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m MM = PPMI(wy, ¢j) = max(PMI(w, ¢;),0)
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beer 0 0 204 197 O 0 0
car 0.09 049 O 0 0.13 0.55 0

* [Bullinaria and Levy, 2007]
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Value Decomposition (SVD)*
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*1 Mikolov et al., 2013 *? Levy and Goldberg, 2014
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* Pennington et al., 2014
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tokenization

Bt > 189,533

B SVD, SGNS, GloVe: 500t CEE

B SGNS: word2vec (DER) Z{EFF
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€ \WordSim353*! Similarity*? (“WS-S”)
€ WordSim353 Relatedness*2 (“WS- R”)
¢ MEN*3 (“MEN”)
€ Mechanical Turk** (“M. T.”)
€ Rare Words* (“Rare”)
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*1Finkelstein et al., 2002 *2Zesch et al., 20084th *3Brui et al., 2012,
*4Radinsky et al., 2013, **Luong et al., 2013, *°Hill et al., 2014
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taamsw‘x] {Analc%w
[ * BXFEME (FFMITRIEE)] | negative samples (neg) = 1
context window (win) = 2 icontext smoothing (cds) =1

dynamic context (dyn) = none : add context vector (w+c) = only w
subsampling (sub) = none : eigenvalue weight (eig) = 0.0
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[ word2vec (SGNS) TDERE * ]

5PPMI mSVD mSGNS) = GloVe

[EEERELUE]

[ * EREME (FEFEMIZRIFE)] inegative samples (neg) =5

context window (win) = 2

: context smoothing (cds) = 0.75

dynamic context (dyn) = with : add context vector (w+c) = only w
subsampling (sub) = dirty : eigenvalue weight (eig) = 0.0
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B_a—SLETI > HFHEA—X* > A

X FA{LLE: SGNSIH < SVDES

O Analogy: [SGNS, GloVe] > > [PPMI, SVD]
B GloVe > SGNS *2 > X

- Analogy D 14%RLNTE T SGNS > GloVe

*1 Baroni et al., 2014 *2 Pennington et al., 2014
*3 Levy & Goldberg, 2014
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B 1B TE

win 2,5,10 EETIL

dyn none, with £ETIL
1! sub none, dirty, clean £ETIL
B del none, with £ETIL
T8 neg 1,5, 15 PPMI, SVD, SGNS
| cds 1,0.75 PPMI, SVD, SGNS
% w+C only w,w+c SVD, SGNS, GloVe
A0 eig 0,051 SVD
H nrm none, row, col, both £ETIL




FiE FEﬁ—C L@ibsns-
INAIN—INTA—FZER]

B 1B TE

win 2,5, 10 EETIL

dyn none, with EEE‘H%%&%&%@L
] o e Mg
T8 neg 1,5, 15 PPMI, SVD, SGNS
-] cds 1,0 PPMI, SVD, SGNS
% w+C o yw,w+c SVD, SGNS, GloVe
A0 eig 0,05,1 SVD
B nrm none, row, col, both £FTIL
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/eax—% RN T1-R e N
‘ 2,5, 10 é:ET)l/ \

at dyn none, with £ETIL

1! sub none, dirty, clean £ETIL

H del none, with £ETIL

T8 neg 1,5, 15 PPMI, SVD, SGNS
| cds 1,0.75 PPMI, SVD, SGNS
% w+C only w,w+c SVD, SGNS, GloVe
A0 eig 0,051 SVD

H nrm none, row, col, both £ETIL
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B Context Window Size:win=[2/5/ 10]
& BEEEDHIE win Bi5E9 D% context (235

m[41R]): PPMI.SVD IX3EHMNELN?
| &xr'l‘iﬁa%-‘r“)wia(% Window Size (87_'ZI~I7<J§R)

PPMI 1 0

SVvD 1 0 8
SGNS 2 3 3 8
GloVe 1 3 4 8
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B 1B TE

win 2,5, 10 £ETIL

dyn none, with EETIL

sub none, dirty, clean £ETIL

del none, with £ETIL
115 PPMI, SVD, SGNS

]\jJT_S'"%ﬁB 75 PPMI, SVD, SGNS

w+C only w,w+c SVD, SGNS, GloVe

eig 0,05,1 SVD

nrm none, row, col, both SETI)L
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SGNS D/INTGA—E > EFEAN

