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Abstract; Based on the computation and storage resources limitation of single edge node and the demand for efficient
computing services in big data scenarios, this paper proposes a deep reinforcement learning based cloud-edge collaborative
computation offloading mechanism. Specifically,,based on a comprehensive consideration of computing resources , bandwidth
and offloading policy, an optimization problem is formulated to minimize the weight sum of execution delay and energy con-
sumption of all user tasks. An asynchronous cloud-edge collaborative deep reinforcement learning ( ACEC-DRL) algorithm
is proposed to solve such optimization problem. This algorithm can effectively satisfy the demand of efficient computing
services in big data scenario by jointly leveraging the computation capabilities of cloud and edge nodes. Meanwhile , under
the various and dynamic environments of edge nodes in the edge cloud, this algorithm can adaptively adjust offloading policy
to achieve the minimization of system cost. Finally,the extensive simulation results show that the proposed ACEC-DRL al-
gorithm has the characteristics of fast convergence rate and high robustness, and its optimal offloading policy closely approxi-
mates to the solution of greedy algorithm with the lowest computation cost.
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11; Untilt-t,==
12; For h=t-1 tot, do
13. Optimize reward value by equation (23) ;

14 Calculate Q value according to loss function (25) and Target Q
(26) ;

15. Combine with Q value,to calculate R =r, +yR;

16 Update accumulate gradient d§ according to:
do=do+V,logm(a,ls,;0') (R-V(s,;0"));

17 Update accumulate gradient dew according to:
do=dw+d(R-V(s,;0'))*/iw';

18. End for

19: Update the DNN parameters of the cloud control center;
0=0-p,df,w =w -p,dw;
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