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A Ado] A AFEL "¢ 2 dolH, ¢ #H3 AFH 9, 1
nars Feta k. 2018 W E o] ko] Az

o] BERT= 329 7§ @olz o] Foixl Q= =
TSt (Devlin, Chang, Lee, & Toutanova,
2018). Holo] W H Ho]AaE el XLNet> 1HTE 108) of & 3309 719

G E E353 I A5 ALESle] Bd S ST (Yang et. al, 2019). 4
Ao} 7 FH o] wxE Ao AE 30009 e @olE Ege I~
2 1,750 Mol v EE stFEAZl S THEATHTom et al., 2020).
ol A4+ A stgol Abgete H2E HolHrE ¥ il EFgsE
oL o= A8 & A= dutHl(generative) S WHE F A&
Aol WEo] Apolt}y, oA Al theFafzl HolEo] BrFo] REE
EGAA HQa, SEFE mds FeAd ¢ Jde AEs AFE 1
A7F oA HAdo TEgA HE Ado] Ay de AAA R dE
= :Ui*e T g 9da, ol dFe] doleE AT It U=

e

gy dAY o & ZH2TF H U2 s EAE v A
ATedds o 2 ZH2rt 3 9 U2 des BASHA Fskd
(Kutuzov & Kunilovskaya, 2015; Lai, Liu, He, & Zhao, 2016; Kutuzov &
Kunilovskaya, 2017; Dusserre & Padro, 2017). ¥ =& A+= & Iy 2=
of Abgol B d e Aol o2 A obde A, tolt
o @ 20h A ;| ~ ghe] fAME, Sty ;o) 2w 9=
Al 7ol Zpolol whetA Al ATt oHA GIFES LEAE B
A} st
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2.1. Word2Vec

“T-(Bengio, Ducharme, Vincent, & Jauvin, 2003)Z 7H s} JI_ A= 4
g &a1g]Fo]th(2013a, 2013b). Word2Vec Tl 58 ol 2419
HE o] vt W o R dolE HFEVE A4 # e AR
WHEshE W ol AL, 7F wojo] omlE NAY ] ¥WE F3tel WxzA]7] =
b ¥ 3 (distributed representation) 7] ©] t}.
Word2Vec 3+ ©@ol o] on7h 21 o] FRoA UEths b & v
Eo oa FE8E F dvheE 7HgSt, Hix o] T A YEYE T
toje] MEE skt , T TR 53
GolE FE3H g5dt= WAl S Continuous Bag Of Words(CBOW) &k
55

5% 530} ek WA Skip-gram©l

)

welz Faa oluﬂ folsl At s

o, GE R BAT FE ok olwA B

F1}o] A (tokenizer) F dtar, YA @9 S ‘EZ(token) o] gt st ¢
AWy YHe EES H“Eiff: Helals Wyo|tt, 4S8 EF0 7 B3
Hol= shgol] AR Ax=$9 A7 (window size)E A3l dE¢=
S5 AN B EFY FH EFZS oAU 7tA] B Ao|ife]| did It
0] E] (parameter)©|th. 5% EZS WHE 5d EZ, £ EEZ22 53X
E22 o153 0 Fushs 2tk BE B2 1 4F ke B2



25 53 CBOW X+ Skip-gram W2l 9] stgo] a1, 1 5 &

@Gol7b v do]E v A AES% A olFgt olH A AXSTt
5 S &)oY Y9 E$(sliding window)z} 3}, o] AL &

ol7t £4e] Eo] Hol el 2 wriA AlLE

Window
(size=5) Target word

II Iike; to, play with|a dog

like to !play’ with a|dog

I Iikelto play llwithI a dogl

(2% 4] 5% dojep 1 doj(k=2), Edteold A=t

fa=N

I like to i-_______i with a |dog I rp_lgin dog
CBOW Skip-gram
[Z2¥ 5] CBOW X293 Skip-gram 229 &< A%

Word2Vec?] 8t WS Softmax Regression©]th. CBOW =9 & 7]
TOE, A%% el = Fx dolgt F1 dojo] tiste] ¥ ol
et wl, BE w7t Yeid &8 Plword,,,,,word,,,,,. )& 05
st WA ot = FH dolE dY o R g5 ), X dolE dF5=
YES ] 7hEAE Shrate Aol do® 2vistd 27] 7hEAE
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oA7]el TgF £x¢ E&EAHS =ol7] 93, subsampling?} negative
M-S 3t} SubsamplingS A5 5343 o= of g
WSk 7137 FolARR Sl AR ALlets Wy o]tk Negative
sampling< softmax regressions Al4Fe o A ZH A~ do il 9%
L Yol A 5#EA &= wol(negative sample)S A A I A8 7+F3}
il softmax &S AXtete WHelth o] g g st A S AXHEA FA
gk Wgo A UERd To] 52 WE FHdd A 2 WgoR HolA H
o] MIH &S oo wHA 54 vk WE7F d

