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We have been working on the English problems in the “Can a Robot Get into the University of Tokyo?” project.
Focusing on the opinion summarization problem, we show that our method, which uses deep learning with a large
number of English problems, can improve the accuracy over a Word2vec-based method. We perform qualitative
analyses of the trained models and results, and discuss our findings with regards to machine comprehension.

1.

[Arai 16]

[ 17]

30%

40%

4

1

[ 17] Word2vec[Mikolov 13]

Word2vec

Word2vec

RACE

Word2vec

2.

, , ,

, 234

120 dev 114

test

RACE [Lai 17]

RACE

: higashinaka.ryuichiro@lab.ntt.co.jp

Stephen: Thank you, Dr. Ishii. I agree we are

living in a time when technology will soon im-

prove even more rapidly. Looking back at the

1900s shows us how people faced rapid changes

in their societies. I think this has lessons for us

today. One of the biggest changes of the 20th

century was the rise of a global society. I be-

lieve airplanes made this possible. For the first

time, people could travel quickly to the farthest

corners of the earth and experience life in other

countries. Certainly telephones and the Internet

had an impact as well. But there s no substitute

for traveling to new places and actually meeting

people.

Sue: I ve heard this opinion before, Stephen.

Are you saying 32 ?

:

(1) airplanes helped create our global society

(2) foreign travel was not possible before the 1900s

(3) technology will soon change more slowly

(4) telephones and the Internet were more impor-

tant than airplanes
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各問題に対して正答したモデルの割合 

問題数 
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1:
GAR/RACE GAR/RACE+dev SAR/Race SAR/Race+dev

dev acc test acc dev acc test acc dev acc test acc dev acc test acc

1 128 0.1 0.52 0.4 0.53 0.45 0.54 0.48 0.6 0.4

1 128 0.3 0.52 0.43 0.53 0.38 0.54 0.45 0.63 0.46

1 256 0.1 0.51 0.39 0.55 0.37 0.52 0.46 0.57 0.47

1 256 0.3 0.52 0.43 0.55 0.48 0.25 0.2 0.25 0.2

2 128 0.1 0.54 0.42 0.52 0.43 0.58 0.43 0.57 0.44

2 128 0.3 0.57 0.38 0.60 0.46 0.54 0.44 0.52 0.42

2 256 0.1 0.48 0.42 0.51 0.46 0.51 0.39 0.52 0.4

2 256 0.3 0.46 0.38 0.47 0.36 0.52 0.43 0.52 0.45

Average 0.52 0.41 0.53 0.42 0.53 0.44 0.56 0.43
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0.54 0.46 0.43 0.49

(65/120) (52/114) (17/40) (36/74)
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