SHAFIILE A HEHE| =27

Journal of The Korea Society of Computer and Information

J KS I Vol. 29 No. 2, pp. 43-50, February 2024
C https://doi.org/10.9708/jksci.2024.29.02.043

Zero-shot Korean Sentiment Analysis with Large Language Models:
Comparison with Pre-trained Language Models

Soon-Chan Kwon*, Dong-Hee Lee* Beak-Cheol Jang*

*Student, Graduate School of Information, Yonsei University, Seoul, Korea
*Student, Graduate School of Information, Yonsei University, Seoul, Korea
*Professor, Graduate School of Information, Yonsei University, Seoul, Korea

[Abstract]

This paper evaluates the Korean sentiment analysis performance of large language models like
GPT-3.5 and GPT-4 using a zero-shot approach facilitated by the ChatGPT API, comparing them to
pre-trained Korean models such as KoBERT. Through experiments utilizing various Korean sentiment
analysis datasets in fields like movies, gaming, and shopping, the efficiency of these models is
validated. The results reveal that the LMKor-ELECTRA model displayed the highest performance based
on Fl-score, while GPT-4 particularly achieved high accuracy and Fl-scores in movie and shopping
datasets. This indicates that large language models can perform effectively in Korean sentiment analysis
without prior training on specific datasets, suggesting their potential in zero-shot learning. However,
relatively lower performance in some datasets highlights the limitations of the zero-shot based
methodology. This study explores the feasibility of using large language models for Korean sentiment

analysis, providing significant implications for future research in this area.
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I. Introduction
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II. Related Works

1. Large Language Model
Atdo] A2] ZofoflA Qo R of2] WAIE AN Y
aict, x719] AA o] RE(Static Language Models)
E o] RS ALgstel Tol 7t WS R
Al173 Ao} @E)(Neural Language Models)2 91
Al730k(Artificial Neural Network)S ARE3l ¢1oj<9]
A S ZASHE WAl WHRCHIO)
AR sHEE]

2]

o

o]

g ok 0 o
L P

A sk5E] ool B (Pre-trained Language Models,
PLMs)o] 572 xlelo] Ha] Hofol SAKI9l Welg 7}A
it} BERTQF GPT[11]= o]2jgt Wao] ZAlof 9lct,
BERT: Op}aF EsfARZ AFR5}0] EIAEQ] 712 0o
A olal 715317 ghon, 5] BAE B2, AR 94
S O3t AfAo] Ae] AdoA £ 52 Bl
3HH, GPTL AIAIA] olo] gal2x] BIAEZ AAG} o
Zr2Qint. o] BHElZ2 Uil gojgAlo s
AR 8158 F 57 Aol W o] 2k Walo2

2H25]9icH12]. BERT, GPT <]ofl:= T5[13], BART[14],
RoBERTa[15]2} 2] ‘g0l 7iidel tyget Adof mlo] 5

n
_41

ot S2e



Zero-shot Korean Sentiment Analysis with Large Language Models: Comparison with Pre-trained Language Models 45

-

Arstadct. ®35F SciBERT[16], BioGPT[17]9} 2L thaks
Zujolo] Eglgl Ree SAKI

the 9o} welo] Althz AoSHA, Rel 3719t A
ShapRlo g2 2718t} GPT-32F GPT-4¢F 742
DaSe 240 o] HellElE 71X\ 9o, o}E &
5 B9 ALst Cort o] AIte 233 2 o &
9ITH18]. olaft T Qo] BREL 714 BA €
Y, AR 2u S0 xielo] A2} Aol Holdt At

ISR

Oz 2lo] 2o Wi w5t A
th2 Q9irt ChatGPTE AMgALY] A2

o] A5t Zu} e Ohe AJAsict o] E3f 7|&Al

P

EIAE
=

e
)
la

Q
o
>

o] Rroly} Bxlst xflS —%}5}: =t

% 2ol Skl

< qwaryis) 01940115 Pal.M 2[7], LlaMa[20]2

clofet iR 9lof Relo] SAIC ojelzt BUE

fotof xfelo] S8 WIS 2|, Adofof Tt o]

Hlgro e Mgl AulolN 91T A5 BE IS
SOz,

of 4> r
9
lo
_EL
gi
_9.
i
_.>L
_E
E
ro,
oK
)

N
N
w4 Flo _IE

rlo m

ol
p——1
rulm

oleigt wHle] Bge AFole T T Aol
Ao| 24 $M0 2 e Dl e Qo] nag
L83 520 AL oMY AR 59 Qo] 2 |t
A2 PR oS g st ZRA Ao olslE s
sPA g olalet 55 2 £ Ao Rl 7
O olo] RS Fgslo] clofat 3o Hojelol
gt Zoj9it £42 ololit
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3. Sentiment Analysis with Large Language
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Fig. 1. Sentiment analysis comparison experiment framework
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Table 1. Hardware environment and hyperparameters
used in the experiment
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Table 2. Table showing the accuracy and F1 values of the models according to the datasets. The Steam
dataset is named 'Game' and the NSMC dataset is named 'Movie'. Accuracy is labeled as 'A' and F1
value is labeled as 'F', each expressed in % and rounded to two decimal places. Scores in bold indicate
the highest score, while scores in underline indicate the second highest score.

st | KOBERT | ROT | TRERT | ELEcTRA | Ol | 3w | ChetePT4
A%) | F(%) | A F A F A F A F A F A
Shopping | 91.6 | 915 | 93.6 | 93.7 | 928 | 928 | 940 | 941 | 915 | 919 | 922 | 92.1 | 941 | 940
Game 787 | 786 | 82.8 | 82.8 | 80.1 | 795 | 829 | 829 | 741 | 666 | 750 | 687 | 79.4
Movie 84.6 | 845 | 88.1 | 88.0 | 855 | 85.1 | 885 | 886 | 81.6 | 802 | 838 | 830 | 887 | 88.0
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