K
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2.2. GloVe

GloVer =¥l = tjgoA 7i2st dud 7oz 7]& Word2Vec
I A o)A (Latent Semantic Analysis)e] @3S H sty FHS
Azrslazl 3 7]W o]t (Pennington, Socher, & Manning, 2014).
HEA S Zpzbe] Aol A ZF dol o] Rl P olet= F A jhol
 (Singular Value Decomposition) 7]¥H< # &3] 24S
olZA Aol FAhEE HAAA deEe RIEFERY 72 Tof

7bF mEE A, o8¢, 2002 AW R, 2014). 1 7]
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GloVer 9¥ld HAoA Word2Vec} wl7tA| 2 =9 oA &
A ssts dolsel et WE RS ShaetwA, 1 Stg RAolA =
I 2 A s Tdole] A 2d FEolgE FAMES Y
GloVer Word2Vec#+= tE WA 08 To]59 ou|E WE 3114t
dug ok

2.3. fastText

fastText¥ n-gram 2 9-& AR&3to] o] & e & (morphology)?
ZZ W93 Character(¥+4F) n-gram <YHld &4 o]th(Bojanowski,
Grave, Joulin, & Mikolov, 2017). n-grameo] & L #H ] &2 <l doji} &
S oY Fe Ao w RHE WHS wIlth oju nd dolu EAE
= MgeolH, 2 el weEl unigram(l-gram), bigram(2-gram),
trigram(3-gram) 52 & X A3 o= S0, Apple? bigram(2-gram)
FEHL2 Ap, pp, pl, leolt}. fastTexts EZS WE F37td dHld st= o
A= g 7IH Y gy, EES A4 992 &7 subwordE YWY
th & =0, & dHd 7IME0] whereol & ol & st E ShEdltt
M fastTexts °o]E t49 n-graml & Zfo] 53t do]lE o g
character n-gram 99 % Y= W, 4 n°l minn AW nol max nS =
(min_n, max n< fastTexte] dtoly utetu|¥o|t). (min.n maxn =
(3, 6)d d], A wherex o] wl <k} FHof <9} >0] Fo] <where>o] H

t}. 1t} <wh, whe, her, ere, re> <whe, wher, here, ere> .. <where,

il

il

rol

where>, <where>o @ e Ech 18] o] whered HWEHE o RE
subword ME 59| o2 FHT o] WL AA F UHHA FHE e
o], shib= dojo] FEelA A S WE dude dredsith= Hola

)

& 3dv= Out Of Vocabulary(OOV) &A1 |28 4= k= Fol
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Uetdth &, Jejd o2 {fAg dojrt guH o rE {AE w A= o}
2 wolZ QY s Yol BU e subwordel FAF o7} B
Al 9 oA Alo] A= where: OICI, why: &H, what: A2 A& & ES

AR A A dolol A EAF A JEY whes o2o]gtE ou = 3
A glaL o) e Aol A <whel= subwordel BFF E T

71 9ulE 7 Ee] Rl M= shgebA 2 ol el W&ekes
HE 7 itk mebA S o UEhubA] S3td dol= MR Had 5
glone wds g w g dols AR & glA do ey
fastText= St A AA YEUA &2 ©olE subwords 2 ﬁagi

F5E 5 Ak 53] o WAL LUANAE oJuE F2F 5 oA
=t} odE E9°], wherre= where?] &3k QErxlo|t}. o|uw] wherref]
3-gram subword+ <wh, whe, her, err, rre, re>%, where2] subword$!
<wh, whe, her, ere, re>¥ HXIPS u 4719 subwordE F-f3Hth
fastTextol| A &= 3t ©roje] WIEHE subword MEHES Foz R
g AAA st @2 e EAet et subwordE E3 o= A
T onE 54 5 o

