creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

W
TH

i
<]

s

Korean Text Classification via Weak Supervision

2023 1 2 ¥

o
Ho
i

<)

B

A

p——



Korean Text Classification via Weak Supervision

N

A4 F

2022 W 12 ¥

;Oﬁ
Ho
oy

P

+

NR

2022 W 12 ¥

<L
=2

o]

N

0

N

........




SEEEN

FEEst Fe FQd FAoIk olF @S] A% Be mEe A %
et dole] AHR HoleE Bgal BRI (classifie T ST
Fxoltk, webd gole] APE HlolE7t FEG Joe AgL ATk
S5} ghsio] Aele} A HIg dolRd B HolE WS FEFu 7o)
Be maS B3] ofHth et ol A ke deleE nt 47
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dulolER EHEE o]gs] SAE #olE wHA 942 dHolEel tia] AAl Sse
AEst,. B2 Rl 2 A HlolgAls ol &d Adds st Ad¥ BEe

]

B S 7N A ot wEu el AdEe

=

ot

ﬁ

kit

M

L du
|

%

=2

O
O-

Fao giE B, %, dold $7; Selttrain

BH: 2021-24560

ii A -‘F.' ‘.]l ©



i
il

Vi

I B
A 1 A AHE

2> 4 AgaAT

Al

16

B

o7

o

& Al

Al 3

26

3 49 R g

A 4

26

4.1

iii



31

T
il
=K

fy

[N

;OU
L

45

A 5 F 48

47

ry
np

n

52

Abstract

LA

| —

——

o

: ::-..'fr i ]_'l

H

iv



= A - A < I I < T - - - I - -

5]

1.1
3.1
3.2
4.1
4.2
4.3
44
4.5
4.6
4.7
4.8
4.9
4.10
411
412
413
414
4.15

4.16

HAE BHE 93 o] @ 30| HO]E]Al i 2
H =FoA] SHE8F ONN FEl e 20
74 B2 dlo|E Aol A AFE3F S| O] 22
KLUE-TC EJOTE] Al 27
AT-Hub AT 8.9F FOJE] AL e 28
ZH BAL HIOJE A Q OF e 28
218 HOTEJ Al B OF i 29
TOJEJ AL O] Al cerieieieieieieieieieiii s 30
EJOTE] Z7 AT o 31
B B AR ZE 32
S T 33
EDA[26]= 23] Z7FE HIO]E] S A] e 35
Pre-train Epochs®l] W2 WeSTClass[14] =2¢] F1 score (macro/micro) - 36
Supervision source®l] T WeSTClass[14] 522] F1 score (macro/micro)- 39
dlo|EjAlel] e 24l A% Hjnl (F1-MAaCro/MiCTO SCOTE) ++++ssessessessussssssseess 40
WeSTClass[14] FHE Ed] FZE 7195 oAl s 41
X-class[16] B2S B3] FEH 7IYT A o 42
dlole] 27 MPHES 288 o] FI score (MACK0/MiCro) - 5
Aot WPHES- A}8-3 ] A JNAE A 44



o

19

d

19

S N N Y
¢ ¢ o g g g g g g g gl o

N
o

21
2.2
2.3
24
2.5
2.6
2.7
2.8
2.9
3.1
3.2
3.3
3.4
3.5
4.1

4.2

a9 23

Liet al[13] 1772] Seed-guided Topic Model -3 rewssermssremmieeimineininenes
Mekala and Shang[8] 170l A A|ATSHRE BE F-Zms
Meng et al[9] ATNA AAIBRE MOP -5 eerrveevemssssssssssisisssssssssseieennns
Zhang et al.[19] A7ollA AASHRE MATCH HPHE s
Laine and Aila[20] 37l A AAISHS B E o,
Xie et al[21] $17-2] Training ObJECtive: - --rrrrssssmmsserersssssssmnssssnesssssns
Chen et al.[22] A1T-Q] A T,
Tarvainen et al.[24] $1-72] Mean Teacher BT oo,
Wei and Zhou[26] $17-2] ZHA] F7F TE oo,
R S [y o OO
Meng et al.[14] AT7-lA] AAITFE FE G20 e,
Wang et al.[16] A7-ollA] AR ST BBl FF35 e,

il

CNN (Classifier QA - s
=7} d|o|E & o]£3} Classifier Selftrain T eeeeevereieniieinieiieiiisie
Pre-train Epochsol] ™2 WeSTClass[14] = 22] F1-macro Score -+

HloJE] =7} HPHES AL 8 RO Flinacro SCore e

. ) i3 =7 =
V1 -"x.'|'1__l|'-'_



A 1A A

H2E 5 7|92 Li et al (2022)[4]l ©Jshd A #AlEd 7]ukt |
IRk ® HEE ¢ Ak WA wAlYYd 79k 7]H2 Naive Bayes (NB), K-
Nearest Neighbor (KNN), Support Vector Machine (SVM), Random Forest (RF)
=9 AEZHO HMolt}l theozm dyyd 7]Wk 7]Ho|E= Recurrent Neural
Network (RNN), Convolutional Neural Network (CNN), Transformers, BERTY
GPT%} 22 Pre-trained 910 298 &-831= WH So] St}

710 W2 WS A% 85 (Supervised) 7|REO.Z #olEo] X|7dH 4]
StE Hlele7h Zasit webs dolEe] A E HelErp ¥ g
Fga717F ol ARl stk olE siEsh] fs £A= WA (
supervised) 0|t} SFA|%E WFA (Weakly-supervised)d] HAE  EF{ 7HEC]
ATEHIL vk F#AE "H2AE e dolEo]l A FE ol (labeled
ool AAEA 2% HolH (unlabeled)E A &8sl Aoty A=

YiE Ee dolEd HA &2 Holgutks o8k otk

K
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doleidlo] RStk £AdE & Utk =0 HAE EFE f& 7=
AFEEE dolEAS Aved a/EF BRE 93 KLUE Benchmark|5]<}
A4 EAS 918 NSMC (Naver Sentiment Movie Corpus)[6], Hlo|¥ 23

HolE A7) 5ol Atk obefle] & 110 F= AREHE oS Atk

olF &3l JoJHET} HolEAle FE A& W ol tlo]EAle] AV|E HE
A gk A gQlgd = Ak
I LL HAE 275 9% o] & gho] dloje Al
T g ] g0
EY Be AG NEWS (127,600) KLUE-TC (63,823)
DBPedia (630,000)
20News (18,846)
7 BA IMDB (50,000) NSMC (200,000)
Yelp (6,990,280) vlol £33 (200,000)
Amazon (4,000,000)

