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Abstract: Edge computing is a computing paradigm that provides fast and efficient computing services to mobile devices by
bringing resources closer to the edge of the network. However, current edge servers lack the computational power to handle the
large volume of tasks generated by connected devices. Moreover, some mobile devices may not fully utilize their computational
resources. In order to maximize the use of resources, a more sustainable and energy efficient computing paradigm was developed.
Minimize the use of Mobile Edge Computing (MEC) servers for applications that run in random environments with unpredictable
workloads. And utilizing available resource-constrained edge devices to keep resource-rich servers idle to handle any
unpredictable larger workloads. Our focus is on optimizing device computation offloading to minimize the maximum task
processing delay in the system. This problem has been proven to be NP-hard. To address this problem, we propose an efficient
offloading algorithm based on deep Q-network (DQNEO). The algorithm effectively utilizes computational resources in the
system and makes intelligent scheduling decisions based on system state information using deep reinforcement learning.
Experimental results show that the DQNEO algorithm can reduce the system processing delay by converging to the optimal
solution.

Keywords: Edge Computing, Deep Reinforcement Learning, Resource Adaptation, Task Scheduling.

1. Introducti dynamic environment of edge computing networks, most
. ntroaucton researchers' work primarily focuses on two methods:
With the development of digital cities and network traditional methods and intelligent methods. Traditional

technologies, central traffic congestion and explosive growth methods emphasize adjusting and extending task scheduling
in end-user devices have led to issues such as computational strategies in the network, such as First-Come-First-Served,
resource scarcity and uneven distribution. In MEC networks, Earliest Job First, Shortest Job First, Round Robin, and
large amounts of computational resources and storage are Greedy algorithms. The main limitation of traditional
distributed at the network edge. The MEC architecture methods is that they can only support the optimization of a
utilizes available edge nodes and wireless network limited number of parameters. This makes them unsuitable
transmission to provide fast data processing services to for fiynamically changing scengrios, such as edge ?OH}PUting
surrounding end-users, especially for latency-sensitive and environments that require simultaneous _optimization of
computation-intensive tasks. End-users can offload tasks to multlpl.e parameters, such as task transmission delay and
MEC servers within the region to reduce their own overhead transmission cost. . . .
[1]. In the edge node network, edge server nodes can provide Qn 'the cher ’hand, traditional 1ptelllgent methods leverage
virtualized computing, storage, and network resources to art1ﬁ01al intelligence technologies, such as fUZZ}’ logic,
users. Once users request task offloading for computation, the Particle Swarm Optimization, and Genetic Algorithm, to
edge network nodes allocate computing resources on-demand. design more reliable scheduling methods while optimizing
Compared to IoT edge computing, MEC servers in edge multiple parameters. However, similar to traditional methods,
networks are typically equipped with limited computational intelligent scheduling methods operate offline by attempting
and storage resources. When the resource requests of terminal 0 optimize a series of parameters upon receiving a specific
tasks are unevenly distributed, uneven utilization of server task. This leads to long execution times, making them
resources within the network can occur. A significant inefficient for delay-sensitive tasks, such as IoT and big data
challenge is how to coordinate the limited resources of ana}lysis tasks. As a result, methods based on Deep
different edge nodes in the network to achieve high resource Relnforcemer}t LearnlnghaYe been proposed to address the
utilization. Some work on offloading computational tasks to task scheduling problem in edge node networks. These
edge servers has already been done. algorithms do not require any prior knowledge and can
To address the issue of limited computational resources in provide optimal scheduling solutions by learning from
edge server nodes, although some researchers have proposed historical experiences and analyzing the current state
different solutions to the task scheduling problem, most of information of each network node, thus improving the
these optimizations still focus on a single objective. These shortcomings of traditional algorithms that are not suitable for
studies rely on simple trade-off functions between objectives, rapidly changing scenarios. To achieve this goal, we have
which do not ensure effective trade-off solutions that meet all developed an optirpized alggrithm based on Deep Q-
user goals. Therefore, a multi-objective joint optimization Network(DQN), which takes into account various factors
problem has been proposed. Considering the complex and such as task characteristics, device capabilities, and network
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conditions. It also considers the current workload and
resource constraints of edge servers and devices to determine
whether to offload tasks or execute them locally.