fastText AHF = oo A48T wo= Fhxojvte] 5AHS 17
a7t At ol wEo R, shbe] ofto vuYgd HAbE 2o
S ou)t S E T MOIUTHS WIS 2 B F doje= BEZ
k5 b4 dow M= tE dolm Aol ouE FfekA] KekA 9
t} Wb o] = 3-gram fastText UH|d o2 a3 A F o= 217 <q
O, DIQUACH, ACHSF <MOI, DIGICH, ACHE 5 T 7F vrolZoh Mol
Ctel THOIGITH o] S ©ol= <MOIE & -frskal, DIACH/OIGICH, UTH/STH>
7F AR g2 gEia Fodols ol 9uE vkt WE s A
A, d/gtel whel debx = Fio oue= A= tE HE=E dud o
aeEar o] WME 5] For zhzhe] woleo] oulE A4Sy ik, wol
el ulE o Z duld & vk wekA, EFSLE oA FuetE g
Zole] 2% EAS MG dHE S & vk E oE dAlE, ol

o
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A, MOIALD, MOIJAKXILH THOIACHL} B <MOI, MOIY EZS T3
t}. =, fastTexte] subword YW H S o] &3 dhmojo A HejH oz
ALSE Thoj 5 o] oujH o g FALGE WHE FRskA Hoh
S, Fojet &y Fmoje ARV FEE FEHolA R on| 7t HEE
At & Eo], &, Holh, HSOHE 3-gram subword® 4
FHz duld Ae ), 47 <EO, o, <&
, R subword’} A H ] F/3H=
ct_AY 2A-TH-THeE BT
H, A71A = HloldeE TS Yujgith & F dolk o] H Y
& TEY, Holtte =tos | _ct_, 830E xtesimct &
<1, ]2 t}A] 3—graml & HW, A dojE<x}t, = tuS
sl 3] onHow o FAS BT} BRUE <<}, xto, tos
2 ¢ B subwordsE TfETh webA, ghmo] 2 fastTextE AFE S
o & A EE 283 character n-gram Q¥ Ho] B} 374 9= 9

¥ 4o 9 4
loHEH_Q
o [
‘oﬁg
© o -
£
£%‘m\m
2 v ik
T
E‘_]ﬁllﬁloﬂi'm
]
rlrgé‘l
g o W
Lo

[w)

off Mz 2L A

:C'L_‘,

o
B
%0
o
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Zhe sl X1t HOIRUTHS] Q& 2FQ1 MHOILCHSt H]
S22 subwordE 45} ol il
] o]agr/}, gy 2R B g subwordE T

Cte] subworde 242y 19 53} o] 44
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AMujolct |[<xn | =x0_ | Wm| m) |[m]l_| 1 o] o) |[ola|lre|rer| =k | >

Aot} |<xW |xWm| oo nol|olx|Ixre x| ek | >

[Z22 6] MOoISCHet MOIQUCH HMUACEe| 3-gram subword

HOIQUCHS} MOl HE-E 9] subwordES 3-89, MUCH =3 1 -4
subword 97 & 670HE MHOIQACHS} & r3to}. weba THOIQUCH] subword
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YHlES F3 LEAQ Mot vl EFoIQl MUCHE &
el gkttt stelets, 1 YnlE gobd & A " o
ghoo] Y= Qe o)A fastTextE A&t 74

AHld sfoF £ &9 MY 7MY FHE By 2 8%

R 375k B B AT

A= Adule RdolA sAE 2o Av]el EHo] ShFol WX = gk
#3k tho A7 dvh(Kutuzov & Kunilovskaya, 2015, Kutuzov &
Kunilovskaya, 2017; Dusserre & Padr6, 2017; Lai, Liu, He, & Zhao,
2016).

Kutuzove®}t Kunilovskaya(2015)+= Z A4 H AR ZH 29k o A
AEHE R AR 25 A= Y 7IHo® Hustih o 714 At
2 32 Russian National Corpus(RNC)Z, 2] Alo} dofstatEo] &
Aot & 71 & RS F e TAES Aol oF 109 dxt R
sy zolH 239 o] EEom FAH] Ut datE A¥ e v
gl Aol §] AlolEol A A= 3 45 (Web corpus) &, 189 7He] EZo
2 A A A7ES 4 Ze 2o dAeY #HA-HS 71H RNC=
7AW Jle] B, Web corpust 629 719 EEE 7MAEs Ivas
Akt 2 225 Word2Vec CBOWE 53l stala, 7 mndlz o]

I
rd

<
=
Z
Qo

% (semantic similarity) Jr;q] 2 AYgstge. 1 4

A& 5], oo, skl T B ou| A AHEE vk

Aol M= o Holwoly, w39 ?31*3?_—% g3 EAC A= Web

corpusE A8k mdlo] t $Astgh AT
z

HAE & wf= 9 HolHEY 7 @l & A aAvs
=

Holo] Kutuzovet Kunilovskaya(2017)= ¢ 942 43 A4+
gttt AR IAH e 9 AT s A RNCE A&t em(of