* glo]E A o5 (HlelE A =71)

oY @o] HrE B
glolE o] $5a Agolt). 5
HolE e AME  AAW o= ulgF Azl @o] AfHE Aglelth
ol Be Qelo] NQal] A s BRI} =olE Fal o) Dol dja] ol
wjgalof 87] WiEolt), W dolie] WA e HolHAL YiE EFI}
Feu oo ool A ST £ Ak = o), 5ol e nr)

558 JAAE £HE 5 ol 9iE #
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= HAA <97t 9)
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A2 APAT

A @2 HlelHet F7kR olE olFely Holedt ddd

1) Dataless - 2, 2) B3 Rew 7|6k A2 3) A4 70 Aol
A WHAZ Chang et al. (2008)[10]9] <]3] #IQFE Dataless classification

WikipediaE World knowledge source® &3t} Explicit Semantic Analysis

(ESA)E olg3te] omea aoln dol olFw Folxl TAE B
BAS wHE A4S AR oA oju quEH NS B§

Classifierg  85A1ZITE. Song and Roth (2014)[11]s= Dataless hierarchical
classification= AA| T} o]= Fo]F dHo]EAlI} Ho]ES semantic space®l

gl BAsh A ol el B FARE ANE WHoR

7 mdy 7k Jaye o 71995, AlE ©o] (seed
words) S Z-g3to] HFal= A7)tk Chen et al. (2015)[12]% 7HelaLz] AH wo
(Category ~description words)¥Hs 283 HAEE FR{ste A4 LDA
(Descriptive LDA; DescLDA)E  A|QHITE WA FoiXl Jhe|aeg] AW dolz
AE Aol Aol thek Descriptive Dirichlet priorsS F=3kch 1Uhe-
Category-aware topicsE 3he5olo] wAlol 7He|are] #ol8-S widsiAl Hrt Li et

al. (2016)[13]2] ATolME 2™ 21904 AASHA 318t 4= 9l Seed-guided



m

Topic Model (STM)o] ARFEATE o= o] AF([12)2F FAFSHA o]
ABHA 2 A JEFI JHEaee] ujer dEE A= dolg &8t
Category word probability®} Initial document category distributionsS F73}al

Topic Influences &3l £A12] #lo]E& oSsl= ot

STM
—————————————— }Unlabeled Documents :
I Seed Words : I |
! 1
________ —_ —_ i
WD EEE—D @ ﬁ i
________ = b e e ——a

I
I
I I
WEEEE |
____________ Initial Document Category |
Distribution :

Fe——m e —— T { 7777777
Predicted Labels + | ________¥Y________ ‘

| poponp | Ejgj ...... Ej
1L S i i ot L@

[} 11 [ R 1
___________ I O ) @DEE ,  @EE
== ==as===2 === I
[/ general-topic category-topic seed word

distribution

% 2.1: Liet al[13] 479 Seed-guided Topic Model -3

o g2 A1 AR 7k HHES Neural modelS ©]-€314 U X9
TAE stk sk AT &Folth Tzl FA4 dldl pseudo labelS 23433
o T

A& ShEAE (A, #olE) 7IHESE Neural classifiers eH5Al7]= WA ot}

O

ol AFe] A= ARE ] FEsh= AT ([8], [14], [15)<F HeolE ol
gt AT ([9), [16)= Yol & 5 ATE Meng et al. (2018)[14]> Weakly-
Supervised Text Classification (WeSTClass) X2 AAFch &d 2R
29 semanticsE: E2AH ] AAE pseudo documentsE F3l  Self-training

HFAl 0 2 Neural classifiersS SH5AZItE A% A= A= =58 4= Qris

6 ﬂ 1”:1

1

I
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MM U R R oyt 22 Al TR A= JHE g8t (1) 7
Sz digk 23A 7199, (2) 1270 olske] #HelE® ¥ A TlolH, (3)

S Wredste] 92E E{/E szt g A7 Ak [14)9] AFE st
Meng et al. (2019)[15]> S Fe] HAE igste] ASH o= &R/
WeSHClass 225 AT sld % [14]9 FAH A= QRS &838) 7}
S~e] BXE 7|HES R pseudo documentE A4S Self-train S A0 U
pol e Fela AF Fx29 7 w0l A Local classifiers E@A7]1, 535}
%% Clobal classifier”} 2] WA o2 HF oS AFEHTh= Holuh
Mekala and Shang (2020)[8] 7|& ATA¥ A= dolE &8HA|vH &9

A o} wale AT oA 7E

El)

(context)E Wrdstarx} i APd &
A9} 2Po]lHd S BRIt User-provided seed wordsE ©]-83F0] Text classifiers
FHA]7]+= Contextualized Weak supervision (ConWea)= A|AlgAt). WA BERTS}

22 A skgE o] B4l Contextualized learning 7|'H o2 &-8-3kt}. o] sh
7IHY A= AHE ASIo] Contextualized corpusE 753} T A= doj &
A4 248l Contextualized seed wordsE AJAdsit}. o9} e HHE
ol &3l #olEH A % contextualized Aol 3| pseudo labelS YA}

Text classifiers FHA|Z]A] ®t}h olu Classifir2+ A (F] ASH F2E
312 3H= Hierarchical Attention Networks (HAN)< ©]-8-3Hc}.



User-Provided Seed Words Extended Seed Words Contextualized & Expanded Seed Words Comparative Ranking

Class Seed Words Class Seed Words Class Seed Words
Soccer | soccer. goal, penalty Soceer soccer, goal$0, goal$1, Soccer soceer, goal$0, penalty$1, ...

penalty$0, penaltyS1,

Law law, judge, court$1,

Law law, judge. court
Law law, judge, court$0, court$1 penalty$0, ...
1 — e-
Raw Docs Contextualized Docs g G
- - Messi scored the penalty$1! ...
Messi scored the penalty! .. Messi scored the penalty$1! .. Tudge passed the order of ..
Judge pass.:d the order of ... Judge passed.the order of ... E> The court$1 issued a penaltyS0 ..
The court issued a penalty .. The court$1 issued a penalty$0 ... X
Text Classifier Contextualized Docs with Predictions

1% 2.2: Mekala and Shang[8] A7-ollA A8k el GHx

A7) o Yolrb A= ArE Zgax] FE AR WA ATt
AAE AT Meng et al. (2020)[9]2] ATolM= 22 deols oS Z&ato]
dolEo] AAHHA g2 HolHAS &7 LoTClass (Label-Name-Only Text
Classification)©] AAI= AT BERTSF 22 AFA 8hgE o] RHES Category
understanding?} FE 9|3t Feature representation learning R@ = AR&3SiT
WA AR g5%l Masked Language Model (MLM)% glolEo] A=A g
dloJeol A Foxl FlolE olFS WA & e o dSet=s FHAIAA
Zy FY 29 Category vocabularys T-53%Ht;. TR OS2 Masked Category
Prediction (MCP) task@® Contextualized word-level category supervisions AJ/d $Ht}.
02 E3] MCP head’} v}2=% H ol FHH 1 E o232 STHAL

wpAgroz ol FeH wde AA dolg el el Selftrain AW OZA

o



Category 1 Vocabulary: : H Category 2 Vocabulary: - Category 3 Vocabulary: .
po\mcs political, politicians, government... ; ¢ sports, soccer, game, baseball, sport... | . business, trade, commercial, enterprise...

