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Improved Self-paced Deep Incomplete Multi-view Clustering

CUI Jinrong"?, HUANG Cheng'

(1. College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China; 2. Guangzhou Key
Laboratory of Intelligent Agriculture, Guangzhou 510642, China)

Abstract: With the increase of the volume of data, multi-view clustering with missing view data is
becoming progressively common, which is regarded as the incomplete multi-view clustering. Powered by
the development of deep learning models, clustering models introduced deep learning can normally get
more outstanding performance than shallow models. A novel deep incomplete multi-view clustering model
is proposed, which is called improved self-paced deep incomplete multi-view clustering. In this model, the
complementarity of multi-view data is fully considered, and the missing views are completed by the nearest
neighbor imputation scheme based on multi-view data characteristics. Multiple encoders are exerted to
obtain the low-dimensional potential features of multiple views. Meanwhile, the graph embedding strategy
is introduced to maintain the geometric structure among the potential features. The consistency principle is
exerted to fuse the potential features from different views to obtain consistent potential features.
Experimental results indicate that, compared with the existing incomplete multi-view clustering models,
our model can deal with various incomplete multi-view clustering more flexibly and efficiently, thus
improving the robustness and performance of incomplete multi-view clustering.
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Fig.1 Illustration of pre-training phase
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Fig.2 Illustration of fine-tunning and clustering phase
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Table 2 Comparison of Acc and NMI on three datasets

. ik Acc/% NMI/ %
' Bk 10%  BREI0Y BRAERS0%  BUAE 0% BURE0Y  BRKE50%
DAIMC 78.05 74.45 72.90 71.29 69.94 61.19
OPIMC 63.35 68.75 64.25 64.48 58.60 48.06
Handwritten OMVC 69.75 60.00 51.31 60.97 50.88 40.02
CDIMC-net 93.50 95.45 82.91 88.73 90.30 82.90
KoCHF 88.75 91.35 88.80 81.78 84.29 79.76
ISPDIMC 95.90 95.00 94.63 92.10 90.16 89.49
DAIMC 43.80 39.76 32.12 20.45 19.08 6.51
OPIMC 69.24 75.40 62.21 63.70 53.47 36.66
. OMVC 54.16 47.00 37.88 29.46 24.12 11.75
BDGP CDIMC-net 87.32 76.82 54.59 76.36 61.26 34.72
KoCHF 85.72 85.69 64.20 70.21 66.81 39.44
ISPDIMC 88.68 86.66 66.58 76.73 71.04 44.62
Heb 4 e J— A — — NMUE
WAMFE10%  WATE30%  WARE50%  MMEI0Y%  WAE30% WA 50%

DAIMC 44.30 45.46 45.78 32.07 35.48 36.48
OPIMC 41.80 45.86 46.08 34.99 38.27 40.59
OMVC 40.90 41.88 46.73 32.62 33.22 35.89
MNIST PVC-GAN 45.17 48.36 52.80 39.33 43.22 49.61
CDIMCnet  56.32 56.45 54.55 54.43 56.63 57.00
KoCHF 54.70 60.22 55.37 49.69 52.44 50.16

ISPDIMC 60.88 62.28 60.97 58.99 59.44 59.64
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Fig.3 Acc and NMI under different graph embedding coefficients and learning rates
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Fig.4 Influence of different strategies on clustering
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Fig.5 Variation of loss with the number of epochs
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Fig.6 Variation of Acc and NMI with the number of epochs
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