299 el do}) tE F¥iAeE ¢ AEHow FAE Araneum
Russicum Maximum(¢F 1009} 719 ©e])S A&ttt 742te] I 25
st dlolE & AF-g3] Word2Vec Skip-gram 22 S st5A| 7], + H
E dloly AMEC tiste] ond {FAM I B E(semantic similarity
and relatedness)E B3ttt o] 7] A om| A A (semantic simila-
rity) A¢t B ©@ol7t 25 AT & =X (e AF-olr g7 w)
3k Aw=olm ou A 3¢ %(semantic relatedness)= A9t B ©@oj7t A
2 ouA o ABEAY=A(d: Ag-m1zhel gk Aotk &4

g gEe B E dity 29sg e vl
KeN -
=

A2 A A9 vp7A = @8] dof
HeolH & Faf shets Ho] ARt vt

’

ok & Wi AdeE & FHE AHsE

e IZyzet 7l WHoR  fARgE AR olE
(Dusserre & Padro, 2017). AFAELS ZAA9E 9 554421 (domain
specific) ZH =9} A3 X BAl(generic) THAE HWSF T HAA=
Fa0Aw slAbe] A #R ol o] H (telecommunication  corpus)©] L,
557,67670¢] wol& o] Folxl s olth, T ZEf §] Alo] Eof A
AZY S T vE ZAA(rWac ZH )2 oF 169 7|9 doj S £33}
I Qle}. zhzbe] my A5 Word2Vec Skip—gram 9 & 8F53l oS 9
H AN HAE Al ST o] A Holy AEE FAldul F el A
seed word¢} 19} FolojQl dolEE FAHTE 7 22 seed word7}
JHAEHAS o, vl HE Froll A seed word TH LA WL whof

o

= =
ety 2, e welo] thol s 7hel o g A3 SuAT,
d [e]
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Aol A frVac ZH 22 TE 2L SAF Iyaz e Zduc
1/10 o] @& A e s Btk AXo] FA#n IHAE 9= dud
IWE AFESA 3, doz wE Fibdel wixg mde =)
friWac ZH 22 whE Bl Hu HAgrHot =9tk F 9& gy &
o] GgoA, ZH 29 AV|= FY= AR Rdo g AH e 3
Al 7929 9 (domain)S A 7= Ao] Fo3r= 228 UR

Z¥) 0] Gzt Avle] W v v
(Lai, Liu, He, & Zhao, 2016). ©] dAGolA AFAES
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(IMDB 29 2, B3 4= 13005+ 71)9} Wiki 25 29} NYT 29~ &3
FHA(WEN #Z2 ES F 13005 /DHE 944 Hl&= AFs] AAE
TR o, A A9 ti4te]l IMDB 2R %7] witell, IMDB
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Ao A ALgE AH AT F 57FA ot}
1. JA ZH 2 Naver MvRv_TASK
2 A HoF g ZH A5 Yol g3t gl dHlolHE A5

=]
73 B2 AL 3A Hole] dAE ¢ @ (Positive/Negative)©] 5 A

of lojof et whebA, 54 Fstol et 2w gaEs HrE Ha7F 3

= oW F3 g& HeolHE & ATelA A 249 AA sz A
getdtt. dlolH = dlolw g3k e HA HolA VoA 20199 124

20272020 549 31d7HA 9] Hl & s skl TS HelHE gl
A3 1710 o2 vrolxl Fdel A of dnbel g w7t 105 o2 HA
B AE DY FASAT webd, 74 HalolA e WP )

Ay ok

o~

FAv. 1744 s 4, 77104

1) https://movie.naver.com/movie/point/af/list.nhn

S 13 - Jl—-! _CI:I_ 1_-_]5 .._;J]_ =


https://movie.naver.com/movie/point/af/list.nhn

Naver_MvRv_TASK Raw data Histogram Naver_MvRv_TASK Filtered Histogram

50.4% 30.5%

30.5%

# of data
o o o o
N w - w

o
-

o
o

2. 2d IH 2 1. @ Naver MvRv_MODEL

o] A= vhe] F=mo] A E4 AelM ARSE Naver senti-
ment movie corpus v1.09] Ho|E20o] ] A I~} FUI FH ] o
3l glRolt A7 FAA AlwdsteE Ay @ dHolHE 1738

4, 108< Ao 7T dolHalr] wZl, sA ms a9k sdet

S A A dAE Ao dE volHE Abgste]l A AE AE
A Tdstant. BA Ay set FEHA e gRE Addslen, 34

H2of w7 R s 2 Yol PR 3 TP o] fFAH

J

% 5% 79

!

