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< T 99E U ¥ R sAE WAstE WA ot mpA Yo g
Document Rotation< &A1 W9 54 ETS A|RHo R HAsto] F49

NAT e FReE WAl ojd st WWe Ea), BARTE HiE
\3

A olsfel BEE vt Aol Hold JAE HoEH. 53] A

27) Lewis, Mike, et al, "Bart: Denoising sequence-to-sequence pre-training for natural
language generation, translation, and comprehension,” 2019.
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Moy 7k BA B AE Q9K (Text Summarization) 59 #ofolA 71 F&
Aol Ad=HUrt. BARTE 5 714 F2 wld, = 6709 =y d oot
6702 Ttz #ololE AH-&3 BART-Basest, 12709 <=y #loloj9b 12
Ao "gamy #ololE A3 BART-largeE Al&3u} o83t fx& o
ofe] 7 ot wet dHolBrl Addte o 52 Ass 248 + 4

U s Agdo @=ojol uizk BART EHe thxAll ==

—

SKT-AId A A 33t KoBART27F ¢l t}.

DE.ABC. C.DE.AB

Token Masking  Sentence Permutation Document Rotation

g
(ATED 2 (REc.0E) 3 GLBED

Token Deletion Text Infilling

[2% 2-4] Noise Injection Techniques®”

ELECTRA (Efficiently Learning an Encoder that Classifies Token
Replacements Accurately)

ELECTRA29: 20209 Googledl A ¥, EdAEHO <Slxy F+x
S &8k AT E Ao Rdo|t}. o] »dl2 BERT® Masked Language

=

Modeling (MLM) d=s ®sto] 27] 34] stas s3I MLM2 <

-

=
T 9y 9o s [MASK] EZo2 thAlstal, ol 4Wad &9 JARE &
3l Y EFoR oS3 Wy S A8t 28y Fine-Tuning ¥

Ao A= [MASK] EES& AF&3etA] gornz EF nlaux] FA|7F &4
t}. ELECTRAT= ©o] wAl& 1437 93] Replaced Token Detection

28) SKT-AI KoBART, Github repository, https://github.com/SKT-AI/KoBART, 2020.
29) Clark, Kevin, et al, "Electra: Pre-training text encoders as discriminators rather than
generators,” 2020.
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[e) =

2 Generator-Discriminator 7+%& %3 o]

A EHA Zeldt 4= 2t} Generators 9¥ EES UMM ESo R fAs
= 938 31, Discriminatores 7 EES AdeE 938 st}

T3 BERT 8t Al AA dlolE o 15%wHs did o= ¥yds a4
2k, ELECTRAY EE doled diaf M-S A&3rt ofed e

of & & Al HEs AN E 52 s R

sample
the —> [MASK] —>| F-> the —> > original
chef —» chef —> Gen_eratOr chef —» Discriminator —> original
cooked —» [MASK] —> (typically a - ate —> (ELECTRA) —> replaced
the —» the —p{ small MLM) the —» L > original
meal —» meal —>| meal —>| —> original

[Z29 2-5] Overview of Replaced Token Detection in the ELECTRA®

ELECTRAx #olo] 9 8] Ato]=c wteg} ELECTRA-Small (12 2
olo], 3|E Alo]= 256), ELECTRA-Base (12 #olo], 3|& Alo]= 768),
ELECTRA-Large (24 #o]o], 8] Atol= 1024)¢ Al 7FA W o] &R
ko #olo] 9 FE Ao)2E EE5E Bl o FAEd dolggs @
G oQAE ol wdle] Biwel ik u g FrMAIE BAR oleizh
grolo] g ELECTRA R @ 2E KoELECTRA309 KcELECTRA3DZ}
xAolth o5 EdL2 7 AFAEe] HdUid gt dHolHE FA 3

of AT A}, BFo] oY FA HuEol

30) monologg KoELECTRA, GitHub repository, https://github.com/monologg/KoELECTRA,
2022.
31) Beomi KcELECTRA, GitHub repository, https://github.com/Beomi/KcELECTRA, 2022.
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Data Set
[ Model1 ] [ Model2 ] [ Model3 ]

Predict Result 3

Predict Result 2

Predict Result 1
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[29 2-9] Stacking Ensemble Learning Structure
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32) Ji Hye Heo, Su Bin I, Won Hyuk Yang, Dong Hoon Lim, “Transfer learning-based

Journal of the
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ensemble deep learning for image classification of COVID-19 patients,
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COVID-Xray-bk Hl°o]H, Mendeley COVID-19 dlo|H, =8]3 Kaggle
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Korean Data And Information Science Society, 32(6), pp. 1219-1235, 2021.

33) Lee Shin Haeng, “Machine Learning for Detecting Malicious Comments on YouTube:
Focusing on the Application of Stacking Ensemble Model,” Journal of The Korean Data
Analysis Society, 24(4), pp. 1583-1598, 2022.

34) Min-Ki Kim, “Automatic Fruit Grading Using Stacking Ensemble Model Based on
Visual and Physical Features,” Journal of Korea Multimedia Society, 25(10), pp.
1386-1394, 2022.
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35) Myung-woo Nam, Young-Jin Choi, Hoe-Ryeon Choi, Hong-Chul Lee, “Parallel Network
Model of Abnormal Respiratory Sound Classification with Stacking Ensemble,“ Journal of
the Korea Society of Computer and Information, 26(11), pp. 21-31, 2021.
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A ASE 2dS fAE559Y. o] 9l A= KoBERT, KoBART,
KoGPT?2, KoELECTRA, KcELECTRA% ¢] 3dt=ro] Hold<; RadS x=9ls

of Bl AL FAB ow, B FAEES FYAIIY] A8 MAnD

of 2ul4 GRS A48 s
U WA, o REE A aAdME AFH g dAM TEE maS

il

Zgsto] SNS AAI=el el ASH o|EEZ e
=

Au st med g o RERES FA)

