
打印： 
此海报宽48英寸高36英
寸。设计用于在大幅面
打印机上打印。 
 

自定义内容： 
此海报中的占位符为您
的内容设置了格式。您
可在占位符处进行键入
来添加文本，也可以单
击图标来添加表格、图
表、SmartArt图形、图
片或多媒体文件。 

要在文本中添加添加或
删除项目符号，请单击
“开始”选项卡上的“项目
符号”按钮。 

如果您需要更多占位符
来放置标题、内容或正
文文本，请复制您需要
的部分并将其拖动到适
当位置。PowerPoint的
智能向导会帮助您将其
与其他内容对齐。 

 

要使用您自己的图片？
没问题！ 只需单击图片，
按Delete键，然后单击
图标即可添加您的图片。 

UNSUPERVISED FEATURE SELECTION BY MANIFOLD REGULARIZED SELF-REPRESENTATION 
𝑆𝑖𝑞𝑖 𝐿𝑖𝑎𝑛𝑔1, 𝑄𝑖𝑎𝑛 𝑋𝑢2, 𝑃𝑒𝑛𝑔𝑓𝑒𝑖 𝑍𝑕𝑢2, 𝑄𝑖𝑛𝑔𝑕𝑢𝑎 𝐻𝑢2, 𝐶𝑕𝑜𝑛𝑔𝑞𝑖𝑛𝑔 𝑍𝑕𝑎𝑛𝑔2 

𝑆𝑐𝑕𝑜𝑜𝑙 𝑜𝑓 𝑀𝑎𝑡𝑕𝑒𝑚𝑎𝑡𝑖𝑐𝑎𝑙 𝑆𝑐𝑖𝑒𝑛𝑐𝑒𝑠, 𝑁𝑎𝑛𝑘𝑎𝑖 𝑈𝑛𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦, 𝑇𝑖𝑎𝑛𝑗𝑖𝑛, 𝐶𝑕𝑖𝑛𝑎
1

 
𝑆𝑐𝑕𝑜𝑜𝑙 𝑜𝑓 𝐶𝑜𝑚𝑝𝑢𝑡𝑒𝑟 𝑆𝑐𝑖𝑒𝑛𝑐𝑒 𝑎𝑛𝑑 𝑇𝑒𝑐𝑕𝑛𝑜𝑙𝑜𝑔𝑦, 𝑇𝑖𝑎𝑛𝑗𝑖𝑛 𝑈𝑛𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦, 𝑇𝑖𝑎𝑛𝑗𝑖𝑛, 𝐶𝑕𝑖𝑛𝑎

2
 

References: Tang, J.; Liu, H.; Guyon, I.; Elisseeff, A.; Dy, J.; Brodley, C.; Nie, F.; Huang, H.; Cai, X.; He, X.; Niyogi, P.; Wang, S.; Buades, A.; Coll, B.; Morel, J.; Elhamifar, E.; Vidal, R.; Zhu, P.; Zuo, W.; Zhang, L.; Hu, Q.; Shiu, S,; Liu, Y.; Liu, K.; Chen, J.; Zhou, J.; Ye, J.;  Stojnic, M.; Parcaresh, 

F.; Hassibi, B.;  Yang, Y.; Jafari, A.; Almasganj, F.; Ding, C.; Cai, D.; Zhao, Z.; Luo, J.; Tao, H.; Huang, Z.; Zhuang, Y.; Zha Y.; Shen, T.; 

Introduction 
In the past few years, high dimensional data emerge in many domains. Unsupervised feature selection has been proven to be an 

efficient technique in mitigating the curse of dimensionality. Moreover, the self-similarity property of objects, which assumes that a 

feature can be represented by the linear combination of its relevant features, has been successfully used in unsupervised feature 

selection. In this paper, we propose an algorithm that consider both the self-representation property and the manifold structure.  