B Dynamic context window: dyn = [none/with]

& &+—9>28IZ context # 1~window size (win)
THUT)T > BEICED(EATEMITIRE

B Subsampling: sub = [none/dirty/clean]

& BEf >FEtDE

AEATER]L — | /t/fChHE

& context W15 FJIJ(dlrty) &Z(clean)EETHREE L

Bond >t=10""

, dirty (word2vec ZE#L)

*word2vec TIZHEE (f —t)/f —t/f THR=E
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RIALEE/ NS A= DINE (1/2):
Dynamic Context Window
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Subsampling

B (S RIEEWLA..)SVD IZIFEIEEZ?

5.0%

0.0% = |I — —H | |
° 1 1]

-5.0% \ —
-10.0% I
®PPMI mSVD mSGNS = GloVe |
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B 1B TE

win 2.5 10 EETIL
' em _ SETIL
8- SR BB 5 z

, EETIL
de; - none, with SETIL

’ifﬁf :

neg 1,5, 15 PPMI, SVD, SGNS
cds 1,0.75 PPMI, SVD, SGNS
w+C only w,w+c SVD, SGNS, GloVe
elg 0,05,1 SVD

nrm none, row, col, both SETI)L




B EESEIZBITAEEE:
SGNS M5 PPMI (SVD)ANDE A

W Shifted PMI: neg =[1/5/ 15]
& SHY T [PMI (w,c) — log K] & PPMI ~
¢ Shifted PPMI (SPPMI):
® SPPMI (w,c) = max ((PMl(w,c) — log k), 0)
B Context Distribution Smoothing: cds =[1/0.75]
& =T context count  aETE EIF*
® FHEEFEICXIT S PMI DIREZER > PPMIICH
& PMI,(w,c) =log(P(w,c)/P(W)P,(c))
® P,(c) = #(c)*/ X #(c)*

*a =0.75 HNEIF (Mikolov et al. 2013)
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Context Distribution Smoothing

B EDFERITELER (GloVelZlEERA )
QAL HEEDEZEFTINZASH_EMTESL
> PMIDFEHZRRTES
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Fi& FEﬁ—C SR Ay W=
INAIN—INT A —FZERH]

B 1B TE

win 2,5, 10 £ETIL

dyn none, with £ETIL

1! sub none, dirty, clean £ETIL

L) del none_with EETIL
TR DEBENINILEEIEE  ppMmI, SVD, SGNS
od 1,0.75 PPMI, SVD, SGNS
WHC onlyw,w+c  SVD, SGNS, GloVe

eig 0,05, 1 SVvD

nrm none, row, col, both SETIL
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H o =BERIMLOEIE (1/3)

B Adding Context Vectors: w+c = [only w/w+C]
& GloVe: BAIZBWTXXIRRNIFMILEZ R T
® 73cat — V_‘})cat + Ecat
& E:E[E cosine EHEUEADNE (GEHEZEIZ)
O [2EEEARLVXARTIRN AT L] ELVHEEE(C
[BEEVDXARTHEIREN DTV ELVHEEEZ BN
® EAFE
® SVD, SGNS: w, ¢ TELQLHRNINILIER - \l8E
® PPMI: BR T, EMEEDIRENEIZ > RiEY




BAIB/INSGA—F2DNE (1/3):
Adding Context Vectors

.(E&‘if&l/\h\ ) )‘jj%(ic:gc E

> (A[RELGL) BRI IT TCORILIFEEE?

