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Abstract 

 
The expansion of 5G technology recently leads to the develop of Multi-Access Edge Network (MEC) 

as a potential solution to achieve the quality of service (QoS) of applications inside user devices (UDs). 

This article proposes a method in which MEC servers (MECSs) can communicate together, all receive 

the decision from MEC controller about how to sharing the resource to achieve the optimal processing 

delay of all QoS classes. This problem can be solved by proposed Deep Deterministic Policy Gradient 

(DDPG) framework. 

Index Terms – MEC federation, task priority, resource allocation, Markov decision process, deep 

reinforcement learning (DRL). 

 

 

Ⅰ. Introduction 

With the increase of the devices number in the 

era of next-generation mobile networks. MEC 

appears as a solution for responding with the 

tremendous data gathered by the devices while 

meet the demand of different QoS requirements. 

Many works focus on the optimization issue in 

MEC network such as minimize the delay [1], 

energy [2], or system cost [3]. However, these 

studies treat the tasks gathered by users equally, 

without considering the different of QoS 

requirements.   

Our work develops a MEC network model by 

cooperating of task classification and resource 

allocation. We first classify tasks into different 

classes based on the QoS delay tolerance, then 

the resource allocation algorithm based deep 

reinforcement learning can intelligently allocate 

the resource to process each class to minimize 

the total delay.  

Ⅱ. System model 

 

Figure 1. System architecture 

The model of MEC federation system is described 

in Fig. 1. In our system, there are UDs, assumed IoT 

equipment, generating tasks and sending to 

corresponding UPFs, these UPFs connect to MECSs in 

their serving region to periodically receive MECSs’ 

resource status, we consider the set of UPF and MECS 

are the same and expressed by {1, 2, …, 𝑀}. Denote 
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that tasks can be migrated and processed at other 

MECS when a single MECS lacks resource. 

A. Task classification model 

 

Figure 2. Classification model 

 

The model of classifying tasks is shown in Fig. 2. At 

time slot 𝑡, multiple tasks generated by UDs will be sent 

to UPF. Inside each UPF, the task processing block will 

label and sort them into four different queueing classes 

based on the corresponding delay tolerances [4], 

denoted class 𝑖 ∈ {1, 2, 3, 4}. After that, the controller 

receives size and location of each class sent by UPF, 

then decide where the classes are executed and how 

much computing resource of server can supply to 

processing those. In this article, we assume all the 

classes are executed at the same time. 

 

B. Computation model 

At first, the routing delay of class 𝑖 from UE to local 

UPF 𝑚 at time slot 𝑡 is expressed by: 

∑ 𝑇
𝑈𝐷𝑛

𝑖 ,𝑈𝑃𝐹𝑚
𝑖,𝑚 (𝑡)

𝑁𝑖

𝑛=1

=  
∑ 𝐷𝑛

𝑖,𝑚(𝑡)𝑁𝑖

𝑛=1

𝑅𝑈𝐷𝑛
𝑖 ,𝑈𝑃𝐹𝑚(𝑡)

 (1) 

Which 𝑁𝑖 is the total tasks’ number of class 𝑖, 𝐷𝑛
𝑖,𝑚(𝑡) 

is the data size generated by task 𝑛𝑡ℎ ∈  𝑁𝑖, sent to 

local UPF 𝑚, and 𝑅𝑈𝐷𝑛
𝑖 ,𝑈𝑃𝐹𝑚  is the routing capacity 

from UD sending task 𝑛𝑡ℎ  of class 𝑖  to UPF 𝑚 . We 

consider the links from UD to UPF are wireless, the link 

among UPFs and UPF to MECS are wireline. Hence, 

according to Shannon formular, the data transfer rate is 

obtained below: 

𝑅𝑈𝐷𝑛
𝑖 ,𝑈𝑃𝐹𝑚(𝑡) =  𝐵𝑙𝑜𝑔2(1 +

𝑃𝑛(𝑡)𝑔𝑛(𝑡)

𝐵𝑁𝑜
) (2) 

With 𝐵 is the channel bandwidth between UD and UPF, 

𝑃𝑛  is the transmission power to send task 𝑛𝑡ℎ , 𝑔𝑛 
represents the channel power gain from the UD to UPF, 

and  𝑁𝑜 = −174𝑑𝐵𝑚[5] denotes the Gaussian noise 

power spectrum density.  

