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An Efficiency Optimization Algorithm Based on Cross—-modal Retrieval

XU Ming-liang, YU Xiao—sheng
(School of Computer and Information, Three Gorges University, Yichang 443002 , China)

Abstract; People’ s demand for information has evolved from a single text to pictures, video,sound and other types. Using cross—modal
retrieval to find data representing the same information from different types of data has become an effective way to meet people’ s
information needs and a research hotspot in the field of information retrieval. The traditional cross—modal retrieval algorithm is based on
the classical typical analysis method, which has certain limitations and defects. In order to improve the retrieval efficiency of traditional
algorithms,we propose an optimization method for cross — modal information retrieval to deal with the problem of large — scale
computational complexity in the traditional cross—modal retrieval algorithm. Combining the traditional cross—modal retrieval algorithm
with principal component analysis,a new information retrieval algorithm is proposed,and the corresponding experiment is carried out for
testing. The experiment shows that compared with the traditional algorithm, the proposed method can greatly reduce the calculation of the
original algorithm and improve the retrieval efficiency while ensuring that the precision is basically unchanged.
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