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Abstract—The unpredictability of network environments, lim-
ited edge resources, and the high complexity of collaborative
policies are significantly hindering the development of the Indus-
trial Internet of Things (IIoT). These challenges are particularly
pronounced in healthcare, where high-priority, delay-sensitive
medical tasks and large-scale personalized services face substan-
tial obstacles. To address these challenges, this paper proposes
the Self-Attention Enhanced QMIX with Multi-Pass Multi-Task
Execution (SAE-MT-QMIX) algorithm, aimed at optimizing
communication and computing resource allocation as well as
task offloading strategies. By leveraging Digital Twin (DT)
support, the algorithm achieves collaborative optimization of
communication, computing, and control within the Internet of
Medical Things (IoMT), significantly enhancing the quality of
service for massive personalized applications. The algorithm
adopts a distributed execution and centralized training frame-
work: the distributed execution component uses the Multi-Pass
Multi-Task Deep Q-Network (MPMT-DQN) algorithm to handle
the complexity of parameterized action spaces in multi-task
scenarios, while the centralized training component employs
the Self-Attention Enhanced QMIX (SAE-QMIX) algorithm to
dynamically optimize credit assignment across multiple users.
Simulation results demonstrate that SAE-MT-QMIX significantly
reduces delay and energy consumption compared to baseline
methods. It ensures effective optimization of communication,
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computing, and control in dynamic IoMT, efficiently addressing
diverse demands and tasks while enhancing service quality and
system adaptability.

Index Terms—Internet of Medical Things, digital twin, mobile
edge computing, parameterized action space, multi-agent deep
reinforcement learning, self-attention mechanism.

I. INTRODUCTION

LEVERAGING the collaborative capabilities of cloud and
fog technologies, Cloud-Fog Automation achieves the

synergistic optimization of communication, computing, and
control, enabling networked computing, intelligent control,
and deterministic connectivity [1]. With the rapid advancement
of Industrial Internet of Things (IIoT) technologies, the Inter-
net of Medical Things (IoMT) has become a key application
area for Cloud-Fog Automation in the healthcare domain.

By effectively connecting sensors, users, and medical insti-
tutions, IoMT [2] enables real-time collection, transmission,
analysis, and application of medical data. IoMT can provide
personalized medical services for a diverse range of users,
ensuring real-time and reliable Quality of Service (QoS)
support. Additionally, IoMT can also effectively deal with
the uneven distribution of medical resources in the process of
medical informatization, enhancing the efficiency, intelligence,
and remote accessibility of healthcare services.

However, realizing the full potential of IoMT remains
challenging due to limited computing and communication
resources, as well as the need to deliver efficient, personalized
healthcare services to a large, diverse user base while adapting
to complex, dynamic network environments [3]. To tackle
these challenges, leveraging the advantages of Cloud-Fog
Automation is essential [4]. Developing an integrated frame-
work for communication, computation, and control is crucial
to enable efficient information sharing, resource allocation,
intelligent decision-making, and service management.

In the Cloud-Fog Automation architecture, 5G/6G pro-
vides near-deterministic connectivity, ensuring real-time data
transmission and the efficient execution of control strate-
gies. Mobile Edge Computing (MEC) [5] extends computing
capabilities to the edge of physical systems, enhancing local
computation near data sources and significantly improving
data processing efficiency and real-time responsiveness. Dig-
ital Twin (DT) [6] achieves real-time mapping between
physical systems and their digital models, facilitating contin-
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uous data collection and feedback, continuously optimizing
control strategies and enabling intelligent, automated control
systems. The integration of these technologies significantly
enhances the real-time data processing capabilities of IIoT,
improves system flexibility and adaptability, and optimizes
both data analysis and decision-making support [7].

To effectively implement Cloud-Fog Automation in IoMT,
it is essential to establish a DT-driven IoMT system. This
system should comprehensively map physical entities and
medical service functions, enabling a deep understanding and
accurate prediction of IoMT’s complexities and dynamics,
while providing MEC strategy support for efficient, real-time
data sharing. Furthermore, the strategic integration of 5G/6G,
MEC, and DT should facilitate the design of collaborative
algorithms for optimizing communication, computation, and
control offloading. These algorithms must address the real-
time, intelligent, and reliable processing of large-scale medical
tasks, while optimizing resource allocation to enhance the
overall performance of the IoMT system [4].

When addressing the challenges of collaborative decision-
making in communication, computation, and control, Deep
Reinforcement Learning (DRL) demonstrates significant
advantages over other methods due to its superior adapt-
ability, flexibility, and generalization capabilities [8]. DRL
combines the perceptual strengths of Deep Learning (DL)
with the strategy-making abilities of Reinforcement Learning
(RL), learning through real-time interaction and feedback
with the environment. This enables DRL to effectively adapt
to the complexity and uncertainty inherent in IoMT. More-
over, Multi-Agent DRL (MADRL) [9] excels in dynamic
multi-user decision-making, coordinating user demands and
adapting to real-time changes. It can effectively meets stringent
requirements for real-time, efficient, and personalized medical
services, offering an intelligent and scalable approach to
enhancing IoMT performance.

Collaborative decision-making in IoMT presents significant
challenges. On one hand, the allocation of communication
and computing resources, alongside control strategies, involves
both continuous and discrete variables, which are intricately
interrelated. Control strategies often exert a profound influ-
ence on subsequent resource allocation, resulting in dynamic
interactions. However, existing algorithms face difficulties in
effectively addressing such parameterized action spaces and
adapting to the complexities of IoMT scenarios [10]. On
the other hand, designing a reasonable multi-agent training
mechanism and implementing dynamic credit assignment to
balance control strategies among multiple users becomes cru-
cial [11]. By flexibly adapting to the personalized needs and
task differences of agents, it optimizes individual resource
utilization while ensuring the overall stability and efficiency of
the system. Achieving an equilibrium that optimizes individual
resource utilization while maintaining overall system stability
and efficiency remains a critical challenge requiring urgent
resolution.

In summary, this paper proposes a MADRL algorithm
based on Self-Attention Enhanced QMIX with Multi-Pass
Multi-Task Execution (SAE-MT-QMIX), aimed at address-
ing challenges related to resource allocation, task offloading,

and multi-user collaboration in DT-driven IoMT. This algo-
rithm enables collaborative optimization of communication,
computing, and control. It adopts a distributed execution and
centralized training framework, where the Multi-Pass Multi-
Task Deep Q-Network (MPMT-DQN) algorithm is designed
for the agent network to solve the complex parameterized
action space in distributed execution, effectively reducing
both time and space complexity. The centralized training
part employs the Self-Attention Enhanced QMIX (SAE-
QMIX) algorithm, which enhances the credit assignment
capability of the Mixing network using a self-attention mech-
anism, dynamically adapting to environmental changes and
ensuring dynamic optimization of global performance. This
algorithm enables collaborative optimization of communi-
cation, computation, and control in complex and dynamic
IoMT environments, providing real-time, efficient, and reliable
offloading strategies and resource allocation, ensuring the
fulfillment of large-scale users’ personalized medical task
requirements with low delay, low energy consumption, and
high quality. The contributions of this paper are summarized as
follows:
• DT-driven IoMT: The system architecture is constructed

and comprehensively described to achieve high-quality
and high-precision virtual mapping of physical entities
and service functions within IoMT, supported by robust
data to enhance the collaboration of communication,
computation, and control optimization.

