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Abstract: In recent years, algorithms based on multi-kernel learning and graph clustering have garnered significant attention
in the field of data mining. This article reviews four advanced multi-kernel graph clustering algorithms: nearest neighbor linear
kernel weighted multi-kernel graph clustering, multi-kernel graph clustering based on simultaneous global and local structure
preservation, multi-kernel graph clustering based on direct consensus relationship graph learning, and custom non-negative
matrix factorization multi-kernel graph tensor clustering. These algorithms have their own characteristics and, by combining
multi-kernel learning, graph clustering, and other advanced technologies, they improve the accuracy and efficiency of clustering.
However, they also face challenges such as high computational complexity and parameter settings, necessitating further research
and optimization. These algorithms have wide application prospects in fields such as image recognition, text classification, and
bioinformatics, providing new solutions for handling complex data structures.
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1. Introduction

With the rapid development of industries such as the
Internet, video surveillance, military detection, medical
imaging, and Earth remote sensing, acquiring complex data
formats like text, images, videos, and audio has become
effortless. These diverse data sources pose new challenges to
scholars in the field of machine learning. How to effectively
manage this data and extract valuable information from it has
emerged as a crucial issue in machine learning, pattern
recognition, data mining, and artificial intelligence.
Clustering, as a vital data analysis method!, plays an
indispensable role.

The core objective of clustering is to partition the dataset
into multiple meaningful groups or clusters composed of
similar objects based on the representation information of the
data and the similarity between them. This partitioning helps
eliminate redundancy and useless information in the data,
reduces uncertainty, and enhances the consistency within
groups and the distinctiveness between groups, thereby
providing a solid foundation for subsequent data processing
or analysis tasks. It is worth noting that clustering is an
unsupervised learning method, meaning that during the
clustering process, we do not know the labels or affiliations
of each data point. This characteristic of not requiring labeled
training data gives clustering methods broad prospects for
application.

In fact, clustering has played an important role in various
fields such as information retrieval, biological data analysis,
multimedia data analysis, feature representation, data
cleaning, medical diagnosis, and anomaly detection, driving
the rapid development of related theories and methods(as
shown in Figure 1). However, with the increasing
diversification of information collection methods and data
types, the clustering problem of complex data has become
more severe. This greatly limits the application of clustering-
based algorithms in solving practical problems in production,
life, and the national economy. Therefore, clustering for
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complex data has become an urgent frontier scientific
problem. Clustering plays a crucial role in fields such as

machine learning, artificial intelligence, and image
processing.
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Figure 1. Examples of Clustering Applications

2. Multi-kernel Clustering

Over the past few decades, researchers have proposed
many powerful clustering algorithms, which have achieved
significant results on single-view data. However, when facing
multi-view data, these algorithms often fall short. Even
attempts to connect all views into one whole and then apply
state-of-the-art clustering techniques on this single view often
fail to achieve satisfactory clustering results. This is because
each view carries its unique statistical characteristics and
information, and simply merging them may not effectively
utilize this information, leading to information loss and
confusion.

The Multi-Kernel Clustering algorithm (MKC) has
emerged to address this challenge, specifically designed for
multi-view data to fully exploit the diversity and



complementarity among different views. By considering the
characteristics of multiple views, multi-kernel clustering can
more comprehensively and deeply explore the structure and
patterns in the data.

As an advanced clustering technique, multi-kernel
clustering has attracted a great deal of attention and research
from scholars in recent years. Due to the inherent connections
and differences among different views in multi-view data,
how to fully and reasonably utilize the information in these
views becomes the key to improving the performance of
multi-kernel learning.

To better utilize the information in multi-view data, multi-
kernel clustering algorithms typically follow two core
principles ':

1. Consistency Principle: This principle emphasizes that
multiple kernels should maintain consistency and
collaboration during the clustering process. In other words,
although different kernels may have different characteristics
and perspectives, they should reach some consensus on the
clustering results, ensuring that samples belonging to the
same category are correctly assigned to the same cluster
across all kernels.

2. Complementarity Principle: This principle suggests that
each kernel may contain information or knowledge that other
kernels do not possess. Therefore, by considering the
information from multiple kernels comprehensively, multi-
kernel clustering algorithms can obtain more comprehensive
and accurate clustering results.

This article mainly introduces four novel multi-kernel
clustering algorithms, namely the nearest neighbor linear
kernel weighted multi-kernel graph clustering algorithm, the
multi-kernel  graph  clustering algorithm based on
simultaneously preserving global and local structures, the
multi-kernel graph clustering algorithm based on direct
consensus relationship graph learning, and the multi-kernel
graph tensor clustering algorithm customized for non-
negative matrix factorization.

2.1. Nearest Neighbor Linear Kernel Weighted
Multi-Kernel Graph Clustering

The nearest neighbor linear kernel weighted multi-kernel
graph clustering is an advanced clustering algorithm that
combines the advantages of multi-kernel learning and graph
clustering to enhance clustering performance through the
weighted integration of linear kernels based on nearest
neighbor relationships.

