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Survey of Knowledge-enhanced Natural Language Generation Research
LIANG Mingxuan'?,WANG Shi*,ZHU Junwu',LI Yang'*,GAO Xiang"* and JIAO Zhixiang'"*

1 College of Information Engineering, Yangzhou University, Yangzhou, Jiangsu 225000, China
2 Institute of Computing Technology,Chinese Academy of Sciences,Beijing 100190, China

Abstract Natural language generation(NLG) task is a subclass of natural language processing(NLP) tasks and is a challenging
task. With the massive application of deep learning in natural language processing,it has become the main method for handling va-
rious tasks in natural language generation. The main natural language generation tasks are question and answer tasks,summary
generation tasks,comment generation tasks.machine translation tasks,generative dialogue tasks.,etc. Traditional generative mo-
dels rely on input text to generate text based on limited knowledge,and knowledge enhancement methods are introduced to solve
this problem. Firstly, the research background and important models of natural language generation are introduced. Then, methods
to improve model performance are introduced for natural language processing induction,and the methods and architectures based
on the integration of internal knowledge(such as extracting keywords to enhance generation, surrounding subject words,etc. ) and
external knowledge(such as enhanced generation with the help of external knowledge graph) into the text generation process are

introduced. . Finally, the future challenges and research directions are discussed by analyzing some problems faced by the genera-

tion task.

Keywords Natural language generation, Knowledge enhancement, Deep learning, Knowledge graph, Keyword extraction, Subject
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Table 2 Texts generated in the same context with different

(G, =
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R LN S
0.1 She still lost the game and was very upset.
0.3 She almost won the game.but eventually lost.
0.5 The game ended with a draw.
0.7 She eventually won the game.
0.9 She won the game and was very proud of her team.
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Table 3 Various datasets and addresses in text generation task
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