• MPMT-DQN Algorithm: Designed for agent networks,
this algorithm tackles high complexity from multiple
tasks and complex action spaces in DT-driven IoMT,
enabling efficient collaboration of communication and
computing resources for optimized resource allocation
and task execution.

• SAE-QMIX Algorithm: The algorithm utilizes QMIX for
collaborative learning and a self-attention mechanism to
address limited observation and multi-user control strat-
egy challenges. It improves user adaptability and enables
efficient resource allocation and high-quality medical
services in dynamic IoMT environments.

• Simulation: Simulations show that, compared to baseline
algorithms, the proposed algorithm achieves collabo-
rative decision-making in communication, computation,
and control, effectively delivering efficient, reliable real-
time services to meet users’ diverse demands for low
delay, energy efficiency, and high reliability in medical
services.

The rest of the paper is organized as follows. Section II
discusses the related work. Section III presents the system
model of DT-driven IoMT. Section IV defines the problem
and construct the RL model. Section V describes the proposed
algorithm in detail. Section VI simulates and analyzes the
results. The conclusion will be presented in Section VII. The
notations used throughout this paper are summarized in Table I
for clarity and convenience:

II. RELATED WORK

In recent years, many scholars have extensively researched
the issue of computing offloading in the IoMT with DT. This
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TABLE I
SUMMARY OF NOTATIONS

section aims to review and summarize the current state of
research on DT-driven MEC architecture, DRL algorithms for
computing offloading, and MADRL algorithms for computing
offloading in multi-user scenarios.

A. DT-Enabled MEC Architecture

Some researchers utilize the real-time monitoring, analysis,
and simulation capabilities of DT to generate high-quality data
and offer support and real-time feedback for MEC. References
[12] and [13] have proposed similar DT-driven intelligent
offloading frameworks. In these frameworks, DT can simulate
the behavior of physical entities in MEC by constructing high-
fidelity virtual mappings, enabling joint optimization of task
offloading and resource allocation strategies. Simultaneously,
DT can also play a role in algorithm optimization. By incor-
porating the concept of DT into aerial MEC paradigms, [14]
presents a framework utilizing DT technology in Unmanned
Aerial Vehicle (UAV)-assisted ground MEC networks. By
monitoring the status of edge nodes and providing training
data, DT assists in machine learning for intelligent offloading
strategy and dynamic resource allocation. In [15], architecture
combining DT and MEC with Federated learning (FL) frame-

works is proposed. With real-time data analysis and network
resource optimization, DT can optimize device scheduling and
manage resource allocation to maximize the utility of FL
services.

Additionally, in the medical field, DT is often combined
with 5G and 6G technologies to provide patients with real-time
remote health monitoring, diagnosis, and treatment services.
Reference [16] proposes a DT-assisted quantum FL algorithm.
DT enables the real-time utilization of data from IoMT devices
to create DT of patients, achieving intelligent diagnosis in 5G
mobile networks while protecting patient privacy. Reference
[17] developed a DT-driven IoMT system, which projects
surgical navigation images in real-time onto the helmet of
surgeons for remote lung cancer treatment.

However, some recent literature on DT-driven MEC-based
computation offloading primarily focuses on describing the
architecture but falls short of providing comprehensive expla-
nations of the specific modules and implementation details
within the architecture. These studies often lack in-depth
discussions of how the individual components interact and
function within the framework, limiting the understand-
ing of the practical application and optimization of such
systems.
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B. DRL Based Computing Offloading

Due to the ability of DRL to handle large-scale, high-
dimensional state spaces in MEC and its adaptability to
complex dynamic environments, an increasing number of
scholars are turning to DRL to address the computing offload-
ing problem.

To tackle the offloading strategy problem, [18] combines the
decision tree algorithm and Double Deep Q-Network (DDQN)
to propose a DT-assisted offloading scheme. Additionally, [19]
proposes a two-stage task offloading optimization algorithm
based on DRL and transfer learning. Both algorithms can
effectively reduce the processing delay of task offloading
and decrease the average energy consumption of the system.
Reference [20] proposes an Actor-Critic based DRL solution
for minimizing offloading delay while considering accumu-
lated service migration costs. In [21], the multi-task joint
computation offloading problem is addressed by modeling
tasks with dependencies as directed acyclic graphs (DAG).
An attention mechanism-based proximal policy optimization
(A-PPO) collaborative algorithm is proposed to optimize the
learning process of offloading strategies.

For the joint optimization problem of offloading strategy and
resource allocation, [19] presents a scheduling strategy based
on an improved DDQN algorithm, while also proposing a low-
complexity algorithm to achieve nearly optimal allocation of
energy and computing resources. In [22], an energy minimiza-
tion model is developed by integrating terminal power control,
computing resource allocation, and task offloading decisions.
To simplify the problem, it is divided into two subproblems:
a deep actor-critic-based online algorithm is proposed to
address the dimensionality issue in offloading decisions, and
a difference-of-convex-based method is designed to optimize
power control and resource allocation. Unlike the methods
mentioned above that solve the joint problem separately, [23]
determines how to allocate resources through the Long Short-
Term Memory (LSTM) algorithm and the Parameterized Deep
Q-Network (PDQN) algorithm. Similarly, [24] employs a
Parameterized Action Space Deep Q-Network (PADQN) to
handle hybrid action spaces and integrates a dynamic time
factor mechanism (PADQN-D) to enhance IT and cooling
subsystem coordination.

However, in recent years, there has been limited research
on the collaborative optimization strategies for communica-
tion, computation, and control in the context of computation
offloading. Most studies tend to address the problem using
algorithms such as PA-DDPG, without delving deeply into the
specific challenges of this integrated approach. Furthermore,
there has been little exploration of the high time and space
complexity involved in handling the complex parameterized
action spaces in multi-task scenarios while maintaining the
potential relationships between tasks. These aspects remain
under-explored, despite their importance in optimizing offload-
ing strategies.

C. MADRL Based Computing Offloading

Due to the need to support medical services for multiple
users simultaneously in IoMT, traditional DRL algorithms

have not considered the challenges of competition and cooper-
ation among users. Therefore, some scholars have delved into
research on multi-user computing offloading scenarios.

To tackle challenges of traditional DRL algorithms’ inability
to adapt to dynamic environments, [25] proposes a offload-
ing algorithm that combines MADRL and meta-learning to
reduce the processing delay and energy consumption of tasks.
Reference [26] introduces a collaborative MADRL algorithm,
which utilizes centralized training and decentralized execution
to incorporate collaborative multi-agent techniques, thereby
enhancing task offloading efficiency in multi-user scenarios.
In [27], a MADRL method based on Multi-Agent Proximal
Policy Optimization (MAPPO) and attention mechanism is
proposed. This method aims to pursue the optimal computing
offloading strategy for multiple users while minimizing system
energy consumption.

