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Abstract In recent years,with the development of the Internet and the popularity of smart devices,the number of on-
line store image is explosively growing. At the same time, the number of users who use different types of social net-
works and media continues to grow. In this case, the multimedia data type that the user uploaded to the network also
has changed, the image uploaded by the user contains the visual information that is carried by the image itself,and also
contains the label information and text information that the user sets for it. Therefore,how to provide fast and accurate
image retrieval results to users is a new challenge in the field of multimedia retrieval. This paper proposed an image re-
trieval algorithm based on transfer learning. It learns the visual information and the text information at the same time,

then migrates the results learnt to the visual information domain,and thus the feature contains cross modal information.

Experimental results show that the proposed algorithm can achieve better image retrieval results.
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Table 1 Results of experiment 1

ok Rk £ 5 BAE K B HEHE mAP
50 100 10 0. 8369
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100 100 10 0.8633
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100 200 100 0. 8465

F2 L2 MR

Table 2 Results of experiment 2
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