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Abstract

Multi-view subspace clustering (MVSC) is an important and widely used technique because it can ef-
fectively integrate multi-view information and discover relevant patterns. However, its high compu-
tational cost limits its application to large-scale datasets. To improve computational efficiency, an-
chor-based MVSC methods have been proposed. These methods involve strategies for selecting an-
chors, including directly performing k-means clustering on the original data to obtain anchors, or dy-
namically learning anchors. The former is susceptible to noise and outliers in high-dimensional data,
leading to poor clustering performance, while the latter mainly relies on orthogonality constraints to
improve the diversity of anchors but ignores the balance structure and underlying semantic relation-
ships, which may undermine the representativeness and discriminative power of the anchors. To ad-
dress these issues, we combine the advantages of both anchor selection strategies and propose a new
MVSC method called Large-Scale Multi-View Subspace Clustering with Latent-Balance Anchor Guid-
ance. Specifically, we integrate latent space learning, anchor search, and anchor graph construction
into a unified framework for mutual reinforcement and joint optimization. Unlike existing methods
thatlearn anchors and construct anchor graphs in the original space, we perform anchor learning and
graph construction in the latent space. Additionally, we design a novel regularization term that aligns
the anchor set with the latent centroids, thereby fully utilizing the overall structure of the dataset dur-
ing the anchor learning process, which results in an anchor set with a balanced structure and im-
proved representativeness. Finally, extensive experiments on ten benchmark datasets demonstrate
the effectiveness and superiority of the proposed algorithm compared to existing state-of-the-art clus-
tering methods.
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Table 1. Time complexity of subproblems
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5.1.1. SELSHIE

Frde I SR AE 10 AN [R]85 ) 558 2 M I Bl kAT 12 5k (R MSRCvl . BBC.
Caltech101-7. NUS-WIDE-10. CCV. Caltech101-all. SUNRGBD. ALOI-100. AWA. MNIST).
5 WY (R NRURE A KA 4 LS OR S i 4Rl 4 . L RS BUa S5 2 2.

Table 2. A summary of 10 real datasets
2. 10 MESSRIREN RS

G S HIEAHL HALE %L HIFHL HAFAIE
MSRCv1 210 6 7 1302, 48, 512, 100, 256, 210
BBC 685 3 5 4659, 4633, 4665
Caltech101-7 1474 6 7 48, 40, 254, 198, 512, 928
NUS-WIDE-10 6251 5 10 129, 74, 145, 226, 65
ccv 6773 3 20 20, 20, 20
Caltech101-all 9144 6 102 48, 40, 254, 198, 512, 928
SUNRGBD 10,335 2 45 40, 40
ALOI-100 10,800 4 100 77,13, 64, 125
AWA 30,475 6 50 2688, 2000, 252, 2000, 2000, 2000
MNIST 60,000 3 10 342, 1024, 64
5.1.2. BEBH*
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Table 3. ACC metrics for all methods on 10 realistic datasets

= 3. 7£ 10 NESSHURE LRG3 A/ ACC 18%R

LMSC MLRSSC SFMC LMVSC MSGL FPMVSC AMVSCGL MVSC-HFD Proposed
MSRCv1 0.6833 0.7205 0.8095 0.7762 0.8524 0.9000 0.7524 0.8952 0.9048
BBC 0.7633 0.4088 0.3372 0.7241 0.7036 0.4832 0.2730 0.4234 0.7810
Catech101-7 0.6058 0.6052 0.5651 0.4437 0.4871 0.7313 0.6981 0.7205 0.7320
NUS-WIDE-10 0.2216 0.1857 0.2174 0.2692 0.2532 0.2750 0.2672 0.2553 0.2840
CCcvV 0.1598 0.1643 0.1128 0.2126 0.1961 0.2178 0.2203 0.2048 0.2348
Catech101-all - - 0.1690 0.1297 0.1355 0.1870 0.3395 0.2018 0.2747
SUNRGBD - - 0.1113 0.1815 0.1792 0.2483 0.2379 0.2231 0.2503
ALOI-100 - - 0.6720 0.6419 0.0399 0.3346 0.3250 0.3516 0.6842
AWA - - - 0.0869 0.0878 0.0823 0.0907 0.0862 0.1021
MNIST - - - 0.9529 0.9802 0.8828 0.8971 0.9803 0.9803
Table 4. NMI metrics for all methods on 10 realistic datasets
F 4. 17 10 MESHURE EATE A AR NMI #5465
LMSC MLRSSC SFMC LMVSC MSGL FPMVSC AMVSCGL MVSC-HFD Proposed
MSRCv1 0.6151 0.6748 0.7958 0.6523 0.7348 0.8454 0.6784 0.8420 0.8519
BBC 0.5243 0.1432 0.0228 0.4805 0.4476 0.2157 0.0249 0.1365 0.6693
Catech101-7 0.5668 0.5787 0.5626 0.2567 0.3910 0.4923 0.6295 0.4949 0.4924
NUS-WIDE-10 0.0647 0.0463 0.0176 0.1172 0.1082 0.1180 0.1207 0.1098 0.1191
CCV 0.1220 0.1142 0.0317 0.1662 0.1576 0.1720 0.1683 0.1528 0.1908
Catech101-all - - 0.2330 0.3018 0.3154 0.3091 0.4280 0.3135 0.4853
SUNRGBD - - 0.0202 0.2403 0.2448 0.2311 0.2206 0.2249 0.2386
ALOI-100 - - 0.7573 0.7721 0.1169 0.6423 0.6625 0.6468 0.8065
AWA - - - 0.0926 0.0898 0.0910 0.1039 0.0957 0.1101
MNIST - - - 0.9145 0.9367 0.9054 0.9223 0.9463 0.9465
Table 5. Purity metrics for all methods on 10 realistic datasets
5. 1 10 MNEIHIRE LA AR Purity 3845
LMSC MLRSSC SFMC LMVSC MSGL FPMVSC AMVSCGL MVSC-HFD Proposed
MSRCv1 0.5604 0.6425 0.8095 0.7762 0.8524 0.9000 0.7524 0.8952 0.9048
BBC 0.6287 0.2744 0.3401 0.7241 0.7036 0.5328 0.3518 0.4847 0.8088
Catech101-7 0.8398 0.8514 0.8494 0.6940 0.8161 0.8229 0.8752 0.8297 0.8189
NUS-WIDE-10 0.1834 0.1759 0.2284 0.3551 0.3541 0.3423 0.3363 0.3091 0.3438
CCV 0.1012 0.0974 0.1177 0.2467 0.2359 0.2503 0.2529 0.2380 0.2730
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Catech101-all - - 0.2277 0.2696 0.2921 0.2793 0.3883 0.2911 0.4566
SUNRGBD - - 0.1144 0.3735 0.3659 0.3353 0.3254 0.3099 0.3362
ALOI-100 - - 0.6820 0.6707 0.0417 0.3657 0.3414 0.3831 0.7037
AWA - - - 0.1040 0.1064 0.0904 0.0970 0.3831 0.1224
MNIST - - - 0.9529 0.9802 0.8828 0.8972 0.9803 0.9803
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Figure 1. Clustering result of proposed method with different value of A on 6 benchmark datasets
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