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Fig.1 Cross—modal retrieval model framework
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1: A brown dog be spray with water
2: A dog be be squirt with water in the face
outdoors

1: A man be snowboard over a structure on a snowy
hill

2: A snowboarder jump through the air on a snowy hill
3:  a snowboarder wear green pants do a trick on a high
bench

4:  Someone in yellow pants be on a ramp over the

3: A dog stand on his hind feet and catch a
stream of water
4: A jug be jump up it be be squirt with a jet

snow of water
5: A man be perform a trick on a snowboard high in i S: { tan, male dog be jump up to get a drink of
the air . water from a spray bottle
fili i SCA % fili i SCA
B 5 HEERT
Fig.5 Dataset representation
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Tab.1 Experimental results of various algorithms
Flickr8K ##fi4E Flickr30K %4 4
LT Text to Image Image to Text Text to Image Image to Text
P@l P@5 P@10 P@] P@5 P@10 P@] P@5 P@10 P@]l P@5 P@10
CCA 15.4 22.6 243 12.4 17.6 22.1 10.9 24.3 28.8 9.2 18.9 23.7
SCM 12.6 19.7 26.2 14.5 16.3 20.6 11.6 21.5 26.3 12.9 18.7 19.5
DCCA 18.9 28.4 39.2 18.9 254 30.8 17.6 26.4 29.7 14.6 17.4 24.9
KCCA 21.8 30.5 40.6 21.6 33.6 39.2 23.5 38.5 45.2 22.3 343 42.8
VSDA 23.2 34.3 42.6 20.7 35.7 43.9 25.6 39.3 48.9 233 36.2 46.7
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A Cross—-modal Retrieval Method Based on Sentence
Dependency Attention

Zeng Hui,Hu Rong,Gan Xiuxiu,Peng Zhiying, Xiong Liyan
(East China Jiaotong University School of Information Engineering , Information Engineering, Nanchang 330013,China)

Abstract; With the rapid development of Internet technology, multimedia data of different view have grown ex-
ponentially, and people have been unable to satisfy the original single-modal data retrieval methods such as im-
age retrieval. Cross—modal retrieval has became more and more important in information retrieval field. Aiming
at this task, a cross—modal retrieval method for double—branch network structure by increase the attention mech-
anism of sentence—dependent phrases is proposed. The paper appies the CNN model to extract image features,
and obtains the dependency segments of text based on syntactic structure analysis, and designs the original dou-
ble-branch network structure model which embeds the attention mechanism to learn the weight distribution of
each dependent segment, so that the feature representation of the text can be more focused on key sentence seg-
ment features. The experimental results show that the proposed method has better performance in the retrieval
accuracy evaluation than other methods, and verify the effectiveness of the algorithm.

Key words: dependency phrase; sentence split; attention mechanism; dual branch network