=0] e} Ea, Vo] n
O~

o] dlolEE A=} 2

2) https://github.com/e9t/nsmc/
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https://github.com/e9t/nsmc/

=2 FEjl Aol ztelHoltt, 2t ¢ F A a0} vp
= Yl FA 50 Fa 2ol AREshs &olE AbEel 2
Adnkele] g3t AdHolghs AR W Y A AE AT

o= 7 AAES] REFe Aseha A R ool AT

2d ;¥ 38 vadl T ARAY 93 /)AE 2%y @ Zns
. AGIHE S G A A4, A5 B o AT 2% E G
s A4 AB R, GEA 54 £ Folth 9 Lo 25 Haste],
o A el AaA AAR wEW Hojzs)h BHolrh £,

dsfebs FAE 9 W2EW FHAAW, 9B dRehe ga AL
Woulgoz FAN0 gtk A8 dolHdA a %Y BES A2
sto @l aE FASOW, BE F0 B3, 7AW, Ae] A4 5

EE P PR BT

5. 249 Iy~ 4 KorQuAD

KorQuADT LG CNS7F Al g3k dhoo] Ao gw H7t dojy AE
oltHAd s, A, o]F Y, 2018)3). o]+= "= thste] SQuAD2| 3
ol Ao R AAE o] 97| ol FHo] Ao gk AolgH AEC]
), o] ¥ 2= HlolH MEd Aol 7t gkl Hojglo] v AEH
dolE o] H)& nEA Iy ot} o] A AL o] ¢7]H oS 7]
HEo 2 &l7] wiol, Gstet= FEg vgo] giiitoln, 53] %A I
2o Mkl g3 g Rete Hu s Azt W yEow S Uk 2

FE 2o A= KorQuAD7} A3+ training, test HIoJH AEES &F Iz
22 ARgEH o, iy FAE A9 f17]9vol Eid ol g s §

3) The Korean Question Answering Dataset, https://korquad.github.io/
4) Stanford Question Answering Dataset, https://rajpurkar.github.io/SQuAD-explorer/
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https://korquad.github.io/
https://rajpurkar.github.io/SQuAD-explorer/

Az sz T

s Z TA E 47
¥ o2 FA XA E= °
ZA= © 8 A= EA . AF  HF EEZF
Naver_MvRv_TASK dlol¥ 93} g5 60,000 2,302,966 38.38
Naver_MvRv_MODEL oW 43} & 50,000 1,233,481 24.67
@3t A&
WebUser_MvRv AEN AFUE 9 44,760 19,631,183 437.83
[zt FGH AAE
o el AlEAL
Movie_News 43 FHe e 30,857 21,046,011 313.38
372
KorQuAD go] f7lF Yol 47968 66,521,419 1386.79

¥ e 2z A ZH a8 MR OE fARE
T =S AT 7 Z¥ A Anpthe] X9 o mE g &
WS 7RI #A = ol @3t #HolA|e A ZEF & HolH
ojt}t, o] HolH«= ¢ & ¥ EE o T2 Y3tE HUiste duk A
=9 d3Holtt. Naver MvREv._ MODEL 33 2~i= Naver MvRv. TASK
Aot FUG FA A AEH F vlolEolth AW A0 FH 7L sUst
7] e, HA ZH A9 v =2 W fAEE HY Flolth
WebUser MvRv 73 2=+ @3t A& AU AxyEdA @3t 257 A
Aol AAES AEY 3 dolgolth o] ¥ == Naver MvRv.
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TASK 39 29k 4 7F b2 §] Aol E9 gl oA, AlAIE 9 & Hfo
7] wWEo Naver MvRv TASK 339 =9} thA7Ee] zlol7l 9& Ao
Hlok 2y Ak AL S gt olgtes WS F AHA7F TR
2, A EE =5 Aolg A3t Movie News ¥ 2~ T2 A&
Atell A R g st B 72 Z)Akelvh ZF AlEARe] st ghEl Az el Q)

ks Rom, 1 W& AK e A s B g9 <
A solth. Y3l W Naver MvRv.
o

o
E A7 R4E S 3, 35 A%
o 4

ok 22 ®2, KorQuAD i«ﬁ# 3h=r-o] H?MEM HtRe® T dE A
2ot} o] AFH 2= Naver MvRv TASK I3 2=9F H] 13 & 33
o= gdto] gle W&o =m FHe Jdow, I PEHolA R Ukl o
sty WAl ol g abolE HAITE wEkA] AR b WS Ao
}.
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4.1. 249 A A

