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Abstract : To solve the problems of insufficient feature information extraction and low accuracy of prediction results when using long short—
term memory and attention mechanism to process text sequence information in machine reading comprehension, we propose a span-—
extracting machine reading comprehension model hybriding dynamic convolution attention. Considering that the current input and the
previous state of LSTM are independent of each other, which may lead to the loss of context information,the Mogrifier is adopted as the
encoder, which makes the current input fully interact with the previous state several times, so as to enhance the significant structural
features in the context and the problem and weaken the secondary features. Secondly,because the convolution kernel of static convolution
is the same,only the features of fixed length text can be extracted , which may hinder the machine from better understanding the text. By
introducing dynamic convolution, one — dimensional convolution of multiple different convolution kernels is used to capture the local
structure of the context and the problem, which makes up for the disadvantage that the attention mechanism has only global capture
ability. Experimental results on SQuAD datasets show that compared with other models, the proposed method can effectively improve the
model’ s ability in feature information extraction and answer prediction.
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CE . The American Broadcasting Company ( ABC) (stylized in
its logo as abc since 1957 ) is an American commercial broadcast
television network that is owned by the Disney \ u2013ABC
Television Group, a subsidiary of Disney Media Networks division
of The Walt Disney Company. The network is part of the Big
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Columbus Avenue and West 66th Street in Manhattan, with
additional major offices and production facilities in New York City,

Los Angeles and Burbank, California.
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2822 1. The Walt Disney Company
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