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Abstract: Device to Device (D2D) is a pivotal technology in the next generation of communication, allowing for

direct task offloading between mobile devices (MDs) to improve the efficient utilization of idle resources. This

paper proposes a novel algorithm for dynamic task offloading between active MDs and idle MDs in the D2D-MEC

(Mobile Edge Computing) system by deploying multi-agent deep reinforcement learning (DRL) to minimize the

long-term average delay of delay-sensitive tasks under deadline constraints. Our core innovation is a dynamic

partitioning scheme for idle and active devices in the D2D-MEC system, accounting for stochastic task arrivals

and multi-time-slot task execution, which has been insufficiently addressed in existing literature. We adopt a

queue-based system to formulate a dynamic task offloading optimization problem. To address the challenges

of large action space and coupling of actions across time slots, we model the problem as a Markov Decision

Process (MDP) and perform the multi-agent DRL through Multi-Agent Proximal Policy Optimization (MAPPO).

We employ a centralized training with decentralized execution (CTDE) framework to enable each MD to make

offloading decisions solely based on its local system state. Extensive simulations demonstrate the efficiency and

fast convergence of our algorithm. In comparison with the existing sub-optimal results deploying single-agent

DRL, our algorithm reduces the average task completion delay by 11.0% and the ratio of dropped tasks by 17.0%.

Keywords: mobile edge computing; dynamic matching; D2D; delay constraint; multi-agent reinforcement learning

1. Introduction

Recently , Mobile Edge Computing (MEC) has emerged as a promising computing paradigm
that aims to reduce response time for computation tasks and enhance the Quality of Experience (QoE)
of users by offloading tasks to edge servers [1]. However, the dynamic and random nature of task
arrivals can lead to a significant increase in workload during certain periods. This surge in workload
poses challenges for edge servers, making it difficult to meet the latency requirements of tasks like face
recognition, virtual reality, augmented reality, online games, and more. D2D technology addresses
this issue by enabling MDs to offload tasks directly to idle MDs, facilitating resource utilization and
collaboration across the network. [2].

In D2D-MEC networks, MDs typically operate in two modes: requester MDs (active devices)
and server MDs (idle devices) [2]. Requester MDs can offload tasks to server MDs or edge server,
while server MDs not only handle their own tasks but also accept tasks from other requester MDs.
This approach can effectively utilize idle resources within the network by enabling task offloading
and collaboration among mobile devices. However, most existing research in this field primarily
emphasizes static partitioning of MDs, where active devices and idle devices are pre-determined [3].
This restricts the flexibility of D2D communication in real-world scenarios. Additionally, the dynamic
nature of task arrivals and the need for collaboration among active devices present considerable
challenges for task offloading in D2D-MEC.

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
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In order to ensure a high Quality of Experience (QoE) for users in Mobile Edge Computing
(MEC) systems, it is crucial to process tasks within their deadlines, especially for delay-sensitive
tasks. Zuo et al. [4] propose an alternating iterative algorithm, based on continuous relaxation and
greedy rounding (CRGR), to achieve the Nash equilibrium. Abbas et al. [5] introduce an algorithm
that maximizes the number of completed tasks through hierarchical and iterative allocation while
minimizing energy consumption and monetary costs. Hamdi et al. [6] put forth a layered optimization
method to maximize energy efficiency (EE) in D2D-MEC systems under delay constraints. However,
none of the aforementioned studies considered stochastic task arrivals or dynamic partitioning of D2D
devices.

The DRL algorithms have been successfully applied to the task offloading problem in MEC
in various existing works [7–11]. [7,8] propose learning algorithms based on Q-learning or deep
Q-learning network (DQN) for task offloading in MEC systems. Luo et al. [9] introduce a distributed
learning algorithm based on the asynchronous advantage actor-critic (A3C) technique to optimize
energy consumption and quality of experience in software-defined mobile edge networks. Li et al.
[11], Qiao et al. [12] design a reinforcement learning framework for D2D edge computing and networks
to address challenges related to the dynamic nature and uncertainty of the environment. However, most
of the aforementioned studies predominantly utilize single-agent reinforcement learning algorithms
or overlook the unknown load dynamics at each mobile device. Due to the dynamical and random
nature of MEC systems, the decision space size increases exponentially with the number of mobile
devices, which may bring the curse of dimensionality and struggle to converge for single-agent DRL
algorithms.