This algorithm addresses the limitations of traditional
clustering algorithms in handling complex data structures by
introducing the concept of multi-kernel learning. Multi-kernel
learning allows the algorithm to utilize multiple different
kernel functions to capture various features of the data,
thereby improving clustering accuracy.

Moreover, the core idea of the algorithm lies in the nearest
neighbor linear kernel weighting. It calculates the similarity
between different kernel functions and assigns them different
weights to construct a weighted multi-kernel matrix. This
approach maximizes the advantages of different kernel
functions while reducing the impact of noise and redundant
information(?..

Furthermore, the algorithm incorporates the idea of graph
clustering, which is a clustering method based on graph
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theory that discovers cluster structures in data by constructing
a graph model. In the nearest neighbor linear kernel weighted
multi-kernel graph clustering, the algorithm first constructs a
consensus relationship graph and then partitions it using
graph clustering algorithms to obtain the final clustering
result. It leverages both global and local structural
information of the data while considering the
complementarity between different kernel functions,
demonstrating excellent performance in handling datasets
with complex structures and features. However, the
algorithm's computational complexity is relatively high,
requiring significant computational resources.

In terms of applications, the nearest neighbor linear kernel
weighted multi-kernel graph clustering algorithm has been
widely used in fields such as image recognition, text
classification, and bioinformatics. In these domains, the
algorithm effectively handles large-scale high-dimensional
data, uncovering the intrinsic structures and patterns within
the data. Future research directions include optimizing
the algorithm's computational efficiency, reducing
computational complexity, designing more effective kernel
function selection strategies to adapt to different types of
datasets, and integrating other advanced machine learning
techniques to further enhance clustering performance and
accuracy.

2.2. The multi-kernel graph clustering
algorithm based on simultaneously
preserving global and local structures

The Structure Preserving Multiple Kernel Clustering
algorithm is a graph clustering approach aimed at improving
the quality of relational graphs by considering both global and
local structure preservation in the kernel space of the data.

Specifically, the SPMKC algorithm proposes a strategy
based on heat kernel and nearest neighbor kernel weighting to
learn the optimal consensus kernel. This strategy helps the
algorithm to accurately identify the intrinsic structure and
features of the data during the clustering process. Additionally,
the algorithm emphasizes preserving the global and local
structures of the data, meaning that it attempts to maintain the
relative positions and relationships between data points as
much as possible during clustering to better reflect the true
distribution and characteristics of the data. Through this
approach, the SPMKC algorithm achieves better performance
in multi-kernel graph clustering, enhancing clustering
accuracy and stability.’) It holds significant potential for
practical applications, particularly in dealing with complex
and large-scale datasets.

It's worth noting that while the SPMKC algorithm excels
in preserving global and local structures, its performance is
still influenced by various factors such as data distribution,
noise interference, and algorithm parameter settings.
Therefore, in practical applications, adjustments and
optimizations to the algorithm may be necessary to achieve
the best clustering results based on specific circumstances.

2.3. The multiple kernel graph clustering
algorithm based on direct consensus
relationship graph learning.

The Consensus Relationship Graph Learning-based
Multiple Kernel Graph Clustering Algorithm is an innovative



clustering approach designed to address efficiency issues of
traditional clustering algorithms when dealing with large-
scale high-dimensional data. This algorithm is based on the
research idea of pure graph multiple kernel graph clustering,
aiming to effectively discover the true cluster structure of data
by directly learning consensus relationship graphs.

CAGL simplifies the algorithm process and reduces
computational complexity by optimizing objectives, enabling
it to maintain high efficiency when processing large-scale
datasets. Through an iterative self-adjusting Laplacian rank
constraint weight method, CAGL ensures precise
connectivity components in the consensus relationship graph.
This approach aids in better identifying the genuine cluster
structure of data, thus improving clustering accuracy. The
algorithm also adopts a nearest k-sparse strategy to reduce
redundant edges in the relationship graph. This not only
lowers computational complexity but also enhances inter-
class sparsity, resulting in clearer clustering outcomes.

A self-weighted graph fusion strategy is proposed to
integrate complementary and consensus information from
different candidate relationship graphs, avoiding the high
computational complexity associated with quadratic
programming. This feature enables the algorithm to conserve
computational resources while ensuring accuracy.

In application, the Consensus Relationship Graph
Learning-based Multiple Kernel Graph Clustering Algorithm
can be employed in various clustering scenarios, particularly
for large-scale high-dimensional datasets with complex
structures and features, showcasing superior performance.
Therefore, this algorithm represents an efficient and accurate
clustering method, leveraging optimization objectives,
iterative self-adjustment of weights, nearest k-sparse strategy,
and self-weighted graph fusion strategy to enhance clustering
accuracy and efficiency.

