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On the Generalization of Spectral Clustering on Bipartite Graph

LTIANG Wei-Xuan LIU Xin-Wang LAN Long ZHU En

(College of Computer Science and Technology, National University of Defense Technology, Changsha 410073)

Abstract Spectral clustering is an important clustering algorithm that achieves desirable cluste-
ring performance in various application scenarios. However, its high computational complexity
limits its applicability to large-scale datasets. To improve computational efficiency, researchers
have developed spectral clustering algorithms on bipartite graphs. Specifically, these methods se-
lect only a subset of the training set as an anchor set and construct a bipartite graph using the
whole training set and the anchor set, performing approximate spectral clustering on the bipartite
graph. However, there are three issues with such methods that have not been thoroughly stud-
ied: (1) whether the spectral clustering algorithm on bipartite graph possesses generalization a-
bility; (2) how to efficiently obtain low-dimensional embeddings for the out-of-sample points;
(3) how to determine the scale of anchor number to obtain the optimal trade-off between statisti-
cal accuracy and computational efficiency. To address the above three issues, this paper first es-
tablishes a framework for analyzing the generalization of spectral clustering and, based on the
consistency of spectral clustering, derives the upper bounds of both the generalization risk and
the excess risk of the standard NCut algorithm. Then, this paper also analyzes the generalization

ability of an approximation algorithm for the standard NCut, i. e. , the Nystrém-based spectral
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clustering algorithm on bipartite graph. Based on the derived generalization theory for spectral

clustering on bipartite graph, this paper proposes an algorithm that can obtain low-dimensional

embeddings for out-of-sample points. Furthermore, a theoretical strategy for selecting the num-

ber of anchor points is proposed, revealing that when the number of anchor points is @ (v ) » the

algorithm achieves the optimal trade-off between statistical accuracy and computational efficien-

cy. Finally, the proposed algorithm’s effectiveness and the correctness of the theoretical results

are validated on benchmark datasets.
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The topic of this paper is the generalization analysis of
spectral clustering on bipartite graph. Due to its ability to ef-
fectively handle non-linearly separable and large-scale data,
spectral clustering on bipartite graph has been successfully
applied in numerous learning tasks with excellent results,
such as image segmentation, object detection, community
detection, gene expression analysis, speech segmentation,
and multi-view clustering.

In the existing literature, spectral clustering on bipartite
graph still faces the following three issues: 1. A lack of necessa-
ry theoretical guarantees, with no analysis of the algorithm's gen-
eralization ability. 2. Difficulty in efficiently obtaining positional
embeddings for out-of-sample vertices. 3. Challenges in determi-
ning the number of anchor points to achieve an optimal balance
between statistical accuracy and computational cost.

To address these issues, this paper first establishes a
framework for analyzing the generalization of spectral cluste-
ring and, based on the consistency of spectral clustering, de-

rives the upper bounds of both the generalization risk and the
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excess risk of the standard NCut algorithm. Then, this paper
also analyzes the generalization ability of an approximation
algorithm for the standard NCut, i. e., the Nystrém-based
spectral clustering algorithm on bipartite graph. Based on the
derived generalization theory for spectral clustering on bipar-
tite graph, this paper proposes an algorithm that can obtain
low-dimensional embeddings for out-of-sample points. Fur-
thermore, a theoretical strategy for selecting the number of
anchor points is proposed, revealing that when the number of
anchor points is , the algorithm achieves the optimal trade-
off between statistical accuracy and computational efficiency.

This research is supported by the National Natural Sci-
ence Foundation of China (No. 62325604, 62276271). This
paper is the first work to analyze the generalization ability of
spectral clustering on bipartite graph. It reveals the impact of
the number of anchor points on the performance of bipartite
graph spectral clustering, which is significant for under-
standing the properties of spectral clustering algorithms and

developing new ones.