In this paper, we investigate the dynamic task offloading problem in D2D-MEC system for delay-
sensitive tasks under delay constraints. Our objective is to minimize the long-term average task delay
under deadline constraints. To achieve this, we propose a dynamic D2D partitioning approach for
MDs set based on queuing-based system, considering the dynamic load level of MDs and the presence
of multiple time-slot tasks. To tackle the challenges posed by a huge decision space and coupling of
actions across time slots, we formulate the problem as a cooperative Markov game and propose a
multi-agent(MA) DRL-based algorithm based on MAPPO technique and implementation in CDTE
manner. Our main contributions can be summarized as follows:

• We introduce a novel dynamic D2D partitioning method based on queuing system for handling
delay-sensitive tasks in D2D-MEC networks. Furthermore, we formulate the problem of mini-
mizing the long-term average task delay under deadline constraints as a dynamic assignment
problem, considering the random load level at MDs and multi-slot spanned tasks. Our proposed
model surpasses existing approaches by providing a more precise characterization of task latency
and improving the utilization of network computing resources. Additionally, it exhibits superior
scalability and practicality.

• We formulate the dynamic offloading problem as a cooperative Markov game and propose a
multi-agent DRL-based algorithm utilizing the MAPPO technique to address the exponential
growth of the decision space. Our proposed algorithm, based on the CDTE framework, enables
online task decision-making in the dynamic and volatile network environment, relying solely on
its local observations.

• We conduct comprehensive experiments and the numerical results demonstrate the effective-
ness and fast convergence of our proposed algorithm in a time-varying system environment.
Compared to the sub-optimal outcomes obtained by deploying single-agent DRL, our algorithm,
which enables distributed decision-making, achieves a significant reduction of 11.0% in average
task completion delay and a 17.0% decrease in ratio of dropped tasks.

The rest of this paper is organized as follows. Section 2 presents a review of related works. In
Section 3, we provide details of system model. In Section 4, we formulate the task offloading problem
with delay constraint as a dynamic assignment problem. In Section 4, we propose a multi-agent
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DRL-based algorithm based on MAPPO technique. The experimental setup and numerical results are
presented in Section 6.1. Finally, Section 7 concludes this paper.

2. Related Works

Studies on optimization to reduce the latency of delay-sensitive task in D2D-MEC network have
been attract plenty of attentions. Yang et al. [13] propose a novel offloading framework for the multi-
server MEC network to jointly optimize jobs offloading decision and computing resource allocation
by using multi-task learning. Chai et al. [14] propose a heuristic algorithms based on Kuhn–Munkres
algorithm and Lagrangian dual method for jointly computation offloading and resource allocation in
a D2D-MEC systems. However, the above studies did not consider the cooperation among mobile
devices. He et al. [15,16] classify MDs into active and idle devices based on their ability to complete
tasks on time through local computing or according to devices’ running states (including computing
and transmitting states). Peng et al. [1] take into account the dynamic partitioning of devices, and
proposed an online resource coordinating and allocating scheme based on Lyapunov optimization
framework. But they assume that data computing and transmitting are implement in parallel without
considering the waiting time in the queue.

Due to the ability to extract valuable knowledge from the environment and make adaptive deci-
sions, DRL technology has received significant attention recently for edge computing task offloading
[7,8,17,18]. Chen et al. [8] first propose a DQN-based algorithm to handle the huge state spaces and
learn the optimal computation offloading policy. Wang et al. [19] propose a task offloading algorithm
based on meta-reinforcement learning to enable the model to quickly adapt to different environments.
However, the above research works are based on single-agent and make centralized decision, which
maybe impractical in the real world as the number of MDs increasing due to exploration of the de-
cision space in MEC system. Some works based on multi-agent RDL scheme are proposed for task
offloading problems [20–22]. However, the majority of these approaches relied on the Multi-Agent
Deep Deterministic Policy Gradient(MDDPG) framework, which may encounter training instability
and necessitates training distinct policy networks and value networks for each individual agent.
Consequently, this results in heightened computational complexity within large-scale multi-agent
systems.

3. System Model

In this paper, we consider a heterogeneous MEC network system consisting of D mobile devices
and an edge server with D2D communication support, which is denoted as D = {0, 1, 2, . . . , D}, where
0 represents the edge server. The system architecture is illustrated in Figure 1. We assume that the
D2D-MEC system operates in discrete time slots represented by T = {1, 2, . . . , T}, where each time
slot last for ∆t seconds. In each time slot, tasks are generated in each MD in a certain probability.

In the following subsections, we present the details of the device model, computation model,
transmission model, energy model, and delay model employed in the system. The key notation used
in this paper is summarized in Table 1.

