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Abstract In the traditional particle swarm optimization (PSO) algorithm, all particles follow some initial
parameters to explore themselves. This scheme is easy to lead to premature maturity, and easy to be trapped in the
local optimum. To solve the above problems, a particle swarm optimization algorithm based on deep deterministic
policy gradient (DDPGPSO) is proposed. The action function and action value function are realized by constructing
neural network. The parameters required by the algorithm can be generated dynamically by using the neural
network, which reduces the difficulty of manual configuration of the algorithm. The experimental results show that
DDPGPSO has a great improvement in convergence speed and optimization accuracy compared with nine similar
algorithms.
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std 2.24x10° 327x10"  528x10°  4.16x107 1.04x10° 225x10°  2.55x10°  2.55x10°  1.73x10*  7.84x10*
mean 5.19x10” 8.21 9.76 3.00x10° 9.97 9.93 1.00x10 8.32 3.15x10™ 8.72
F6 best 3.09x10”° 7.89 8.88 1.35x10° 9.52 9.41 9.62 8.30 7.09x10°? 8.59
std 1.66x10° 1.89x10"  1.90x10"  1.41x107 1.06x10"  9.70x10? 0.00 8.67x10°  1.57x10"  1.62x10™
mean 2.66x107"* 1.51x10°  2.60x10° 1.95x10°° 7.08x10° 3.34x10°  9.02x10°  1.32x10*  1.84x107"  4.56x10°
F7 best 1.28x107" 1.49x10°  1.56x10° 1.66x10° 2.74x10° 2.66x10°  2.70x10°  1.32x10°  6.14x10°  4.45x10°
std 1.16x107"* 1.54x10°  7.01x10*  2.66x10° 1.26x10° 3.09x10°  2.39x10°  2.39x10  8.43x10"  9.98x10
mean 2.44x10 1.74x10°  2.60x10° 2.33%10 7.13%10° 3.30x10°  8.99x10°  1.10x10*  491x10  4.53x10°
F8 best 2.36x10 1.73x10°  1.50x10° 2.16x10 2.66x10° 2.72x10°  2.65x10°  1.09x10*  234x10  4.29x10°
std 4.36x107 1.53x10°  7.25x10*  4.57x10" 1.08x10° 2.98x10°  327x10°  2.17x10 2.69x10  2.49x10°
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