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o] Qe gk A4S Al=start sitk
e 7HEE wste] 7RE 2 4kl 1ojsiRk= London B3] JR.
Firths & <= Stk Firthe] 783 18721 “You shall know a word by the
company it keeps. (Firth, J. R. 1957:11)" @& 53l ©of9] ou|E f5&
2 oh:]__ FAS u}x%j Eo:]_r]:b_ sk = 9%\:} :erq]ﬂo A Hhﬁﬁ_\)r
3R Firth= 719] = “Modes of meaning”ol|4] #2115 53t ou|E %
A= 8k 714 Wl o] H| A E(collocation test)2Fal SF3ATE

In order to understand these terms, the modern scholar has to resort to the
linguistic device of meaning by collocation; the great advantage of this
method, of course, is that linguistic methods and devices are being used to
establish the meaning of these linguistic terms. (Firth, 1957; 412143 1974 A
18

ol ou]e] = olefgh do] HAEES B3l 71 7 s, oE =
H, Z40] FRA91 oJu]i= ‘they are milking cows,” === ‘cows give milk’ £}
22 oA FEE= Ao(collocation) ] Efg o
1967: 13; °o|W-%, 2016).

03] oJujef thgh FHA A The AdojgirkEel SJEiAE AR
Tl & 5°], Deese(1965: 43-46)¢lA1i= “The distribution of responses
evoked by a particular word as stimulus defines the meaning of that word.
@32k stk T3 Cruse(1986)= 719 A o]3]  oJu|&(Lexical

Semantics)©ll4] “the semantic properties of a lexical item are fully reflected in
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appropriate aspects of the relations it contracts with actual and potential
contexts.” 2}l &, gk 0]9] 2] oJu|7h A 2 A ZR] FHjeld FEE
th= Zhgel 71ke T ek skl

TEivhA oA oj319] oJulE BT 5 g B o Zlo] 9}
<71 Harris (1954: 156)= “In certain important cases it will even prove

possible to state certain aspects of meaning as functions of measurable



distributional relation.”o]2}aL AQkete], =4 758l B A AAS Ea)
0139 ou|E #Ae & Qlrkar st
Harris7} AIQkst E8-E& F3t o] A9 7Fs/de A BaxE &t

A 1d PHES FEl s Sk wAF ¥ E(distributed representation)

7Hd(distributional hypothesis)®|2= 7Fy sfoll T
ojx1 ¢ Wolrk . 7HYL Bt AN Tshe ol vl
& onlE 7RItkeh= 7Pgolr ZobA|Rh ol A, et ofu 52
o7} T2 7 k=] WA 7Rdel whebA o ulg-S TH A
EE wEgsithd o]yt "ol5 u|H o R Tk wolrt Hrt ke
719kt o] 72 BEALS- AL O|u]E(distributional semantics)EFal SHH, A
ou|E2 AFHZ Fde = glon, kel fAM] Ik} np A 1L thof

A9 FAME 2 RERE 4 Qe 20% welskn Uk

Hm

“Distributional semantics is a theory of meaning which is computationally
implementable and very, very good at modeling what humans do when they
make similarity judgments. ... This approach to meaning is in no way the
only one, but has come from a particular philosophical tradition involving
linguists and philosophers such as Leonard Bloomfield, Zellig Harris, J.R.
Firth or again Lugwig Wittgenstein (in his later work) and Margaret
MastermanD) (Z] A]-3-, 201841 A1 -&).

glojete] w4 W 5 sk Al | Exojv|Ee] el w4t
omlEe] tise] wds & ARde] Sl 2013 =9 EvkA v]mEsE
(Tomas Mikolov)‘—:‘ Word2vec*§: ‘?;}Eé}oﬂﬁ} (Mikolov et al. 2013). <=3 -
Z0] A 53 Nlatent space)°ll A&
How lEr/\V\V]EEW %f’i = %&5}01 X}Oioi el B 8= 8 3l
= 7k BTl (A1, A2E, 2020). HISwE ofn|e] el
ARl A SRt 7HHAl S1ABRE Sl tSNETh= A12H4]Q1 A= B

1) http://aurelieherbelot.net/research/distributional-semantics-intro/



o] FoH, AFEE & F s Zolgkal Wi ISl o 7] A%
Stk AE =9, man¥ boyd] IS BT, woman¥p dAE o
o= %ﬁi% ], 1r10] = A3E HolFSty X3 London, Seoul, New

