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A7 g Fe Y=E 3¢5 9’]3& AREN Y T AAUA AT Fol H2EE o= thedt |
g ZdEo] aVlE ok B ATFE G ghmo] ] AojHRl zfolof| FE3tY Y RAS o] AF
¥ H2E9 A EN HLE o £H3A He 71242 ol EH“C_?}O# Ao R AvEr) & F2yd
zdol Jgoz AgEE @o] WME(word vector)E FEA FFEANAN =EE3H, o8 FEld W E(morpheme
vector) =& theto] wigl A EM ] HB =7} ojE@A et E=AE B ] H(non-static) CNN(Convolutional
Neural Network) 22-& AL&35to] AS3t) ej4 HMEH =& Ok CBOW(Contlnuous Bag-Of-Words) & 7]+
Ao Hgstal, 49 dolHe TR, 4 w9t ©EH 9 Hojzxy] wA, FA Y, FAF Bl 72 a7

Jejaol Ao NEs 57 2L /)2 B g

Fel4 WE =& A, T 25457 wrgs R o 2E =ule] H2ES AMgsty, B &
2] 9o HEH Z Hojry] AAYE s, BAES HFE TP BE FAE 18T o Y BF
Ao =7t P ARE AT ool Higo] ¥ ol 54 wjiRo] e FAF el H3h deka
TS Feliol g Ha NEF 72 TG dFo] e Z0E Yeikth
FA0 : 3R, Fea wE, do] W, g2, CNN, CBOW
Y 1 20184 37 282 =2Agl 20184 52 292 AIMjEREY 20184 58 30
ATRY : Q=S DARR : AHA
1. M2 222 Q1 (computational) ¥ 0.2 B4 A o)

Th(Liu, 2015; Pang and Lee, 2008; Wiebe et al.,
7734 (Sentiment  Analysis) £ 23U 2004, Zhang et al., 2018). 7]ollA] 21zte] &%

t}-o]g(Opinion Mining) A&, AH] 2, 22, 7| (behavior) ¥ 2] AFA A (decision making)®ll &k
Ql, A (issues), ©|¥l E(events), A(topics) = L A= F28 29lo] viE oA, 1A, 1A, ¥
<4 (attributes)? 22 7 A|(entitiy)oll thHeF A 7} 2 HEge AMAS AR AT a4
E9] oZ(opinions), 7+/d(sentiments), 77 < OA S AT AL Tk A
(emotions), ¥37Happraisals) 2 El Z(attitudes) S 3 2 A #H o|Frol] U T S &

* o] R EE AME 017UE YT DEPSE FFATADY AL wol PP AFY
(NRF-2017S1A5B5A02024287).

59



S| v}k S

Tge 2AsAY, 289 &
(site)} oI2] SNSeol| FH =& Anzt
w48kl HlZ2Y 2 QI%o] E(insight)
= HAgo &8E F AUTHAn et al,
2015; Cui et al., 2016; Kim et al., 2016). 54} o}
Yz}, &%48(social) PHAIE oW BX] 7AH Q1€
I ZA4, T AF, 7149 2Rl A8ETL
3} 58 o5 5 AAo] HolH A HE =
A 7Vdeabs] o] Aol BE ¥Ho] Aed
THAn et al., 2015; Cui et al.,, Hong et al., 2016;
Jeong et al., 2015; 2016; Kim et al., 2016). L2
ol g YT o] | EF{Ho= <l
8l A< oA 2] (Natural
NLP)® F& A
(Shirani-Mehr, 2015).
2 e Hedol a3xow 284
T Atke Aol AFSHWA(Kim, 2014),
CNN(Convolutional Neural Network) =2-& H] &
3}, Bi-RNN(Schuster 1997),
LSTM(Hochreiter ~and  Schmidhuber, 1997),
GRU(Cho et al, 2014) 52 RNN(Recurrent
Neural Network) =& 9 o]&5& Zgste 44
3 2 5 Ut JEd RdEo] F2E Fo
grEE o R HEET Th(Chen et al,
2017; Dhanush and Thakur, 2016; Guan et al.,
2016; Jebbara and Cimiano, 2017; Shin et al.,
2017; Shirani-mehr, 2015; Wang and Liu, 2015;
Wang et al., 2016; Yang et al., 2016). §3d &
D A dojsha 542 oAz
227 Shgaly] wjgo] o] FE5A 48 &
o] E-Fo]u} A (parser) 50l 28 flo] At
EZFo] 42148 dojFEH(Mikolov et al., 2013;
Socher, 2011). ¥4t ojg}t &7 A= & W

