The 30th Annual Conference of the Japanese Society for Artificial Intelligence, 2016

4B1-4

KB 2 — X 2 %2 v 72 Word2vece 12 & A FEgDEZHL Z

Metaphor transcription with Word2vec using a large corpus
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Metaphor understanding by computer is the important problem for NLP. For example, when the sentence ” My
boss is evil.” is given, it is better to understand the sentence ”My boss is scary.” than to understand literally. The
effort to understand the metaphor by computer is also important in terms of cognitive linguistics.

In this paper, we transcript sentences like ” A is like B” into easy sentences e.g. ”My boss is like evil.” into "My
boss is scary.”. Previous research did the transcription by using hand-written knowledge, but we use Word2vec to
get meaning of words from a big corpus so that our method does not need any hand-written knowledges.We also
use Recurrent Neural Network Language Model to consider the context around the metaphor sentence and aim to

improve the accuracy of the transcription.
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THELI R TH D, WIZ1E THREIEWZ) &) XEXF
WO ICHET 200, MRTH 2 Eborc) 2T TR
VW EPERT 20 TIIREREND D, IRFHO BB LB
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i — 2 (Wikipedia) % > CTHEED /T HE % Word2vec
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o=ty P77 FBETNVEEE L 7, Skip-gram
3 H B HED SHIBRORICH 2 HEZTFMT 2 L) RET
LTH D BUBICHEEE THEEBT 2R P LosBing,
DFLE Word2vee & L THIS L, LSA EHRTRRA %4 R
7 CREIEDE . EREIHRD DR [10], AHEBEIEZ 0 X
INEE  DIFED 2 INT VLB D, APXERIT S L 2
. EEETEBREICRITTw S LoBEHbRITIT05
[11].

-
—



3. REFE

3.1 WRETBTIRY

AR T4E (&EF) O & 9 46 (RS DI TR
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Za—nvEOEEE, ROEEFAD= 2 —n & Target
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AR TR, BELINBRT—FICL>TERIND
FEHOBIRMEE . KB o — 3 22> & i3 2 GBI OB I
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REVERGZHESWMZ DML Le, TVIY ALK ELT
D AJIE Source, Target, XWRE %D Z 22 5B EEHD
X7 z2MIT %,
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7z Source & TR G DB DFHE K N Target & 4
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b, BOELEEGRE ) KTV I TELDLSTH S,
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(jawiki-latest-pages-articles.xml.bz2) % 27z, 2 — SR
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Source & HiGED a4 A4 VEELIEEIC k> TEME L, A7 30000
HEEZHM L, 2095, ERAZTZHMHL T, Zns
RARGAR L L, ZNZ DA Source & DFABIE
(Stmilarity.S) 28>, DEIC, JEHE & Target DML
(Similarity T) % 234 YEPEIC X > CGHLT 5, TEAF
& Similarity S & Similarity T 27 &b (X2 D
455 D Source, Target & DML, 12#M) 2Hb. LA
1 sOEAFAZME L2, CnoBERA%E adj; (1 <i < 15)
E¥ 5%,
3.4.2 HBRDEMEMEEL L TOENSLIDFHE

AEiCTIIEAF D, Source MU Target & DHEMAERGEE L
TOMED S L EDFHRICOWTHIIT 5, AfiizX 2 0@
ZMT 5, AR Source(Target)s DffED S L I DFHHE %
19 7Dz, Riff%ilE Web iR %Z T %, Web %% T 5 H
B, fili U 72 B4 & Source K UX Target & D LHd#HE %
Web EDOTRTOXFHIIH LTS Z &T, Ho it L
WIERFEAZHRT 5 2 ENTER LI ZEILH B0, K
2,313 FIREZFRE L T35,

MSource JEZ& G, & Target WRFH, 22 nfnrs 1Y

& LT bing THZEL., MRAHELIHFL 7, adj; ITWT 2
Count_Sqqj, XT* Count Toq;; ZATD L) ITEE L2, C
Nn%x ., WEFD Source, Target & DL S LI &5, B
bing(queryl, query?2) ¥, Tqueryl query2) IZX9 % bing 12
X BRI IR,

bing(Source,adj;)
>=; bing(Source,adj;)
0.05

(Count_5,45, < 0.05)

Count-Saq;, = { (2)

(otherwise)

bing(Target,adj;)
> ; bing(Target,adj;)
0.05

(Count_T,gq;, < 0.05)

Count-Tgq;, = { (3)

(otherwise)
3.4.3 MiREDBEHHOHE
Source ZTEAICE X2 72, 2 DIKAZ &SR & DA
P2 RNNLM 2 & > TEHT 2, AfiiEN 2 D@47 5,
XNRDEA %, RNNLM (12 & 3 Source DT THIEE
FAOHBIRERIZ X > TEHET 5, £9. Source X D HIDH S