10.0% I
PPMI mSVD mSGNS mGloVe |
5.0% |
0.0% l l l | | :
-5.0% !
-10.0% < :

© < A @ DO O

& ¢ E S TN

h w+c = only w = w+c TDZE 1L (ih \7)‘ AL ExE 1) ‘
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B Eigenvalue Weighting: eig = [0, 0.5, 1]

& SVDT WS"P =y, - 28 &ELT p (=eig) ZifE*
> WSVP cSVD 2Tt 12 -85

® SGNS Ot #FRtE: WW2V, cW2V (JET

FIRER)

« —HIZ bias MM ind > FERAYIZ B IFIZEL
~ME (p = 1) TIXIEXTFREY

® SVD OT74JL

¢ W:Ud'zd(l

'fﬁ,l'ﬁfc) 0=V, (gFl

FIREXR)

.p:OS W=Ud-\/2d <> C=Vd-1/2d
.p=0 W=Ud<—>C=Vd

* Caron (2001), ftt
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Eigenvalue Weighting

M eig =1:eig=0.5/0 LLERTHEENEDHT
® BEMEIZHITSH SVD KM DIRE

> EFA—23 (X IELWLD, TI4ILE (eig
=1)DFRFFIAIT DI %

‘i 2 window size T® eig 2434 8E (fth/ AT A—FExE1E) ‘

0 .612 0O .ol6 0O .584
2 05 .011 5> 0.5 .612 10 0.5 .567
1 .551 1 .534 1 484

* Baroni et al. (2014)
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FLH: BT IL-/INSGA—EIR
ICRA T AI[ERLD]ARRA

B context distribution smoothlng (cds =0.75)

X PMI D1
¢ PPMI, SV

FELTEITES

D, SGNS [Z£F,

N

BSVD &#T74ILLDEZFE flg 1) ﬁ#’)?&b\

-> symmetric

B SGNS (LA

variants @

NN {EFE
VIl & K Y,

O LERXFTIELGNASIFEEL DL
O RUVFEMNRLT AR AERFHEET

B SGNS TIXZLDEHIZFIFE

B SGNS, GloVe Tl w+c &3 {Hl{EHY
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& Analogy #RVIZH1TBET ILLLE
@ /I\(IN\—I\TGA—R vs. EVHTT—4

& CBOW &)L

B XXy TLE=0H-T

— St

& GloVe [ZH L Tlcontext ZE 9 (c+w)]

—&A cosine FE4EL

ENEZ R DAEIR

® EEDHRICETHARILEDHEEEFR
€ Context Window Size [ZB89 A#5 R ¥4
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RERERTE (2/2): 2RVt vk
(EHEEFELLE “Analogy)

Bmlaistoa*asbistob*] M b*2LEEH
SR T SRRV (278 5E)
€ MSR’s analogy [Mikolov et a., 2013]
® 8,000f : FzREm - MBS FAREER TE
® [ good is to best as smart is to smartest |
€ Google’s analogy [Mikolov et al., 2013]
® 19,544f: #RFERISE| - ERRHIRIRESE]
®[ Paris is to France as Tokyo is to Japan |

B Wikipedia HIR100E LA LEBEDH (KD
- MSR: 7,118 B~ Google: 19,258 f&




Analogy 2 A7 D [EIEF %

B LLTD argmax RO DH2E T EZ= RN

arg max cos(b™,a™ —a + b)
b*eVw \{a*,b,a}

cos(b*,a* —a+ b) mKEMEHDRED b* 7R A5
b

b* *
b*

a*—a+b
-> SR =50

(a”—a)

a



Analogy 2 X7 D [EI&EF %

B LITD argmax 3 RKOH2FEFEZ=EN

arg max cos(b™,a™ —a + b)
b*eViy\{a*,b,a}

B 3CosAdd (RNTKJLEI-ZET)
b* a*) — b* b*. b
g, max | (cos(b",a") — cos(b,a) + cos(t", D))

B 3CosMul (3% T-state-of-the-art*)
. o cos(b*,a*) - cos(b*,b) | &= 0.001
5 b*eViy\{a*,b,a} cos(b* ) + £ (OBF 5% [a] )

B argmax MIEREEE(CIEDE| S THH

* [Levy and Goldberg, 2014]



Analogy 2 X7 D [EI&EF %

B LITD argmax 3 RKOH2FEFEZ=EN

arg max cos(b™,a™ —a + b)
b*eVi\{a*,b,a}

B 3CosAdd (RTKJLFD-ZET)
arg F—A+twk4 - MS-Add, G-Add (0", a) + cos(b*, b))