ol nls] ¢Faiths AdEo] BalE o

she] A2
Aol

BES
==

E

|

o

o o o
ot

Processing,

st

Language
shtol7| =

=
5

and Paliwal,
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™(Kim, 2014; Socher, 2011; Wang and Liu, 2015;
Zhang et al., 2018), %4d7]4k(aspect-based) 773
B BopoME Hug mdEo] Aoz
27)% 22 9)tHDhanush and Thakur, 2016; Guan
et al., 2016; Jebbara and Cimiano, 2017; Ma et al.,
2017; Ruder et al., 2016a; Ruder et al., 2016b;
Tay et al., 2017; Tang et al., 2016; Wang and Liu,
2015; Wang et al., 2016; Zhang et al., 2018).
I8 o] g2Eo HJyd-s A83 T
Al ZHEH AT ol B7] It oA 9]
= o}(inflectional language)?! G ofoll Hl&)] AL
of ofm|7} et FEoloo] HFo] & ¥
ol AR 54 wWE<AA(Kim, 2004; Nam
and Jo., 2017), ¢1o]oll Hdeld 24
o] EA wl&AA|(Mikolov et al., 2013; Ruder et
al., 2016b; Socher, 2011), =+ A3 &
Bl 2E dolgjAle] FAf m&EQlA g s
RS e ol 1y A

243 G TR b, 3

A<
g FTEHU

ul
=

2

2

L

[

m

in)

o

A}

=2

3=

ol

it

>
e
o @

A F$oH(Kim, 2014; Tang et
al.,, 2016; Wang et al., 2016). ©o] WE= F2
EAS N EA(space)E 7= o2 HE T o]
g3t Tol(word)ell THgE #HE(vector) X
Fit), tho] WS =&5h= WS Ok
Sk 7HA G d2 ™, 72(Google)©] A
e T & o] FofX T2 72 HOHE 7]
HPo 2 %3 3002H4 2] Word2Vee Tol M|



7b ithMikolov et al., 2013a; Mikolov et al.,
2013b). ©] ©o] WE = 2 EHQlo] ofd
227, 93}, #¥i(laptop), I} 5 TFE o
ZuRle] gl F(review) HAE ZHAZEA AT
HEA o2 &85 UTHKim, 2014; Wang and
Liu, 2015).

9 gm0l A} ofur) i A
Q1 w2o](agglutinative language or affixing
language) =41, Folet 2] ©@oj(word)7t obd
Bl & (morpheme) 7t 73 &4 ol v £ &
A T8 4SS FH(Nam and Jo,
2017). Fejae e 7R 7MY A2 2o ¢
= AoHn, doj= st o] FEHALRE
o] F0] X th(Wikibaeggwa, 2018). & Eo1, ‘o
mar7h gojgbd olof thdk A o=y
|AP e ca=A4 on]y7}t "ok o] 3 FH
429 T84S NGty F=olE o w &
= AREA A E To] Eoe FHAE 7R
G2 st Zlo] fElHo® HRT webA,
2 AToAe ged ZAEA 2do Q8o

(word vector)’7} ©obd, ‘FeEl4A W E(morpheme

vector) & AHESTE FEi A HEHE FEjLo] O

@ g THolg @ 4+ glon, des Bl

xAE Al 71EAQ1 @l MY =& wWAY
o

of

A HRAR, B EAS AR S e
A7) DAL W AR Aol 238 &
e

G2 AL A ohdA o] BraA]

=
aear gololl gl F=ols Fgolofo] Hl
B 3ol

go] wl$ FomaD ol ug
8

KeR
=
AL

o) Feja e £2o HENL o
REA, o HUY Wke GEA FE 8
U ol 42 WO F1E Wof Wy =Y
& wolol FelE s)EoR Tolo] T u
BHS £F87) ol Fele gew A o
2 oug zhe Fgoloofo] thd Mel EHo|
5455 FAYE AU Q7] HEolth o]9)
= BHAe oF 0 o] e Dol A
Z9e Felx wE 22 A9 HolHR AL
o w REolLh wojzr] Fof AAe o Fo
wel 27 3t ofgA AHTAS ¥4A
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S - SR - AEA
& Brolt) 2. 0|28 w4 A 2h o