DYNRZE TERERAHTIC & > T o5, BhEH, WA, BiEo v A
b9 %, 2L T, IEX Forward RNNLM IZ5EAAEE %,
VA DEDFE A LIROHIC k> T, 3.4.1 THIH
LZBARFANRENL SCDOMERTH 202 H 5, ZOMWEE
pror (adjs) £ %, THEEBRIZL T, Source & D HEDHI
DXNRZ . XDKREY & TREHRMEHTIC X > T, B, TBE
g, BV A Mi2T 5, 2L T, HX Backward RNNLM
ICEEAIAE R 5, % LCHli & FRRIC LT Source DHFTDIEE
DO HBHERE prack (adjs) £ T 5, TREFHD R E DEEE
ERADL)ITERT 5,

p(adj;) = pyor (adji) + Poack (adj;) (4)
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L F T L 72 JE&GH D Source & Target & DB, ¥
KD Source, Target & DL S L I, TWARGFD R & DA
Ers, K2 D—FTD LI ICTEFHAPR 5,6 D & 9 7 iHlifE
EROKIIC L, BB, WREDHWEHEZE O (RNNLM
B D) FHfE & Ao 2 Wi E ZoHEL, 4ETID D
DFHIifEIC k 2 E SRR E RS, RE OWMEEL & D
7 WIHIIfE T lx, Web HERIZITo T 5,

= Similarity-Sqq;, X Similarity Taq;, x (Count-Saq;, + Count-Taq;, )

(5)
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Vtﬁijz‘

(6)

C DFHIfE IS & o TN 147 3 D DB % I i 72
HEIWAMRET 5,
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BT, EBRICH T A N F—% L 2R, EBEOL
WREHOESHZ 21T o fER, 2 L TIRETEORE 23
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41 TFTANTF—%

FTAMT—=% & LT, HEFITPEEZ LTV 5 /0G0 H
o THEO X B4HE, ILhTETES bD%E 20 &AL,
£ 1 WNHO—EROSEH VT A P F =y D—TH 3,
EEDT A T —F1: T DHRERBIH & NSRS &L,
ERTF—213E 2 DX I ITERL 2, FHICIEE  OFEGED
HHET 270, AL L5 RBEROSETHIUIIERE TS, F
o, IEBEED 5 L Eix, TRTILEMRE TS,
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2 EOBSRAN i PHEE AR
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£ 2. kT —%
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g EEHWZ OMERE, £3I1TRT, EMT—5% L
L7bDERFTRL TS, JEATNIEHIED & NI~
TWw3, 20DTATF=FDH b, HEEZ OHE—EERER
PoIANNIZ LIZUTOM) THh 3,

F— @A B 2 &3S\ Ziid Word2vec 12
FoTH—EBED L DVFEU & 5 %7 PILVEMICHLES 15
C LT B, Hl X 2 AFAIETRTHEL L9 R
MEICTFELTLE S, 202 ESWMIFBRTH 208y
HTL EFo7,

FRECEMECERVIBPRFALH 51 O O LI &
W E0s TREeh%, 2342k, Mo Fe Fa
L 72U & Vo 22 FRAIIN e HIEsk s e Ol 20 o & il A
L,

4.3 FEOBEFFMAEDOHE L XIRESEDEED
3%

RNNLM DFE#IC & 2 RED AR 4 TH B, 2 I T,
Accuracys 133% 2 OIEMR & DIFEFHichH D, MTFD LI i
M %, EEEEAFERE LT DR S 205, Ml
PRLEOCLOPIEMTH I3 HEL L2, ZFHIIEVD
DTHNE2 1, ZFHICHECSDTHIUI I M2 5 X%, IE
7 &3 ) IZUYEDD B IR ES OB R 52 %, IE
fift & V&) DRYMEEDDH 2B DI ENORBELZ 5, A
GBI E ETHIEMRTH - R0 S5 (SRITH UL 120)
TH#lo 72flE% Accuracys £ %, —J7. Accuracyc 3. £ 2
DXNRZHZRE L 7L L OREFHECH D . Accuracys & [H
U &9 ICiHlid 2, MiFOREHMzE»TH, REAKEZ
BERVIEIVPHEMBR L, ThoERIZ, RNNLM O A
NI R =Y DHFFEDHL 0, FHT—FET AL T—%
WEIZEDBHITS NG,

# 3 HROE SRR

& Holg Bl T E SR RNNLM £i b
1 W X9 %l e, e, L Doz, e, e
2 FED kM MV, FERDV, G HL, di, o
3 L 2B QRN BBLWL, BW, F» BBLW, i, BK
4 WX RE Bu, [IERHBEL, B B, LWL, BL
£ 4: FBEHE
HEZ T Accuracys — Accuracyc
RNNLM %L 0.417 0.242
RNNLM £ b 0.320 0.183

5. EER

g HEZHZ OFEE LD HIF5IiE, Source & HHPLT
IR EEES L) T 2080 H 5, HlZIE, W
EERIT AR B v B CDEIAIR” Lv)
JEE, ‘BRI v EEr s KL it Ta vy L
Th D, Tk [3] % [16] % & TIHIBVERN I EEE ORI 72
JEEEZ LR L T 77 OFETE TWi23, Word2vee Tl
DIFEEHEROMEYE Y 2 — 20T 2 2 LB TE R,
TETIHRZ | SEERHOBBEEI 2w E W) REDEIICT
ZICHTWA,

AW TIE T4/ D & 9 ) 1ICBRE L CRETFEZEH
L7ehy, ZHUIPAMEC DT 2 FETH 5, NSIREESSHELL

2O HIRER S EFESTRTH D (eg. " & THEESE
EMET2), 20Xk ) RESZWMZEZTRLETI20IEZ 000
DHETH 5,

SOMEE LT, HEEOEKE HE O L DBRMED S
W22 Tad, Bk E L wo RN ER &
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