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Abstract

Aiming at the issue of communication overload and task backlog caused by
the dynamic nature of the environment and the surge in the number of mobile
devices in multi-user Mobile Edge Computing scenarios, a dynamic task offload-
ing strategy based on Lyapunov-guided multi-agent deep reinforcement learning
is proposed. This strategy aims to ensure long-term system stability while min-
imizing the average task processing latency and energy consumption. First, the
dependency relationships among subtasks are modeled using a directed acyclic
graph, and this is expressed as an optimization problem to minimize task offload-
ing costs with long-term constraints. Then, using Lyapunov optimization theory,
the long-term average problem is decoupled into deterministic problems for
each time slot. Finally, the issue is further transformed into an optimal pol-
icy problem under a Markov Decision Process framework, and solved using
the designed Lyapunov Multi-Agent Deep Deterministic Policy Gradient (Ly-
MADDPG) algorithm. The simulation experiment results indicate that compared
to the alternative algorithms, our proposed method reduces the task offloading
cost while ensuring queue stability.

Keywords: Edge Computing, Task Offloading, Lyapunov, Deep Reinforcement
Learning
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1 Introduction

In recent years, there has been a rapid growth of intelligent terminal devices con-
nected to wireless networks, driven by the development of cloud computing and the
Internet of Things (IoT) [1]. Due to the limited capabilities of mobile devices and ever-
increasing computing demands, it has become increasingly difficult to perform all tasks
locally, especially for applications with ultralow latency and high resource consumption
requirements, such as gesture, face recognition, health monitoring, and autonomous
driving [2]. Conventional centralized cloud computing systems are facing significant
challenges, including data transmission latency, excessive energy consumption, and
low coverage [3].

Mobile edge computing (MEC) was introduced to address these challenges. By
deploying servers at the network edge, close to users’ intelligent terminal devices, MEC
brings storage and computing capabilities from cloud data centres closer to the edge
of user devices [4]. This enables users to offload some or all computationally intensive
tasks to MEC hosts, effectively reducing task processing latency and device energy
consumption and enhancing the quality of experience (QoE)[5].

Despite the many benefits of MEC, it also confronts several challenges, among them
the pivotal concern of offloading computational tasks. An efficient offloading strategy
can effectively reduce user latency and energy consumption and improve MEC system
performance [6]. Many existing studies typically employ optimization methods based
on heuristic algorithms. However, the optimization problem of task offloading often
involves solving a mixed integer nonlinear programming (MINLP) problem [7], which
is an NP-hard combinatorial optimization problem. Traditional heuristic optimization
methods struggle to obtain optimal offloading decisions and have high computational
complexity [8]. Furthermore, due to the dynamic nature of the system, a significant
amount of human effort and expertise is required to adjust these heuristic models to
adapt to new scenarios. As the complexity of MEC applications and system archi-
tectures increases, achieving long-term goal optimization while maintaining system
stability is challenging due to its discrete and large action spaces [9]. Thus, making
task offloading decisions in real time in complex dynamic multiuser MEC systems to
efficiently utilize available computing resources and effectively perform complex task
computations is a pressing issue, and its solution would have practical application
value.

Recent advancements in deep reinforcement learning (DRL) have provided promis-
ing alternatives for addressing task offloading problems in mobile edge environments
[10]. DRL uses deep neural networks (DNNs) to directly learn the optimal mapping
from states to actions, maximizing rewards through interactions with the environ-
ment. It can effectively address complex decision-making problems with large-scale,
high-dimensional state/action spaces and can dynamically learn from past experi-
ences without the need for manually labelled training data samples. To date, DRL
has achieved significant breakthroughs in various fields, including image processing
[11], vehicular networks [12], and network management [13]. This has inspired further
research into designing DRL-based methods for solving the optimization problem of
task offloading decisions in mobile edge environments.
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As shown in Fig 1, this paper examines the issue of dynamic task offloading strategy
within a multiuser MEC scenario. We propose a Lyapunov-guided multiagent deep
deterministic policy gradient (Ly-MADDPG) algorithm, which aims to minimize the
average task processing latency and energy consumption while ensuring the stability
of IoT device queues, thereby reducing task offloading costs. The main contributions
of this study can be summarized as follows.

(1) We define a dynamic task offloading problem with latency constraints in a
multiuser scenario, where both tasks and network states dynamically change in each
time slot. The objective of the problem is to minimize the average task offloading cost
while ensuring the long-term stability of the task queue.

(2) We model this problem as an optimization problem with long-term constraints,
reflecting the limited computing resources in mobile devices and MEC, as well as
the dependency requirements of subtasks in different applications. Then, by applying
Lyapunov optimization theory, we transform the original optimization problem into a
deterministic problem that only depends on the system state in the current time slot,
and we further derive the upper bound of the Lyapunov drift plus the penalty function.

(3) Based on the above problem, we further transform the task offloading prob-
lem into an optimal policy problem that can be solved by the Markov decision
process (MDP) by defining the state space, action space, and reward. We design a
Ly-MADDPG algorithm, which can better handle the multiuser joint optimization
problem.

(4) Through simulation experiments, we verify the effectiveness of the Ly-
MADDPG algorithm and demonstrate its superiority to other algorithms.