For more complex multi-agent optimization problems,
[28] proposes a DT-assisted multi-agent task scheduling
scheme to reduce delay and energy consumption, while
improving scheduling success rate, load balancing metrics,
and training efficiency. In [29], a hierarchical comput-
ing offloading approach is proposed for delay-tolerant and
delay-sensitive tasks. Utilizing Multi-Agent DDPG (MAD-
DPG), this approach achieves faster task processing, dynamic
real-time resource allocation, and lower system costs. In
[30], Lyapunov-based optimization algorithm is employed to
determine local task scheduling and computing capabilities.
Additionally, an online MADRL algorithm combined with
game theory is employed to achieve intelligent and energy-
efficient task offloading and transmit power allocation. In [31],
a graph attention-based MADRL algorithm is proposed to
learn the optimal task offloading and service caching strategy
in DT-driven MEC.

Current research seldom involves the use of DT technology
to optimize computation offloading algorithms in multi-agent
scenarios. Additionally, there is relatively little research on
simultaneously addressing complex action space problems
and achieving multi-agent collaboration in the context of
computation offloading. Therefore, this paper will investigate
how to integrate DT to achieve efficient computing offloading
in multi-user scenarios with complex action spaces, effectively
addressing the aforementioned issues.

III. SYSTEM MODEL

In this section, a system model of DT-driven IoMT is
described, as illustrated in Figure 1. Serving as a robust frame-
work for collaborative decision-making in communication,
computing, and control, this model facilitates efficient resource
scheduling and intelligent medical services. According to the
definition of DT, the model adopts a three-layer architecture,
comprising the physical network layer, twin network layer, and
network application layer. The specific details of each layer are
outlined below.

A. Physical Network Layer

The physical network layer serves as the foundation for
DT, encompassing all physical entities and their functionalities
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Fig. 1. System model.

that constitute the DT-driven IoMT. It is responsible for estab-
lishing and managing data transmission and interconnectivity
among various physical devices. Through close collaboration
and interaction with the following network twin layer, the
physical network layer will not only facilitate the modeling
and simulation of the DT but also fosters system optimization
and intelligent policy-making. The following will provide a
detailed exploration of the physical entities and the process of
computing offloading in the physical network layer.

In the physical network layer, there are Nu IoMT users,
with the user set represented as U = {i|i = 1, 2, · · · , Nu}.
Each user utilizes medical sensors to real-time collect phys-
iological data, generating medical tasks aimed at providing
high-quality healthcare services. These medical tasks are rep-
resented by the set Ti = {j|j = 1, 2, · · · , N t

i }, where N t
i

indicates the number of tasks for user i. Each task can be repre-
sented by a triplet (D,C, P ), where D denotes the data size of
the task, C represents the computational complexity required
to process the task (measured in computational cycles), and P
indicates the priority of the task, reflecting the level of demand
for higher priority tasks necessitate greater service quality.

To meet users’ service demands for low delay, low energy
consumption, and high reliability, computationally intensive
tasks need to be processed in real-time and efficiently.
Although local devices have a certain level of computational
frequency Fi, overloading them with excessive tasks will make
it challenging for these tasks to be completed within a limited
timeframe Tmax. Moreover, local processing increases energy
consumption, significantly shortening device lifecycles.

Meanwhile, within the physical network layer, there are Nm

MEC servers poised to offer computational support to users in
close proximity. This collection of edge servers is symbolized
as M = {k|k = 1, 2, · · · , Nm}. Users have the flexibility to
offload computational tasks onto these edge servers or process
them locally, thereby easing the local computational load and
improving the QoS for users.

1) Computing Model: User devices and MEC servers need
to allocate diverse resources for various tasks to meet differen-
tiated service demands of users. Subsequently, the execution
delay T exei,j and execution energy consumption Eexei,j for the
task can be expressed as follows:

T exei,j =
Ci,j
fi,j

, (1)

Eexei,j = k0f
2
i,jCi,j . (2)

where k0 represents a constant related to energy consumption,
while fi,j represents the allocation of computational resources
to task j of user i. These resources are assigned to the
local device during local processing and to the server during
offloaded processing.

2) Communication Model: During the transmission process
of offloaded tasks, MEC servers will also reasonably allocate
communication resources for accessing users’ devices to meet
the diverse demands of offloaded tasks. The uplink trans-
mission rate of task can be expressed using the Shannon’s
theorem:

ratei,j = bi,j log2

(
1 +

g2i,kP
tr
i

bi,jN0

)
, (3)

where the DT-driven IoMT employs frequency division mul-
tiple access for transmission, with interference between tasks
being disregarded. bi,j represents the channel bandwidth allo-
cated for each task. gi,k denotes the channel gain between user
device i and MEC server k, and N0 represents Gaussian noise.
P tri signifies the transmission power of user i, neglecting trans-
mission queue delays. It is assumed that once an offloading
task acquires sufficient communication resources, it can be
transmitted with the transmission power P tri .

This paper employs a channel gain model based on Rayleigh
fading and path loss for the IoMT wireless communica-
tion environment [32]. The channel gain gi,k comprises two
components: path loss and Rayleigh fading. Path loss PL
considers the distance between users and servers as well as the
propagation environment, while Rayleigh fading hi,k describes
small-scale fading variations, modeled as hi,k ∼ CN

(
0, σ2

)
.

The Rayleigh fading model accurately characterizes channel
fading under multipath effects, enabling optimized resource
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allocation and communication strategies. The channel gain gi,k
can be expressed as:

gi,k =
hi,k

PL (di,k)
=

hi,k
PL0 + 10ηlog10 (di,k)

, (4)

where PL denotes path loss, PL0 is the path loss at reference
distance d0, di,k is the distance between user device i and
server k, and η is the path loss exponent. The signal-to-noise
ratio (SNR) γi,k is defined as:

γi,k =
P tri

(PL0 + 10ηlog10 (di,k))
2
bi,jN0

. (5)

The expected transmission rate E [ratei,j ] can then be
expressed as:

E [ratei,j ]= bi,j · E
[
log2

(
1 + γi,k|hi,j |2

)]
=
bi,j
ln 2
· e

1
γi,kσ

2 · E1

(
1

γi,kσ2

)
. (6)

Consequently, the transmission delay and energy consump-
tion of the task can be expressed as:

T tri,j =
Di,j

E [ratei,j ]
, (7)

Etri,j = P tri,jT
tr
i,j . (8)

3) Control Model: The offloading strategy for a task is
defined as si,j . When si,j = 0, it indicates that the task is
executed locally, while when si,j ∈M, the task is offloaded to
the corresponding MEC server for execution. Each user must
control and optimize the offloading strategies for all tasks to
enhance the overall QoS of the IoMT system. Therefore, the
total processing delay and energy consumption of the task can
be expressed as:

Ti,j = (si,j ∈M)T tri,j + T exei,j , (9)

Ei,j = (si,j ∈M)Etri,j + (si,j /∈M)Eexei,j . (10)

B. Twin Network Layer

The twin network layer serves as the core of the DT.
Through real-time data collection from the physical network
layer, it maps elements such as entities, functionalities, and
connection relationships to construct a virtual representation,
providing a comprehensive understanding of the actual IoMT.
Simultaneously, through simulation and analysis, the twin
network layer can offer users real-time information feedback,
helping enhance user policy-making capabilities and improve
the performance of medical services, as well as the utilization
efficiency of system resources.

