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Research review of graph reinforcement learning algorithms and
their applications in the industrial field

LI Dazi' | LIU Zibo' , BAO Yanyang', DONG Caibo' , XU Xin®*
(1. College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029, China;
2. College of Intelligence Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract; Successful application of reinforcement learning in decision support, combinatorial optimization, and intelligent control has driven
its exploration in complex industrial scenarios. However, existing reinforcement learning methods face challenges in adapting to graph-structured
data in non-Euclidean spaces. Graph neural networks have demonstrated exceptional performance in learning graph-structured data. By integrating
graphs with reinforcement learning, graph-structured data was introduced into reinforcement learning tasks, enriching knowledge representation in
reinforcement learning and offering a novel paradigm for addressing complex industrial process problems. The research progress of graph
reinforcement learning algorithms in industrial domains was systematically reviewed, summarized graph reinforcement learning algorithms from the
perspective of algorithm architecture and extracted three mainstream paradigms, explored their applications in production scheduling, industrial
knowledge graph reasoning, industrial internet, power system and other fields, and analyzed current challenges alongside future development trends
in this field.
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Fig.1 Schematic diagram of graph neural network
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Fig.2  Deep Q-learning based on graph neural networks
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Tab. 1 Differences and connections between graph learning, deep reinforcement learning, and graph reinforcement learning
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Fig.3 Deep graph reinforcement learning framework
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