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The problem of offloading policy is addressed for mobile edge 

computing (MEC) in this paper. We proposed a deep learning-

based partial offloading method to reduce user equipment's 

energy consumption and service delay. The proposed method 

consists of two deep neural networks (DNNs) to find the best 

partitioning of a single task and their offloading policy, 

respectively. Multiclass classification is used for the selection of 

partitioning and offloading policies. For partitioning selection, 

the DNN was learned through the ratio of task size instead of the 

actual task size to improve the classification accuracy. The 

performance of the proposed method was evaluated in three 

scenarios which are delay-critical model (DCM), energy-critical 

model (ECM), and delay and energy-critical model (DECM). The 

simulation results show that ECM has the worse classification 

performance for partitioning selection than DCM and DECM, 

while three scenarios have similar classification performance for 

offloading selection. Additionally, the proposed method has more 

than 77% and 89% classification performances for partitioning 

and offloading in various scenarios, respectively. 

Keywords—Mobile edge computing, computation offloading 

strategy, task partitioning, deep learning. 

I. INTRODUCTION 

Mobile edge computing (MEC) technology has emerged to 

reduce the service delay and energy consumption of user 

equipment(UE) by deploying powerful computing and storage 
capacity when the computing tasks are offloaded to mobile 

edge server (MES)[1]. In MEC, the energy consumption and 

service delays are greatly influenced by the offloading policy 

that determines which task components are executed locally or 

remotely at MES. The offloading strategy can be categorized 

into full offloading and partial offloading[2]. In partial 

offloading, the task is divided into several components. Then 

some of the components are offloaded to MES for execution, 

while the whole task is offloaded to MES for execution in full 

offloading[3].  

However, it is a complicated problem to find optimal partial 
offloading policy-making process faster and energy-efficient 

because the number of possible ways of task partitioning 

increases exponentially with the task size[4]. Therefore, 

research on how the task components can be divided 

efficiently between UEs and MES to reduce UEs' service 

delay and the energy consumption. 

Several computational offloading methods have been 

introduced to minimize UE service delay and energy 

consumption in MEC systems[1]–[7]. These methods[1]–[7] 

are compared and analyzed from the perspective of a service 

delay, energy consumption, task partitioning, and deep 
learning in [7]. Among them, the deep learning-based partial 

offloading method[7] consumes less energy with faster 

execution in MEC networks compared to the conventional 

methods[1]-[6]. However, this method performs multiclass 

classification with numerous classes by considering 

partitioning and offloading policy together, making 

classification problems complex and unreliable. The number 

of classes partitioning and offloading policy increase 

exponentially as the data size of a single task and the number 

of components per task increase. Considering complexity and 

reliability, we perform multiclass classification task with an 
appropriate number of classes regardless of data size. 

 

This paper proposes a deep learning-based partial 

offloading method to minimize service delay and energy 

consumption with the reduced number of classes for 

partitioning and offloading policy selections. In the proposed 

method, two things are changed compared to the conventional 

method[7]. First, a deep neural network (DNN) that considers 

the selections of partitioning and offloading policy together is 

divided into two DNNs for partitioning and offloading policy 

selections, respectively. It could significantly reduce the 
combination of classes between partitioning and offloading 

policy. Second, to further reduce the number of classes, the 

class for partitioning selection is generated through a ratio of 

size rather than actual size. It mitigates the rapid increase in 

the number of classes as data size increases. By using two 

techniques, the proposed method performs classification tasks 

through significantly reduced classes, enabling reliable 

selections for partitioning and offloading policy with low 

complexity. The performance of the proposed method was 

evaluated in various scenarios. Performance comparison and 

analysis are performed through various models in 

environments where service delay is the dominant factor, 
energy consumption is the dominant factor, and both service 

delay and energy consumption are considered as the dominant 

factor. 
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II. SYSTEM MODEL  

This section presents a method of calculating the cost 

function for partial offloading and deep learning model 

structure. 

