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[ ABSTRACT ]

The field of natural language processing achieved rapid growth as a deep learning-based method, which is a
neural network, was applied from a statistical-based method. The deep learning model uses an end-to-end technique
that induces the model to understand itself from start to finish without human intervention. However, in order to
train a natural language processing model, a lot of hardware resources are required. In order to overcome
hardware limitations, various pretrained models are used and fine tuning is applied to downstream tasks. Among the
pretrained models, the most representative model is BERT (Bidirectional Encoder Representations from Transformer)
technology, which is applied to various tasks. In this paper, we compare the performance with the existing neural
network model by applying the pretrained Korean model to the subtractive classification data.
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Table 1. Performance comparison using NSMC

Test

Model Acc(%)

LSTM(128 Layer) 85.79
Bidirectional LSTM(128 Layer) 84.67
1D-CNN(128 Layer) 84.72
BERT(Multilingul-cased) 87.00
KoBERT(SKTBrain) 89.59
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