Train
Data Pre-Processing Hierarchical Transfer Model
Noise Removal (ex. #,1,2) Text/Emoticon Main Model |
oQv . \ Tokenizer (Stacking Ensemble)
0|32 00| <)
hyunee_dailyy #710]=1 010] * & AvA.ctory = => “30|= oto|g” text tolens KOBERT KoBART KoGPT2
Emoticon to Text =TS o ,_n - H‘ SubO Model
Qv Translation
Ppuneecsityy < 4 = = shortcake <:l Context-aware Emoticon
ol @= star-struck emoticon Clustering === === ——t—1
i Main Model Sub1 Model
oav J prees
hyunee_dailyy 4 Sentence BERT Emoticon @
wolsN Similarity Analyzer meal happy face "
015 ofol = [-0.812758] shortcake : #[0|2 Oto|H emeticon Dok Jsetend ! ug‘i/%‘;e I'E'Imb‘-'lm- i)_>_§ :
Qv . _[-2.543e-01-] =) - 0.178 = SELECT 29 (45 os ) 7a
3 dallyy §2HU Y = star-struck : 30|32 ofog = > ieta Mi3iiy Mode = e e
yunse_dallyy & =[582017e-02] =0072 €11 €12 €1 €22 et el Heee Sub31 Model
Inference
Instagram Data Pre-Processing
. Recommendation
Noise Removal (ex. #,1,?) Tokenizer
Qv i text tokens System
i o 3 = = -
:g{-;g:.;;"vvﬁﬂ e S M Y =gt hierarchical
label
C12
RN Y]

[28] 3-1] System Overview
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[ 4-1] Example of an Instagram post
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“Sentence-BERT: Sentence Embeddings using

Conference on Empirical Methods in Natural Language

_28_
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Nils and Iryna Gurevych,

Siamese BERT-Networks,”

Processing, 2019.

36) Reimers,



cos(@) = A B 1

TAT Bl \/ﬁ:(,@?x 3 ()"

i =1 =1

[4=2] 4-1] cosine similarity

[3% 4-2] Emoticon Dictionary

Emoticon Emoticon name Emoticon Emoticon name
o crying cat e kissing cat
rolling on the floor smiling face with
73 . o o
laughing smiling eyes
' couple with heart ;54 slightly smiling face
fork and knife i peach
birthday cake [ ] teacup without handle
Eﬂ otter o hamster
6‘/‘ revolving hearts V read hearts
. cloud with lightning and
ff rainbow ” .
rain
- cloud with snow © snowan
jp woman dancing A person running
2 5ol [28 4-1]014 HAAE AAY “4Ao)a wro]H = o=
Tgol JdeEoz Eogs u, A dAR 5575 #& AASTE AES

Aggrt o 4HE ole TFOow ofFTod A Fomz

AL AEFslt}, o] F o= Mecab-KoE o] &3t &4 e e iol us)

AP S Agg. A ew [(‘Aola’, 'NNG'), ('vlold’, 'VA"), ('
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LSY), (%) SY)IEHE FAMELE RS FHA e 9A =,
[SYIel 17} B2 FejaS Heste] (“Flola wpo] s} “=7 “@7)3ko]
o

) A

(A 2=E o] e
a7l EdH ol REE 1] AARRlD AR E AlAtste Aol Hast
t}. o]Z $3], sentence BERTREZS ALg&3te] “Aolz wlo]H"E
[-0.81275827 -0.09309326 ... 0.3127357]9} 2 7682+ <] <A H|

=
ME o) Folm = B o|RE TS T 683U ME R W

— )

ri

ol
E)
4

Ao, QY B Bg e omEE W e ZA fAEE At

o tensor(0.1780)3 tensor(0.0719) = T =& HAIEE Holx= ““2"E A
cia=
Data Pre-Processing
Noise Removal (ex. #,!,?) Text/Emoticon
Segmentation
Aoj3 ooy~ @& >
“#H|o|= ojoy”
Emoticon to Text =Ty
Translation
* = shortcake : | \
& = star-struck SPROREDT
Sentence BERT Emoticon

Similarity Analyzer

30|32 oto]E = [-0.812758] shortcake : #|0|= 00"

* 2[-2.543e-01-] > =0.178 = SELECT
. star-struck : 70|32 O}0|¥
& =[5.82017e-02-] =0.072

[2¥] 4-1] Data Preprocessing in System Overview

vpAlgto 2 skl Wert A ¢ e kol=E Fol7] #fa 103] o]st

2 AR E OREZ2 AASAY. o HANM 7] dHeolHAlel EFHE )
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N

H 1,336719] o]REE T HETHOE 6167E A
c}.

olg1dk Mgl #AHLS AA FTE3I HolHE F 172149402 <5t o]
E] 1204897, 7% d©lol¥l 34,3387, H7} dlolg 17322702 hef 7:21=
o] S5 AT B7bE AASEATh AAS dA e oAl deld

M Wet= [F 4-3]A &dd 5+ v

%
)y
o
o,
Ay
[y

.

pats

179,078 el A 172,14971 0. & 7+ 43}

[3% 4-3] Changes in Data Count During Data Preprocessing

Preprocessing Stage Data Count
Post Collection 119,148
Duplicate Post Removal 106,199
Multi-sentence Splitting 632,567
Removal of Sentences without Emoticons 179,078
Low-frequency Emoticon Removal 172,149
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AN st s o] REZ2 Uty oz [17 4-2]9 o] E
g e A=A olnEZE Feuy FHE ATHn vk FUIE ol
Bl 2o Ag, olREFE FhE g = Wl FtElag et AE JtHagE 4
HArl. o2 E0], ‘Smileys & Emoticon’ ©| 2 E| & w¢l Ftearg] &9 el