To accurately mode the service time of computation task, we adopt queuing system to represent
the task processing procedure. Each MD d ∈ [1, D] has two types of queues: computation queue Qcomp

d
used for task execution and transmission queue Qtran

d used to offload task to D2D devices or edge
server. For the edge server, there only exists one computation queue, denoted as Qcomp

0 .
Since the load of MDs are varying stochastic, we dynamically divide MDs set into idle devices

(requester) and active devices (server) based on the backlog of their computation queues, which are
defined as follows:

1) Idle device: In time slot t, Qcomp
d (t) = ∅. Idle devices can provide computing service for other

MDs by D2D link.
2) Active device: In time slot t, Qcomp

d (t) ̸= ∅. Active device only process task locally, or offload
tasks to edge server or idle MDs, but cannot accept tasks from other MDs.
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Table 1. KEY NOTATIONS.

Symbol Definition

D The set of mobile deivces
T The whole time slots
∆t The duration of time slot t
wm(t) The computation task generated on mobile device m at time slot t
st

m The size of task wm(t)
ct

m The computation complexity of task wm(t)
τt

m The deadline of task wm(t)
A(t) The task offloading decision for all MDs at time slot t
at

m(t) The offloading decision of the mth active device at time slot t
Qcomp

d The computing queue of mobile device d
Qtran

d The transmission queue of mobile device d
lcomp
m,d (t) The time slot when task wm(t) is fully processed at mobile device d

ltran
m (t) The time slot when task w(m, t) transmission is completed at device m

ϕ
comp
m,d (t) The waiting time slots of task wm(t) in computation queue at mobile device d

ϕtran
m (t) The waiting time slots of task wm(t) in transmission queue at mobile device m

rm(t) The transmission rate of mobile device m at time slot t
pm The transmission power at device m
hd

m(t) The channel gain between active device m and idle device d at slot t
N0 The white noise
Bm(t) The bandwidth of device m at time slot t
L(m, t) The total duration of task w(m, t) from generation to execution completion
Sm(t) Local observation information of device m on time slot t
S(t) Global state information on time slot t
r(t) Reward in time slot t
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Figure 1. Architecture of D2D-MEC network.
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3.1. Task Model

We consider time-sensitive tasks, such as virtual reality (VR) or animation rendering, that can span
over multiple time slots. At time t, each MD m stochastically generate a computation task, denoted as
wm(t), specified by a three-tuple < st

m, ct
m, τt

m >, where st
m represents the size of task w in 1-bit unit, ct

m
denotes the computation complexity of task w measured in the number of CPU cycles required for a
1-bit operation, and τt

m indicates the task deadline for completion (an integer multiple of the time slot).
Each job should be processed within τt

m time slot to avoid incurring an expiration penalty.
We assume that each task is indivisible such that the system adopt a binary offloading mode,

which allows tasks to be executed either locally or offloaded to edge server through cellular links, or
transferred to idle devices via D2D links. Each MD employs with a scheduler that determines the target
device for task execution. The active devices set at slot t is denoted asAD(t) = {ad1, ad2, . . . , ad|AD(t)|},
and the idle devices at slot t is denoted as ID(t) = {id0, id1, id2, . . . , id|ID(t)|}, where id0 represents the
edge server which is always regarded as idle device due to its sufficient computing resource. Hence,
we have |AD(t)|+ |ID(t)| = D.

3.2. Computation Model

The computation queue follows the First-In-First-Out (FIFO) principle, where tasks in the queue
buffer must wait for the completion of the preceding task before being scheduled. The computing
delay of a task is composed of two parts: waiting time and execution time.

Let t̃ denote the time slot of task wm(t) placed in the queue Qcomp
d at device d ∈ D, and lcomp

m,d (t)
denote the time slot of task wm(t) to be completely processed or dropped in device d. Note that if task
is computed locally, we have t̃ = t and lcomp

m,d (t) can be written as lcomp
m (t). Hence, the amount of time

slots that task wm(t) will wait for scheduling to execute in computation queue Qcomp
d can be expressed

as follows :

ϕ
comp
m,d (t) =

[
max

t′∈{0,1,··· ,t−1},d′∈[1,D]
lcomp
d′ ,d

(
t′
)
− t̃ + 1

]+
(1)

where the operator [x]+ = max{0, x}, and we set lcomp
d′ ,d (0) = 0 for presentation simplicity. The term

max
t′∈{0,1,··· ,t−1},d′∈[1,D]

lcomp
d′ ,d (t′) determines the time slot when all the task placed in the computation queue

