
Incomplete Multi-view Deep Clustering with Data 

Imputation and Alignment

Introduction

Multi-view Data. It refers to the data observations of an object or 

event from multiple different aspects, such as multi-modal data, multi-

angle data and multi-feature data. 

2-st Problem and Solution
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Multi-view Deep Clustering. It is an unsupervised machine learning 

technique to group multi-view data into categories with utilizing deep 

neural networks to extract higher-quality latent representations.

Fig. 1 Example of multi-modal, multi-angle and multi-feature data.

Incomplete Multi-view Deep Clustering. The collected multi-view 

data are often incomplete where one or more views are missing. It 

makes the most of available data observations rather than discarding 

the data samples with missing views.

             

             

            

                             

      

               

 
   

             

             

 
   

             

                                            

Problem. Most incomplete multi-view deep clustering methods fail to 

utilize the pair-wise similarities of missing data observations in latent 

representation learning sufficiently, leading to unsatisfactory cluster-

ing performance. 

1-st Problem and Solution

Problem. Most of existing multi-view deep clustering encode data observations into multiple 

view-specific latent representations and subsequently integrate them for the next clustering 

task. This ignores the fact that the latent representations are unique to a fixed set of data 

samples in all views.

Solution. Assuming that each data sample corresponds to a same latent representation 

among all views, we project the latent representations into feature spaces with multiple ind-

ependent neural networks. 

Fig. 2 (left) Paradigm of most existing methods; (right) Paradigm of the proposed IMDC-DIA method.  

The proposed IMDC-DIA method

Solution. A linear alignment measurement of linear complexity is 

defined to compute the pair-wise similarities of all data observations, 

especially including those of the missing.

Fig. 3 Framework of the proposed IMDC-DIA method. Note that, arbitrary number of views and any types of 

neural networks are compatible.

It aims to learn the high-quality latent representations which are subsequently fed to off-the-

shelf clustering algorithms so as to group the data accurately.

Tab. 1 Performance comparison between the proposed IMDC-DIA and 

recent approaches. The avg. column refers to performance averages of all 

missing ratios.

Definition 1 (Linear Alignment). Given two arbitrary matrices 𝐗1
and 𝐗2 of size 𝑛 × 𝑑1 and 𝑛 × 𝑑2 ,respectively, the linear alignment is 

computed as

𝐿𝐴 =
𝐿𝐹
2 (𝐗1

⊤𝐗2)

𝐿𝐹(𝐗1
⊤𝐗1) ⋅ 𝐿𝐹(𝐗2

⊤𝐗2)
,

in which 𝐿𝐹(⋅) denotes the Frobenius norm of matrix. Corresponding 

computation complexity is linear to 𝑛.

     

     

                                         

        

                             

      

                                               

      

                     

        

      
         

 

 
   

 
   

 

Experimental Results

Fig. 4 Accuracy variation to parameter 

𝛽 in different missing ratios. 
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