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Abstract: Mobile edge computation (MEC)-enabled Internet of Things (IoT) network have gained significant attention from
academia and industry due to its ability to provide ultra-low latency computation services for several IoT applications such as
VR/AR, smart city and online gaming, etc. This article explores the challenge problem of jointly addressing computation
offloading and resource allocation (CORA) in a time-varying MEC-enabled IoT network. Firstly, we propose a multiuser and
multiserver MEC-enabled IoT architecture based on centralized management for the decision-making process of CORA.
Secondly, we formulate a task execution delay minimization problem considering energy consumption and resource constraints.
It is challenging to solve this problem using traditional methods due to the coupling between the variables, as well as the dynamic
nature of the network. To this end, we convert the original problem into a Markov Decision Process (MDP). Then, an entropy-
based deep reinforcement learning algorithm (EDRL) with strong exploration capabilities and stability is used to learn the
dynamic CORA strategy. Finally, extensive simulation experiments have indicated that our proposed EDRL method exhibits
superior learning ability and stability compared to the DDPG. Except for the exhaustive method, EDRL outperforms other
baselines with respect to execution delay and energy consumption.
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such as the Alternating Direction Method of Multipliers

1. Introduction (ADMM)-based approach [16] and heuristic methods[17-19],
The convergence of the Internet of Things (IoT) and hav§ been proposed to try to address .the MINLP problem.
wireless communication technology has enabled a wide range While these methods can reduce algorithm complexity, they
of mobile services and applications, such as virtual/ require numerous iterations to achieve local optimality. Once
augmented reality(V/AR), smart city, online gaming, etc. [1, certain factors in the system ghange, such as bandwidth or the
2]. With the progressive implementation of 5G cellular number of IoT UDs connecting to MEC servers, the optimal
networks [3] and the emergence of 6G networks [4] these ofﬂpading and resource allocation problem needs to be solvgd
mobile applications will increasingly penetrate various again. Therefore, thqse methods are unsuitable for dynamic
aspects of our lives. However, it is impractical to directly MEC network scenarios.
execute these computation-intensive mobile services on Deep learning (DL) has become a key tool for addressing
resource-constrained IoT user devices (UDs). Researchers various problems in machine learning. Many cutting-edge
have introduced Mobile Cloud computation (MCC) to applications, such as autonomous vehicles .and natural
address this issue, which involves offloading the language processing, rely on DL to predict resource
computational UDs’ tasks to remote central cloud servers for requirements and optimize their allocation[20]. In [21,22], the
processing [5]. Compared to IoT UDs, these cloud servers in authors utilize the powerful fe'atu.re extraction capabilities of
MCC provide more abundant computation resources and DL to learn offloading sFrategles in MEC systems. However,
greater storage capacity [6]. Nevertheless, due to the DL presents challenges in MEC systems due to the need for
deployment of cloud servers far from end users, this approach layge labeled datase‘ts to train neural networks. In contrast,
results in high transmission delay, which is not feasible for reinforcement learning (RL) does not rely on a dataset for
delay-sensitive mobile applications. Furthermore, in the model training, as the agent interacts with the dynamic MEC
process of computation offloading in MCC, the increasing system and legms an optirpal strategy without prior
data volume puts significant pressure on wireless network knowledge. Typical RL glgorlthms hkg SARSA and. Q-
transmission [7]. Fortunately, Mobile Edge computation learning store tuples containing state, action, and value in a
(MEC) emerges as a new computation paradigm that can Q-t.able. However, with an increasing number of states and
alleviate these challenges. Therefore, the MEC-enabled IoT actions, the methods for manipulating the Q-table become
network also comes into being. inefficient and may lead to the curse of dimensionality. Deep
In the task processing of IoT UDs, two issues require Reinfor.cem.ent Learning (DRL) [23,24]addresses the issup by
attention: firstly, determining the necessity of offloading tasks approximating the Q—tab.le using a neural network combined
for processing on the MEC server; and secondly, allocating with relr}forcement learning techniques. . .
the appropriate resources to UDs that require task offloading. In this study, a MEC network framework is devised
It is evident that due to the presence of binary offloading ~ featuring an Edge Manager Node (EMN). The EMN is
variables and resource allocation variables, CORA in MEC is introduced to enhance CORA management efficiency in the
considered as a Mixed Integer Nonlinear Programming MEC system, as well as reduce the overhead for UDs.