After coming to UPF, all tasks of the class 𝑖 will be 

locally executed or migrate to another optimal MECS 

according to controller’s decision. These two modes 

are described below: 

• Executing at the local MECS 𝑚 (𝐴𝑖
𝑚,𝑣 = 0) 

When the class 𝑖 is processed locally, the total delay 

∑ 𝑇𝑖
𝑛,𝑚(𝑡)𝑁𝑖

𝑛=1  consists of routing delay from UPF 

𝑚  to MECS 𝑚 , 𝑇𝑈𝑃𝐹𝑚,𝑀𝐸𝐶𝑆𝑚
𝑖,𝑚

, and processing 

delay at the MECS 𝑚, 𝑇𝑀𝐸𝐶𝑆𝑚
𝑖,𝑚  as follows:   

𝑇𝑈𝑃𝐹𝑚,𝑀𝐸𝐶𝑆𝑚
𝑖,𝑚 (𝑡) =  

∑ 𝐷𝑛
𝑖,𝑚(𝑡)𝑖,𝑚

𝑛

𝑅𝑈𝑃𝐹𝑚,𝑀𝐸𝐶𝑆𝑚(𝑡)
 (3) 

𝑇𝑀𝐸𝐶𝑆𝑚
𝑖,𝑚 (𝑡) =  

∑ 𝐷𝑛
𝑖,𝑚(𝑡)𝑖,𝑚

𝑛 . 𝐿𝑖
𝑚(𝑡)

𝑤𝑖
𝑚(𝑡). 𝑐𝑚(𝑡)

 (4) 

With 𝑅𝑈𝑃𝐹𝑚,𝑀𝐸𝐶𝑆𝑚  is the routing capacity from 

UPF 𝑚  to MECS 𝑚 , 𝐿𝑖
𝑚  is the number of CPU 

cycles of MECS 𝑚 for processing 1 bit task of class 

𝑖, 𝑤𝑖
𝑚 is the weight of computing resource 𝑐𝑚 of 

MECS 𝑚 that decided by MEC controller to process 

class 𝑖 
at time 𝑡. 

• Migrating to the target MECS 𝑣 (𝐴𝑖
𝑚,𝑣 = 1) 

The total delay ∑ 𝑇𝑖
𝑛,𝑚,𝑣(𝑡)𝑁𝑖

𝑛=1  in this mode include 

routing delay from UPF 𝑚  to target UPF 𝑣 , 

𝑇𝑈𝑃𝐹𝑚,𝑈𝑃𝐹𝑣
𝑖,𝑚

, from UPF 𝑣 to MECS 𝑣, 𝑇𝑈𝑃𝐹𝑣,𝑀𝐸𝐶𝑆𝑣
𝑖,𝑚

, 

and the processing delay at the MECS 𝑣, 𝑇𝑀𝐸𝐶𝑆𝑣
𝑖,𝑚  

as follows:    

𝑇𝑈𝑃𝐹𝑚,𝑈𝑃𝐹𝑣
𝑖,𝑚 (𝑡) =  

∑ 𝐷𝑛
𝑖,𝑚(𝑡)𝑖,𝑚

𝑛

𝑅𝑈𝑃𝐹𝑚,𝑈𝑃𝐹𝑣(𝑡)
 (5) 

𝑇𝑈𝑃𝐹𝑣,𝑀𝐸𝐶𝑆𝑣
𝑖,𝑚 (𝑡) =  

∑ 𝐷𝑛
𝑖,𝑚(𝑡)𝑖,𝑚

𝑛

𝑅𝑈𝑃𝐹𝑣,𝑀𝐸𝐶𝑆𝑣(𝑡)
 (6) 

𝑇𝑀𝐸𝐶𝑆𝑣
𝑖,𝑚 (𝑡) =  

∑ 𝐷𝑛
𝑖,𝑚(𝑡)𝑖,𝑚

𝑛 . 𝐿𝑖
𝑣(𝑡)