% % o] 7HE AL wolE Zehils EAl =

< Kool gtk o] gh %‘ 7hde ?Jl.‘fﬂ AEAQ ?i? ‘%“ﬁ
oA dojwle] wex =
o]} gl=olRA ol Sigah= nlolvle] BEAE ARESte] FES X
ARl Akl whdel doleS vl A skt stk o)F S3l, o
W o gofil dEX| oAt A ik do] ojgkgat B el
L ool A7 RolF= X AHK At s
ZsARs A WAL F9b AL Sl %’4 28kaL Jlom AAE At
E4E 7 AL itk olelst E4L FE A sAkeEe] AE AMIE Tt
T/} 7P = vk webA B =Rl Al AR RS sk RS

W EF Al RIS A, 28A] 92 AT AMIE ©
ﬂﬂl = Zolgtan 7HE 4 qlrk

gk AT 2B ALY 229e]] glolA —oaoiw Oifi%% b Apolel o171 )
S Ao 7Hgstar vk A ZEA] gk AgPATEL JoldksaEo)
FelEAtE kA ARSSh= Tl oEEo] ‘3131 S el omut FH
o EFolgiatel vl U Wol| ARG U AA| ARgete] 1110
o] EAS Teulitta 4elA Qltt (Adjemian, 1976; Aijmer, 2002; Oh, 2007,
Park 2012 ). ©]$} BlEo] ojglsakze] AEEARE AHSshs B3 i
o] oulEIh= 2ol Hol= AR d#A Sltt (Deshors, 2010). w2}
Al B1E Qofrie] AR AR AR B S Aqehs Ak FasHARE
o] 5RO MY FEA} AR} e opke AR AT ZE9ah)
IO A Z2EAE o8l AR EE AE dojvle] e} doi“
grke) WEANA Baste} uligto A olsied wl flojnle] Ay

g
=
N
4
e
FN
o
alf
_\"L_ll
*
o
S
N
X
v
o)

Xl

_I_4




2.1 TOEFL11 &4

TOEFL11 2014W% ©]=2] FQIAE-S @iddk= ETS(English Testing
Service)”} LDC(Linguistic Data Consortium)E &3l 3713 WX 2A, A=
T E5olE FAkRE dofdkgatse] FAME & oAlolZ A= 9l
= Wax|o]t} (Blanchard et al. 2013). ©] Waxi= 11708 A2 the B0
:rL/\}OF JojeksalEo] 717t o= 2t 1,10070¢] clAMlelE 33k
o, ¥ 12,100719] oflAlo]= ¥ o] Stk TOEFL119] 74 w8+ st
°1"1L 7 gAE Folo] ofjMo]E AAJgt JofdlEate] Rmoj(L1)el Tt
AR} AFARl TS vk oflMlo] AL AHAAR] st Yo
= Algfstas obrd ARIZE GANA o A TEA|(raw
corpus)© |tk
TOEFL11:> 201495 F7HEQARE 20061 d6llA] 20071 Afe]e] TOEFL
BT® AlES Wiz st 2M3s =19 olMlolE= 7735l vk 59 2
27] HlelAl= 8719] ZEarE 7kt shuprt FoiH|al o] Foixl Ao
gk ZAle] odE FAFe|a =R oR AREia s52HE AS5APIE
persuasive writing © ZA] 30 F<F 2]
1Y oAlol= 7 8o ARAE Falxl 71l SJEf 004 557k A
TE AN I Fgks AREshs Ao E Afdo] X vk = A
2kl Hg z2el7t 14 o deld #A3e] AL FHE s it
R, SEHR-014-F (2016)°14= TOEFLIT TEx|olx o] SAIAE
o] ¥k ST Ejold] met = A 2EARES FEE A
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Te]ar EERI2018) B EIRIQ2019) 0k = ol -SR] B ST
Alo] gl @471 Ao R=5 ARgslo] 7IAIgksS ol8ste] 74 =
MEE 25O 7 HiFshs el HIXE S(unsupervised learning) )
EARAHE o]gslo] T4l ZFEIEE 5ok A7 44 stk

