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[ 7] 712 &7 2389 KOCO-hate #FA %

KoBERT | KcBERT | KoELECTRA | KcELECTRA | KoGPT?2

Accuracy 0.60 0.61 0.64 0.68 0.57

Fl-score 0.59 0.61 0.63 0.68 0.56

MAE 0.42 0.41 0.37 0.33 0.48
MSE 0.47 0.47 0.40 0.35 0.58
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MAE 0.43 0.40 0.36 0.32 047
MSE 0.50 0.44 0.39 0.33 0.57
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ABSTRACT

A Study on the Performance Improvement of
Artificial Intelligence HateSpeech Detection Model

Using Ordinal Regression Model

Seyoung Lee

Department of Future Convergence
Technology Engineering

Graduate School of

Sungshin University

Online activities have become more active in the wake of the
development of computer communication technology and the
COVID-19 virus. In particular, as SNS activities that allow users to
enjoy online content such as YouTube and Tiktok increase rapidly,
they often enjoy content on SNS platforms and express their opinions
through online comments. Because anonymity is guaranteed due to the
nature of the online, malicious comments containing hate speech or
prejudice remarks are easily written by exploiting freedom of
expression. Online malicious comments cause mental damage to
objects that exist offline. Since malicious comments can lead to
extreme choices, preventive measures and regulatory measures for
malicious comments are urgently needed.

Among the KOCO (KOrean COmments) datasets that collected
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Korean comment data to learn the Korean malicious comment
classification model, the KOCO-hate dataset labeled malicious
comments with normal, aggressive, and severe hate speech depending
on the degree of disgust. Therefore, since malicious comment
classification is a multi—classification problem according to the degree
of hate speech, we propose a malicious comment classification model
using an ordered regression model that is effective in classifying
ordered classes to utilize ordered information of each class. First, for
hate speech classification, the CORAL (COnsistent Rank Logits)
framework and CORN (Conditional Ordinal Regression for Neural
Network) framework were applied to the pre-learned Korean natural
language processing model.

When comparing the classification performance of the basic model,
the CORAL model, and the CORN model, it was confirmed that the
performance was improved in the CORAL and CORN models using

the ordinal regression model.
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