B 3CosMul (ZEH T-state-of-the-art*)

= T o = 0.001
T—3t k4 MS-Mul, G-Mul ) e ,
e b*eViy\{a*,bal  COS(b™,a) + € (OF% &z [ml)

B argmax MDIERFEEEIC/EAHE] S TEH

* [Levy and Goldberg, 2014]
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-PPI\/IIISVD SGNS GIoVe

1
0.8
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& \@ & @ S s =S @
taamsw‘x] {Analc%w
[ * BXFEME (FFMITRIEE)] | negative samples (neg) = 1
context window (win) = 2 icontext smoothing (cds) =1

dynamic context (dyn) = none : add context vector (w+c) = only w
subsampling (sub) = none : eigenvalue weight (eig) = 0.0
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[ word2vec (SGNS) TDERE * ]

1 I I N .

0s 5 PPMI mSVD mISGNS| = GloVe
0.6 - 3 s ¥
0.4 - I 1 ]
0-(2) | SGNSHRZE#E -
i 211y DH | |
= . QL ® SRS
O A RN &S s 0@ e oﬁ
CEZE [Analogy)

[ * EREME (FEFEMIZRIFE)] inegative samples (neg) =5
context window (win) = 2 context smoothing (cds) = 0.75
dynamic context (dyn) = with :add context vector (w+c) = only w
subsampling (sub)  =dirty : eigenvalue weight (eig) = 0.0
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m PPMI mSVD mSGNS mGloVe
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EEOEBIFIELLND M ?

B _a—3)L > HEA—X* 5 A

x FALLEE . SGNS¥EH < SVDER

O Analogy: [SGNS, GloVe] > > [PPMI, SVD]
B GloVe > SGNS *2 > X

» 3CosAdd D1E%#FRLNTET SGNS > GloVe
B (analogy [SHLVYT) PPMI = SGNS *3 > X

- SGNS DA H (MSR analogy THFZ) B8
B 3CosMul > 3CosAdd ¥ > O

*1 Baroni et al., 2014 *2 Pennington et al., 2014
*3 Levy & Goldberg, 2014



(B 2)
INAIN—INTGA—A

VS.
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INAIN—INT A=A ys EwH F—4
(1/3): EERELTE

B 105{EE B (7)) 50— /INRAEER

& word2vec fH 85{EEE M —/\R*
+ UKWaC [Ferrare5| et al., 2008]

LI EZIGEE-(TER> 627558

¢ 100

B L TODEF

a

(2% = 16:8Y) TEER

€ broad context window (win = 10)

€ dynamic context window (dyn = with)

€ subsampling (sub = none, dirty)

& shifted PMI (neg =1, 5)

€ context distribution smoothing (cds = 1, 0.75)
€ adding context vectors (w+c = only w, w+c)

*word2vec.googlecode.com/svn/trunk/demo-train-big-model-v1.sh



INAIN—INTF2—A VS t‘JOT 3

(213): ERFEDEH

B SGNS: #HT5ET (“SGNS-LS’)
B GloVe: 50-iteration Zz#{H T (“GloVe-LS")

B Count-base 03

- iRE

=W T —RATEIMNT

D [T fT#1Z challenging > Efet 3



0.8
0.6
0.4
0.2

INAIN—INTA—HR ys EH F—4

(3/3): EERFER

BSGNS = SGNS-LS l‘%‘ e' GIOVe LS

_@ RN 66 » & »
N @fo @ <& %y®%'

/

[ﬁa FALLE [Analﬁy}
- HEEFALIEARID 3,76 hha—/sRiENKY

\TGA—FRBODADUNRHY (FFDKH)

- Analogy [Z[Za—/SAEMMAEZFS (F D KH)



(2 3)
CBOW &N ELER



CBOW &MDLEER (1/2): B &=

B word2vec NDEL5—DOD7 I X L

& context window D&r—V & HIZEHEE
ANORILDOFITERIA > more expressive

¢ JYRWNWEERTFZ5ISHEHAEEE

B ELGLHAMEDHE
€ SGNS > CBOW [Mikolov et al. 2013]
€ CBOW > SGNS [Baroni et al. 2014]