The twin network layer is primarily composed of three mod-
ules: data warehouse module, service mapping module, and
twin management module. The definitions and functionalities
of each module are presented below:

1) Data Warehouse Module: The data warehouse module
DWi stores information collected at each time step during user
interactions with the environment from the physical network
layer, encompassing information about physical entity config-
urations, operational statuses, and user task details. However,
IoMT devices face significant challenges due to limited storage

and processing capabilities. For example, health data from
wearables, like heart rate and step counts, can reach tens of
megabytes per day, while storage is typically limited to a
few hundred megabytes, making long-term data storage and
processing challenging. Moreover, this health data often con-
tains highly sensitive personal information (such as medical
diagnoses and user habits), requiring secure and privacy-
preserving approaches for storage and sharing.

To address these challenges, the data warehouse module
employs a strategy of local storage, edge collaboration, and
cloud-tiered storage. Recent data is encrypted and stored
locally, medium-term data is offloaded to edge nodes, and
long-term data is securely archived in the cloud. TLS encryp-
tion, differential privacy, and access control further enhance
data security and privacy.

2) Service Mapping Module: The service mapping module
is the core of the twin network layer, serving as a crucial hub
that connects both upper-layer application services and lower-
layer physical network entities in the DT. Through in-depth
simulation and validation, it can provide reliable intelligent
services to the network application layer, ensuring the QoS
for tasks. Simultaneously, through intelligent interaction, the
service mapping module feeds critical information back to the
physical network layer, optimizing user policies.

Each user’s service mapping module can collaborate with its
data warehouse module DWi, using local or edge servers for
encrypted storage to address the limited storage and computa-
tional capabilities of IoMT devices. Intelligent agent models
utilize generative AI, conducting replay training independently
based on the data warehouse, and exposing only interaction
interfaces in a P2P manner to ensure user data privacy. Addi-
tionally, the environmental service mapping module, stored
on upper-layer servers or distributed storage, builds virtual
IoMT environments, enabling real-time, precise reflection of
the physical network layer and ensuring high system visibility.

3) Twin Management Module: The twin management mod-
ule undertakes the management functions of the twin network
layer. This module is responsible for managing the informa-
tion exchange between various twin mappings, coordinating
the computational offloading process of medical tasks, and
ensuring the collaborative operation and efficient management.

In addition, model management is also one of the functions
of the twin management module. This module can employ
effective collaborative strategies to share and integrate users’
observation information. Through information integration and
collaborative strategies, the twin management module can
effectively enhance cooperation among users, ensuring more
intelligent and efficient policy-making, thereby maximizing the
performance of medical services.

C. Network Application Layer

The network application layer serves as the user interface for
the DT, aiming to support applications in the DT-driven IoMT
and meet users’ demands for medical services. This layer
provides a user-friendly interface, enabling interaction with
applications to conveniently achieve goals such as network
optimization, policy improvement, and efficient computa-
tional offloading. Additionally, by inputting user requirements
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through the northbound interface of the twin network layer and
instantiating twin mappings in the service mapping module
to simulate behavior, the network application layer assists
users in gaining a deeper understanding of the operational
mechanisms and conducting various simulation experiments.

IV. PROBLEM STATEMENT

In this section, a joint optimization problem is formulated
based on the system model to achieve the collaborative man-
agement of communication, computation, and control, aiming
to jointly minimize the delay and energy consumption of med-
ical tasks. Subsequently, a Decentralized Partially Observable
Markov Decision Process (Dec-POMDP) model is constructed
to mathematically formalize RL. This model will serve as
the foundation for the DRL algorithm in the next section,
aiming to achieve intelligent solutions to the optimization
problem.

A. Problem Formulation

Based on the system model, a multi-objective function opti-
mization problem P is formulated to minimize the processing
delay and energy consumption of all tasks among all users.
The goal of the optimization problem is to maximize the QoS
for medical tasks as much as possible. The specific definition
is as follows:

P :

{
minT all (s, f ,b) =

∑
i∈U Ti

minEall (s, f ,b) =
∑
i∈U Ei

s.t.



C1 : s ∈ {0} ∪M,∀s ∈ s

C2 :
∑nti
j′=1 fj′ ≤ Fi,∀i ∈ U

C3 :
∑ntk
j′=1 fj′ ≤ Fk,∀k ∈M

C4 :
∑ntk
j′=1 bj′ ≤ Bk,∀k ∈M

C5 :
∑T
t=1

∑Nti
j Et,i,j ≤ Capi,∀i ∈ U

C6 : Ti,j ≤ Tmax,∀i ∈ U ,∀j ∈ T i

(11)

where s, f , and b correspond to the offloading strategy, com-
putational resource allocation, and communication resource
allocation for all tasks across all users. Moreover, the system’s
overall delay T all and energy consumption Eall are obtained
by summing each user’s individual delay Ti and energy con-
sumption Ei. The individual delay Ti and energy consumption
Ei are closely related to each task’s priority Pi,j and its
corresponding delay Ti,j and energy consumption Ei,j , as
represented by the following equation:

Ti =
∑
j∈Ti

(
c · eα(Pi,j−µ) ·

(
1− γtTi,j

))
, (12)

Ei =
∑
j∈Ti

(
c · eα(Pi,j−µ) · (1− γeEi,j)

)
, (13)

where c is a constant that adjusts the scale of the overall
task reward, α is the coefficient that defines the relation-
ship between priority and reward, and µ is the baseline
priority. γt and γe are the delay and energy consump-
tion decay coefficients, respectively. These equations ensure
that tasks with higher priority have higher values upon
completion.

For the constraint conditions, C1 requires that the offloading
strategies for all tasks fall within the set {0} ∪M, indicating
that tasks are either processed locally by user devices or
offloaded to servers for processing. C2, C3, and C4 correspond
to resource allocation, ensuring that allocated resources do not
exceed the total system resource limits. Here, Fi and Fk denote
the total computing resources of user i’s device and server
k, respectively, while Bk represents the total communication
bandwidth resources available at server k. Additionally, nti and
ntk correspond to the total number of tasks processed locally
by user i’s device and offloaded to server k, respectively. C5

requires that the energy consumption of all processed tasks
from t = 1 to t = T should be lower than the device’s
energy capacity Capi, ensuring that devices can complete
tasks without running out of energy. C6 requires that the
processing delay for all tasks should be less than the maximum
tolerated delay Tmax, ensuring tasks are completed on time
and meet delay requirements.