: . Word-Level

: Probable Words (Top 50): . S
MLM + sports, baseball, handball, soccer... Calego[roy ?rg«]ilclmn.
g; e U

BERT Encoder BERT Encoder
(Pre-trained, not fine-tuned, as general knowledge) (Pre-trained, fine-tuned, as classification model)

[cLs] L] us team competition + « < [cLs] e us team competition  « + »
f f

us team sports competition us team sports competition

D Input Tokens O Contextualized Embeddings l:| Neural Netwark Modules

1% 2.3: Meng et al.|]9] ATollA AAISHE MCP 3

Wang et al. (2021)[16] HA] 24 #lo]&2] o]FWhe 283} Extremely weak
supervision 221 X-classE AAIGTE o] AF9|9 oFE AL S} A9
WS et A5 Fdgte Aelvh. WA BERTSE 22 AR gh5d
Qo] g ol Fold dolZm AR WolES /S Clss
representationt% &3} 5‘5@', o] #8839 Document representation%
¥dsla, FH2EHH 7IHS AL pseudo training set= TESCE 0|2 g
pseudo setCZ Classifiers 3¥5A]7]=d], ©] EPoA= BERT classifiers
ApE-k

ol ook e HXRE FA Hely ok At B e 22
HEetdolHE 4 €83 e Y2E FFE stax}t sk ATk EAEL
Zhang et al. (2018)[17]2] 7= WA #HolE & o] wEldolEle} o] FAj7}
2 A 3t ARE At o]E 7Iwke R wojot HEH|oHE B
Eeh g BAS Tl AN F Clsiford SeATIE FRoIT
Mekala et al. (2020)[18]¢lA4] #|FeH= META (Metadata-empowered weakly-

supervised text classification) framework™ 7|E9] A% FF WHEL FARSH

9 -":r'\-\.ﬁ-! _'-«.;:I o -I_-li '_..:ll.i-
¥ el I

L



TZ2E 7T FojR A= wojo] 7]ukste] AAE pseudo labelS 83

Classifiers  SF5A171= Btk oju wHEHHIHE F7F a2 &8sk

XM M=d AT Txot vEtHolHE Adste] oA Ao ¥AE R
2ds et s WHELE 9tk Zhang et el (2021)[19]2] AolM =

wletelolEl e} elo]e] AZ TEE BT S§shs MATCH £54< Aok

A ARE a9 245 FE ST = Aok WA FAI gl FtellA
Tzl Aok wgtelelE o] e AR SHEAIITE o ek dAdd
o'l (Fully-Connected Attention)< ©]-&3 Z=A1¢t wEtdely 1o #AE
EAgT olF A9 wRold Ak oz Ash UE ol&d Fol
glols kel ATS wgstel HF Hols A5e =5 "k
cs, s . s s,
B R L N .. .. S
[cLs] [cLs] - eLs) [eLsy mxﬁf !_ _____________________ I
LA O T @D (E) cmmmmmm b
8205 Py Ty O -y |
& & & & . e i
8 o :llpa-a-ml—mmmm»u:
o N
Of <2390 O30 L &Y &3 |
Q 0 < ©
5

1% 2.4: Zhang et al.[19] ATIA AAS= MATCH W&

2.2 Holg F4S &3 FAE Y2E BF 4+
3}

(Semi-supervised)®] ¥]2E &7 s 7MAdstaLat sk Aol sl v ezt

ey,

10 - A2ty



HA Laine and Aila (2016)[20]%= oJ2] UEY A FE9 s /I a9&
g HEHIAE HEfrazt g Agolth o] 93] v vEA Y
sk vEH A HEES o8 M= UE epochs, GTr3E, UH HolE
7 719149 network-in-training®] outputsE ©|-83s}o] FolE¥ A &
dolgel] tiglk dolE o532 consensusE A= Self-Ensembling WHES
AA .

T 7R 22 AASEY WA II-model> Training inputol]l tfs] F+

JE

N
==

N

Stochastic augmentation?} Dropouts #-83te] F 7o dSFgks S}
Supervised  cross-entropy Lossi™= Labeled inputs?hs  ARE3|A]  AlLbE T
Unsupervised LossZ% T 9|54t AFo]2] Mean squared differences AlAFs)aL,
ol#]gt F Loss® 7F5 d= AlAteth F WAl 2d<] Temporal Ensembling II-
modelZ} €7 o2 UEYTL] H7} outputsE AAE outputs®  FFSH|
webA] epoch & el disl] skx Al H7EE gk WRE 18gktl Unsupervised
Losst= ©|de] VIES I s Botglol o3t ofel 29 25004 F 2]

AT FEE BT 5 9

w(t)
Yi Z """" ¥ cross- v
. > [ »| entro > -
Xi stochastic " network > ropy weighted loss
:: augmentation »| with dropout S squared | sum
Zi difference
Temporal ensembling
w(t)
yi ............................................................................ » Cross- #
x. stochastic .| network Z; entropy |—» weighted loss
[ . . —
augmentation with dropout squared [—* sum
Z; »| difference
\\ =ZI-
1% 2.5: Laine and Aila[20] 7-ollA] A Ao W&

11 ] iﬂ k'_. 1_'_” T



U302 Xie et al (2020)[21]9] <AF-ollA]  #IQFE  Unsupervised Data
Augmentation (UDA)i= Consistency training frameworks 83l T2 A%
gtgolA ARREE dloly 7 MRS AR spoR &g Zlojth
Consistency learning< U|°]E o] noiseE F7lste] 22 W3l FAsteE
atstels Aotk dlld w=wolM= noise F7F thAl aE o] dloly SR
A= Thsstvkal Asditt Al T2 okdlel ad 265 ES SRIE ¢
et dolad ® dlelge} Holed HA &2 dHeolHE M &&sto] g
AePgicy. WA olEd ¥ HolH x & S A5 AA gk Atold]
Supervised cross-entropy Loss (pg(v|x)) & T3t Unsupervised consistency
Losst= &l dHolH x, oF S4%E dely 2 ¢ &% X k9 Aoldl KL

