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Abstract: High-speed rail (HSR) environments present unique challenges due to their
high mobility and dense passenger traffic, resulting in dynamic and unpredictable task
generation patterns. Mobile Edge Computing (MEC) has emerged as a transformative
paradigm to address these challenges by deploying computation resources closer to end-
users. However, the limited resources of MEC servers necessitate efficient task partitioning,
wherein a single task is divided into multiple sub-tasks for parallel processing across
MEC servers. In the context of HSR environments, the task partitioning ratio is pivotal in
ensuring quality of service (QoS) and optimizing resource utilization, particularly under
dynamic and high-demand conditions. This paper proposes a deep reinforcement learning
(DRL)-based task partitioning mechanism using Twin Delayed Deep Deterministic Policy
Gradient (TD3) for HSR environments with MEC servers (MECSs). The proposed method
dynamically adjusts task partitioning ratios by leveraging real-time information about task
characteristics and server load conditions. The experimental results show that when the
task arrival rate is 20, the delay is improved by about 5% compared to random and about
13% compared to no_partition. When it is 50, there is no significant difference from random
and about 2% improvement compared to no_partition. The task throughput is almost the
same when it is 20. However, when it is 50, random is much better. We also looked at the
performance change according to the number of serving MECSs. In this process, we can
also note the research direction of finding an appropriate number of serving MECSs K.
The results highlight the efficacy of DRL-based approaches in dynamically adapting to the
unique characteristics of HSR environments, achieving optimal resource allocation and
maintaining high QoS. This paper contributes to advancing task partitioning strategies for
HSR systems and lays the groundwork for future research in MEC-based HSR systems.

Keywords: task partitioning; Deep Reinforcement Learning (DRL); High-Speed Railway
(HSR); Mobile Edge Computing (MEC); Twin Delayed Deep Deterministic policy gradient
(TD3)

1. Introduction
Over the past two decades, Intelligent Transport Systems (ITSs) have emerged as a

critical technology for enhancing the efficiency and performance of transportation sys-
tems. High-speed railway (HSR) has garnered significant attention as a fast, eco-friendly,
and sustainable means of transport, driving the innovation of modern transportation sys-
tems [1,2]. HSR offers distinct advantages, including substantially lower greenhouse gas
emissions compared to air and road transportation, while ensuring comfort, safety, and
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high punctuality for passengers. These attributes have positioned HSR as an efficient and
reliable transportation option worldwide, with China’s HSR network expected to expand
to 18,000 km by 2020 [3].

Despite these advantages, HSR systems present unique challenges due to their opera-
tional characteristics. High speeds of approximately 100 m/s lead to frequent handovers
and interference issues. Additionally, channel characteristics are difficult to model accu-
rately as they are influenced by diverse environmental factors. High-speed trains (HSTs)
operating on HSR lines also face challenges in optimizing the quality of service (QoS) for
various applications, including passenger services [4].

High-Performance Computing (HPC) technologies are emerging as promising solu-
tions to address these challenges. By supporting stable and efficient communication, HPC
can be applied in areas such as fault diagnosis, management systems, and simulations [5].
When combined with artificial intelligence (AI) techniques like machine learning and re-
inforcement learning, HPC can significantly enhance the performance of HSR systems.
HPC techniques, such as parallel processing, distributed computing, and mobile cloud
computing, enable advanced capabilities.

In the HSR environment, characterized by high mobility, existing mobile cloud com-
puting (MCC) approaches [6] face limitations in minimizing task execution delays and
network load. Mobile Edge Computing (MEC) technology has, thus, emerged as a viable
alternative by placing servers closer to the network edge to perform computational tasks [7].
MEC servers (MECSs) offer significant advantages, including reduced task execution de-
lays, real-time services, and improved user experience. They also support mobility and
rapid response times, enabling stable and efficient data processing in HSR environments.
However, the limited computational resources of MECSs, such as CPU, memory, and
bandwidth, necessitate efficient task distribution and processing strategies.

Advances in technology have also heightened passenger demands for high-spec
services such as real-time streaming, online gaming, and remote work. These services
impose stringent processing constraints, including large-scale data handling and low-
latency requirements. Task offloading and partitioning have become essential mechanisms
for meeting these demands. Task offloading involves transferring tasks from user devices
to nearby MECSs, thereby reducing computational burdens and minimizing execution
delays. Task partitioning, on the other hand, involves dividing a task into subtasks for
parallel processing across multiple MECSs, achieving load balancing and enhancing system
performance [8].

Existing research has explored various techniques for optimizing MEC systems, in-
cluding reducing delay and improving energy efficiency [9]. For instance, ref. [10] utilized
binary particle swarm optimization (BPSO) to dynamically allocate tasks in vehicular
networks, though their approach is limited to static network states. Similarly, ref. [11]
employed support vector machines (SVMs) for task offloading decisions based on network
state and resource availability, but their method struggles to adapt to real-time changes.
Ref. [12] proposed a game-theoretic approach to allocate MEC resources efficiently, manag-
ing delays and network loads. While these techniques leverage metaheuristics, machine
learning, and game theory, they fall short of processing large volumes of tasks in highly
dynamic, real-time environments.

