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Abstract: Multi-view learning is usually based on two important principles: consistency and complementarity. Consistency derives from
the shared information between views and complementarity derives from the unique information of different views. However the existing
multi-view learning algorithms usually focus on only one of them so that the resulting model performance is not optimal. For this we
propose a new multi—view feature extraction algorithm framework called multiple structured sparsity projection ( MSSP) which can sim—
ultaneously extract the common and unique information of the view. The objective function of MSSP contains two parts: fusion projection
discriminant and structured sparsity regularization. Then the consistent and complementary information of different views can be fused
simultaneously. In addition we also give an algorithm based on the gradient decent over the Stiefel manifold to obtain a local optimal so—
lution and analyze how the hyper—parameter change with the dimension of the projection. The experiment verifies the effectiveness of
MSSP and the trend of the hyper—parameter.
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AWA 0.624 5£0.050 0  0.539 1+£0.029 8 0.483 8+0.015 9 0.629 6+0.041 3 0.435 7+0.038 7 0.636 1£0.044 0

NUS 0.434 1+£0.006 0 0.465 9+0.009 7 0.338 1+£0.003 4 0.2324+0.009 0 0.396 7+0.0154  0.476 7+0.007 3
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