CBOW &M LELES (2/2): LEER

B MSR Analogy RV DHNAXK

B (EEEZALE

BRA)THREINT=ELVOH
H4HdH 5 [Melamud et al. 2014])

= PPMI mSVD mSGNS

word2vec %€




(fEE4)

GloVe [ZHULNT
context Z& 9 (c+w) ]
i)
cosinefaLlEANG Z 5
R D EEFR



BB/ N IN—I\TA—A (1/3):
Adding Context Vectors (w+c)

B GloVe HATIL context ROKMILERT

® Uiy = Wear + Ceat

B cosine FEUE DR (D FIER) |
= = WA —H DEBERRIT—RA—¥
DFRUF— L7 BTN




cos(x,y) =

(Wy + ) - (W, + &)

r{L}iI? . ’lL.‘-,y _~_ c:}_ﬁ * C’y —~_ rtb‘lff

+ ¢,) - (W, + ¢&,)

+ Cy 1 Cxp + Wy

W2 + 2W, - Cp + € \/ w2

+ 2, - ¢, + 2

(4)

'5y+1

Word, context N kJLIE]]

ERESh TS



BRI

INAIN—INT A —5 (1/3):

Adding Context Vectors (w+c)

B GloVe:

H A TlE context NMILERT

® Uiy = Wear + Ceat

B cosine FALENDR =i = WA —HD

IIIIIIIIIIIIIIII

FBEUEREIC— RA —F:DOFELUIEZENM

---------------




BRI

INAIN—INT A —3 (1/3):

Adding Context Vectors (w+c)

B GloVe:

H A TlE context NMILERT

® Uiy = Wear + Ceat

IIIIIIIIIIIIIIII

",COS'”e L '#’\@?21% —‘ﬂa“ —9“0)




BB/ N IN—I\TA—A (1/3):
Adding Context Vectors (w+c)

B GloVe: HATIE context NOMILEZERT

® Voot = Weat +Cear

B cosine FALENDR =i = WA —HD

%'&*EMXF%EI;&(H «RT 90) EMIEEJJJD

llllllllllllllll
lllllllllllllllllllllllllllll

. 2—”—&@3&&..‘ ....................................

HESEAG I context TR AT Y]
f'fFEf'ff%T?'ff'ff'f fEes L ) ' g . fpfonnnm
or rj; B LD context TS LX)




BB/ N IN—I\TA—A (1/3):
Adding Context Vectors (w+c)

B GloVe:

H A TlE context NMILERT

® Uiy = Wear + Ceat

B cosine FALENDR =i = WA —HD

IIIIIIIIIIIIIIII

FMALERERIC—RA —F:OFELIEZEN
B EATE

¢ SVD,

---------------

SGNS: w, c TELZLHZRNINILIERL

> trivial IZE A A EE
€ PPMI: BRC., —RELIDOIBE M EDN

>4

0 [IBEAZRES

B w+c = [only w / w+cC]



(f E5)
BEDIMMBIZET S
FRELD % B & #



EEOEBIFIELLND M ?

B _a—3)L > HEA—X* 5 A

x FALLEE . SGNS¥EH < SVDER

O Analogy: [SGNS, GloVe] > > [PPMI, SVD]
B GloVe > SGNS *2 > X

» 3CosAdd D1E%#FRLNTET SGNS > GloVe
B (analogy [SHLVYT) PPMI = SGNS *3 > X

- SGNS DA H (MSR analogy THFZ) B8
B 3CosMul > 3CosAdd ¥ > O

*1 Baroni et al., 2014 *2 Pennington et al., 2014
*3 Levy & Goldberg, 2014



84D E RO FEEE (1/4):
embedding [FENTUL\S*DH ?

