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Motivation 
The data points can be modeled by a graph, whose vertices and 
edges represent the data points and the similarity among the pair-wise 
data points, respectively. Then, a new representation of data can be 
obtained using the eigenvectors of the graph Laplacian matrix, which 
is low-dimensional and more separable and is often known as spectral 
embedding of data.  
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Motivation cont. 
1. A small subset of the original dataset can be selected as 
anchors, and the rest of the data points can be represented 
by the linear combination of these anchor points.  

2. The data-anchor mapping matrix, i.e., the linear 
combination coefficients matrix, P, not only captures the 
relationship between the data and anchors, but also projects 
the clustering of anchor points to the original data points.  
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Main ideas 
Use anchors to reduce the problem size to deal with the 
eigenvectors of the graph Laplacian: 
(1) Use a probabilistic sampling method to select anchors; 

(2) Solve local anchor embedding to obtain the data-anchor mapping 
matrix P; 

(3) Use data-anchor mapping matrix P to obtain the approximate 
clustering results of the original data set. 
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Flowchart of the proposed method 
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Notations 
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1. Selecting anchors 

Let dist(a, X) denote the shortest distance from anchor 
point a to dataset X. The anchors can be selected as 
follows: 
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2. Local anchor embedding  

3. Approximate clustering 
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Experiments: datasets 
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Experiment results: quality metrics 
 

1. External quality metric: purity 
 

2. Internal quality metric: Davis-Bouldin index 
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Experiment results:  
average purity 
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Experiment results:  
average DB index 
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Experiment results:  
average runtime 
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Conclusions 
1. We proposed an anchor-based spectral clustering method, called ASC, 
to obtain the approximate clustering. A small subset of the original dataset 
is selected as anchors, and the rest of the data points can be represented 
by the linear combination of these anchor points. 

 

2. The data-anchor mapping matrix, i.e., the linear combination coefficients 
matrix, P, not only captures the relationship between the data and anchors, 
but also projects the clustering of anchor points to the original data points.  
 

3. The proposed method ASC is compared with two state-of-the-art 
methods, PIC and LSC, on 10 real-world applications using three 
evaluation metrics. Experimental results showed that the proposed method 
performed significantly better than classical spectral clustering in terms of 
runtime, and achieved a better or at least comparable performance (purity 
and runtime), compared with the state-of-the-art methods. 
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