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Research on Knowledge—Guided Anchor—Based Multi-View Clustering

LIANG Ke MA Hui-Min LIU Su-Yuan LIU Xin-Wang
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Abstract  Traditional multi-view clustering methods use similarity matrices to describe the
sample-level correlations. However, the correlations between samples can naturally be described
by knowledge graphs. Existing methods have neither observed it nor designed effective
mechanisms to utilize it, leading to suboptimal performance. Meanwhile, graph-based multi-view
clustering methods can also generate correlation graphs to describe the relations between samples.
Therefore, it is easy to think about whether we can better leverage these two views of
correlations. To this end, this paper proposes a novel method, named the Knowledge-guided
Anchor-graph-based Multi-view Clustering (KAMVC). Specifically, besides using existing
anchor-based MVC methods as backbone models, KAMVC first designs a knowledge-guided
anchor-graph enhancement module, which includes three steps: (1) anchor-graph feature
projection, (2) structural knowledge encoding, and (3) alignment learning. Such a module is
simple yet effective in utilizing the sample-level correlation information underlying related KGs,
and 1t can also be easily integrated with different anchor-graph-based multi-view clustering
methods to enhance their capabilities. Extensive experiments were conducted on three
datasets, i. e., MV-Nation, MV-WordNet, and MV-UMLS, to validate KAMVC's promising
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performance from five aspects, including superiority, effectiveness, transferability, sensitivity,

and convergence. In particular, compared to traditional methods, KAMVC improves the ACC,
NMI, and PUR metrics by 26. 38%, 23. 76 %, and 26. 00% on MV -Nation, respectively.
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graph machine learning
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Background

The topic of this paper is the anchor-based multi-view
clustering. Due to its great scalability, the anchor-based multi—
view clustering has been widely studied these years.

However, existing anchor-based multi-view clustering
(AMVC) methods describe the correlations between samples
with the anchor graph, which is actually the similarity matrix.
It heavily relies on the quality of the sample features and
selection of the similarity function. Meanwhile, the authors
observe that knowledge graphs can naturally describe the
correlations between samples, which can provide more fine-
grained sample-level information. However, there is no
previous work noticing it. Also, no existing mechanism is
designed for it.

To fill this blank, this paper proposes a novel method,
named the Knowledge-guided Anchor-graph—basedMulti—
view Clustering (KAMVC). Specifically, besides using
existing AMVC methods as backbone models, KAMVC first
designs a knowledge-guided anchor-graph enhancement

module, which includes three steps: (1) anchor-graph
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feature projection, (2) structural knowledge encoding, and
(3) alignment learning. Concretely, the anchor—graph feature
projection aims to learn a feature from the similarity matrix.
The structural knowledge encoding aims to get the fine-
grained sample-level feature from the extra knowledge
graphs. Finally, KAMVC aligns the abovementioned features
together for optimization. Such a method is simple yet
effective in utilizing the sample-level correlation information
underlying related KGs, and it can also be easily integrated
with different anchor-graph-based multi-view clustering
methods to enhance their capabilities.

This research is supported by the National Natural
Science Foundation of China (NOs. 62325604, 62441618,
62276271). This paper is the first work to integrate extra
knowledge enhancing anchor—based multi-view clustering. It
provides a plug-and—-play, effective strategy to generate a fine—
grained sample-level information, which is not only helpful to
the expressive ability of AMVC methods, but also for

enhancing its practical values.