<I¥ 1> AA DA E dEskE vhe olAlo]e] & R Kol
AT % =mol A= TOEFL §A1RR=0] AlEgt olAllo] 5 9] Taa
JAlolEE FEdo] 49 EoiE ARgstaA} gtk

PN KO
Language

<32 1> 117} 2=0{9] HoishEAtEe| dAs M4Fst2 T8 TOEFLI1 LSX[9 oMol
(REHZI - 0|3= 201601A 7KL &)

O{N U}ﬂié
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=]
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B T8 ZEAE A% 218 ofal, & TOEFLI1 HeX|oll a2
i AR can, could, may, might, will, would ‘5= AI3FIT) (F-E

o ﬂ

1. 0] &F, 2016). Z5AK] A8 e A7) Aifef] 7|RES Folck A1)
TolA A BAE AR ZEARE FESIET, A Wt
& ZHAR= can(26,710)3} will(25,818)0]2R= 718 & = Qltk o]ojA] Wl

57 a5 2EAke I SAUE WAsPH would(10,713), should
(6,588), could(5,491), may(5,357), might(3,329), “12]aL must(2,665)°]ck. ©]e]
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ks, shall, ought, daret= ZF2} 97, 42, 9] WI%=5=% TOEFL11lE= A9 ve}
LA ookt (FEIR - o8-, 2016). - =il AMEE TolEe] B HIE
T 1,676,25261010]H, ERQ] RImS= 36,715 wojolul Farz skl 2y
2efM] el 057 T8 W ] Eskth webs] By W] @

B} 5ol F3Ho] QoA AAl B wikFehal Bl etk BARS

2.2 PTB Corpus

PTB(Penn Treebank) Hz-*]5= Thomas Miklove] Fo]A]of|A] The-z™

RS 1S ARgSIiT) o] PTB WHE*li= LDCOIA wlaEst @] PTB &%

1 2 7H] A2 (preprocessing) & ¥ HIAE vjolo|tt. o5 501, RIE=F7}
Lre goli= <unk>ehs kR X369 102,0133 28 s B8}
of ‘N’ o= thAleh= 2 2%l 483 ¥ word2vecell AFE3E] 213l 37H
& 8AE dlolHolrk PTB WaAl= 3 w30] shte] =2 AgEe] 9o
U 2 el bE AA EgelA Uehks dole] RlvsE ARelsly] v
of, T TS e it 2 =Eell ARE WEA|e] EE RIE
= 1,075,569 0], EF] RIEE= 9 926Ttojo|tt

B oM ol w5-x]9) TOEFL112] Yojdlzal 225 o]g3})
o] 7} dEelA HAE = ol gk kmdES A8 & 2BAE 3
o] 3|dSH= can, could, may, might, will, would 5°| 7Fg FAMdS A
] H]—/\]_oi Drﬂag]_oﬂ]jr. El:g]_ 7]. u Xloﬂi\i Cx’i}{l‘?ﬂ % ]_
SA HE EAE ATEgEon, WA Alo]o] #HEEE 54
Tds fst 2E"E fl@iA= Python¥t numpy,
matplotlib, skleam} 22 oj8] 71255 o] &sISitt T8la AlZEE 9
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St 7833= Python®] At AF}E 0]€-510] matplotlibs 23| Sk,
Axt AFE ReA Qo] 59 RE] Fj7]A]Q] ggplots ©]8-31o] REESITh

2.3.1 A Y #HF

X 7He EdE wolg] oulE fFsl] fleike dele] i HE
(contextual information)E ©]-8-3l 3l TolE WH= vepd 7} Qi) o
£ 591, I wish I can swim.©|gh= ©oi7} QL8 ], = 2] WS sl ©of
o] A% 1o]ekar 7Pgsigls W, wof 18] S wisheh= ©o] 3kl can
olgh= ©o] shE Fhe 4= Utk oA ©e] 19] EHo R FAle|
ke Wolo] R WHE IS ¢ Jlon, oF & 23] A¢ i o
o]9] HWE7} AejElom thy dol® shshd o] o dels) &
Ashk pHow T ol wet s wole] WE] F3S & ¢ Qlvk 74
Oido] H= BE wold WEZ Bt &, BE wofd dis) A Bk
dolE AHe] WA FA] WA H(co-occurrence matrix) TRITH

(Manning & Schiitze, 1999).