‘face-smiling’, ‘face-negative’, ‘face-unwell ¢ ©¢JEEZ A X J}H g

7F = FH eIt

Main Category == Smileys & Emoticon

Sub Category1 ==p face-smiling

U+1F800 = grinning squinting face
U+1F923 @@ rolling on the floor laughing

Sub Category2 == face-negative
U+1F621 @ enraged face

U+1F624 25 face with steam from nose

Sub Category3 = face-sleepy
U+iFeza &8 sleepy face

U+iFg24 | & drooling face

Sub Category4 =—p| face-unwell

U+1F912 = face with thermometer
U+1F922 @ nauseated face

[2™ 4-2] Unicode Emoji Category and Subcategory

FUZE o|REZY AMHE Fheagel zetste] o] Ao A = 32709 H
ol ZheElare] k9ol 3147019 AMH JteEl a2 P ASA JdagE
[ 4-3]9 Zo] AASATE Adxe sl AAZ 119148715 FH 3t A
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Emoticon DB

(G16ER) emoticon
T
F‘;ﬁzﬁ}ﬁtﬂgﬂﬂf diamond | | drink | | camera | | mailigift | | etcl29) | | vehicle | | ete(31)

\\‘n ‘_,"' B m

[~ 13 fery || o school |
Sub catﬂgﬂﬂf . 1 = :mﬂv‘ "-.,_'l : ' j.f\‘ woitage cx r |'.
(31424) 7 - e ®En wWe—= R
jrie’ | g :

[2¥ 4-3] Emoticon Main Category and Sub Category

4249 doly HdAg HAGNA o]REIZE o|REZ ALHE o] &3]
dA~EF W3l Sentence BERTE Z=¢3lo] 768x4 o] o] RE|E HE

il

2 wWasgh oW "ol A 616719 olmEE WMEE Yoz AuiE
AR o RERES AEdon Fesydstd WA agw 7wl

aFel &= AB 2%& A3t Sentence BERTE ©]&3to] F&3
=

JREE WHE fygo

f

K-means S¢2H#H & F A& 53
A 2ETF FALSE o] REZ S50 AFH R +{3}stes 9d5 &

ol el WlE] HolHA 3y, .. 15, WA B We]l AFH
K-means w335 A&t 1944 K-means T sE Faste] wd 1
F 32M(G,i=0,2,..,3)2 A3, 2G0ANA 2 Goll %3 tolH S

N

gl AAHSeEZ K-means THI}E Fdsted AHB IF 3147
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(G ;1=0,2,...,31, j=0, 1.t of clusters)& A4t} o|EEZ A4 &
dat A= G = 92E HolHE Asow ohily st A& H

Ag o), 27 4-alsh 2ol MolAY olmE® = TV Are
£l

REZE 42437 FdsA o REE AAS Ea] (“2F"-“shortcake”), (

‘a7 —“pizza”), (“'€7 “slightly smiling face”)¢} o] HAEZ WHIHT, o

i

#gt "2A~E W3 o|F  sentence BERTZE o]&3&e 2z d~E
[-0.4829146 -0.02738248 ... -0.02582658]¢} 72 76822 dwld WHZ
H3E T o]oJ A, K-means ZelA~EY WS ALg&3lo] m=oly, Tz}
Aola, AMALL 2 2F O|REFZEC] “meal’dt= WA el =2
B ¥AHSE T dF o|RE|ZE9] “happy face’ztE w9l JlH| g2 #
FAg. 2 g8 GANA, “meal” ZHElE] WHolH K-meansE 3 O
F8ste] Aol AolAE “bakery’shE A B FtElng 2, 3 &9} 3B A
= “fase food"dt= A B ZHH g 2 EF AT w7 2 “happy face” 7F
gz WolXx T EFo] 5ot = o] RE S “unique eyes’, X1l
AT dE OJEE S “smile’olgt= AHE JlH YR ZH7 R E T o9

ve B oA onHE FUHE Fil AFA Aduds wAa

o
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Clustering

Context-aware Emoticon
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gk, §F AT GANE Ao A4t A% FueZel WL
st