Word2Vec, GloVe, fastText= =+ H= duld 7|Hol7] wjitof, F

& sto]ly I E S TFETh o] stol¥ IeprH = WEe AA 7
ol 7] witell, ofe] AP AFEH on] AFE T3 s AR ATH
AEf Alol=2= 45 FAA FAMY, 2S5 7Is A olal A
ARl mEr WEE WY gtk A5 (Goldberg, Y, 2016)9F thFdt
EgAbel= RS Afo]=7E 10 W tiAl® Aol 7 Frhe AT
(H38, A4, o]+, 2016, Z3FA, F&E, 2019 olvidl, HAH,
2019)5 #=x3te] 1022 Aokt dud AP 9uE & douAx

al, 2014; 284, F&F, 2019 olvhdl, H4F, 2019; A, o4,
2017; Heu, 2019). ¥F- 31 <=(iteration, epochs): F#3] sk<3aly, ¥4
o] dojubx] FrF 302% Gt rh(Lal et al, 2016). H& & Fe
532 & 3ith GloVed stol¥ etn]EQl z . = GloVe &=l A AA| g
723k 10022 73} 2 (Pennington. et al., 2014), fastTexte] 3&}o]
u g2t (min_n, max n) & fastTextE d=ojo] 283k H3 A
(&, o], 2017l LLLL, (1, 3)o] HA9 A= Vet 18
U ools AR FYE oA & A E do] @9 Bdo HH stoly I}
ghulEf o}, gharo] o] AR E tﬂﬁ}x_ Are] dol7t 3u = HdojA] 7] u
o, o] & wkdste] geju gl 7] &gkl (3, 6)o1A (3, 9)= WA
o o= 9o ATk &2 stoly 3t
7| &3 AMEPleH, BE ‘j‘“«] b
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WE o] Yol AAesE FouY

% ) b ZhEE golAm, T owE Abel
o) ZARRIZEE To] A RT) wheby AE gho] 1o] A7 e e 713
%0 ¥ FAEED ot

A= oud e AS 7 dojEo] Naxpe WHE FAE7] w&o, z+
Gl s T2 A 7Y FAIEE FAS fAMER AT 4 Q) o] W
212 o3 o ¥AS v uf 25 ALE-E = 2 Zo] th(Finkelstein

et al., 2002; Hill, Reichart, orhonen, 2015). & AFAA = Z¥ 2 IF

™ (context) o] FAIEE AAH o2 =HH37] 93

o
R

Gtk & EA A AR = 4 zt
Ao AR T2 EUE BF 23 F glE & dud Bde] Hag)
ok ol Al W97l HE dolHE AREste] Word2Vee 2ES A4
ATt o714 AREE Y97 9 dolge mya A7)E o] F B4
o] 71F3kol ¥l Naver MvRv MODEL Zv2~2] °F 5208 it} ZF =
H2E shue] B R k], s i BE B2 WS Hd W
o ghite] WlE & Wl o] WME R FAR] FALEE AlXbetdth A
AR W) RE muso] Wy R FEAoR THsE B8 E
AAE 7] 98], mecab EA o)A 7] ES AL3le] Ao, £ =Pl K
S, 283 vEF EEUes ARE e th Alde WAL 89 SAe P&
e 238k FEAolH, SHAL EAbeh F A o] RE|F 3 22
dols B B4 B 81 nEF ESZS Eae At EE3)
Al ZPAN, B U AAEAA AF A= of gl XFTHAT

422 A A= H7}
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Ao A AME-3LE Al H7ME True/False® o] Fo1 2 744
o= ol &7 Aol sgert wekb H7b dele e AA gk
o] d=3ko wel % 33 e =% &= (confusion matrix)2 13

o},

Shia
i) i [-'1.;1

4>
X2,

<I 3> I} HiolEHol MAZt oFgto E =5 HE

A A 2k
True False
True Positive False Positive
True
(TP) (FP)
o &7k
False Negative True Negative
False

(FN) (TN)

r\r

A & %= (accuracy) =

] ) TP+ TN
= A5/ WA Wel 7 o7 W
e A7 S A 7 o7l wwel TP+ TN+ FP+ FN

of afFget. o] Fx= A o] E ol A el False HlolE €] H&
deo] TP TN Hl&o] AHHA ¥ F3|olt

F1 score: F-measured}il = &}, A % (precision)$t A &4 (recall)
9] %3} #H 1t (harmonic mean)©] tH(Chinchor, 1992). A Y =9} A& &2 7+