Divergence= T ¥t} Final Losst™ 2] (2.1)*1% F Lossd @&o= A%t}

rr}ginJ(H) =Ey ~p, (%) [_logpg (f* (x)|x1)]

+2AEy,~p ) B2eqein) [CE @5 (v1%2)) 1| po(v12)] (2. 1)

Final Loss

Supervised Unsupervised
I I

Cross-entropy Tc)\-\ ( onsistency Loss

po(y | %)

- Back translation

RandAugment
g

" TE-IDF word
replacement

pe(y | x)

=
-
—
<
=
—

Labeled Data Unlabeled Data

19 2.6: Xie et al.[21] 17-¢] Training Objective

12 . H kl 1_'_” o] TU



upA| B0 2 Chen et al. (2020)[22] #lo]lE® ¥ dlolf, dolEd A &2
71% dolE], % HlolHE 38l MixText EES At ol ©lolg
A4S Qs AEA AAE TMix WHES B dolse] flE dolH

3743t o]gdt TMix WHES Zhang et al. (2017)[23]2] AolA AAlE

i

MixUp WHES "H2E 9oz I3t Zlo|tl. Textual hidden spaceol|A 7+
Bl ~E 9] Hidden representation®] Interpolations %-8-38}o] S7Fght}. MixTexte=
WA Al 7] E79 dolHE &-83l (2.2)¢F #©] Supervised Loss®} Consistency
LossE AxFsith thg-o = #olEo] gl dolele] tha] Confident labelsS
A st=E (23)d XdE AT Entropy minimizations =S}

upx|uto 2 o]5 FE HA Loss function (2.4)= Aol¥t].

Lryix = lEx,xfeXKL(min(y,y’)llp(TMix(x,x'))) (2.2)
— 2
Lmargin - II;:x(EXuTnax (O'V - ”yullz) (2' 3)
Lyixrext = Lrmix T YmLmargin (2.4)
X
L Supervised Loss
{X0, Xop X} Permuted %
—— Consistency Loss
Yu
e xg, — D :
. assifier
X, :’1 Weighted Sh(a,{':)en
Xu,z R —

Classifier Average
(4.2)

a =
Xik Classifier

Classifier Entropy Minimization

1% 2.7: Chen et al.[22] 79 AA| 3

. 2 A &) 8



Tarvainen et al. (2017)[24]2] 170l 4= Mean Teacher ®2-& A3t} o] &=
Laine and Aila (2016)[20]2] Temporal Ensembling RS 714gF 2 S2 Teacher

24l Student EHES E9ete] APEAS Fth Student ¥ weights®]

prediction prediction

cost cost
A
3\ {
| \

——
| |
| | I
r 0——0" |
| exponential | ]
I‘ moving ‘I ——

average \\

3 3
T 1‘
I “amica o | e . g | )
t t
t

> H

label input student model teacher model

71§ 2.8: Tarvainen et al.[24] 1] Mean Teacher &

2.3 Holg 4 IA 4+

B oAM= doly 4 #dHd A4E AHH A ) Wei and Zhou

T
}o'é‘

e

(2019)[26]1 4] AIQFE Easy Document Augmentation (EDA)T B|AE

14 2 A 2tekw



Mae 91 4709 operations®  T3ETE A WA, frolo] WA (Synonym
Replacement; SR)& o= E8o(7F ofd nrlje] "olE AEd] folo=
WA= Aolth. 7 WA, 49 A (Random Insertion; RIS o] Thog
FrololE 2 Wl doe] Aol Adske Aolth Al WA, o] wA|(Random
Swap; RS)= ¢12lé] ©o] 27]E A AAE A= Aotk u] A, Y9
217 (Random Deletion; RD)&= 2Hg p= 9] ©o]& AHAIsk= Ao|th

olgld T4 WHES A8 el omrt AA Wststd A
s HolEo] FAIHA Be w2 Utk olE RIS f8 i =EelM=
t-SNEE ©o]&al A43tE sjust=d 1 Ay= ofge] a1 299 Aok T
a¥ls F3 EDAR S4E wFEc] o wdEe] deolEdd wE A ekt
3 d(latent space representation)Z} w9 AR}
ARk WA 2 7S AL FEHs dolge] HERTE ARE 95
ek olek HEo] Hxlm o] WS ol&F H2E E{ Rue] e

A= ATkar Meskal Qi

APro (original)
« Pro (EDA)

QO Con (original)
- Con (EDA)

1% 2.9: Wei and Zhou[26] 79 &Al &7F 1&
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al
40
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ol
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@[ ]
Pseudo set
Ay i |
Classifier
st i \

Self-Training —
SZE 20| EE
o[£ 8= HolH Classifier

A
Hl
a
=
o

Pseudo 20| &

G

Psuedo set -CNN
ol - BERT

Y —
olg g
28 Ho|g oa™ e dois
N
AN

A
A

gols A EE

Output 51 O]E]
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31 SHAE }e) HrE BF Bd

21001 M= oy FTH AR HAE 2§ R T g ARE

gebel 4= e A4 (Newral network) 71WHe] Relel] sl A+tabarz} ghot

i
il
e
)
o
o
w2
o

=2 upervision sources %4]-8-3h
Meng et al[l4]°] RS &3t #HeolE ol&, 7 S~ (FolE)dl gt
F84 7I9=, 1270 olate] dHelE" | A dHolEl F shte] A= AHst
glolEo]l AAHA 2 dHlolHr7t Fot) s Aol AlRlsl= WeSTClass
(Weakly-Supervised Text Classification) 5.&- Pseudo-document generation =&}

Self-training 5= AR AA 22 FxEe ol 9 3.2¢9 2T

20— . 1 Pseudo-document
//\ ¢ Source 2: Class-related keywords Generator

1% 3.2: Meng et al.[14] ATA] AAletE BE Fx

q,
2

pseudo-document & A4 3}7] 984 Skip-Gram = 2S &-83)] corpus?]

