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Review of the Methods for Constructing Brain-Inspired Spatial
Cognitive Maps

ZHANG Zhihao, LIU Yixin, WANG Lingling, FU Li

(School of Automation Science and Electrical Engineering, Bethang University, Beijing 100191, China)

ABSTRACT: To enhance robotic perception and path planning ability in complex environments,
this study systematically reviewed domestic and international research on brain—inspired spatial
cognitive map construction methods based on neural mechanisms of animals forming cognitive
maps. First, brain—inspired spatial cognitive map construction methods were divided into three
types: methods based on continuous attractor neural network, methods based on spiking neural
network, and methods based on deep reinforcement learning. The core ideas and development
statuses of the three methods were introduced in detail. Second, the three methods were com—
pared horizontally based on applicable scenarios, complexity, and modeling dimensions, with
their respective advantages and disadvantages identified. Finally, the limitations of the existing
brain—inspired spatial cognitive map construction methods were analyzed, and future research di-

rections were discussed.
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Fig. 1 Framework of cognitive map construction
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Table 1 Methods for constructing brain like cognitive maps

W AR 34 it R T PREE ) 2% RS
Milford, et al. PC 2D CANN [32]
Edvardsen, et al. GC 2D CANN [33]
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Kanitscheider, et al. PC 2D LSTM [54]
Banino,et al. PC,GC,HDC 2D DRL [55]
Cueva,et al. GC 2D RNN [56]
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