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[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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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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