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Fig. 1 Architecture of NMT service
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Fig. 2 Request-response mode of middle layer
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Fig. 3 Message handling flow of middle layer
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Fig. 4 Sentence distribution of text
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Fig. 5 Response time of mixed architecture system
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Fig. 6 Concurrency tests of mixed decoding system
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A scalable deep neural network machine translation service

ZHANG Wei'" ,LIN Feifei' , LIANG Zhenshuang”, HUANG Zhen”

(College of Information Science and Engineering,Ocean University of China,Qingdao 266100,China;
Global Tone Communication Technology (Qingdao) Co.,Ltd.,Qingdao 266061 ,China )

Abstract : Neural network machine translation, which is a new machine translation method, has become the mainstream of machine

translation research. In this paper.we propose an extensible online translation system architecture based on deep neural network,

which builds the system backend through the method of GPU and CPU mixed decoding to improve the concurrency ability of the

system,and reduce system delay. Experimental results show that the proposed system architecture method is effective. Compared to

pure GPU or CPU architecture, the system has higher concurrency ability and the response delay is relatively low. At the same time,

the architecture can be extended to the multi-server architecture and improve the performance of the system further.

Keywords : neural machine translation service;online translation; hybrid decoding



