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Abstract It is known that BERT can capture various linguistic knowledge from raw text via
language modeling without using any additional hand-crafted features. However, some studies have
shown that BERT-based models with an additional use of specific language knowledge have higher
performance for natural language processing problems associated with that knowledge. Based on such
finding, we trained a sentiment-combined model by adding sentiment features to the BERT structure.
We constructed sentiment feature embeddings using sentiment polarity and intensity values annotated
in a Korean sentiment lexicon and proposed two methods (external fusing and knowledge distillation)
to combine sentiment-combined model with a general-purpose BERT pre-trained model. The external
fusing method resulted in higher performances in Korean sentiment analysis tasks with movie reviews
and hate speech datasets than baselines from other pre-trained models not fused with sentiment-
combined models. We also observed that adding sentiment features to the BERT structure improved
the model’s language modeling and sentiment analysis performance. Furthermore, when implementing
sentiment-combined models, training time and cost could be decreased by using a small-scale BERT
model with a small number of layers, dimensions, and steps.

Keywords: BERT, pre-trained model, sentiment analysis, external fusing, knowledge distillation,

sentiment features
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Representations from Transformers, BERT) ==[1]
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2 A= BERT Edol| 724 A Frlshes
Hoz 9% ZAF W (External Fusing Method)S
AA G A A AEAE 2Fete] 2 716 IHd
ojuj 74 AFe A Ul Z+
EZo o] 7bd BA 37 A(KOSAC)[9]e] g3k
= 4 SA(polarity) ¥ Z=(intensity) #h< FoIgh
Zolth, o] #}EL A7 Uik er FAHHo 7]E9
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83k o) 774 A 2d(sentiment-combined model)
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%2 gy mREEo] go] HAEE o|gste] g
Ha U?E}i FolZ FAHE AdoixE EAE A3t
Aot } oofg oz & dFEa ok 1 %
7] d‘_#i Google Research?} Z713 multilingual

BERT =@(M-BERT)& 10471 ool disted 243
T UEF IRMEJAT Ty Sk dlolEZE 10400 o
o]o] Wikipedia Hlo|E{Rto 2 FAE o] 1 =27} 34
Holgbe= A, I2FE FA9 ARA ZF A Ao
7} AA S Hlgo] wlg Ate ©ie] vk whEkA

TR HIste] 7 dojo] HEIE wf Fo] M
dol BERT RAERT AxsA JepdtH10-13]. ]
€ 309 2 7k g=e] 718k BERT RES 534
= 3% = = AFOItHKorBERTD, KoBERT?),
KR-BERTI[13], HanBERT®).

2.1 &3 XEg 0|8 dEFl Yz

z7] A4 BN AFdAME dolr  Hlo]Z(Naive
Bayes), AZE H¥ wAI(Support Vector Machine),
H) AEZ3)(Maximum Entropy) 5& o] &3+ &7 4
WHEo] dgl 293, ©]3 CNN, RNN, LSTM 52| 42173
W 2d3 ELMo, GPT, BERTS 22 duld nde
g8t PHES E}‘/L‘:‘r olglg REEL HXEd
EFE UE zrst7] 98l ks T/
AAEE 19kstal AFE-3) %\LV/P. 78 718421 n-gram
o] &4 i @ HlE4 = pag-of-words A2 ©hol

B O3 A o3 Ak Fol I ootk

dole] WHH PFY F T
5

t}. Teng et al. (2016)[14]2 @& IS4 AHR
E}% A FE9 7+E weightZ 3te] LSTM =24
z3

-Er%]' ©@le] 4 “?‘%g —’Fsﬂﬂ‘ﬁﬂ' Sun et al.
(2013)[15]014= 2 A3} =5, & 725 LSTM

3 4 W 24 @do]E79] attention
Aikste] zh gojoll g 7FEX7F HA skt o]
wet Zb gole] 2y AEjgk(hidden states)®] 71E
& Fate] on] HMEE AUk Bao et al. (2019)[16]
= o3 AHERERE de 7t "ol A FAH#US
LSTM REd# Aggste] £A(aspect) 7I8F 74 £4]
Ao o] &3ttt Li and Caragea(2019)[17]1= 24
o3 EE79 WS Tl Al <t "o Z ]'Ol
g B2 xZgEo] JeEAY ARE HESEtY Ak
|3tk

