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Review and Verification for Brain-Like Navigation Algorithm

GUO Chi'? LUO Binhan' LI Fei* CHEN Long® LIU Jingnan'

1 GNSS Research Center, Wuhan University, Wuhan 430079, China
2 Artificial Intelligence Institute of Wuhan University, Wuhan 430079, China
3 School of Data and Computer Science, Sun Yat-sen University, Guangzhou 510275, China

Abstract: Objectives: In recent years, the brain-like navigation algorithm is a new research hotspot, which
is expected to achieve autonomous navigation by imitating the ability of biological navigation. The core is-
sue 1s how to improve generalization ability. Methods: This paper introduces the research background and
theoretical basis of the brain-like navigation algorithm. After investigation, we propose a computational
framework of brain-like navigation algorithm. The outstanding works in this field are discussed and ana-
lyzed under this framework, and we carried out experimental verification of some basic methods. Results:
The main contributions of this paper are: (1) Comprehensively introduces and summarizes the theoretical ba-
sis and outstanding works in this field. (2) Proposes the computational framework of the brain-like naviga-
tion algorithm, which scientifically defines the functions of different modules of the algorithm. (3) Through
theoretical analysis and experimental verification, we summarized valuable conclusions and expectations.
Conclusions: In terms of model design, mature methods of deep learning can also be applied to this prob-
lem, but need more modifications to further improve navigation capabilities; in terms of model training,
combining the advantages of multiple learning algorithms is hopeful to further improve the generalization
ability.

Key words: brain-like navigation; artificial intelligence; autonomous navigation; perception; memory;

policy
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