In such unpredictable and dynamic scenarios, deep reinforcement learning (DRL) has
emerged as a promising alternative [13]. Unlike model-based methods, DRL employs a
model-free approach, enabling agents to learn optimal actions through interactions with
the environment without prior knowledge. This capability is particularly valuable in HSR
MEC environments, where task occurrences and MECS load states are inherently uncertain.
Furthermore, DRL optimizes long-term rewards, ensuring continuous improvement even
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under heavy task loads [14]. By learning complex and nonlinear patterns of task occurrence,
DRL enhances resource management policies, maximizing the efficient utilization of MEC
resources while maintaining QoS.

Ref. [15] addressed complex resource optimization problems in vehicular environ-
ments by utilizing the Deep Deterministic Policy Gradient (DDPG) algorithm, a technique
within the deep reinforcement learning (DRL) paradigm. Their study focused on optimiz-
ing the allocation of spectrum, computing, and storage resources to meet the quality of
service (QoS) requirements of various vehicular applications. However, a notable limitation
of their centralized approach is the significant increase in computational complexity as
the number of vehicles or system scale grows. Similarly, ref. [16] proposed a DDPG-based
method for optimizing task offloading decisions, with the objective of minimizing delay
and optimizing computational resource usage. This centralized method also faced chal-
lenges in scalability and computational overhead in environments with a large number of
vehicles or dynamic conditions.

In contrast, ref. [17] adopted the Twin Delayed Deep Deterministic Policy Gradient
(TD3) algorithm to enable optimal task offloading in a dynamic vehicular environment
where mobility and communication conditions change over time. By leveraging a dis-
tributed approach, their study effectively allocated resources to minimize delay and energy
consumption. Unlike centralized approaches, distributed strategies allow for local data
processing, which significantly reduces delay times and enhances scalability by distributing
computational demands across multiple MEC servers (MECSs).

In the context of task offloading, centralized approaches offer advantages such as
global optimization and simplified management; however, they are less suitable for real-
time applications due to inherent delays caused by central server communication. Fur-
thermore, performance can degrade in large-scale networks where centralized processing
becomes a bottleneck. Distributed approaches, on the other hand, process tasks locally,
enabling faster response times and greater scalability, as resource allocation occurs inde-
pendently at each MECS.

The HSR-MEC environment presents additional challenges compared to conventional
MEC-based vehicular systems due to the significantly higher speeds of high-speed trains
(HSTs), which exacerbate issues such as frequent handovers and Doppler effects. Addi-
tionally, the high passenger density in HSR environments leads to increased demand for
communication and computational resources. Ref. [18] explored task migration to maintain
uninterrupted services in high-mobility HSR scenarios. Their work, which used DDPG
for task offloading and resource allocation, focused on optimizing the task success rate
but was limited by a singular optimization goal. Ref. [19] proposed a solution to optimize
task execution delays by integrating a caching framework that enhances computational
resource stability and network performance. Furthermore, ref. [20] combined Deep Double
Q-learning (DDQN) and DDPG to improve both energy consumption and delay, employing
two DRL methods to determine task offloading ratios and resource allocation decisions.

This paper addresses a scenario where multiple HSTs traverse the HSR network, creat-
ing highly dynamic and complex environments. Managing all HSTs through a centralized
approach is impractical due to the system’s scale and variability. To overcome this lim-
itation, we propose a distributed multi-agent DRL-based method for determining task
partitioning ratios. Unlike prior techniques that primarily focused on deciding whether
to offload tasks or balancing between local execution and a single MECS, our approach
considers task partitioning across multiple MECSs simultaneously. This enables the opti-
mization of both throughput and delay, akin to existing HSR-MEC studies. Additionally, to
reduce the dimensionality of the DRL action space, the proposed algorithm is designed
with a two-part structure, further enhancing its computational efficiency and applicability.
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This paper is organized as follows: Section 2 presents the proposed system model,
and Section 3 introduces the proposed algorithm. Section 4 also evaluates the performance
of the proposed technique through experimental results. Finally, Section 5 concludes the
paper and outlines future research directions.

2. System Model
This section presents the architecture of the MEC system designed for the HSR envi-

ronment. It describes the system components, their interactions, the network scenario, and
the models for communication and computation resources.