oje} o] B A& gt deld REs 3
o] gl 2Eo] A& uf 7P WA FUs|A o 2.1 Et0{ #E{(word vector)
L 18A9 ol el U AFA AHe 2
DA B AT ol ol Fyar ol oiword veclonE Kol AR Wk
of £3% Al 7P Fo AT ARe Oe g o) SoloverdE Gl number) LA o]
O A, oA BHel B AAAAm oo T T S Ml (vecton 2 ¥
B4 O e midle) aEs gAY oo Aol ST MR def MES S v
Bz dElsh, 2e SuddolAw a7 Byde T 11 VIS v AEE Eaeha A
A g diER TAY Fea AE F o 0w ST H(semantic) F W (syntactic) 4
Ao Pey mEle] 27 Qo AL 7 o] M]3k TojE HE FXHFA F3EY
o) o ExHHAM SA), EALe] Wl Foo|9 Ok(Eucledian)  AdY  ZAFIFAE(cosine
ol H1E AXE, Az WSS So] ZudA similarity) 712]7} 7W7be WHEE € A
Ratolo] AU Fels wE e po 0 ol netvork SIS ToiE WEE
oloi, o} Wlo] Yol Ay pAe) gam g oo HAEAY WASEE 0Ld I
e o8 Seaml A, gede gl 7t (Google)ll A &7lgF Word2Vec(Mikolov et al.,
NEA) AeS 0 oL AT uESTrE A 2013a; Miko‘lov et al, 2013b) <l 20144
BTz oo 2 9l Stanford T8 NLP <73l s A=

ol AT AES| ek g2 wgo M Glove(Pennington et al., 2014), 2016} Facebook
A A7 ARS war Fei e T2 goks ARl o5 AQFE  fastText(Joulin et al.,

S AAS 3, ol sl BIA ) A (non-static)
CNN(Convolutional Neural Network) =22 284

gto] BR AF L nuwiA3ith $d 2 g
tolEZs dolW 4o 3dE FEH
172607 A8ttt TI8]a FejA HE ==
< fEliAE B4 o o8 EWlolHA F
w2 HlolH o ti-gdta & o]
Qo] vlol

E

s X

P A
= o)

TR
T2~ dlolg ¢F 527k
&3 SPAE dEH oF

o] /g

S h=
TR R

oM ol&2 w7 =

31, 3ol A wlol el
et el 45l 4
sgIA AR D FF

Ag A5
b A AR

=
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2016) 5ol Ut

o] ¥ Word2Vec 2L J§2 22 CBOW
(Continuous Bag-Of-Words)Y} Skip-Gram ©]2=
AR F2E o] &3l o5 HE FFE g
&3l €tk CBOWE ZHXE WolgZ7H
B 9o E &3t o & 591, “This lipstick

is beautiful in and has a good
sustainability.” 2= &7l A S FHe
2= AY2E do]EZHE o shF= =

‘color’ e} 22 Bl ©@olE o Ssh= 4ol
Skip-Gram 7-Z% B}l @ol2 R AU ~E
o goz oZ3th. CBOW+ Skip-Gram
o Fdo AQ5E= ARte] a1 IRIE Tl
of gt A=}t &2 HHHof|, Skip-Grame &

=90
==

pul



d dlo]E ¢ o] A& i} AN = Tolof thgk AgEo] S-S B AU + ok EE 9]
A =7t 872 o Attt ki (Mikolov et 23 Fo] A B A9l slEE e AL of
al., 2013a; Mikolov et al., 2013b). Ut} 9ol HAKnoun)= FANE 40| B
kot ZHolle &4 s o]9) o] AWSE A

22 09| BRe} §t=0] HAE BAM Astal AfAY FAE ofolvt &= A

I

_ _ Belel 4 ¥ A, S A
A e QlojEe Fxu Fele) BH

o 4 o7l ¥ o](isolating language), nlZHo]
(agglutinative language or affixing language), =4
o(inflectional language) & A FFZ EFHAT}

s = o) o] =}
(Kim, 2004). aLgofoll A= Tol7F Fejde] ¥ = Aol A(Nam and Jo,, 2017), 0] B ~Eof
S gle] B2 TS G2 Holtel THA g s gune gyas v s Ao &
U RAE ool sl A FEANIE 99 4 9t aE o), o] YrHe A=
ol Sl geterS Sol AT OIS EH O gywn qaee 2opree 2ol g W, of
A9 7158 JERE S Ut ZRNE TROIE 0 Gos b gers crowel H9 Ao
=4dole FHA l—sr"c'}'% 7}78- Zeg, o = Alestm ‘%é‘é}%’ol‘/} Ayl go o
(root)oﬂ @*]‘(afﬁx)ﬂ- %Q’E —%Eﬁi 'E‘Zo]' LH 0_1 H—“vﬂ%‘ oéﬂ] % 7/'10111]' ZE‘]E‘H o Eﬂ?ﬂ ,5.]_‘_—5‘