B ELE: [SGNSTH] < [SVDF ] (win=2,5)

B analogy: [SGNS, GloVe] >> [PPMI, SVD]
1 ]

0.8 win =5 m PPMI mSVD SGNS GloVe

v

&° o ‘Q’ \6‘ WO
N ° [ﬁ%alé@y]@

* Baroni et al., 2014 [Z &2 —E D 1

/\
{aa FE{LL ;*z]




B2 D £ kOB (1/4):

embedding [FENTUL\S*DH ?

_ ?EME

SGNSE

Zj;’;j] <

[SVD*

4] (win=2,5)

B analogy: [SGNS, GloVe] >> [PPMI, SVD]
oé Twin=5 = PPMI = SVD S_c_?_lys GloVe

1%1#

$% $%

L —ELEERLL

Elhfdi» * Baroni et al., 2014 |2 &5 —E DL

0.6 -

0.4 -

0.2 -

O _
© Q‘

> & 8 @\‘Q

@ @g




85 D F sk D BEH (2/4): GloVe
[ESGNS KW ENTLNS* DM ?

B Ho5PBH2RXIT SGNS > Glove

1_

€ 3CosAdd M # GloVe A' 0. 8p0|nt E[5

08 win =5 (5§8) = PPMI mSVD GNS GloVe
0.6 -
0.4 -
0z 1! 1|
. % <2~ O
F & & & o \6‘ 6 ®°

* Pennington et al., 2014 (&5 —3EDEEF



B A DT skOHEFEE (2/4): GloVe

[EISGNSKUENTLNS*DH ?
B Ho5PBE2XIT SGNS > GloVe

BB EEEEEDRTEDEL
@ NAIN—INTGA—=EFMNAZE (FFIZw+c)
€ Google analogy LSt THEHMEL TLYS
® £FFEZFRILO— /R ETLERLTLVS

B GloVe TIX shifted PMI(neg) & context

distribution smoothing (cds)h .

¢ KhYIZ, KYBEHE

D &5 bias

141> A
EE

TEANDIZ SGNS ERTFEHLEEMNDOMNT

* Pennington et al., 2014 [Z&5—&EDZEEE



B A DT skOHEFEE (2/4): GloVe

[ESGNSKUEEN TS DM ?

mHo

BT SGNS > GloVe

B EEFEREDERTEDEL
@ NA/IN—/INTGA—=EZMNAZE ($FIZw+c)
€ Google analogy LSt THEHMEL TLYS

& =3

=2 HFRICO—/NR ETCHEERLTULVA

B GloVe TIX shifted PMI(neg) & context
distribution smoothing (cds)h F FH A 1]

¢ KHYIZ, KYBEEDHS bias FHEHN

TEAHDIZ SGNS ERFHLHENDOMNT

SGNS OAMNEBNTWLDSKIICRZD E



BEDE RO HEE (3/4): analogy &

AIZEWVTPPMIIESGNSERIZF D ?

B SGNS OAMNHLSMNIZES @)
€ MSR analogy 2R 7IZHNTHIZIEE

1
0.8
0.6
0.4
0.2

0

lwin =5 (F5#8)

= PPM| = SVD S

Wil sl

11

$% $%

NS GIoVe

SRS eP @0

@Qg’%\@?‘@'

* Levy & Goldberg, 2014 (Google/MSR analogy 2 X% TDH&3E)



BEDE RO HEE (3/4): analogy &

AIZEWTPPMIEISGNS ERIF*H 2

B SGNS QA MEHLMIZES
€ MSR analogy 2R ZIZEWTHIZIEE
B MSR->#feERIEE % (B4R - Bl L 1E)

& context DIEHE (EEA] - HEREEE) MEEH
® SGNS LB R DHF~DEHDFITH

(P
i
oP

3M|—Glifi|teréh%>)ﬁ0)$ﬁI%eﬁ%f—‘)$<

JES I:lJ ﬁb

PM| TE

BRI ERRET AL

I2&Y. LB RO BIENHER SN TS

* Levy & Goldberg, 2014 (Google/MSR analogy # X% TDOD#&R3IE)