(194512 oREZ AFH TS AvE melFrh 197 3249 w4l
seln s 29A 3147he An Adude F4E 29 Pz 218 2
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Sparkling Triad . & Warm Embrace &
Elemental - ~ r3
Gems Stones of Brilliance [ 1 Root Harvest & |\
Diamond Solitaire L Lush Trees ® 4 F
Exotic Brews ) Blooming Beauties a § g
Bubbly Celebration Sunlit Elegance 4
Refreshing Quench W o Autumn Splendor * 3
. Cheers of Brew Natural Treasures & ¢
Drink Nature's ‘Slicy Appie ®
Search & Discover s Harvest PP =
Sweet Indulgence L Fresh Greens = e
Celebrate & Cheers © Evergreen Wonderl& :
Joyful Bottles s YR Bloc':minlg WHips ’
Hospitality Havens T T Liciy Lover
- - Vibrant Tomatoes ]
sk Visual Canvas I (e e S
H Capture Chronicles w o & a =
Masters TE = — Zesty Lemon
napeho = = Dual Love v
Screen Stories (- ™Y R
Shopping Bonanza o Heartfelt Emotions v ¥
Thoughtful Mail =P Soothing Affection v
- Romantic Connection LA
Prepated Essantiale o :‘Z’;drfsr Decorative Love T e
Knowledge Bound L Refreshing Love [w]
Gifted Payment Power = Warm Affection @
Inbox Treasures [ Mysterious Love [
Scholar's Pursuit » Pure Heart Ye
Carry Essentials ;e a8 Harmonious Union =
Deliver Express v Approval Gestures 3
Gifted Surprises T Celebratory Gestures $ & -
Jolly Santa o = Feedback Gestures i ]
Feline Friends o WY & Raising H& Gestures g€ g
Critter Crew | Laughing Kitties ™ Rock-On Gestures ¥
Canine Companions L Greetings & Farewells 4 4@
Affectionate Smooches Y Hang Loose Gestures L
Thoughtful Chatter [ 4 Stop Gestures ®
Serene Tides A Companionship Gestures | i #
W‘I'l;ran::al Whirling Breezes T o Gestures Writing Gestures £
Mystical Revelry n @ 4 Wishful Gestures 4
Enchanting Whales 2 Prayer Gestures : : L)
Fast Motion (W] Helpful Gestures == 3
Aetiowlcone Emergency Alert = :zafe Sestures ;
Controlled Action O» oLl
Successful Completion i gpen H&:?esmre =
Relaxed Rast = artnershipGesture i
= Raised PalmGesture 9
Swimming Strokes - —
N ApplauseGesture T
Expressive Poses < A& &
Active Runni k& Gloves |
e Runnini %
E - pl 2 ® o Directional Arrows i)
lTergetsc e EA — Attention Signs »
Active Poses Mindful Meditation i ,._-, Gender Expressions T
Respectful m “ ’: Gt Anger Burst 1]
Strength Training X ¥ s"i':’n'-:l': O on Chetk 7
Assertive Stance - & White Information Signs | | 2
Salon Styling : - Symbolic Marks X 9
Golfing Pros X Red Information Signs i 9?
Cycling & Walking & A Warning Flags 3
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Gourmet S&wiches — Chronicles _n
Savory Seafood U Literary Volumes . |
Specialty Beverages & i Heslm Literary W
Satisfying Soups A\~ Fruity Delights . ®-. 0
Décarent Desserts A EN Frozen Indulgences o .
Flavurfull Rice Dishes - W W w Berry Blossoms Tse oo
Fine Dining Experience nm
Sweet Indulgences w 0 Treats Cake Dedaits -
Culinary | italian Delights - @ Sweet Treats .
Delights Hearty Stews B e Cheesy Delights
Artisan Breads » Nutty Temptations C 4
Celebration Delights [ 3 Waffie Delights <
Fiery Spice 3 Dynamic Delights L J 2 3
Flaky Pastry Delights = Achievement Accolades | % % W
Corn Creations - Majestic Peaks -
Buttery Baked Goods 9 * Celestial Phases
Bxquisite Sushi ol Melodic Harmony #¥ W a8
Eggcellent Creations Q Frotal Gabes e
Affectionate Smiles 4
. Dynamic | Global Explorations =
Playful Expressions S0 Ensemble |powerful Stren gth &
Emotional Sweats a2 Perfection Benchmark | &
Confused Reactions = 8 % Hilarious Laughter o
e Ez:;r::;:zses ; Precision Strikes “f
Emojis Timekeeping Essentials | &
Sickly Symptoms &
Upcoming — 4
::g:n?l;ut.:m Calendar Reminders =
Exasperated Reactions s Precipitation = S
Money-Faced [ Winter Wonderl& ~
Skeptical Looks = Wonthar Sunlit Escapes 0
Smiling Expressions C X=X X Umbrella Chronicles IRl 4
Cat Cuteness LK Tropical Oasis 4
Angel vs, Devil [ Beach Retreat *
Joyful Emojis Adoring Affection -5 Mystic Monkey &R a
Tears of Joy S e Seaside Delicacies L
:'ar:" Tdh;“: s: Bear Hugs s n
C:I‘::m ﬁd;:czs o Equestrian Wonderla [ @ %
Whirling Rides = Ocean Serenade & @
Nail Art F ¥ Burger Brigade o
Coamic Droams & Whimsical Menagerie | O & 4 & * &
Creative Tools rir i iFa Feline Majesty = &
Starry Delights ae Meat Medley L4
Enchanting Ideas - . Butterfly Bliss "
Creative Tools mEfEC Animal Aquatic Wonders o
Action Props - Hoppy Companions B oa i
Artistic Blaze | Dazzling Flames a] [ ¥ ] Feathered Friends ~
Eclectic Expressions A al Enchanted Equines Y
Footprints W Ty
Frosty Wonders 2 Sizzling Savor .
Fiot Delights Y Primate Playmates =]
Mind-Blown = Marine Marvels ® P &7
Alert Signals - Segky Delites -
Paintbrush Strokes ’ Foxy Charm o
Crafting Cuts » Alien Encounter -
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Babies Flowing Essence T8
Feathered Hatchlings 7 Savory Bites Y
Darciog Dives b Dynamic |Clenched Fist ®
Playful | Playful Sprouts 2 Elements | Galaxy
Angels | Celestial Guardians % Wind
Adventurous Lads e Scroll
Graceful Ladies &) Fairy Magic
Regal Princess Delicious Treats
Pointing Fingers & Crafts
. : Directional Arrows Drumbeat
Directional Up & Down Gestures Clocks & Watches
Pointers single Finger Point € Royal Symbol
Rightward Motion (] Watchful Eyes
Whirling Vortex ® Eclectic | Otters & Shellfish
Colorful Circles oe Elements [Egg
Circle Vibrant Circles ® Medicine
Spectrum | Lgoping Patterns w T Injection
Calendar Notes ” Intimacy
Blank Circle Bell
Solid Blocks Ring
Geol‘::mt Empty Blocks z:it ﬂ:
Inky Strokes
Time Signals Electric Speed
Speech & Voice Fast Wheels Motorcycles & Bicycles | &5 & Ja
Sound Telecommunication Cars a R
Connection |sound Amplifiers Running Shoes \
Mobile Devices Serene Writing &
Announcements & Audio Korean
Yawning & Fatigue Winter Wonderland
Fear & Anxiety ) Camping Adventure
Nausea & Disgust American
Savoring & Enjoyment Beach Getaway
Expressive |Sorrow Fashion Ensemble
Emojis Sadness Cautionary Signs
Disappointment $ Sweet Home
: s t.‘. = Air Travel
Mixed Emotions e - Spankh
Anger % Eclectic | office Essentials
Facepalm & Frustration 3 Bxpressions Sports Fun
® e @ Foot Care
el 2@ 25 Downward Direction
Laughter & Joy - = Furniture Comfort
Disappointment & Pondering | & & Learning Journey
Celebration & Excitement % Medical Care
Tiredness & Sleepiness C Achievements
Moonlight & Serenity w & Extraterrestrials
Whimsical |Breezy & Airy [ European
Emojis Upside Down & Playfulness | & Prehistoric Era
Heat & Suffering ] Royal Castle
L

