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Incomplete Multi-view Clustering Based on
Self-representation and Projection Mapping

ZHAO Cuina, YANG Youlong
(School of Mathematics and Statistics s Xidian University s Xi’an 710126, China)

Abstract: Aiming at the shortcomings of incomplete multi-view clustering, we proposed a unified
framework that integrated self-representation and projection mapping. Firstly, self-representation and
sample presence indication matrices were used to learn a uniform similarity graph, which reflected the
common similarity relationship between samples. Secondly, the sample matrices were projected onto
the hypersphere by using projection mapping to obtain a common low-dimensional representation.
Finally, the two were embedded together through spectral representation to solve the incomplete
multi-view clustering problem caused by missing multi-view data. The experimental results of this
algorithm on real datasets are better than other algorithms, which proves the effectiveness of the
proposed algorithm.
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Table 1 Comparison of clustering performance of different algorithms on real datasets

. - ACC i NMI afi Jif :
0.1 0.3 0.5 0.1 0.3 0.5 0.1 0.3 0.5

BBCSport UEAF 80.60  77.41  62.93 72.13  67.30  47.57 89.22  86.64 72.24

AGC-IMC 78.10  79.48  52.84 74.09  67.74  33.20 89.83  85.95  62.41

GPMVC 58.51  46.81  52.66 29.26  17.55  14.63 87.77  52.66  52.66

MIC 48.19  46.21  40.78 23.39 22,11 16.32 52.07  49.57  43.79

OMVC 49.86  47.77  48.06 40.70  32.78  39.53 57.22  52.45  54.87

IMSP-S 79.31  77.93  68.62 73.89  69.94 52.11 89.22  85.95  76.47

ORL UEAF 66.35 58.68  52.53 79.97  74.24  67.77 70.23  63.43  56.13

AGC-IMC 76.38  64.63  44.05 85.88  77.81  65.52 77.93  67.63  46.90

GPMVC 68.82  63.45  52.25 84.81  79.72  69.48 73.15  67.57  55.70

MIC 58.35  49.25  35.75 71.94  57.44 46,44 62.00 51.50  37.00

OMVC 20.52  30.06  28.87 47.86  59.61 57.81 24,87 32,19 31.18

IMSP-P 78.43  73.38  62.13 88.59  85.20  76.59 80.38  76.55  65.15

IMSP-S 81.88  78.78  67.08 90.76  89.31  80.84 85.00  82.28  70.27

Wikipedia UEAF 54.50  45.12  37.72 50.14  39.31 27.18 58.50  48.80  40.65

AGC-IMC 53.00  44.96  36.52 43.79  34.41  30.10 56.83  48.31  40.78

GPMVC 44.37  38.25  34.78 30.70  24.43  21.04 47.13  41.89  37.72

MIC 48.33  41.52  34.65 38.33  28.83 22.75 52.91  44.81  38.86

OMVC 27.22  16.22  16.56 19.76  5.62 5.08 30.42  16.84 17.41

IMSP-P 54.79  46.00  37.92 47.91  36.24  30.29 57.78  49.38  41.69

IMSP-S 55.14  45.86  37.71 46.80  37.96  29.91 57.27  49.34  41.52

BUAA UEAF 32.98  29.24  26.88 65.30  62.46  61.89 35.07  31.22  28.95

AGC-IMC 39.77  39.79  28.04 70.04  69.89 64,31 41.33  41.54  29.62

GPMVC 7.93 7.93 7.93 26.35  26.35  26.35 11.70  11.70  11.70

MIC 1.93 1.93 1.93 13.07 13.07  13.07 11.70  11.70  11.70

OMVC 27.44  27.92  27.85 68.40  68.28  68.28 29.55  30.20  30.16

IMSP-P 74.64  62.23  41.04 87.40  81.60  72.06 75.50  64.09  43.99

IMSP-S 75.01  64.18  41.33 87.45  82.18  70.46 75.93  65.86  45.36

Caltech-7 UEAF 46.21  51.23  56.95 43.66  42.18  32.66 85.39  79.37  77.25

AGC-IMC 65.18  65.99  65.90 53.54  52.50  52.59 85.52  85.52  85.41

GPMVC 38.41  41.42  38.79 37.18  36.00  29.76 79.74  78.70  75.98

MIC 57.05  56.15  56.87 23.68  45.11  40.01 73.26  64.79  66.28

OMVC 38.72  44.59  52.60 29.00  22.46  5.96 73.38  63.32  55.02

IMSP-P 68.28  67.74  63.14 60.12  59.16  51.65 89.01  88.86  85.77

IMSP-S 68.88  68.57  64.78 60.59  59.53  52.93 89.41  89.18  86.06
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Fig. 1 Sensitivity of parameters A, and A; on datasets, where missing rate of each view is 0.3
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Fig. 2 Sensitivity of parameter A, on datasets, where missing rate of each view is 0.3
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Fig.3 Convergence curve with missing rate of 0.3 on Caltech-7 dataset
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