1EE D E RO BT (4/4):
3CosMul & 3CosAdd &Y Z%Z<MD

analogy = HEIFn[Ee* A 7
B Lio)ﬂ]J —/ O)%Dth\_ﬁ

B SVD & PPMI THF(ZEEE

oé Twin = 5 (F48) = PPM| mSVD mSGNS = GloVe

%ﬂ#ﬂﬂ%ﬂ%ﬂ

<9 Q~ O \\} O O
& ¢ S & o Vb =S e 6®%®

* Levy & Goldberg, 2014 (Google/MSR analogy 2 X% TDH&3E)
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Context Window Size

ICEH9 o5 Mlfa R



1.0
0.8
0.6
0.4
0.2
0.0

INAIN—INGA—=B vs T )L X Ls:
(4/6): F& L iz 775 (win = 2)

m PPM|I mSVD mSGNS mGloVe

& &Q N
[ EE R

ﬂmﬂﬂﬂy

Y O
S S »

[Analogy]

BT —RERAWE2REIRERTE

- RHT A LFM-FEEF P TIEY 1% EEDE

r EQFENNAREIE

—EIZEAGLER



1.0
0.8
0.6
0.4
0.2
0.0

INAIN—INTGA—=R ys )L X Ls:
(5/6): =& LifZ 72 & (win = 5)

m PPM|I mSVD mSGNS mGloVe

& &Q N
[ EE R

ﬂﬂﬂ#ﬂﬂ

Y O
S S »

[Analogy]

BT —RERAWE2REIRERTE

- RHT A LFM-FEEF P TIEY 1% EEDE

r EQFENNAREIE

—EIZEAGLER



1.0
0.8
0.6
0.4
0.2
0.0

INAIN—INTGA—=R vs T ILT1) X Ls;
(6/6): F& L Mz 775 (win = 10)

m PPM|I mSVD mSGNS mGloVe

& &Q N
[ EE R

ﬁﬂﬂﬂﬂﬂ

Y O
S S »

[Analogy]

BT —RERAWE2REIRERTE

- RHT A LFM-FEEF P TIEY 1% EEDE

r EQFENNAREIE

—EIZEAGLER



(FHRE7)
T NDIhEE R
(RTGARANDIBER/RE)



ELEESTE/N\TIA—IDOHE (1/2):
Shifted PMI

[GloVe]): SZ2EA1] [SGNS]): 1A B LY

[SVD]): >1THEIMEL [PPMI):ZR O IE
10.0% [

X0 Shifted-PPMI O B EMNESNT

g' [OtILIEMNANRE ? [Levy & Goldberg 2014]]
10,0  SVDWFATHEW S AEZEL =D
-15.( > SVD O L,BMBEHIEEHA DTSN

20.C > Bl DT L ERBITELL 4
. N\
& &€& g N

[t neg=1>>1TOEL i/ 5A—2ITRFEIL) |




M BELLER (4/4):
[ZE -ty hE it

0.8 m PPM|I mSVD mSGNS mGloVe

%ﬂﬂﬂﬂ%ﬂﬂﬂﬂ

[q-a; 5 [Analo%w
AT —AER 2R BRI R

- RENT—FLFHE-FEEF N TIEY 1% REEDE
 EQFENMRALEF—BITEZLZNER




(BRTRRICKYSIENGD SO EESNI=/ATA—451)

BT ALE

IZHITAHHdEIE:

SGNS D/INTA—F > EFEN

B Deleting Rare Words: del = [none/with]

T

® FHE

RA (BRIERBRTHRIGEL>AYE)

*word2vec TIZHEE (f —t)/f —t/f THR=E



(BHIERRICKYSHEN G ==DBIESNT=/\TA—422)

BWIBI(ZEITH/I\NTA—A;

HA=BEEANIRLD

B \Vector Normalization:

{&1E (3/3)

nrm = [row / none / column / both]

® row: 32D (47) IEFR1E
® none: £<IEHRIELLLY

® column: W DT TIF7%E<FZ 1
[Pennington et al. 2014]

® both: F£1THIERRE

9

lin

EFRE™

= HIERERIZKY nrm = [row] TEE

* SVD CEIEEZ TS (eig=0) > SVD TIXHEHY