𝑤𝑖
𝑣(𝑡). 𝑐𝑣(𝑡)

 (7) 

Which  𝑅𝑈𝑃𝐹𝑚,𝑈𝑃𝐹𝑣 is the routing capacity between 

UPF 𝑚  to UPF 𝑣 , 𝑅𝑈𝑃𝐹𝑣,𝑀𝐸𝐶𝑆𝑣  is the routing 
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capacity from UPF 𝑣 to MECS 𝑣, 𝐿𝑖
𝑣 is the number 

of CPU cycles of MECS 𝑣 for processing 1 bit task 

of class 𝑖, 𝑤𝑖
𝑣 is the weight of computing resource 

𝑐𝑣  of MECS 𝑣  that decided by MEC controller to 

process class 𝑖 
at time 𝑡. 

C. Problem formulation 

The objective of this work is to minimize the total 

delay (routing delay and processing delay) for local or 

remote processing of all classes made by tasks sending 

from UDs. The objective can be formulated below:  

min𝑇

= 𝑚𝑖𝑛 ∑[ ∑ ∑ ∑ ∑(𝑇
𝑈𝐷𝑛

𝑖 ,𝑈𝑃𝐹𝑚
𝑖,𝑚 (𝑡)

4

𝑖=1

𝑁𝑖

𝑛=1

𝑀

𝑣=1
(𝑣≠𝑚)

𝑀

𝑚=1

𝑇

𝑡=1

 

+ (1 − 𝐴𝑖
𝑚,𝑣(𝑡)). 𝑇𝑖

𝑛,𝑚(𝑡) 

+ 𝐴𝑖
𝑚,𝑣(𝑡). 𝑇𝑖

𝑛,𝑚,𝑣(𝑡)] 

= 𝑚𝑖𝑛 ∑[ ∑ ∑ ∑(
∑ 𝐷𝑛

𝑖,𝑚(𝑡)𝑁𝑖

𝑛=1

𝑅𝑈𝐸𝑛
𝑖 ,𝑈𝑃𝐹𝑚(𝑡)

4

𝑖=1

𝑀

𝑣=1
(𝑣≠𝑚)

𝑀

𝑚=1

𝑇

𝑡=1

 

+ (1 − 𝐴𝑖
𝑚,𝑣(𝑡)). (

∑ 𝐷𝑛
𝑖,𝑚(𝑡)𝑁𝑖

𝑛=1

𝑅𝑈𝑃𝐹𝑚,𝑀𝐸𝐶𝑆𝑚(𝑡)
 

+ 
∑ 𝐷𝑛

𝑖,𝑚(𝑡)𝑁𝑖

𝑛=1 . 𝐿𝑖
𝑚(𝑡)

𝑤𝑖
𝑚(𝑡). 𝑐𝑚(𝑡)

) 

+ 𝐴𝑖
𝑚,𝑣(𝑡)(

∑ 𝐷𝑛
𝑖,𝑚(𝑡)𝑁𝑖

𝑛=1

𝑅𝑈𝑃𝐹𝑚 ,𝑈𝑃𝐹𝑣(𝑡)
+

∑ 𝐷𝑛
𝑖,𝑚(𝑡)𝑁𝑖

𝑛=1

𝑅𝑈𝑃𝐹𝑣,𝑀𝐸𝐶𝑆𝑣(𝑡)
 

+ 
∑ 𝐷𝑛

𝑖,𝑚(𝑡)𝑁𝑖

𝑛=1 . 𝐿𝑖
𝑣(𝑡)

𝑤𝑖
𝑣(𝑡). 𝑐𝑣(𝑡)

)] (8) 

subject to:    

𝑇
𝑈𝐷𝑛

𝑖 ,𝑈𝑃𝐹𝑚
𝑖,𝑚 (𝑡) + (1 − 𝐴𝑖

𝑚,𝑣(𝑡)). 𝑇𝑖
𝑛,𝑚(𝑡) 

