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Abstract: To deal with the dynamic nature of 5G network resource state and the difficulty of service function
chain deployment under the high-dimensional network state model, an online Service function Chain
Deployment method based on Deep Q network (DeePSCD) is proposed. First, to describe the dynamic nature
of network resource state, the service function chain deployment is modeled as a Markov decision process.
Then, the deep Q network is used to solve the online service function chain deployment problem in the high-
dimensional system resource model. This method can effectively describe the dynamic changes of network
resource state. Specifically, deep Q network handles the complexity of problem and determines the optimal
deployment solution of service function chain. Simulation results show that the proposed method can reduce the
deployment cost of the service function chain and increase the acceptance rate while meeting the service delay

constraint.
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