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Research progress and application of memory neural
network in robot navigation

WANG Zuowei'’, XU Zheng**, ZHANG Rubo’, HONG Caisen', WANG Shu'

(1. School of Computer Science and Technology, Tianjin Polytechnic University, Tianjin 300387, China; 2. College of Mechanical
Engineering Post-doctoral Research Station, Tianjin Polytechnic University, Tianjin 300387, China; 3. DongHexin Technology Co.,
Ltd., Tianjin 300350, China; 4. College of Automobile and Transportation, Tianjin University of Technology and Education, Tianjin
300222, China; 5. College of Mechanical and Electrical Engineering, Dalian Minzu University, Dalian 116600, China)

Abstract: Memory networks are a relatively new class of models designed to alleviate the problem of learning long-term
dependencies in sequential data, by providing an explicit memory representation for each token in the sequence, and
they can be used for learning navigation policies in an unstructured terrain, which is a complex task. Memory neural net-
works are highly suitable for solving time series decision-making problems, and their application in robot navigation is a
very promising and emerging research field. The research progress of memory neural networks in the field of robot nav-
igation is primarily discussed in this paper. First, the working mechanism of several basic memory neural networks used
for robot navigationis introduced, and the advantages and disadvantages of different models are summarized. Then, the
research progress of memory neural network in navigation field is briefly reviewed, and the development of navigation
verification environment is discussed. Finally, the complex challenges faced by memory neural networks in navigation
are summarized, and the future development of memory neural networks in navigation field is predicted.

Keywords: memory neural network; robot navigation; deep reinforcement learning; differentiable neural computer; dif-
ferentiable neural dictionary; deep learning; reinforcement learning; memory networks
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