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Abstract: For the problem of the sparse coding methods not making full use of the label information in data representation,
an algorithm, the supervised learning sparse coding, is proposed which can be applied to data representation. Firstly, the
proposed algorithm can build the graph via the label information. Thus it directly extracts the discriminate information of the
data and then tries to learn the basis which can best fit the discriminate vector. Therefore, it can find a basis set embedding the
discriminant information of the samples which are individually for sparse representation. The experiments on the COIL20

and PIE image data sets demonstrate that the proposed algorithm can provide a better representation and classification than
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the traditional unsupervised matrix factorization algorithms.
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K-mean NMF PCA SCC  SSC
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8 0.749 0.722  0.723  0.859  0.996
10 0.717 0.703 0.734  0.808 0.975
12 0.674 0.676  0.674 0.824  0.874
14 0.666 0.681 0.652 0.814 0.851
16 0.638 0.645 0.651 0.795  0.833
18 0.622 0.628 0.630 0.795 0.844
20 0.631 0.622 0.607 0.810 0.878
avg 0.671 0.668 0.667 0.815 0.893
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20 0.746 0.727 0.733  0.885  0.956
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68 0.245 0.385 0.229 0.751 0.782
avg 0.262 0.420 0.262 0.789 0.824
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