2.3.2 HIE{ 7t |AIE

A Y oA ZF I A dd Tole] Ao Yehs dolEe
WA RIY E3kE e Folth o] WHE R3Y dole sk B
ARgato] Afet = gl o] T shprt WE 1] fAEE ARgste] o
] AR 54 5 ke Aotk

HE] Alole] fAbdE SAT T Sl WHe Weker 72)(Manhattan
Distance), -f-22]= #2|(Euclidean distance), FAFQ! -H-AF<(Cosine similarity)
S oJ2] 747} St} (Manning & Schiitze, 1999). ¥ =F-ox= FARR] A}
TE olgste] A4S aisitk TAR] fAREE Aol W] e wl
el 2] WAS Abstal, Rl ZF WE 8] A7 ](magnitude) & ARFECE )
B 712 HWEe] WAs vs e mM FAMS dSKnormalization) A7)
AES ity FARI FAKES] A3t 19l 77k WEke dX|8k, 09



A

(i

£y
kI
e
fjo
Ofm
ro
x
T
5
o
=
40
Rl
i
AT
1
~—~
L)
ful
™
)
\‘

Ve Aol -1o] FHeaS ) WS euisich skl Ak
S 2719 9 REE ned welold, BAE HelelM kg de 2

27 eltt BE wilo] gl 218 ok, e A9 2
Pk 245 qhite] o] Hrke Bl gtk

2.3.3 AsH =2 mutual information)
FAY E o A T Tolr) FAlol] Ay

=
Ak A H1 %923 the, a(n), and 53 2= IHIE
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Ak oS 1S v
o] aljd wole] AR=S At AdatA| Jsith= EARS 7 AL Atk
olefgt LAIE adsh| Sl AEE o Q= R T A5 AREEE Aol A
% X% mutual information)©]t} (Manning & Schiitze, 1999). & X &k

< ©of x8F o] y7t FAlel dofd BHES |of x7t Aol gHEd} |ojy
7b dofd 59 O Lol At HojAS 2% ke RO
2 ygkslo] ARkt 2 =wellde e Aol 7Iike & FHAd SEakE
ARYsl7] Slell Al el JloiMs FES 574 dol7t e N
£ AlF 2R A dolR vrolX ARSIt ofeh B2 AT FR
Fe ARSs ERelM 7 |l xoF y7F Uehhs ghEo] garste] gde
5, x¢} yo] TR V18 sk AgS

2.3.4 AA &4 (dimensionality reduction)

T FAEA AES dT AR YR A3sIolct AT JHEE
FEz dgkeld A 7 Qe wAPF Qlvk ol WeA|9] o9 #7F Sk
o whe} 7t o] WE 9] 2kl e F7FERE EAlolnk g dEe st
1= dol=9] #HEe] s ool BAIE AL QA o delEo] £
Fretal QlojA] 00® AR Aol Wol QA et olest Aol thAlst
JA2F A ks 71 WES] AR 7rAx(dimension reduction)©|tF AR
e T3 YR FHolsh fAlshEA 2SSl WS et A

d AAE st W S == PCA(Principal Component Analysis) 2} S04k <&
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3l|(Singular Value Decomposition(SVD) & ©J2] %ol It} (Manning &
Schiitze, 1999). & +=rollX= Solak —rSH‘::" ARESI] S stk
Solgt wdlle AR ES A 7)ol 3AlEel nlEEiA Aito]
H= Aog a4 ek o= sids 1Yl Pythone] sklearn 2}o]Bz]zo]]
SJi= randomized svd &<l Q1 truncated SVDE ARE-Ste] A4t S5

k= WAl Fslginh o]gl ol o] Solgtol w2 #hs 7H= 2ROl
H AHS ARgERsich

e

l~>

3. 2% £

1%
)

o]

ot WEAE ARGl ol £33 dole] 5 Sl E Al ¥ S AR
HFEE Wkslal, thA] Solgt wallE of88l Abde HAAIFI o mA Hol ¥
HE Teailth eAE 76k Sl ol
el 54 dol7k 1 99 vhE dolste] FAEE
S-83 9] 57 Fe] 7P Aol e TolE %0
e AS FE dolE A 2o FEE 8§ can, could, may,
might, will, would®} 22 @53} FARIAL Alike @& 237 Ak9] 571

