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LW 2 OB D HEEDOR Y NVEFE O E AT
FEATHIZENTEDLL I T o Te, BEFOTFIEE
ETFIEICL > TERINEZENENOHEDOR

RY MO E T 5720, HREOLT OFLE
AaT7PANCLs TS hieT—2ty heZD
T =2y MIFIET HHETRO~T VR
FEIZ X9 % Spearman DA FRBIMRE A RO T=, Z D
AESE. Fox DNRE L EHAMT FEEEHF O EAA
FRIEICHART, HEBEOERERIZHB W TED B
HEEOREWRRZ M EEKTHEWVS T LERLT,
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HEMEIC DWW EAM T FEIR, TREThoHE
FEDSMSLICHBLT 2 EIRE LTz & 2 Iciff s b3t
BB AT, FEBEORGER LoIER En b
WHHEBE RO N EFHET LT T e —FIC S FET
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b A4 7 FE D —>I2 Pointwise Mutual
Information (PMI)23d& %, PMI [ZLLF D X 5 IZESR
ahb,
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p(p ()
ZOFEICBNT, BEELMEEITHEER L OMMKRD
HHEFHEVEHAINLZNWI L THD, £72. PMI
DEDEITEE TR0, —RIIZIZTA D PMI
I _TCEuZ@ES x5 Positive Pointwise Mutual
Information (PPMI) 23 o410 % 11,

PMI(x,y) = log

M

PMI(x,y) if PMI(x,y) >0
0 otherwise
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WeEWHEARH -T2, DF D | AKSHE DI
WAEBMHLTECLE IMENNH D, T-test [T HGE
FOMEREETDHZLICL-T, oW o-RiE
ZfRI-T %, T-test 1L PMI @ X 9 1C 4 o gR & 2
HOTIEL, BAEMEETLT 5, Ttestix, LT D
rXritEHEENSE,

p(x,y) —p()p(y)

Vr(@r )

T~ Test(x,y) =

3)

engineer | 0.983976 engineer | 0.027593

noted 0.962621 noted 0.015306
worked | 0.960127 [ philosopher | 0.013982
asked 0.956972 worked 0.012857
philosopher | 0.955541 asked 0.011501
prize 0.946809 artist 0.010562
nuclear 0.944733 influential 0.00988

influential | 0.943037
unable 0.939655

prominent | 0.009484
question 0.009434

prominent | 0.937688 famous 0.009352
tried 0.937407 astronomer | 0.008788
question | 0.936846 believe 0.008301
professor | 0.934604 study 0.008266
honor 0.931251 prize 0.008199

astronomer | 0.928744
artist 0.926613

agricultural | 0.007488
numerous | 0.007236

Jjoseph 0.926243 unable 0.006814
visited 0.926243 tried 0.006636
queen 0.925134 professor | 0.006602
detailed 0.924579 honor 0.006316
believe 0.921537 queen 0.0062
modified | 0.920157 visited 0.006062
achieved |0.919606 modified | 0.005833
intellectual | 0.917954 intellectual | 0.005786
swedish 0.917404 teacher 0.005762
(a)PPMI (b)T-test
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Rare Word Similarity (RW)M A H 7z, Ziub D7 —
Z oy MIZNENDOHFET I 2B A
fZ & » TRl STV 5, fil %12, WordSim-353 7
— Xt MZEBWT, “computer” & “keyboard” DAL
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Z M7z, Wikipedia 07— #1238\ TH £ 415 K5k
LFRR A IFRMLEIC B W CRRE L,

#F* LICHEATFERICB W TERE XY b
NE O A CEEE LM T — %'y FEO
Spearman O NIANZAABIfRE & o,

# 1. & F1E0 Spearman D JEN AR BIFREL

WordSim-353| MEN | MTURK RW

Freq 0.456 0.572 0.582 0.348
PMI 0.513 0.656 0.693 0.477
Ttest 0.608 0.741 0.746 0.522
PMI+WTS 0.518 0.678 0.705 0.483
T-test+WTS 0.610 0.742 0.741 0.525

