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[ Abstract] Most of the existing multi-view dimensionality reductiofimethods assume that the data is complete, but it is
unrealistic for practical applications.In order to solve the problems in thexdimensionality reduction of incomplete multi-
view data, this paper proposes a new method for incomplete multi-view embedded learning.Based on the consistency of
multi-view data and the linear correlation between samples inder the same view, a set of reconstruction coefficients is
learnt for the reconstruction of the missing samples.Then théseommon low-dimensional embedding of all views is learnt
to maintain the local geometric structure of the original space. Additionally, a penalty parameter is designed to measure
the reliability of the reconstructed samples, so as toybalance the negative influence of missing samples on the learning
results. Experimental results show that the NMTuwvalue of the proposed method reaches 65.63%, 73.23% and 78.27% on
the datasets of Yale, ORL and COIL-20 ,increased by 8.37%,16.71% and 20.24% compared with the MVL-IV algorithm.
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