B. Dec-POMDP Model

By analyzing the system model, the DT-driven IoMT
exhibits a complex multi-agent scenario. In this scenario, each
user can only observe limited states while needing to com-
pete or collaborate with other users under limited resources.
To facilitate efficient intelligent policy-making among mul-
tiple agents and effectively address the joint optimization
problem P, this paper treats user-end devices capable of
intelligent decision-making, such as hubs, smart wristbands,
and other devices, as agents. These devices are not only
capable of receiving users’ physiological data and generating
medical tasks but also possess computing caching abilities and
intelligent functions, such as controlling task offloading and
processing.

In the following sections of the paper, we will refer to IoMT
users as agents in simpler terms and construct a Dec-POMDP
model to model the system. This model can be represented
by a tuple

(
S, {Ai}N

u

i ,P,R, {Ωi}N
u

i ,O, γ
)

, with specific
explanations as follows:
• S represents the state space of the entire multi-agent

system, encompassing the states of all intelligent agents
and the IoMT environment. The system transitions to a
terminal state sT if any agent’s device depletes its energy
or lacks sufficient energy to process tasks.

• Ai represents the action space of agent i, which includes
the offloading strategy si for all tasks, as well as the
allocated computational resource fi and communication
resource bi. This can be expressed as Ai = si × fi ×bi.

• P defines the state transition probability, P (s′|s, a),
representing the likelihood of transitioning from state s
to s′ after performing action a.

• R : S × A → R represents the reward function. The
agent receives a reward r when performing action a in
state s. According to problem P, the reward function is
defined as: ri =

∑Nti
j=1 (costmax − costi,j), where costi,j

is defined as the task cost and costmax = max costi,j . To
jointly optimize delay and energy consumption, the cost
function is defined as costi,j = αTi,jTi,j+αEi,jEi,j , where
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Fig. 2. Algorithm Model. Figure 2(a) shows the MPMTQ network, which addresses the parameterized action space of multiple tasks in agents through
multiple MPTQ networks. Figure 2(b) shows the MPMT-DQN network, which utilizes the Actor-Critic architecture to achieve both offloading strategies and
resource allocations of multiple tasks for agents. Figure 2(c) illustrates the SAE-QMIX network, which primarily facilitates multi-agent policy coordination.
This network comprises three key components: the agent network, the self-attention mechanism module, and the Mixing network.

Ti,j and Ei,j are normalized, and αTi,j and αEi,j are the
weights for delay and energy, respectively.

• Ωi represents the limited observation space of agent i,
which can be expressed as:

Ωi =
(
{Di,j}N

t
i

j=1 , {Ci,j}
Nti
j=1 , {Pi,j}

Nti
j=1

)
×
(
P tri , Capi, Fi

)
×
(
{Bk}N

m

k=1 , {Fk}
Nm

k=1

)
(14)

• O represents the observation probability, where the agent
obtains observation o with the probability P (o|s′, a)
given the state s′ and action a.

• γ represents the discount factor.

V. OPTIMIZATION ALGORITHM

In this section, the SAE-MT-QMIX algorithm is designed
and comprehensively introduced for efficient computing
offloading in DT-driven IoMT. Leveraging data support from
the DT, SAE-MT-QMIX enables users to act as independent
agents, aiming to resolve critical issues within the Dec-
POMDP model. These challenges include the complexity of
parameterized action spaces, decision-making under limited
observations, and the cooperation and competition among
multiple agents. By facilitating collaborative decision-making
across communication, computation, and control in multi-
user scenarios, the algorithm will significantly enhance the
efficiency and reliability of IoMT systems, delivering real-
time, high-quality medical services to users.
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The framework of the algorithm is illustrated in
Figure 2, which comprises three key components. First, Sub-
figure (a) showcases the task network architecture, focusing
on addressing parameterized action space issues in multi-task
scenarios while optimizing the challenges of high time and
space complexity. Second, Subfigure (b) depicts the overall
architecture of the agents, emphasizing deep collaboration
among communication, computation, and control to enhance
resource utilization and system adaptability. Finally, Subfigure
(c) presents the IoMT architecture, which aims to coordinate
control cooperation and competition among multiple agents
enabling efficient task offloading and resource allocating.

A. MPMT-DQN: Handling Parameterized Action Spaces

Based on the system and Dec-POMDP models, the col-
laborative optimization of communication, computation, and
control corresponds to the agent’s allocation of communication
resources b, computation resources f , and offloading strate-
gies s. Since the action space of the agents simultaneously
encompasses discrete and continuous actions with potential
interdependencies, this paper first proposes an efficient col-
laborative optimization network, MPMT-DQN, designed to
efficiently handle the computing offloading problem within
parameterized action spaces.

Figure 2(b) provides a detailed introduction to the network
structure of the MPMT-DQN, which consists of an Actor
network and a Multi-Pass Multi-Task Q-Network (MPMTQ).
For the Actor network, at each time step t, agent i inputs its
current observation ot,i into the network. Subsequently, the
Actor network outputs the computing resource allocation ft,i
and communication resource allocation bt,i for all tasks of the
agent. Therefore, the Actor network can be described as the
deterministic policy act,i = µi

(
ot,i; θ

µ
t,i

)
, where θµt,i represents

the Actor network parameters of agent i. For the MPMTQ
network, it takes the agent’s observation ot,i and continuous
action act,i = (ft,i,bt,i) as inputs to obtain the agent’s Q-value.

This network can be represented as Qi
(
ot,i, a

c
t,i; θ

Q
t,i

)
, where

θQt,i represents the MPMTQ network parameters of agent i.
The next subsection will provide a detailed description of the
structure and functionality of the MPMTQ network.

For MPMT-DQN, considering the advantages of attention
mechanisms in selective focus, enhancing the utilization of
key features, and dynamically adjusting weights, this paper
integrates Transformer-inspired Encoder structures into both
the Actor network and the MPMTQ network, as illustrated in
the Figure 3.

Specifically, the Actor network consists of two Encoder
modules and one output module. The first Encoder layer
captures the relationships between observation ot,i and incor-
porates a GRU layer to further enhance the ability to process
and remember historical observations. This design enables
efficient handling of uncertainties and dynamics in IoMT
environments, ensuring robust information flow despite limited
agent observations. The second Encoder layer focuses on
integrating historical observations with the current observation,
and the output module generates the communication and
computation coordination strategy (ft,i,bt,i).

Fig. 3. Agent network model.

The MPMTQ network features a similar structure but with
more layers, including three Encoder modules and one output
module. The first and third Encoder layers are designed
similarly to those in the Actor network. The second Encoder
layer processes the joint information of observation ot,i and
continuous action act,i, leveraging a GRU layer to manage
sequential data of historical observations and actions. The third
Encoder and output module then generate each agent’s Q-value
Qi, enabling precise control strategies.

This multi-level Encoder-based architecture enhances the
ability to process and retain historical information, provid-
ing efficient and accurate decision support in uncertain and
dynamic IoMT environments. The agents’ Q-values Qi are
ultimately integrated into a global Q-value Q via the upper-
level mixing network detailed in Section V-C, supporting
overall system optimization.