- . TP g TP
= precision = 7TP+FP , recall = —TP+FN

YA G5 Ao <AA FE 7 IG A28 G2 A7>E v

ok

o714, dutA o mede] A5 WY u
==
=

<]
Tru

2

ol A

R <FEF JEF A &

- . 2 X 1S X .
st} olu], F1 score= F1 score= prectston recall o] th(Sasaki,
precision+ recall

SAA 5 2
q T A A 2
4 9+ AZr A3 o]tH(Singhal,
& R ith

o4 A}
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A =g s ol Atk Fl scorew a9 el (T4 v F4)o o
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3 5, 7 glo] | Fsls dlolE e o wrEo] T Fl score] 7F
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o M % X & oo

423 9= AT 2dL o8 A4 BA
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Select

Train
Embedding Model Sample Embedding Models
Sub Corpus (Word2Vec/GloVe/fastText)
- Word2Vec
0.01N MODEL - 0.01N [
- GloVe
- fastText 0.04N MODEL - 0.04N [
l 0.07N MODEL - 0.07N [
z .:Select 10N MODEL-10N  |—
Training Corpus
TOTAL MODEL - TOTAL =

- Naver_MvRv_MODEL
- WebUser_MvRv

- Movie_News

- KorQuAD_2.1

[29 8] AA 4 &A=
(tokens) {vectors)
token 1 vector 1
tokenize
token 2 vector 2
embedding
. model .
Review : :
| G token N-1 vector N-1
token N vector N

(29 9] 9AE MEE

Sentiment Analysis

TASK Corpus
- Naver_MvRv_TASK

F1 scores

Training Corpus
X
Sub Corpus Size

mean

Mean
vector

fastTexte] 4%, EZ3tE & ¥, AR &2 & sto] 48 2do] 1 A
ol Wtk Ad AFH(EE S, o], 201717 AT B AT E E
235 A g5 2y gbx] e wdlS ZH7F g AES 2 AT mecab
FEH A& 2477 dolE AR e A9 S E Eeta, EES
& @ RHlo Aol ¥ Edrh webA fastText 3 Juji £47]E
ARgE] A S Al gt
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L& 3E 49 wpA v dofl AAEo] ok £ A

L 58L 421004 AWE 3 FAMER SASAY. Naver MvRv.
TASK 33 29} 22 ZH 9 Naver MvRv_ MODEL 3.3 27} 99.82% %
= R, L FHE 2 WS FREAR T E 49
9RB71%°] =& FAIEE, dstete dege &

!
SHAEE, 27 7F obd Al 7IARR]D Movie News 33 227} 94.06% = tf
= ]

29~ o2 29~ 25 AHE Y& o & A A
e e (2 FAE FAE
_ Ak A E 9
Naver_ MvRv_TASK dlol¥ 943 & % = o5 (7130 1
pad o (=]
At Al Ee 7
Naver MvRv_MODEL W°¥ 93} 2% L, g}j lff,} 0.9983
v E 0 (<] A=
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5.2. &4 &4

5.2.1 Word2Vec

Word2Vec - Logistic Regression

0.85
0.80
0.75
o
o
(9]
(1}
—
w
0.70
—e— Naver_MvRv_MODEL (sim = Highest)
0.65 «— WebUser_MvRv (sim = High)
—— Movie_News (sim = Low)
—e— KorQuAD (sim = Lowest)
0.60 - e t
SFTFTTFTTITITSITTT 58885 § gofoge
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<3t 6> Word2Vec E

o] sy s A7l ¥ Fl score (F )

Naver_MvRv

Model WebUser_MvRv Movie_News KorQuAD
0.0IN 0.769 0.739 0.721 0.698
0.04N 0.788 0.755 0.742 0.725
0.07N 0.796 0.761 0.747 0.732
0.IN 0.798 0.765 0.751 0.734
0.2N 0.807 0.772 0.757 0.738
0.3N 0.811 0.777 0.760 0.741
0.4N 0.814 0.780 0.762 0.743
0.5N 0.816 0.781 0.764 0.743
0.6N 0.817 0.784 0.764 0.745
0.7N 0.819 0.786 0.765 0.746
0.8N 0.820 0.787 0.766 0.745
0.9N 0.821 0.788 0.768 0.748
1IN 0.822 0.789 0.769 0.749
2N 0.797 0.775 0.756
3N 0.800 0.780 0.759
4N 0.803 0.782 0.763
5N 0.805 0.783 0.763
6N 0.805 0.785 0.765
7N 0.807 0.785 0.766
8N 0.809 0.786 0.768
9N 0.809 0.787 0.768
10N 0.810 0.788 0.769

