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« Y= ERE LA WEESEERIE (Word2Vec, GloVe) [1, 2]
1$n 7551/\7 F“/T%IE
ZEMAZFRIRTE 0 plant——[ 0.22, 0.91, 0.45,- - -]

- YikZZER L /-EHEDEERIE (ELMo, BERT) [3, 4]
BEXART &SRB Z £ -+ is the plant manager in -+
O &% FKIFATHE L.[-0.12, 087, 0.05,---]
-- a tropical plant called -
L [0.32,0.13, -0.24,- -]
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[1]Mikolov et al. Efficient Estimation of Word Representations in Vector Space.(ICLR 2013) [2]Pennington et al. GloVe: Global Vectors for Word Representation.(EMNLP 2014)
[3]Peters et al. Deep Contextualized Word Representations.(NAACL 2018) [4]Devlin et al. BERT:Pre-training of Deep Bidirectional Transformers for Language Understanding.(NAACL 2019)



« word2gauss (w2g) [5]
BHEBEN TV ANMHTERR olant flower
ZaRMEERIB TR flower » plant
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« word2gaussian mixture (w2gm) [6]
BHEEBAZ BN 7 ANDHMTXKIR

. flower
O %%'li‘t%%}ﬁ,ﬂ HE plant
PBEICAHEZB LA Plant
ey = " ower
P COHEICALEERK factory plant
'V
factory

[5] Vilnis and McCallum. Word Representations via Gaussian Embedding. (ICLR 2015)
[6] Athiwaratkun and Wilson. Multimodal Word Distributions. (ACL 2017)
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[7] Ester et al. A density-based algorithm for discovering clusters in large spatial databases with noise. (AAAl 1996)
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Stanford Contextual Word Similarity (SCWS)
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QOO EMPEBELUET—%t v b (WS-36313FEtEy & L THWS)
e FHIMIEE

ANFETHEINE-ROAT7EDRET <Y DIBRAERERE

e LEERF R
w2g [6]. w2gm [6]

AREFHOBER DT -
FHBOERMLBRADELDE LM o2
A L HELE ba.I’J k'?f:"»

7 — X5 ( SimLex-999 ) L ' money

wordl : bad wordl : bad
word?2 : terrible word?2 : great

score . (.78 score - 0.3b
[6] Athiwaratkun and Wilson. Multimodal Word Distributions. (ACL 2017)
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w2g [6]. w2gm [6]
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7T — 426 (SimLex-999) L ' money
wordl : bad wordl : bad
word?2 : terrible word?2 : great

score . (.78 score - 0.3b
[6] Athiwaratkun and Wilson. Multimodal Word Distributions. (ACL 2017)
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HEBOBRMRNELET —Xty MIBITE T~ > OIEMMEEREL
SL MEN MC RG YP microE13
w2g [6] 29.4 2.6 76.5 /3.3 42.0 h2.4
w2gm [6] 29.3 13.6 79.1 4.5 45.1 2.9
ELMo+GMM 45.5 60.7 61.6 04.1 38.7 H5.1
ELMo+DBSCAN 45.5 61.6 63.8 04.4 39.2 0.4
BERT+GMM 42.5 65.6 65.4 64.0 50.8 H8.3
BERT+DBSCAN 47.1 71.0 85.5 78.6 59.3 64.1
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DS[8]. DSh|8] @
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BHLZFEA

7 — %% (ROOT09)

wordl : tiger wordl : apple wordl : apple

word?Z : animal word?2 : pear word?Z : animal

relation : HYPER relation : COORD relation : RANDOM

[8] Shwartz and Dagan. Path-based vs. Distributional Information in Recognizing Lexical Semantic Relations. (COLING 2016)
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HEROBWKRNERT —Xt v I

HiF3 237 (F{E)

BLESS ROOTO09 EVALution
DSis] 0.811 0.646 0.525
DS, (3] 0.889 0.716 0.571
ELMo+GMM 0.852 0.734 0.575
ELMo+DBSCAN 0.854 0.743 0.588
BERT+GMM 0.834 0.655 0.587
BERT+DBSCAN 0.822 0.671 0.568
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Stanford Contextual Word Similarity (SCWS)

e FHMIETE
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e LEERFIE
w2g [6]. w2gm [6]. ELMo., BERT
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XD iGN D DEERIEDET 258D
BB IV A U BEUE

7 — %f] (SCWS) Lo

Xk 1 : - the east bank of Des Moines river - . ﬂf"' LS

AR 2 : -+ the basis of all money laundering, -+ LR money
A7 2.5

[6] Athiwaratkun and Wilson. Multimodal Word Distributions. (ACL 2017)
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XAk 1 : - the east bank of Des Moines river -
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A7 25

[6] Athiwaratkun and Wilson. Multimodal Word Distributions. (ACL 2017)



Stanford Contextual Word Similarity (SCWS)

e FHMIETE
AFC[HEEINEZRTIT7EDORE T Y DOIBRIERE R
e LEERFIE
w2g [6]. w2gm [6]. ELMo., BERT
c IBREFEFOHEXROT
XD iGN D DEERIEDET 258D
BB IV A U BEUE

7 — 2 (SCWS)
XAk 1 : -+ the east bank of Des Moines river -+

AR 2 : - the basis of all money laundering, -
A7 2.5

[6] Athiwaratkun and Wilson. Multimodal Word Distributions. (ACL 2017)
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SCWST—%+t v MiZBIT3
27~ O)ERMEBERE

Model o X100
W2g 6] 66.2 « ELMo+DBSCANAEIfED4EEEE L Y 1
w2gm (6] 65.5 = ULV BE
ELMo 67.6 —>YiReERE L -EEPRERIEN OB Z
ELMo+GMM 66.0 EET 5T ENER
ELMo+DBSCAN 68.0
SERT 61 7 « ELMoX>BERTTHE S5 0EIEKRIEA
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BERT+GMM 64.5

BERT+DBSCAN 65.0
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