Intellectual Curiosity

Educational Institution

Indifference & Neutrality

Discontent & Frustration

Coldness & Chill

c]L-

Blank Expression

"

Blank Expression

[H

Awkward & Sly

=8

2
L+

[-219) 4-5] Hierachical Emoticon
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REE Mg E AT BE o|REFES AFH o|REE JhH g
2 RE AANZE (A2E AFH o|REHE JtHue)2 A%

gol &gt 7)ol AFA o]REF JhHl g Ml JhEHlaze] WSt
HEZ TAEAM, C={c10 i Cop Clo Clis o Cup | &2 T

& Jbsstth olW me vl Fhelele] g, 5 3270011, ne 197 ¢
A= 2wl el ezt B4 B b e o] siFolth olek e H
715 o35t 172149709 EE el dia] sld ol REE JhHl el (v
ol Ftelny HE, AB Jlelue WE)E dol8e A% YAFH(E 4-4]
Fx). o714 A HolEe dwo] ALty md snke] AlFA JE
Aol A &, 1GAdA vd Freae] HEE ShFshal 2uA o A

Au sEsne dEg syshs AbgE

g5 HAZoA Z Szl 7S AE A8k WeightedLoss W& =9

shith o] ol de AT &S 51doA B FAE] wFA
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[3% 4-4] Example of Experimental Data Configuration

Main Sub Hierarchical
Text Data
Category Category Label
Aldgh dleo]= ghxk A H] 2~
c
Sub =He 1.1
Category 1 AT o) 3 €
Main (Juice) A= Wit e .
Category 1 Haw 9934 L1
(Drink) Sub Ao gl 9849E 98k €19
Category 2 | 9F =olHA A A &= 3ot €9
(Champaign) | 9-o}st ~u}38 ¢}¢l o]y} o
Sub 279 | od =8¢ C30,3
Category 3 o EA FALZE Cs0,3
Main
(car) gt o] Ela HolE C30,3
Category 30 oo =
. Sub +538 e A G C30.4
(vehicle) —
Category 4 | A" A g+ =9 €30,4
(shose) to)7] Fx3g} C30,4
Wsub 0 Wsub 1 Wsub 2 sub 3 Hsub 4 Wsub 5
Wsub 6 Wsub 7 Wsub 8 Wsub 9 Hsub 10 ®msub 11
Wsub 12 msub 13 sub 14 sub 15 ®sub 16 ®sub 17
Msub 18 MWsub 19 MWsub 20 MWsub 21 MWsub 22
-
i 0
=
_
L] | | T S N R
RPN P Y S P IV AR I I S SIS Gl S S S S I N (O - S o O O R O
FIE T T T T T T T T T T T S

[2¥ 4-6] Imbalanced Data Distribution




Ol

w =wolA= BERT 229 o] B9 KoBERT L& 283he]
AZF2 »dS FA3tr. BERT(Bidirectional Encoder Representations
from Transformers)E Edaym Rdo] QAQaynts &83te] Ald sty
H EERA ggd Ado] Ay BjiazolA Hojd Aes HolFa

olegt Y A" Ve £ Wl 4F =W ARE BF udste] 3

a2 ¢e %= KoBART, KoGPT2, KcELECTRA, KoELECTRA 5 ©& E
23 7|Hke] ghmo] ALHSts RYEERE FUFRE =YLt ASH Rds
TAsI. o] RdE JA EdARY of7|HAE J|wto g do] Farol
dole & A shFEdom, tgFe o] A 2o Hold 45
HoFET gt R "H2E folHE SFshe o] REELS oo £, 7
A oldlet= "W 2 FHel 3tk KoBERT,

AHEe [E 5-1]

rie

KoBART, KoGPT2, KcELECTRA, KoELECTRAS¢| 7]

A T 5 9
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[E% 5-1] Korean Pre-learning Model’s Configure

model develop data vocab | params

KoBERT SKT #1719 v oF 50M 8,002 92M

KoBART SKT 30,000 124M

KoGPT?2 SKT 51,200 125M

KoELECTRA 7R el EFo TEA (AT, WAalA F) 35,000 112M
°F 20GB
T 7IAbEe HEw oo
KcELECTRA | 79l e ZIAES A= ) 30,000 | 127M
17.3GB
B =R E =3 fHolgHAle RE EFo] 1749 oREEZSE A A
Al o] RE]FE L ATA o|RE|E FhHarg el &3 Avk AlSA 7™ g
= 32719 Wl Frelaelel zF Wl Fheare] sl 372370 Alele] A H
g2 FAAH Adrt o]H FXE nieo 2 [1¥ 5-1]7 o] wax

Ean

Wyl ApEdR PAEE ASH Bee TEA old @ AFA P

e U AREE FPAE W FoF 4B on ojmEze] &Ko
2 F7bs3 Astes 4RI QRS omE T =8 uvit AFY &
9o ABRATS FHAYE HBE, AEF fo] sFesrhs Aol 4

o},
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Input

Eelbcl® — ool o

Mo od
for diamond -
(subo

t
Meog
—( sub7

far drink

sub2 )
Sub Model Result
} €4 7-sub?

