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Brain-inspired target-driven navigation based on
STDP reward modulation
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Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: Animals have an excellent ability to perform autonomous localization and navigation,
which can realize the navigation and decision-making process without prior environmental informa-
tion. Aiming at the problem of target-oriented navigation of agents in continuous space, a target-
driven navigation algorithm based on the rule of biological spiking-time-dependent plasticity
(STDP) is studied. Firstly, the physiological mechanism in the decision-making process of target-
driven navigation in animals is analyzed. On this basis, a place cell and action cell model based on
spiking neural network is constructed. The weights between action cells are updated by the hori-
zontal competition model, and the synaptic weights between the place cell and action cell model is
updated by the rule of STDP. The movement direction and speed of the agent is represented by the
pulse discharge phenomenon of the action cell group. Finally, the proposed algorithm is verified by
simulation experiments. Simulation results show that the proposed brain-inspired target-driven
navigation algorithm can achieve a planning speed of about 30 ms in a single obstacle environment.

Compared with the traditional reinforcement learning method of Q learning, the average path plan-
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ning length is reduced by 15. 9%.
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Fig. 1 Key brain regions for target-driven navigation
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Fig. 2 Model of biological navigation behavior
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Target navigation trajectory in obstacle conditions
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