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A Self-trending Optimization Control Method for Power Network
Communication Based on Graph Deep Reinforcement Learning

JIANG Yingjie, WEI Yongjing, SUN Chao, TIAN Anqi, ZHANG Yan, ZHU Youxiang
(State Grid Shandong Electric Power Company Information and Communication Company , Ji'nan 250002, China)

Abstract: Under the framework of smart grid development, electric power communication networks face challenges in real-time operations,
transmission reliability, and intelligent management. This paper proposes a self-convergent optimization control strategy, RiskQuant—GRL
(RQGRL) , which integrates risk quantization and graph deep reinforcement learning. By combining Graph Convolutional Networks (GCN)
with Deep Q—Learning (DQN) , RQGRL aims to enhance network intelligence in resource scheduling and path planning. Specifically, it em-
beds a GCN into a Deep Reinforcement Learning (DRL) framework to monitor the network state, make intelligent decisions, and provide opti-
mal routing. By quantifying risk as edge weights and using weighted GCN, the model dynamically optimizes path selection and resource alloca-
tion. Simulation results show that RQGRL improves bandwidth allocation efficiency by 6.6% over state—of—the—art DRL solutions and excels in
link failure recovery, maintaining efficient network operation even under high concurrency.
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Fig.1 Self-optimizing control model for power communication networks
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FOR episode =1 TO E DO

Reset environment and obtain initial state So.
FORt=0TO T DO
a. A HFFIEREL . Extract node feature h, from G, using GCN.
b. 5 ZFFEFEEL: Compute branch feature vectors d,, using ht
and branch attributes Y ,.
c. sVEZS ] %€ X : Define action space A based on k shortest
paths for each source—destination pair.
d. BhERESE : Select action at using e—greedy policy from
Q(s, a; 0).
e. AT EI1E . Execute a,, observe reward r, and next state S, , .
[ 7% 25 . Store transition (S,, a,, r,, S,,,) in replay buffer D.
IF IDI > batch size B THEN
i RFE/MitE : Sample {(Sj, a, 1, S, )}from D using PER
probabilities P(i).
i i Q {H: For each sample, compute the n = 5-step
return R (H2C(2) & ).
i, M TD %22 . Compute 8 = |R/" = Q(S;, a;50) |
iv. BT e 4 . Update priority pi in D based on S, (ih(3)
FEX).
v TR EEMSREEAE . Compute o, for each sample in mini—
batch (H1x{(4)%E 30).
vi. BUETEAL 45 258 . Minimize the loss L (FH=0(5) & X).
vii. BT AR 25 S50 . Synchronize 67 «— 0 every C = 5
steps to stabilize training.
END IF
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Fig.2 Performance evaluation results
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