The main contributions of this paper are summarized as
follows:

The computational offload optimization problem is
modeled by considering the computational power of the
mobile device, the available computational resources on the
edge server, and the network conditions. We then prove that
the problem is NP-hard.

Efficient DQN-based offloading algorithm (DQNEO) is
proposed to solve the computational offloading optimization
problem. DQNEO first modifies the operations based on the
available computational resources on the edge servers.
Subsequently, it assigns appropriate values to the scheduling
solution considering the computational resources of the
mobile device.

2. Related Work

Computational offloading is a significant research problem
in edge computing, and many researchers focus on
developing and implementing efficient task scheduling
algorithms for resource allocation, each designed to meet the
service quality requirements of tasks in the system.
Additionally, these algorithms aim to optimize other aspects
of the system, such as response time, energy consumption,
utilization, and rental costs. For example, in Infrastructure-as-
a-Service [2], users obtain services by renting computational
resources such as servers, storage, and cloud networks, which
provides strong advantages in flexibility, scalability, and cost.
Based on this, some scholars have proposed a series of
scheduling algorithms, such as workflow-based dynamic
scheduling algorithms [3-6], adaptive particle swarm
optimization algorithms [7], and the Kuhn-Munkres
algorithm [8]. Yuan et al. proposed an improved differential
evolution algorithm that optimizes the distribution of tasks
across different virtual machine instances by encoding,
mutation, crossover, and selection operations [9]. Ben et al.
proposed a spatial task scheduling and resource optimization
method that is solved using the simulated annealing-based bat
algorithm, providing near-optimal real-time solutions [10].
Another widely adopted metaheuristic approach is the particle
swarm optimization algorithm [11], with literature proposing
a series of improvements and optimizations to PSO to
enhance its convergence speed [12, 13]. However, these
algorithms still have some limitations. On the one hand, the
scheduling efficiency under resource constraints is not
guaranteed in the aforementioned scheduling algorithms. On
the other hand, heuristic-based methods do not account for the
dynamicity and diversity of task transmission, and they also
face difficulties in accurately modeling complex, time-
varying edge node networks.

Inspired by the advantages of machine learning in handling
large state spaces [14] and action spaces [15], deep
reinforcement learning-based methods have gradually been
applied to the task scheduling problem in MEC systems.
Without any prior knowledge, deep reinforcement learning
algorithms can provide optimal scheduling solutions by
learning from historical experiences and analyzing the current
state information of each network node, thus addressing the
shortcomings of traditional algorithms that are unsuitable for
rapidly changing scenarios. Reinforcement learning (RL) is a
data-driven, model-free algorithm that has been widely
applied in task scheduling systems [16]. Its fundamental idea
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is to adjust the policy by maximizing the reward received
from the changes in the environment state to achieve the
desired goal. Due to its own limitations, it does not handle
high-dimensional and continuous problems well. Deep
learning (DL) methods, on the other hand, excel at
discovering features in input data and are adept at
summarizing perceptual and feature expressions of inputs.
Therefore, combining deep reinforcement learning with deep
learning can complement each other. Currently, deep
reinforcement learning has been successfully applied to task
scheduling systems in edge scenarios to solve computational
resource allocation problems. For example, Sinde et al., based
on using ant colony optimization to search resources,
introduced deep reinforcement learning to divide resources
into state space and action space, reducing spatial complexity,
shortening waiting time, and improving idle resource
utilization [17]. Literature considers the complexity of
parallel computing environments and the curse of
dimensionality and designs a multi-task deep reinforcement
learning method for scalable parallel task scheduling, which
extends the action selection to multi-task decisions, with
resource competition between parallel tasks shared through
neural network layers [18]. Experimental results show that
MDTS significantly improves reward values compared to
earliest connection methods and particle swarm optimization
algorithms.

Zeng et al. used a scheduling strategy based on the DQN
algorithm to improve computational performance and
resource allocation at the network edge [19]. DQN is a typical
value-function-based deep reinforcement learning method
that can extract patterns from model changes and make
correct decisions to balance VM migration costs and data
transmission costs, thereby reducing the overall cost in the
long run. In a similar network environment, Sheng et al.
adopted the Double Deep Q-Learning Network (DDQN)
algorithm, an improvement of DQN, in their model to solve
the optimal scheduling strategy and minimize the total system
consumption cost [20]. Simulation results show that the
proposed algorithm achieves the highest task completion rate.
However, a series of DQN-based algorithms perform poorly
in high-dimensional action spaces. In 2016, the DeepMind
team proposed the Deep Deterministic Policy Gradient
(DDPQG) algorithm, which addresses this issue effectively.
Therefore, the algorithm in this paper is based on the DDPG
method, providing stable performance and fast convergence
speed.