This paper is organized as follows. In Section 2, we discuss related work. Section
3 introduces the system model and optimization problem description in the context
of multiuser IoT-Edge scenarios. In Section 4, we transform the optimization problem
and analyse its performance boundaries. Section 5 presents a solution based on deep
reinforcement learning. Simulation results are provided in Section 6. Finally, Section
7 offers the conclusions of the paper.

2 Related Work

As an extension of cloud computing, mobile edge computing has garnered extensive
research attention from both academia and industry due to its beneficial characteris-
tics, such as proximity, low latency, and high bandwidth. By offloading computational
tasks that cannot be locally supported to edge servers, the execution efficiency of these
tasks can be significantly improved. In recent years, a variety of algorithms and frame-
works have been proposed to address the optimization problem of offloading strategies
in edge environments[14]. These solutions are primarily based on conventional
offloading-decision approaches and intelligent offloading-decision approaches.

Geng et al. [15] considered the performance and energy trade-offs of computational
offloading based on multicore systems, formulated the offloading problem as an NP-
hard mixed integer nonlinear programming problem, and proposed a solution based on
the critical path to address offloading decisions and task scheduling problems, effec-
tively reducing device energy consumption. Yang et al. [16] considered competition
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for the limited computing and communication resources of edge servers in multiuser
environments and proposed a PFM-H algorithm that allocates data flow applications
between mobile devices and edge servers to maximize system throughput. Liu et al.
[17] proposed a one-dimensional search algorithm for task scheduling under the con-
straint of average energy consumption on mobile devices, considering the task queuing
delay and incorporating Markov chain theory, which significantly reduced the average
delay in various scenarios. Cui et al. [18] balanced energy consumption and latency
to meet the diverse user needs of IoT applications, formulated the problem as a con-
strained multiobjective optimization problem, and solved it using an improved fast
elite nominated sorting genetic algorithm II (NSGA-II), obtaining optimal solutions
that reduced task computational energy consumption and latency.

The above work has provided important references for optimizing future task
offloading strategies, considering different optimization objectives such as energy
consumption, latency, and service response time. However, traditional offloading algo-
rithms often require exponential iterations to obtain results, and it is challenging to
find optimal solutions in increasingly complex and varied edge computing offloading
problems. Deep reinforcement learning , which combines the characteristics of deep
learning and reinforcement learning, has been applied to solve MEC task offload-
ing problems. Huang et al. [19] proposed a DRL-based online offloading framework
that learns binary offloading decisions from experience, eliminating the need to solve
combinatorial optimization problems, greatly reducing computational complexity, and
maximizing the weighted sum of computation rates for all user devices. Liu et al.
[20] redefined the state space, action space, and rewards, transforming dependency
task offloading into an optimal policy issue under the Markov decision process. By
proposing an efficient dependency-aware task offloading scheme based on the deep
deterministic policy gradient (DDPG), they leveraged the perceptual capabilities of
deep learning and the decision-making abilities of reinforcement learning. This effec-
tively reduces the average processing delay of tasks. Zou et al. [21] used an improved
actor-critic (AC) algorithm in the deep deterministic policy gradient (DDPG) algo-
rithm to balance edge server workloads and reduce task energy consumption and
computation time. Wang et al. [22] combined DRL algorithms and sequence-to-
sequence (seq2seq) neural networks to solve dependent task offloading problems and
proposed the use of meta-reinforcement learning to enhance the adaptability of com-
putation offloading to the environment, demonstrating a reduction in computation
latency under various data transmission rates and task numbers.

However, mobile edge computing environments often involve a significant number
of users and mobile devices. The previously mentioned deep reinforcement learning
methods, which employ centralized decision-making, can lead to excessive commu-
nication overhead and an enlarged state space. To address these issues, multiagent
reinforcement learning (MARL) has come into play. With centralized training and dis-
tributed execution, each agent can make independent decisions by observing the local
environment, thereby achieving improved performance. Cao et al. [23] investigated a
multichannel access and task offloading problem for MEC-enabled Industry 4.0. They
proposed a multiagent deep reinforcement learning (MADRL) approach, which enables
edge devices (EDs) to collaborate effectively. This approach significantly enhances the
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successful access rate of channels in multiuser environments while concurrently reduc-
ing the computational delay of user tasks. Yang et al. [24] proposed a priority-driven
cooperative task offloading algorithm based on multiagent deep reinforcement learn-
ing supplemented with a variational recurrent neural network (VRNN)-based global
state sharing model. This model aims to reduce task processing time and enhance the
utilization of edge computing resources.

The aforementioned literature employed DRL methods to solve dependent task
offloading in MEC and investigated various optimization objectives. However, most
DRL-based studies did not impose long-term performance constraints to ensure system
stability and could not make dynamic offloading decisions based on the current time
slot’s state. Additionally, these studies assumed that each user only paid attention to
their quality of experience (QoE) and not the total energy consumption of the system.

Based on existing research, this paper studies the dynamic task offloading prob-
lem for applications with dependencies in multiuser MEC systems. We consider the
dynamic nature of the environment, system stability, and latency constraints of tasks
and formulate this as a nonlinear optimization problem of minimizing task offload-
ing costs with long-term constraints. We propose a dynamic task offloading strategy
based on Lyapunov-guided multiagent deep reinforcement learning. First, we trans-
form the problem into a deterministic problem for each time slot based on Lyapunov
optimization theory and then into a Markov decision process. We solve this problem
using Ly-MADDPG algorithm, which reduces task latency and mobile device energy
consumption while ensuring queue stability.