+ 𝐴𝑖
𝑚,𝑣(𝑡). 𝑇𝑖

𝑛,𝑚,𝑣(𝑡)) ≤  𝑇𝑡ℎ𝑟𝑒𝑠
𝑖,𝑛 (𝑡) (9) 

∑ 𝑤𝑖
𝑚

4

𝑖=1

= 1; ∑ 𝑤𝑖
𝑣

4

𝑖=1

= 1 (10) 

𝑐𝑣 ≤ 𝑐𝑚𝑎𝑥
𝑣 ; 𝑐𝑚 ≤ 𝑐𝑚𝑎𝑥

𝑚  (11) 

𝑐𝑣 ≥ 0; 𝑐𝑚 ≥ 0 (12) 

𝐴𝑖
𝑚,𝑣

∈ {0, 1} (13) 

∑ 𝐴𝑖
𝑚,𝑣

𝑚,𝑣

= 1 (14) 

Constraint (9) ensures that total delay of task 𝑛𝑡ℎ 
of 

class 𝑖 should meet its corresponding delay threshold. 

The constraint (10) means total weight at each MECS 

for four classes is equal 1. Constraint (11) and (12) 

state that computing resource allocated at each MECS 

at time 𝑡 must be smaller than its maximum computing 

resource, and allocated computing resource for each 

MECS is positive, respectively. Constraint (13) 

represents that the processing decision is a binary 

objective. Constraint (14) means each class must be 

chosen to be processed on only one server at time 𝑡.  

III. Methodology 

This section transforms the formulated problem into 

Markov decision process and then solving it by applying 

Deep Reinforcement Learning. 

 

A. Markov decision modelling 
 

The Markov decision process can be defined by 

state space, action space, policy, and reward function 

as presented below: 

 

• State space: 

𝑆(𝑡) = {𝑖, 𝐷(𝑡), 𝑐(𝑡)} (15) 

 

• Action space:   

𝐴(𝑡) = {𝑤(𝑡)} (16) 

 

• Policy: The state transition probability  

𝑃 (𝑠(𝑡 + 1)|(𝑠(𝑡), 𝑎(𝑡)))  represents the 

probability of 𝑠(𝑡 + 1)  given 𝑠(𝑡)  and selected 

action 𝑎(𝑡). 
 

• Reward function:  The reward value is the feedback 

from the environment after making an action 

decision. The optimization problem is to minimize 

the total service delay. However, the reward should 

be maximized. Hence, we define the reward function 

𝑅(𝑡) as the reverse of objective function:  

𝑅(𝑡) =
1

𝑇(𝑡)
 (17) 

 

B. DRL-based resource allocation 
 

This work utilizes DDPG framework which includes 

3 phases:  

 

• Update critic network then get Q-value: minimize 

loss function between target and predicted Q-value. 

• Update actor network then optimize the policy 𝜇. 
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• Update target network.  
 

IV. Experiments and results   

 

In this section, we run simulation to evaluate the 

performance of the DDPG framework-based resource 

allocation.  

 

A. Simulation setup  
 

For the simulations, we take 30 user devices to 

generate tasks in the time slot 𝑡, the size gathered by 

these UDs has range of [0.25, 5]  Mb. Besides, the 

delay tolerance of each class is based on [4]. Detail 

parameters are shown in Table I. 

 

Table I. Parameters setting 

Parameters Values 

Number of UDs 

Number of UPF/MECSs 

CPU cycles per bit of MECS 

Task size 

Bandwidth between UD-UPF 

Power transmission 

Computing capacity of MECS 

30 

5 

[750,800] 

[0.25, 5] Mb 

120 MHz 

5 dBm 

60 GHz 

 

 

B. Results 
 

 
Figure 3. The different methods' average delay 

Fig. 3 describes the average delays of the proposed 

architecture, DQN and RR methods. When using DDPG, 

the delay of each class not only satisfy the QoS delay 

threshold, but also smaller than the same class 

simulated by other methods.  

V. Conclusion 

In this article, we propose a MEC federation 

network based deep reinforcement learning to classify 

tasks come according to QoS levels and minimize the 

total delay of all QoS classes. In the future, we want to 

consider minimizing delay of classes separately and 

examine how minimize one class will affect to the 

others.  
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