3. System Model and Problem
Formulation

This section provides an in-depth discussion of the
interconnection mechanisms between edge devices and
explores the conceptual modeling of edge device resources in
the MEC environment. The main symbols used in this paper
are summarized in Table 1.



Table 1. Key Symbols Used in This Paper
Attributes

Description
al ID of the task
ar Size of the task
ar Size of the offloading request data
a’ Size of the result data
ar Maximum acceptable latency for the task
a” Mobility state of the device that requested the task
id
f i Device ID
co Total MIPS (Million Instructions Per Second)
f
j available per core in the device
f :C Number of available CPU cores in the device
f ju Current CPU utilization of the device
b
f J.C Battery capacity (for battery-powered devices)
f ol Remaining battery level (for battery-powered
j devices)
f d Dynamic energy consumed by the device per
i second for computing (W)
. Static energy consumed by the device to stay
f j connected to the network and remain powered on
(W)
fo Mobility state of the device
J
£ Number of tasks waiting for execution on the
j device
off A binary value indicating whether the device is
f J within the offloading coverage of the task
generator device
0 Orchestrator service time
t Network time
t Waiting time
tr, Execution time
t?)

Total task processing time
m Total energy consumed for data transmission over
Miy the network (W)
Total energy consumed by the device for
computing a task (W)
b Energy consumed for each bit of data transmission
n over the network (W)

Task success indicator

W5 Number of wasted resources

3.1. Heterogeneous Edge Computing
Environment

Heterogeneous Edge Computing (HEC) refers to a
computing environment composed of different types of edge
devices, which vary in hardware, software configuration, and
computational capacity. HEC aims to handle diverse
computing demands by assigning tasks to appropriate devices,
thereby improving resource utilization, reducing latency, and
optimizing system performance. As shown in Figure.1.
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Figure 1. Heterogeneous Edge Computing Environment Model

3.2. Delay and Energy Consumption Model

The model consists of a system of heterogeneous edge

devices, with a total of [ devices equipped with
computational ~ resources, represented as a  set

FC={f1,f2,f3,...fF|je[l,F]} . These devices are

interconnected through a high-performance coordinator H,.
Each computationally capable device is represented as
_ id comp nc be bl d s mo qu
T IR PR A S SR S A S A Bl R
the meaning of fljd, fclomp, fjc, f?c, fjl, fj, fj, fTO, fju is
shown in Table 1. Due to the differences in device types, the
parameter values of each device vary. It is assumed that all
devices f ; share the network bandwidth B (Hz) equally,

enabling communication with the coordinator H, to ensure

that device requests are sent and responses are received with
equal priority.

Edge devices generate tasks of varying sizes and service
level agreements (SLA). Assume that at each specific time

step, A tasks are generated, represented as

Az{al, Az As--Aall e[l, A]} . The number of tasks at

each time step dynamically varies and is not fixed. Each task
is independently generated by an edge device, represented as

a=[a’a"a’a’ aa’] . where the meaning of
a';a,a’ a,a a™ is detailed in Table 1. When the

coordinator H. receives task @; at timestamp t, it selects

device fj as the offloading target for task @, . The
computation time for task @Q; on device f ; can be
expressed as follows:

. aisiz

t,= e (D

]

The total processing time t/; is the time from when task

a; I1s submitted to when the result is returned, calculated can
be defined as:



th=(th+t 7 +t)) @

Task Q; is considered successful if the total processing

lat
i

time t{; does not exceed its maximum delay g;*. A binary

variable yLi is defined to indicate whether task @, is

successfully executed, as shown in the following equation:

1’ |f tﬁj < a:a‘
0,

otherwise
This study aims to minimize resource wastage, which
refers to resources wasted due to task failures or when the
computational capacity of devices exceeds the demand. The

resource wastage \W [ is calculated as follows:

Y= 3

£, ify, =0
wi=qf"-a ify =1 4)
0, ify =land (f7"-a")<0

The energy model in this paper is based on the design from
related literature [21]. The energy consumption for device

fj to transmit the offloading request of task @; and
receive a response over the network, denoted as n;", can be
estimated as follows:
t thy nt d d
i =n"t"(a’+a’) (5)

Where (aiSd + aird) represents the total size of the
offloading request and the result data transmitted over the

network. For the selected edge device f ; during the

execution of task @ , the computational energy consumption

com

n;; 1is calculated as follows:

=(f?+ fj)tf;

com

Ni; (6)

The energy required by the coordinator H, to select the
optimal device f ; is related to algorithmic efficiency and

other factors, some of which are beyond the scope of this
paper. For simplicity, the energy consumption of the
coordinator is n;; =0 . Therefore, the total energy

consumption for completing task offloading from edge
devices to the target device is as follows:

O]

For battery-powered devices, the remaining battery

N =nij+nd +ni

capacity can be calculated based on the battery capacity f T

and the energy consumed for computation and network
transmission, with the calculation formula as follows:

=3 (R -+
i Z(n,1+n,1)x (8)

3.3. Problem Formulation
This paper proposes a solution to achieve efficient
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workload orchestration in the EEC environment. The aim is
to reduce resource wastage during task allocation, ensure that
small tasks do not occupy excessive computational resources,
maximize resource utilization, and thereby reduce energy
consumption and costs. Another goal is to maximize the task
success rate by reducing the number of failed tasks, thereby
improving task completion within a specific time frame, as
follows:

. A
min > W

i=1,je[LF]

X ©)
minmgw](l' yivi)

The above two objectives can be combined into a multi-
objective optimization problem, expressed as:
. A
P:min X}

2 Wi (L))
st 17 (17 0).
Yi e[l,A],Vj e[l,F]
C. :ti',}j < a!‘"“,
Yie [1,A] ,Vj c [1, F]

(10)

This problem has two constraints. The first constraint
ensures that resource wastage is minimized. The second
constraint ensures that the task processing time does not
exceed the maximum acceptable delay g*. Only tasks that

satisfy this constraint are considered successful.
It is important to note that these two constraints conflict, as

. . . . . comp
selecting a high-computing-capacity device f ,  canreduce

task processing time t;; but increases resource wastage.
Since total energy consumption N depends on task size

siz

. . . comp
a;" and device computational capacity fj , reasonably

reducing computational resources helps optimize energy
consumption. This problem is modeled as a nonlinear mixed-
integer problem, and a deep reinforcement learning approach
is employed to find the optimal solution, enabling efficient
workload coordination and objective optimization.

4. Design and Implementation
4.1. Efficient Offloading Based on DQNEO

To effectively solve problem P, we designed an efficient
oftloading algorithm based on deep reinforcement learning,
named DQNEO. In DQNEO, we define states, actions, and
rewards based on problem P as follows:

4.1.1. State Representation

In our architecture, the state consists of two fundamental
feature sets: a subset of task attributes and a subset of resource
device attributes. Task attributes describe the requirements
necessary to ensure the application's QoS, such as task size,
task delay, and the mobility status of the task, which can be

represented as: a} = [a:d, afiz, a!a‘, a?“’] . The subset of device
attributes describes the current state of each available

resource at timestamp 1, such as device computational

capacity, current CPU utilization, remaining battery power,
device mobility status, and offloading capability, which can



be represented as:

id com cu bl off mo u
TR O B B P A I
each state captures the attributes of incoming tasks and the
attribute states of all available devices at timestamp t. To
ensure each state is unique and address the challenges of
satisfying the Markov Decision Process (MDP), we include
the ID of tasks that have arrived at the scheduler in the state

representation. This ensures that each state is distinct from the
subsequent state.

. In other words,

4.1.2. Resource Selection

The coordinator's action scope is limited to the number of
edge devices with computational resources in the
environment. Thus, if there are N computationally capable
edge devices, the coordinator selects one of these devices for
task offloading. At timestamp 1, the action space is defined

as m; € {ml, m2,...mn} . The neural network embedded in

the coordinator's DQNEO algorithm is responsible for
executing these actions. The coordinator agent needs to select
a target device for task offloading. However, not all devices
in the action space are available or valid at every time point.
To address this issue, the algorithm introduces an action
masking mechanism, which excludes unavailable or invalid
devices, retaining only valid actions to improve the
exploration efficiency of the DQNEO algorithm. In this paper,
the primary responsibility of the resource selection module is
to detect and mask invalid or infeasible actions to prevent
their inclusion in the final selection. Through this process, the
algorithm identifies and masks two types of devices: non-
offloadable devices and incapable devices.