3 System Model and Formal Description

3.1 System Overview

As shown in Fig 1, we consider a multiuser IoT-Edge scenario featuring a MEC server
and a set of M mobile devices. Our goal is to efficiently utilize the computational
resources of the mobile edge server to reduce user task latency and energy consumption
while ensuring that deadline requirements are met, thereby enhancing system stability
and user satisfaction.

Fig. 1 Multi-user IoT-Edge scenario
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Let M = {1, 2, . . . ,m} represent the set of mobile devices, and assume a discrete-
time model for time; define a multiuser IoT-Edge system as a slotted system, with
t ∈ T = {1, 2, · · · · · · ,T} divided into T equal-length parts, each with slot length τ . In
our scenario, we assume that each mobile device (MD) runs an application composed
of a sequence of tasks with interdependencies. We posit that all application tasks
generated by the mobile device can be decomposed into smaller subtasks. Each subtask
can either be processed locally on the device or offloaded to the MEC server for
execution.

We define an offloading decision set α(t) =
{
αvm,k,0

(t), αvm,k,1
(t), . . . , αvm,k,i+1

(t)
}

to represent the task offloading indicator sets within a given time slot. The element
αvm,k,i

(t) is a binary decision variable denoting that tasks in the time slot are offloaded
to the edge server if αvm,k,i

(t) = 1; otherwise, αvm,k,i
(t) = 0.

To obtain the optimal offloading strategy and improve user experience, we need to
carefully consider the dependencies among tasks and the impact of various processing
options (local or MEC) on latency, energy consumption, and system stability.

3.2 Task and Queuing Model

In practice, many applications consist of multiple subtasks with dependencies. For an
application k ∈ M originating from a mobile device, we describe its task dependencies
using a directed acyclic graph (DAG) Gm,k(t). We utilize Vm,k(t) to signify the set of
tasks within Gm,k(t) and use vm,k,i(t) to represent the i-th task in Gm,k(t). To offer a
more generalized task model, we introduce two virtual tasks: vm,k,0(t) (for input) and
vm,k,i+1(t) (for output).Task offloading from time slot is illustrated in Fig 2.

Fig. 2 Task offloading from time slot
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For each subtask, we define it as vm,k,i(t) =
[
cvm,k,i

(t), nvm,k,i
(t), dvm,k,i

(t)
]
,where

cvm,k,i
(t) represents the required computational resources for the task (e.g., CPU

cycles), nvm,k,i
(t) denotes the data size of the task, and dvm,k,i

(t) is the maximum tol-
erable latency time. A directed edge (j, i) in the DAG of Gm,k(t) is used to describe
the dependency relationship between tasks, indicating that vm,k,i(t) must be executed
after vm,k,j(t) is completed. Simultaneously, the set of direct predecessors for task
vm,k,i(t) is represented as pred (vm,k,i(t)).

Each IoT device has a virtual queue to store arriving but unprocessed computa-
tional tasks. In each time slot, MDs generate mobile applications, such as real-time
video processing, smart home applications, and certain augmented reality (AR) appli-
cations. The volume of tasks arriving at mobile device m ∈ M is represented as
Am(t), and the arrival process of computational tasks is independently and iden-
tically distributed. We define the processed computational tasks as Bm(t), which
consists of tasks completed locally and tasks offloaded to the MEC end, represented
as Bm(t) = Blocal,m(t) +Bmec,m(t). Therefore, the task queue backlog at time slot t
is defined as Qm(t) = {Q0(t), Q1(t), . . . , Qm(t)}, which changes over time according
to the following formula:

Qm(t+ 1) = max [Qm(t)−Bm(t) +Am(t), 0] (1)

A discrete-time process Qm(t) is considered stable if:

lim
t→∞

E {|Qm(t)|}

t
= 0 (2)

All task queues for each mobile device must satisfy Eq. (2). Therefore, the queues
will not grow indefinitely, ensuring that the system remains relatively stable.

3.3 Task Transmission Model

We assume that the base station’s radio access system is based on orthogonal
frequency-division multiple access (OFDMA). There are j channels within the system,
which we denote as J = {1, 2, . . . , j} Each channel can connect to a single user device.
Once the user device initially occupying the channel completes its transmission, other
user devices can connect to the channel and offload tasks through it.

For each Internet of Things (IoT) device m, its transmission power is defined
as pm,j(t), and the channel gain for the time slot is represented by hm,j(t). Then,
according to Shannon’s theorem, the transmission rate of mobile device k offloading
tasks to the edge server through the j-th channel can be obtained as:

rm(t) = B log2

(

1 +
pm,j(t)hm,j(t)

τ2

)

(3)

where τ2 denotes the Gaussian noise power and B denotes the channel bandwidth.
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3.4 Computational Model

When tasks are processed locally, the delay consists of the task processing time and the
waiting time for readiness. Task vm,k,i can be executed only after its predecessor tasks
pred (vm,k,i(t)) have been completed. We use RT local

vm,k,i
(t) to represent the waiting time

for readiness at the local level, and FT local
vm,k,i

(t) denotes the completion time of vm,k,i

when executed locally. Since tasks can be processed locally or offloaded to the MEC
end and there may be more than one predecessor node, RT local

vm,k,i
(t) can be represented

as:
RT local

vm,k,i
(t) = max

vm,k,j∈pred(vm,k,i)