#A2l Ale Bl dolso] 77t

e

F23 A3 wolo] o] Fe

& WER e Zol], 9219 43 BL jE3} AR ARt e 5
% 91 Zol, 18 942 S 9l o)

3.1 fofnl HAE 4o A3

dofrle] g5 443107 can, could, may, might, will, would$} +AFS}
thal Ak ] 5719 dojss 747t v Z o]t <I¥ 2>
AL MR o7 7} EAkeL AR dojeta fse] 28 A9
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57/9] HoleS FERE BAESTE AYE AR, A5 9 e 2EAE
= Agetas AN oR TE ZEAE 52 11 FoRdE0] AR FHC
dojoleta At o] vigkd A& v aei s FeiA AvlE S Qlk T
AA S can®] 9= A FAGAF oS A= must, ‘I, will, 78|37
nt7b 73wl F A9 sAlell Sdtthar ARt 19 s 22 will 2
won't&} B2 ZEARES] FH O R E 4 Q) could®] 739 helpedE Al
93} might, may, would, 12|32 wille] 7P FARSE 28] 471¢] dolE
71 432 7Y may+ might, could, will, would, 7]l should®] =C%
FARdol 0] F=EE 0, might®] 79 could, would, may, should, ~72]
18] =02 AR Ee] ARXkE o] =yt willd}; would®] 7395 can
o] 799k 2ol w7} 919 fAF dolE AT 108] 2n)7E ofd Q]
A gkl FEARE ALY Su|E 2291 o7} AR 210 R BetE g
i, ZEAke) s et A o al, ZEALY] o 52 IAEAQ] 9
U](epistemic or denontic meaning)2} o] Tk 7S 4= QLS
71 Qo= will> Z8AF] would, should, may, might”} 2FA%|] 0, would
o] 7%+ will, would, might, could”} FARE TrolZ HhAE Q)

»
o
4

Top 5 similar words of NS ‘can’
Top 5 similar words of NS 'could’
1.00-

W 054
0.45 _
0.407 0.406
0.00-
‘i

will to 't

1.00-

e

5

]
e
5
]

Similarity
e
o
g
[
o
8

Similarity

0.433

°
o
&

Hed

o

*

I I
I

a
=1
8

ust ! 5 ; | )
mus might may would will helped
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Top 5 similar words of NS 'may’ Top 5 similar words of NS 'might’

1.00- 1.00-

0.75- 0.75-

2 2
£ L £
= 0.50 S = 0.50
E eg 0.472 0462 E
7 - 7

0.25- 0.25-

0.00- 0.00-

might could will would should could would may should i
Top 5 similar words of NS ‘will’ Top 5 similar words of NS ‘would’
1.00 1.00

0.75- 0.75-

Similarity
°
g
Similarity
°
g

0.25-

will should might to could

<7 2> YHofol UIXofA MY =SAPE 71 FARGICHD ECISH AR 571e] ctofet O &ES
LHERH 2t TJef =,

<71% 3> PTB "2z-#]°lA can, could, may, might, will, 2! would”} 7}4]

© A AE T AL HE Al ARSIt o] 671412 ZEA &

SO OIS 71eo® Ydo] Hol Qe ACE YERITE might9} will

o] 7F¢ Aglrt | Aow H#o] 9low, can? could= I A7} ol

WA BAH] g R 2 5 ok

=



Word vector representation of modal auxiliaries (Native Speaker)
will

0.08 1

0.07 1 would

0.06 &wld
0.05

0.04 1

0.03
might

0.035 0.040 0.045 0.050 0.055 0.060

<O 3> Hojol LISX[oM ALk MEESAL ZHe A2

32 oAl HiE BAe] Ay

(o3

ofgfe] <19 4>ollM Al 5 Qlth FAIAOR can®] -7+ (persistent2)]
HAPLE] 59)) persistant 2} reactorS A28} could, cannot, may”} f-AF
st FulAd ARE 7R do]R EHEAQ O could?] 749+ may, might,
cannot, would, 723l must’} AR |2 XAEQTE mayo] H9
might, could, should, must, cannot®] -FAFSH T2 might®] -+ may,
could, would, must, cannot®] AR To]Z EZAEQT) will> could, might,
would, may?] ZgAkel dntd oz FARst 7107 FE O conditions
e @Ol fARE Zlo® ARRESITE would®] 79+ might, could, may,
will ZZ2]31 should®} o] BF ZFAPL fAlE wholz ZAF Q)
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Top 5 similar words of NNS ‘can’ Top 5 similar words of NNS ‘could’