(MINLP) problem, which is also NP-hard[15]. Some methods, Specifically, we design a problem of CORA, considering
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constraints on computation resources, communication
resources, and energy consumption, with the objective of
minimizing execution delay. This problem is non-convex
within each time interval. To address this issue, inspired by
reference [25], we propose an entropy-based deep
reinforcement learning (EDRL) algorithm for CORA in the
MEC system. This algorithm incorporates an entropy term
into the reinforcement learning reward to enhance its
robustness and stability. Our primary contributions are
summarized as follows:

1) We advocate a MEC architecture based on centralized
management for the decision-making process of CORA. In
this system, UDs can interact in real-time with the edge nodes
to obtain reasonable decisions regarding CORA, which can
reduce unnecessary computational overhead caused by
making offloading decisions in each IoT UD.

2) We explore the proposed dynamic MEC system and
formulate CORA as an MINLP problem, aiming to minimize
task computation latency while considering energy
consumption, power resources, and computation resources. It
is challenging to solve this problem by traditional methods
due to the large solution space and dynamic nature of MEC.

3) The original problem is converted into a Markov
Decision Process (MDP). Then, an entropy-based Deep
Reinforcement Learning (EDRL) is proposed to handle this
model. EDRL enhances learning exploration and stability by
introducing entropy during the learning process, achieving
stable and efficient CORA strategies.

4) Extensive simulation experiments are conducted to
validate the efficiency of our proposed EDRL. Simulation
results demonstrate that the EDRL method exhibits superior
learning ability and stability compared to the DDPG during
the process of CORA. In addition, except for the exhaustive
method, EDRL outperforms other baselines with respect to
execution delay and energy consumption.

The rest of the article is shown below. Section 2 describes
the proposed MEC system mode and the research problem.
Section 3 describes the entropy-based DRL solution method.
In Section 4, we provide the parameter settings for the
simulation experiments and baselines and analyze the
outcomes of the experiments. Finally, Section 5 encompasses
the conclusions drawn from this article.

2. System Network Model and Problem
Description

2.1. System Network Model

Our study focuses on a MEC-enabled IoT network depicted
in Figure 1, which is composed of numerous IoT UDs,
multiple edge computing nodes, and an edge control node.
Let ¥ ={1,2,...,N} represents the set of IoT UDs, and
M ={1,2,..,M} denotes the set of edge nodes in the
considered MEC system. Every IoT UD in the MEC system,
equipped with limited computational capabilities, has the
option to perform its computation tasks either locally or
offload them to an edge node for processing. Additionally,
each edge node corresponds to a small cellular base station
(scBS) for communication with the user devices, and each
scBS incorporates an MEC server to process tasks generated
by the IoT UDs. Different from existing research, we
introduce an EMN into the MEC network, responsible for
executing CORA algorithms and sending the computation
results to target UD. Similar to regular edge nodes, the EMN
also has an scBS that deploys MEC servers for managing
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CORA. Specifically, to simplify the problem, we assume that
the EMN has robust computation and storage resources and
can parallelly process requests for CORA from different [oT
UDs. In the MEC network framework, CORA schemes are
handled as follows. Firstly, within each time period, each UD
generates a task. Secondly, the EMN gathers system
information, including the attributes of computation tasks, the
remaining bandwidth resources of scBS, and the available
computation resources of the MEC servers. After obtaining
the relevant system information, the edge control node will
execute the corresponding CORA algorithm. Based on the
computation results received from the EMN, IoT UDs can
undertake appropriate offloading actions.

small cell base stations

i ) Tasks computing edge servers

Edge control server

Edge computing node 1 Edge computing node 2

loeTUD 1 leTUD N

Figure 1. The MEC-enabled IoT network model with multiuser
and multiserver

To characterize the MEC system, we discretize time into
fixed-length time periods, denoted as t€ {1,2, ..., T}.Within
each time period, every IoT UD generates only one
computation-intensive task. Furthermore,we employ a
commonly used task model to establish the definition of
Q

n

execution tasks, which can be represented as
{ 8 . € o flocal "¢ n}. Here, 6 _Tepresents the volume of data
in the execution task, & represents the total count of CPU

cycles necessary to execute the task @ —.and flocal
the capability of IoT UD
n -t ndenotes task execution deadline for performing task

represents computation

Q n.The implication is that the task's execution time should

not exceed a certain threshold, regardless of whether it is
executed locally or on an MEC server. It should be noted that
this study exclusively focuses on local task execution or
offloading to MEC servers, without considering additional
offloading to remote centralized clouds or other ENs. In this
paper, within each time period, dynamically arriving
computational tasks Q ,from UD are different, with varying
computation intensities and input task sizes. To reduce
execution delay and energy consumption, a task Q , can be

processed locally or offloaded to an EN node.In addition, this
study specifically addresses the scenario of binary offloading,
where tasks cannot be further subdivided. An variable X,
is applied for defining the offloading decision for the
computational task Q N of UD n, where X;p;, =0
represents the task being processed locally on UD n, and
otherwise, the task Q nis offloaded and executed on the EN
m.