{

max
{

FT local
vm,k,j

(t), FTmec
vm,k,j

(t)
}}

(4)

Considering the processing capabilities of mobile user terminals and task compu-
tation requirements, the local execution delay can be expressed as:

T local
vm,k,i

(t) =
cvm,k,i

(t)

flocal
(5)

where cvm,k,i
(t) is the amount of computation for task vm,k,i and flocal is the local

computing capability.
The completion delay for tasks processed locally can thus be obtained as:

FT local
vm,k,i

(t) = T local
vm,k,i

(t) +RT local
vm,k,i

(t) (6)

The energy consumption for executing tasks locally can be expressed as:

Elocal
vm,k,i

(t) = κcvm,k,i
(t) (flocal)

2
(7)

where κ is the energy consumption coefficient.
The time spent offloading computational tasks to the MEC server for execution

mainly consists of the computation time, transmission time, and waiting time for
readiness.

The transmission delay can be expressed as:

T tran
vm,k,i

(t) =
nvm,k,i

(t)

rm(t)
(8)

The MEC-end execution delay can be expressed as:

T edge
vm,k,i

(t) =
cvm,k,i

(t)

fedge
(9)

where fedge reflects the MEC computing capability.
The waiting time for task readiness at the MEC can be expressed as:

RTmec
vm,k,i

(t) =
{

max
vm,k,j∈pred(vm,k,i)

{

FT local
vm,k,j

(t), FTmec
vm,k,j

(t)
}

+ T tran
vm,k,i

(t)

}
(10)
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The completion delay for tasks processed at the MEC server can thus be obtained
as:

FTmec
vm,k,i

(t) = T edge
vm,k,i

(t) +RTmec
vm,k,i

(t) (11)

The energy consumption for offloading tasks to the MEC server for execution can
be expressed as:

Emec
vk,m,i

(t) = pm,j(t)T
tran
vm,k,i

(t) (12)

3.5 Problem Formulation

For the k-th DAG application from mobile device m, we define the offloading cost as:

Cm,k(t) = γ1
(
FTvm,k,i+1

(t)− FTvm,k,0
(t)

)
+ γ2Em,k(t) (13)

Em,k(t) =
∑

vm,k,i∈Vm,k

(
1− αvm,k,i

(t)
)
Elocal

vm,k,i
(t)

︸ ︷︷ ︸

local device

+
∑

vm,k,i∈Vm,k

αvm,k,i
(t)Emec

vm,k,i
(t)

︸ ︷︷ ︸

MEC server

(14)

where γ1 and γ2 represent the weights corresponding to delay and energy consump-
tion, respectively, and the term Em,k(t) denotes the total energy consumed for each
application task.

This paper aims to consider both system resources and delay thresholds. By opti-
mizing the offloading decisions, we aspire to achieve a relatively optimal value for
the weighted average of energy consumption and delay while ensuring queue stability.
Consequently, within each time slot, an optimal offloading strategy should be identi-
fied to minimize the average offloading cost in the system. The formal representation
of this problem is as follows:

P1 : min C = lim
T→∞

1

T

T∑

t=1

E

{
M∑

m=1

Cm,k(t)

}

(15)

s.t. C1 : αvm,k,i
(t) ∈ {0, 1}

C2 : fmin ≤ flocal , fedge ≤ fmax

C3 : FTvm,k,i
(t) < dvm,k,i

(t)

C4 : max
vm,k,j∈pred(vm,k,i)

FTvm,k,j
(t) ≤ RTvm,k,i

(t)

C5 : lim
t→∞

E {| Qm(t)) |}

t
= 0

C1 indicates that each job can be processed only locally or at the edge; C2 requires
the maximum computing capability of the cloud-edge end to be greater than the
minimum capability needed for processing a job; C3 requires the job completion time
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to be less than the job deadline; C4 represents the task dependency, indicating that
a task can be processed only after all its predecessors are completed; and C5 ensures
the long-term stability of all task queues.

4 Problem Transformation

4.1 Lyapunov optimization

Since problem P1 involves long-term average optimization in both the objective func-
tion and constraints, it is difficult for traditional optimization methods to solve it. P1
can be described as a Markov decision process. In contrast to MDP methods, Lyapunov
optimization uses the current system state information to make optimal offloading
decisions without relying on future information. It can decouple the long-term opti-
mization objective into solving the optimal value for each time slot, thus optimizing
offloading costs while maintaining queue stability.

According to Lyapunov optimization theory, we define the Lyapunov function as:

L (Qm(t)) ≜
1

2

M∑

m=1

Qm(t)2 (16)

To ensure queue stability, we need to minimize the task queue backlog in each time
slot t. We use ∆(Qm(t)) to represent the queue backlog expected change for mobile
devices from time slot t to time slot (t+1) and define the Lyapunov drift function as:

∆ (Qm(t)) ≜ E {L (Qm(t+ 1))− L (Qm(t)) | Qm(t)} (17)

∆ (Qm(t)) denotes the expected change in the Lyapunov function for a given time
slot and serves as a crucial metric for maintaining system stability.