Goj5& dhd gt o]& Fa Foixl EAfet ©ol7b A semantic space?l]
UL gtk o] 3 semantic spacedl A AEH A= HARE o] &) 7 S~

AdE =SS FEShL, 4 FUEE 1Y Y BExE Rdddy
o|% 7} Ff o] X 7|WHSl Generative mixture modelS A A|sFe] & -8

18 ! ,H e 1” '{11[



3o FEASHAIE  pseudo-documentE AAJSHcE oo gk pseudo labelZ =
2do] 3ASt 1A %A == one-hot vector’} obd & E¥XE Fojsicl
T Self-training EE=, o] @AoA ABAdE pseudo-documentE ©]-8-3
A 2Es FHEAZIY Class j25EH AA% pseudo-document D] o] st
pseudo label S l;; 2} 3}al Classifier® output=- Yy 2 stk o8 (3.1)9 Als
]
ALgste] wdlo]l o Z4k3} pseudo label Aol KL divergence LossE AlAFshe]

sh Al

loss = KL(LIIY) = 53, L log}% (3. 1)

o] golEo] XA L& AA FA HolHE WA 07 Bootstrapping
b= WA o2 Self-trainingS XldYste] XA-S )AS ol [14]¢] ATl =

22 CNN3 RNNS ARSSRITh 28yt =ol Msd e 49
Adp A CNNol §-8k AHes Hol & dFolx:= CNNS 7| Zd=
&

ox
ol
g

19 é’-! -‘i - 1_'.]i [+



=<

3.1 2 =R 3

lie]

&35 CNN 22l 4%

Layer (Type)

input (InputLayer)
embedding (Embedding)
convld (ConvlD)
convld 1 (ConvlD)
convld 2 (ConvlD)
convld 3 (ConvlD)
global max_poolingld (GlobalMaxPooling1D)
global max_poolingld 1 (GlobalMaxPooling1D)
global max poolingld 2 (GlobalMaxPooling1D)
global max poolingld 3 (GlobalMaxPooling1D)
concatenate (Concatenate)
dense (Dense)

dense 1 (Dense)

ey

7 WA, delE olFHE olF

2 ulS ko] EFohe EE2E Wang et al[16]9]
AFE 8319y d A= Class-Oriented Representation, Document-Class

Alignment, Text Classifier Training 34| = -4 # T}

20 A



HA corpus W] wojoll s BERTS} & ARA H o] mdy

7+
Fol ZFP = FHE 283} Contextualized wore representations AJAdgHc},

o
oy

o]2{gt Contextualized representations E3t3}o] To]E2] Static representations
ARRgITE o] & ZIwkom Folxl SEist Aud 7|EE WHEEH o R FTlelo
Class representation% T=3ch mlA O R Attention 7]WHS A-&3] Class-
oriented Document representation= 743 g+t

U592 Gaussian Mixture Model (GMM)S ©]&3] wAlES = 7
k2 SY=EHeT A F8E  representations®] noiseE  3lElste] PCA
(Principal Component Analysis)& 283l & S#2H S 2=E align AIXITh
A9 2 7H] alignmentE S iAol et pseudo labelsE AT
At olmf ZF EA7F &3 FYAEO &E2 o&d] 7MY confident ¥ JAE
A E1S] pseudo training set= T 3HCE 0] 213k pseudo labelsE ground truth® %3l

Text classifierS 35A)7]1 4 @t} dlY =F A= BERTES o|8359 )

e
4

Raw Input Corpus User-Specified Class-Oriented Document-Class Alignment  Text Classifier
(Different classification criteria could Class Names Representation (confidence estimated) Training

be applied on the same corpus.) Senfiment lnpp\‘ happy

111 PPy D] Ps -
D Documents ] D3 |:> * |:>

— ad
D;  Icheered for Lakers winning NBA. a a
D, TamsadthatHeatlost. === ——————————— e

science Dyesports science

oo

Dy, Dz,

D3 Great news! Scientists discovered ... |$

D4 The new film is not satisfactory.

FoRd BF oE gelm ol glol ¥AE oldsl] slsl 7
gAd U olg AL 54Y W Fess wEE N9=E FEe

21 -":rxﬁ-: _'q.i_ 1-_“ -__..:ll !-



ST e Edo] 719j=g olsid & (A "ok A 4 dHelHA
%‘@/%1@94 AR P AR AA Efrells 287 dojrt ARSEA
=tk ol& sty Sl ATl E £ 3200 AEd AAF 7 A A

3}

dlolgAle] mrQlal Aebel wolE

[>
o
ul(f
o
f
E
[-4 0
ol
2
>
oo
=)
8,
)

¥ 3.2 A 24 dlelH AN ARt Fels ol F
dle] Al ek
NSMC (%3} &) Avidet ) Amgick
Shopping (77 =) Lolo ) HR2dQ

31804 e REES MR gE WAoR A= ARE o]gdte] FolXl
Aol gk pseudo training set= A/dste] ClassifierS FHA|7|& F+ZFoltf &
AFeAE olefg 7|E Fxdd FAE dHolHE avAor &8 & e
T35 FUNet s MAdstaat gtk

22404 AHE AFES 4o #HolEd ¥ dHeolHol digh Supervised
LossE 7]l ® #olE% HA &2 Holge g g g aid ks
Ho A -5 Unsupervised LossE Supervised Lossoll F7}sfe] &7 sh5sl=
Aot} o] Supervised LossE o= Hlo] AFEH EES 338l #o]&9|
ARE A 2 dlolElel gk ShaS ek ([24]) T BAe] o] &HA
ATl E o5 oA m Wao] "rE Bi Bk A§stax} i) #o]Eol

AGE delgol ek shEs 7IEe® o]83dk= WAl pseudo labelo] A7



dlelgel tigh gt5S 7o R Al Hth

HA CNNoJu BERTS} #2 ClassifirsS ©]-83] pseudo labelo] A A ¥
dojelol tigh st5S Wagtt. o5 FalA Classifiere] weightsE ¢ tlo]EgTE.

theos 9 dolEe s dHoly TS A&tk & A= A
golEd HA F2 dHolHE
Aolgkal 7Hgsigith olelgk 7hgel wel Zb dlo|Hel s dojm FAol

Y= EDA[26] WHE (Frolol wA, o] A, ol uAl, e AHANE
ol &gt oA #olEe] AAHA & ¢ vy FAE voHAS
s},

HdelolEH Classifiers 3 HoJE{A D o whall Self-train st W3]
BAME = A SkaL, Sk HolEle] A7 SRRkl wet Adeo] ek

ol Edll 7|Ee AR EF EEREE ARREE drRo Aol JidE A

rlo
inj
i
ol\

ZFehchH  class-oriented 3 S & ¢ S

A

%t;sj ?_ ﬂ ]Eiﬁl% D= {Dunlabeled‘ Daugmented}i poa

r (

e AvHEH WeSTClass[14] 222 3.18¢] 2 (3.1)3% Zo] pseudo-
document®} R2o] oS3k 7Fe] KL divergence LossE Al4Fsle] Classifiers A7
St5AIZIY o2 A AAE pseudo-document 2 pseudo label A A o] E-4Lo]
ofy”] wWZol noisy ¥ HolElgtal = 4 Stk wEbA # m=wollA
FEFS dstetrl ffall A 32)A% 370e] CNN Classifiers & 38te] 7}

mdo] AgSHe Huske WHow sGS s oo ik
T ofgfe] 19 340 mASIh

= ol

Classifier

Ensemble(y) = average(y;,i € (0,3)) (3. 2)



