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Abstract:  As an important extension to conventional clustering algorithms, cluster ensemble techniques became a hotspot in
machine learning area. In this paper, cluster ensemble problem was first viewed as a direct problem of seeking the best subspace.
And then, we formally described the problem as an optimization problem with constraint according to linear algebra, and further
transformed into a matrix low rank approximation problem by relaxing the discrete constraint. Lastly, a set of orthonormal basis of
the best subspace was attained by solving the singular value decomposition problem of the hypergraph’s weighted adjacent matrix.
Hereby, a matrix low rank approximation-based algorithm was proposed, which called K-means algorithm to cluster objects accord-
ing to their coordinates in the low dimensional space and obtained the final clustering result. Experiments on baseline datasets
demonstrate the effectiveness of the proposed algorithm, and it outperforms other baseline algorithms.
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classic 23.09 0.38 0.81 T778.15 24218.43 24483.70 24651.65 1.25
fbis 1.45 0.29 0.80 48. 66 144.65 136.43 147.33 0.89

hitech 3.98 0.11 0.30 89 199 198 193 0.67
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re0 0.94 0.16 0.38 11.64 36.46 33.87 37.82 0.29
rel 0.88 1.19 0.73 5.64 19.13 19.63 23.23 0.72
kla 1.40 1.18 0.86 25.58 75.39 70. 86 80.73 0.89
klb 2.80 0.12 0.31 267.24 210.79 242.39 0.79
Total 59.66 4.04 5.79 11211.6 35440.08 34393.55 11201.63 7.99
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