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Hyper-graph Regularized Constrained Concept Factorization Algorithm
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Abstract: The Concept Factorization (CF) algorithm can not take into account the label information and the
multi-relationship of samples simultaneously. In this paper, a novel algorithm called Hyper-graph regularized
Constrained Concept Factorization (HCCF) is proposed, which extracts the multi-geometry information of samples
by constructing an undirected weighted hyper-graph Laplacian regularize term, hence overcomes the deficiency
that traditional graph model expresses pair-wise relationship only. Meanwhile, HCCF takes full advantage of the
label information of labeled samples as hard constraints, and it preserves label consistent in low-dimensional space.
The objective function of HCCF is solved by the iterative multiplicative updating algorithm and its convergence is
also proved. The experimental results on TDT2, Reuters, and PIE data sets show that the proposed approach

achieves better clustering performance in terms of accuracy and normalized mutual information, and the

effectiveness of the proposed approach is verified.
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F 2 7£ TDT2 FE ERIBE TR (%)

» MERTIES H— EAF R
NMF CF HNMF CNMF LCCF CCF HCCF NMF CF HNMF CNMF LCCF CCF HCCF
2 86.32 87.44 87.89 88.74 94.28  94.78 96.92 66.42  66.79 67.53 67.71 84.81  85.32 86.78
3 80.68  81.32 82.06 82.87 88.81  89.65  92.58 65.38 67.01 66.78 69.26 78.64  79.78  84.42
4 76.29  78.29 78.34 78.61 87.51  88.07  90.07 67.16 67.82 67.62 68.31 78.15  78.48 83.16
5 69.91 76.46 77.10 77.11 83.72  84.03 86.14 62.41 63.78 63.96 64.16 72.32  76.27  80.01
6 70.11  72.62 73.06 73.38 80.46  81.95 84.06 66.86  67.06 67.23 67.51 74.57  75.18 81.14
7 68.76  69.01 69.81 70.96 79.01 79.79 82.79 64.31 65.13 66.34 66.46 73.30  74.06 80.78
8 65.96  66.78 68.71 68.71 74.06  75.83 80.41 63.75  64.09 64.42 64.77 68.67  71.99 78.82
9 67.41  66.09 66.79 67.42 74.81 75.34  82.28 61.94 63.77 63.85 67.15 70.14  71.13 76.77
10 65.32  65.12 66.32 66.59 69.16  71.76 81.92 61.09 62.14 62.84 64.42 68.62  70.32 75.46
Sy 7231 73.68 74.45 74.93 81.31  82.36 86.35 64.37  65.29 65.62 66.64 74.36  75.84  80.82
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NMF CF HNMF CNMF LCCF CCF HCCF NMF CF HNMF CNMF LCCF CCF HCCF
2 83.11 83.76 83.19 83.26 86.75  88.04  93.38 43.62 44.85 44.08 44.25 50.24  51.78 55.68
3 72.26  73.01 74.23 75.22 76.55 80.35 91.77 41.14 4237 42.09 42.47 46.64  48.23 49.06
4 68.76  69.06 69.83 70.68 75.71 77.89 88.18 48.57  49.36 51.63 51.98 54.83  56.24  58.72
5 59.11  60.81 62.97 64.11 71.15 73.46 85.14 42.56 43.14 43.27 43.62 49.12 50.43 54.41
6 58.74  59.58 60.68 61.59 67.87  69.59 83.69 48.63  49.62 49.21 49.75 51.92  53.32 57.22
7 53.95 54.25 56.62 58.57 61.32 64.74  81.78 45.01  46.47 45.99 46.68 49.28  49.96 53.84
8 46.32  46.89 47.21 47.42 59.79  61.38 78.91 36.82  37.48 38.43 38.54 45.34  47.13 50.47
9 45.71  46.36 46.23 46.11 57.41 59.46 76.12 39.12  39.98 39.97 40.20 45.62 46.42 51.22
10 48.54  49.01 49.13 49.26 58.77  59.53 72.66 45.98  46.62 47.32 47.48 50.67  52.06 54.17
Y 59.61 0 60.30 61.12 61.84 68.37  70.49 83.51 43.49 43.49 44.67 45.00 49.30  50.62 53.87
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F 4 7£ PIE FF E BR300 (%)

» e A1k HAF B
NMF CF HNMF CNMF LCCF CCF HCCF NMF CF HNMF CNMF LCCF CCF HCCF
2 56.14  57.31 57.40 57.46 63.76  66.59 80.45 46.62  48.96 53.13 55.42 60.32 62.31 72.62
3 53.31  56.62 57.96 58.32 60.78  64.49 73.77 44.32 47.31 52.67 53.78 58.88  60.04 66.71
4 54.12  56.04 55.11 55.38 61.32 63.52 70.38 45.56  46.76 50.66 51.02 54.45 56.76 65.86
5 52.59  54.61 56.36 58.62 61.78  62.36 68.46 44.16  44.14 46.56 49.69 50.42 52.67 63.79
6 50.88  53.79 54.78 57.33 59.57  61.86 67.59 42.25  43.77  44. 89 47.11 49.38 50.93 52.78
7 52.22  54.96 54.21 57.04 59.14 60.92 65.26 40.14  41.22 41.86 42.56 46.22 46.83 47.96
8 53.82 54.41 55.32 55.72 56.54 58.23 63.78 37.12  40.76 39.98 40.64 43.25 44.07 45.64
9 51.21 53.98 54.49 57.32 57.21 57.96 62.14 33.48 35.45 36.66 37.79 40.14  42.53 46.71
10 51.77  52.64 53.87 56.43 56.85 57.31 58.96 27.32  30.45 32.23 34.38 38.56  39.64 42.42
SEH) 52,90 54.93 55.50 57.07 59.66  61.47 67.87 40.10  42.09 42.30 45.82 49.07  50.64 56.05
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