Lemma 1: Given the dynamic relationship of the queues in the system, when
E {L (Qm(t))} < ∞ and there exist constants δ > 0, ε > 0, we can obtain an upper
bound for the Lyapunov drift ∆(Qm(t)) as:

∆ (Qm(t)) ≤ δ − ε

M∑

m=1

Qm(t) (18)

Proof: By squaring Equation (1) and using {max[x, 0]}2 ≤ x2, we obtain:

Qm(t+ 1)2 = {max [Qm(t)−Bm(t) +Am(t), 0]}
2

≤ (Qm(t)−Bm(t) +Am(t))
2

(19)
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By substituting Equation (1) and Equation (19) into Equation (17) and expanding,
we obtain:

∆ (Qm(t)) =
1

2

M∑

m=1

E
[
Qm(t+ 1)2 | Qm(t)

]

−
1

2

M∑

m=1

E
[
Qm(t)2 | Qm(t)

]

≤
1

2

M∑

m=1

E

[

(Qm(t)−Bm(t) +Am(t))
2

−Qm(t)2 | Qm(t)
]

≤
1

2

M∑

m=1

E
[(
Am(t)2 +Bm(t)2

)
| Qm(t)

]

+

M∑

m=1

E [Qm(t) (Am(t)−Bm(t)) | Qm(t)]

≤δ +

M∑

m=1

E [Qm(t) (Am(t)−Bm(t)) | Qm(t)]

(20)

where δ is a constant and δ = 1
2

∑M

m=1

(
Amax

m (t)2 +Bmax
m (t)2

)
holds for all m ∈ M ,

as we have Am(t) ⩽ Amax(t) and Bm(t) ⩽ Bmax(t).

If Qm(t) is stable, then limt→∞
E{|Qm(t))|}

t
= 0. For time slot t ∈ {1, . . . ,T}, the

law of weighted sums can be derived as:

E [L (Qm(t))]− E [L (Qm(0))] ≤ δt− ε

T∑

t=1

M∑

m=1

E [Qm(t)] (21)

Dividing both sides of the inequality by t, letting t → ∞ when Qm(0) = 0, we can
obtain:

1

t

T∑

t=1

∞∑

k=1

E [Qm(t)] <
δ

ε
(22)

This implies that the backlog of the task queue for all IoT devices has an upper
limit and cannot grow indefinitely, thereby ensuring the stability of the system.

Our objective is to minimize the task offloading cost and ensure the stability of
the queue. Therefore, based on the Lyapunov optimization method, we introduce a
task offloading cost function (penalty function) related to the value of V. By adjusting
the size of V, we can find a trade-off between the queue backlog and task offloading
cost, thereby achieving a balance of dual-objective optimization on the basis of system
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stability. We define the drift and penalty function for each time period as:

∆ (Qm(t)) + V E

{
M∑

m=1

Cm,k(t) | Qm(t)

}

(23)

The first term reduces the backlog of the queue and maintains the stability of
the system, and the second term is our optimization objective. We seek the optimal
solution by minimizing the upper bound of the Lyapunov drift and penalty function,
and we substitute Equation (20) into Equation (23) to obtain:

∆ (Qm(t)) + V E

{
M∑

m=1

Cm,k(t) | Qm(t)

}

≤ δ +

M∑

m=1

E [Qm(t) (Am(t)−Bm(t)) | Qm(t)]

+ V E

{
M∑

m=1

Cm,k(t) | Qm(t)

}

(24)

Thus, the long-term optimization problem P1 is transformed into the problem of
finding an offloading strategy for each time slot that minimizes the drift plus penalty
function within that time slot. The objective function P1 is converted into:

P2 : minL(t) = E

[

δ +

M∑

m=1

Qm(t) (Am(t)−Bm(t))

+V

M∑

m=1

Cm,k(t)

] (25)

Once all the P2 solutions for all time slots have been determined, the solution
to P1 can be obtained. The optimal offloading strategy for each time period can
be calculated based only on the offloading decisions made within that time period,
without considering the offloading decisions made in other time periods. This greatly
simplifies the optimization problem P1. The drift plus penalty function can ensure that
the long-term constraint of a stable queue is continuously maintained; the system’s
average offloading cost is inversely proportional to the weight coefficient V, while the
average queue backlog is directly proportional to V.

4.2 Performance Bound Analysis

In the Lyapunov drift and penalty function, in addition to considering queue stability,
we need to consider the penalty function. We hope that the average of this penalty
function over time is less than or approaches some optimal target value, that is, the
minimum offloading cost.
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Lemma 2: For any V > 0, the average offloading cost and the average queue
backlog satisfy:

lim
t→∞

sup
1

T

T∑

t=1

M∑

m=1

E [Cm,k(t)] ≤
δ

V
+ C∗ (26)

lim
t→∞

sup
1

t

T∑

t=1

M∑

m=1

E [Qm(τ)] ≤
δ + V

(
C∗ − C̄

)

ε
(27)

where C∗ is the optimal solution to the optimization problem, i.e., the minimum

offloading cost, and C is the average offloading cost, which can approach the minimum

offloading cost C∗ by increasing V.
Proof: Define all the state information in time slot t as s(t), where α(t) is the

offloading decision based on the observed s(t). Suppose there exists a feasible decision
α∗(t) such that:

E [C (α∗(t), s(t))] = C∗ | (28)

E [(Am (α∗(t), s(t))−Bm (α∗(t), s(t))] ≤ 0 (29)

If we minimize the right side of Equation (24), we can reduce the average offloading
cost. Thus, we have:

∆ (Qm(t)) + V E

{
M∑

m=1

Cm,k(t) | Qm(t)

}

≤ δ +

M∑

m=1

E [Qm(t) (Am(t)−Bm(t)) | Qm(t)]

+ V E

{
M∑

m=1

Cm,k(t) | Qm(t)

}

≤ δ +

M∑

m=1

E [Qm(t) (Am (α∗(t))−Bm (α∗(t)) | Qm(t)]

+ V E {C∗ | Qm(t)}

≤ δ + V C∗

(30)

For time slot t ∈ {1, 2, . . . ,T}, from the scaling and summing law, we derive:

L (Qm(t))−L (Qm(0)) + V

T∑

t=1

E

{
M∑

m=1

Cm,k(t) | Qm(t)

}

≤δT + V TC∗

(31)

Letting Qm(0) = 0, dividing both sides of the inequality by t and letting t → ∞,
we obtain:
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lim
t→∞

sup
1

T

T∑

t=1

M∑

m=1

E [Cm,k(t)] ≤
δ

V
+ C∗ (32)

Rearranging the terms, we obtain:

lim
t→∞

sup
1

T

T∑

t=1

M∑

m=1

E [Cm,k(t)]− C∗ ≤
δ

V
(33)

The rearranged formula also indicates that the gap between the average offloading

cost and the optimal value is less than the given range
δ

V
.

Assume there exists a decision α∗(t) satisfying:

E [(Am (α∗(t), s(t))−Bm (α∗(t), s(t))] ≤ −ε (34)

Based on Equations (18) and (24), we deduce:

∆ (Qm(t)) + V E

{
M∑

m=1

Cm,k(t) | Qm(t)

}

≤ δ + V C (α∗(t), s(t))

+

M∑

m=1

E [Qm(t) (Am (α∗(t), s(t))−Bm (α∗(t), s(t))]

≤ δ + V C∗ − ε

K∑

k=1

E [Qm(t)]

(35)

Therefore, analogously, we can employ the scaling and summing law to obtain:

1

t

T∑

t=1

K∑

k=1

E [Qm(t)] ≤
δ + V

(

C∗ − E

{
∑M

m=1 Cm,k(t) | Qm(t)
})

ε

≤
δ + V

(
C∗ − C̄

)

ε

(36)

5 Deep Reinforcement Learning-Based Solutions

5.1 Construction of the Markov Decision Model

Given that P2 is an NP-hard problem, it is challenging to efficiently solve the opti-
mization problem using conventional methods. Therefore, we adopt deep reinforcement
learning to address the proposed problem. We model the aforementioned optimization
problem as a Markov decision process. Each mobile device is modelled as an agent, and
actions are taken based on local observations and interactions with the VEC system.
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To solve the MDP, we employ an algorithm based on the Lyapunov-guided multiagent
deep deterministic policy gradient.

Our proposed Ly-MADDPG algorithm dynamically adjusts the decision variables
to devise effective task offloading strategies, thereby minimizing task offloading costs.
The state space, action space, and reward function in the Markov decision process are
expressed as:

(1) State Space
The state space of mobile device m at time t is sm(t). At time slot t, agent k

observes the network environment, such as the available communication resources
w(t) and computing resources f(t), task arrival v(t), and current queue vector Q(t),
represented as:

s(t) = (s1(t), s2(t), · · · , sm(t)) (37)

sm(t) = [w(t),f(t),v(t),Q(t))] (38)

(2) Action Space
Based on the current offloading policy and the corresponding state, each agent

selects an action from its action space. These actions describe the offloading decisions
of all agents. Thus, the action space at time t is:

a(t) = (a1(t),a2(t), · · · ,am(t)) (39)

am(t) = [am,1(t), am,2(t), · · · , am,i(t)] (40)

(3) Rewards
Rewards are feedback from the environment that is given after agents per-

form actions. Specifically, our optimization goal is to maintain system stability and
reduce the average task offloading cost while adhering to the task deadline con-
straints. The purpose of reinforcement learning is to achieve the highest reward
value, and the average offloading cost is inversely proportional to the reward
value. Therefore, the system-wide reward function at time slot t can be defined as
r(t) = R(S(t), A(t)) = −L(t).

5.2 DRL-Based Algorithm Design

The MDP can be solved by either traditional dynamic programming (DP) algorithms
or DRL methods. Conventional DP methods typically need to recompute the optimal
policy for every environmental change. In contrast, DRL can perform online learning
through interactions with the environment, progressively improving the policy. This
makes DRL more adaptable to nonstatic environments and those that evolve during
the training process, making it more suitable for dynamic multiagent task offloading
problems. In this chapter’s multiuser IoT-Edge system, the agents’ actions are deter-
ministic continuous actions, and the joint optimization problem is a mixed cooperative
setting. Thus, we employ the Ly-MADDPG algorithm to address problem P2.

Traditional DRL methods, such as DQN or policy gradient algorithms, are not
suitable for multiagent environments. As training progresses, the policy for each agent
changes, making the environment seem unstable from the perspective of any single
agent. When multiple agents coordinate, policy gradient methods typically exhibit
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high variance. MADDPG is a MADRL algorithm based on the actor-critic framework
and consists of heterogeneous networks and individual agents. Each agent contains
a value-based critic network Q and a policy-based actor network µ. The actor net-
work comprises two subnetworks: the evaluation network µm (sm | ωm) and the target
network µ′

m (sm | ω′
m), where ωm and ω′

m are the respective network parameters. Anal-
ogous to the actor network, the critic network also consists of an evaluation network
Qk (sm,am | θ′m) and a target network Q′

k (sm,am | θ′m), with respective network
parameters, where θm and θ′m represent the parameters of the respective networks.
The MADDPG algorithm updates the networks and parameters through centralized
training and decentralized execution methods.

