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b Zole] EAEE EHAES W Aus W HEH=
HAgehs el 2 52 B9 QWP o VA AlLEAA
Z}A]

A, GAEY GAE 2%, FeAHY,

[>
{m
r-lu:
r-ll:l

| Eﬂ“ 1 Oy
A% 5 14" AAY A€E g¥ez AT 4F IAS

S957] 9% 71RAY B4 22 Eoz A8HL

71&9 HAEQ WEH RIS A 4 AMEHIL AU 2o
AF(Bag-of-Words) 232 ©&stal @I o|x|Rt A9 2717}
ol Ao HFSiA FUkstH  FolE fle "HXAE HoHE
&8&s5t7] olgth= @iol AUk ol {AE FESH] s AlRbd
Zot 9E(Paragraph Vector)= A2 dlolgo] tigt ¥y EIL
skt sk A8 fsidE 71€ ZES MZE HolHI

s F7Hor StgAlZle 4 HEE AR Adte AV Uk
AlEA & AlFA(Sequence to Sequence) RS 7|HlogE AT

wgste] B4 2 A4S BES 249 e BES AP AnE

1
—‘—4

¢

st&ol= AZE A2k 9 E(Skip-Thought Vectors) ¥ 532 99l
3 1 AT BAE L&l oy o] ZET AT IAE
AAs17] e B $£20+= HZ FHEH7] ojgey HAE

£ dFollM e Aol shae] A9 dwid Aol dast A %
7 o] g2E A9 ol A 55 st T AHF
TE 39 H92E 3PS APse EIE At 71E9 2o
d¥igol FUIH(Unigramye AHEshke Ade 22 £ A9
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Z2ox= vto] 17l(Bigram) ¥ EZto] 1#l(Trigram) 59 n-Z13l(n-
gram)& 83 H2E d¥dE AAdSHAH. EY olE HEFA

of ABVFH AFYH TS F7HHA
E
)

= 4ol e 43 ol Ju|g o
gt Aol HolRt aRAe F3) Adel X A aTH:
grEe] B4 RS 98 Was AL ol A% Wi

2B 3& A7l Had UG ABIM AEE + Ue

F89] : word embedding, paragraph embedding, n-gram, natural

language processing

st W :2016-26029



i
_);1_4‘

A 1A A B s 6
AT A D W7 e 6
A2 8 DO BB e 9

Al 2 A AT A 11
A1E BT D BT MY e, 11

1.2 B WE(Paragraph Vector).......cooeeouueeeeeeeeeeeeeeeeee. 14
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Sentence Embedding) .......coooovvveeeiiiiiiiiiiiiiee e, 20

A 3R AT HH D AR e 23
Al 1T B AR G e 23
A 2 4 dolgAla AAY D oG A 31

2. E O Al 31
21 85 AR E B ARl e, 34

Al 4 B AT B 38
A 1 2 dolgAlo] that Ao] a5 AI ... 38
A28 EF HP & 5 W3 ... 41
A28 SEH BFY EA A e, 44

Al 5 A O] e 52

Ao 22 L FF A4E AT AD .. 59

B G 62

3
.:I_-l



B 234

[® 1] 244 oul7l 249 ofu] solo] £a7 AL THE

O] e 8
[ 2] 29 sh5=S AT HolHAY SA...oo 33
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[E 4] HAE dolEo] ti3t A5 VIR ..o 39
(¥ 5] AEFA AFTS AHEe A2H9] Hgo] gt IMDB £
A6 BB e 42
A7) F9 HAYUEE AHSe AF 9 HEPo] gt IMDB £
A5 BB e 42
(2 71 Z n-OJ83 FAR] FAEF 22 n-dH8E 43
[(E 8] AY 7|7} b2 AEFA AFGNA B4E dHF Ato]9
B e 50
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(3 1] BT ZHO R 13
[2% 2] Bk W8 B R e 15
(23 3] A2 HE ZPY T2 e 16
[ 4] & AFo0A AlRbsh= 289 /E4 T2 27
[2% 5] o] AHFY BrS 83 AFH.co 28
(13 6] AEFA AFTS 83 AAY 28
(18 71 AEFA AFGH A7) 39 HAUSS &83 A3

............................................................................................... 29
(2% 8] A7] 39 FoJoJO] R e, 29
(23 9] o] AF OZHY T e 30
(23 10] 3 AAY do] BF HIFEY X . 30
(23 11] 9¥9d B+ A3 IMDB FH9 t-SNE & UMAP

RIZESE BIF e, 46
(19 121 AEFA AL 271 3, 4, 55 AH&3 IMDB R t-
SNE €} UMAP AlZESE BIh.iiiiicccees 47
(13 13] AH9 B+ AL E &9l 5E n-1F YHFY n-
I3 H% 90 T2 EE(NOIM) wveeeeeeeeeeeeeeeeeee e 48
(13 14] AEFA AFT JdZHE 53l g5 @] dHd

% S0l W2 B e, 49
[2% 15] 419 o WE FFLY] W3 57
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A1ZAN =

A 1A a7 W7

Aol HEl= ¥4 U=(Document Retrieval), 74 £4 59
HAE EF, HAE FA, ZHAHY, AL}, HAEY fAE 37
1.:

5o oFd HAE EZESt dom gt JAcks EiEEE
AEHo g 7IASs ¢1gE § ke, S UolB Ho]|Z, SV,
K-+, t-SNE 59 €azlE&2 gvtdo g Ajtd &2 149 3719
HAHE oz g%t Iy HAEE JEZFoR 7PHFRl
Zolg 7M1 glow wEtA ol FIHEFS FHEor] A=
7HA Zole] "AE HolHE ST A7]9 HE=z HId "art
AHQ. Le & Mikolov, 2014). |23t IAE HAEQ HE HH T2
g AE 9] AW J(Embedding)o]zt st}

grE Quige HxEQ ook A glo] YT FAY
MES AAfoF Grk Aokl 9] WEe] AFY Mol Hgt o]
qrEd ARE AGE NI AS F7F A
PAY B Aol MY A BEI + Yk g2

u
5452 aopdow was g Bz Wt

gAE0 WY 1Y WYHozA 9 AMgE= o] AF(Bag-of-
Words) 22 thestaAsE a3l woltk(Harris, 1954). ol
AF Y2 JfE ol sho AYer F1 HAE Y9 dold
=4 s 4 Y9 gor Roshs Polt. o] AF K2 1
ggdol vs] g2 "g2E AP AN Hojd S HAFY
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A} (Maas et al., 2011; Wang & Manning, 2012).

JEt wol A% md BS f-idf 59 WE B RS
ARHoz dole 24 NS WARTHE WS KD At =
W 37 2ol AL BAY wolrt 5UY A4 EA0| SHcH

o FYsitheE &4 "WEl n-I1¥8s E85Hd Holg o] A
5)&(Sparse)siA I WA ZAISks dalElE 52 AERS W AL
ZF(Curse of Dimensionality)o] #& f3Alo] HoAtt= EA7}
Utk EZF To] AT HYPL BE THolE 55 FHFSHQ. Le &
Mikolov, 2014), ©o]9] ®HI=e} FAZF ©olo 54 HI=E &85
tolo] 7IEAE Holshe tf-idf ZPNME oo Ay FoA4E

AZAZ WIAAE AT o3 oo oulg FAHY S Fui
A4t WA ek gebd wol AR mgozt tinel ol
g EAE dolHol Hole] A4 B2 HrE 24 Fo 542

S o AAo] AY IAE FdFckeE AP FZ ]
% (Transfer Learning)°l| AH&-%]7] ot}

-

uekA ZFhol 2719k Aol 59 fold T F2 ©ol AF
139 AE FEY & Yt dAE UH|d(Text Embedding) 239
N2 ZAAo] A2} 71Ask59 o AT FA4 F s tHKiros et
al., 2015). &3] 3)4&(Sparse)otA] %1 WX (Dense)t HE HIACZ
A= 9Hd HEQ Zhe A7|E &0l FAlol §AE YoA
ol9] wix|7F FAste 4 2 £AA uiE A= HWEH RICER
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£ 1 244 ou7t 23] ov] wetof] 283 P& viAE . 19
ERAE ‘EA golgbe mEo] ‘HY|E ojgciE:e ndd
A FAHolA oA F/RItE ouiE ASSH =9, 2 |
EZAE EAE Aolbe: mEo] ARRHIE EXchH ol
2@ 2FH] #EH oz PrRItE uig A =

dH|F o] Aol HAEQ T2 HAF TolE Y HEHIEE AS
IR S W H|AHY Hlo]g 9 EAF EA(Distributed representation),
Z dEstE #F9 ohgo AHE EAFy de 48U (Neural
Network)> HIAE QIH|QF9] ko Aot HIE Aozt & &
Qltk(Bengio, Courville, & Vincent, 2013; Hinton, 1986), <%
273 (Dai & Le, 2015). HolgY 4 #H(Distributed
Representation)°|gt  HoJHE TEo|g7l 7IA& 97 EHEER
A5t Z@st= AS ugith. ol AHId A FEstiS o
YAEE ©ol9 &d ¥lE 502 RIS Zo] ohlz HAEQ