1.00-

0.75-

0.50-

Similarity

0.25-

0.00-
could cannot  persistant  reactor may may might cannot would must

Top 5 similar words of NNS ‘may’ Top 5 similar words of NNS ‘might’

Similarity

might could should must cannot may could would must cannot

Top 5 similar words of NNS ‘will" Top 5 similar words of NNS ‘would’

1.00- 1.00-

0.75- o75- [EEE

z z

= 050- = 050-

E E

[z [z
0.25- 0.25-
0.00- 0.00-

could might would condidtions  may

might could may will should

<38 4> JoistsAt LIROIM ME =SAD} 7H FARSIEED ek abef 574e] thofet
O =Eg UEH Ytiaei=
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<% 5> TOELF11 Taxold 4919 T30z Bid oo] ssAs
o] oMol RelEato] 2x112] WEHZ 4’\]“ Z1Ejolnt 6714 8] ZEAk
0] il 7o R Uyl Sl AS & T o, cant willo] oFF
WAk, 2813 may$ could7} oFF WA SIAE e= = T Uth
TS cand} might®] WEVFE] A=PE 7P W Zlew metek 4 glom,

would= Skl S1AE] Sle2 1H=ZE Fell £4E 5 Qlvk

Word vector representation of modal auxiliaries (TOEFL11)
ALar

0.040 1 wall

0.035 1

0.030 1
would

0.025 A

couldmay

0.020 1

might

0032 0034 0036 0038 0040 0042 0044 0046

<O 5> &g2

lila)

S8 we ofsaRiSel MYRSA 2o Iz

<T% 6> MEACRE BASE JolgkEatel Aoz Ak 1k A
22 EAA AN Rolth Ak ow dojnse] ZEARL Az} ulg
ofRlIZe] AR AEtt ¥ §A HA4 e e ¢ Qlvk 525
ol wWHEX]ol ] A can¥} coulde] Az]7}F THE: ZHARSo) vlE) w9 7}
A A lee WS 5= Qlek ofel] vlel FoldkEat weA B¢
can<= willZ} O 77K A2 718]31 couldi= may$} U] 77k Ho® 3
2w Qe FEsh vl ofnl TR ] may 9} couldi= Pl Ha-x]9] might
oF fAkst 202 cand} will> Yofnl WX ] mayo}l 77k A ow I
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w it
Distance of auxiliaries (NS and NNS combined)
will
0.07-
would
could
cn
Lang
E NNS
© 0.05- A ns
Ry
can
will
0.03-
would
might
coulédY
might
0.64 0.2)5 O.E)S
dim1

<% 6> O|XkY Aol ESIE H0OI2UNS) T BOISHEAHNNS) S| MY Z=SAL 2+ 72|

3. 4E

& =l TOEFLI ZEA]ollA 9] 750 o2 w2 JofstsAt
9] eAo]g} Hofrl WEX|Q1 PTB WoAE EH’\LOj =k FES o] gsh
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[Abstract]
Similarity Analyses of Modal Auxiliaries using Distributional Representation

Tae-Jin Yoon

(Sungshin Women’s University, Professor)

This paper attempts to measure the similarity of frequently occurring modal
auxiliaries in both L1 and L2 writings. The modal auxiliaries are known to be
difficult areas of study for both L1 and L2, due to the overlapping in their use. A
subset of TOEFL11 corpus and a subset of PTB(Penn Treebank) corpus were used
to capture the similarities among modal auxiliaries within L1 and L2, respectively,
and also across L1 and L2. Based on the hypothesis of distributional representation,
similarities of modal auxiliaries were computed by applying cosine similarity and
mutual information to every pair of words in the corpus, and then finally reducing
dimensions with Singular Value Decomposition. The results show that the modals
are found to be similar to other modals, and the distribution of modals in the
reduced dimensions show that the modals in L1 and those in L2 exhibits different
patters of similarities, while the distance among the modals in L1 is further away

than the distance among those L2 modals.
Keywords: Distributional representation, SVD(Singular Value Decomposition),
cosine similarity, TOEFL 11, PTB(Penn Treebank)
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