During the centralized training phase, each agent selects an action
am = µm (sm | ωm) based on the actor network. To help prevent becoming stuck in
local optima, noise N is introduced to enhance exploration. At each time slot t, once
the actor network selects the action, the agent will execute this action and send the
newly obtained reward and state to the critic network. Information from all agents
is stored in the experience replay buffer D in the form of quadruplets (s,a, r, s′) for
centralized training.

When training these agents, a batch of samples B is drawn for parameter updates,
where the j-th sample is denoted as

(
sj ,aj , rj , s′j

)
. Each agent’s critic network com-

putes a centralized Q-value based on observations and actions from all agents. The
critic network value is updated by minimizing a loss function, whose expression is as
follows:

Lossm (ωm) ≈
1

B

B∑

j=1

(

yjm −Qm

(

sj , a
j
1, · · · , a

j
m | ωm

))2

(41)

where yjm is the critic target, represented by:

yjm = rjm + γQ′
m

(

s′j , a
′j
1 , · · · , a

′j
m | ωm

)∣
∣
∣
a′

m=µ′

m(s
′j
m)

(42)

where γ is the discount factor. The actor network is updated by minimizing the policy
gradient of the agent, which can be expressed as:

∇θkJ (µm) ≈

1

B

B∑

j=1

∇θmµm

(
sjm

)
∇am

Qm

(

Sj , a
j
1, . . . , a

j
m

)
∣
∣
∣
∣
∣
am=µm(s′jm)

(43)

As the parameters of the current actor and critic networks continuously update,
both the actor target network and the critic target network also need to be updated
using a soft update method. The expression for this is:

ω′
m = τωm + (1− τ)ω′

m (44)

θ′m = τθm + (1− τ)θ′m (45)
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During the decentralized execution phase, the critic network is not involved; only
the trained actor network operates in an online mode. Based on the actor network,
each agent can output actions according to its local observation state.

Algorithm 1 Ly-MADDPG

1: Initialization: Initialize the parameters of each agent?s actor and critic evalua-
tions and target networks. Initialize the replay buffer B, learning rate, the discount
factor, the maximum learning episode, steps.

2: for episode = 1 to M do

3: Initialize a random noise N
4: for t = 1 to T do

5: Each agent k generates a noise-added action based on the current observed
state a(t) = µk(sm | ωm) +N(t)

6: Execute actions a(t) = (a1(t),a2(t), . . . ,am(t)), obtain the reward rm(t),
and the subsequent new state s′m(t)

7: Input the new state s′m(t) to each agent k
8: Store the agent’s information into the experience replay buffer B as a tuple

of four elements (s, a, r, s′)
9: sm = s′m

10: for agent k = 1 to K do

11: Sample a random mini-batch of B samples from the replay buffer B
12: Update the critic network according to the following loss function based

on Eq. (43)
13: Update the actor network using the sampled gradient based on Eq. (44)
14: end for

15: Update target network parameters for each agent with ω′
m = τωm + (1 −

τ)ω′
m and θ′m = τθm + (1− τ)θ′m

16: end for

17: end for

6 Analysis of the Experimental Results

6.1 System Parameter Configuration

Simulation experiments are conducted within a Python environment on a Windows 10
operating system. The simulation scenario comprises multiple mobile devices (MDs)
and a single edge server. Each MD can exchange data with the edge server via limited
wireless radio links. The CPU frequency of the mobile devices is set at [1.2, 1.8] GHz,
while the CPU frequency of the edge node is 7 GHz. The transmission power is 20
mW, the noise power is -100 dB, and the task size ranges between 0.5 and 1 MB.

To evaluate the performance of the proposed Ly-MADDPG algorithm, we com-
pared it with the multiagent proximal policy optimization (MAPPO) algorithm and
the multiagent advantage actor-critic (MAA2C) algorithm. Below is a brief overview
of the mechanisms of each compared algorithm:
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Fig. 3 The structure of the Ly-MADDPG framework

(1) MAPPO (Multiagent Proximal Policy Optimization): MAPPO [25] is a deep
reinforcement learning algorithm optimized for multiagent proximal policies. By intro-
ducing an enhancement termed the ”proximal” constraint, it aims to maintain good
data efficiency while avoiding significant shifts during policy update steps.

(2) MAA2C (Multiagent Advantage Actor-Critic): MAA2C [26] is an actor-critic
type of reinforcement learning algorithm. MAA2C employs a technique called the
advantage function to update the agent’s policy. The advantage function gauges the
superiority of specific actions relative to the average ones. This allows MAA2C to
efficiently update the policy so that beneficial actions are more likely to occur, while
detrimental ones are suppressed.
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Table 1 Main Notation Definition

Parameters Value

Number of IoT devices M 10
Bandwidth B 50 MHz

Lyapunov weights V 30
Transmission power pm,j [0.5,1] W

Noise power τ2 -100 dBm/Hz
The local computing capability flocal [1.2, 1.8] GHz
The MEC computing capability fedge 7 GHz

Task arrival rate Am(t) [0.5,1] MB
Critic network learning rate 0.001
Actor network learning rate 0.01

The size of mini-batch 32
The size of replay buffer 10000

Actor hidden units (64, 128)
Critic hidden units (64, 128)
Training episodes 1000

Time slots T 500
Optimizer Adam

(a) (b)

Fig. 4 Training loss values of the actor and critic network

(3) LCO (Local Computing Only): This algorithm enables all computational tasks
requested by mobile devices to be completed locally, without any computational
offloading.