\

\

output
e :;
=+ ( camera Main Model Result /
S| | tane s
e \ _ oo
fut'ftf-(?ﬂ L
[Z1¥ 5-1] Hierarchical Model
HAREL SNS AAZS 32709 |l 7tH g2 E/Fse 9S8
I, AA HolHAlS AbESte] StFdth WdRE Shefo] 3279 A B R
TAsE 22 BHE A3} 32709 qErde ZF B ghg ag o
&ot= dolHA S AbEste] Shgetar B R wpe} Fes et o
HA JHes 7424 vd2g 4 Rrde s Jiaes 3723 19 el 9l
i EE AMERYY FHA5Y F NFE 3l40eln [1¥ 52l AFA
2o mA 274 (Fine-Tuning) 45 AlstAl Aat. 2 JAHd = &
ol T4 Hl FHeaY, 4B JtH g E dEoR WET o] F HEoR
HArdl e g5 RS Tl vl 7t g s dSsA "k 1 5 59
wQl Fhe el ok Al wWQl JheElare] Atele] ztolE Loss -E F3 SA
SHA "ot olg A 4FEE Losst 9y A (Back-propagation) g =3 7}
SAE £Ast=H AFEEM, o]& Fall HWJARE O Shgo] o] FojXT) H|s:
g Ao r MERAL S5s i3 AE JtEagE oS53t e 95
| AB Fheag et A ME FHHALE] Ae]lo] LossE AetH, o] LossE
Adu RG] &g HEEHH TFS g} oy Aow wlrdy
MB R Zhzko] wAl =4S Fa, e ATHoR ATH RdY ATA
ZA S o] FojWlth
-4 -
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[SEP]

[29 5-2] Hierarchical Model Fine-Tuning
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[<=2] 5-1] Weighted Loss
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o
ol
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file)

o
o
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2. 154 2d 9 o|REE F3

B omRolA Agtsle AFH mde wol sHneg BRde dan

217k oskelel A B JHEH A EE sk 32709 MEEE A

gt} o]g A EF7E7F AAR HBAEE EAvelAE B EZ3 HH o
T OREE FH Alzge] gEEg AFH EFE AW 129 §F g
2E= ¢, 5, fast foodeb= ME ZHH L2 HE E/F5aL, oo &3 oln
250 92 FHHr.

Inference
m Data Pre-Processing
KoBERT Recommendation

O Qv oo et (e 1) text Tokenizer tokens System

s AR SHU e v 2N hierarchical
label

[29 5-3] Inference in System Overview
Hg pAdem ¥ Qi FAT dolHE Besd dud A

KoBERT 24| A5 Hl2o [17 5-4JoA HART 48 dolg 7t A&
=, WA wJAEEe] Tokenizer’b HolHE E&ststa WY TS AA

2 Aglo] = g=ofololgts Eo] Foixw, wamde 3270 wWel Jh|
'Drink’ & A ¥]3}3, o]ojA 'Drink’ AEREEL o] e aiz] oA

K
i)
ofN
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'juice’, 'champaign’, 'wine&cocktail % 'wine&cocktail A2 ZH 18] E 2
Aok, agan o] ZhH gl e &3 o] & . olE A AFEAF

VAL ANTE o, % 2 54 AMuAR AF BFHY, HF Aday

k)
H
Ll
©
o
o
i
B

Main KoBERT 2%

c Jlm 7 [n 7 7 |fem]

| FC-SoftMax ‘

Co(DIamMoN) e e — —— —— — — — FoaBne [y R S S — €31(Etc(31))

v i
;‘_;L i EIT;?::T-l L \UH’H?’!EI\"EIIIIIIIPJI \I\H I ||U|I|
mbedding
Eieus) || By £y Ey £y Es || Eiser 5277 Ey “ Esep)

“Diamond” Sub KoBERT 2%

= 7 |5 [ 17 ] ]

FC-SoftMax ‘

“Drink” Sub KoBERT 2% "Etc(31)" Sub KoBERT 2%

[r I [ 7 7 JTeen]

FC-SoftMax ‘

¢ [nln [n[n 7 ][]

FC-SoftMax |

¢ 7(Wine&Cocktail)

.

L 5 dJ

[Z2¥ 5-4] Hierarchical KoBERT Model for Emoticon Recommendation
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D DD
|
l | | | |

KoBERT KoGPT2 KoBART KoELECTRA  KcELECTRA

| |
l d
test test
predict 2} (o] (=To [(m
| |

Basic Model

test test test

predict 2t predict 2} predict 2}

New
Traninig Set

|

Meta Model Meta Model

|

Final
predict

Ensemble

Final

[29 5-5] Stacking Ensemble Based on Korean Pretrained Language Models

re
i
Mo
2
>
rir
[>
fuj
oY
o2
oz
il
N
i)
to
=

oS wekek oldf| 7t 7bsstth. o] 9k,
Logistic Regression, XGB (eXtreme Gradient Boosting), 1231 LGBM

(Light Gradient Boosting Machine)S X33t & Al 7}#A] HWEf 29 & 9]



e, ol T 7hE AFe v ZdS HdAsr] A dde

At o dobrh, 2EE FEE aE ATt A 7HE deE AbE

onY ggEse vw 29 P

[3% 5-3] Pseudocode: Constructing Hierarchical Model After
Applying Stacking Ensemble to Main Model

Input : test data

Output : test predict label

###Main Model’s Load and Predict
main_models = [KoBART (main), KoBERT(main), KoGPT2(main),
KoELECTRA (main), KcELECTRA (main)]
main_predictions = [model.predict() for model in main_models]
###Main Stacking Ensemble
main_new_data = {'input’: main_predictions, ‘class’: test_data[’class’] }
main_meta_model = LogisticRegression() or XGB() or LGBM()
main_meta_model.train(main_new_data)
main_predict = main_meta_model.predict()
##Sub Model Load and Predict
sub_model = KoBART # KoBART, KoBERT, KoGPT?2, KoELECTRA,
# KcELECTRA & AZAT dffe] Hqurd e
sub_models = [sub_model(sub0), sub_model(subl), ..., sub_model(sub31)]
sub_predictions = [model.predict() for model in sub_models]
###Model Predict Concatenation
correct = 0
for i in range(test_data.size()):
main_label = main_predict[i]
sub_label = sub_predictions[main_labell[i]
if main_label == main_true_label and sub_label == sub_true_label:

correct += 1

_5']_




(3 Create New Dataset

consisting of predictions
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New Training
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Output

i ) | Main Model Result/
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Fe
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Me o
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e o
for camera
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B o L
@ Predict
i
Output
»( subo
—>( sub7
»( subo
— »( sub4