=45, 5 ofF BER 32 oud EASS Jest Pz
IS HAT 4 e Au@tt 3A AAF(Socher, Perelygin,

& Wu, 2013), AEFA AlFG(Kalchbrenner, Grefenstette, &
Blunsom, 2014), &2 3|A-AEFA AAFY(Cho, van Merrienboer,

Bahdanau, & Bengio, 2014) & ©%3%t FH9 AAY EFE0]
8
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greo Wy RP0RY B4 98 A=Et

TR} olde WHES Aoz ojo] Y HAE Hold,
g2 Sl 93 Wt GAE TEA HolHY Aol Qo] o
B 5 dolZe] HrES oz EAE dolgd s
Agslolgitt. & WP BF BAY AR Ao Wy EAY A4

2 shashe WAle) o] Qubdolgle. webd olHE WHES
dolZe] g dolHol: H89 4 glow dolo] Ut Heolgd
H8) AtidoR we dolo] gt HolHE Wy xdo A4 WEe
et Aol A8E 4 ks WAE JHn Ut E% o
FHIA e EBL Aol 2 AZae HA] HHRHES S55H
Hug shs® Wy Edol 93 PA ER 5 o2 JEsiiy
3 J MgRES EsEt: £A4S XD Ut =

2 =
02 37 FA i8] Adol(Transfer)st?] Al A3 19l &2

Lok
i)

wetd EdbEel dxEd Wy RE Fe gHge Aye
AL GAE Y HolEY THH ou] FuE WIT 4 Ax
FA] B} tepg Hol] A48 & JES UMEE W ¥
BAY 4 JE mgo] "asity & 4 Yk olF 27 2AL
F=57] AL mgo] Hold] 24 NE BET 4 Y= -
29 EAAS /AT oo} s, g NN ol =A e,
52 1 dojBo] Aoz e F7 HoHE A8Y 4 YLE

AA = oo gttar & 4= QItH(Kiros et al., 2015).

r(

A2d AT R

£ A7E s golo "drE, = 24 FL £
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sto] ©ol9] A, 2AA QulE Wigsio] HE HFCE WAL 5
Ue EFZ AdstA st AS FEE I FUHEHLE o
A &3 &8 7HssteE MER TlolEo His gAEQ] HE
#Y, & H92E dHIFS B AT F7HEA sk Aol
ZQslx] ¢ow ddHgdel AA Ao W HFAFE(Computational
power)°] BASHA] ¥, FAHQ FHojEo] gAY & HoH £
F27F FAHA o= 59 o FH 9 TE A (Corpus)ol H82 5

glom, o] g4 HANN FL 45e B 4 Ut 23 AL
=32 St olF 93 ol MY ¥ sk o] HrE Y
YolHE 74H 27)9 WHz WP ARHE AHE5T, GAEC

o] A7 2P S q&ot= tbF HolEMulti Label) £77] £+ <8
A7BE Aol HPS "HIHE ARt Z¥S AUstaA drH(Cho,
Van Merriénboer, et al., 2014; Sutskever, Vinyals, & Le, 2014).
HAES QIS fsl Age ©o] AdHFe &E WAS A,
53t 232 F9f Ao] g5 IAE AASIRE W UEhds S48
ol Aol XA Aol ShgolA 1T 5 U= AFGSel disf
At E g2E dHd 2F9 T AN BAFHS
e n-I19 ©o] d¥ide SA0 disl E4sty AERA
A% (Convolutional Neural Network)®} A# Al (Recurrent
Neural Network)S 83t Qo] »dl g 53] sigE H2E d¥da
Hwste] ZbE Aol AHF IANA {83t AR HAEA
HARE FE517) 98] 22% 25 dis] £4th
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A 27 A9

o]

Al1Ed %9 & 9¥d

H| 2| =& (Unsupervised),

o
qze

Z ol
Qo]
Ducharme, Vincent, & Jauvin,
nge YrEd BES ¥
Ug AAAz}

Wl’...

o]l &
=
2y

S| "a

T2
dol mYPHL AB A WAL E
the} ol Bejdit,

p(wy,wy -,

we}A

p(wl'WZ Y

g AE
N —

A

wy_1,Wy)+= ©1F
p(Wn w1, Wy ..., Wp_1) =9 Ho7 HIAY

L RO N EL SRR

23 (Generative model)& T

A7oNA dAES] AF
z7ldog w4 At
HAENAE 2HAY AT
Z7k Roltt

shel b 244

S8 #E°] EoHE Ao

A

il

=
=

"HAEO

=

A

)

?l =

A

o

rﬂl

(Language
2003)9] AR-golzta
3= Rgo|t} "9 AEE to] 59 EFI]

E

;Wwy—p,wyoll tel &F p(wy,w, -,

o0

wy-1,Wy) = p(w)p(Wz|wy) - p(wy Wy, wy ...,

Ek
wolBol ojg the wol

A7

o] E-ﬂ/\E 01131]1—61 Ho]—
Model)(Bengio,
% 4% ek 2ol

0|

ARz g E2F
Wy_1, Wy) & Ay zyst

ol

Wy_1)



}1_‘
Flo
L

4, oj7} "HAE| TAY FEO] oM Zoth. wEhA A,
FH4 5 H2EO ouet IAE EHES dolE9 TIES
HIA7]= AA M4 (Latent variable)® It 4 ok, WA ©of
TYE olyg Wy FRE &2 A S co dig 2PFE FER

3435 4= 9ItHArora, Liang, & Ma, 2017).

0[¢

p(wy,wy =, wy_q,Wy|c)

= p(wy|c)pwz|wy, €) - p(Wy|wy, Wy ...,wy_4,C)
99 zAY BES FA AT W5 ¢ o

Y= FAFMaximum likelihood estimate)S FAE 4 Atk

arg maxp(wy, wy -, Wy_1, Wy|C)
Cc

= argmaxp(wy|c)p(wz|wy, ¢) - p(Wy Wy, Wy ..., Wy_4,C)

a

web 7 BAEd] o] dolSe B8 AU B e

Aoz WS NS B W5 o2 2T 4 dov oA d5d
W5 c2 A9 dAE9 o ARE Wt giE gvgos
84T 5 9t

Word2vec, &% WE(Paragraph Vector), 3ZA=F HH(Skip-

Thought Vector) 5°] it

1.1 Word2vec

Aol AoA 7 AdFZH0l9)
golo] oid B4 #d EJo|qn. wHolo A BE S &
7 fgiEZQ R go] Word2vec9] AJ=F13(Skip-gram)

2yo|tiMikolov, Sutskever, Chen, Corrado, & Dean, 2013).
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Bgold  wo] W w, kI "ol F9 ol
Wi—kr""Wi—1'Wi+1;"'rWi+k‘o’] el 2 PWi—gs s Wim1, Wi1,, Wik (W) &
HArfstets PAloz stpH oFF AL 2ol BPL o]H TolE
A el o Dol oSk Al 3 wole] o)d whole} e

ZU2e AL gol AAAE AAA o] It TolSo] HYshe
Weo] gog HFT 4 Yok Aotk = dol WEE duHE 2

Aol W dol AWAY  wo] AR EE,
(o] A2l A B i7} 543 51492 Me] xe RV o] thaf y = wx S
AT 5 Ark ok ol AT Mol tol YuY FFe| o3t MY
Mgoln] y € RVE wo] Aldxo] tfat We HFOZ 42 5 Utk

Xi =

language which my inner

describes

a9 1 AZaY 239 2. AT gL i dolE 53 tiAF
@do]l F9ol F&3F(Cooccurrence)dt TOEZ dSot= WO
oo WE BHL 53T
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oleidt WAl HAE AMPL vhe GesAE W Aol A

obd & WHAA Yotk & A AW dol AP Bk I
9 wolo] tfsf A wolg e
A 1}

WA wol WEst dAEY weby RS NYSES SEHcthe

[

Aoltt. & ©o] wy_,° izt @ojo Wy BAS v(wy_,)BHL FHH
ol HEHE= g B FAA pwylwy-1) = pwylviwy-1)) &
FY3leleE ShEEET, o] FAHNA viwy-q) ol wy = ST
83 Wby A W4l c7F wgEHn= Zo|ti(Arora, Li, Liang,
Ma, & Risteski, 2016). WatA v(w) 9 3 T2 FHF2 ZF dolE5S
A&st= W W5 o F S22 FALOE olgjd & o, mEhA
HAEQ FAZQ =2 F#FR HHE JHE vrgste HEHTGL &

2 9lTHe Aot}
1.2 E<F ¥lg (Paragraph Vector)

2 HE(Q. Le & Mikolov, 2014+ &% 32 REd 9¥dS
A dEHQ B F stutoltt. Bt #WEE tho] #WE(Word2vec)
4o digk ozt & 4 oot 9 HE e Z o] Bt
ofUet whojrt mFE Ztzte]l £ Z2 Ed kg AT dHEH=E
e & "AE9 gHdS skt 718 dolE 7HEgitt

