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Research and Implementation of Intelligent Chat Robot Based on Depth Learning
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[ Abstract] Deep learning has been applied to the field of word vector representation, machine translation, natural language
understanding, emotion analysis and Chinese word segmentation. At present, many researchers have deeply studied the main
technology of the chat robot, and the deep learning technology in the machine learning is gradually applied to its research. In this
paper, the main problems of the chat robot are described, and then the model of the LSTM-LDA neural network and the seq2seq
model of the Attention + Bi—LSTM are described respectively for the existing problems. Then, the model of the chat robot is

described, and the BT-DLL model (based on Sequence to Sequence) is designed.
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Fig. 1 Subject model of neural network
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Fig. 5 The chat model prediction result
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