4.1.3. Reward Function Design

The reward function is key to the DQNEO algorithm,
guiding the agent to select optimal actions to achieve multi-
objective optimization. We define the reward function as:

-maxiT;
1 OSTW—{T'}<1,
Tmax
ne = MAX T
r=40, -O.SST—{T}<O, (11)
Tmax
-1, otherwise

Where T .. represents the system's maximum tolerable
delay, and MaXx {Tf} represents the maximum total

processing time of all tasks in the system.

4.2. Overview of the DQNEO Algorithm

The DQNEO algorithm is a task scheduling method based
on deep reinforcement learning, designed to address the
complexity of task allocation in edge computing
environments. First, the system initialization includes the
following components: setting the system state S, learning
rate O , experience pool size R , mini-batch size K,
update interval |, and maximum iterations | . The system
state S describes the features of the task queue and the

current resource distribution of edge devices, forming the
fundamental input for task scheduling. Two deep neural
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networks are defined in the algorithm: an evaluation network
F.. and a target network F e , both with identical
structures but independent parameters. During initialization,
the parameters [, of the evaluation network \W,, are
randomly initialized and then copied to the parameters
F e of the target network W g« to ensure stability

during the initial training phase.
During the algorithm's iterative process, the current system
state S, is fed into the evaluation network F.. , which

outputs the value Q(Sl, B) of all possible task scheduling

strategies, where B represents the set of all possible actions.
To balance exploration and exploitation, the algorithm
employs an € -greedy strategy to select an action B, .
Specifically, an action B, is randomly chosen with a
probability of € to increase exploration, while the action

with the highest current value Q(SI, B) is selected with a

probability of ]— g, thereby improving the efficiency of task
scheduling.

Once the action B, is selected, the algorithm calculates
the corresponding task scheduling plan P and optimizes
P based on system resource constraints to ensure the
following conditions are met: (1) the total delay for task
completion does not exceed the maximum allowable delay
L » and (2) the total resource usage does not exceed the
available resources R, of the edge devices. Subsequently,
the task offloading process is performed according to the
optimized scheduling plan P, and the scheduling reward
R. is computed. The reward R, is designed to
comprehensively evaluate the quality of the current action
B. by considering task completion rate, resource utilization,
and delay.

Next, the algorithm stores the current state S, , the
selected action B, the computed reward R,, and the new

state S,,; after task offloading into the experience pool R,

forming a quadruple (St, B., R[,SM) . To optimize the

evaluation network F .., a mini-batch {(S, B, R, S)} is
randomly sampled from the experience pool. The target value
is computed based on the reward R and the output of the

target network g , using the following formula:

Qtarget = R + 7 . mBaX Qtarget(Sv' BI;Wtarge‘) . where 7/ is the

discount factor that balances the weight of immediate rewards
and future returns.

The parameters W ..
updated by minimizing

of the evaluation network are
the mean squared error

¢ = % i (nga (S BiWaa)— Qma)2 . Gradient descent

is employed to optimize this loss function, and at fixed update
intervals |, the parameters \W ., of the evaluation network
are synchronized with the parameters W wge of the target
network to enhance the stability of the training process.
Finally, the system state is updated to S..,, and the next

iteration begins. Through multiple iterations, the DQNEO
algorithm continuously refines the task scheduling strategy,



ultimately achieving efficient task allocation in the edge
computing environment. This method dynamically learns to
effectively balance resource utilization and task completion
rates, reducing task execution delays while minimizing
computational resource wastage.

5. Performance Evaluation

This section evaluates the performance of the DQNEO
algorithm through computer simulations, focusing on
resource utilization, task acceptance rate, task rejection rate,
and cost ratio. The evaluation of the DQNEO algorithm is
compared with three heuristic algorithms (hl, h2, h3) and
DQN. The heuristic method hl schedules tasks using FIFO
(First In, First Out) and prioritizes edge resources if available.
h2 prioritizes tasks with high resource demands. h3 employs
the 0/1 knapsack algorithm to maximize utilization and
benefits. Simulation parameters are shown in Table 2, and the
experimental environment configuration is listed in Table 3.
The proposed scheme uses the DQNEO algorithm to decide
whether to offload or reject tasks based on resource
availability and pending tasks. It also considers network
information to optimize scheduling performance.

