
言語処理学会 第22回年次大会 発表論文集 (2016年3月) 

{masayuki.ono, naoya-i, y-matsu, okazaki, inui}@ecei.tohoku.ac.jp

1

[1]

[2, 3] [4, 5]

(1) [John(i)] attacked [Bob(j)]. Police arrested him(i).
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1: (s=police, v=arrest, o=criminal)
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(2) Police arrested [John, who attacked Bob].

(3) Police arrested [Bob, whom John attacked ].
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score(s, v, o)

score(s, v, o) = W2h (1)

h = f(W1(V (s)⊕ V (v)⊕ V (o)) + b) (2)
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(4) [John(i)] attacked [Bob(j)]. Police arrested him(i).

(5) Police arrested [John, who attacked Bob].

(6) Police arrested [Bob, whom John attacked ].
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(7) [The old man(i)] attacked [a boy(j)]. A policeman

arrested the man(i).

the man(i) The old man(i)

Type A (policeman,

arrest, man) Type B1 (policeman,

arrest, man, 〈man, attack, boy, subj 〉)
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ClueWeb12*2 2.2 6.9

Stanford CoreNLP [11]*3

Type A, Type B1, Type B2
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*2 http://lemurproject.org/clueweb12/
*3 http://nlp.stanford.edu/software/corenlp.shtml
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OntoNotes 4.0 [12]

OntoNotes Web

(8) In his(p) 40-minute speech(i), Chen(j) declared

the determination(k) of the people(l) ...( )...

Chen(m) visited ...( ), and he(p′) stated ...
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1: MRR

MRR

SVO 0.4157

0.4514

cj = 〈Chen, declared, determination, subj〉

cj = φ

OntoNotes
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(9) Since being put into operation five years ago, the

Tianjin Port Bonded Area(i) has completed the con-

struction of China’s first goods distribution center...

( )... It (pro) has built up an installation capacity

of 7,000 sets of program ... (chtb 0099)
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