15_}01%53] A]:-{l:].—/—\— Wi, W1, WN , -‘lE]:ﬂ— ‘5'11‘?’1}9] H-j‘(iq ko" ‘:H"‘j
PWy|Wy_k, -, Wy—1,di) S ZFh3lct= Aoz SGHET. o7]A
JHA B o BE T wy, -, wy_,wy ol HHe S8EH 2E L2
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Wetoz Agalel, 4k wedl B4 wol old kY wolrt
AZSA Eote Wby ARE ATE 4 o, wehd 47t Tue)
AAQ ou] £ FAlo] e RS WA Dok AT &

A

2D Now  what as I

glojg 9 9 $utg9 "AE QHgo] kg IFoA A=
1FEY. A 2o £Eo §AE dH|d HEE AAS|oF she

= SHE A8 + fix
F7HQl e HHS F8E B ol o] W wet 7HSA u,
" bE AT HF MELR HolHt Mz EF HE 4,5 A
517 (Gradient Descent) 522 FZslol= WA o0& o]ZojATHQ.
Le & Mikolov, 2014). o213t F7H4Ql Sk, & A3} HH2 v5p7]

Aolde B duEY BAY AP0l Pl fE S IS

HEE APgshr|Eots E4E Y8og ol ¥y FdZ EYscte

oFf &2 #H(Reader)? FZ& 714 mFo] gpHTT T £
15



9.
1.3 AyZ+A3=F ¥l g (Skip-Thought Vectors)
ABZAY=F HE(Skip-Thought Vectors)(Kiros et al., 2015)=
HAE AdolA 271He 34 #Ee "aw Fts Bu w9
EARE SEsty 2o o gusd ¥y xd@S shEota

R399 Adks molt

ol

7y MEE dol WHe A% 19 2R g o

og EAEE, = 54 wold A5 AYHIES
| A7 dEE Aad 23 2Hd 289

Now what about <eos>

<go> Now  what I

Then are my <eos>
How do I sensations

<go> Then are sensation

AP HAEE ol 93 AdIH-tIy IS AFA F

=

16
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A AA(Sequence-to-Sequence) FEfO] RFS ARSI AFH-
HIig &2 AEL F AIRA BYold 53] Az Zo|7t & AlEa
x]_l'”lxNx.Q]- y:’”;yNyoﬂ EHE_H p(YJ”'JyNylxly : xNx)‘E. g'}go]—7] %‘é_}
2 3goJtHCho, Van Merriénboer, et al., 2014; Sutskever et al., 2014).

E Fd AELE F AEL BEY2 JIY 5 f R x, iy E
%

EAT WE c2 At o, g2 & g8 59 pouwl0E
St Wjoz "D QlIY 32 fIfRE 3 £#
A17d%(Recurrent Neural Network, RNN)O| ARE-E® &3 IHHoA

B2 dHE AL § AFA B39 E2E &85 2F
£ cE JAFEZ O3 plsi-)pGiv) T Stk PACE HYPS
SEEAIAT S uHA g3oe ¢ = f(wy,wy, o, wyoq, W) B

siol tie WY rdo= ARZSHA "o

f

2l
|

M
o

olg si & c2 AIET Y= pGs) T HAdslske A9 AlE:
Q2 EQlF(Sequence Autoencoder)(Dai & Le, 2015)°] H|{jA Rk
g IAg & + qrt. LEQIIT Y H|F| BT HEQl T2
F27F 7HE ol 95 948 £4E Adshk= Aol oy =4
82 FH gdozA 0] #e £oA 7= YulE Hhgske
WAoo s ShgHA Hi, wEhA Hoh d¥istE on] FRE Wrgshe
Ay #de AT & IA Hoe Aot EHu FAFHe=
AR o g A d4Y £F s o WS s e dolE

wigta sta
¢ = W, wh .., wh oy, wh)

ﬂ‘i-’_ ‘g"]ﬁ_’ ﬁﬂiq% p(W{,Wé ,W]lvl_l;wjbllc)% ‘5‘_}%‘6}7-" th,
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o]

shgo] A4

ftlo

30 =t 2ol 3 & Ao

rlr
A

p(wli,wzi ...,W,‘;,L__l, w};,i|c)

= p(wEp(Wilwh, ) vl Wh, w1,

ot QEQIFEE ofd dolEd cof W thE ©ol9 FES
HAqsele s shgstA "ok 21822 2EQIFHI] QlFH f& oA
dolEo] dis] JF B Wl do wiwi..,wh_,wh o BES

Z7MA71= dig AW 22 g E AL E k5514 "o

Ll CEARE HE 9} 72 FROA =
p(wi twi ™t w t wi te)p(with with L witl, wittc) =4
Yslel=E shsobA "ok wEtd AT HE9 QIY f &
@<5] oA dols] dis] 4 £F W9 ©ol9 FES Eol= Ao

(¢)
(¢}

otz sy dY &9 AT A= £FY Hol9 FES Eol=

ek ASSHEE ohastA "o wEbA ©@<ed] 48 28 Wl =

TolEo] ofyz}t oum|A Wi &ojA FHL 4 UEs DolSol HiTt

BEE ASSHA HER A7 ¥y 2P 84S Ho diFQl

oulE Wigste HY #ICoE WL 4 YA Hoh o= 7Y

oulz HRE HtFGstal FEoM= Ao o] EATHIntersentential)
T

PAE WYshes Aol =&0] €

o EAEL sl FA| 52 242 F§sty Yoty 1FdE 4
QAo W Paragraph, 2017) st} 2 %o e Ersolzta stoje
AubAQl FA ooz Bk Yo EFo] FHdke A L Ho
DA% ou]d FAE 7K 7Skl offHoh E3F A

18



WEjsl 7o 723 o] 12 gsiel Bugle BAS WS
uge PHSEY dolst Exow FEEd] glom HAd o
goo] ZAol Uz A8F 4 Yk dHolHst moh AREcHs

A7F 9= & Aok

row

A 2 4 A2E QS O AFY 72

HAE U9 ZF dojgo] YJYoE Fo|FS w dTols Aol
BAE Wgstzl Asl F7HAR AdEe AHE = ok "9AEe
22 7P 4o] HolHo| dsf 7P g AEHA2 ARG &%
AlAFgolgtar & 4 Qok(Graves, 2012; Rumelhart, Hinton, &
Williams, 1986). 18y &8 AAYL 7|EHog £37FQ ILRE
7HAL Qlow mebA Este] ol glow, Y AL U9
27149 #AE Htgsh= Ao A7 Atk(Lin et al., 2017; Oord et
al., 2016). WA 1& AZ7L 7HsSHAME 4 AIAA U9 #AE
g o+ e ABY, &2 ol #AE Hgshs A9 =2 &
F Ae 727 93y &€ 5 Aok oY EAldle HEFA
X

dge Adste U, 2183 F9(Attention) WAUES E83k=

Lo

Oll

21 % 55 9t AEFA A17%H(Convolutional Neural Networks

for Sentence Classification)

=4 55 9% HEFAH  4AlHY(Convolutional Neural
Networks for Sentence Classification)(Kim, 2014)94+= AEBEZFA
ARGE YAEC fig AEste A PHS AQdsiid. s
F(Parameter Sharing)gt= HAEFAH AAFAYe EAHo=Z Qg
AEFAL 7P o] gAEq HsiA= F8&2 4 AHKim, 2014).

3L
o

19



24 HAE HolHE HAES o3k N GolSY dXY g My

x & AZF Nxd AL FE X2 efol At o] Fo] e 1xk

£%YMax Poolings St FEdH HdgSs SA AF
A1 % (Fully-connected Network)©]| SIAZ o
AT EW X (Softmax) 95 &9 5RE S35kl
A A1t (Backpropagation)2 <5314 Hot.

2237 A8 olE TR & = TR 371G, 4, 5)9 AEA
i

UHE ARd o=y o MAE SESIEA JAHKim,

Jeht Bk A7HQ BAGA uehbe dEe EAs] 91
ARsd WHe A/E ASHN BARE AL Sasor @
ARse] 2718 2A A "o 2o A28 wAE wgE)
34 WO T7)E S Al BEO AL A8FE PHS

A8 5 grt.

