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Abstract: The risk of voltage violations and fluctuations has surged due to the high penetration of distributed
renewable energy and the large-scale application of new power electronic devices. Therefore, it is essential to
optimize the control system of reactive voltage through intelligent methods for the reliability of smart distribution
networks. A multi-agent deep reinforcement learning algorithm based on prioritized experience replay (PER) and
multi-agent twin delayed deep deterministic policy gradient (MATD3) was proposed. First, the voltage control
problem based on photovoltaic inverters was modeled as a partitioned Markov decision process. Then, the PER
sampling method was used to optimize the reinforcement learning sampling operation based on TD error. Finally,
the MATD3 policy was used to solve the model. The reactive voltage was optimized by means of photovoltaic
inverter. Optimization validation was conducted using open-source photovoltaic generation and load data. The
voltage optimization experiments were carried out using the data from typical days. Compared with the traditional
MATD3 and MADDPG algorithms, the average voltage deviation decreases by 4.7% and 15.5%, respectively.
Network losses are reduced by 1.6% compared to the traditional MATD3 model. These results validate the
effectiveness and economic benefits of the proposed method.
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