B. MPMTQ: Tackling Multi-Task Challenges

The MPMTQ network decomposes the agent’s Q-values
into N t

i Task Q-values to address the parameterized action
space of computing offloading with multiple tasks. As shown
in Figure 2(a), MPMTQ consists of N t

i Multi-Pass Task
Q-Networks (MPTQ), with each MPTQ network dedicated to
learning the Task Q-value for its corresponding task. Unlike
the structure involving multiple Multi-Pass Q-Networks,
MPTQ network takes as input not only the observation
ot,i,j and continuous action act,i,j = (ft,i,j , bt,i,j) corre-
sponding to task j, but also includes information xt,i,j− ={(
ot,i,j′ , a

c
t,i,j′

)
|j′ ∈ Ti, j′ 6= j

}
from all other tasks and

additional observation oothert,i of the agent i to ensure potential
correlations among tasks.
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MPMTQ network also utilizes the multi-pass approach,
but MPTQ network only needs to process the information
xt,i,j =

(
ot,i,j , a

c
t,i,j

)
of the corresponding task based on the

offloading strategy st,i,j , without considering information of
other tasks. In other words, the MPTQ network treats xt,i,j−
and oothert,i as part of the observation of the corresponding
task. The corrected task observation ôt,i,j can be expressed as
ôt,i,j =

(
ot,i,j , xt,i,j− , o

other
t,i

)
. Therefore, the input of MPTQ

can be represented as follows:

x̂t,i,j =

 x̂
0
t,i,j
...

x̂N
m

t,i,j

 =


(
ô0t,i,j , a

c,0
t,i,j

)
...(

ôN
m

t,i,j , a
c,Nm

t,i,j

)
 , (15)

where ôst,i,jt,i,j =
(
o
st,i,j
t,i,j , xt,i,j− , o

other
t,i

)
.

Each MPTQ network of agent i outputs a matrix Qj
t,i =[

q0
t,i, · · · ,qN

m

t,i

]>
of m × n dimensions, where each Task

Q-value qiQ,jQ is an element of Qj
t,i, with iQ ∈ {1 · · ·m}

and jQ ∈ {1 · · ·n}. In Qj
t,i, the number of rows m corre-

sponds to the number of passes, i.e., the number of available
offloading strategies Nm + 1 for tasks, and the number of
columns n corresponds to the tasks number N i

t of the agent
i. Each row vector q

st,i,j
t,i represents the Task Q-values of all

tasks under the corresponding offloading strategy st,i,j , where
qiQ,(iQ−1)odn+1 corresponds to the Task Q-value of task j.
Therefore, the output of MPTQ can be represented as follows:

Qj
t,i =


q0t,i,j q0t,i,0 · · · q0

t,i,Nit
q1
t,i,Nit

q1t,i,j · · · q1t,i,Nit−1
...

...
. . .

...

 . (16)

Further, the MPTQ network selects the offloading strategy
st,i,j corresponding to the maximum agent’s Q-value aggre-
gated by Task Q-values as the optimal offloading strategy,
rather than st,i,j corresponding to the maximum Task Q-value
of the task j. The optimal offloading strategy s∗t,i,j can be
represented as follows:

s∗t,i,j = argmax
st,i,j

Q
st,i,j
t,i = argmax

st,i,j

∑
j′∈Ti

Pi,j′q
st,i,j
t,i,j′ , (17)

where Qst,i,jt,i represents the aggregated Q-value of the agent
under the offloading strategy st,i,j .

Finally, by aggregating the optimal Task Q-value q
s∗t,i,j
t,i,j of

each task under the optimal offloading strategy s∗t,i,j from
all MPTQ networks, the Q-value Qt,i of the agent i can be
obtained as follows:

Qt,i =
∑

j∈Ti
Pi,jq

s∗t,i,j
t,i,j = Qi

(
ot,i, a

c
t,i; θ

Q
t,i

)
. (18)

In summary, the objective of the MPMTQ network for
the agent i is to evaluate Qt,i. According to Equation (18),
the agent’s Q-value is aggregated from the optimal Task
Q-value q

s∗t,i,j
t,i,j output by each MPTQ network that constitutes

the MPMTQ network. The MPMTQ network can be trained
by minimizing the squared difference between q

s∗t,i,j
t,i,j and the

target Task Q-value for all MPTQ networks.

Therefore, the loss function L
(
θQt,i,j

)
of the MPTQ net-

work corresponding to task j for agent i can be represented by
the Equation (19), as shown at the bottom of the next page.
Here, θQt,i,j represents the MPTQ network parameters, and

Qji,j

(
ôt,i,j , st,i,j , a

c
t,i,j ; θ

Q
t,i,j

)
represents the Task Q-value

of task j output by the MPTQ network under corrected
task observation ôt,i,j and task action

(
st,i,j , a

c
t,i,j

)
. Mean-

while, the target Task Q-value yt,i,j can be represented by
Equation (20), as shown at the bottom of the next page, which
is obtained through the Temporal Difference algorithm (TD).

Then, the goal of the Actor network is to maximize the
Q-value Qt,i of the agent as much as possible. Similarly,
training the Actor network can be achieved by maximizing
all aggregated agent’s Q-values

{
Q
st,i,j
t,i |j ∈ Ti

}
under all

possible offloading strategies {st,i,j |st,i,j = 0, · · ·Nm} using
the Task Q-values

{
Qj
′

i,j (·) |j′ ∈ Ti
}

output from all MPTQ
networks. The loss function of the Actor network can be
represented as shown in Equation (21), as shown at the bottom
of the next page.

C. SAE-QMIX: Achieving Multi-Agent Cooperative Learning

To tackle the challenge of multi-user collaborative con-
trol, this paper introduces the Self-Attention-Enhanced QMIX
(SAE-QMIX) algorithm, which utilizes a QMIX-based Mixing
network for the nonlinear aggregation of agent Q-values. The
Mixing network effectively models dynamic user interactions,
ensuring global Q-value optimization while enhancing collab-
orative decision-making across communication, computation,
and control tasks.

Furthermore, the SAE-QMIX introduces the self-attention
mechanism between the mixing network and agent networks,
enabling dynamic adjustment of the weights of individual local
values to obtain the global value, providing a more accurate
representation of interactions among agents. As shown in
Figure 2(c), the agent Q-values {Qt,i|i ∈ U} obtained through
MPMT-DRQN, along with the corrected agent observations
{ôt,i|i ∈ U}, which exclude user privacy information, will first
be input into the self-attention network to compute the weights
of each agent’s Q-value. The weight matrix Â for the agent’s
Q-values v = [Qt,1, · · · , Qt,Nu ]

> is represented as follows:

Â = softmax (A) = softmax

(
k>q√
dk

)
, (22)

where q = Wq[(ôt,1, Qt,1) , · · · , (ôt,Nu , Qt,Nu)]
> represents

the query vector, k = Wk[(ôt,1, Qt,1) , · · · , (ôt,Nu , Qt,Nu)]
>

represents the key vector, and
√
dk denotes the scaling factor.

In addition, Wq and Wk correspond to the weight matrices
of the networks mapping q and k respectively.