¢

2.2 FZA 27] 9 E& AH| (A Structured Self-Attentive Sentence
Embedding)

)
ok
_?lr‘
rr
po
rlo
i)
>
|m
Mo
S
ol
1o
St
Y
2
D
ol
o
—‘—I
N
Ho
rot
ko
oflt
=2
X
H
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A Z
T
AgeIAeE 2ol AAAA FHug EF 52 B, Ee &F
%

+23 A7l Fo B AHIF(A  Structured Self-Attentive
Sentence Embedding)(Lin et al., 2017)°lA%= 7P Zo] HAE
NEAAE IHE Z7|9 dHeE A7) s F9(Attention)
HAYUS AR 79 HAUSZ AL F AIEL 2yo] FEH
A7 Ayt Zo] QI fIEo AE tE EFo] dHIHA
fIgoA AFE7 QFYst EAo] #g mIAGA FEI HEES
FE517] gt A EHN AL EAYTHDzmitry Bahdana, Bahdanau,
Cho, & Bengio, 2015).

d2u 9AE 7 59 BACA= 48 480 dis A
7F&A|(Attention weight)E A Ast7] s A2 & d+= A5 &30l
EASHA etk WA F2F A7 F9 B dHPolME &
ojFE 4= Agste WAl dF £F AAE AMgSl 39 7HA
Aitske 7] F2|(Self-attention) WAHUES AHET

AY HAE AFAE wy,wy, o, wy_q,wy BF2L 313, A[FEA Y9
Zt EZo Wi ¥E #IY PELZ H=(hyhy, - hy_,hy) €
o YAE A2 o A 39 AEA at
4 YHLin et al., 2017).

a = softmax(vtanh(WHT))

o474 v veRFQ HMEolE W e RO el Wolth. wA

a=(ay,az -, ay-1,ay) € R"O|H Y a; =191 #E7} Aot o|F A4td
21
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%9 745A o3 AHSH H2E Q9 g ERLS thed ol

AR 4 k.
V =aH

getd Ve 29 ZEXE Agd ANE E2 WEEY
gy & 4 Uk A7 F9 HAUZRS 24 2§ 59 B4
2o ohjet 4% W9 =Y 5o 43Hox FgH dYiE

AFgo] axzQl BHolzke Zo] EHzH.
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A3 AT ¥ 2 2A

PR ECEE

2geIAS] AP AT AES B, 48T T LY Bye
FaANE 2o Mol Bet e F2Hl S40] ofd B AA
W2y Jug wgstolo s, £

Azee FejE A Bast A

=
Hkgste 7o) Ho dutskd e #d9] Ao =&l 2 & o=

B ¥ 22 7P Zol9], i ozl 71 AJEAd
dside HEFA AFYS AY AZH7E /88 & U=
Aok} o] RAES Yoo B AN E B dHdS
A o3 22 1yS ARk

o
L
rlo

£ A7A Ajtehe BgL 9AEC gig Fd-d2y F2E
w27 9t HAE ¥ #WE EFoF HIlsly| 93t AdITERE

a3t 22 A A geel mEe AR

—_

o] AWFol Hat. Tol PHlge go] Aol X2 TAAA
a0l = AHo] dHA QoW (Arora et al., 2017; Conneau,
Kiela, Schwenk, Barrault, & Bordes, 2017, Hill, Cho, &
Korhonen, 2016), WetA ©o] JZE Ydudoz wHestw
dHge = Foh= ZFS =] AF20 ik JAIH=E
A % 9tk oA7IA ol MR thed T AgsAY
%o 37ldon wol weel g HAE AUxd oz
23



U gds AT 4 Stk Y HAE JHgo] dojd

AHgSHE A B3 EE o) did A9 . EH(Global
average pooling)< AREsIAY AY gk

pooling)< AHEE 4= Qith

rot

i
gxg
Q
]
S
=B
3
o
b

. AEFA AADH A7 F9(Self-attention). FEFA
AL A7) 79 HAYESS &850 F9 7SS Fod
4 ItHLin et al., 2017). ol& AY F+ EFF°NA 4 EZI

dsl & 7HAE Fo% 715 3o E 4T ¢ Uk A
F9 wHAYES ZEst7] Aol Huiy E3 5

AEA9 Zolg E9 "WRT i ¥ #
AdFoz Y AFAAo] tigt F8&F(Receptive field)2
7158 SHAPlE HHE A8 & ok B 74 949 EE
HE b o dis] 7R AZE o, § ALSH v=Yah E
ot Al Yia; =121 A8 753 a;; = (451, Giz) -0 Qg VT
L5t v=3Ya;oh; (e oltut2 F(Hadamard product)
D E Foke WS AMEE = Aok olEd ¥Y TSRS
ARESHE EAE AIEA Yol £ EZC s =AY
T TREAE = WAl v YA A4 F vuith 9AE
AlEA Yol BEZ0 digt A2 O& 7RIS AR ALdd

24



WA "ot olF B9l JNE ¥WHY # v 7t ZE FHE
Axitstz] fef AER EF] AU W2 7S AE R £+
PA = 7IE ¢ ok ot JHE F9 THEA=
A = softmax(V tanh(WHT)) (V& V e R¥*Ql 7152 JH)9}
Zo] AAre 4 9o W AL 1-4-H (1=(1,1,..,1) €
RMOE A4 4= QU

E3 GRU &2 LSTMT} 722 43 A4S AFESH 917 2
AR $ Q. I8y B =84 AR sk FHY 3 oo

_‘

2ote HAE g4 &8 AdTe F8ske A2 B2 9 vzt
At 58S AR s HdEFHOeR VT 4 Utk

AFH 7 HH3 He BIS ol
571 Helix= A 240 g &4 F4(Loss function)°] Q3s}r}.
AFH-fIy Fx9 HIAE QItrt Azds ¥y ndS
JYgor W= Iyt #HE x| A &4 T U)sETa
A4 4 . 2 dFode usd
g5kt

AT 5 YES F5T 5 W

=

rol

rlo
H
oftl
o
ful
R
fin}
fru

—_

gol A% oz EAE Qo] @ o]
p(wy,wy -+, wy_y,wylc) O A Lhol2 o]z mgw} ol
7 E2 w7t c o W 2A% Sdoldn s
p(wy, Wy -+, Wy—1, Wy 1€) = pOwy [P (w2 1) -+ pwy—y [)p(wyc)
o o] BT 4 k. ok HAE AUA o] B2 42e
JEsH Aolgky & 4 9ov] meA dol 42F ST
myolety & 4 9t 37408 ol A% myolA Holo
54 wEs 1 ol A9E 1 2 WEsd ok Sds:
dolo] 8L 1 2 ST SHNA Pk wold FEL
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o8 AEsts 2AAY OF 2% 230z AT & Ao

. w2 AR Ao 2F. cofl diY 2R 5HS 7HE5ske WAl
AFE do] oA d 2ol &3 AFY do] 2FZ
gIZogE AT 4 QltkBengio et al., 2003; Q. Le & Mikolov,
2014). o]d 9AY A EF wy,w, -, wy_ o HiE] &3
AFLE B9 A" &Y AHl(Hidden state)d
s(wy,wy -+, wy_g) B2 S &% ARFTY o] EFPL Ao
23 p(wy,wy -+, Wy_1, Wy) =
pw)p(wals(wy)) = p(Wy|s(wy, Wy ..., wy_1)) & Fo] Z35HA
A 9714 AEHY &8 cE F7HAR dgoE TSt
pwi|c)pwals(wy), €) = p(Wy|s(wy, Wy ... ,wy_1),0) & Z2

FHE Edfsks AE 4T + A ol 24 BH s &

B Wit &ES 5] fk AZEWMA okt AY
W3S F718E softmax(W(RNN(s;, w;) +¢)) & Z2 JFH=Z
FAE o] BPE ARG T E T 5] 9AE0 S8
©ol9] FES WAl A B ofyzt ojd ©olEY

o s FEd WAoE FAES WHIAIIEE SEohe

ull
aH
AL 71dg & k.
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a¥ 4
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HHoALE HAE PHL AIGE AIYd Al HAE Auy
IREAS L A

5]
oM HAEE JAFHE JAIFH AHE A H2EJ fiet

il

Ut A
213G ke
HIAE HAE

g ==
I UHIE S

2 Q7N Adste =39 49" 7x 239 o

Now what about as I



#7150

+FUIH E

= Hug}

T R R

ohjet ol 1, Eto]1d 5 n-1%

28 183t AT H5e YT & Aok
Max
Now w;t ab:.lt as I
I8 6 AEFRA AF9s 2483 dFE. do] dWige AEAE
AEFA AT 489 o2 A|EA9 Zdo] Wfew AY FHug

€ A9 FHdigk )2 AR 2HE
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Attention

Now what about

a9 7 AR AFYT A F9 wWAURS B8 A=d.
AZEA GGl A 2o o] PuFo] ANAAS ABEH A5G0
T e ARSH AL EAG AA20] oe A7) F9
qololol] ANt %9 AEAR 1E BEFL Aelel HrE

g},

Adre) W mPow 2
Adudoz Hgo] 7P,

| Softmax |

29
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(]
of
ol
4

1% 8 A7 F9 #ojoj9] Fx. JE AAAE= AFHES
el AEAE AP (Projection)dH, e AlEAE= Softmax T4
SHsto] Fetol 19 F9 7IA WEHE HEHY. F9 7153
o2 st A2 Folka, AAtE AEA HEHES o
=

o,
0 1

ZE 1%
o,

=9

ol

Now  what about the language

9
—|—l
:L
_La
rlr
A
1%
1%
o,

19 9 wol A% dady 72 w s
A HAE AAxo] SAY WolES St oz QY HWHE

UIYHES sk

fllo

Then are my <eos>
— e
<go> Then are sensation
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fin
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o2
ftlo
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o
el
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Sl
YEEES B9 ohe Dol ASRES SEk dvloN &8 AFY
o]

s
ol
ful
> U
fink
rlr
P
N
)
o
f
o
1%
it
i)
[> o
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=
ol
E
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il
=
Hrt
lu
=2

tzee 942 dFHe A8y ISt dIEH9 fd=o=
ABAY AZE 7H7le B0l F71EdY. HEH S Eies &
@A o] AFAE dSEst= 90 B3P (Language model)ol™ T
B3 ALY Eole AEAY £& 7HE71E EE0] F71EA

A 2 4 dele et AN @ o A

2.1 glojgAl

daeo Wy EA 239 S42 98 tedt 2L dolHAe

A&t

1. Amazon review. Amazon review H|°|E|Al(He & McAuley,
2016)2 1996 ¥ 5 ¥olA 2014 ¥ 7 ¥ 7tAX9 Amazon 9
AF AR5 8% dolgoltt. AA dlojHe & 1 o 4 At
A9 FGRE EZdota k. E AFo|A= Amazon review

dolEAl % @stel TV o gt 23 170 T A Argslet.