Table 1. Presents a summary of the key concepts used in this article

Concept Description
N Set of user devices, indexed by n
Set of edge nodes, indexed by m
T The scale of time slot
0, Computational task of user device n
Op Computational volume of the task 2,
CPU cycle count needed to perform the
Gn task 2,
flocal Computational capability of user device n.
Ty Execution deadline of the task 0,
Xnm Offloading decision variable
MEC Amount of computational resources
m assigned to the task (2,,by edge node m
w Amount of bandwidth assigned to the task
mm 0, by edge node m
R Data transfer rate between user device n
mm and the edge node.
Computational capacity of the MEC
fuec servers

While offloading computational tasks to an EN can
decrease task execution latency and energy consumption
compared to local computation, offloading tasks also incur
additional delay and energy costs due to data transfer.
Therefore, when UD n offloads its task to an EN within a time
slot, we take into account the transmission latency and energy
consumption. Specifically, we neglect the communication
cost between MEC server and scBS the and simplify the
problem by not considering interference between neighboring
cells. According to Shannon's theorem and referring to [26]
and [27], the wireless transmission rate from UD n to EN m
can be represented as:

Pngn ) (1)
Wn,m 0

Rn,m = Wn,mlogz (1 +

where p, represents IoT UD n's transmission power when
offloading the task @ to EN m;
power spectral density; wyp, represents the bandwidth
allocated by EN m to UD n; g, is the channel gain between
IoT UD n and scBS.We assume that the mobility of the user
device is not significant during offloading, so the channel gain
of the user device is constant but may vary for different user
devices. Based on the above description, the transmission
delay associated with IoT UD n's decision to offload its

0 denotes the noise

execution task Q ,to EN'm can be represented as:
8

tran — n
Dyt =

Rom (2)
Furthermore, the corresponding energy consumption for
the task Q can be obtained as follows:

EY®n = p, D" 3)

Typically, the data received by the IoT UD from the MEC

server is significantly smaller in size compared to the

transmitted data and has a higher download link rate [28].

Therefore, in this paper, we do not consider the transmission

latency and energy consumption resulting from the computed
results returned by the MEC servers of the edge nodes.

The task Q  can be executed either on the local IoT UD

n or on the MEC server m.When x, ,= 0, the computational
local

task Q N of UD n will be processed locally. We use ¢ N

to represent the difference in energy consumption and
computational capacity of heterogeneous IoT UDs.
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Consequently, the task latency can be represented as:

1 1 _ n
Dnoca - frllocal (4)

And the local energy consumption of IoT UD n is
calculated as follows:

local
Elocal — ¢
n

0 n (5)
local . .
where ¢ = = 10727 (flocaly2 js related to the actual chip

architecture[42].When x, ,= 1, the task Qn of UD n is
offloaded to EN m for processing. We utilize fMEC to define
the computation resources allocated by EN m's MEC server
to task Qn of UD n. Therefore, the task Qn' execution
delay on the MEC server is written as:

¢
Dy = e ®
n,m

Furthermore, the energy consumption associated with
offloading computational task @ = can be represented as:
Erl\x/[EC = Pumec D?{[EC (7)
where Pygc represents the power of the MEC server.
According to equations (5) and (6), we can infer that when
UD n is allocated more computation resources by EN m, the
computation delay will be reduced, but the -energy
consumption will increase accordingly.

Similar to [26], we consider the energy cost of the idle
mode for IoT UD n while waiting for the offloaded
computation results, which can be calculated as:

Ept = pyDy*C (8)

where py'is the power in idle mode for UD n. By combining
equations (2), (3), (6), (7), and (8), the total delay and energy
consumption for offloading computational task , ofUDn

within a given time slot can be easily obtained as follows:
Doff = ptran + DMEC
n n n

)
(10)

And
goff — gtran 4 EMEC 4 pwait
n n n n
2.2. Problem Description

Based on the above content, we can calculate the delay cost
of task Q N of UD n within a given time slot as:

Dn = (1 - Xn,m)D}local + Xn,ngff (11)
And the corresponding energy consumption is:
En = (1 —Xqm)ER + x, nEST (12)

