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Abstract

Data augmentation, a technology that increases the composition and quality of datasets important for machine
learning, is a technology that increases the amount of data through various algorithms based on a small amount of
data. In this study, we propose and evaluate ways to improve the performance of emotion analysis models by
augmenting data using a large language model, Generative Pre-trained Transformer(GPT). We used weighted logic to
solve the class imbalance problem of datasets and applied prompt engineering to overcome limitations on the quality
and diversity of generated data. As a result of the experiment, it was shown that the proposed method can increase
diversity while maintaining the quality of the data and effectively solve the class imbalance problem, so that data
augmentation using GPT can improve the performance of the model using the KoBERT model.
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