AU AFARE FHAL WHUEE T o 55 ws 78 @nls ol*‘o}ﬂl Huz
gaolo] b Ae gt Baed

] 3

ol si=vol, Aol Hsjof wpek
i )

AT o3 %L% Ads dS F Ao
“T read a book.”2. 2 TE ‘Wpghes &

1o
2
I

SRS wenga gaEEes By ecnzh
(P2l 52 7ba slF of 88 D8O oo myap wenzspy dm-g e o
THolZ B FAE 7F Ak F5019 (A ojn)) A& (=Lut BAp) E=HEAN F
Fols el TAY BWA A ®

(82 =% olv)) (A

o] ZRE o] PrE & A T om T A%
% o 7o} g gl welo B4 %
2= [e]
T =

A7F Z3kE o] JA et
HFol9 “drive-drove-driven’3} ZL& oS B,
o3 A ofm| e} TH A o] g ol kol WA SHAl

2) Wolt s AR £ Fa Ax, AUl i A Bel 2 Holu, sh) ool PHjaw o)FolA
SIth(Wikibacggwa, 2018). LRIH, §¢1] 2ol oizkh ofml7} & o A2A & TrolF ol 4w, Aot} 2
A8 B0l Sl 2AL o)k, A, </ o} &)F WAL E, A, W} 52 WOIT ARG 9w
o]r,].

AA .



B4 ©o] FejA HEE 4S5 A "ok
E Ao A= olgg Fel4 WEE CNN g
Y zdo] gog Agglth

2.3 CNN(Convolutional Neural Network)

i(multi-laycr perceptron)©| 23115
Ql J=Ex = FEul(feedforward
neural network)~ Q13 Z(layer)?] Y (unit)
o] MZ BF AAH(fully-connected) FE]©|T}.
CNN2 o] 3 A (fully-connected layer)
9401] AHFY EAHT Fulvto] dAH = &4

Z(convolution layer)@} &% S(pooling layer)<
= A E VA dE JdHE =
A oln| A Y] 7hFA] o G o|nA| K}
Aol 27} 2be- 7heA] FE FEl o HE(filten)E
TAH O R o] FAIIMA HEEHE di7E

e}
% %LE

PN 11

(element-wise) F3F &

Ho=z J/]EH%}\-O]L]- gt
3= 24ko] Yojit, w—;ﬂ:%ﬂ
Z2%4e Ol

o 1
&3 X]'él(feature)
29 AAse Sy
(fully-connected layer)= 53l 4
A FHaz PR Al &

§% wol MEe] Aow ¥
g3,

il
o
2

‘aﬂ_?} 7FEA

T (filter)2] Y=

o

U
1__
= KR
= =

ol C
AFo] Z o
g # )‘E} 11“4 ol 2
2 oA 29 due) Adee
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Z3lE Zlo] 7Vesith x; € RF7E ol %
o) i-WA ol i k-2pele] wof WE 2zt
& o, do] n9] BA2 T3 o] x¥E

X1n = XD x2 @ - D xp,
(D: 94 (concatenation) SA4+2k)
T, Xiivje @Ol Xio Xis1,
S gt} FdE A4S A=
& A (feature) S F=317] 918 h @] A=¢
A BE we RPHE AU A2 G ol
Xii+h—1EFE T3 A4tol] o] Addth

¢; = f(W-Xjj4n_1 + D), (f: StolHEY &
= AR (relu)o} 22
H]4 & &<4>(non-linear function), b € R: "}
2>(bias))
dH = e

{xl:h » X2:h410 "

» Xij

ﬂl[ﬂl

HA7 3

A E(hyperbolic tangent)