Then, the weighted agent Q-values is represented as follows:

Q̂ =
[
Q̂t,1, · · · , Q̂t,Nu

]>
= Âv. (23)

The weighted Q-values Q̂ of all agents will further input
into the mixing network. At the same time, the weights
W = [W1,W2] and biases b = [b1,b2] of the network are
generated from weight and bias networks, where the limited
global state ŝt serves as the input. It’s worth noting that ŝt
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is unrelated to user privacy. The representation of the global
Q-value Qtott is as follows:

Qtott = W>
2 ReLu

(
W>

1 Q̂ + b1

)
+ b2, (24)

where ReLu (·) is the activation function.
Typically, the value decomposition algorithm needs to sat-

isfy the Individual Global Max (IGM) condition to ensure the
consistency between maximizing local values for all agents
and the global value. To satisfy the IGM condition, it is
necessary to ensure that the derivative of the global value with
respect to the Q-values of all agents is greater than zero, as
shown below:

∂Qtott
∂Qt,i

=
∂Qtott

∂Q̂t,i

∂Q̂t,i
∂Qt,i

> 0, ∀i ∈ U , (25)

where the mixing network ensures that the derivative of Qtott
with respect to all input Q̂t,i is greater than zero. Simultane-
ously, the softmax function within the self-attention network
guarantees that all weights α̂ ∈ Â are positive, ensuring that
the derivative of Q̂t,i with respect to Qt,i is also greater than
zero. Therefore, it can be demonstrated that the SAE-QMIX
algorithm satisfies the IGM condition.

Finally, similar to updating agent networks, loss func-
tion L

(
θQt

)
to train the mixing network, the self-attention

network, and all agent’s MPMTQ networks, as well as
loss function L

(
θµt,i
)

for training agent’s Actor network to
maximize the global Q-value Qtott , can be represented as
Equation (26) and Equation (27) respectively:

L
(
θQt

)
= E

[(
yt −Qtot

(
ot,at, ŝt; θ

Q
t ,
{
θµ
′

t,i|i ∈ U
}))]

,

(26)

L
(
θµt,i
)

= −E
[
Qtot

(
ot,at, ŝt; θ

Q′

t ,
{
θµt,i|i ∈ U

})]
. (27)

where θQt denotes the parameters of the networks in
Equation (26). And the target global Q-value yt can be shown
as follows:

yt = rt + γmax
at+1

Qtot
(
ot+1,at+1, ŝt+1; θQ

′

t ,
{
θµ
′

t,i|i ∈ U
})

.

(28)
To sum up, with DT-driven IoMT, the proposed SAE-

MT-QMIX algorithm conducts model training from both
the agents’ and the system’s perspectives. As shown in
Algorithm 1, this approach can not only meet the demands
of personalized medical services but also enhance the overall
performance of IoMT system.

TABLE II
SYSTEM PARAMETERS

Fig. 4. The convergence curve of MPMT-DQN algorithm.

Fig. 5. The convergence curve of SAE-QMIX algorithm.

VI. PERFORMANCE EVALUATION

In this section, this paper simulates the proposed algorithm
and analyzes the simulation results. The DT-driven IoMT sim-
ulation environment is constructed based on Python 3.9, with
the DRL model implemented using the PyTorch framework.
The primary evaluation focuses on comparing the performance
of the proposed algorithm with baseline algorithms in terms
of delay and energy consumption of medical tasks. Key
parameters are shown in TABLE II.

A. Convergence Analysis

First, the convergence analysis of the MPMT-DQN algo-
rithm and SAE-QMIX algorithm is carried out, and their
convergence curves are shown in Figure 4 and Figure 5
respectively. With the increase of the number of training

L
(
θQt,i,j

)
= E

[(
yt,i,j −Qji,j

(
ôt,i,j , st,i,j , a

c
t,i,j ; θ

Q
t,i,j

))2]
, (19)

yt,i,j = rt,i,j + γQji,j

(
ôt+1,i,j , s

∗
t+1,i,j , µi

(
ot+1,i; θ

µ′

t,i

)
[(2j − 1) : 2j] ; θQ

′

t,i,j

)
, (20)

L
(
θµt,i
)

= −E
[∑Nti

j=1

∑Nm

st,i,j=0

∑Nti

j′=1
Pi,j′Q

j′

i,j

(
ôt,i,j , st,i,j , µi

(
ot+1,i; θ

µ
t,i

)
[(2j − 1) : 2j] ; θQ

′

t,i,j

)]
. (21)
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Algorithm 1 SAE-MT-QMIX
Ensure:

Initialize DT-driven IoMT.
Initialize all experience replay buffers {Bi|i ∈ U} for all
agents and global replay buffer B.
Initialize the network parameters θ and θ′ for all online
networks and target networks respectively.

Require:
The policy πi for each agent i ∈ U .

1: for episode = 1 to M do
2: Reset DT-driven IoMT.
3: Obtain observation o0,i for each agent and the limited

global state ŝ0.
4: for t = 1 to T do
5: Each agent selects an action at,i based on its current

policy πt,i with noise N0 according to MPMT-
DQN.

6: Obtain the global reward rt and limited global state
ŝt+1, as well as the corresponding reward rt,i and
observation ot+1,i for each agent.

7: Store the transition (ŝt, at, rt, ŝt+1) to B, and tran-
sition (ot,i, at,i, rt,i, ot+1,i) of each agent i ∈ U to
corresponding Bi.

8: for each agent i ∈ U do
9: Sample a random min-batch of NB transitions{

(ot′,i, at′,i, rt′,i, ot′+1,i)l
}NB
l=1

from Bi.
10: Update network parameters θµi of online Actor

network by minimizing Eq. (21), and network
parameters θQi,j of each online MPTQ network
j ∈ Ti by minimizing Eq. (19).

11: Soft update the target Actor network and all
target MPTQ networks.

12: end for
13: Sample a min-batch of NB transition sequences{(

[(ot′,i, at′,i, rt′,i, ot′+1,i)]
T
t′=1

)
l

}NB
l=1

from B.

14: Update network parameters θµi of each online Actors
network i ∈ U by minimizing Eq. (27), and net-
work parameters θQ of the mixing network, the
self-attention network, and all agent’s MPMTQ net-
works by minimizing Eq. (26).

15: Soft update the target mixing network, the target
self-attention network and all target agent networks.

16: end for
17: end for

iterations, the rewards of the MPMT-DQN algorithm and
the SAE-QMIX algorithm gradually increase and tend to be
stable. The MPMT-DQN algorithm converges after about 1500
iterations, and the SAE-QMIX converges after about 2000
iterations.

B. MPMT-DQN Algorithm Analysis

Following, a detailed analysis of the performance of the
MPMT-DQN algorithm will be conducted. This part will focus
on the performance of the agent algorithm, with a fixed
number of agent users set to 8, and Value-Decomposition

TABLE III
FLOPS AND PARAMETERS OF AGENT MODEL

Networks (VDN) employed as the agent value aggregation
algorithm. The MPMT-DQN algorithm will be compared with
the following algorithms to evaluate performance in terms of
delay and energy consumption:
• PA-DDPG [33]: Derived from the DDPG algorithm, the

PA-DDPG algorithm addresses the challenge of parame-
terized action spaces by transforming discrete actions into
a continuous space.

