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Abstract Natural language is the crystallization of human wisdom, and interacting with computers in the form of natural lan-
guage has long been expected. With the development of natural language processing technology and the rise of deep learning
methods, human-computer dialogue systems have become a new research hotspot. Human-computer dialogue systems can be di-
vided into task-oriented dialogue systems, chit-chat-oriented dialogue systems, and question-and-answer dialogue systems accor-
ding to their functions. The task-oriented dialogue system is a typical man-machine dialogue system, which aims to help users
complete certain specific tasks,and has very important academic significance and application value. This paper systematically illus-
trates the general framework of task-oriented dialogue systems in practical engineering applications, including natural language
understanding s dialogue management, and natural language generation. Then, the classical deep learning and machine learning
methods used in the above parts are introduced. Finally, the task of natural language understanding is empirically verified and ana-
lyzed. This paper can provide effective guidance for the construction of a task-oriented dialogue system.
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Table 1 Statistics of datasets
data type Training set Test set
Sessions 4705 1177
Utterances 21352 5350
Average utterances persession 4.54 4.55
Average words perutterance 5.93 6.08
# 2 BURERG

Table 2 Examples for training and test set

Example
Text: #f # X # 2 A
Intent: music. play
Slots: (song) X # ¥ F (/song)
Text: % %k — 4 18 ok B 49 I &
Intent: music. play
Slots: ( singer) ¥ ¥k & ( /singer)
(song) Il & (/song)

Training set

Test set
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Table 3 Experiment results of slot filling

Methods Pot
Bi-LSTM 0.778
CRF 0. 834
Bi-LSTM-CRF 0.842
Joint 0. 802
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* 4 BRI LRSS
Table 4 Experiment results of intention recognition
Methods Pient
LSTM 0. 866
TextCNN 0.858
Bi-LSTM+ Attention 0. 865
Joint 0.874
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