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Reasoning in artificial intelligence: advances and challenges

Wu Fei' Han Yahong’ Li Xi' Zheng Qinghua’ Chen Xilin'
(1. College of Computer Science and Technology . Zhejiang University » Hangzhou 310027
2. School of Computer Science and Technology . Tianjin University, Tianjin 300072;
3. School of Electronic and Information Engineering s XI'AN Jiaotong University s Xi'an 710049;
4, Institute of Computing Technology s Chinese Academy of Sciences, Beijing 100190)

Abstract Reasoning is the key issue in Artificial Intelligence. This paper analyses several reasoning
methods in terms of knowledge-augmented, memory-driven, multi-agent-cooperation, causality-discovered
and cross-media synthesis. At the same time, this paper outlines the potential research directions in the

future years.

Key words logic; memory; reasoning; cross-media
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