Qcomp
d before time slot t̃ has either been processing or dropped. Hence, ϕ

comp
m,d (t) determines the number

of waiting time slots in the computation queue.
For each task wm(t) that arrives at the computation queue Qcomp

d at the beginning of time slot t̃, it
will either be processed completely or dropped in slot lcomp

m,d (t) :

lcomp
m,d (t) = min

{
t̃ + ϕ

comp
m,d (t) + ⌈ st

mct
m

fd∆t
⌉ − 1, t + τt

m − 1
}

(2)

where fd represents the process rate of device d. Specifically, the task wm(t) will be scheduled to
execute at the beginning of slot t̃ + ϕ

comp
m,d (t). ⌈· ⌉ is the ceiling function, which means devices only

switch to execute next task at the beginning of a new time slot. The term
⌈

st
mct

m
fd∆t

⌉
represents the total

time slots required to process task completely. Considering the deadline of task, here use min operator
to determine the minor value of process completely and the drop time slot.

In the case when multiple offloaded tasks or a newly generated task arrive at device d simultane-
ously, they will enter queue Qcomp

d according to the following rules: (1) offloaded tasks have higher
priority than locally generated tasks. (2) among the offloaded tasks, tasks with shorter deadlines will
be placed ahead in the queue.
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3.3. Task Offloading Model

We assumed that cellular links and D2D links operate on different frequency bands and adopt
orthogonal frequency division multiple access (OFDMA) for access. Therefore, communication be-
tween any two devices does not interfere with the communication between other devices [23]. The
transmission queue Qtran

d , d ∈ [1, D] also follows FIFO principle. Similar to computation queue, let
ltran
m (t) denote the slot when wm(t) is successfully transmitted to the target device or dropped since

from it enters queue Qtran
d , that we have the amount of time slots that wm(t) will wait for transfer in

Qtran
d as follows:

ϕtran
m (t) =

[
max

t′∈{0,1,··· ,t−1}
ltran
m

(
t′
)
− t + 1

]+
(3)

where ltran
m (t) represents the time slot that task wm(t) leaves the queue Qtran

d , and we set ltran
m (0) = 0

for presentation simplicity. The term max
t′∈{0,1,··· ,t−1}

ltran
m (t′) determines the time slot when all the task

placed in the transmission queue before time slot t has either been processing or dropped.
In mobile device m ∈ [1, D], task wm(t) placed in the transmission queue at the beginning of time

slot t, then task wm(t) will either be completely sent or dropped in time slot ltran
m (t) :

ltran
m (t) = min

{
t + ϕtran

m + argmin
`

{
st

m ≤
t+θ

∑
i=t

rm(i)∆t
}

, t + τt
m − 1

}
(4)

where rm(t) represents the transmission rate of MD m in t. Specifically, the task wm(t) will start to

transmit at the beginning of time slot t + ϕtran
m (t). The term argmin

`

{
st

m ≤ ∑t+θ
i=t rm(i)∆t

}
represents

the total time slots required to transfer data successfully, where rm(i)∆t represents transfer data size in
slot i. Hence, ltran

m (t) decides the time slot when task will either be sent successfully or dropped.
The transmission rate rm(t) of MD m at t can be calculated based on Shannon’s theorem:

rm(t) = Bm(t) log2(1 +
pmhd

m(t)
N0

) (5)

where Bm(t) is the bandwidth allocated to MD m and pm represents the transmission power of device
m, which is a constant value. hd

m(t) represents the channel gain between device m and target device d at
time slot t, which keeps fix within a time slot and follows a Rayleigh distribution that varies over time.
N0 represents the white noise during transmission. Here we adopt the average bandwidth allocation
scheme, that the total bandwidth is allocated equally among each pair of communicating nodes.

Due to the negligible size of task results compared to the original task data, the transmission time
for task result return is extremely short. Therefore, similar to [17], the transmission time for task result
return is ignored.

3.4. Task Delay Model

Let am(t) = m denote the target device to execute task wm(t), we have am(t) ∈ ID(t)
⋃{m}.

If am(t) = m, which means task wm(t) will be processed locally, base on eq.(2) we have the total
delay Lm(t) = lcomp

m (t)− t + 1, which can be written as

Lloc
m (t) = min

{
ϕ

comp
m (t) +

⌈
st

mct
m

fm∆t

⌉
, τt

m

}
(6)
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If am(t) ̸= m, then task wm(t) will be offloaded to remote device d to process. Such that transmission

delay is Ltran
m (t) = ltran

m (t)− t + 1, processing delay is Lcomp
m (t) = ϕ

comp
m,d (t) + ⌈ st

mct
m

fm∆T ⌉. Hence we have
the total delay of remote execution task as :

Lrem
m (t) = min

{
Ltran

m (t) + Lcomp
m (t), τt

m

}
(7)

Therefore, the total delay of task wm(t) can be derived as follows:

L(m, t) = 1(am(t)=m)Llocal
m (t) + 1(am(t) ̸=m)Lrem

m (t) (8)

where 1(·) is an indicator function that outputs 1 when · is true and 0 otherwise.

