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Abstract
ØRapid development of 5G mobile networks services
ØMassive data explodes in the network edge
ØCloud computing suffer from long latency and huge bandwidth 
ØEdge computing, reducing service delay and traffic load in 5G mobile networks
ØIntelligently schedule tasks in the edge computing environment is still a critical 

challenge

ØCloud-edge collaboration scheduling algorithm based on asynchronous advantage 
actor-critic (CECSA3C).



Cloud/Edge Computing
q User devices (UDs) 

• Limited energy and computing resources
• Need data/task offload to cloud 

qCloud server

• DNN model is usually deployed in cloud server
• Data is offloaded from the UDs to the cloud server
• Long latency and huge bandwidth requirement

qEdge computing

• Data transmission delay can be reduced
• Real-time applications can also be guaranteed

• optimize the delay of DL tasks, reduce the computing burden, and improve energy efficiency of Cloud



System model and problem definition
ØTask Scheduling for Delay Optimization (TSDO) problem 

A. Cost of edge processing

𝓏!: required data of the computation task 𝑛
𝑑!: CPU cycles required to complete the task 𝑛
𝒯! : maximal latency that the user can tolerate
𝑝!: represents the task n delay sensitivity, 
The higher the latency sensitivity, the higher the priority of the task

Task is processed at the edge or transmitted to the cloud is determined by the edge router

𝑇! ≜ {𝓏!, 𝑑!, 𝒯!, 𝑝!}

𝑎! = ,1 task n is execute at the edge,
0 task n is send to the 𝐶𝑙𝑜𝑢𝑑.



System model and problem definition
qTask offloading time at Edge node

If 𝑎!=1, task will execute at edge 

𝑇"#: task processing time

𝑇$#: task uploading time to the edge node
𝑇%# : computation time at edge node

𝑇&#: time of result return to the user 

Result return time is ignore because of very small time

𝑇"# = 𝑇$# + 𝑇%# + 𝑇&# .

𝑇"# = 𝑇$# + 𝑇%#



System model and problem definition
§ 𝑇$#: task uploading time to the edge node

𝐿𝑜𝑠: is the channel power gain
𝑃$: is the transmit power

𝐵 : is the bandwidth 
𝜎: is the Gaussian noise power inside channel

𝐿𝑜𝑠 = 𝑑'( based on the wireless interference model in cellular wireless environment,

𝜎 is define as -100dBm

𝑇$# =
𝓏!

𝐵𝑙𝑜𝑔) 1 + 𝑃$𝐿𝑜𝑠
𝜎

,



System model and problem definition

§ Computation recourse of edge node for task and processing Time

𝑑! is the CPU cycle required by task 𝑛
𝑐!,+: is the resource allocated to task 𝑛 by edge node 𝑘

𝐶+: is the total resource of edge node 𝑘

𝑇%# =
𝑑!
𝑐!,+

,



System model and problem definition
B. Cost of Cloud processing
If 𝑎! = 0, task will execute at Cloud 

𝑇", : the processing time of task at cloud server
𝑞! is the fixed delay caused by the upload of the task 𝑛

C. Optimization objective

First part is the time cost of the task processing at the edge,
Second part is the time cost of processing the task on the cloud server.

𝑇", = 𝑞!,

𝐶(𝑡) = B
!-.

/
1
𝑁 𝑇"

# +
1
𝑁𝑇"

, 1 − 𝑎! 1 − 𝑝! .



System model and problem definition
User Device Sets

Edge nodes set

The optimization goal is to minimize the delay co
st of collaboration task scheduling

𝑈 = {1,2, …𝑈}

𝑚𝑖𝑛B
0-1

2'.

𝐶(𝑡)

𝐾 = {1,2, …K}

𝑠. 𝑡 𝑎!= {0,1} ∀𝑛

𝑎!𝑇"# + 1 − 𝑎! 𝑇", ≤ 𝒯! ∀𝑛

𝑚𝑖𝑛B
0-.

/

𝑐!,+(𝑡) ≤ 𝐶+ ∀𝑘

Scheduling with Rejection Problem (SWRP)

𝐽 = {1,2, … 𝐽} is each the job 

𝑝3 non-negative processing time

𝑤3 Weight 

𝑒3 penalty of refusing to process

𝑚𝑖𝑛B
3∈5

𝑝3𝑤3 +B
3∈5

𝑒3



Deep reinforcement learning based scheduling algorithm

Modeling based on Markov decision process

State Space:    𝑆0 = 𝑧. 𝑡 , 𝑧) 𝑡 , … , 𝑧!(𝑡) , 𝑝. 𝑡 , 𝑝) 𝑡 , … , 𝑝!(𝑡) , 𝑑. 𝑡 , 𝑑) 𝑡 , … , 𝑑!(𝑡)
𝓏!: required data of the computation task 𝑛
𝑝!: represents the task n delay sensitivity, 
𝑑!: CPU cycles required to complete the task 𝑛

Action Space:    𝐴0 = 𝑒. 𝑡 , 𝑒) 𝑡 , … , 𝑒6(𝑡) , 𝑎. 𝑡 , 𝑎) 𝑡 , … , 𝑎/(𝑡) , 𝑐.,+ 𝑡 , 𝑐),+ 𝑡 , … , 𝑐!,+(𝑡) ,

𝑒6(𝑡) = 𝑒$,., 𝑒$,), … , 𝑒$,+

𝑒$,. = 1 means UD  is process by edge nodes 𝑘

𝑎!(𝑡) action  of task 𝑛
𝑐!,+ 𝑡 is the computing resources to task  𝑛



Deep reinforcement learning based scheduling algorithm
Reward, 𝑟T
• Maximize the long-term accumulated reward

• Minimum objective function
• Immediate reward is defined as a negative cost function
• cost function contains the definition of task delay sensitivity. 

• The higher the sensitivity, the higher the reward.
• It makes the delay-sensitive tasks get priority



Deep reinforcement learning based scheduling algorithm

Cloud-Edge Collaboration Scheduling algorithm based on 
Asynchronous Advantage Actor-Critic strategy (CECS-A3C)

• The actor mapped the state to the action
• The critic mapped the state-action pair to the cumulative reward

• CECS-A3C achieves the optimal strategy at a faster rate



Result

Number of edge nodes as K = 5
Number of UDs as U = 25
UD initial task as to 10 tasks/100s
channel bandwidth W is set to 20 MHz

• Greedy policy reinforcement learning(RL-G)
• DQN
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