CNN

Classifier 1 Output 1
Pseudo 1 CNN . Output 2 - Ensembled
Training Set Classifier 2 P Prediction
Weights Update
CNN
Classifier 3 Output 3
Ensemble Averaging

1% 3.4: CNN Classifier UAE -2 5%

A} Fe HHE AXH QUlo]ER Classifiere] weightsE ©]-83Fe] Dol tfi3]
output ¥; & <l53t3L, 5% Classifier® pseudo label y; < AJAdsit}l thgo=
AP BhE AIA"E A (33)F o] oS53 Y 9 pseudo label y; o] KL

divergence LossE A14Fslo] Self-traine 718§ gl

loss = KL(y*|IY) =Y yi logf}—;, i €D (3.3)

X-class|[16] 22 HE SFA] AWAEH pseudo labels ground-truth® w3}

Pseudo label®} BERT Classifier ¢=%t AFo]9] LossE A= #lAl o7 k5o

o

|Fo9A= Aolty. thAl KL divergence Loss”} ©}Y Cross Entropy LossE

: N g



AHlo]EE BERT Classifiers ©]&3] 7z dlo|e]Al Dol tidl output V; =

| S3haL, X-class RS 283 pseudo label y; & =FATh A (34)F Eol

At Ht.

CE Loss = — Y . y;log(P,),k classes

A
ol
N
B
=
>
o
B=)
ol
o
of
o,
2l
mE&
il

] O 7]]/\-]61—9_;5&1 /\é‘_g—o] SEAF

=

WeSTClass H &

HH 0| EE Self-train
CNN Classifier ' CNN Classifier

| Ol S &I X| 5=
HiolH

X-class H¥
+ 32 oIy F7t

Pseudo set2 =

SkA
st& =l

BERT Classifier

Self-train
BERT Classifier

Sharing

1% 3.5: 57 dlo]EE ©o]8-3F Classifier Self-train ¥4

25 2] -2

bl Sherg

oAl=%k Y 9F pseudo label y; AFo]e] Cross Entropy Loss& A4

(3.4)

ERE D

Labeled
Data

Labeled
Data
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41 A¥ dolH

2 oAFoM e oYe Eopll AMeEHE "92E 27 T EY ERY 23

A 7 B BAE d9Eigith A3 oA 5

z} deolgalo] the mHQleld FA4E 5 U=
?18l A== KLUE Benchmark[5| & Text classification 222 ¥ KLUE-TC

dole Azt ALHubolA  AFsls =MatE @oF dolEARS  7hedt

dolHAlS AR 3 A4S fslAE= Naver Sentiment Movie Corpus

(NSMC)[6] Ele]E A2} Naver Shopping Review|7] Hlo|EAlS &-&-3it).

HA By 5 dlo]gAld dis] A<stalxl gl KLUE (Korean Language
Understanding Evaluation)[5]= $h=re] o] Fdlo] NLU 28 H7lsl7] 93
TEE Aoty 4 AR (Sentence Textual Inference; STS), 7HAE Q14]
(Named Entity Recognition; NER) & TFYsh 549 do|HAl& Xﬂ*aﬂ- 1
KLUE-TCE 201617202012 7]7F £9ke] Qdbfs egfol 7|xpe] #=
THstA e SR ERE do]lHAlolth. dA| Training? Test H]o] 1“%
AFstal o] ol& Fale] o] &t} T3k KLUE-TCE AA 77] Sl (AlA,
23z, GA, IT/38), AA, A2wEs), A2 A vk ey AAEEs)
Zeast 2ol g S ol oy FA|Y HelgEe] X3 A% EAg

A5 Hlel dolE R}t 141%01 vk A,
CAT/28E 479 S (31,36570) 5 AHS-STh

i

JH“
X o

)

O{N

2 2 5 ui 1—l|



¥ 4.1: KLUE-TC dHo]&lAl

L M

AA 9,155
AEZ 8,320
R 8,101
IT/2}s} 5,789

A A 7,466

Ay g5t 17,100
A}3] 8,834
AA A 54,785
4 Z 31,365

AL-Hub =AMAFE 29F dolE27)E ofdt T4l gl TA 9F
el 253E FE3 208 o] F93 ZF o] digh aokE 207 1o

z
TE welEAleltk. A ack mlS 93 7EE dlolEMlelAwt QoK
FAE FEATE EF 25 delgMer 28d 5 & AoR a¢Ho
Adesiglt. A4dS 93 volel & A BR (9 4' KDC E5H)s
QORE (Y Bl Ui Y 8ohS FE EF FH] dHolHAS It
AHglEkel, V1, de, WE 5 ol FAIR o]FoA o of ol fAke
FASE ol Mg, 0, o, At o] FHse] wolgler .

27 i’-! -“i E 1_'.“ [=1,



¥ 4.2: AI-Hub =4 8.°F dlo]g| Al

L s &

HE 12,851 By 2 A, e

A 13,445 WSARE, Frof B 2T ulS

ol 8,735 Tddls B wiAldE, o, T3t
y}a} 7,921 o] xE, AehradT

3 42,952

oz 24 24 dolgAlolt). Naver Sentiment Movie Corpus (NSMC)[6]
B el gsbolr g3 o] g3t 2R dHolH®E 1407
o] &2 dRER AU AA 108 H7F 7l 57830 T HHe
AelHJa, 97108 A 2fet 1745 B4 2R xIH Aok 4,
2 22 oF 10vt N AR S 207t Ul gRE 7 vlolEAlelth

Naver Shopping Review[7] Ble]|E A2 Uvlo]H Ze3geoll A 2020.672020.7 7]17F]
AEH 2ish AW FUF dolEAolnh WY 3hel FY e A
4 (8 4 5% A (AR 1, 28) Dwe ol naasin ey )
oF 10%F 7 AER FF 20nt JHe] HHE olFofHh offle] # 43& T
AAe) Ae % 7 g BAE dole el 28 ekl

5 NSMC Naver Shopping
=2 97,446 99,953
R 97,678 99,955
SHA| 195,124 199,908




E% 2R golg i nufs u 24 B4 o

avh g §A4 Z1EA was] 94

AEdste] 27 A¥e IFIUY. £ 445 F3
Me B AR aoks Fldt £ gl

olEJAlL oz 7|7}
g B4 el dRE

4% B3 Ae) AT A HlolEl e

i KLUE-TC Al-Hub NSMC Shopping
R £ 3 74 74
SO (e AR (BA ) (9 e (&% E)
= N B 4 4 2 2