Train, Valid
GlolE 4

Test
- GiojE] 4

Sub Model Result
C17- sub7

[Z19 5-6] Hierarchical Model with Stacking Ensemble
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T At A A

W+ F1-Score® &+

o

F1— Score = 2 X

Top— K Accuracy(y, f

e 4 9o, o
glolt}. o)A & 5719

TP+ TN
TP+ TN+ FP+ FN

Accuracy =

[¥=24] 6-1] Formula for Accuracy

TP
TP+ FP

Precision =

[4=4] 6-2] Formula for Precision

TP
TP+ FN

[424] 6-3] Formula for Recall

Recall =

Recall X Precision

Recall+ Precision

[4=2] 6-4] Formula for F1-Score

1

Nsample —

2

sample 1

n
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2. stol o shebul g A3

B =3R4 KoBERT, KoBART, KoGPT2, KcELECTRA,
KoELECTRA R d&o] tjste] thst steldIetny AAd wE AHs W

1o

3= Ay Bttt $g& 8wz =Z7](Batch size), W Zo](Max Length),

a8 3l 2AEF2(Scheduler) ¥ 99 ©@Al(Warmup step)E ZAHTOZH

0502 05004 0502 o005 0502 0502 g 4905 05008

0497 - 0497 0497 0497 0.3006
0.4926 0.4967
0492 0492 0492 — 0492

0.4912
0487 048804587 0.487 0.487 0.487

0482 0482 0482 0482
16 32 64 128 32 49 64 90 linear cosine 0 5 10 15
(a) batch size (b) max length (c) scheduler (d) warm step

[29 6-1] KoBERT Hyperparameter Tuning Results
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0517
0512
0.507
0.502
0.497

05129

05120

linear cosine

(c) scheduler

0.517
0512
0.507
0.502
0.497

05141
0.5104

0.5096
5080

0 5 10 15

(d) warm step

6-2] KoBART Hyperparameter Tuning Results

0435
043
0.425
042
0415

0.4277

0.4276

linear cosine

(c) scheduler

0435
043
0.425
042
0415

0.4288 04285

4252

04189

0 5 10 15

(d) warm step

[Z23 6-3] KoGPT2 Hyperparameter Tuning Results

0.507
0.502
0.497
0.492
0.487

0.4993

0.4974

linear cosine

(c) scheduler

0.507
0.502
0.497
0.492
0.487

0.5029

05026 04980

0.4989

0 5 10 15

(d) warm step

KcELECTRA Hyperparameter Tuning Results

0512
0.507
0.502
0.497
0.492

0.5062
0.5061

linear cosine

(c) scheduler

0512
0.507
0.502
0.497
0.492

0.5083
0.5065

0.4957
0 5 10 15

(d) warm step

KoELECTRA Hyperparameter Tuning Results

0517 o 0517 T
i 05118
0512 0512 ONL5IE_e—0p
05115 05121
0.507 0.507
05023
0.502 0.502
0497 0.5004 0497
16 32 64 128 32 49 64 90
(a) batch size (b) max length
(24
0.4275
0435 0435 VTR
0385 043 /M.zy\
0335 3578 0425 g.4261 04254
0.2750
0.285 02805 042
0.235 0415
16 32 64 128 32 49 64 90
(a) batch size (b) max length
0.507 0.507
0.5026
0.502 0.4999 T 0.502 0.4995
0497 0.4984 0497
0.4961 04364
0492 04941 0492
0487 0487
16 32 64 128 32 49 64 90
(a) batch size (b) max length
[19 6-4]
0.512 0.512
0.5079 0.5083
0.507 0.5052 0.507  0.5047
0502 &, 0502
0497 0497
0M935
0492 0492 04952 2938
6 32 64 128 2 49 64 90
(a) batch size (b) max length
[2% 6-5]
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ofr

3. 2d A A 343 2 A

oo A% 848 [% 6-2]d AAEA 7I=%Ho A 2382 Intel
i7-7700 CPU (4.2GHz), 64GB WX g & zt&E AlxdoA] 3= glom o
A 2~de Ubuntu 16.042 $GAARE A&t gt =3k 2938 A7
Ax 2= NVIDIA GTX 1080 Ti GPU7} AF&5 < &

RE 59 PyTorch ZHYYAE 7|wre g T EHY

[ 6-2] System Configuration

Computing .
. workstation
Environment
Processor Intel 17-7700, 4.2GHz CPU
Memory 64GB
Operating System Ubuntu 16.01
Graphics Card NVIDIA GTX 1080 Ti GPU
74 WA, A% KoBERT 29 88 o|Re|x +4 Axde 4%
S Friskzl fal, vla g REs dAsta s vla AFE s

B oEiE BF HokA g AL&EE DNN, LSTM,
Bi-LSTM, 23 GRU E2& AAstglon, &l 3t A5s vusy] 9
3l A &% (Accuracy), A% (Precision), A ¥ & (Recall) 183 Fl-Score&
St T3, o] RE ] ARR sfRo] AbE Aol A EFI Moo wet
aA E28d F AeS 1839 top-k accuracyE F7F=E A 351 top-3,

top—5 accuracyE 4 =45
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4. 59 4% 43 A% 2 BY

