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1. SEERESTE
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* SGNSu (Skipgram with Negative Sampling)
CBOW,, (Continuous Bag-of-Words) (3Z#&sE%=
1DDDRIFRIRTER T

-

(¢ BT ECRBBDHRERED DY TS,
« ex) well_noun. well _adv
« NEVOZEICERDIDEFRIRZTEDH TS,

C ex) bat_sport. bat_animal

[1] Mikolov et al. : Distributed Representations of Words and Phrases and their Compositionality (NIPS 2013)
[2] Mikolov et al. : Efficient Estimation of Word Representations in Vector Space (ICLR 2013)

[3] Paetzold and Specia : Unsupervised Lexical Simplification for Non-Native Speakers (AAAI 2016)

[4] Fadaee et al. : Learning Topic-Sensitive Word Representations (ACL 2017)



mad « NEW O TIERIENAHEL

NEw 2 : food

soft : &8s

tender
| ate a soft cheese. » (5D SHN)

, non-alcoholic
| drank soft drinks. » (J>7)L0—ILD)
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mEe NEWV O LD EES (TN VIE TE&EEZ X5

Y TIFRR(CIHDEEE (context-word) & &IC
SEETXAIT S

< N\

| ate a soft cheese.

< N\
| drunk soft drinks.

soft_cheese

soft_drink
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. FBF—SIhH Scontext-word DEESHIES
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IREFLE (BREEH)
FEF—AAHRDEZEEHN Scontext-word DES = EE
< N\
... the robots catch cats and dogs ... robot. cat. dog
<
the the the
robot robot robot
catch_robot ] catch_cat] catch_dog]
d d d
cat cat cat
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word : soft

context-word : cheese, drink, iron
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Vector space

non-alcoholic O
4 )
soft cheese : tender
soft_drink : hon-alcoholic
tender soft _iron . {KSEEE
o \_ y
O
K soft /
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word : soft

context-word : cheese, drink, iron
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-

Vector space

tender

soft_cheese %
K soft & soft_iron /

non-alcoholic O

4 )
soft_drink soft cheese : tender
soft_drink : non-alcoholic
soft_iron . (RSB EE
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[5] https://dumps.wikimedia.org/enwiki/20170601/

[6] Manning et al. : The Stanford CoreNLP Natural Language Processing Toolkit (ACL 2014)
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« XIRDFEBE(CEDSK IS RAIIT
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SGNS

MSSGy

oL - BEECRIACLONWTAEIINHTS
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[7] Neelakantan et al. : Efficient Non-parametric Estimation of Multiple Embeddings per Word in Vector Space (EMNLP 2014)
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« BENIE YD
« F X5
« SOMNTFE
. $HER
« SOMITEEDHLE

« SEATIRAFE & DLEER
« =AY RDEBEWCKLDER
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Stanford Contextual Word Similarity (SCWS)

4 )
In 1955 the Soviet Union forwarded $ 100 million in credit to
Afghanistan, which financed public transportation, airports, etc.

\ J
4 )
Only congress has the authority to coin this money that should

be used by the States.

\ J

credit & moneyDFE{ME Z HERI 9
ZREZEREUICHEUEHENE

[8] Huang, et al. : Improving Word Representations via Global Context and Multiple Word Prototypes (ACL 2012)
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V: context—wordf‘%i%ﬂt]

DRFRIROES

1
*Savg = = Qiv.eviv.ev.: COS(V;i, V;
avg |Vi||Vj|ZleVl'”JEVJ ( L ])

S — max cos(v;, v;
max D€V D€V ( L J)

oS . = min cos(v;, v;
min DV v EV; ( L ])

AR (CTRVCHIAUE Z L BIRWNGE(E
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SURBIRADUE DHER

context-word

target

A, B

target2

XY Z

target1_A

target1_B

target2_X
target2_ Y
target2 Z

target2_X
target2_ Y
target2 Z

0.30
0.40
0.45

0.50

0.80

0.60

Savg = 0.51
S, . = 0.80

S . =0.50
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x : RET > DIERIABRFRE
Model Spearman's g
SGNS
MSSG 19
TOPIC

ours (Squg)

Oours (Spmax)
Ours (Smin)
Ours + POS (Sgpg)
Ours + POS (Syax)
Ouers + POS (Syin)

[9] Fadaee et al. : Learning Topic-Sensitive Word Representations (ACL 2017)
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sa DI

FECESNIEDEERZ EOEEFRATE TLSDON
(FERNDBEFIEAFE L DBRRZFA)

K | BB EHTE Y XD (CH VT DEEEDMBFEME

In vocabulary / All tokens

Ours 7297 /8772
Ours + POS

83.2 %
7058 / 8772 80.5 %

[ S8EILL DD EIRIAN ZB=( ﬁ&ﬂtm%]
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« BENIE YD
« F X5
« SOMNTFE
. $HER
« SOMITEEDHLE
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IR (GE=AIRE ST XD)

x : EBEMNRE S T4
clear

= UV X =8 improve, change, remove, take, free, above, empt
TEXT1 ... | am well taken care of until the weather finally clears.

U\ X PIREEEEE improve, changel(1)} ...

TEXT2 When he stands, he begins to clear the dishes from the table.
U\BLX PIEEEEEE removel(4)| take|(1)}, ...