)~ AAl, 2322, ME, a, AH] AA T, FolQ

s 4, st 1=, st AR AT Hzde

N 31,365 42,952 49,088 50,000

Hat 4ol 7.36 27.84 7.73 9.98

29

£ Fopo grEz FHHo] Qomi Heole At the
52 Ea) 7 dolEA W U e dusie] ¢



3 4.5: HloJE AL oA

| o] E] Al of A]
Class: &=
Text: FA Hojo] XA -EAAV-Fax 445 AF2 7
KLUE-TC
Class: Al A
Text: AFS-U] ogha A¥=EA] -] 129 A
Class: HE
Text: 53le} Faet sdod ¥4 He Gl 9=
S EAIE AU, ols FE E=E dojdhs P9lE mF A
golth AL Fo2 slA WSl w2 ns o]}
AI-Hub
Class: 1l
Text: Shgsl Fel siEel AR Fest o
gelo] wwsAgln st 9 A% ARAN aFEE
w7t 70%o)elt). ol shY wlgl Al WEAB]
F49 Agol AaFs Ak
Class: =7 (A7t}
Text: AF7H] 2 A3} T vlgo] 7P wEsax|= 93}
NSMC
Class: 74 (A7 31t}
Text: Be] WolXE AR ol ohjc Atk Y3 o} sjaha
e ol q =g4ol glrk
Class: 54 (F°8)
Text: A4S FU2. DE Ex ol AREQUT. ool
o) o5t
Shopping

Class: 774 (A=499)
Text: SI4SH=7b A5 oF shile 8% waAe HZol]
ZFoj8 XQAARE A AEE=d AlolE EFold s

30 A 2- T}



42 AY AA

WeSTClass[14], X-class[16] F+ ol tisfx AR A dHeoly F4=
gt e o 2 dele T WHES AE3 Edo] gk HA3ew

Lol gt

A dlolE T2 EDA26) WHE (Fo] A, de] A, de wA,
Aol A& ARSStel AR A dlolE Al S HlolE Al HEo] 1:89]
HEs st =, o dHelgAly S4E ol Ale o A dHolH Al
A HeolE Al A7) iR 97t H= Aoty S Aol 3 4.63 Zol 28A=
oA (1) & HlelE Aol A S dlolE e A8k, (2) s ElolE Aol A
UAl S48kl < vlolE e 74 Rtk

=

29 %HE*OE BE 8} My Bl 6]1
Srolo] A, el Y, Q1) A, Aol AHA (40)

5o s ghmofo] vt RES Wit WeSTClass[14] 23 A3 A=
= FEolA FEA B4 dATE

Z Q &} '6}-}01 e A 248 98l Okt, A7} (Kkma), 53 (Komoran) &
Tokenizeroll W& FYv|st Ay} ol
A P ARdele 1% 7P Adsol F%W KoNLPy #7149 Okt
TokenizerE AFEFTE w4 &9 F8E falX = KSS #7]14]2] sentence split=
o]&3lty. E89 (Stopword)Z+i= Ranks NL Alo]ES] ‘Korean Stopwords’
EE28el dlelH Al HAeE] dACdA detd MR &80l WolE FUleke]

£
H
H
g
]
=
N
[¢]
=
i
>,
ki
:?L_',
T
o
i "
=
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AH&-3et
X-class[16] F@ 2] o]

3 St5E olo] BElR ‘bert-base-multilingual-
cased EES &8t} o] 9

5
of Wd 852 915 8T WREE ofelsh Lk

=22 H S ARk
Pretrain epochs 20, 30
WeSTClass Learning rate le-3
Optimizer SGD
Train epochs 3
X-class Learning rate le-5
Optimizer AdamW

Th3 02 WeSTClass[14] B@2 #o]E olF <o= dol&y) 3
ool (Z19E)et dolER | A oF 1070ed digk Fro F
dlolEfAle] #lo]&2 3.1l Medh AA" 24 dHolE ¢

&4do] weh o3t
e AT/ Aoy 2, 2% 2t Foke /MR e’ 2 WAt
9Es Aud fi= Ao e 2ae 243 5 A == 7

1
Zelzel ojsl we MES Aoz JYES Ausgi A19s g
A5 A7) ek 1, 3, 50% Aus) A9 AR =, A19= He
£ wd A% sela] S8l A9E 3l 44 FeR A= te T e
AEE AT 7 28 190 BaE AT NEe T 4l e
oAtk olm W gl Qi welk A= 1) Ag Al mee] Foixl
A9 ol a, A19E 57 AE Aol D5 %o vol7kd TS ek
%

npxjeto 7 golEy H FAE 10, 2071E Wy MEHe 7+



F 48 FY2E 71Y=
delgal | Fe= 719=
St (1) 7N, AL 71 (5G, 93A%5)
(2) N, 5G, QEA T
s | () A, EER, A (IR, A
KLUE- T (2) 7=, oA oAy, H=A
e (1) olgk, =g, Al (32, 1)
Al .
(2) ol B, F¢
4 (1) &, 8, =3 (3 H4E2)
(2) e, =3, AN
(1) "=, WA, gsi#k (8, AR
HE
(2) HH, Jsi#}, i
(1) 3oL, 3HA, b5 (A}, aEatg)
iy
AL-Hub (2) i, 3HAY, A}
LA Qof e (1) #3}, 93}, wrjo] (ofymo]d, =)
(2) =3}, ofidwlold, st
91 (1) @7, 7%, vrol 2 (dloJE], 53))
E (2) AN, 7], dlolH
(1) 2, oFEthe, & (94, o)
e ek
(2) Hare], £, oF5The
NSMC
(1) opght}, A|Fslr}, sk (Oi}é%, 54971_)
Am) ek )
(2) Ao, opgtt, AFaitt
gopg | AT WEAL ST (R, AHIA)
. (2) A, 74HAdn),) e o)
Shopping
(1) HHE, obvle, A whAle (B, v
P2 B
(2) ks, &4, W5
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Ao w Ay AdE Brlelr] fsiA R AddA FE 28 Fl-
macro score, Fl-micro score 7 79 X %E A&t EY 5 dloleAle] 75
dle|gMle] Ewds A97F 7] wwol X (Accuracy)’F oFd F1 scores
2483t

F1 scorei= (4.1)3} 79| Precision®} Recall®] Z38}H o]t} Fl-macro scorei=
21 (4.2)0 A=d AA- k7le] 2+ S0l i3k F1 scores AXFSIaL o] 5 Ak
H1tsk Ao|t). Fl-micro scorei= L E F1 scores T8 Ao ofyz}l A
S 2= oIt F1 scoreE Al4HsH Aot}

il

Precision*Recall
F1lscore =2 ¥+ ———
Precision+Recall

F1 —macro score = % + YK F1score; (4. 2)