TRCOFET — % v MMIEBWT PPMI ZE,
A PRE LEANTFRER ERl>TNAE Z &R
REN, LA L., WordSim-353 (2B W T, flhod
Pl > N B LT, HFEDH PPMI OELLFT D
HEVHBEESNTWRNEWNWIFER LRS-, T
X, WordSim-353 [ffaxt A = 7 3R L Tuno
7-DIZ% L. MEN =2 MTURK (% 2 D2DX7 % Lrii
T L CTHERMITI N T, BEDIZHINLD
IEHe7R EEMBELE 2R L TWA DR EEZ BN
Do Test IZBWTIZEDT—F Yy MZBWTHH
FOED LR T2, T T-test 25 PPMI IZEE A,
HEE DBy ZREMEICB O TS VWEE O SR
FEICEAE G2 WHEERS DD b5,

6.33H 0 Iz

ARFFEClE, BB MY v 7 REMIic k- T, e
DMy 7 TULPHWGIVROEHEEIZ LD KX 22
BhHzpEHEH L, HEMEICESS EAEZTHEL
2o AIETHIHI L2 X 512 PPMI OELEIZHBNT
IE, HEE Ny ZEREMEIC L o COIREEED R
THEE L7238 01F 9 23, A B WS RS iz,

AWFFEIZ BN TIL L 0 R A 72 B 2 RO BRI
HEME Yy ZIZBWTHREZRSEHVETonD L)
T EEEMHRIZLTWE, L LN S, Z ORI
HOHFWRTITELWA, HIEWRTILRRY ThH D,
TR e B 2 RO BRI 4 7o BGE L Ll LT
W, EHEEOHEL LV < OB LR LT
W, 207, R HWOEEEEZFFOHETH
S>THEMEEDOBEIZIT LV /NS RELAT LR
INZWEWHIRIENRELCTLE Y, 20z, &
HBOREE U CITHEEOHE L v & IE 0S8R M
FoTENVEL DI Y I ~NEND ME Y TET IV
EBETOIVNENRDH D, AT THIE N Y 7§
EMEZ TS L8, ZoORTIEH, L0 BWVEERET,
HZE R By ZHEEMERN LI L TCLEY, ko T
FrLVIREEEE B 2 i ud e b7,

— 832 —

HEE
Z ORI AL B S v B Bl KB R 5 (JAIST)
@ Data Science project (ZF W\ TiTHiL7-,

2 Z B UGN

[1] Turney, Peter D., and Patrick Pantel. "From frequency to
meaning: Vector space models of semantics." Journal of artificial
intelligence research 37.1 (2010): 141-188.

[2] Clark, Stephen. "Vector space models of lexical meaning."”
Handbook of Contemporary Semantics, Wiley-Blackwell, a
paraitre (2012).

[3] Curran, James Richard. "From distributional to semantic
similarity." (2004).

[4] Blei, David M., Andrew Y. Ng, and Michael I. Jordan.
"Latent dirichlet allocation.”" the Journal of machine Learning
research 3 (2003): 993-1022.

[5] Griffiths, Thomas L., and Mark Steyvers. "Finding scientific
topics." Proceedings of the National Academy of Sciences
101.suppl 1 (2004): 5228-5235.

[6] Arun, R., etal. "On finding the natural number of topics with
latent dirichlet allocation: Some observations.” Advances in
Knowledge Discovery and Data Mining. Springer Berlin
Heidelberg, 2010. 391-402.

[7] Lin, Jianhua. "Divergence measures based on the Shannon
entropy.” Information Theory, IEEE Transactions on 37.1
(1991): 145-151.

[8] Finkelstein, Lev, et al. "Placing search in context: The
concept revisited." Proceedings of the 10th international
conference on World Wide Web. ACM, 2001.

[9] Bruni, Elia, et al. "Distributional semantics in technicolor.”
Proceedings of the 50th Annual Meeting of the Association for
Computational Linguistics: Long Papers-Volume 1. Association
for Computational Linguistics, 2012.

[10] Radinsky, Kira, et al. "A word at a time: computing word
relatedness using temporal semantic analysis." Proceedings of
the 20th international conference on World wide web. ACM,
2011.

[11] Luong, Minh-Thang, Richard Socher, and Christopher D.
Manning. "Better word representations with recursive neural
networks for morphology.” CoNLL-2013 104 (2013).

All Rights Reserved.00 O O

Copyright(C) 2016 The Association for Natural Language Processing.
0000000 O0OOoDooOooboOoooa