The proposed HSR MEC system integrates communication relays installed on HSTs
to facilitate task communication with Base Stations (BSs) [21]. As illustrated in Figure 1,
each HST is equipped with a device-detection sensor that identifies devices generating
tasks. These tasks are transmitted to the BS via communication relays. The model assumes
an environment characterized by the presence of multiple HSTs near a station. It further
considers that the number of HSTs, the volume of tasks, and the locations of the HSTs
dynamically evolve over time. Based on these assumptions, we propose a simplified and
idealized environment to address the problem effectively, recognizing that this model
serves as an initial framework and a basis for future, more detailed investigations.
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Unlike traditional vehicular MEC environments, the HSR-MEC system forms commu-
nication cells along railway tracks using BSs equipped with MECSs. As shown in Figure 2,
the proposed system model largely consists of M MECSs (M = {1, . . . , M}) and N HSTs
(N = {1, . . . , N}), and it processes tasks using wireless and wired networks. Each BS is
co-located with an MECS and interconnected with other MECSs through a wired network.
This architecture enables task handoffs and load balancing across MECSs, preventing over-
load on any single server. Tasks generated in HSTs are first transmitted to the nearest BS
and subsequently offloaded to MECSs for processing. The interconnected MECSs ensure
cooperative task handling and optimal resource utilization.

In the proposed HSR system, where MECSs are employed, the task that occurs from
each HST is conducted on the MECSs. Information regarding the state and task of each
HST is transmitted to the nearest MECS. Due to the interconnected nature of the MECSs,
seamless information sharing between MECSs is enabled, facilitating coordinated decision-
making. The system selects a fixed number (K) of MECSs among a number of MECSs and
then performs task partitioning considering only the K MECSs. The K servers selected in
this way are defined as a set of serving MECSs (K = {1, . . . , K}). Since the MECSs are
connected to each other, they exchange information. In this process, if multiple tasks occur
by multiple passengers in an HST, the generated tasks are transmitted to the BS through
the communication relay as one super-task. Then, it is decided at what ratio the tasks will
be divided and sent to the serving MECSs.
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Based on this system model, this paper proposes a technique to dynamically adjust
the task partitioning ratio between MECSs to maximize the processing throughput of tasks
and minimize the processing delay occurring in tasks in HSTs. This technique aims to
effectively process a large number of tasks and improve real-time QoS by considering
the HSR environment. In this study, HSTs generate tasks at each time slot t, and the
tasks generated are offloaded to the MECSs by determining the optimal task partitioning
ratio. In this way, the task Wn(t) generated in each HST n at time t is composed of
Wn(t) = (S(t), C(t), Lmax). S(t) represents the data size, and C(t) represents the number
of cycles per bit, i.e., the workload of the task. Lmax represents the delay constraint for
guaranteeing QoS. The delay time required to process the task Wn(t) is calculated as follows:

Ln(t) = Lwait,n(t) + Lexec,n(t) + Ltran,n(t), (1)

Here, Lwait,n(t) is the waiting delay to process Wn(t). In order to process a task on an
MECS, tasks waiting in the MECS queue that were offloaded during the previous time slot
(t − 1) must be processed before the task generated at the current time slot (t) is processed.
The waiting delay Lwait,n(t) is calculated as follows:

Lwait,n(t) = max
(

queuek(t)
fk

)
, ∀ k ∈ K, (2)

In Equation (2), fk is the task processing capacity of MECS k. And queuek(t) is the total
workload of tasks waiting in the queue of MEC server k at time t. In this paper, the optimal
task partitioning ratio of task Wn(t) to K MECSs among the total M MECSs is determined.
The generated tasks are always divided according to the determined partitioning ratio
considering the state of K MECSs. In this process, the optimal ratio is calculated by
considering the current load status of each MECS and the task status generated from HSTs.

When task Wn(t) is assigned to K MECS, each MECS forms a queue to process the
task assigned to it. At this time, in order to evaluate the waiting delay of task Wn(t)
that occurred in the current time slot t, the longest waiting delay among the K MECSs is
considered. That is, the total waiting delay Lwait,n(t) of task Wn(t) is calculated based on
the longest value among the waiting delay of the queues from the K MECSs. In Equation (1),
Lexec,n(t) is the delay to execute Wn(t) at time slot t. The calculation equation is as follows:

Lexec,n(t) = max
(

Cn(t)·xn
k (t)

fk

)
, ∀ k ∈ K, (3)
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∑K
k=1 xn

k (t) = 1, (4)

In Equation (3), xn
k (t) is the partition ratio of task Wn(t) to be executed to MECS k.

Therefore, xn
k (t) must be a value between 0 and 1, and Equation (4) must be satisfied. If

xn
k (t) is 0, it indicates that task Wn(t) is not processed to MECS k, and if xn

k (t) is 1, it means
that task Wn(t) is processed only on MECS k. In addition, since the sub-tasks are executed
simultaneously on MECSs, the execution delay of tasks processed on each MECS may be
different. In this case, the subtask with the longest execution delay among the sub-tasks is
selected as the final execution delay. Therefore, the value of xn

k (t) is an important factor that
determines the efficiency in task execution. In Equation (5), Ltran,n(t) is the transmission
delay to send to the MECS closest to the HST that generated task Wn(t) at time slot t.
Since the result value after processing the task on the MECS is very small, the downlink
transmission delay is not considered separately. The calculation formula for Ltran,n(t) is
as follows:

Ltran,n(t) =
S(t)

Rn,m(t)
, (5)

In Equation (6), Rn,m(t) is the uplink transmission rate at which HST n transmits a
task Wn(t) to MECS m, and the calculation formula is as follows:

Rn,m(t) = Bn,mlog2 (1 + γn,m(t)), (6)

Bn,m represents the network bandwidth between HST n and MECS m, and γn,m(t) repre-
sents the signal-to-noise ratio (SNR) between HST n and MECS m.