A. Cost Function 

We consider the system model [7] to find the optimal 

offloading policy and partitioning in MEC. The detailed 

formulas for obtaining cost and system parameters can be 
found in [7]. fcl(ci) indicates the local cost when ci executes 

locally in the UE and fco(ci) indicates the remote cost when ci 

executes remotely on MES, where ci is the ith components of 

a single task. The cost function for local execution fcl(ci) can 

be calculated as: 
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where δ1 and δ2 are the weighting coefficient by which we can 

change the contribution and priority of delay and energy 

consumption in the local cost function, respectively. In the 
delay parameters, dli is total delay for local execution of ci, ddi 

is time delay for task-division per component, and dmax is the 

deadline time for a whole task execution. In the energy 

parameters, Eli is total energy consumption for local execution 

of ci, Edi is energy consumption for partitioning of the task and   

Emax is maximum energy of UE’s battery. Similarly, the cost 

function for remote execution fco(ci) can be describe as: 

 

3 1 1

4 1 5 2 6 3

( ) [ (1 ) (2 ) ]

[ (1 ) ] ( ) ( ),

co i ti i ei ri pi i di

ti i ri di i i

f c d e d d d e d

E e E E f r f k



  

− −

−

= − + + + − +

+ − + + + +
    (2) 

 

where δ3, δ4, δ5 and δ6 are the weighting coefficient by which 
we can change the contribution and priority of time delay, 

energy consumption, radio resources and computational 

resources in the cost function. We set the sum of all 

coefficients to be 1. In the delay parameters, dti, dei, dri, and dpi 

are the delay due to transmission, execution, reception, 

propagation for remote execution of ci, respectively. Eti and Eri 

are the energy consumption in the energy parameters due to 

transmission and reception for remote execution of ci, 

respectively. We multiply (1 – ei-1) with dti and Eti if the 

previous component ci-1 was executed at MES, where ei is 

indicator that means 0 when ci executes locally and 1 when ci 
executes remotely at MES. It means the next component ci is 

available at MES and does not need to be retransmitted.  

Similarly, dpi (2 – ei-1) gives propagation delay only for 

reception. f2(ri) and f3(ki) give the cost due to used CPU cores 

and subcarriers, respectively, where ri represents the number 

of CPU cores used in the processing of ci and ki represents the 

available subcarriers of ci. We change the delay and energy 

priorities to identify and analyze how the weighting 

coefficient effect on delay and energy changes when 

offloading is performed. In order to consider various delays 

and energy priorities, we evaluate the energy consumption and 

service delay of partial offloading by setting weighting 
coefficients according to three scenarios.  

 

Figure 1.  The proposed deep neural network structures 

B. Deep Learning Model 

The complexity of conventional model [7] determining 

optimal partitioning and offloading policy increases 

exponentially. To reduce this very large computational 
complexity, we use a supervised learning approach. The DNN 

performs offloading and partitioning selections based on the 

given input values. The proposed technique consists of two 

DNNs to find the best partitioning of a single task and their 

offloading policy. 

In the conventional DNN structure in [7], it could 

exponentially increase the combination of classes between 

partitioning and offloading policy. To solve this problem, we 

divided single DNN into two DNNs, one DNN for best option 

for task division and the other offloading decision for each 

component. For partitioning selection, the class is generated 
through a ratio of size rather than actual size. It mitigates the 

rapid increase in the number of classes as data size increases. 

To generate a dataset for training deep neural network models, 

we selected and saved the option and input data with 

minimum cost. We randomly generated task size, number of 

components, division resolution, number of subcarriers, 

available computing resources of MES, distance between UE 

and MES, frequency of UE, transmitting power of UE to 

consider simulations in various situations. All DNN models 

consist of three types of layers. It consists of an input layer, a 

hidden layer, and an output layer. The input layer consists of 

the information about the size of task (m), number of 

components (n), division resolution (γ), and network status (k), 

available computing resources of MES (r), distance from MES 

(λ). The hidden layer consists of two layers for each deep 

neural network model. Each hidden layer consists of 128 

neurons. Each of two output Layer provides different 

information, one output layer for optical offloading 

policy(op*) and another for optimal partitioning(z*). Overall 

DNN structures are shown in Figure 1. 
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TABLE 1. WEIGHT FOR EACH MODEL 