(TOTAL 0.790
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5.2.2 GloVe
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<3 7> GloVe 2d¢] 32~ A7|-9 ¥ Fl score (1)
Na VZ‘]C‘{I;R V' WebUser_MvRv Movie_News KorQuAD
_Mode
0.01N 0.749 0.713 0.691 0.674
0.04N 0.768 0.747 0.732 0.709
0.07N 0.775 0.750 0.738 0.721
0.IN 0.779 0.753 0.741 0.726
0.2N 0.787 0.759 0.744 0.732
0.3N 0.790 0.763 0.748 0.735
0.4N 0.794 0.766 0.749 0.737
0.5N 0.795 0.768 0.751 0.738
0.6N 0.797 0.770 0.751 0.739
0.7N 0.799 0.771 0.753 0.741
0.8N 0.801 0.773 0.753 0.742
0.9N 0.802 0.774 0.754 0.742
IN 0.803 0.775 0.755 0.743
2N 0.781 0.759 0.748
3N 0.785 0.760 0.749
AN 0.788 0.761 0.752
5N 0.789 0.759 0.749
6N 0.791 0.759 0.746
7N 0.788 0.758 0.744
8N 0.785 0.757 0.741
9N 0.784 0.758 0.742
10N 0.774 0.758 0.739
(TOTAL 0756
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5.2.3 fastText

fastText - Logistic Regression
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<3t 8> fastText Lj_‘,ilf’% i:ﬂ./_\_ 27]*5—@1 ¥ F1 score (Eé )

Naver_MvRv

Model WebUser_MvRv Movie_News KorQuAD
0.01N 0.764 0.734 0.719 0.693
0.04N 0.790 0.757 0.746 0.727
0.07N 0.799 0.765 0.752 0.734
0.IN 0.803 0.770 0.756 0.737
0.2N 0.811 0.779 0.762 0.743
0.3N 0.815 0.782 0.766 0.747
0.4N 0.818 0.786 0.768 0.749
0.5N 0.820 0.788 0.769 0.750
0.6N 0.821 0.790 0.771 0.752
0.7N 0.822 0.792 0.772 0.752
0.8N 0.823 0.792 0.774 0.753
0.9N 0.825 0.793 0.775 0.752
IN 0.826 0.795 0.775 0.755
2N 0.801 0.780 0.764
3N 0.805 0.784 0.767
4N 0.807 0.787 0.767
5N 0.809 0.788 0.768
6N 0.810 0.789 0.770
7N 0.811 0.789 0.770
8N 0.812 0.791 0.771
9N 0.812 0.792 0.772
10N 0.814 0.793 0.773

(TOTAL 0.79
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Z+e-0 2 Yol vl Pt (Kutuzov & Kunilovskaya, 2015; Lai, et. al., 2016;
Kutuzov & Kunilovskaya, 2017; Dusserre & Padré, 2017). ¥ Ao A= F 5
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Abstract
The Effect of Corpus Size and
Context on Task Accuracy in

Natural Language Processing

Lee Junho
Interdisciplinary Program in Cognitive Science
The Graduate School

Seoul National University

Recent studies for natural language processing are being dominated
by complex models based on big data. However, bigger data does not
always guarantee better performance. In this paper, we confirmed how
the size and context of the corpus each affect the accuracy of the task.
The task was sentiment analysis on movie reviews and we used the
three most widely used word embedding techniques: Word2Vec, GloVe,
fastText.

The result of the analysis showed that the higher the context
similarity between the training corpus of the embedding model and the
task corpus, the higher the evaluation performance will be in all corpus
sizes. The corpus with the lesser context similarity yielded lower
performance even if the training corpus size was 15, 17, and 53 times

bigger than its reference size.



The three-word embedding techniques showed different accuracy
patterns depending on the size and context of the corpus. In specific,
Word2Vec showed fast and stable performance, while GloVe showed a
decrease in evaluation performance and the deviation of accuracy
between models has increased when the size of the training corpus
became bigger. On the other hand, fastText showed the best
performance when reflecting on the characteristics of Korean text, but
the time required for the analysis was about twice that of other
techniques.

In summary, the present study measured quantitatively the context
similarity between training corpus and task corpus in natural language
processing using the word embedding technique. In addition, we
confirmed in detail how the task accuracy changes according to the
context similarity between the training—task corpus and the size of the

training corpus.

keywords : Corpus, Context, Word embedding, Word2Vec,
GloVe, fastText
Student Number : 2018-20278
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