γn,m(t) =
pn,m(t)gn,m(t)

σ2 , (7)

In Equation (7), pn,m(t) is the transmission power of HST n toward MECS m, σ2

represents the noise power, and gn,m(t) is the path loss between HST n and MECS m.
Task throughput Tn(t) means the cumulative sum of the number of cycles when a task
is completed.

The research we propose aims to minimize the throughput and execution delay time
of tasks generated in HST by optimizing the resources of the MEC system in the HSR
environment. The objective function for this can be defined as Equation (8) by integrating
the optimization of two objectives using the weight (ω1 ∈ [0, 1]). The cost function in
Equation (8) is designed as a linear form (ω1·Tn(t)− (1−ω1)·Ln(t)). This is chosen to
balance throughput and latency efficiently while maintaining simplicity in optimization.
The weight represents the hyper-parameter for adjusting the contribution between two
objectives. The range of weight value is [0,1]. The larger the ω1 value, the more emphasis is
placed on the task throughput Tn(t).

max
a(t)

∑N
n=1(ω1·Tn(t)− (1−ω1)·Ln(t)),

subject to (s.t.),
(8)

Ln(t) ≤ Lmax, ∀n ∈ N (8a)

a(t) = {xn
1 (t), . . . , xn

k (t), . . . , xn
K(t)}, (8b)

∑k∈K xn
k (t) = 1, ∀n ∈ N, (8c)

0 ≤ xn
k (t) ≤ 1, (8d)

Equation (8) expresses the objective of maximizing task throughput Tn(t) and mini-
mizing task execution time Ln(t). Equations (8a)–(8d) ensure that task execution adheres
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to system limitations, such as delay thresholds and valid task partitioning among MEC
servers. Equation (8a) means that the time taken to process a task occurring in HST n at
time t must be within the delay threshold (Lmax). Equation (8b) represents the proportion
of a task assigned to serving MECSs K for processing. In other words, xn

k (t) represents
the proportion of task Wn(t) assigned to MECS k. Therefore, they must sum to 1, as in
Equation (8c). And they must have values between 0 and 1, as in Equation (8d).

3. Proposed Algorithm
In this paper, we aim to maximize task throughput and minimize processing delay

by considering the occurrence of tasks that are difficult to predict at train stations with
dense user traffic and the characteristics of HSTs that are different from existing vehicles. To
achieve this, we need to determine the optimal ratio when tasks are processed by multiple
MECSs. The optimized partitioning ratio contributes to the efficient processing of tasks and
plays an important role in improving the performance of the entire system. In the dynamic
HSR environment, the number of HSTs and the passenger density aboard each HST vary
over time. Passenger density is closely related to the task size, as a higher number of
passengers increases the likelihood of task generation, thereby leading to larger task sizes
that need to be processed by the MEC servers (MECSs). When task generation is minimal,
a single MECS can handle the task without being overloaded. However, during peak
passenger density, efficient task partitioning becomes crucial to prevent MECS overload
and ensure QoS. Additionally, the dynamic changes in the number of HSTs influence the
task partitioning decisions among the MECSs. For instance, if an HST allocates a significant
proportion of its tasks to a specific MECS, and another HST similarly allocates a large
proportion to the same MECS, this increases the likelihood of overloading that MECS.
Furthermore, MECSs do not only process tasks received from HSTs, but the overhead of
MECSs must also be considered. Therefore, determining the optimal task partitioning
ratio is critical for achieving load balancing across MECSs, reducing both overloaded and
underutilized MECSs. This dynamic and adaptive partitioning mechanism ensures efficient
resource utilization and maintains QoS in the constantly changing HSR environment.

The proposed algorithm optimizes the task partitioning ratio in HSR environments
through a two-step process. In the first step, a set of serving MECSs,K = {1, . . . , k, . . . , K} ⊆M,
is selected to support the divided subtasks. This selection is based on the MECS selection
probability (Pload), which is defined as follows for each MECS m ∈ M:

Pload = 1− queuem(t)

∑M
m=1 queuem(t)

, (9)

where queuem(t) represents the load of MECS m at time t, such as the size of its current task
queue. This probability ensures that MECSs with higher loads have a lower likelihood of
being selected, thereby balancing the load across the available MECSs and reducing the
risk of overloading any specific MECS. By selecting a subset of serving MECSs, rather than
considering the entire set of MECSs for each decision, the algorithm effectively reduces the
action space for decision-making. This dimensionality reduction simplifies the optimization
process while maintaining an efficient task distribution among MECSs.

