuters — — — — — — 16.76 40.16 56.47 58.99 64.17 56.59 61.42
YTF10 — — — — — — — 79.70 63.87 74.78 79.29 77.05 82.62
YTF20 — — — — — — — 68.78 64.76 71.89 75.79 65.97 77.01
YTF50 — — — — — — — — 73.64 75.32 73.45 71.67 176.90
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Figure 2 The influence of balance parameters on clustering performance
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Table 4 Running time of compared methods to achieve optimal clustering performance on multi-view datasets ¥.{i/ ;s

BAEE  MSC-IAS  PMSC FMR UOMVSC SFMC MLRSSC AMGL  RMKM BMVC LMVSC SMVSC FPMVS A&

Caltech101-7 6. 85 1516.23 18.42  410.56  8.62 3.32 2.86 2.45 15.23  2.65 2.89 4.26 60. 56
Mfeat 16.81  3300.30 251.03 11 528.80 88.62 27.94 19.62 3.95 0.43  2.96 1.38 1.42 1.82
Caltech101-20 14.62 4 512.60 563.20 2 356.20 58.21 25.61 30. 56 5.28 20.87  2.98 2.96 5.41 28.15
BDGP 13.26 15 215.20 1 070.40 34 800. 10 39.23 26.89 73.71 7.53 0.35 2.86 1.63 3.36 2.12
Wiki 15.92 14 386.60 1 068.80 9 991.70 9.84 30.72 180.62  6.27 0.11  2.86 3.15 21.12 0.85
Reuters-7200 — — — — 39.51 486.68 1251.23 25.00 0.88  20.46 13.79 12.56 12.92
Reuters — — — — — — 10 594.21 202.32  8.41  68.53 66.24 62.23 117.12
YTF10 — — — — — — — 675.42  108.20 196.70  253.22  995.62 105. 45
YTF20 — — — — — — — 1780.50 80.53 513.52  720.22 1685.24 219.81
YTF50 — — — — — — — — 65.71 353572 2254.32 9176.46 206.57
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Table 5 Results of ablation experiments AT . %
ACC NMI Purity
BHE REN ERW RRE AL BEN TR BRE AKX BEN LR ERE AL
e ot #51 L =873 it g5 e Ak W i il Bk
Caltech101-7  70.23  70.62  71.85 73.17 48.65 52.24 53.12 56.38 80.45 79.09 81.85 85.65
Mfeat 90. 21 89.15 91. 36 93.45 81.28 80. 31 82.25 85.83 89.81 89.65 90.24 93.45
Caltech101-20 46.24  45.62 48.86 50.78 53.46 52.98 55.21 56.65 51.25 50.09 52.26 55.02
BDGP 49.63 48.52 50.15 52.36 26.58 24.02 25.41 29.09 54.22 53.85 55.06 56.84
Wiki 58. 65 57.28 59. 69 61.95 52.06 51.28 53.49 55.44 62.24 61.51 62.82 64.96
Reuters-7200  26.14  25.56  27.25  30.21 6.95 6. 89 7.12 8.14 32.05 31.89 35.08 36.21
Reuters 52.39 55.81 56.47 57.71 28.06 29.51 31.25 35.31 58.12 56.38 58.61 61.42
YTF10 67.12  65.25 68.89 74.96 74.96 73.85 75.54 79.35 78.24 75.68 79.02 82.62
YTF20 62.42  65.63 66.58 70.22 72.08 72.86 75.18 78.25 75.65 73.48 75.81 77.01
YTF50 61.21 62.45 65.22 68.65 74.66 76.84 78.45 81.98 73.21 70.68 73.62 76.90
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