To reduce system overhead and improve IoT UDs' QoS, we
leverage the Edge control node to acquire the optimal CORA
strategies between IoT UDs and ENs. Our objective is to
minimize the average execution latency of the computational
tasks in the entire MEC system, considering energy,

computation resources, and communication resource
constraints. To achieve this, the formulation of the

optimization problem is represented as follows:

T-1 N
1
min — D 13a
xn,m,wn’m‘fhdgc NT Z Z n ( )
i t=0 n=1

s.t.Cl:D, < T, VneN (13b)
C2:xym €{0,1} , VneN (13¢)

C3:0 < YN XymfMEC < fypc, VNEN, meM (13d)
N
C4:0 < WpmSW, VnEN,meM

n=1

(13e)



M
C5:OSZ Xom <1, VneN,
m=1
meE M (13f)
C6:0<E,<e,, VneN (13g)

The objective function (13a) minimizes the overall system
execution delay during s. The first constraint (13b) ensures
that the computation time does not exceed its tolerance delay.
The second constraint (13c) guarantees the successful
execution of each UD's computational task. Constraint (13d)
ensures that the allocated computation resources for tasks
executed on edge node m's server do not exceed the maximum
value fygc. Constraint (13e) represents that the allocated
bandwidth for tasks on EN should be less than or equal to the
maximum value w . Constraint (13f) restricts each
computation task to be computed by only one MEC server.
Constraint (13g) guarantees that the energy consumption of
tasks remains within the energy cost threshold.

Due to the interdependence and the need for simultaneous
optimization of variables Xp ,, Wy m, and f};ﬁﬁc,the problem
formulated is an NP-hard MINLP problem. For dynamic
MEC systems with a large state-action space, it is challenging
to obtain optimal CORA strategies using traditional methods
such as convex optimization, heuristic and greedy algorithms,
etc. To address this problem, we transform this problem into
a MDP and employ an entropy-based deep reinforcement
learning algorithm to deal with it.

3. Entropy-based Deep Reinforcement
Learning Solution for CORA

3.1. Markov Decision Process Model

In this subsection, we transform the original problem into
a MDP model that is represented by a quintuple< §, A, P, &,
Y >. S denotes the group of environmental states, A
denotes the group of activities, P is the group of state
transition probabilities, R is the reward function of state-

actions. And 7y € [0,1]represents the discount factor related
to the importance of future rewards.

In the MDP model, the agent acts as a decision-maker that
interacts with the external environment. In this paper, we
consider the edge control node as an intelligent agent. At the
start of each time interval, the agent gathers whole state
information. When a UD n has a new task to process, the
agent determines a CORA action based on the collected state
information. The agent is provided with a reward by the
system environment, which is contingent on the current state
and action. The agent continues this process and accumulates
rewards until it obtains the optimal CORA decision that
minimizes system costs. The edge control node sends this
decision to the target UD n, which then decides whether to
offload the computational task based on this decision. Next,
we define the MDP elements related to the objective function
problem.

State Space: The state space of the MDP reflects the
present system environment within time period t. In our
problem, the system state includes the task information of
users, APs' resources in the EC, and ME's resource
information. We define the state of the MDP using a vector

S ={se ={Q (1),C(1),B(t),Ep(t)}}, where S represents
the local states of whole IoT UDs in time period
t; Q r1(t)represents the execution task characteristics of IoT

UD n in time period t; Ct) =
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(fMEC fMEC  £MECYand B(t) = {w;, Wy, ..., Wy}
represent the remaining computation capacity and remaining
bandwidth resources of the EN set in time slot t, respectively.
Ep(t) = {e,} denotes the energy expenditure of the system at
time period t.

Action Space: The agent's goal is to establish a mapping
between the state space and the action space. In our system,
the agent is responsible for deciding the CORA schemes for
different IoT UDs within time period t. As a result, the action
vector comprises three components: the task offloading
decision variable, the bandwidth resource allocation variable,
and the computation resource allocation variable. We
represent the action space of the agent using A = {a; =
Xnm Wnm fMEC}}(Vn € N, m € M ). Where x,, € {0,1}
represents the decision regarding task offloading for the given
fMEC

task Qnat time period t. wyp, and represent the

computation resource and bandwidth resource obtained by
UD n from EN m at time t, respectively. To reduce the action
space, we preprocess the computational tasks. At time t, for a

task Q N coming from UD n, if the execution time does not

exceed a predefined threshold, the task will be processed
locally. Otherwise, the MEC server will handle the processing
of the task through offloading. This approach reduces the
dimensionality of the action space in the MDP, thus
accelerating the convergence of the algorithm.