In the second step, the task partitioning ratio is dynamically determined for the k
selected serving MECSs by utilizing the TD3 algorithm. The problem is that the existing
static partitioning research has limitations in producing optimal results due to the dynamic
environment that cannot be predicted at every time slot and the large number of tasks
generated by the dense users. In such a complex environment, the task partitioning ratio
becomes more important, so we intend to determine the optimal partitioning ratio through
deep reinforcement learning (DRL). First of all, among the DRL methods, Deep Q-Network
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(DQN) [22] and Deep Deterministic Policy Gradient (DDPG) [23] are widely used. However,
DQN is not suitable for continuous action decisions such as task partitioning ratio decisions.
And DDPG is suitable for continuous action decisions, but it can cause unstable learning
due to the overestimation bias and the accumulating error problem in the TD update
process. Therefore, TD3, which has improved this, was selected. There are three main
features to solve the aforementioned problems.

The first one is Clipped Double Q-learning. TD3 alleviates the overestimation problem
of Q function by estimating the value of state-action pairs using two Q functions Qθ1 , Qθ2 .
First, to update the neural network, randomly sample a mini-batch of B transactions from
the replay buffer. The main critic network is updated using the sampled mini-batch. The
main critic network updates by calculating the mean square of the TD error of the current
Q value (Qθi (s, a)) and the target Q value (y). This can be found through Equation (10). The
target Q value can be calculated using Equation (11).

θi ← argminθi B
−1 ∑

(
y−Qθi (s, a)

)2, (10)

y← r + γmini=1,2Qθ′i

(
s′, ã

)
, (11)

Here, r represents the reward of the current state, γ represents the discount factor, s′

represents the next state, and ã is the action of s′ obtained through the target actor network.
This is performed by obtaining the Q values for the next state (s′) and the next action (ã)
through two target critic networks, and then using a small Q value to avoid overestimation.

The second is Delayed policy updates. TD3 delays policy updates so that the policy
network learns based on a stable Q-function estimation. This delayed update reduces the
instability of learning and maintains a balance between policy exploration and exploitation
even in dynamic environments such as HSR environments.

∇ϕ J(ϕ) = B−1 ∑∇aQθ1(s, a) |a=πϕ(s)∇ϕπϕ(s), (12)

Equation (12) shows that the parameter of the main actor network is updated by
using the deterministic policy gradient. The actor network updates using one of the
two critic networks, Qθ1(s, a) being the first main critic network. πϕ represents the main
actor network. {

θ
′
i=1,2 ← τθi + (1− τ)θ

′
i

ϕ′ ← τϕ + (1− τ)ϕ′,
(13)

Here, ϕ is the parameter of the actor network, and θ is the parameter of the critic
network. ϕ′ is the parameter of the target actor network, and θ′ is the parameter of the
target critic network. After updating the actor network through Equation (12), the target
network parameters (ϕ′, θ′) are updated through Equation (13). In the process of updating,
TD3 proposed a method of updating the main actor network and the target network slower
than the main critic network for stable update in the process of updating.

The third is Target policy smoothing regularization. It induces changes in the action
space to prevent the actor from being overly dependent on a specific action and plays
a role in increasing the stability of the Target Q-value. As shown in Equation (14), TD3
adds Gaussian noise (ϵ) to the actions of the target policy and clips it. This prevents the
Q function from learning excessively rapid changes. This increases the stability of the
Q-function learning and supports smooth and generalized policy learning.

ã← πϕ′
(
s′
)
+ ϵ, ϵ ∼ clip(N (0, σ),−c, c), (14)

The proposed algorithm is designed based on the TD3 algorithm. The proposed
algorithm can be seen in Algorithm 1. It basically follows the structure of TD3, but some
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structures are changed as follows to solve the requirements of the task partitioning ratio
decision problem in the HSR environment with MECSs.

Algorithm 1 TD3-based task partitioning ratio decision algorithm

1 Initialize critic networks Qθ1 , Qθ2 and actor network πϕ

with random parameter θ1, θ2, ϕ

3 Initialize target networks θ
′
1 ← θ1, θ

′
2 ← θ2, ϕ′ ← ϕ

4 Initialize replay buffer B
5 Initialize HSR environment
6 for e = 1 to E do
7 for t = 1 to T do
8 for n = 1 to N do
9 Calculate MECS load probability Pload

10 Select a set of serving MECSs (K) using Pload

11 Select action with exploration noise a← πϕ(s) + ϵ, ϵ ∼ N (0, σ),
and observe reward r and new state s′

12 Store transition tuple (s, a, r, s′)in B
13 Sample mini− batch of B transitions (s, a, r, s′) from B
14 ã← πϕ′(s′) + ϵ, ϵ ∼ clip(N (0, σ),−c, c)
15 y← r + γmini=1,2Q

θ′i
(s′, ã)

16 Update critics θi ← argminθi B
−1 ∑

(
y−Qθi (s, a)

)2

17 if t mod d then
18 Update ϕ by deterministic policy gradient:
19 ∇ϕ J(ϕ) = B−1 ∑∇aQθ1(s, a) |a=πϕ(s)∇ϕπϕ(s)
20 Update target network parameters:
21 θ