2.4. The Multi-Kernel Graph Tensor
Clustering Algorithm Customized by Non-
negative Matrix Factorization

The custom Non-negative Matrix Factorization based
multi-kernel graph tensor clustering algorithm is an advanced
clustering technique that combines the principles of NMF and
multi-kernel graph tensor clustering. It aims to enhance
clustering effectiveness and performance by leveraging the
characteristics of NMF and the advantages of multi-kernel
graph tensor clustering!®!,

NMF is a matrix factorization method that requires all
components of the decomposition to be non-negative. This
method enables nonlinear dimensionality reduction while
preserving the non-negativity of the data. By decomposing
the original data into basis and coefficient matrices, NMF
reveals the intrinsic structure and features of the data. Multi-
kernel graph tensor clustering, on the other hand, is a
clustering algorithm based on multi-kernel learning and graph
tensor theory. It captures different data characteristics using
multiple kernel functions and constructs a graph model of the
data based on tensor theory to discover cluster structures. This
approach effectively utilizes both global and local structural
information of the data, thereby improving clustering
accuracyll.

The custom NMF-based multi-kernel graph tensor
clustering algorithm integrates NMF principles into multi-
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kernel graph tensor clustering through customization.
Specifically, the algorithm preprocesses the original data
using NMF to obtain basis and coefficient matrices. Then, it
constructs a multi-kernel graph tensor model based on these
matrices and performs clustering using multi-kernel graph
tensor clustering methods. This approach fully utilizes the
advantages of NMF in data representation and feature
extraction, while combining the capability of multi-kernel
graph tensor clustering to discover data cluster structures,
thus enhancing overall clustering performance.

The algorithm's strengths lie in its ability to fully utilize the
non-negativity, global and local structural information of the
data, as well as the complementary nature of multiple kernel
functions. This makes it particularly effective in handling
datasets with complex structures and features. However, the
algorithm's computational complexity is relatively high,
requiring significant computational resources.

In terms of applications, the custom NMF-based multi-
kernel graph tensor clustering algorithm can be applied to
various clustering scenarios, especially for large-scale high-
dimensional datasets with complex structures and features,
where it demonstrates superior performance.

Future research directions include further optimizing the
algorithm's computational efficiency and reducing its
complexity, designing more effective kernel function
selection strategies to adapt to different types of datasets, and
integrating other advanced machine learning techniques to
further enhance clustering performance and accuracy.

In summary, the custom NMF-based multi-kernel graph
tensor clustering algorithm is an advanced clustering
technique that combines NMF and multi-kernel graph tensor
clustering methods. By customizing NMF principles into
multi-kernel graph tensor clustering, it improves clustering
effectiveness and performance. However, the algorithm still
faces some challenges and requires further research.

3. Conclusion

The core idea of the nearest neighbor linear kernel
weighted multi-kernel graph clustering algorithm is to
introduce the concept of neighborhood based on the
traditional linear kernel weighted research approach. It treats
the kernel generated by linear weighting as a pseudo-
consensus kernel and searches for the optimal consensus
kernel within the neighborhood range of the pseudo kernel.
By considering neighborhood information, the algorithm can
more accurately capture the local structure of the data, thereby
improving the accuracy of clustering. However, this
algorithm may overlook the consideration of the global
structure of the data, leading to situations where the
advantages of multi-kernel information cannot be fully
utilized. This drawback can be addressed by a multi-kernel
graph clustering algorithm based on simultaneously
maintaining global and local structures. This algorithm
considers both the global and local structural information of
the data during the clustering process, aiming to preserve the
structural information of the original data in its original space.
By simultaneously considering both global and local
structures, the algorithm can more comprehensively reflect
the characteristics of the data, thereby improving the stability
and accuracy of clustering. It may face the problem of high
computational complexity when dealing with large-scale



datasets, requiring a trade-off between computational
efficiency and clustering effectiveness. The non-negative
matrix decomposition customized multi-kernel graph tensor
clustering algorithm utilizes the non-negative matrix
decomposition method to decompose the multi-kernel graph
tensor, thereby obtaining clustering results. Non-negative
matrix decomposition has the dual functions of
dimensionality reduction and clustering, which can
simultaneously achieve data dimensionality reduction and
clustering, improving the efficiency of the algorithm.
However, it may be necessary to adjust the parameters and
strategies of non-negative matrix decomposition according to
different datasets and clustering requirements to achieve the
best clustering results.

Overall, these algorithms have their own strengths in the
field of multi-kernel graph clustering, suitable for different
scenarios and requirements. In practical applications, it is
necessary to choose the appropriate algorithm based on the
specific dataset, computational resources, and clustering
objectives. Furthermore, as technology continues to evolve,
these algorithms will continue to be optimized and improved
to adapt to a wider range of application scenarios.
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