2. WikiText-103 ©loJEJAl.  WikiText-103 d|o]€lAl(Merity,
Xiong, Bradbury, & Socher, 2016)2 97]¥t]ol9] Good,

Featured EAE 43 dHojgAlolty, B  AIoAs
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WikiText-103 dlolelfleld goz 788 7 2
shio BME B3 23L 5ot

o

919] dojgAler d&E wFS Frishr] YA thed e
dolg e &8sttt

1. IMDB. IMDb %3 #H ©lo|HA(Maas et al, 2011)<
IMDb oA 43" 100,000 7H9] F3} HR=Z FAH=o] Urt
o HolHAlL HA HolEo] E£Ast= 25,000 7H T&H&
tloEg} 25,000 719 HIAE Ho|HE F/d=o] glon HAE
5ol AMEE 4 A& BAE FolEol gl 50,000 7Y
golg7t F7HHos metEo] ik k58 TloE et HAE
dole= Z+ZF 12,500 719 3HA ZHe ¥HF HRE
TFA=ol Jom 34 Rt I3t BHol 64 o]l FRolH

244 Rt 93t §aol 57 olshal Holtk

2. MR. Movie Review H|o|E]Al(Pang & Lee, 2005)2 Rotten

Tomatoes 94 38 ©d £4 #HZ FAE dolgAlo|H

3. MR-2k. Movie Review 2k H|°o]E|Al(Pang & Lee, 2004)<
IMDb 9 rec.arts.movies.reviews 215 OF70o|BEoA|
A4 dojgAloltt. Z+zF 1000 7H9 34 #HS} 74 fRE
T e

4. SST. SST(Socher, Perelygin, Wu, et al., 2013)+= MR
golgAlZ A7Rgste] F5E HolgAeE MR HoEAld
Al FolES Hostal FHoE EFE HoHE AAR

glo|EAlo|H.
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5. CR. Customer Review Ho|HAl(Hu & Liu, 2004)2
Amazon oA £HE AA AFECAE 7HH e, MP3 Ed0]o]
S)oll tigk AR RS A0t 4% HojgAlo|th

6. SUBJ. Subjectivity Hlo]E]Al(Pang & Lee, 2004)2 Rotten
Tomatoes 9 FHoIA 52T BFS FHHYU EFZo=
go]&3slal IMDb F3} &5 QoA &% B AHF9

T2 #o|Este +4% Hlolg Ao,

7. MPQA. MPQA d|o|E|Xl(Wiebe, Wilson, & Cardie, 2005)<
F& AN &S EREER FA4E dlolgAlolth ®A
ZIAIA Z B39l 9ol FARARIA FEAHRIAE EFoH

723 dolgoltt.

8. TREC. TREC(Roth & Li, 2002)2 HoJFo g Ao 3lon
Zy AOJE-E 6 7HA] 7lH|aLE], 2Fol(Abbreviation), 7HAI(Entity),
A (Description), A (Human), A4 (Location),

42](Numeric Value)2 £73t do]gAlo]c},

EBEL] gole # B2 = | B% 2ol | ojme &
Amazon review 1.7M | 267,979,184 158 717K
WikiText-103 1.8M | 81,801,351 45 218K

X 2 1Y 53 T Hol"gAlY B4

ofl
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golEA | ZHA glolg & | B Zo] | oF9
IMDB e 5 (33D 50,000 231 392K
MR e 5 (39D 10,662 21 19K
MR-2k | £F (B3 2,000 787 51K
SST e 25 (39D 9,613 19 16K
CR AE I+ 3,775 19 5,340
SUBJ T /AR 10,000 23 21K
MPQA | A9 I3k 10,606 3 6,246
TREC AR 7 5,952 10 9,592

3 gAE dolgae §4
21 9% 2% 9 29 A

2E bolgHAlS AFEASEE o|% NLTK 3.2.4(Bird, Klein, &
Loper, 20092 ©o] E2S #5319t} E8ol(Stopword) A5
gorov] gubom FHH dolar Tyt

ol
ol

=~

3

d

o] olHg WEH 3 F2 FdS FE3 ARHY FLol= 512
A4 768 A4S "ol UHFE ARESIRCoH wEhA HAE
A@xe] WE O I7] TS 512 Y 32 768 o] Heh T
T2 HdS AM8ske A9 B4 Hushy] 98 @& AR Feet

Hae AR B9-E YA SEste] 298 W st AT

el

AeFA A3%s 28 d=2H9 BRole Kim (2014)°14 <
Zol oI  Z7Y  AdE A= AEFA  FoloE
Z3(Concatenation)sk= WAl ARgsFTh AG9 =77t &=
42 451 sl Ad 2717 1, 2, 3 AEFA Folods
Aot 452 27171 Kim (2014)9141€F 2ol Ad 2717} 3, 4, 5
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ARRA dololg APHE 498 wwstdth. Ad 277 52 B
A2 dolol: A8 A% =R wamslgdrh A A9 ABRA
ololg AYsH Aol A7te] ABEAH dolele] A (Channe)
e 25602 Agstgom WA ARRA dololE AgI:

deole 7682 AAEHAT. WA FHF HEH E¥9 A7+ 7682
oot E3 A Hdigt 293 A FE E9e & 499
Q.

i

_);l_!l
o,
(i
R
El
QL
N
o
:cu’l‘_'.
N,
19,
by
=
)
ﬂﬂﬂ JR

ARSH AW} A7) 79 AAUES BT AT Aol
A9 27] 59 ABTAH dAolold AUt BY FgoR AU~
Zol9 Zas 484 2719 Ft ol WAL FFES B

Al ot EYS F8% EP HEokA g2 BPe oty
vl wstHet. E3 E Ado] dis) Az o 9 A E FHEshe
e mE 2 AE Abcke B9E "asigd. AEFA
glojojo] Ad I7|E 7680l Fo JEAE AASH] A
AHEEE A M A Fh9 7= FUsH 7680] 3t

A oS FEFA AFTE % 7Y FHol =& Hertl

A= 3loZel A3yt U EJrHH. T. Le, Cerisara, & Denis
2017). & AN HAEFA &9

Fol fOuE FFL WAH gt A WAL e
AR TS ATHE B8 A9olE B39 LA Holo]
Agagc. AERA dolods BT wx AFse ALdge
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A3t st (Activation function)®+= ReLUE ARESHSTH

gl A% fad: do] SR Aoz €y UYL
WS A9 AT @A AdEolE B48 F42 B8 FEHA.

(o}

i
<

AF fIoe F7HH02 B3 MEFH(Negative sampling) 5=

7438 4 lti(Mikolov, Chen, Corrado, & Dean, 2013).

O

oft

=

<8 AFT Qo] Xy fITEE @ RNN AS AMSE %8
X173 FololE AHEStolth HAES AQAQ] ou]et WA Pu=
HAE QHg #Eo| gtdHErty /HYstER AT AAE g5
A% LSTM 59 2¥2 ZQsHA Asdth E3 LSTM 59 23S
AL BS &8 AFgo] AAR HAES Wz PHE o]F Y

Qouru g sk& IAA HAE AHY HET}

WS FJHE At AS AT AP EF EARTE tanhE
&S 239 A A7) 300 <% A73Wo] AHEENeH &3 AT
dgo2= 7] 1009 PHF oozt AMEET ER &3
3o d8xt 92AE Qdg HEE APste] o ©ol9 FES
dSste A4S 1486l Wad GPU Wz ¥ 457 A
g3 ALEWA(Adaptive  Softmax)E  AHESIATH  FH3H

AZEWMA  HX|(Threshold)= (5000, 10000, 20000)2.=

Agsiact. F7HHo 2 A4 9AIH(Truncated backpropagation)©]
g&Eon wEee gXo wet A AJFA9 ol 32 &2

2YL PyTorch 0.2.0.postd(Abadi et al., 2016)& FAEHoH
5l1t9] NVIDIA GeForce GTX 1080 13|¥ 7ltoA 4-3= Qi)
9ol FAIlJE= Adam(Kingma & Ba, 2015)2 AREsIglow
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AL

j /= Sh5E8(Learning rate) 0.0003, B; =098, =
0999,e=1e—8 22 X ALYt &3 AAY fIGES ARG
A% IHYAEE AA| IHYAES kEo] 10 49X ¢=F

Adam9]

2P EAHClip by global norm)(Pascanu, Mikolov, & Bengio,
2013).