′
i=1,2 ← τθi + (1− τ)θ

′
i

22 ϕ′ ← τϕ + (1− τ)ϕ′

23 end if
24 end for
25 end for
26 end for

First, regarding the Actor network activation function of lines 11 and 14 of Algorithm 1,
the existing TD3 limited the network output to the Tanh (Hyperbolic Tangent) function,
so the action range was set to [−1, 1]. However, the problem of this paper is a ratio deter-
mination problem, so the action range should be 0 to 1 and the total sum of the actions
should be 1. Therefore, the Dirichlet distribution was used instead of the Tanh activation
function. First, the Dirichlet distribution is a probability distribution that generates a multi-
dimensional probability vector. The result sampled from this distribution is a probability
vector, and each element has a value between 0 and 1, and the sum of the vectors is always
1. The input parameter is used in the Dirichlet distribution to sample the output value,
which is the action. Since this sampling is random, various output values can be obtained
even with the same input parameter. This change contributes to solving the problem in a
differentiated way from the basic structure of TD3 by reflecting uncertainty and dynamic
task requirements in a MECS-based HSR environment.

Deep reinforcement learning (DRL) is a methodology in which an agent learns an
optimal action policy while interacting with the environment, and it is based on the Markov
Decision Process (MDP). The MDP generally refers to the process of probabilistically
controlling states and actions at discrete time steps, which provides the mathematical
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basis for reinforcement learning. MDP formally defines the dynamic characteristics of
the environment and the decision-making process of the agent. The agent can select the
optimal action using it. The main components of MDP are S, which represents a state set,
and A, which represents an action set. r represents a reward function, and P represents
the state transition probability which is unknown in our proposed problem. It is usually
expressed in the form of a tuple such as (S, A, P, r).

In this paper, the MDP that determines the optimal task partitioning ratio that max-
imizes the throughput of tasks and minimizes the delay time in an HSR environment
with an MECS. MDP modeling is critical for performance optimization in dynamic envi-
ronments. In the proposed environment, the number of HSTs and the density of users
aboard the HST vary over time, resulting in fluctuations in the amount of tasks generated.
Consequently, the load on the MECS also changes dynamically. The algorithm addresses
these changes by adjusting the task partitioning ratio in real time, which directly impacts
task throughput and latency. Task latency is influenced by waiting time, which is, in turn,
affected by the MEC server load. When MECSs become overloaded, tasks may exceed
the latency constraints due to prolonged waiting times, making it difficult to ensure QoS.
To address this, the proposed algorithm determines the task partitioning ratio based on
the dynamically changing MEC load and the size of the generated tasks. The optimal
task partitioning ratio calculated by the algorithm allocates fewer tasks to heavily loaded
MECSs and more tasks to lightly loaded MECSs. This approach improves overall system
efficiency by maximizing task throughput and maintaining QoS through reduced waiting
times. Additionally, the algorithm minimizes delay time by distributing tasks effectively
across MEC servers, achieving load balancing and optimizing resource utilization. Based
on this proposed environment, we define MDP as follows:

• Agent: All HSRs are agents. N = {1, . . . , n}, which observes the state of the HSR
environment with MECSs, chooses actions according to the policy, receives rewards,
and updates the environment. By repeating this, they learn the optimal action strategy
to maximize the cumulative reward.

• State: The state st consists of the information (Wn(t)) of the task generated in
HST n and the information (M(t)) of the currently considered serving MECSs
s(t) = {Wn(t), M(t)|∀n ∈ N}. Wn(t) consists of the data size, workload, and delay
constraint of the task, and M(t) represents the load states of k serving MECSs con-
sidered by HST n. This provides environmental information for task partitioning
ratio decisions.

• Action: at defines as the task partitioning ratio to be processed among the K serving
MECSs considered by HST at =

{
xn

1 (t), . . . , xn
k (t), . . . , xn

K(t)
}

.
• Reward: In Equation (15), r(st, at) is defined based on the task throughput T(t) and the

delay L(t). The reward function is designed to minimize delay L(t) while maximizing
task throughput T(t). Here, task throughput refers to the resources of a task that
succeeds within the delay constraint, while delay represents the time consumed when
processing a task. These two objectives are conflicting, as one seeks to minimize delay
and the other seeks to maximize the throughput. To address this, the reward function
penalizes task execution delay (L(t)) by applying it as a penalty term, while task
throughput (T(t)), whose goal is to maximize, is applied as a reward term. In addition,
the weights in the reward function that constitutes this multi-objective sum to 1 and
represent values between 0 and 1. This indicates importance. If greater emphasis on
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the task throughput is desired, the weight assigned to the task throughput can be
increased accordingly:

r(st, at) =

{
−L(t) , Lmax < L(t)

ω·T(t)− (1−ω)·L(t), Lmax ≥ L(t)
(15)