(4) Random: When a task arrives, it can be randomly chosen to be executed either
locally or on a mobile edge computing platform, and the wireless channel is also
randomly allocated.

6.2 Simulation Results and Analysis

First, we give the convergence and reward results of the algorithm. The proposed Ly-
MADDPG algorithm incorporates both an actor network and a critic network. Fig.
4 shows the convergence and average loss values of these two networks during the
training process. The loss values for both networks gradually converge as the number
of iterations increases, indicating that all networks function properly.
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In Fig. 5, we present the learning curve performance of various algorithms during
the training episodes. The x-axis represents the number of training iterations, while
the y-axis indicates the rewards obtained by the agents during training. According to
the figure, the rewards for MADDPG, MAPPO, and MAA2C increase progressively
with the number of iterations until they converge. Compared to other algorithms,
the MADDPG method proposed in this study converges more rapidly and achieves a
greater reward. The convergence of the MAA2C algorithm is somewhat worse. This
is because the policy updates in MAA2C are based on the current policy and value
function estimations and do not employ a target network such as DDPG. Its learning
objectives can be more easily perturbed by current experiences, leading to training
instability and subsequently affecting algorithm performance. In contrast, MADDPG
demonstrates a faster convergence rate and greater stability. This can be attributed
to its strategy update method, which integrates deterministic behaviour policies with
the Q-value function, showcasing enhanced performance.

Fig. 5 The convergence and rewards of different algorithms

In Fig. 6, we show the average queue length versus time slot under different task
arrival rates. We use values of 0.8, 1.0, and 1.2 for λ to signify that we are adjusting
the task arrival rate from 80% to 120% of its default value. The experimental results
indicate that the average queue length rapidly increases over time, eventually stabiliz-
ing and reaching a balanced state. Moreover, the average queue length increases with
increasing task arrival rate. This is due to the limited wireless transmission rate and
computational capacity. As the task arrival rate increases, the backlog of tasks in the
queue of mobile devices correspondingly increases.
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Fig. 6 Average queue length versus time slot

(a) (b)

Fig. 7 The relationship between V and the average cost and average queue length

Fig. 7 collectively shed light on the influence of varying V values on task offload-
ing costs and respective queue lengths. As depicted in Fig. 7a, there is a discernible
reduction in cost as V increases. This trend is ascribed to the higher weight that an
increased V gives to offloading costs, thereby driving the algorithm to favour cost
optimization. This inference aligns with the theory presented in Eq. (35). As shown
in Fig. 7b, the task queue grows in proportion to the increase in V, in agreement with
Eq. (38). Hence, in real-world scenarios, modulating V enables an optimal balance
between offloading costs and queue stability.
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Fig. 8 displays the weighted task offloading cost performance of each algorithm
under varying communication bandwidths. In this figure, the range of the commu-
nication bandwidth is set from 20 MHz to 80 MHz. Through analysis, we find that
the average costs of the MADDPG, MAPPO, MAA2C, and Random algorithms all
decrease incrementally as the communication bandwidth increases. This is because
with the increase in communication bandwidth, data transmission rates significantly
increase, reducing the transmission time of tasks. Thus, more tasks with larger data
sizes can be offloaded to edge servers, subsequently reducing the offloading cost.
Furthermore, the MADDPG algorithm consistently outperforms MAPPO, MAA2C,
Random and LCO in terms of average cost across different bandwidths. On the other
hand, while MAPPO, MAA2C, and Random also show performance improvements
with increased bandwidth, they still lag behind MADDPG in overall performance.

Fig. 8 Average cost versus bandwidth

Fig. 9 illustrates the weighted task offloading cost performance of each algorithm
with variations in the number of mobile devices. Initially, as the number of users
increases, the task offloading costs for all algorithms, excluding LCO, exhibit a cor-
responding increasing trend. Additionally, across varying mobile device counts, the
performance of the MADDPG algorithm consistently surpasses that of the other algo-
rithms. This is primarily because, with an increase in user count, there are more
computational tasks to be processed. The computational resources that can be allo-
cated to each device decrease proportionally, leading to an increase in both the
offloading latency and energy consumption.
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Fig. 9 Average cost versus the number of users

7 Conclusion

This paper presents a Lyapunov-guided multiagent deep reinforcement learning-based
dynamic task offloading strategy, which decouples the optimization problem into
a MDP that is solved frame by frame, thus reducing the computational difficulty.
Furthermore, the Ly-MADDPG algorithm is introduced to solve this problem. The
Ly-MADDPG algorithm aims to minimize average latency and energy consumption
through centralized training and decentralized execution while ensuring overall stabil-
ity. The simulation results demonstrate the efficacy of the proposed algorithm under
varying system parameters, showing that it outperforms comparative algorithms.
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