1) https://aiopen.etri.re.kr/service dataset.php
2) https://github.com/SKTBrain/KoBERT
3) https://github.com/tbai2019/HanBert-54k-N
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WordNet ARHOA] ZF whofo] thst 74 FAHES 4
ZA "8 B 99 7A 24 AR 3
71&°] BERT Wldol w3t 853 A28 BERT
2dolt}. ol A ©9le 8 FRE X3 i
Bl ~E (Yelp Dataset Challenge 2019)5 35 dlo|EH=Z
AH83ta, BERT =229 Wi 85 B2 F sh<l
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2.3 XAl BF

o] ShgF(transfer learning)2 3+ 714 Z=wle] o
olElLt EAlol tis) mdo] 5% A4S #¥d ok
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#74¥ BERT ER2RE A48 Holke HEFHI

Nz T Ad2 29 olgs &4 A4 EAE o
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ZAsHth Tan et al. (2019)[19]1= 718 dojol ths)
gt 7Al MY 22 RE oOF dojol s et

Mook

B A2& Holate] thekt dojde] ZAMY
Ao MHdE Hes IEF 3HTE Reimers and
Gurevych (2020)[20] &A] A2 F7/F PHES o] &3}
of & B4 Fgshs Fo] B4 e 2Ee A2
W malo] Rl Agetaat st ol HAd o
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B AFollA= g 3] ARd(sentiment leXicon)
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ATE 1 FoA 2 dolol B 24 AW A=
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BERT =d¢] Abdele S0 YA 28 AR+ 23
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Fig. 1 Visualization of the embedding composition
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el we} F 7] MR 2 44 A RES g5sinh
* KR-BERT-KOSAC-small: 7]&2] KR-BERT =g
I Zo] F=o] 9719 T} HolH e} 2 JALR T
A= 247GB«| gl])\Ei ’61-/‘6]— p=A=1} /\]_;ﬂ_‘oj 5“1-61-
st<5 Ho|EE %3l Byte-Pair Encoding (BPE) =
Aow AT 10000718 Tolo]l F=o] HAEo|
27 AHEEE B ¢a, @ 9B Fo 4
5 FUI 16424709 FEo g2 FAE ] ok
+ CH-BERT-KOSAC-small: &0} w2 7|A gZ
dolejde}l gheo] oFF 'R dlolEAl[21]¢] mF4]
H H2EE IS 12.7GBY &5 do]Efol ]uks)
AP 919k o] Ho]HZHFE BPE
3k 20,00071¢] @ol® 83T
4 Ad B 2E 89 dEE 2493, 879
ofdld &, 5122kd dulde] By e FRE F
datsich Hlolg] Ald2=e] Hrj ZolE 128, 3
Hi XA 25 64, SIFES le-42 HAAH3H M Adam
optlmlzerE /\]-—%‘3]-93\1, 7_11—7_11- t‘s]—!:. A =0) o]-751;<4 o7
FH3l7] Al&skE S0RF 2~871A] SS9 2+
CH-BERT-KOSAC-small 29 1005 &7} &

—S-E =
F3taA DA G5 loss #el FolZ, 509 2§ 2
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2oz Y
z

o,
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E

=3

4) https://github.com/Beomi/KcBERT
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Fig. 2 Training loss of the CH-BERT-KOSAC-small model
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OE F e AREEEE FoA TensorFlow 7]
Hkoz FE 24 w9 29l KorBERTS} KR-BERT,
KR-BERT-MEDIUM®), ~Z18]a1 M-BERT =d9& Al
g5tk
A WHS 24 mdo HAIXE wd=FE v

s = weightsE B89, olgs 2&
3 Y Zhzto] dlolE Aol tiaE] A lossE Al

° 7% 2do] AT 77 dwge] npAqt
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tlolel Aldze] A
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°lE

o9 Ay F W o)
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5) https://github.com/snunlp/KR-BERT-MEDIUM

A& 913 BERT Abd

sEds 327 A2 wde) A% 819

3k lossE A8 233 5 Adam optimizerE T3 3
H F 4 e Ay

Hel A3} o Zof] Al-gETh
o wet F o AR & A4S 7 2dE]
FezgS sl A P EfS £ Aotk 53
A IAEA e AR REES Ui E I
E o] g3ty FEF 2ElLE o mdyS 33 A
olmg I A7 RHEZARI o] REFA| HArE %
st ksl o] ARE F TIEd Zoz Jgdd
gl 71e 24 Al we g

o“ é;_ PAT p83 j=Rle R Uty |
A frelsll 715 Zolth oldA T mdo] A=
e ZHeld 3He AL YOBE A% P =

TAZ G EHY o4F &
]°]‘ﬂ 439 BH IZHANSMCOE
sk, 7—} GR7E Gt sl vEle BUkE T
A, B F A E BRSke BAlolth g to
Bl 15% 7l HI2E dlojg] 5% 7] ElRE 7A=Y
A 2 AFoie g dold F 2% ) gRE
st HF dHelHE o83t Rd AeE o
= A= (accuracy)S o]-&3te] Hr3ch