= BE7]2%F scikit-learn
0.19.9] SVM F&dZ& AEstEen stolmmetvly C: 0.012
A= At

NS 84 scikit-learn®] t-SNE(t-distributed Stochastic
Neighborhood Embedding)(Maaten & Hinton, 2008) *+@3} umap-
learn® UMAP Fd< ARSI t-SNEQ &k (Perplexity)=
3022 AFI}ACH HE(MetrioZes IARI AYE ARSI
AAse g5E QFHE IMDB HAE HolHE AI3YE o

3000708 A=Ysto] t-SNE 32 UMAPS 53 230 d#Hg3h
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A 4% A A%

A 14 dole M) ek Ho| she At

)
(¢}

i

E 19: d5S oA AQIGER gHgdE Ed dE
sto] Z+E Aol BF A9 5A1Z1 SVMO] sl HIAE HojgZ

A% (Accuracy)E £33 27t veRY ot

il
1
o
fru

=
=

flo

Z HAE HoJgoA S5HH HF 71&0] Abel SARH
AFE HAFYH. E9] Amazon review HO|H| Ujs] g<5H
2YE2 9% 2R @9 HolH(IMDB, MR, MR-2k, SST)A &
U2 Zi3E HAFUr ®3 CRI SUBJE= AmazonoA 3™

Hal= A3} Rotten Tomatoes, IMDbolA +HH R =&
aokolgl= EXAo] 9J7] W&ol Amazon review©] S5E 20|
Aolx7] golFct AZErHRadford, Jozefowicz, & Sutskever,
2017).

oflt

WP WikiText-103°] s shs5¥ 232 IMDB, MR, MR-2k,
SST 9 dloJglo] thdjA= Amazon review TH[OJEO] Th5H
BYSo) vs U2 Fee BAFA EFoh. 22y MPQASE TRECH
2ol g3t ZH7E obd w4 VA &2 AE SoE FAE HolHAd
tsiA= Amazon review THIOJEo] s S5t ZPo] |
TFABIAY &2 B U2 F5g HAFUH
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MR-

ny IMDB MR ok SST CR SUB] MPQA TREC
SVM-uni 87.0 76.2 86.3 - 79.9 90.8 86.1 -
NBSVM-bi 91.2 79.4 89.5 83.1 81.8 93.2 86.3 -
word2vec - 77.7 - 79.7 79.8 90.9 88.3 83.6
GloVe - 787 - 798 785 91.6 87.6 8306
Paragraph Vector - 61.5 - - 68.6 76.4 78.1 55.8
Paragraph Vector (DBOW) - 60.2 - - 66.9 76.3 70.7 59.4
SDAE - 74.6 - - 78.0 90.8 86.9 78.4
Skip-Thought - 76.5 - 82.0 80.1 93.6 87.1 92.2
FastSent - 708 - - 784 887 806 768
CaptionRep (bow) - 61.9 - - 69.3 77.4 70.8 72.2
DictRep (bow) - 76.7 - - 78.7 90.7 87.2 81.0
NMT En-to-Fr - 64.7 - - 70.1 84.9 81.5 82.8
At B - To] A7 HiH

SEREE 9.7 776 885 808 780 910 80.1 834

39



AEFA (A4 271 3, 4, 5) 89.0 763 881 802 774 90.0 80.0 828
F9] + EZ &9 71EA 89.7 760 882 792 765 889 780  76.0
AHd HF + WikiText-103 82.1 705 79.7 733 757 88,6 823 848
At BY - &3 4747 o] 2y tzr

AHd Fo 90.3 78.4 889 834 800 90.1 83.5 85.0
AEFA AE 37 3, 4, 5) 893 758 872 780 752 857 817 76.8
ZF9] + EZ &9 7534 88.8 76.1 872 789 764 843 75.0

# 4 H2E dolgd] tig 45 M. SVM-uni ¥ NBSVM-bi & 2z dlojelAlo]] tigt A =385 (Supervised
Learning) Z¥o|H Wang & Manning (2012)9] A3E wWE. word2vec (Mikolov, Sutskever, et al., 2013)Z}
GloVe (Pennington, Socher, & Manning, 2014)= Toronto Book Corpus (Zhu et al., 2015)°] th3sjl
859 (Conneau et al., 2017). FastSent (Hill et al., 2016), Skip-Thought (Kiros et al., 2015), SDAE (Hill et al.,
2016), FastSent (Hill et al., 2016), CaptionRep (Chen et al., 2015), DictRep (Hill, Cho, Korhonen, & Bengio,
20159 2= Hill et al. (2016)9 Z2FHE w5 AHF B + WikiText-103 & A< Add IS
Amazon review HOJE|AlS] His] Sh5E. AME BP0 sidsh= @ § M =2 &2 FA4 EAEHACH A
2y FoAM 7 =2 @2 BE EAE.
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YA dug BRRT U AL Ushix ot Ay 29

olgo] Halie ABeA
3k 1 gto] golejo]

s ABRH ARG mge] uXx R 45e Holxg

Zo]7} 15821 Amazon review©] W S5H F9 7IEXE°] HH
Zo] 391 TRECLE Hol=gle u EA7l HYe ZAolzta A=
AEFA AFET 19 E52 2F3N 2y disi Z@Ho| F7ket
Folut 2@ I7PF FYuE e FHLE oA A= &2

o7 ®olrh

L

Usd 299 Tzo] w2 Aol A vehlx FAw JHY
B AFHE A8Y Aol: &8 AFY o] =y fzet,
ALEH AR ATEE A48T AL dol A% fIHA o

e sl yedth ok qmde fzd my Ao

gow myol 7% WHd ddl Ueht: 4% wske Ant

41



oy IMDB
A9 Adigk &9 (A2 271 3, 4, 5) 85.7
A B &9 (A€ 271 3,4, 5) 89.0
dd AEFA Folo] HE 271 5) 89.2
ZAEFA Folol (314 371 1, 2, 3) 89.0

ny IMDB
Z9] + A4 oY 71EA 88.5
29 + A 99 AEA + Ak B9 (39 27 4) 89.0
9] + EZ o9 715X 89.3

E 6 A7] F9 HAYZES AHES JIZH 9 Wy gt IMDB &
36 W3k

oXx,

A7) Fe WAUZES BEIE AL 2 Ao SHUAE:
qgrort Ad @9 7HEAE AL Qo) v} £2 a9 52
435t Aol H e 45e melF

RGBS AT gt AP Aol 2 Holst et
qorth. AU B3I =2 99 AFAL AP A Fe

A2AHE AL DT 9 o L B4 ety 424 & At
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n-13 -1 2 A A
effects_are 0.36 the_cast_are 0.32
cast_are 0.36 are_supposed 0.32
film film_are 0.34 special_effects_are 0.32
scenes_are 0.33 are_supposed_to 0.32
the_film_are 0.33 movie_are 0.32
of_the_film 0.47 and_the_film 0.38
the_film_is 0.47 the_film_was 0.36
the_film in_the_film 0.45 ds_the_film 0.33
not 0.40 the_film_and 0.32
to_the_film 0.38 the_film_he 0.30
the_film 0.47 minutes_of_the 0.26
the_film_he 0.29 Tlook_of_the 0.25
of_the_film the_film_we 0.28 Tlook_of 0.25
the_film_when 0.27 the_film_the 0.23
the_film_are 0.26 of_the_season 0.23
film_there 0.44 the_end_there 0.42
the_film_there 0.44 of_course_there 0.41
good though_there 0.42 think_there 0.41
course_there 0.42 even_though_there 0.41
the_end_there 0.42 film_there_are 0.40
a_good_movie 0.66 good_movie_i 0.50
very_good_movie 0.65 really_good_movie 0.50
good_movie pretty_good_movie 0.55 good_movie_with 0.46
good_movie_and 0.51 good_movie_for 0.46
good_movie_i 0.50 good_movie_it 0.43
good_movie 0.66 good_movie_to 0.39
good_movie_the 0.47 good_movie_and 0.38
a_good_movie good_movie_that 0.45 pretty_good_movie 0.37
good_movie_it 0.44 good_movie_with 0.37
good_movie_but 0.41 very_good_movie 0.37
each_season 0.41 final_season 0.36
bad second_season 0.37 the_whole_season 0.36
next_season 0.37 season_but 0.36
4
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first_season 0.36 the_next_season 0.35