T3 BE 7Med 994
» Xn—pa1m) O OISl 285 o]
) 4 W (feature map)Ql ¢ = [€1,€2, ", Cnons1]
o] AFHAKc e R, EF Ak oYt
g ol thall H(global) HThgte T3k
(€ = max{c}) 54 Ato]=EZ A %(local) &

e TG A5 Apolzrt e o TR
LE S A&ty oy 5S4 AdSe F22
T A3, olF FEE AdEL AT E
AA= o] Fefz /ol ARG
3. CIO[EIA 50 &l Wi

3.1 28 ¥ HAE HO[EAM

A, vlolw &gE 33 1387 7He| e



o afFal= AEH oF 2809HS A= RS 98l 2,053,883 AEH = Ay H
o] T W&o FEHAY H=3HA Hoj2x7]7} ol 404 ol5Il AES YAFH o7 FE3}HY
FAE A, /Lol A B/ = F S o} 283 Shte] AEE ke SAJo] AtE =
x 99 & AAS & A7) 270 v EAEC] AdUe A EdHe] dBAde] @
A 5E AASt 2,053,883 AEHE = oz 4 EEE 53 sl EFo= o]
AT ol# e AEE T EA 40 o]ske] A FoR AEHS AT 2 Eele 8
(negative) FEH L = 1% n|Tto| T} 17 o2 v (), “AX(), EX() tedl &
AR s e dalle R4 34 2 o] glom FEletAy, FEHAAE THol
ol & #55H %5 Ao] Fohar & FAEE 497 27] gi ] B8 FaUt §lo
A7) Wl FA 4EFH AREH At o 5 5= m7avKKkoma) FERAEA 7S] 4 &
o} 2 g9 A AEH AE =& g 7l5s F/HHoE HE3HTt AdyHoe=R
< 9 FAFoz dysid, 14 AEE Al 4 27 HA &S 11,9157 FollA ©Ho]
1500
% 1000 -
%
[i's
£
=
1st Qu. | Median Mean 3rd Qu. Max
24.25 47.50 51.02 70.75 190.00

Number of Morphemes per Review

(Figure 1) Morpheme Distribution of Data Set (Num_POS=45)

65



1 o

Lo x

(U]

(e}

oo o
ox Mo

f
o
)

)
& |

ol
B~ fm
4
fo
Mo
5
rlr
o
E
v
kS

hl

o] 4“4017}011 sl A
= thebs

© 2 Mikolov et l(2013b)°ﬂ A
Word2Vec &2 5 CBOWE 2834
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CNNE H23t 5120 AEY ZMEAN: Heja s FMo
=MM H2:E=NNG 2=JX Z#=NNG &==JX 9 o ol@Al FAF S FASE WS do
B=VA 1=EC A&¥=NNG ==]X F=VA T} FHE 7|F2E st 7|E dol WE 2l F
=EF =SF7¢} 22 g9 245 CBOW o] Folojo] A esshr] 913 tigte= & <
HE] B Yal= Zlolth 7|4 FAL H Tl A 39k Zlolth, A gh=ro] ofFjelA &
1+ [Appendix]9] ZEFHKomoran) FE]AEA Folefoi7t AR ehE HlEL #H o ol
7] FAF EFE A83 Aotk =& tiEY o139 o] Folol Hgte] EX wohal &
g2EoA & YehbA] e 7S EAE A ATH(Kang, 2005).
Fown =3 Folvt EJ% Fejo] o3¢t AFHAHOZ oA AAG 7Eel o5 =F
TEE 78S Hasle Aol o9 A 4, g AA 7HA] 718 FEj4 HE] Al(set)> <Table
A& Eol, F4 ZAe}t FA sidste 7b 9 >3} 2},

