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Abstract: Multi-view subspace clustering (MVSC) is widely recognized for its effectiveness in integrating multi-source
heterogeneous data, yet two critical challenges are identified: insufficient robustness of affinity matrices against noise

and limited capability in capturing cross-view consistent information. To address these issues, a multi-view subspace
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clustering algorithm was proposed by integrating dual denoising mechanisms with pairwise similarity principles. Firstly,

a dual denoising strategy was designed during the initial data processing stage, where smooth denoising was achieved

through low-pass filters, followed by low-rank denoising via a multi-step matrix decomposition framework. Subse-

quently, pairwise similarity principles were introduced, and inter-view consistency constraints were systematically con-

structed to effectively explore shared information across views. Finally, an optimization framework was developed using

the augmented Lagrangian method (ALM) . The proposed algorithm demonstrates significant advantages across seven

datasets from different domains. Compared with other algorithms, it achieves average improvements of 17.79% in accu-

racy, 20.72% in normalized mutual information, and 16.37% in F-score metrics. Particularly on the CESC dataset, the al-

gorithm attains an ACC score of 0.862 9, representing a 16.13% improvement over the efficient and effective one-step

multiview clustering (EEOMVC), which fully demonstrates its superior performance in multi-view data fusion.

Key words: multi-view learning, subspace clustering, matrix decomposition, low-rank representation
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v N 1 1 1
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