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[ Abstract] In the existing Deep Neural Network (DNN) inference basedron cloud-edge collaboration, only the static
partition strategy is considered in the homogeneous case of edge devices. However, the influence of the network
transmission rate, edge device resources, cloud server load on the optimal partition point of DNN inference computation
and the optimal offloading strategy of DNN inference task are not considered in heterogeneous edge device clusters.To
solve these problems, this study presents an adaptive DNN inference computation partition and task offloading algorithm
based on Deep Reinforcement Learning (DRL).The aim is to minimize the DNN inference delay, and a mathematical
model of adaptive task offloading and DNN inference computation partition is established. The state, action space, and
reward are defined to transform task offloading and DNN inference computation partition combination optimization
problems into the optimal policy problem under the Markov decision process.DRL is used to learn from the experience
pool about the approximate optimal strategy of DNN inference computation partition between edge devices and cloud
servers and task offloading between heterogeneous edge clusters in a dynamic environment. The experimental results
show that compared with seyeral classical DNN inference algorithms, the DNN inference delay of the proposed
algorithm in a heterogeneous dynamic environment is reduced by approximately 28.83% on average, proving that the
low latency requirement of DNN inference is met in a better manner.
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