4. Problem Formulation

In this paper, we aim to minimize the long-term average task delay under deadline constraints by
making task offloading decisions A(t) = {a1(t), a2(t), . . . , ad(t)} at each MD in each time slot t. The

objective function at slot t is written as
1
D ∑D

d=1 L(d, t). Therefore, the task offloading optimization
can be formulated as:

P1 :

(P1) min
A(t)

1
T

T

∑
t=1

1
D

D

∑
d=1
L(d, t)

s.t.

L(d, t) ≤ τt
d, ∀d ∈ [1, D] (9a)

ad(t) ∈ ID(t)
⋃
{d}, ∀d ∈ [1, D] (9b)

In problem P1, constraint (9a) ensures tasks are completed or dropped upon reaching their
deadlines, minimizing average task delay. Constraint (9b) specifies the target device for task execution,
including both idle devices and the local device where the task is generated.

Problem P1 can be classified as a dynamic assignment problem, characterized by its complexity
in high-dimensional space and being NP-hard. The time complexity of this problem increases expo-
nentially with the cardinality of the sets of available devices |AD(t)| and idle devices |ID(t)| at each
time slot t. Additionally, the strong coupling of action decisions across multiple time slots exacerbates
the computational challenge.

Even the offline information of system is known advance, it is challenging to be solve by traditional
technique due to the curse of dimensionality. Hence, we propose a novel algorithm with low complexity
that operates online using a multi-agent DRL framework.

5. Algorithm Design

Proximal Policy Optimization (PPO) is a robust policy gradient algorithm within the actor-critic
framework, demonstrating exceptional performance in diverse reinforcement learning tasks [24]. Its
simplicity and effectiveness have made it a popular choice for numerous RL applications, addressing
the stability and sample efficiency concerns of traditional policy gradient methods through careful
policy network update clipping and the use of a surrogate objective function.

Moving beyond single-agent DRL methods, MAPPO extends the capabilities of PPO, particularly
excelling in scenarios where multiple agents need to interact and make decisions independently.
This extension offers a scalable and efficient solution for cooperative decision-making in complex
environments, showcasing its significance in addressing challenges that go beyond the scope of
single-agent approaches.
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In this section, we present a novel framework for task offloading based on multi-agent DRL
technique. Leveraging the MAPPO technique, our proposed algorithm, builds upon the cooperative
decision-making abilities of MAPPO to effectively address the dynamic offloading challenges in
MEC systems. By formulating the problem as a cooperative Markov game and employing the CTDE
architecture, our algorithm provides a robust and efficient solution for dynamic offloading in MEC
systems, effectively managing the heavy communication burden and offering scalability in decision-
making processes.

Firstly, we formulate the problem of minimizing long-term average task delay as a cooperative
Markov game.

5.1. MDP of P1

5.1.1. State

Our algorithm incorporates both local and global states. The local state includes the system
information of each MD and is used to train the Actor network for individual decision-making. On the
other hand, the global state comprises the entire system information at the current time slot and is
utilized to train the Critic network.

At the beginning of slot t, each device m ∈ [1, D] observes its state information, which includes task
properties such as task size, task complexity, and expiration time, as well as information about the com-
putation queue, transmission queue, and channel state. Let Bcomp

m (t) = max
t′∈0,1,··· ,t−1,m′∈[1,D]

lcomp
m′ ,m (t′)− t+

1 denote the backlog of computation queue at slot t, and Btran
m (t) = max

t′∈0,1,··· ,t−1
ltran
m (t′)− t + 1 denote

the backlog of transmission queue MD, we obtain the local state vector as follows:

Sm(t) =
(

st
m, ct

m, τt
m, Bcomp

m (t), Btran
m (t), hm(t),

−−→
id(t)

)
(10)

where
−−→
id(t) is a two dimension vector, consists of the index and the backlog of computation queue of

all idle devices. We assume that each idle MD will broadcast its state of computation queue at the end
of each time slot. For device m at time slot t, if no task is generated, st

m, ct
m, τt

m are both set to be 0.
The global state integrates the local state information from each MD and the queue information

from the edge server, denoted as:

S(t) =
(
S1(t),S2(t), . . . ,SD(t)

)
(11)

