44 6A Vol. 44 No. 6A
2017 6 COMPUTER SCIENCE June 2017

Bi-LSTM

( 210007)
s (Deep Learning) (Machine Reading Comprehension) .
o . (Attention)
(Bi directional-LLong Short-Term Memory) . . N
. (CET-4,CET-6) s )
2% ; ,
8% .
, ) ,Bi-LSTM
TP181 A

Attention of Bilinear Function Based Bi-LSTM Model for Machine Reading Comprehension

LIU Ferlong HAO Wenning CHEN Gang JIN Da-wei SONG Jia-xing

(PLA University of Science and Technology, Nanjing 210007, China)

Abstract With the wild usage of deep learning in machine reading comprehension in the past few years, machine rea-
ding comprehension has developed rapidly. In order to improve machine reading comprehension’s semantic comprehen-
sion and inference abilities,an attention of bilinear function based Bi-LSTM model was proposed, which has good per-
formance in extracting semantics of questions,candidates and articles.,and producing the correct answers. We tested the
model on CET-4 and CET-6 listening text materials. The results show that the accuracy rate of word-level input is about
2% higher than sentence-level input. Besides, the accuracy rate can increase about 8% after adding infe-rence structure
with multi-layer attention.
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Document; M: Hi, Janet, I hear you’ve just returned from a tour of

Australia. Did you get a chance to visit the Sydney Opera House
W . Of course I did. It would be a shame for anyone visiting Australia
not to see this unique creation in architecture. Its magnificent beauty
is simply beyond description.

Q;What do we learn from this conversation

A) Janet loves the beautiful landscape of Australia very much.

B) Janet is very much interested in architecture.

C) Janet admires the Sydney Opera House very much.

D) Janet thinks it”s a shame for anyone not to visit Australia.
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Who did the man buy the books for
What is the man’s favorite sport in summer
What do we learn from the conversation
What does the man mean
Where is the conversation most probably taking place
Where are the man and woman going
what time did Suzy leave home
How often will the woman’s son have piano lesson from next
week on
According to the man, which option is more likely to be cor-
rect
According to the speakers.which of the following statements
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