: 3718 oE "A](Hate Speech Detection)
EV)L‘[ZI] ZF 49 FEE o83y, 4F AR
w2} ‘hate(ZiR1e)v @Alo] gk 34

o]

= &8 23y, ‘none(%’*z‘.l.‘d ﬁ?ﬂ% =3}
)] Al A E ) sk TlolE 7,896,
ol 4717, HI2ZE Hlo]E] 9747 H|2ER T
219'4, 3 AE A5 H2E dHolE A%
& N9 FyrEDd uel Fl 0|3l o

o=
;g'l‘e

5 ogAl mEo tste] 33004 A%e mde
WX Aol = 128, AT MAAOl= 8, HloE] AlAze]
Hol Zo] 128, &FE He-b= AAsH 5 AF F<h
sIFdstdth. 24 A Ba F8A ge v
A mdEe] 4, B8 BadelAs A, ®

_'_‘

992 5 olgstel & Al ARG 49 A3
g Ryt olF AdsGnde BY A4 ¥ 97
A% Pel E3E FAAsk] A vlolxeelo] Hn

6) https://github.com/e9t/nsmc
7) https://www.kaggle.com/c/korean-hate-speech-detection/leaderb
oard
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KorBERT®} KR-BERT, KR-BERT-MEDIUM, M-BERT
o v 7HA 2dS %33

4.2 AMF At

F 4 B4 EAol us g Ades & 19 2o
¥ 71A 712 ARESksR" M-BERT, KorBERT,
KR-BERT, KR-BERT-MEDIUM o} +KR-small,
+CH-smallZ EAIE P52 ZH7F AAdsgrdd 7+4
A2 2d¢l KR-BERT-KOSAC-small# CH-BERT-
KOSAC-small& Z3e 4% Ax4E Jvepdth. A o}
2 ¥ KR-BERT-KOSAC =d¢ t= 23 A=
LE 1=

d 7k AREERd mEvh T oA AARES A4
RRoA A Ad ndy AFPS o WIS HF
FE Bt 93k £F EAlAE M-BERT %
A A4 2ds ZAFAS o o] 2~3%p FEIIA
1, KorBERT® KR-BERT 94 ©Eoz AL
gEg 724 2d 2dS A AEPS W Aol
1%p 7}7ke] &=tk KR-BERT-MEDIUMS] 7
95 mdof Hgte] HI=rt A% FItEon &
7o A3 A% F M 5% A5s Bt &
KorBERT9+ KR-BERT, KR-BERT-MEDIUMO®IA
43 AF TolEg H2E HolHZREH de
90.50 ©)de] A== PAZA N vl F3iH
o AY H5 F /P & FEOITh

oFF &1 EAdME A A 2de AL o
5o deFo]l 43 £F TAAM R ¥ A e
2ok M-BERT® KR-BERT, KR-BERT-MEDIUM<
D502 AMEYS Rt HF tlolE HE to]E

o R Ho

1994 A 24 34 24 24 Ae

Table 1 Task performances of externally-fused models

Hate Speech

eval test eval test
M-BERT 87.08 86.82 73.39 52.03
+KR-small 89.34 89.03 75.00 54.23
+CH-small 89.39 89.18 80.22 55.63
KorBERT 90.48 89.81 78.74 54.33
+KR-small 90.75 90.49 77.70 55.64
+CH-small 91.00 90.68 79.34 57.49
KR-BERT 89.86 89.74 78.18 54.53
+KR-small 90.51 90.12 78.97 55.52
+CH-small 90.60 90.53 78.90 56.28

KR-BERT-
MEDIUM

+KR-small 91.21 90.89 82.25 57.74
+CH-small 90.93 90.81 83.63 58.90

KR-BERT-
KOSAC

Movie Review

90.90 90.29 81.93 57.91

90.30 89.82 80.00 53.81

9] F1 A7} A4438t90a, KorBERT 94 24 28 =
S A4S w H2E HolE Aol FAE UL 53
M-BERT®| CH-BERT-KOSAC-small 22-& A33]
< w HZ vlolEY dF ATd=E 8%p FFEUCh
oFF BHA BAY AS F A A A 2l og
A5 4sZF zol7} Yehdth. CH-BERT-KOSAC-
g3le o A%l KR-BERT-KOSAC-
e wr A ol Blolth W
A sk BF EAlAME o2t xteo|7t FEEA UE
U= ¢=th o]& KR-BERT-KOSAC-small 229
gt dlolE7} §17]9tio} HlolEle} 2 VA BEOE
FE] FEF0] vwd YA BEFER o|FoA &
W CH-BERT-KOSAC-small 2&¢] &< HloE7}t
22 Z)Abell Tidt 22 FAE Y ofF A tlolE Al
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