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Abstract: Considering the problem of Service Function Chain (SFC) placement optimization caused by the
dynamic arrival of network service requests under the Network Function Virtualization/Software Defined
Network (NF'V/SDN) architecture, a Virtual Network Function (VNF) placement optimization algorithm based
on improved deep reinforcement learning is proposed. Firstly, a stochastic optimization model of Markov
Decision Process (MDP) is established to jointly optimizes SFC placement cost and delay cost, and is
constrained by the delay of SFC, as well as the resources of common server Central Processing Unit (CPU) and
physical link bandwidth. Secondly, in the process of VNF placement and resource allocation, there are problems
such as too large state space, high dimension of action space, and unknown state transition probability. A VNF
intelligent placement algorithm based on deep reinforcement learning is proposed to obtain an approximately

optimal VNF placement strategy and resource allocation strategy. Finally, considering the problems of deep
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reinforcement learning agent's action exploration and utilization through € greedy strategy, resulting in low

learning efficiency and slow convergence speed, a method of action exploration and utilization based on the

difference of value function is proposed, and further adopts dual experience playback pool to solve the problem

of low utilization of empirical samples. Simulation results show that the algorithm can converge quickly, and it

can optimize SFC placement cost and SFC end-to-end delay.

Key words: Virtual Network Function(VNF); Deep reinforcement learning; Service Function Chain (SFC) end-

to-end delay; Service Function Chain (SFC) placement cost
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