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Multi-objective Routing Optimization Based on GNN

FAN Yizhe, GE Hongwu. LOU Yang
(The 54th Research Institute, China Electronics Technology Group Corporation, Shijiazhuang 050081, China)

Abstract: With the continuous expansion of communication network scale and the diversification of business demands, it
is difficult for traditional rule-based routing optimization methods to meet performance requirements in complex network envi-
ronments. To address this issue, a multi-objective routing optimization method based on graph convolutional network
(GNN) is proposed. This method abstracts the network topology into a graph structure, and learns through the feature in-
formation of nodes and edges to achieve the optimized routing selections of multiple objectives such as delay, throughput,
and link load. To tackle the problems of traditional methods in handling dynamic network states and nonlinear constraints, a
dynamic weight adaptive mechanism is introduced to enhance the adaptability of the routing strategy under different network
states. By constructing network topologies of different scales in a simulation environment, the performance of the GNN rou-
ting optimization method is compared with that of the Dijkstra algorithm, load balancing algorithm, and Q-learning algo-

rithm. Experimental results show that the proposed method outperforms traditional algorithms in terms of average delay,

throughput, and load balancing degree.
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