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Motivation Methods

Baseline View Selection

»Due to semantic discrepancies across views and the absence of sup
ervision, establishing strict one-to-one correspondences is often diff
icult. In real-world scenarios, the sample relationships of different
views are typically many-to-many, and enforcing strict matching m
ay introduce noise and lead to sub-optimal alignment

» While some recent methods employ joint learning frameworks tha
t integrate alignment with feature representation to enhance perfor
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mance, they often fail to model explicit alignment relationships, th i%; Similarity Leaming v
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»> We propose to select the baseline view by measuring the similarity
between sample cluster distributions and their corresponding labe
Is within each view, effectively minimizing the impact of irrelevant
or noisy structural information on the alignment process.

Experiments

Clustering Results Convergence Analysis
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