A

4.1 A%3 KoBERT Ed A% H7}

A A A AZ% KoBERT Edo|A mclndol AH%s =A3)
¢l KoBERT R #2 SNS AA =S oREF Hl 7hd el 327/ F 3
Uz BRI o= 9] "<l KoBERT =23y Hluy 2del DNN,
LSTM, Bi-LSTM, GRU 47§ =49 AIm AUE AL, 28

=

=

F1-ScoreE [3% 6-3]7F #Zo] vlussitt. Wl KoBERT REHe] AHSE=
05019 A%<S HolFi gloew, DNN tH] 0.286, LSTM thH] 0.259,
Bi-LSTM Wi¥] 0.24, 28]32 GRU tH] 0263 A% Ao &A=t

o

Rdle] AUEE 0526, A& 0501, F1-Score™ 04892 R 445X

FolAM vhe 2l vaste] 2 e BolFa ok
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[3% 6-3] Comparison of Main model Performances
(DNN, LSTM, Bi-LSTM, GRU, KoBERT)

Accuracy Precision Recall F1-Score Traln(l gegc—)Tlme
DNN 0.218 0.090 0.218 0.101 284
LSTM 0.242 0.204 0.242 0.172 461
Bi-LSTM 0.261 0.178 0.245 0.173 713
GRU 0.238 0.200 0.238 0.161 445
KoBERT 0.501 0.526 0.501 0.489 22,946

T oA AddgiE AH KoBERT 2He ASS Hrtsgth AH

>~
o

ws)
e
=
,%
il
e,
rlo
=
o

KoBERT &9 3}9lo] = 32709 md =z AE
el g e EFE 33 [19 6-6]= 32709 ABr2ddE KoBERT
o 47] =P (DNN, LSTM, Bi-LSTM, 181 GRU9 A%<

>

F1 9tk 2+ A B KoBERT 2dnitt Fd dolgAle
=3
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[3£ 6-4] Performance of Hierarchical KoBERT Model
compared to different models

AC%EIE?CY Acg}lggcy Acgifgcy Precision Recall F1-Score
DNN 0.086 0.134 0.155 0.060 0.180 0.080
LSTM 0.104 0.180 0.226 0.169 0.184 0.133
Bi-LSTM 0.107 0.182 0.234 0.136 0.197 0.136
GRU 0.089 0.147 0.176 0.072 0.119 0.082
KoBERT 0.415 0.502 0.550 0.581 0.451 0.477

[3 6-5] Comparison of Recommendation Time per Sentence
between the Hierarchical KoBERT Model and Different Models

RecommendationTime
(milli-sec)
DNN 172.30
LSTM 226.06
Bi-LSTM 227.89
GRU 227.89
KoBERT 239.78

42 297 GBES HEF AFH EE 45 H7L

A WA A3 ASH 2d Y mdrde] dsS va Mgt o]
Hmdel oate Axelad AAZFS 32702 W JtEae T osuR
BH#sle=  zZle®  KoBERT, KoBART, KoGPT2,  KcELECTRA,
KoELECTRA 7|RFe] wQlrde] HsS Mzttt
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W A% B4e /Fsgon, o nhE B FE A o 30 o
B FASATE felth of At G Awel Ay Fabdl seete
A, 2 Q8] F7HA %l AL vl &l STH S BRoFET
[3% 6-8] Performance of Ensemble-Applied Hierarchical Model
compared to different models
Accuracy | Accuracy | Accuracy F1 . .
@T1 @T3 @T5 | —Score | Frecision | Recall
KoBERT 0.415 0.502 0.550 0477 0.581 0.451
KoBART 0.430 0.520 0.564 0.503 0.644 0.457
KoGPT2 0.355 0.445 0.492 0.420 0.565 0.386
KcELECTRA 0.420 0.509 0.555 0.486 0.588 0.453
KoELECTRA 0.417 0.506 0.549 0.484 0.619 0.454
Stacking (meta:lgbm)
+ KoBART Sub 0.502 0.584 0.616 0.556 0.654 0.524
Stacking (meta:lgbm)
+ KcELECTRA Sub 0.499 0.584 0.615 0.554 0.653 0.521
Stacking (meta:lgbm)
+ KoGPT2 Sub 0.486 0.564 0.594 0.539 0.632 0.508
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[3% 6-9] Comparison of Recommendation Time per Sentence between the
Ensemble-Applied Hierarchical Model and Different Models

RecommendationTime
(milli-sec)

KoBERT 239.78
KoBART 269.98
KoGPT2 200.71
KcELECTRA 242.08
KoELECTRA 245.06
Sta}rclf{lf)l% E{;nRe%a-éi%m) 703.15
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ABSTRACT

Context aware emoji recommendation

for SNS based on emsemble pre—training model

Kim Jee—Hyun

Department of

Convergence Technology Engineering
Graduate School of

Sungshin University

Emoticon recommendation is a critical task that assists users in
easily finding the appropriate emoticon among thousands available.
Traditional emoticon recommendation methods target chat platforms
and primarily recommend emoticons that wusers frequently use to
express emotions. However, on social media platforms like Instagram,
emoticons are often used more to supplement or emphasize the
content of short posts rather than to convey emotions.

This study proposes a new methodology for recommending
emoticons by understanding the context of Korean posts on social
media platforms.

We introduce hierarchical KoBERT into the emoticon
recommendation problem to understand the context of Korean posts
and recommend a variety of suitable emoticons. Recommending 616
emoticons from 314 categories proves useful in conveying the implicit

meanings of short social media posts more accurately.
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We construct a dataset that reflects the real world by collecting
Instagram posts and build a hierarchical KoBERT model to learn the
hierarchical categories of emoticons inserted in each text.
Experimental results have validated that the hierarchical KoBERT
model outperforms DNN, LSTM, Bi-LSTM, and GRU models in
emoticon recommendation.

Additionally, for performance improvement, we introduce additional
Korean transfer learning models such as KoBART, KoGPT2,
KoELECTRA, KcELECTRA, and compare their performances and apply

stacking ensemble techniques.
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