• MT-PDQN [34]: Multiple parallel PDQN algorithms
independently train all task policies of each agent, and
then merge the task values into the agent’s value.

• MT-MP-DQN [35]: Similar to MT-PDQN, but solves the
problem of parameterized action spaces for multi-task
agents using multiple parallel MP-DQN algorithms.

First, the time and space complexity of the proposed algo-
rithms are analyzed. The PDQN and MP-DQN algorithms
require considering all task-server combinations, with out-
put dimensions of (N t

i )
(Nm+1) and (N t

i )
2(Nm+1), resulting

both in time and space complexities of O
(

(N t
i )

(Nm+1)
)

and O
(

(N t
i )

2(Nm+1)
)

, respectively. These complexities grow
exponentially with the number of tasks and servers. Conse-
quently, this paper does not consider parameterizing all task
offloading decisions simultaneously.

If tasks are parameterized independently (i.e., MT-PDQN
and MT-MP-DQN algorithms), the time and space complexi-
ties become O (N t

i · (Nm + 1)) and O
(

(N t
i · (Nm + 1))

2
)

,
respectively. While this reduces the overall complexity, the
potential relationships between tasks are not fully captured,
which may impact performance. In contrast, the PA-DDPG
algorithm directly handles offloading strategies for all tasks,
with time and space complexities of O (3 ·N t

i ), which results
in a smaller computational cost, but it struggles to converge
and achieve optimal solutions.

The proposed MPMT-DQN algorithm strikes a balance
between time and space complexities while fully considering
task interdependencies, improving multi-tasks collaborative
control efficiency and achieving better performance. For the
algorithms proposed above, under the conditions of one batch,
one time step, four multi-head attention mechanisms, and
a fixed setup of 10 tasks and 4 edge servers, the FLOPs
and model parameters for each module and the overall agent
network model are shown in the Table III.
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Fig. 6. Average delay for different numbers of tasks.

Fig. 7. Average energy consumption for different numbers of tasks.

Fig. 8. Average delay for different numbers of servers.

By analyzing the delay and energy consumption under vary-
ing numbers of medical tasks with a fixed server quantity of 4,
it is evident from Figures 6 and 7 that the proposed algorithm
demonstrates certain advantages over other algorithms. The
performances of MT-PDQN and MT-MP-DQN algorithms are
lower due to a lack of analysis of the potential relationships
between tasks. Although PA-DDPG algorithm has certain
advantages in performance compared to the former two, as
the number of tasks increases, the complexity of the model
also increases, leading to higher noise levels and a decrease
in training effectiveness. The proposed MPMT-DQN algorithm
effectively addresses the issue of parameterized action spaces
and avoids overlooking the interactions between tasks.

Furthermore, examining the scenario where the number of
tasks is fixed at 8, the delay and energy consumption is
analyzed across varying numbers of servers. As depicted in
Figures 8 and 9, with an increase in the number of servers,
more communication and computing resources become avail-
able for executing medical tasks, resulting in a gradual
reduction in delay and energy consumption. Notably, the

Fig. 9. Average energy consumption for different numbers of servers.

Fig. 10. Average delay for different numbers of clients.

MPMT-DQN algorithm demonstrates a significant advantage
in both delay and energy consumption compared to others.

C. SAE-QMIX Algorithm Analysis
Following, an analysis of the performance of the multi-

agent algorithm SAE-QMIX will be conducted. This part will
primarily focus on the performance of multiple agents in terms
of competition and cooperation. Therefore, the number of user
tasks will be fixed at 8, and MPMP-DRQN will be employed to
implement the agent network. The algorithms for comparative
analysis include:
• MA-PA-DDPG [36]: MA-PA-DDPG aims to address

cooperation issues among multiple agents. It learns the
policy of each agent using PA-DDPG to maximize global
performance.

• VDN [37]: VDN is a multi-agent learning approach based
on Q-value decomposition. It decomposes the Q-value of
each agent into local value functions, then merges these
values to generate a global value function.

• QMIX [38]: QMIX algorithm is a multi-agent learn-
ing algorithm suitable for parameterized action spaces.
It employs a mixing networks to model relationships
between agents and optimizes global Q-values.

Firstly, to analyze the impact of different MADRL
algorithms on delay and energy consumption as the num-
ber of users increases (with 4 servers fixed). Figures 10
and 11 respectively illustrate the trends of delay and energy
consumption as the number of users increases. The limited
computational resources provided by MEC servers gradually
become insufficient to meet the demands of medical task
offloading, leading to a gradual decline in task executing
performance. Specifically, MA-PA-DDPG experiences perfor-
mance degradation due to handling all agent states and actions
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Fig. 11. Average energy consumption for different numbers of clients.

Fig. 12. Average delay for different numbers of servers.

Fig. 13. Average energy consumption for different numbers of servers.

uniformly, a trend that becomes more pronounced as the
number of agents increases. In contrast, the VDN algorithm
merely combines local value functions into a global one,
failing to fully leverage agent cooperation. While the QMIX
algorithm shows some capacity for handling complex agent
cooperation, its effectiveness can be improved by incorpo-
rating self-attention mechanisms to enhance its perception
of the global state, improving its ability to manage agent
relationships.

Next, with the number of users fixed, Figures 12 and 13
depict the trends of processing delay and energy consumption.
As the number of MEC servers increases, more medical tasks
are likely to be offloaded to MEC servers for processing,
relieving local computational loads and providing additional
computing resources to reduce resource competition among
offloaded medical tasks. The proposed SAE-QMIX algorithm
demonstrates certain advantages in both delay and energy
consumption compared to other algorithms.

VII. CONCLUSION AND FUTURE WORKS

In this paper, the proposed MPMT-DQN and SAE-QMIX
algorithms effectively address the multi-user communication,

computation, and control collaborative decision-making prob-
lem in DT-driven IoMT, reducing the delay and energy
consumption for providing medical services to all users. At
the same time, these algorithms successfully tackle challenges
such as parameterized action spaces and limited observations
in multi-agent scenarios, achieving a balance between compe-
tition and cooperation in multi-agent control decision-making.

Future work will focus on deploying and testing the
algorithms in real hardware environments to verify their per-
formance in practical scenarios. Although existing multi-agent
algorithms support data security by preventing the sharing of
local experience pools, the upper-layer mixed network analysis
still requires comprehensive evaluation of the agents’ current
states and rewards. A key challenge will be designing effective
decision-making mechanisms for the upper-layer server while
ensuring privacy protection. Furthermore, while Digital Twin
technology currently exists primarily at the architectural level,
providing a platform for collaborative control and informa-
tion exchange training for agents, future work can enhance
interaction mapping through generative AI. This will enable
better fitting and feedback for each agent, further ensuring the
security of user data in upper-layer interactions.
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