Curse of Dimensionality Visualized High-Dimensional Data 

MRSR 

A data matrix with outliers and redundant features. (a) Corrupted data matrix (b) Redundant features and (c) Outliers. 

In RSR, data matrix 𝑋 is used as the response matrix, and each feature can be represented by all the features with different 

representation coefficients. However, RSR did not take the structure information of unlabeled data into consideration. Motivated 

by the manifold learning, we further incorporate a manifold regularization term to preserve data similarity. According to the 

discussion above, now we have the following minimization problem: 

 

𝑊 = argmin 𝑋 − 𝑋𝑊 2,1 + 𝜆0𝑡𝑟 𝑊𝑇𝑋𝑇𝐿𝑋𝑊 + 𝜆1 𝑊 2,1 
 

We call the above model Manifold Regularized Self-Representation (MRSR) for unsupervised feature selection. 

Algorithm 
The model discussed above is actually convex, but both the loss function and the regularization terms are non-smooth. In this 

section, we solve the optimization of MRSR using Iterative Reweighted Least-Squares (IRLS) algorithm. 

Given the current estimation 𝑊𝑡 , we define the diagonal weighting matrice 𝐺𝐿
𝑡, 𝐺𝑅

𝑡  by 𝑔:,𝑖
𝑡 = 1/2 𝑥𝑖 − 𝑥𝑖𝑊

𝑡
2, 𝑔𝑅,𝑖
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2
. 

In order to avoid the overflow error, a sufficiently small value 𝜖 is introduced by defining by 𝑔:,𝑖
𝑡 = 1/max ( 𝑥𝑖 − 𝑥𝑖𝑊

𝑡
2, 𝜖) and 

𝑔𝑅,𝑖
𝑡 = 1/max ( 𝑤𝑗

𝑡

2
).The formal algorithm is stated in Algorithom 1. 

Dataset Summary 
In this paper, we use six real-world datasets for extensive experiments. We use six real-world datasets for extensive 

experiments. There are 4 face image datasets ( i.e., warpPIE10P, warpAR10P, pixraw10p, orlraws10P) and 2 microarray 

datasets ( i.e., TOX-171 and CLL-SUB-111). 

Experimental Results Parameter Setting 

• We fix k = 5 for all the datasets to specify the neighborhood size.  

• We tune the bandwidth and two regularization parameters from {10−6, 10−5, 10−4, ⋯ , 105, 106} and record the best result.  

• For feature dimension, we set the number of features as {10, 20, 30,⋯ , 150} and report the average results over different 

dimensions.  

• The K-means clustering algorithm is performed on the selected features by different algorithms. The experiment is run for 20 times 

with different random initializations. The average results are reported for all the comparing algorithms. Clustering results (ACC)  Clustering results (NMI) Classification rates(%) 

ACC(𝜆1 = 0.001) ACC(𝜆0 = 0.001) NMI(𝜆1 = 0.001) NMI(𝜆0 = 0.001) 

MRSR achieves the best performance in terms of clustering accuracy, NMI and classification accuracy among all the competing 

methods. Besides, we also investigate the sensitiveness of the parameters of MRSR. The experiment result indicates that our 

method is not very sensitive to the number of the features. Furthermore, the performance of MRSR is also not very   sensitive to 

parameters 𝜆0 and 𝜆1. 

Conclusion 

In this paper, we proposed a manifold regularized self-representation (MRSR) model for unsupervised feature selection. The 

L2,1-norm is used to measure the self-representation residual to alleviate the impact of the outliers. The representation 

coefficients are also regularized by the L2,1-norm sparsity to select effective features. To maintain the sample similarity of the 

raw space in the reconstructed space, a manifold regularization is imposed on reconstructed samples. As a result, the most 

representative features which can reconstruct other features and preserve locality are selected. The experiment results validated 

the effectiveness of MRSR in terms of both the clustering and classification performances. In the future, we will extend MRSR 

tasks to multi-view or classification problems. 