Table 2. Simulation environment configuration

Definitions and description Values
Edge Link Bandwidth (Mbps) 100
Cloud Link Bandwidth (Mbps) 200
Number of Edge Servers 30
Edge Server CPU Capacity 40-60(evenly distributed)
Task CPU Requests 10-20
Task Data Size (MB) 10-20
Task Tolerable Latency (ms) 10-15

Number of Offloaded Tasks 50,100,150,200,250

Table 3. Learning parameters of the DQNEO algorithm

Definitions and description Values
Learning rate 0.001
Training batch size 32
Discount factor 0.99
Dense-layer setup (Hidden) 256
The target network smoothly copies the parameter 0.005

N-step for Q-learning 1

Initial epsilon (Exploration) 1.0
Final epsilon (Exploration) 0.1
Target synchronization interval training steps 1000
Replay Buffer Capacity (Size of the replay buffer) 10,000

Figure 2 presents the comparison of average resource
utilization between DQNEO and other schemes. As the
number of tasks increases, the average resource utilization of
all five schemes also rises. However, it can be observed that
DQNEO consistently achieves higher utilization compared to
the other algorithms, as shown in Figure 4. Task rejection rate
is a critical metric that influences resource utilization. A lower
task rejection rate corresponds to higher resource utilization.
DQNEO adopts a robust mechanism to select the optimal
server based on task requirements, thereby improving the
efficiency of the edge system. Moreover, DQNEO utilizes
intelligent resource allocation strategies to enhance task
acceptance rates while maintaining resource utilization. High
task acceptance rates generally lead to higher average
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utilization and lower costs.
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Figure 2. Resource utilization comparison

Figure 3 provides a comprehensive comparison of the task
rejection rates among the five different schemes. As the
number of tasks increases, the task rejection rate rises for all
five schemes. However, DQNEO exhibits a significantly
lower growth compared to the other four schemes. This
demonstrates the superior performance of DQNEO in terms
of task acceptance rate and lower rejection rate. The ability of
DQNEO to accept more tasks is attributed to its intelligent
task allocation mechanism, which assigns tasks to servers that
best match their resource requirements and availability. This
mechanism not only conserves and reserves resources for
future use but also allows more tasks to be accepted. The
advantage of a high task acceptance rate lies in its ability to
improve resource utilization and reduce system idle time.
Therefore, DQNEO outperforms the other methods in
resource utilization, demonstrating its effectiveness in
enhancing edge system performance.
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Figure 3. Task rejection comparison

Figure 4 illustrates the cost ratio comparison among the
five schemes. As the number of tasks increases, the cost ratio
grows for all five schemes. However, DQNEO exhibits
significantly lower growth in cost ratio compared to the other
four schemes, demonstrating its superior performance in cost
ratio reduction. Additionally, compared to heuristic methods
and DQN, DQNEO achieves a significantly lower task
rejection rate, indicating that it accepts more offloaded tasks
and thereby increases the utilization of the edge system. The
key to DQNEO's performance lies in its intelligent task
allocation capability. It efficiently assigns tasks to servers that
best match resource requirements and availability, thereby
minimizing overall costs and optimizing the utilization of



edge systems.
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Figure 4. Average cost comparison

6. Conclusion

This paper defines a multi-objective problem for workload
coordination in resource-constrained environments, aiming to
optimize task success rates while minimizing resource
wastage. To address this problem, we designed an efficient
offloading algorithm based on deep reinforcement learning.
Experimental results demonstrate that the DQNEO algorithm
effectively reduces system processing delays while
optimizing the utilization of computational resources. By
integrating system states, the DQNEO algorithm can make
intelligent task offloading decisions, achieving efficient and
optimal resource utilization. Additionally, DQNEO considers
the realistic characteristics of extreme edge environments,
such as device heterogeneity, mobility, and QoS. However,
our assumed MEC environment does not involve high-
capacity servers. In real-world scenarios, balancing
workloads between high-capacity edge servers and edge
devices, as well as operating based on predefined objectives,
remains a challenge that requires further improvement in
future work.
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