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Abstract Recently, with the development of artificial intelligence (Al) and deep learning, the importance of
conversational artificial intelligence chatbots is being highlighted. In addition, chatbot research is being
conducted in various fields. To build a chatbot, it is developed using an open source platform or a
commercial platform for ease of development. These chatbot platforms mainly use RNN and application
algorithms. The RNN algorithm has the advantages of fast learning speed, ease of monitoring and
verification, and good inference performance. In this paper, a method for improving the inference
performance of RNNs and applied algorithms was studied. The proposed method used the word group
expansion learning technique of key words for each sentence when RNN and applied algorithm were
applied. As a result of this study, the RNN, GRU, and LSTM three algorithms with a cyclic structure
achieved a minimum of 0.37% and a maximum of 1.25% inference performance improvement. The research
results obtained through this study can accelerate the adoption of artificial intelligence chatbots in related
industries. In addition, it can contribute to utilizing various RNN application algorithms. In future research,
it will be necessary to study the effect of various activation functions on the performance improvement
of artificial neural network algorithms.
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Table 1. Test Environment
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Embedding Layer 256
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Batch Size 512
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Early Stopping Y
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