Reward Function: In every time period t, the agent takes
actions in a given state, and then the current environment
provides an instantaneous reward to the agent. In other words,
the reward can be viewed as a mapping between the state
space and action space. In RL, the aim is to maximize the
overall cumulative reward. However, according to equation
(13a), our goal is to minimize the average task execution
delay across the whole MEC system while considering energy
and resource limitations. Therefore, we define the

instantaneous reward A(r (s, a,)) for a computational task

as follows:
N
r(spay) = — Z Dy
n=1

Policy: apolicy n canbe describedas = (a¢|s;) € [0,1],
which corresponds to the probability of selecting an action a;
in the current state s;.In order to minimize the system's long-
term delay, we need to find an optimal policy for
computational tasks in different time slots, which can be
represented as follows:

n=argmaxEL) v A(sa) (15)

where E represents the expectation. Under the given
policy, the average system delay can be represented by a Q-
function, which can be understood as the expected discounted
reward associated with choosing action a; in the initial state
st. It can be expressed as:

Q, (svap) = E[r(spa) + ¥ A(Ste1r acr1) +- -« [Sp A

(14)

(16)

3.2. Entropy-based Deep Reinforcement
Learning Algorithm for CORA

Policy that minimizes system delay can be achieved
through value and policy iterations. In [25], an efficient and
stable DRL framework based on entropy is put forward to
handle high-dimensional continuous state-action space
problems. Inspired by this approach, we adopt an entropy-



based DRL(EDRL) scheme to obtain the optimal CORA
policies in the MEC system. Specifically, by incorporating the
concept of entropy, our approach achieves higher exploration
capability and stability.

Entropy serves as a metric for quantifying the degree of
randomness and uncertainty in a stochastic phenomenon. Its
applications span across diverse fields including information
theory, physics, statistics, and artificial intelligence, etc. [29].
The magnitude of information entropy can be used to reflect
the level of exploration, where a higher entropy indicates
stronger exploration capability. Therefore, we incorporate an
entropy term into the original reward, resulting in an entropy
reward, which can be expressed as:

Riyy =Reyr + aH(T (G s))t=01,... (17)
where the parameter a > 0 regulates the extent of policy

randomness. H(® (- [sy)) = —log 7 (- |s;) denotes the
entropy of the policy in a given state. By introducing entropy
into the reward, it enhances exploration capability as entropy
leads to more uniform policy outputs and learning closer to
optimal actions. More specifically, certain states may be
associated with multiple optimal actions due to having similar

Q-values, so these actions may be assigned equal probabilities.

Additionally, to prevent repeated selection of the same action
and avoid suboptimal results, none of these optimal actions
are assigned excessively high probabilities. This strategy
promotes faster learning. Furthermore, we can obtain the
long-term reward with an entropy term as follows:

T-1
a a a t a
U, =R +yR2+...=Zth+1 (18)
t=0

The Q-function and state value function are denoted as
follows:

Q) (sva) =E,[U [spa,sc€S,ac €A (19)
and

Vo) =E,[U s sc€S (20)

Moreover, in order to approximate the state value function,

Q-function, and policy function, we utilize three distinct Deep

Neural Networks (DNNs) denoted as 0, w,and ¢ .

Therefore, for a given pair of state and action, the state value
function can be represented as:

Vi) =B, [Q) (spad] + a H(n (-]8) (1)

Similarly, the equation for Bellman backup based on

entropy is computed by incorporating entropy into the reward.
Then, the Q-function is expressed as:

Q,Gva) =Q, (vad + aH(T(18) (22
In particular, according to equation (16), the optimal deep

policy can be represented as:
T-1

t
%, sy = arg maxE ), [ ¥ (FGsua) — @ log( (
t=0
“Is0)))] (23)
(stag)~p (m) denotes the distribution of
trajectories following a policy = (a;|s;). As a result, given

where

the optimal policy =  (at|sy), the Bellman optimality
equation for a Q-function Q (s a;) related to the value
function V, (s;) can be written as:

Q,(svay = ]Eat+1~r[ [r(str a)+ vV, (St+1)] (24)
By incorporating a broader entropy objective into the
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design of random offloading strategies, the agent can
randomly select a set of offloading actions to ensure that no
useful set of offloading operations is overlooked. After
constructing the relevant functions, we proceed to describe
the training process of the DRL algorithm. The network
framework of the EDRL algorithm is depicted in Figure 2. It
mainly comprises an actor network and a critic network.
Where the actor network, also known as the policy network,
plays the role of selecting action a; given the state s; and

policy = o N addition, the critic, referred to as the value
network, is tasked with assessing the value of actions selected

by the actor network and generates evaluation value
Q,(spay) used to adjust the actor network. Detailed

explanations of the training procedures for both the actor
network and critic network will be provided below.

