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Abstract

Multi-view clustering is a fundamental problem in machine learning, and in recent years, the use
of matrix factorization-based for learning multi-view data has gained widespread attention and
achieved good results. However, we find that most of the existing multi-view clustering methods
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mainly focus on the important attributes embedded in multi-view data, i.e., consistency and com-
plementarity, while ignoring the specific statistical properties belonging to individual views. To
this end, in this paper, we propose a local residual preserving multi-view clustering algorithm
with deep matrix factorization (LRPDMF), where we capture the specific statistical properties of
each view by means of graph embedding, which ensures that the data is reconstructed at each
layer and similar data points have similar reconstructed residuals. In the fusion phase, we utilize
these learned features, and since different views may have different weights, we approximate
them to a similar low-dimensional space using an adaptive approach. On different datasets, our
LRPDMF obtains good experimental results when compared with the state-of-the-art methods.
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Table 1. Statistics of the datasets
%= 1. BiREST

BAGITES FEAHL ML EPIIE1¢ Ue%
BBCSport 544 2 5 31,833,203
BBC 685 4 15 659,463,346,654,684
HW 2000 2 10 240,216
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Table 2. Clustering performance on BBCSport (%)
%< 2. 7£ BBCSport #iiE5%E LR LLER

ACC NMI Purity
MultiNMF 77.94 (0.00) 68.79 (0.00) 81.62 (0.00)
LPDINMF 80.44 (6.73) 77.48 (4.58) 86.60 (3.53)
NMFCC 74.87 (8.94) 62.91 (8.70) 78.27 (7.47)
DMF-MVC 32.06 (0.09) 5.45 (0.05) 39.89 (0.00)
MvDGNMF 79.72 (8.18) 69.98 (9.08) 82.78 (6.42)
ours 95.96 (0.00) 87.10 (0.00) 95.96 (0.00)

Table 3. Clustering performance on BBC (%)
2 3. 7EBBC HiR&E LMREER

ACC NMI Purity
MultiNMF 58.41 (0.08) 49.90 (0.14) 71.55 (0.08)
LPDINMF 71.44 (3.97) 53.75 (4.10) 73.15 (3.57)
NMFCC 48.91 (4.79) 27.80 (8.15) 55.02 (6.54)
DMF-MVC 30.93(0.08) 7.69 (0.03) 37.53 (0.05)
MvDGNMF 66.69 (7.93) 53.00 (5.50) 71.31 (4.86)
Ours 85.12 (0.24) 67.88 (0.56) 85.12 (0.24)

Table 4. Clustering performance on HW (%)
A £ HW BURE LR REER

ACC NMI Purity
MultiNMF 68.48 (3.66) 64.33 (2.76) 70.90 (2.49)
LPDINMF 77.01 (3.53) 69.55 (2.11) 77.45 (2.73)
NMFCC 60.50 (3.80) 58.39 (2.97) 63.85 (3.83)
DMF-MVC 78.42 (0.07) 79.65 (0.11) 83.31 (0.07)
MvDGNMF 58.95 (2.95) 56.47 (3.76) 62.67 (3.07)
Ours 88.54 (2.47) 80.50 (1.38) 88.54 (2.47)
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Figure 1. The objective function values of LRPDMF the versus number of iterations
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