season_so 0.36 entire_season 0.35
a_bad_movie 0.93 a_bad 0.41
bad_movie_but 0.74 1din_a_bad 0.33
bad_movie is_a_bad 0.45 such_a_bad 0.31
it_a_bad 0.42 be_a_bad 0.28
was_a_bad 0.42 with_a_bad 0.26
bad_movie 0.93 1dt_a_bad 0.41
bad_movie_but 0.81 not_a_bad 0.40
a_bad_movie a_bad 0.57 such_a_bad 0.39
was_a_bad 0.55 1in_a_bad 0.38
is_a_bad 0.54 with_a_bad 0.38
# 7 Z n-O8 9 n-T93 IA] FAETF I8

dHg Bt AZHE AR S FHHEA fFUIE DolSel Wik
AdHlg 8 ofyzt Hio] gy}t Edto|ligo] it d¥|FdE skEEA
g oA d5E n-I% d¥PY ouE EAHS ATET] A6
A3 n-I17} FAR! FAHE(Cosine similarity)7F 7F3 =2 n-13
dHFol siFote HolES FEF AU ®E 7 o uEY ok
UMY Be A" Yol EIEHA F2 n-IHIAE
TAEZE =A4 UEhd A97F Hol= HhdE o] Iy Edto]1f 9
3% AAe vpoladlyt Ezto]ddo] 29tEI FHE J|sE She
ARAF 5ol HWIRE n-IHENA FAETE =A UEEt o=
vio] 19yt Efo]afolA [y Hls| ©olo om|7t At
HA7l f&Eoly A4d 4 Aok & S°1 good °lF= Hol=
Amazon review HOlEZt= SA4S 1LIstHIE ot oA

AHE Zojgtr e+ Ao IFU good_movie F

—
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a_good_movie = n-1¥S 1HE ‘2L FV & 7HEIE HAow

ouy} FANET wet ‘L gsEs dus = p-0Y

ARARE0] HSkeE ©olE0] 2 FANEZE UEWHA "ty A4 4
AUrt. ol= Holad % EO|API {FAETE w2 n-I1¥ Fol
FUIH doj7t A9 x3EA gUths HoAE 58 + Utk &
good_movie = good ©oJgt= ©ol7l dutygor Zh= ‘F2'olE:=
oulE EFstr YA movie F= HO|E A3 FUHHLE F2
det e AulE ZA HA7IOl good e FUIHERS FANETL

ozl Zolety A4 4 k.
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T T T T T T T T T
o 2500 5000 7500 10000 12500 15000 17500 20000

a9 14 FEFA A3 AZHE &9 shad 9ol dHdg W=

B3 o] T It ok ©ol9 dHidY SA disiMx
Zolg Bt dHYg Bt JAIHE AT 9ol GloVe?t 22
ool gl 2P SoIA Uehe A3 Zo] &oj9 HixT) IS
golo] sigste d¥ld HEY {FEHUE X:ENorm)°] F7FcheE
FAM7F @A 5] FEHAHPennington et al., 2014). AEFA AAT
JIYE ARG Aok ©oje] Hik7l F7iste] me} kFo] AR=
BFol Y= AT 1 Arrt dWYd Hd JAIHE ARG

ol Hlef ot Bgs HolEoh

b

i

AEFA ABEY Ad 2717 d¥dge EA40 vA= I3
A7) sl Ad 2717 3, 4, 52 ARE AATAAN B4
PR AL 27171 1, 2, 32= AFE AFTNA BEE AT
HEshs 2gS AASAT. Ad A7) 3, 4, 59 AFTeE B4
AHgS 4 Holgz st Ad I717F 1, 2, 3% AFTeA 8"
YHPE 95 dHlojEz ARESt 24 #Holo7t gl A% AB™E
ShEoldth. olF dgE AAFYoE dHdE WEsie] IMDB E&

o

ok
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AEFA (A9 3,4,5 89.02
ALEFHA ALE 1,2,3) 88.99
Ly £4 (5 o3 0.740
L, £4 (@5 o9 0.067

Hoke AdWgdeol H&L  88.16

8 Ad A7t b FAEFA AZTNA BHE Ad¥d Atol9

1o =
F AT ol A A7t 9E AdTeE stad EJ0M BEE
Sk

duigdol NZ AFH FAE 2 Ak 23T 4 Ak
n-1% IMDB
41 88.70
Hpo] 15 87.08
Ecto] 1 80.94
UL + Hpo] 1 90.00
U3 + Egto|ad 90.40
ylo|713 + Ezlo|13 87.58

SYas + vlo]19 + Eo]la®  90.71

B 9 AT n-I9 AHFo E Fg= ¥t
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Yy BF AFEE A5E dMdel AE R SHL
245 98 g4E GMFld 53 n-ade AR YMgom
BYS GAE duPoR I BRIl 45 23T FWt E

ool heh} 9let.

51



A5 =9

2% e dolesle] s AtE AP BEe A8
AIHE 23 AFF dol 2P tztig 2FAAL W HEAAE

A HY 23 fG) = wixol del duge
gt 39 f(35x)= wiGEx) =iw'y oJEE 7 Tholo)
QY AFAY Hele] WA win g AYATE ol A7 YU
Ay mYa A A9 Zol NHY Aoz mYY AN

QAT + Aok ol HAEAQ FHor 1% AHErF gast Fe

714 ¥ 59 FA NN £2 ZAE 47 oA =2 29
xdgo] g4HEg= AZ AHsHHWu et al, 2016) £2 dHFZ
a7 At FA A APl JHUOoR £2 52 FEY 4 gloH

/M4 E@o] A%l wEA £8o] HA 9 4 ke AL
e AR AT 45 ok Tt 74 99 59 AAeIAE
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Aoz FEs osd 2WAd 54 5 UGSt e i
A £gol HA] & 4 ek Fol7t EATE o]F B3| HAE

Pelge] & Szo mAo] RTEAL PeThy AT 4 YUt
ol HAE 4 RO 2L HAd] Ze AFTo] Aol olde
FA) ghths AONE AT 4 Yk SHOITHH. T. Le et al,

2017).

AY 27171 3, 4, 59 AR AFYL FARH oz Eetol 1AL
gol 413, 5-IgelA Wk BAS BAY 4 Ik 2} 2
AFNHE A 2717 1, 2, 3 AREA AFG] el AW 2717}
7kl SR mERS 2t ARFH AFYIH SoME Ak
gl WATA goith o e AY A} tE £ oARSA
NRgoE PYR UMY Aold 43 WL 2 Auel &4 ¢

a4 AT AoIH BT 4 Aok ok A 59 Am

Ertol1@e &5t St o=@ o5 BACIH Edtol1de U
4-3%, 5-298 AU ARt feluF FoHY JRE AFHAL £
% et

YAE Ego] AgHE ARTH AP FolE £ AY

izt £9Yo] AFREHoIYTHKim, 2014; H. T. Le et al., 2017). 234
2 JIoME AU EYEG FF o] o Y2 45 HAFA
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ol AETH AFYe Aoz A BY wole] g0 HgHo]

EAE FA Foto] el 2AH GES Holk Uhrx BgEo]
A BAZ 7bssl wEolt ot tadt Fgoz 74
£4% E449 24 shtmos FASIE odt: A4e

SeFE Aoletn & 4 et

A7) F9 HAYES S5l &4 B2 W8l 7HAE Tt A2
F7H Q] 29 Algshe ¥l (Lin et al, 2017). Iy
£ a9 Adolde Fo 7AT 2 A3 olHE RAFA &St

P B JAZHNA e dHEY 2F 52 AHESS 1 ol

9o Ze AW AW wgoz B e dAE Jud myol

-1, 3 wed AP dol Aole] BAE Yol AT Wold
ol Alole] BAS EAY 4 JES 4AE AnH: AL o
e 2AUL M 4 Utk AR Dold wol Aolo] TS Wgsk
AL B9 A7 2o WAUES B9 sbsste A4 wdd ge
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A MM agol dSHAL(Vaswani et al,, 2017). T HA
WHE AAE ol F714 S4S WFske Ao Rt £ A
A FANM H=EA "agt AR A& A7 A 74
R 22 H2Eq did Ak g HPoME A2 HEFA
AFEE A8t HAE Higt #8485 et 3ol IR g2
230 Hsl 464 olHE BoFA XTI dvhd v R A4
Rt 22 HAC ARESHA 2 92E A¥Y EFoIA n-IH
dolAe w29 #8848 8= A4t B ofEt ol # 9 9
et e 9¥d Be JAEZHAA n-IS EASHAY AT
=9 ZHoME= HHezr 5T & o FUIH Do
FEAAE 25 g0l T 49 &9 FR7 HFE] o=
A< TEE + Yok Holad 2 Efto|aso] Agd oigt
F7H] AHEE 23 Ul ST syl wioladF
Egto]To] F7tEUe W] A wsket vo| 13 Efto]IY BF
F7HE S e AHs WeE S viol1dd Edto]ddo]l M=
+ARE AEE 23 Qlnte A ER Rl 4 Uk S Ho] oA
Egto]afor oo} sht wEe 24 ArIL UM BRelE 1
oguA #AO| s F7HHQA FRE A ATSHA Zith= Aol
ol ® 10 oM dehd ZAANH wo|ldI Eo]dHZ AR
5 232 EotiE 1Y 454 S4AE RARE S0l