-5

Critic
%,
)

7 Update 8

Update ¢

Qulsnar)

Update w
.

state s, state s, T

I

Training batch B = {(5y, @, 11, 51, - Jacch size

Environment l

action a;

l sampling batch

Experience replay
buffer D
(Se, Av, Ry, S

ts1)

next state 5,4

Figure 2. EDRL algorithm architecture

Before each training iteration, we initiate the process by
randomly selecting a batch from the experience replay buffer.
The experience replays buffer stores past experiences, which
include records of the present state, action, immediate reward,
and the next state of the environment, thereby improving the
utilization of state-action pairs [5]. To update the Q-critic
network with the assistance of the optimal Bellman equation,
mean squared error (MSE) is used as the loss function to fit a
Q-function Q_(spay) to the Q-target function

Q. ~(sy,ay).Hence, the objective function of the Q-function

is expressed as:

.
1
Lo(@) = ﬁ;mm Goa) —Q,-Goa]?  (25)

The objective function Q -(sk, ax) satisfies equation:

Qm‘(Sk. ag) = r(s,ap) + v (Qw_(sk+1:ak+1) -

a 10g< T (ak+1|5k+1)>>

where _represents the parameters of the Q-critic target
network. Furthermore, to obtain values close to the optimum
for Q, (sy a),we employ the most common gradient descent

(26)

method to update the parameters © by minimizing Lg(®
) . The gradient Ly(®) can be written as:



1
VmLQ(w)=_
18l =

+ v (Q,~(Sks1Aks1)

— alog( ™, (Aks1lSk+1))) (27)

Finally, the parameters of the Q-critic network can be
updated in the following manner:

-V, Q. Swar(sk ax)

co<—co—}\m— Lo(®),
|:B|§
0 cew +(1—e)w_,
e € [0,1] (28)

where A~ denotes the learning rate of the Q-critic

network.
Similar to a Q-function Q , (s, a), the V-critic network is

employed to approximate the value function V, (s;) and its

parameters are updated also by MSE and stochastic gradient
descent. The objective function of the V critic network can be
formulated as:

)
1
Ly(0) =~ D V4 (50 = (Qu (5020
k=1
~ alog(x , (als))’ 29

Furthermore, the gradient descent for Ly( ) can be
expressed as:

B
1
VoLy(9) =2 ) VoV, 01y (50 ~ Q. (i)
k=1

+ alog (™, (akls)] (30)
Finally, the V-critic network can be updated as follows:

(BD

where A | denotes the learning rate of a Q-critic network.

Combining equations (24) and (25), we update the policy
network using Q , (s¢,at). In order to prevent being trapped
in local optima and promote exploration in state s;, we reset
the parameters of the action a; =f, (1 o St). Additionally,

we set £, (1 ;s = fi: (sp) + 1t®f(§ (sy), where fg (sy)
and f (: (st) respectively represent the mean and variance of

a Gaussian distribution, with 1 ¢ representing a Gaussian

sampling noise vector. Therefore, an optimal policy is
acquired by updating the policy parameters with the
Kullback-Leibler (KL) divergence, given by the following
equation:

exp(--Q,, (56°)
o

where Dgj (c||d) represents the KL divergence that is
used to evaluate the difference between distributions ¢ and
d. Z_(sy) represents the sum of Q_(syay) , which
normalizes the state s;. Therefore, combining equation (32),

the policy parameters that incorporate the KL divergence can
be expressed as:

arg min Dy, [ 7, (- [si)l]

Algorithm 1: EDRL algorithm for the CORA.

1 Initializing parameters:
o, w,w~and 6,experience replay buffer D, batch size for
sampling B, initial state s, and maximum iteration T.

2 for each episode in episodes do

3 Initializing the simulation environment;

4 Randomly generate an start-state s.

5 fortfrom0to T-1 do

6 Based on the current state of the environment, the
actor network selects an action a,~m, (- |s;);

7 Selecting the next state s;,, and reward r(s;,a;);

8 Storing s¢, ag, 11, S¢4+1) in the experience replay
buffer D.

9 Updating state s,=s;1;

10 Sampling a batch of samples B from the
experience replay buffer by random selection
B {(soauTe Se41)} s

11 Updating the Q-function parameters of the Q-
critic network w:
© «©= 2y TsLe®) ;

12 Updating the parameters of the V-critic network 6:
0 <0~ A9V T Ly(6);

13 Updating the parameters of the actor network ¢:
¢ <@~ ApVy 1 Tn L(9);

14 Updating the parameters of the target network w™:
W —ew +(1-e)w;

15 if s;4q isthe terminal state then

16 break;

