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New Machine Translation Model Based on Logarithmic Position Representation and Self-attention
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Abstract In the task of machine translation,self-attention mechanism has attracted widespread attention due to its highly paral-
lelizable computing ability, which significantly reduces the training time of the model,and its ability to effectively capture the se-
mantic relevance between all words in the context. However, unlike recurrent neural networks, the efficiency of self-attention
mechanism stems from ignoring the position information between the words of the context. In order to make the model utilize the
position information between the words, the machine translation model called Transformer, which is based on self-attention mech-
anism,represents the absolute position information of the words with sine function and cosine function. Although this method can
reflect the relative distance.it lacks directionality. Therefore, based on the logarithmic position representation and self-attention
mechanism.a new model of machine translation is proposed. This model not only inherits the efficiency of self-attention mecha-
nism, but also retains distance and directionality between words. The results show that the new model can significantly improve

the accuracy of machine translation compared with the traditional self-attention mechanism model and other models.
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Fig. 1 Self-attention mechanism
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Fig. 3 Multi-head self-attention
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