5.1.2. Action

At the beginning of slot t, when MD m generates a task wm(t), the scheduler decides whether to
execute the task locally or offload it to an idle device. Therefore, the action vector of each MD can be
present as:

A(t) =
(

id0, id1, id2, . . . , idID

)
∪m (12)

5.1.3. Reward

According to problem P1, the optimization objective is the ratio of the total task delay to the task
deadline. Therefore, the reward signal can be directly defined as:

r(t) =
∑m∈[1,D] 1(at

m=m)Llocal
m (t) + 1(at

m ̸=m)Lrem
m (t)

∑m∈[1,D] 1(st
m) ̸= 0)

(13)

where the item ∑m∈[1,D] 1(st
m) ̸= 0) represents all tasks generated in time slot t.
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5.2. Mutil-Agent DRL-Based Algorithm

To reduce the exponential decision space of P1, we propose a multi-agent DRL-based algorithm
that leverages the state-of-the-art multi-agent RL named MAPPO. MAPPO exhibit significantly higher
algorithmic runtime efficiency and comparable data sample efficiency compared to off-policy algo-
rithms under limited computing resources, which make it well-suited for MEC system. Here we adopt
the popular CTDE architecture, which consists of two crucial components: one central Critic network
and multi Actor networks. The architecture of the Multi-agent DRL algorithm is depicted as Figure 2.
The process involves two phases, described below.

Reinforcement learning module 

Centralized learning Global Critic network 

Actor network of MD1 

The old actor
network 

The new actor
network 

Advantage 

Actor network of MD2 

The old actor
network 

The new actor
network 

loss 

Actor network of MDm 

The old actor
network 

The new actor
network 

loss loss 

MD1 MD2 MDm 

Environment
module 

Choose action Choose action Choose action 

Private state Private state Private state 

Reward module Replay
Memory M 

Replay
Memory 2 

Replay
Memory 1 

Save trajectory  
to replay memory 

Joint State S

Joint action A 

Reward r 

...

......

Figure 2. Architecture of Multi-agent DRL algorithm

1) Centralized training
We utilize a global Critic network to obtain the accurate evaluations of the global system states

to guide the training of Actor networks on each MD. Similar to PPO algorithm, these networks are
trained as follows:

a) Firstly, each agent m interacts with environment by randomly sampling actions based on its
observed system state Sm(t) and executing the selected action. Then agents observe the local state in
the next time slot, obtain the reward rm(t + 1). The trajectory data (Sm(t), am(t), rm(t + 1),Sm(t + t))
is stored in the local experience replay pool.

Afterward, agent m sent its local state Sm(t), the next time step state Sm(t + 1), and local reward
rm(t + 1) to the central controller for further processing.

b) By aggregating the information from each agent, we acquire the global state S(t), S(t + 1) and
global reward r(t). These values serve as inputs to the Critic network to for computing the state values
V(S) and V(S

′
). Here we employ a target network to compute the Temporal Difference (TD) target

and TD error δt = r(t) + γV(S(t + 1))−V(S(t), where γ is the discount factor.
In the training phase, the system samples a batch of trajectories from the replay memory in the

central controller and performs updates on the Critic network. The update equation for the Critic
network can be be expressed as follows:

L(ϕcri) = ES(t),A(t)[r(t) + γVϕcri (S(t + 1))−Vϕcri (S(t))]
2 (14)

where Vϕcri (.) is the value function of Critic network under parameter ϕcri.
We employ Generalized Advantage Estimation (GAE) trick to compute the advantage function as

follows,

Ât =
∞

∑
l=0

(γλ)lδt+l (15)
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where γ is used to determines the importance given to future rewards, while λ is a parameter similar
to TD(λ), with a trade-off between variance and bias. δV

t+l refers to the l − step TD error, which is
computed as δt+l = r(t + l) + γV(t + l + 1)−V(t + l).

The value of GAE will be broadcasted to each agent for training the actor network.
c) Upon receiving the advantage function Ât, each agent conducts batch sampling from its own

experience replay pool and calculates the surrogate value by considering the probability distribution of
old and new actions along with the advantage function Ât. This surrogate value is used to update the
parameters of the actor network. The update equation for the Actor network at agent m is as follows:

L(θact
m ) = Eπθm

[min(ψt(θ
act
m )Ât, clip(ψt(θ

act
m ), 1− ϵ, 1 + ϵ)Ât)] (16)

where ψt(θact
m ) =

πθm (am(t)|Sm(t))
πold

θm
(ad(t)|S(t))

represents the probability ratio, ϵ is a hyperparameter in PPO that

limits the deviation between the new and old networks and Ât is used to assess the quality of action
A(t) in state S(t).

