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Abstract A Dynamic Slicing Resource Allocation algorithm (DSRA) based on Network Slicing (NS) and Deep
Deterministic Policy Gradient (DDPG) is proposed to address the resource allocation problem of network services with
differentiated resource demands in the Internet of Things (IoT). The algorithm dynamically allocates virtual radio access
network resources based on the resource requirements of different devices on the slice, to meet device resource
requirements and minimize the total system costs. The simulation experiment compared and analyzed the performance of
the proposed algorithm with four baseline algorithms in terms of quality of service (QoS) satisfaction rate and total system
cost. The simulation results show that in scenarios with multiple resources and a large number of devices, the proposed
algorithm can significantly improve the QoS level of devices and reduce the total cost of the system compared to baseline
algorithms.
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Fig. 3 The convergence of DSRA under the different numbers of

resource types
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Fig. 5 Performance comparison of different algorithms in adequate resource scenarios
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