17 else

18 continue;

19 end if

20 end for

21 end for
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L(®) = alogm (f, (v ;si)lsk)
= QG fy (v ssi) (33)

Furthermore, the gradient based on action sampling about

L( ¢ )can be expressed as follows:
VyL(d) =V, alogn  (aklsk)

Vq)fq)( L si)[Va alogm d)(aklsk)

— VaQ(sy, ax)] (34)
Finally, the parameters of the actor network can be updated
as follows:

1
b« & —>\¢V¢@ZL(¢) (35)
B

where A o denotes the learning rate of the Q-critic

network. The specific description of the EDRL algorithm is
shown in Algorithm 1.

Table 2. Simulation Parameters

Parameter Description Value
Amount of loT user device n [5,30]
Amount of edge node m 5
Transmission bandwidth w 8 MHz
Wireless transmission power p, 25dBm
Noise power spectral density o -160 dBm/Hz
Channel gain g, 126+35log(L)
Computing capability of user device n flocal [0.5,1.5] GHz
Computing Capability of Each MEC Server 9GHz
fMEC
Standby Power of User Device n py 0.02wW




4. Simulation Results and Discussion
4.1. Simulation Setup

We have set our simulation parameters in the following
manner. In each time period, the data volume of computing

task @ for UD nis denoted as 8 . € [15,95]Mbit, and the

respective CPU cycle requirements for £ , €[1000,4000]

(Megacycles). In this paper, we conssider that the computing
capacity of different UDs follows a uniform distribution [0.5,
1.5]. Just like [26], the channel gain can be represented as 126
+ 35log(L), where L represents the distance between UD and
EN. In addition, we set the empirical replacement buffer
capacity to D=5000, the batch size for sampling the training
network to 256, the discount factor to 0.9, and the learning
rate to 0.001. The main evaluation parameter settings are
listed in Table 2.

To evaluate the performance of the EDRL algorithm, we
introduce four baselines as follows:

Local Execution: IoT UDs perform whole tasks on their
local devices.

Edge Execution: IoT UDs offload all computational tasks
to MEC servers for execution.

DDPG: Deep Deterministic Policy Gradient (DDPG) is a
classical RL algorithm used to handle large continuous action
spaces. In this paper, we use it as a baseline for comparison
with our EDRL method.

Exhaustion: The exhaustive method, also known as a brute
force search approach, offers an approximate optimal solution
and serves as an upper limit for other methods. However,
implementing this method in large-scale systems is
challenging.

4.2. Results and Discussion

As shown in Figure 3, we compare the convergence
performance of the EDRL and DDPG, with 10 User Devices
in the system. From Figure 3, it is easy to observe that both
DDPG and EDRL converge at around 500 episodes. However,
the convergence reward of EDRL is higher than that of DDPG,
indicating that EDRL has stronger learning capability
compared to DDPG. Additionally, EDRL achieves a relatively
stable reward value at approximately 1000 episodes, while
DDPG exhibits larger fluctuations in reward value after
convergence. This is because, compared to the deterministic
policy-based DDPG method, EDRL introduces entropy
during the learning process of the CORA in the dynamic MEC
system. This introduction of entropy brings more exploration

and stability factors to the algorithm.
0

-50

-100

-150

B 200
<
Z
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Figure 3. Comparison of convergence performance between
DDPG and EDRL
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With 10 IoT UDs and a task deadline of 3s, Figure 4 depicts
the performance comparison of different methods in terms of
latency and energy consumption as the size of the tasks
increases. We increase the size of the tasks from 15 Mbit to
95 Mbit. From the figure, it can be noticeable that the average
latency and average energy consumption of the six methods
increase with the workload. It is evident that the our EDRL
method is very close to the approximate optimal exhaustive
method. Specifically, when the workload is 95 Mbit,
compared to edge execution, local execution, and DDPG, the
EDRL method reduces the average latency by 64%, 61%, and
7.3% respectively, and correspondingly reduces the average
energy consumption by 69.2%, 75.7%, and 23.9%.