2) Decentralized Execution
After completing centralized training, the Critic network becomes unnecessary. The Actor network

is deployed to each individual MD and utilizes locally observed system states for decision-making.
Communication is not required during the decision-making process. Decentralized decision-making is
fast and can be performed in real-time.

The details of our MARL dynamic offloading algorithm are summarized in Algorithm 1.

Algorithm 1: Multi-agent DRL-Based Dynamic Offloading Algorithm
Input: Equipment Set E, Total Episode number N, Time domain T
Output: Offloading policy A

1 for episode n← 1 to N do
2 for time slot t ∈ T do
3 for equipment e ∈ E do
4 for task w ∈ Qcomp

e
⋃

Qtran
e do

5 if task w expires then
6 drop w;
7 end
8 end
9 end

10 for device d ∈ D do
11 Use actor network to output action probability distribution;
12 Sample the action ad(t) of current time slot;
13 end
14 Allocate equal bandwidth to each communication pair based on A(t);
15 Interact with the environment using joint actions A(t);
16 Get the next state s(t + 1) and cost C(S(t),A(t));
17 for d ∈ D do
18 storing the trajectories (sd(t), ad(t), C(S(t),A(t)), sd(t + 1)) into the replay buffer

RBd;
19 end
20 end
21 Sample the same batch of trajectories from the replay buffers of different devices;
22 Update the Global Critic network using (14);
23 Update the Actor network using (16);
24 end
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6. Simulation Result and Analyses

6.1. System Parameter Settings

To verify our algorithm, we conducted extensive simulations, demonstrating its convergence and
performance superiority compared to baseline algorithms. Table 2 lists the basic system parameters.

Table 2. Simulation system parameters.

parameters values
Mobile device number D 20
The CPU frequency of mobile device fd 2 GHz
The CPU frequency of edge server f0 3 GHz
Minimum task size smin 3 Mbits
Maximum task size smax 10 Mbits
Minimum task complexity cmin 0.5 gigacycles per Mbits
Maximum task complexity cmax 2 gigacycles per Mbits
Minimum task generation probability 0.1
Maximum task generation probability 0.5
Total bandwidth B 3 MHz
Device transmission power pd 3 W
White noise N0 -14 dbm\Hz

The centralized Critic networks and the Actor network in each MD utilize a three-layer network
structure with 64 nodes in the intermediate layer. During the neural network training process, a batch
size of 64 is employed, the learning rate is set to 1e-3, and the number of MDs is fixed at 20. The task
generation probability gradually increases from 0.1 to 0.5. Network parameters are updated using the
Adam optimizer. To ensure high randomness and unpredictability in the experimental data generation,
the relationship between random numbers and the task generation probability determines whether a
task is generated. The channel gains between devices follow the Rayleigh distribution.

6.2. Algorithm Convergence Performance

In this part, we mainly study the convergence performance of the proposed algorithm under
different values of different hyper-parameters. We consider 1000 episodes and each episode has 100
time frames. The experimental results are shown in Figure 3, where the X-axis represents the episodes
and the Y-axis represents the average completion delay of the task (the average time required by the
task from creation to completion).
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Figure 3. Performance evaluation under different batch sizes.

Figure 3 shows the convergence of the proposed algorithm under different batch sizes which
means the number of training examples utilized in one iteration. Generally, as the batch size increases,
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the gradient estimation during each training step becomes more accurate, thereby reducing the variance
of parameter updates. However, larger batch sizes may make the model more prone to getting stuck in
local minima and lose some ability to escape from them. On the other hand, smaller batch sizes can
provide more randomness, helping the model to jump out of local minima. As we can see from Figure
3, changing the parameter of batch size has only about a 1% impact on performance. Thus we choose
appropriate batch size(e.g., 64) to speed up the convergence speed without reducing the performance
significantly.

Figure 4 shows the convergence of the proposed algorithm under different learning rates which is
a tuning parameter in an optimization algorithm that determines the step size at each iteration while
moving toward the minimum of a loss function. In Figure 4, when learning rate is too small (e.g. 1e-5)
,it will lead to a relatively slow convergence and therefore require more computational resources. But if
the learning rate is too large(e.g. 1e-2, 5e-2) , the neural network can’t converge to a good performance
because of the great vibration of loss function.
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Figure 4. Performance evaluation under different batch sizes.

