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Research Status and Developments of Brain-inspired Intelligence
Zeng Yi"?

XuBo'”  Liu Chenglin"?
(1 Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China;

2 Center for Excellence in Brain Science and Intelligence Technology, Chinese Academy of Sciences, Shanghai 200031, China )
Recent advances in Artificial Intelligence (AI) have manifested an important trend, namely, inspirations from brain science can

Abstract

significantly improve the level of intelligence for Al computational models. With only local and partial inspirations from the brain, great
level intelligence. The ultimate goal of brain-inspired intelligence is to bring inspirations from brain structures and information processing

advancements have been achieved. Nevertheless, deeper investigations and inspirations from the brain are needed to realize and exceed human-

mechanisms to brain-inspired cognitive computational models, so as to realize next-generation artificial intelligence models and systems with

general intelligence. In this article, we review recent advances and discuss trends of brain-inspired computational models, including new models

of artificial neural networks, and cognitive computation models. We also briefly introduce the research of brain-inspired cognitive computation
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models and methods supported by the strategic priority research project of Chinese Academy of Sciences.
brain-inspired intelligence, artificial neural networks, memory, attention and reasoning, spiking neural networks, multiple brain

Keywords
region coordination, autonomous learning

PR A S AT e B R A AT s a8l 24E, PRTPEEFS
s REEA A

=

%k FHEHRasRE K. R,
BAEEFR “863" HRIMEEHRMRERAER, KPR FALFRARL, TEAFRAAROIE

FEA . ARIBZREEEM, EWAEA . E-mail: xubo@ia.ac.cn
Xu Bo Professor, president of Institute of Automation, Chinese Academy of Sciences, and deputy director of the Center for Excellence in
Brain Science and Intelligence Technology, Chinese Academy of Sciences. He also serves as an associate president of Chinese Information Pro-

cessing Society of China. He was a steering committee member of National high-tech Programme (“863” Program). His main research interests

include brain-inspired intelligence, brain-inspired cognitive models, natural language processing and understanding, brain-inspired robotics, etc.

E-mail: xubo@ia.ac.cn

802120164 - 8315 - 6 4]