Figure 3 illustrates a simplified flowchart for determining the task partitioning ratio
in the proposed system. The flowchart depicted in Figure 3 represents the TD3 learning
process at time slot t. Based on the MDP defined above, it demonstrates the operation of
the TD3 algorithm within the HSR environment. In this setup, multiple agents represent
HSTs, which operate independently without sharing a common environment. The process
begins with each agent observing the current state (st) and selecting an action (at) based
on the Actor network’s policy. The environment then provides a reward (rt) and the next
state (s′t), which are stored as transitions (st, at, rt, s′t) in the replay buffer. During the
learning process, a mini-batch of transitions is sampled to update the Critic networks using
the TD3 loss function. Finally, the Actor network is updated based on the deterministic
policy gradient. Each agent learns by sampling B transitions randomly from a replay
buffer. These transitions are used to update the agent’s policy and value networks. The
reward is generated based on the actions taken by the agents, which are determined from
the information observed in the environment. The proposed environment is dynamically
changing at every time slot, and it has the characteristics of generating large-scale tasks due
to user density. By utilizing the characteristics of TD3 described above, this study aims to
effectively solve the problem of determining task partitioning ratio in an HSR environment.
In particular, the approach ensures stable and efficient task partitioning ratio decisions,
even in environments characterized by dynamic MECS loads, varying numbers of HSTs,
and high task generation rates caused by dense user traffic.
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4. Simulation Results
This section presents the experimental results conducted to evaluate the performance

of the proposed algorithm in an HSR environment with MECSs. The experimental en-
vironment was built based on python 3.9 and pytorch 2.4.1+cu118. The experimental
environment consists of HSTs moving along HSRs track and BSs with MECSs. The BS was
placed along the railway. The experiment was conducted in a scenario including multiple
HSTs and MECSs. Multiple passengers were set to create tasks through UEs inside the
HST, and the number of HSTs was designed to change dynamically over time. In addition,
the movement information of the HST was conducted using SUMO (Simulation of Urban
MObility) [24].

The proposed model for the simulation is an initial scenario model for subsequent
studies. In the experimental environment, the speed of HSR was set to 0~100 m/s, and the
service radius of BS was configured to 200 m. The task occurrence was modeled by forming
a distribution based on the Poisson Process, and the performance of the proposed algorithm
was evaluated in various network and task and HST environments. The experimental
parameters in HSR are referred to in [20]. The specific experimental parameters are specified
in Table 1.

Table 1. The parameters setting of the HSR.

Parameter Value

The number of BSs 10
Task arrival rate (λ) 30
Task data size (S(t)) [0.1, 0.6] Mbit

Task workload (C(t)) 1100 cycles/bit
Noise (σ2) −100 dBm

Pathloss model (gn,m(t)) WINNER II D2a [25]
The computation capability of MECS k ( fk) 10 GHz

Bandwidth (B) 100 MHz
Time duration per 1 slot (t) 0.5 s

Lmax 5 s
The number of episode (E) 2000
Power of the HST (pn,m(t)) 23 dBm

The network structure used in this paper is designed based on the TD3 algorithm. The
actor network receives a state as input and generates continuous actions, and the structure
consists of a fully connected layer of [256, 256]. The first hidden layer is mapped from the
state space size to 256 units, and the second hidden layer maintains 256 units. The last
layer is mapped from 256 units to the action space size, and the output value is converted
to the parameters of the Dirichlet distribution through the Softplus activation function.
Through this, the action sampled from the Dirichlet distribution is output so that it can
solve continuous and probabilistic ratio-based problems.

The Critic network consists of two independent Q-networks (Qθ1 , Qθ2), which take
state and action as input and output Q values. Each Q-network consists of a fully connected
layer of [256, 256], where the first hidden layer maps 256 units from the input of the state
space size and the action space size, and the second hidden layer also maintains 256 units.
The last layer outputs a single scalar value from the 256 units to generate the Q value.
Both hidden layers used the ReLU activation function, and the two Q-networks were
trained independently to ensure the stability of Clipped Double Q-Learning. The specific
hyper-parameter values used in TD3 are specified in Table 2.
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Table 2. The hyper parameter of the proposed algorithm.

Parameter Value

Batch size (N) 256
Actor network learning rate 0.0005
Critic network learning rate 0.005
Policy update frequency (d) 2

Tau (τ) 0.05
Discount rate (γ) 0.98

Optimizer Adam

In order to evaluate the proposed algorithm in this paper, the performance was
compared with the following three different types of schemes.

1. Random: This method randomly selects the task partitioning ratio, without consider-
ing the task characteristics or MECS status. This is used as a reference point to check
how much the structured decision-making method improves performance.

2. No Partition: This method processes all tasks on the initially selected MECS without
performing task partitioning. This is used to compare the impact of task partitioning
on resource utilization and performance.