T A2 S oy =<l B dHloly SA4s A8cA @2 o g
gk Aol dHoly TS 283 Aol tigh #Aow SddTh o R
gt Adyoz= A3s AP 85 o3 (pre-train epochs) B A3 HolE

dol&d H &M T 7FY Ao F=2 Supervision source FE}&IJ,

=]
T il
dolg Aol me s AL 98 Adow unh sixuen 244 doleg
= 5

25 Qs 2 HAGh I Aok PHES
A gate] Gebal o3 Avh Qo] dAE Selste] EAsA Fhl.

Ll

=Fol i EDAR6|E #&ste] dolHE F4@=Y F4% doly
ANE E 499 AAFUTE AT HE PR WolE AAEAL 42

16}% A ST el WG, el e gent 2 Gy
Bo] nEw dolert A4E AL a5 vk



3 4.9: EDAR6|E 83l 744 oy oA
dolg Al | S74E dlolEl ¢A]
[78H AL 71&7]190] HE--ARNAZE 24 Bl= 2} ghET)
(=4 JEde-5Y 228 AFME &3R8 3
KLUE-TC | ¥4
[ # SARE vk F A A3 g En
[AA Alelol ARt &4 A & ukt A9 I35 S
[el<] kA= m ARE YA TEgRieldy o] THA=
=ou} Al 7] 7 BYA To FAR A3 Iojshy
MA B Aol X7 o] F Flo] npekA|sirt,
AI-Hub
[P 347k AE o e IS 23te] AT A
olgl= $-#7t mgol A3 REEAh 2y 2R F3E
1 ool m = AIF3E}7] oyt
[ (AW 19561 ZFoleb=Al g RESHER
et Ay A WAr] A7 BE
NSMC
[ (AESieh] 217] A ZRAC =43 o]EA 1V]E
ZEASE A E ZA
[&4  (Fol2)] ARR7|AE due ZEsta Alo|zR:
Astdrto] =g} wWgUle AT Hu|tho]g Siled Fols
OJAFTIA YA ERIFETH  HEI 8l o AR
, AF3HA el T A
Shopping

SHe7E A
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ytolth, A MA 2 WeSTClass[14] o
2183 1 AtE. WeSTClass t=-[14]o1 4 &=
+ 20 epochs, 7 7 HlolHA tiezZE= 30
epochs@ ZdA3}lod CNN Classifiers 3Sh5AIZTE 2 =io|A = Supervision
sourcet™ W7dS}A] ¢al, BE dlo]gAlel il 20, 30, 50, 100 epochsZ o]
ARS gt AF Aye ofgfe] & 4107 ¥ 4104 AT &
FollA B 7P £& ¥ B A ER7olA 7R =2 A3E v Et

g x= ZF Hole A F Sourceol] tH3l epochtgi Fl-macro scoreS AT}

Q2 1o
i
ol
o i

ST

3% 4.10: Pre-train Epochs®ll & WeSTClass[14] E2¢] F1 score (macro/micro)

Epochs / Topic Sentiment
Supervision source | gy g pC ALHub NSMC Shopping
Labels 0.441/0.495 0.496/0.530 0.692/0.693 0.856/0.856
20  Keywords| 0.790/0.788 | 0.620/0.640 | 0.634/0.638 | 0.838/0.838
Docs 0.771/0.771 0.624/0.640 0.687/0.688 0.616/0.616
Labels 0.429/0.479 0.472/0.497 0.683/0.684 0.852/0.852
30 Keywords | 0.782/0.778 0.615/0.635 0.665/0.665 0.839/0.840
Docs 0.782/0.779 0.608/0.619 0.687/0.688 0.615/0.615
Labels 0.429/0.473 0.487/0.522 0.674/0.675 0.848/0.848
50 Keywords | 0.790/0.787 0.624/0.633 0.663/0.663 0.834/0.834
Docs 0.777/0.774 0.615/0.634 0.673/0.686 0.604/0.604
Labels 0.414/0.459 0.477/0.505 0.665/0.667 0.843/0.845
100 Keywords | 0.779/0.778 0.614/0.623 0.634/0.638 0.837/0.837
Docs 0.774/0.771 0.608/0.619 0.687/0.688 0.594/0.594
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3% 4.11: Supervision source®l] T WeSTClass[14] E-22] F1 score (macro/micro)

Topic Sentiment
KLUE-TC Al-Hub NSMC Shopping
Labels 0.441/0.495 0.496/0.530 0.692/0.693 0.856/0.856
n=1 0.783/0.782 0.571/0.586 0.606/0.608 0.809/0.810
n=3(1) | 0.790/0.788 0.620/0.640 0.665/0.665 0.838/0.838
Keywords
n=3(2) | 0.793/0.791 0.632/0.650 0.673/0.673 0.855/0.855
n=>5 0.783/0.781 0.607/0.624 0.660/0.665 0.853/0.853
n—=10 | 0.771/0.771 0.624/0.640 0.687/0.688 0.616/0.616
Docs
n—20 | 0.786/0.783 0.632/0.644 0.688/0.688 0.702/0.703
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Abstract

Korean Text Classification via

Weak Supervision

Suyeon Lee

Department of Industrial Engineering
The Graduate School

Seoul National University

Text classification is a critical task with high utilization in various areas and tasks
such as topic classification and sentiment analysis. Many models to solve this task are
structured to learn classifiers using a large amount of labeled data based on supervised
learning. Therefore, its application to areas where labeled data is scarce is limited. In
particular, labeled data for Korean natural language processing is insufficient, making
it challenging to utilize many existing models. However, since unlabeled data is easier
to construct, using such data effectively for text classification is a significant problem.
To tackle this problem, in this thesis, we take a weakly-supervised classification
approach that classifies unlabeled data using very little information such as class
names. We propose a structure that can classify Korean text by applying the widely
used data augmentation methodology and self-train to improve the performance of
semi-supervised learning to these weakly supervised classification models. In this thesis,
we select existing models that generate pseudo labels instead of actual labels. After

learning by assuming the generated pseudo labels as ground truth, self-learn is
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performed on the augmented unlabeled data using the updated model. As a result of
conducting experiments using the topic classification and sentiment analysis datasets,
we confirm that data augmentation and self-train methodology improved performance

in all datasets compared to when they were not applied.

Keywords: Text Classification, Weak Supervision, Data Augmentation, Self-train

Student Number: 2021-24560
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