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 Abstract. This paper addresses the problem of voltage stability in power districts 

with distributed RESs operating under load uncertainty and possible autonomy. To solve 
the secondary voltage control problem, a decentralized adaptive algorithm based on 

einforcement learning (MARL) is proposed. The algorithm is built upon an 
actor  
mizes its control strategy. A key feature of the approach is the adaptive tuning of droop 
control parameters, in which the inverter voltage setpoint is dynamically adjusted based 
on reactive power deviation. Agent coordination during training is achieved through ex-
changing state information with neighboring nodes, while a global reward function with 
spatial discounting is designed to minimize voltage deviations and network overloading. 
The control action for an agent is the voltage setpoint selected from a discrete set of values. 
Simulation studies demonstrated that the proposed approach ensures rapid voltage stabili-
decreases power losses compared to the uncontrolled mode. These results highlight the 
high effectiveness of the system in maintaining stable operation under normal conditions 
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districts. 
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