3
B9 37189 n-I99 Byl § we AnE AFI:
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n-1% IMDB

PORE 88.61
Y%y + vto]1¥y 91.56
Sy + vlo]1¥ + Egto]13]  91.87

H# 10 n-I15 EHY ARG mE SVM 9 As ¥3t FYIHA
Hol 1S F7KE ARl Hls EfolagE MR AR AHs
W35l Atk Zo] Yyehdth (Mesnil, Mikolov, Ranzato, & Bengio,
2014)

T3 Amsel RFAS 8T AV PAAE 1 mEL

883 4 9= tFda A4y "asidy & 4 ok AY A7t
A

H92E J¥g 2P {842 FolE fle dRe HXEES
StEst] o2 Aol AE IA|, 53] HolEd ulolg 9 471 3laet
A HEE + dve Aol . I3 15914 uEd A3 ol
gol&o] = HolH7E it Aol A”dA AHE HAA Hse
FEAZI7I Asl A8E & Aot FAll "ol d¥3gY adgdy
Fee o d¥idol sked  ZEA(Corpus)?l &7 A
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2% o gmel, 1y Folo] g Holgrrt
BolshA FRe 4 9 o2 Y dolHE B8 B H52
A 4 At EF GAE QHPL HolE Yk HolHA FE3]
ge AgdE 2R mad A% A 99 48" 4

Itk (Mesnil et al., 2014).

p85 4 —+ Embedding
tf-idf

080 1

055 4

3% 15 £49) o whe getzo] Wsk 22} 10 A, 50 7, 100 7,
5000 74, 1,000 79} EAo] 3} SH&EAT AMPe] FUTH S0
SU% 20,000 A9 FUIAES AgHFeH HL L7 EA
QAL A5e ALAZV dol1d @ Edtolade A§EA

ke,

ek

SAlOl aAEQl Aol g2 HAdiME EeXY 548 1Y
g7 QltiRadford et al.,, 2017). o= 984,846,35771%] EZ
Z3gslal 1+ Toronto Book Corpus® Hl8 10% (WikiText-103)°) A
30% (Amazon review) 9 EZZ 7 Ho|HA X Word2vecdt

SoHAY & © U2 A5 HAE & U%TE= HolN HFE £
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AUk & J3 AR BF T BA] disiM Eok fARE EeA
25 dHojg SoE ShgH HYPo] FE 44 59 "HAEES Xl
T E8AEY adFo|drE Aot ol EY n-I1o &89
Aol A HBANA YU F7HH FRE ATTHe AS
golsk=  Aol7Zl= k. Word2vec®t | 2 ©&
T%3d(Cooccurrence)o] 7]EIsF tho] QHY RFPESL duixoz
tholel ool HioJolE AR FAFSHA AHgsh= H o]
o9} whoj9] Htoloj7t ME JARE WA EASh= Aol &7
Fo|ti(Nguyen, Walde, & Vu, 2016). & 2’1 Y2 A&
FAE WEolA yEbd 4 Q7] miEe] AR fAETE 2 9
#EOE SIGEA drt. FYUIHE dolAd n-TH9 A2 # 7994
Uetux ol oujg B FA|3lsto o]t ZAIE siaT 4 AUk

<

)
+
o,
I

A B8 HEEE «¥ A4Ye ATHE BEHE AL S
AL AESA doth EF A5E MYl FAHOR A 4

g2 383 28Y 4 Uk FHY tubel 24 P
g AFHA gAe s £F 2HF Ju)rt n-219
o] vk QUEF WolE Aolol e WA AL ohd Az Folx
TGS i B AT

) s
Add QFEe fIE RFozE oFHI FAHA 2A4H 2ul9
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UEE 7252 gAStgon @St 34 Fet fold el
A

wol guigel Bd 1o AEF &¥ A5Y o] Y fuhg

Mol mzpdolets Ao uehgth ol wol A% mgo] @
Aol Azl HAANA Aol Aol AAEE HrEg wWeH
ARt 4T BE £AE B glo] dasd] 5% dol5e] 97

sl 9leg Adeit Ee 9ud B ot n-1d 59
28 Zse] dolgol olgk zAA ouE weUAR

anFog B 4 Qlok(Pagliardini et al., 2017).

AEFA AATY A2 9 dWige BIwEe adde

&2 Eftolade do 4-T3, 5-I%olA TSk ol =43
vl )

}
-
|



o]F <JFoAE Aot ZLE AJEA Holg Ao 4
AHEEE 8 AAFEE AIHE ARESHE WUekE 39E #
A tiMikolov, Karafiat, Burget, Cernocky, & Khudanpur, 2010).
Iy AEFA ABEY A A7t AASH: AAE dole 244
qulE Wtgdshy] M= w2 $9 HIYo| IQT 4+ gloH
EAEQ HubA ou|E HtgE 4= Qlojof & Zojit. o= LSTM 59
A BAE St fsl AAE <8 A8We BeolE oz
AL 4 IHLin et al., 2017).

ool Qo] EAES QUPolE FIFHol AL THHE T
dolo] ofujg wilshs A Wt ohjet dAE Quge] A8
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EG gold 24% PxM ou@ Yoz HAEl Wy
AR7t FAHLNE SPe AL diE dMPT Ade] A
A% FaF AT WAy T 4 Ik 4-2F, 5-29 59 3% n-
a2 B3 wold 243 gug FEI WIT 5 YA, E:
GAE Yo N2 thE 9179 dolso o] FAsHE oJulst Aol
Ael AN oI GASE Zo] ulde] AF Wyl I 4
e Aol B APodE Ao n-IlA BASE ofn)d

= ) Aol 183t FHE E3
M4 4% U5 4 gddod, A wAS ARHoR
MGT 4+ 9t 23 A 39 RIHE FHY oFe AL
S Qo ot Amd =3 Aokt WA AwEE sk

g

FONA AHEEE HEE B9 S40] 4]l Aoz F4dEn.

b gAEY BE 244 ong &MY 4 Yk ATHES
S5a7] SEIAE Tee d2de Bdde B8Y 4 Uk tIdS
A Ao| "astch WA ojgh gL U9 7xE BASE

A F8% A+ FAZE 2 Holt Ao

THENS W AFEE7E HAEoAN HFEI ou 9 Wig HYHES
FEOEE S5 5 A, 2 Ao 1Y 0|99 tFHI 9AE
dH|Fo] HESHA AME & A=AE AT et Aok &R
HAE QHd Ao FET dIite A8Fe= de AEHIL e
AFE-tIE XA BHAR] HIAHE AAst= Ao =20 2 ¢
9]& Aotk (Cho, van Merrienboer, et al., 2014).
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Abstract

On Text Embedding Model Using
Word Embeddings

Kim Seonghyeon
Digital Contents and Information Studies

The Graduate School

Seoul National University

Sentence or paragraph embedding, which is a method of
converting variable-length text into a vector representing
contextual information of a text, is a method which is used in
various machine learning systems such as text classification
problems like emotional analysis, text similarity measurement,
clustering, and visualizations. And text embedding is used as a

basic feature extraction method for performing various tasks
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requires vectors to be have predefined dimensions as an input.

The Bag-of-Words model, which has been widely used for the
vector representation of existing texts, is simple and effective, but
the size of the dimension increases in proportional to the number
of words and it is difficult to utilize unlabeled text data. To
overcome these limitations, the models like Paragraph Vector that
utilizes distributed representation of the texts proposed. But it has
a limitation that it requires an estimation process in which an
existing model should be retrained to learn and generate a vector
representation of new data. The Skip-Thought Vectors model,
which learns encoders that generate vector representations of
sentences using sentence-to-sentence relations based on
Sequence-to-Sequence model. It has a disadvantage that it utilizes
inter-sentential relationships of sentences so it is difficult to apply
immediately to a paragraph level where it is difficult to establish a
mutual relationships and requires a lot of operation resources to

generate text embedding.

In this study, we propose a model that generates text embedding
through sum of word embedding considering the problem of
transfer learning, the computation amount required for embedding
generation, and the ease of variable length text processing. Unlike
traditional word embedding using Unigram, our model improves
text embedding by using n-grams such as Bigram and Trigram. In
addition, it is compared with the model using the convolutional

neural network, and it is examined that it can show good
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performance characteristics without introduction of additional

structure such as convolutional neural network.

This study presents a simple method for generating a vector
representation of a sentence or paragraph, while analyzing the
characteristics of n - gram word embedding, which is learned
incidentally. The effectiveness of the simple combination of word-
embedding and analysis of the characteristics of word-embedding
can be used in practical situations where high-speed processing of
text is required, as well as understanding the conditions necessary
to capture the characteristics of text required for natural language

processing tasks.

Keywords : word embedding, paragraph embedding, n-gram,

natural language processing
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