AL J=IKS Y TV E FEHE gedos

A, Mz oE ore Feaz asA "o 322 38 &M: EALEA M, & BT,
FEAL BAL] ¢ olzhe) o b g B HE =71s Hel
3 A o -
Zheb ot 2ol FEiE vl o2 T8k - <Table 1>¢] 712 e WE Al(set)S THA
= IS A HIE 2ol el F H ob Zah gae] 18 E9l, 23 Feae] Ha vl
AejElty, FAF BlIE FASHA €3 F21  ©& JF Ay 27)3 W wel ez,
SHE EO HY, o' 2ol ~E HUel im), b Blae] 38 WE @3ole] 9w
Hop ek vlawE %Pﬂ FAA ZAHTT7E w b Age 98 7] 2A ARE AFes
22 s 2 571 il 7o) oH e I Ao gEE B nE3 ou) @ AHS 7
(Table 1) Basic Morpheme Vector Sets
) POS Tag
Name Data Source Data Preprocessing Attachment
News Naver News " Sentence Splitting: space after (. ! ?) no
News_POS Naver News ® Sentence Splitting: space after (. ! ?) yes
Cosm Naver Cosmetics Reviews ® Sentence Splitting: space after (. ! ?) & Kkma no
Cosm_POS Naver Cosmetics Reviews ® Sentence Splitting: space after (. ! ?) & Kkma yes
= Sents Splitting: fter (. ! ?) & Kk
Cosm_Checked Naver Cosmetics Reviews entence Splitting: space after ( ) e no
" Spelling & Spacing Check: Py Hanspell
. . " Sentence Splitting: space after (. ! ?) & Kkma
Cosm_Checked POS Naver Cosmetics Reviews yes
" Spelling & Spacing Check: Py Hanspell
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AetAY A HEET} rH|s ol = FAL
Ao GAHORE st [Appendix] ot 2
EEsith B dATolAe
24 A=rt A et

ZH(Komoran) & Elj 441 7]
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TE WY HEHE 27351y
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B2 Kim(2014)
2] Hlo]E Al of

3 AAHO=E H] A Bl 2]
(non-static) CNN ER&-& Fralste], on]iEAE

=
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(Table 2) Non-static CNN Model Details

Category Item Value
Embedding Dimension 300
Filter Sizes 2,3, 4,5
Model Hyperparameters Number of Filters for Each Filter Size 50
Dropout Probabilities (0.5, 0.8)
Hidden Dimension 50
Batch Size 64
Training Parameters
Number of Epochs 20
MinimumWord Count(min_count) (1, 3, 5
Word2Vec Parameters Context(window) 5
Vector Dimension(size) 300
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(Table 3) Morpheme Vectors & Their Vacabulary Matching Status
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[Appendix] POS Tags and 4 POS Tag Sets from Komoran Morpheme Analyzer

N Tag Description(Eng.) Description(Kor.) POS Tag Set
1 NNG general noun Ak HA
2 NNP proper noun I A
3 \AY verb A
4 VA adjective RS POS Tag
5 VX secondar.y verb Bz j—od Set 1: POS Tag
6 XR radix = Set 2:
7 VCP positive designator 348 AZA 10 POS '
8 VCN negative designator T4 AZA 13 POS | POS Tag
9 MAG general adverb gk FA
FUSTSY Set 3:
10 IC interjection ZEAL
11 JKS subjective postposition 4 A 19 POS
12 JKO object postposition 244 2
13 NA incomprehensible category AESs HF
14 EC connective ending ¢4 ofr
15 EP prefinal ending Ao ofr]
16 EF final ending TH ou
17 SF period, question mark, exclamation mark | "FH X, B3 7%
18 SE ellipsis =YxE
19 JKC supplementary postposition BA zA
20 JKG genitive postposition #gz zA
21 JKB adverbial postposition FAHE ZA
22 JKV Vocatiive postposi.ti-on 34 2N POS Tag
23 JKQ quatation postposition 184 =A Set 4
24 JC connective postposition A& 2A ’
25 X auxiliary particle BZA 45 POS
26 NF noun-assumed category BAEEE M
27 NV predicate-assumed category A5 HE
28 MAJ connective adverb A& FAL
29 MM prenoun A
30 NNB dependent noun oE YA
31 ETN noun transformation ending HAE FA ofr
32 ETM prenoun transformation ending #3333 "4 oy
33 XPN substantive prefix AA HFA
34 XSN noun derivational suffix HAFAY Fm A
35 XSV verb derivational suffix SAHAY AR A
36 XSA adjective derivational suffix FEAY HrA
37 SS quotes, parentheses, strings e USE EX
38 SL foreign language &0
39 NR numeral TAb
40 NP pronoun oA
B2y (o] =

41 SP comma, centered dot, colon, slash HE 7};3_@’ =%,
42 SN number <A
43 SO dash(wave, hidden, missing) EUE(EE, 4, w3
m SW other symbols(mathematical symbols, 715}7]§(3\5ﬂf§7 15,

monetary symbols) 31971 3)
45 SH chinese character ki
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Abstract