MieZRLUDDS 2O d duENDD
~_=
XA TOHEDORBARZER T DHVENHD
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o 8A—45w MNI10FEFEDSAR
« SADT )T —AIANGEARIEEIT DEMEI =15

« 156291 >R >R
« 62DV ) T—INRA3MNEET DEVMRI Z[T5

LS_CIC[H]

EVMRBRIxZ 5 U
V)T =IDANEECEHFET D

[10] McCarthy and Navigli : SemEval-2007 Task 10: English Lexical Substitution Task (SemEval 2007)
[11] Kremer et al. : What Substitutes Tell Us - Analysis of an “All-Words"” Lexical Substitution Corpus (EACL 2014) 24



S UVMRXA&EHD S > DT

S—Tw hDTENERIA L vy
S VBXREREODEERE v,

e cos(v, Vp)

o IR B FEB DRKARUE

e |s|cos(vy, vp) + Yw;es Cos(w;, Vp)

balAddCos.. ISRt
« XAk DIBNEEEET D

[12] Melamud et al. : A Simple Word Embedding Model for Lexical Substitution
(In Proc. of the Workshop on Vector Space Modeling for NLP 2015)
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S UVRX XD S > If40F

SRFALCIEHETE S R

In 1955 the Soviet Union forwarded $ 100 million in

TEXTH credit to Afghanistan, which ...
TEXT2 Only congress has the authority to coin this money
that should be used by the States.
EEENRESRD
H—=Tw clear
= WX =108 improve, change, remove, take, free, above, empty, ...

TEXTT ... | am well taken care of until the weather finally clears.
TEXT2 ... | am well taken care of until the weather finally improve.
TEXT3 ... | am well taken care of until the weather finally change.

B Dcontext-wordDd+ = ZEE D] EE
26
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Savgr Smax> Smin [CINZ

1 :
.Savgc — ﬁthECt, sim (vec(wy, c;), vec(wp, ct))

'Smaxc — max COS(Ui, v]) C, . context-worddD&ES ]
viEVi,vjEVj

¢S ing = min cos(v;, v;
minc VIEVLVEV (vi, ])
e sim(+, *) : CosZ/z(3IbalAddCos
e vec(+, *) . context-wordMS1E5NBDTEERIR
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EEREREDO GEB=E=MRESYRD)

LS-SE LS-CIC
Cos balAddCos Cos balAddCos
[/i\%ﬂa%:ﬂfjj Ours (Squg) 47.0 45.7
context-word | Ours (S;ax) 48.4 46.4
Ours (Syin) 45.0 44 4
Ours + POS (Sqvg)  46.7 45.7
Ours + POS (S;q)  47.7

46.3
Ours + POS (S,,in) 454 45.3
Ours (Savgc)

[ SBD  |ours (Smaxc)
context-word 0urs (Spine)
Ours + POS (Savgc)
Ours + POS (Smaxc) | 47.7 | 480 | 48.1 |48.2
Ours + POS (Spinc)

Model
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KERFERQ (FBEMNIBRE Y AD)

xR GAPX17®

LS-SE LS-CIC
Model
Cos balAddCos Cos balAddCos

SGNS 113 40.5 40.9 32.1 36.1
MSSG 3 41.1 NA 37.8 NA
TOPIC us NA NA 40.9
CBOW 41.0 4 1 44 1 44 .4
POS 4 1

ours (S;ax) 41° 4 # 274 45
Ours + POS (S;pax) 477 4 5

s Gy [184] [m5] W

Ours + POS (Spaxe)  47.7 48.0 148.1]

a

[13] Fadaee et al. : Learning Topic-Sensitive Word Representations (ACL 2017)
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= Al

A—GFw hard
... you are carrying on two conversations at once and you are

TEXTA required to listen hard.
7] carefully (4), intensively (0), closely(1), intently(1), seriously (0), ...

TEXT? One event in particular hits the platoon hard : the death of its

platoon leader, ...
7] badly (3), heavily (0), strongly (0), severely (1), firmly (0), ...

e EHANKSMEFEZ LAIICTO[IFTTETULD
« BRBIFEZHNDTETTND
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KERIERQ (

sARIRE ST XD)

IJI:|7

xR GAPX17®

Model LS-SE LS-CIC
Cos balAddCos Cos balAddCos

SGNS 40.5 40.9 32.1 36.1
MSSG 41.1 NA 37.8 NA
TOPIC NA 42.8 NA 40.9
CBOW 41.0 40.1 441 44 .4
POS 41.8 42.1 l 46.5 46.7
ours (Smax) 48.4 48.5 46.4 46.5
Ours + POS (S;pax) 47.7 & 48.1 46.3 © 46.5
ours (Syaxc) 48.4 48.5 46.4 46.5
Ours + POS (Spaxc) | 47.7 48.0 48.1 48.2
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xR EBENIRE YR UI(ICHITRE=DHHEELE

Coverage
Ours 82.2 %
LS-SE
Ours + POS 79.7 %
Ours 7134 %
LS-CIC
Ours + POS 711.7 %
[ LS-SED A N EBE=EDIHFESR N = ]

v
[ e ap— ﬁ&Dﬁ%(&%éﬂé]
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IHSEE N BE(CS5X BaE

CrC
L

Ours(S,,q.c), balAddCos
T e~

= 1 context-word MHIRSEE NG X Ba£E

Model LS-SE LS-CIC
CBOW
Ours
POS 42.1 46.7
42.8 46.7
Ours + POS 100[E12 £ 43.6 47.6

£ 48.0 48.2
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