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on the premise of obtaining little or no prior information, RL can optimize the performance of strategies and effectively
reduce the complexity caused by physical models . The RL algorithm based on strategy gradient has been successfully
applied in many fields such as intelligent image recognition, robot control and path planning for automatic driving.
However, the highly sampling-dependent characteristics of RL determine that the training process needs a large number
of samples to converge, and the accuracy of decision making is easily affected by slight interference that does not match
with the simulation environment. Especially when RL is applied to the control field, it is difficult to prove the stability
of the algorithm because the convergence of the algorithm cannot be guaranteed. Considering that swarm intelligence
algorithm can solve complex problems through group cooperation and has the characteristics of self-organization and
strong stability, it is an effective way to be used for improving the stability of RL model. The pigeon-inspired
optimization algorithm in swarm intelligence was combined to improve RL based on strategy gradient. A RL
algorithm based on pigeon-inspired optimization was proposed to solve the strategy gradient in order to maximize
long-term future rewards. Adaptive function of pigeon-inspired optimization algorithm and RL were combined to
estimate the advantages and disadvantages of strategies, avoid solving into an infinite loop, and improve the stability of
the algorithm. A nonlinear two-wheel inverted pendulum robot control system was selected for simulation verification.

The simulation results show that the RL algorithm based on pigeon-inspired optimization can improve the robustness of

the system, reduce the computational cost, and reduce the algorithm’s dependence on the sample database.

Keywords: pigeon-inspired optimization algorithm, strengthen learning, policy gradient, robustness
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