16

—=— Edge ecection
+— Local exection
—+—DDPG

—r—EDRL

35 —=— Edge Exection
—=— Local Exection
30 —+—DDPG
——EDRL
Exhaustion

Exhaustion

age Delay(s)
Average Energy Consumption(J)

20 40 100 ! 20 40 60
Size of Tasks(Mbit) Size of Taski{Mbit)

(a) (b)
Figure 4. Performance comparison for different size of tasks:(a)

Average Delay;(b) Average Energy Consumption

0 100

This indicates that the proposed EDRL method is effective
in large-scale computational tasks within the dynamic MEC
system. Furthermore, due to making appropriate CORA
decisions based on system changes, DDPG outperforms edge
execution and local execution. However, due to inferior
exploration capability and stability compared to EDRL, the
transfer of EDRL performs better than DDPG. However, due
to inferior exploration capability and stability compared to
EDRL, the performance of EDRL is better than that of DDPG.
Additionally, edge execution and local execution experience
the fastest growth, primarily due to the increasing strain on
computing and communication resources as the workload
increases, resulting in significant latency and energy
consumption. It is worth noting that local execution performs
better when local resources are sufficient, while edge
execution is more favorable when resources at the edge are
abundant.

[ ——E dge Exection

[ —*— Local Exection
kL —=—DDPG
+—EDRL

Exhaustion

—=— Edge Exection
—=— Local Exection
20 ——DDPG
~+—EDRL
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rgy Cons

Average Ene

10 £

10 Ili

Numbers
(a) (b)

Figure 5. Performance comparison for different numbers of [oT

UDs:(a) Average Delay, (b) Average Energy Consumption

of UDs

0 15 20
Numbers of UDs

Next, we vary the amount of IoT UDs to compare the
performance of different methods in terms of latency and
energy consumption. We change the number of IoT UDs from
5 to 30. As shown in Figure 5, it can be observed that as the
amount of IoT UDs increases, the average latency and
average energy consumption of each method also increase.
From the figure, it is notable that except for the exhaustive



method, the EDRL outperforms the other three methods. The
reason for this is that the EDRL method can actively engage
with the dynamic MEC environment and acquire nearly
optimal CORA strategies by leveraging entropy. Specifically,
when the amount of IoT UDs is 30, compared to edge
execution, local execution, and DDPG, the EDRL method
reduces the average latency by 92.1%, 121.5%, and 11.9%
respectively. Furthermore, from Figure 5, we can deduce
easily that offloading computation tasks to the edge for
execution is more advantageous when the amount of [oT UDs
is higher. This is due to the constrained computing resources
of IoT UDs, which leads to a decrease in allocated resources
for computational tasks. Consequently, it results in a notable
rise in both computation delay and energy consumption.

14 —=— Edge ecection
—o— Local exection
121 ——DDPG
—v— ME-DRL

+— Exhaustion

7 —=— Edge Exection ¥
—— Local Exection s
——DDPG A
—+—ME-DRL ) a3

+— Exhaustion

Average Delay(s)
Average Energy Consumption(J)

= L L —
05 10 15 20 25 30 05 10 15 20 25 30

Tasks Execution Deadline (s) Tasks Execution Deadline(s)

(a)

Figure 6. Performance comparison for different task execution
deadline:(a) Average Delay, (b) Average Energy Consumption

Furthermore, in Figure 6, a comparison of the average
delay and average energy consumption for different methods
is presented at various task execution deadline. As expected,
we can observe that all six methods show an increasing trend
as the task execution deadline increases. EDRL performs the
best among all methods, except for the exhaustive method,
while DDPG performs second-best. It is worth noting that a
larger task execution deadline indicates a higher tolerance for
task execution latency. In such cases, tasks tend to be
processed locally, leading to resource constraints on UDs and
resulting in significant latency and energy consumption. This
is why local execution exhibits the lowest performance in
Figure 6.

5. Conclusion

In this article, we study the problems of computation
offloading and resource allocation (CORA) in a time-varying
MEC-enabled IoT network. Firstly, we propose a multiuser
and multiserver MEC-enabled IoT network architecture with
a centralized edge management node for the decision process
offloading computation and resource allocation. Then, a
CORA problem is designed to minimize the average task
execution delay while considering energy consumption and
available resource. Considering the dynamic characteristics
of the system and the coupling between variables, it is
challenging to handle this problem by traditional methods
such as heuristic algorithms and convex optimization
approaches. To overcome this issue, we convert the original
problem into a MDP. Further, an entropy-based DRL (EDRL)
approach is introduced to handle the constructed MDP model.
Extensive simulation experiments have been conducted to
validate the performance of proposed method. The simulation
results showed that proposed EDRL method outperforms
other baselines in terms of computation delay and energy
consumption, except for the exhaustive method. Furthermore,
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our proposed method achieves also better convergence
characteristics compared to DDPG. In the future, we will
continue to explore more realistic scenarios for computational
oftloading in MEC-enabled IoT system, such as considering
IoT UDs mobility, task partitioning, and task dependencies,
etc.
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