Sentiment Analysis of Korean Reviews Using CNN:
Focusing on Morpheme Embedding

Hyun-jung Park* - Min-chae Song** - Kyung-shik Shin***

With the increasing importance of sentiment analysis to grasp the needs of customers and the public,
various types of deep learning models have been actively applied to English texts. In the sentiment analysis
of English texts by deep learning, natural language sentences included in training and test datasets are
usually converted into sequences of word vectors before being entered into the deep learning models. In
this case, word vectors generally refer to vector representations of words obtained through splitting a
sentence by space characters. There are several ways to derive word vectors, one of which is Word2Vec
used for producing the 300 dimensional Google word vectors from about 100 billion words of Google
News data. They have been widely used in the studies of sentiment analysis of reviews from various fields
such as restaurants, movies, laptops, cameras, etc.

Unlike English, morpheme plays an essential role in sentiment analysis and sentence structure
analysis in Korean, which is a typical agglutinative language with developed postpositions and endings. A
morpheme can be defined as the smallest meaningful unit of a language, and a word consists of one or
more morphemes. For example, for a word 's|®31', the morphemes are ' (= adjective)' and '3
(=connective ending)'. Reflecting the significance of Korean morphemes, it seems reasonable to adopt the
morphemes as a basic unit in Korean sentiment analysis. Therefore, in this study, we use 'morpheme vector'
as an input to a deep learning model rather than 'word vector' which is mainly used in English text. The
morpheme vector refers to a vector representation for the morpheme and can be derived by applying an
existent word vector derivation mechanism to the sentences divided into constituent morphemes.

By the way, here come some questions as follows. What is the desirable range of
POS(Part-Of-Speech) tags when deriving morpheme vectors for improving the classification accuracy of a
deep learning model? Is it proper to apply a typical word vector model which primarily relies on the form
of words to Korean with a high homonym ratio? Will the text preprocessing such as correcting spelling
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or spacing errors affect the classification accuracy, especially when drawing morpheme vectors from Korean
product reviews with a lot of grammatical mistakes and variations?

We seek to find empirical answers to these fundamental issues, which may be encountered first when
applying various deep learning models to Korean texts. As a starting point, we summarized these issues
as three central research questions as follows. First, which is better effective, to use morpheme vectors from
grammatically correct texts of other domain than the analysis target, or to use morpheme vectors from
considerably ungrammatical texts of the same domain, as the initial input of a deep learning model?
Second, what is an appropriate morpheme vector derivation method for Korean regarding the range of POS
tags, homonym, text preprocessing, minimum frequency? Third, can we get a satisfactory level of
classification accuracy when applying deep learning to Korean sentiment analysis?

As an approach to these research questions, we generate various types of morpheme vectors reflecting
the research questions and then compare the classification accuracy through a non-static CNN(Convolutional
Neural Network) model taking in the morpheme vectors. As for training and test datasets, Naver Shopping's
17,260 cosmetics product reviews are used. To derive morpheme vectors, we use data from the same
domain as the target one and data from other domain; Naver shopping's about 2 million cosmetics product
reviews and 520,000 Naver News data arguably corresponding to Google’s News data.

The six primary sets of morpheme vectors constructed in this study differ in terms of the following
three criteria. First, they come from two types of data source; Naver news of high grammatical correctness
and Naver shopping’s cosmetics product reviews of low grammatical correctness. Second, they are
distinguished in the degree of data preprocessing, namely, only splitting sentences or up to additional
spelling and spacing corrections after sentence separation. Third, they vary concerning the form of input
fed into a word vector model; whether the morphemes themselves are entered into a word vector model
or with their POS tags attached. The morpheme vectors further vary depending on the consideration range
of POS tags, the minimum frequency of morphemes included, and the random initialization range. All
morpheme vectors are derived through CBOW(Continuous Bag-Of-Words) model with the context window
5 and the vector dimension 300.

It seems that utilizing the same domain text even with a lower degree of grammatical correctness,
performing spelling and spacing corrections as well as sentence splitting, and incorporating morphemes of
any POS tags including incomprehensible category lead to the better classification accuracy. The POS tag
attachment, which is devised for the high proportion of homonyms in Korean, and the minimum frequency
standard for the morpheme to be included seem not to have any definite influence on the classification

accuracy.
Key Words : Sentiment Analysis, Morpheme Vector, Word Vector, Deep Learning, CNN, CBOW
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