Figure 5 shows the convergence of the proposed algorithm under different task generation
probabilities, where the task generation probability is the probability of each device producing a task
in each time frames. As shown in Figure 5, there is an obvious correlation between task generation
probability and algorithm performance: the larger the task generation probability, the larger the
average delay. This is because with limited computing and communication resources, the higher the
probability of task generation, the less resources are allocated on average, and the higher the delay of
task completion.
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Figure 5. Performance evaluation under different task generation probabilities.
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Figure 6 illustrates the performance of proposed algorithm under different drop penalty values,
where the penalty value are represented as:
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Figure 6. Performance evaluation under different penalties.

C(S(t),A(t)) =

Penalty Value, if task is dropped
1(am(t)=m)Llocal

m (t)+1(am(t) ̸=m)Lrem
m (t)

τt
m

, if task is not dropped
(17)

Generally, as the penalty value increases, the model should prone to dropout and thus result in a
decrease in the drop ratio. Interestingly, the experimental results show the opposite behavior. This may
be due to the change from a continuous range of penalty values with an upper limit of 1 to discrete
values. This change may make it difficult for the Critic network to converge, resulting in the observed
results.

6.3. Performance Comparison Evaluation

To valuate the performance of our algorithm, we consider the following benchmark algorithms:
1) IPPO: Each agent employs an independent PPO algorithm to select actions based on global

state information;
2) A2C: A2C algorithm is used to sample from (1 + N)N types of actions;
3) TD3:The multidimensional discrete action space is transformed into multiple continuous

actions, and the selection of an action is based on the shortest Euclidean distance [2];
4) Heuristic: If a task can be completed within two time slots, it is computed locally; otherwise, it

is offloaded to the edge server;
5) All_local: All tasks are executed locally;
6) All_edge: All tasks are offloaded to edge server;
7) Greedy: The action with the shortest expected time, considering the current queue situation

and channel status, is selected;
8) Random: Actions for each task are randomly selected. Here we use two performance metrics:

the average delay and the drop ratio(ratio of the number of timeout tasks to the total number of tasks).
Figure 7 illustrates the convergence of our proposed algorithm and baseline algorithms. It can be

observed that our algorithm presents similar performance to the IPPO algorithm in terms of the delay
metric. However, our algorithm only relies on local state information for decision-making, significantly
reducing communication overhead. In comparison to the sub-optimal A2C algorithm, our approach
achieves an 11.0% reduction for the delay metric and a 17.0% reduction for the drop ratio metric.
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Figure 7. Performance of different algorithms.

Figure 8 illustrates the comparison of the average delay and drop ratio between our proposed
algorithm and the baseline algorithms under different edge server frequencies. As the computing
power of the edge server increases, the overall system computing resources increase, resulting in
decreased average delay and drop ratio. It is important to note that the all_local algorithm, which does
not rely on edge servers, maintains a stable performance curve.

3 4 5 6 7 8 9 10
Edge CPU frequency

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

Av
er

ag
e 

de
la

y

ippo
a2c
td3
CTDE
greedy
heuristic
all local
all edge
random

(a) average delay

3 4 5 6 7 8 9 10
Edge CPU frequency

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

Dr
op

 ra
tio

ippo
a2c
td3
CTDE
greedy
heuristic
all local
all edge
random

(b) ratio of dropped tasks
Figure 8. Performance of different algorithms across different edge cpu frequency.

Figure 9 shows the comparison of the average delay and drop ratio between our proposed
algorithm and the baseline algorithms under different task deadlines. From Fig. 9, it is evident that
several benchmark algorithms, such as all_local, all_edge, or greedy, face a limitation imposed by the
deadline, causing the average delay to approach the upper limit, i.e., the deadline itself. Consequently,
as the deadline increases, the average delay also grows, while the drop ratio decreases due to the slack
in the deadline. In contrast, the CTDE, IPPO, and A2C algorithms exhibit superior performance. When
the deadline is less than 5, their curves resemble those of other algorithms, although relatively flat.
However, as the deadline continues to increase, these algorithms reach a stable curve, suggesting that
the tasks have been fully processed.
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Figure 9. Performance of different algorithms across different task deadline.

7. Conclusion

In this paper, we investigate the dynamic task offloading problem in D2D-MEC systems for
delay-sensitive tasks under delay constraints. We propose a dynamic partitioning approach for D2D
MDs set based on queuing-based system. We formulate the minimization long-term average task
delay with deadline constraints problem as a cooperative Markov game and propose a multi-agent
DRL-based algorithm. Our proposed algorithm is implemented in a CTDE manner, which enables each
MD to make offloading decisions solely based on its local system state. Extensive simulations show
the efficiency of our algorithm. For the future work, we will consider bandwidth resource allocation
strategy in the D2D-MEC network.
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