TABLE 2. TEST ACCURACY FOR EACH MODEL 

III.  SIMULATION RESULT  

The overall simulation environment and parameters are 

shown in [7]. There are some changes in our simulation 

compared to [7]. We fixed the number of components per task 

to 6 and fixed the division resolution to 200MB. Therefore, 21 
neurons in the input layer; a neuron for task size, a neuron for 

number of components per task, a neuron for division 

resolution, six neurons for random distances during mobility 

of UEs in the execution of each component, six neurons for 

subcarriers during the execution of each component, and six 

neurons for CPU cores assigned to each component. Similarly, 

six neurons for offloading policy and six neurons for 

partitioning are reserved in each output layer. The ReLU and 

Softmax activation function are used for each hidden layer and 

the output layer, respectively. We generated 200,000 

simulation data for deep learning. The data is randomly 
divided into training, validation, and test data by 70%, 20%, 

and 10%, respectively. 

 

Table 1 shows the weight coefficient of the three models. 

Considering application-specific requirements, we set the 

weight values according to the characteristics of each model. 

We considered three different models, which are delay-critical 

model (DCM), energy-critical model (ECM), and delay and 

energy-critical model (DECM). 

 

Table 2 shows the classification accuracies of partitioning 

and offloading policy selections. The classification 
performances of partitioning are 77% to 83%, and the 

classification performances of offloading policy are 89% for 

all models. The ECM has the lowest accuracy in partitioning 

classification because the amount of energy that depends on 

the input of ECM is low. 

 

 

 

 

 

 

 

 
 

 

 

 

 

 
(a) Service delay comparison for each model 

 

 

 

 

 

 

 

 

 

 

(b) Energy consumption comparison for each model 

Figure 2.  Service delay and energy consumption for each model 

Figure 2 shows the results of the effect of delay and energy 

weighting on actual delay and energy by DCM model, ECM 

model, and DECM model, respectively. We performed a 

comparison between delay and energy using the result of 

partitioning prediction and offloading policy prediction of 

each model. 

 

Figure 2(a) shows the comparison results from the perspective 

of delays in each model. As we adjusted the weight coefficient, 
the DCM model had the shortest delay, and the DECM model 

had the second short delay. The ECM model showed the most 

prolonged delay because the delay does not matter in the ECM 

model. Figure 2(b) shows the comparison results from the 

perspective of energies in each model. Similarly, the ECM 

model had the lowest energy consumption, followed by the 

DECM model with the second-lowest energy consumption, 

and the DCM model showed the highest energy consumption. 

IV.  CONCLUSIONS 

In this paper, we proposed a deep learning-based partial 

offloading method in MEC systems for various scenarios. 

Two DNNs were employed for the selections of the 

partitioning of a single task and their offloading policy to 

solve the multiclass classification problems, respectively. For 

partitioning selection, the ratio of task size instead of the 
actual task size was considered as label data. The performance 

of the proposed method was evaluated in various scenarios. 

The simulation results showed that the proposed method has 

more than 77% and 89% classification performances for 

partitioning and offloading selection in various scenarios, 

WEIGHT DCM ECM DECM 

𝛿1 0.8 0.2 0.5 

𝛿2 0.2 0.8 0.5 

𝛿3 0.6 0.2 0.4 

𝛿4 0.2 0.6 0.4 

𝛿5 0.1 0.1 0.1 

𝛿6 0.1 0.1 0.1 

Model 
Test Accuracy 

Partitioning Offloading Policy 

DCM 83.03% 89.14% 

ECM 77.34% 89.53% 

DECM 82.74% 89.7% 
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respectively. Applying appropriate weights depending on the 

specific requirements of the application will contribute to 

reducing latency and energy. Our future work is to find a way 

to further increase accuracy by applying a local search 

algorithm to the partitioning classification selection. 
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