Figure 4a illustrates the performance showing task throughput as the number of
serving MECSs increases. The proposed algorithm demonstrates improved throughput
with an increasing number of serving MECSs. This improvement is attributed to the
ability to partition tasks across a larger number of MECSs, enabling parallel processing.
Consequently, the system can handle a higher volume of tasks within the delay constraints,
resulting in increased throughput. Random scheme achieves the highest throughput among
the compared methods. This result stems from the uniform distribution of tasks across the
MECSs, which, despite lacking server load awareness or partitioning strategies, effectively
balances the load. In contrast, the No Partition scheme records the lowest throughput when
the number of serving MECSs reaches 10. This is because tasks are always assigned to
the nearest MECS, increasing the likelihood of exceeding the processing delay threshold,
which negatively impacts performance. Unlike the proposed algorithm, the throughput of
the No Partition scheme is inconsistent regardless of the number of serving MECSs. This
inconsistency is influenced by the movement patterns of HSTs. Interestingly, the proposed
algorithm achieves its highest throughput when the number of serving MECSs is 8. This
result can be attributed to the even distribution of HSTs, which ensures that tasks are
uniformly allocated to MECSs, maximizing processing efficiency and throughput under
this configuration.

Figure 4b illustrates the performance of throughput as the task arrival rate increases.
For this experiment, the number of serving MEC servers was fixed at 10 to evaluate the
effectiveness of task distribution across servers. In the case of No Partition, the throughput
significantly decreases as the task arrival rate increases. This is because, as more tasks are
generated, the size of tasks sent to a single MEC server increases, which leads to fewer tasks
being processed within the required delay constraints. Notably, at a task arrival rate of 50,
no tasks are successfully processed, resulting in a throughput of zero, as indicated by the
absence of the corresponding bar in the graph. On the other hand, Random achieves higher
throughput as the task arrival rate increases, owing to its ability to distribute tasks evenly
across servers. However, the Proposed Method demonstrates the highest throughput at
a task arrival rate of 30. This is because, while the proposed method effectively manages
task partitioning, the higher task arrival rate leads to an increased number of tasks to be
processed, which limits its performance beyond a certain threshold.
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Figure 5 illustrates the performance of average delay under varying task arrival rates
and the number of servers. Figure 5a demonstrates that the average delay decreases as
the number of servers increases. This improvement can be attributed to the increased
availability of serving MEC servers, enabling tasks to be partitioned and processed in
parallel. For the No partition approach, tasks are not divided among servers, resulting
in significant delays due to the high dependency on the movement of high-speed trains
(HSTs). While there is a slight improvement in delay when the number of servers increases
from 5 to 8, the overall delay remains the highest compared to other methods since tasks are
processed on a single MEC server. In contrast, both the proposed method and the Random
approach leverage task partitioning, leading to progressively reduced delays as the number
of MEC servers increases. However, the Random method outperforms the proposed method
in terms of delay. This is because Random evenly distributes tasks across the MEC servers,
preventing overloading on a single server, thereby achieving the lowest delay among the
methods analyzed.

Figure 5b illustrates the average delay as a function of task arrival rates. As the task
arrival rate increases, the average delay shows an overall upward trend due to the higher
task load. In particular, the No partition method exhibits the worst delay performance
because tasks are concentrated on a single MEC server without partitioning. As a result,
it becomes highly inefficient in managing increasing task loads. Moreover, as mentioned
in Figure 5a, the Random approach achieves better delay performance compared to the
proposed method. This improvement is attributed to the uniform distribution of tasks
across the available MEC servers, which prevents server overload and reduces processing
bottlenecks. Consequently, the Random approach demonstrates a significant advantage in
minimizing delay under high task arrival rates.

In conclusion, task partitioning proves to be advantageous in scenarios involving high
task loads. The proposed method demonstrates its best performance when the task arrival
rate is at a moderate level. While the Random approach achieves superior throughput perfor-
mance, it exhibits negligible differences in delay compared to the proposed method. Future
research will aim to enhance the proposed policy by incorporating certain advantages of
the Random approach, thereby addressing its current limitations and further improving
performance. Also, the proposed paper shows that the performance varies depending
on how the serving MECS K is determined. It shows that the smaller K is, the worse the
performance is. The reason is that the more MECS are considered, the more the number
of tasks to be divided increases, which reduces the delay and increases the throughput.
However, if many serving MECSs are simply considered, the computational complexity
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will increase significantly. Determining the appropriate K even in dynamic environment
can be another research topic.
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5. Conclusions
This paper addresses the task partitioning decision in HSR environments with MECSs.

The proposed DRL-based task partitioning mechanism dynamically adjusts the task parti-
tioning ratio in response to a real-time environment in which the number of HSTs changes
every time slot, the density of passengers inside the HST, the server load of the MECS,
and the data size of generated tasks change. The experimental results show that when the
task occurrence rate is 20, the delay time is improved by about 5% compared to random
and about 13% compared to no_partition. When it is 50, there is no significant difference
from random and about 2% improvement compared to no_partition. There is almost no
difference in task processing when it is 20. However, when it is 50, random is much bet-
ter. Future research will focus on integrating resource optimization and task partitioning
mechanisms to develop a unified framework capable of dynamically adapting to HSR
environments. This study supports uninterrupted services for passengers by ensuring
stable task processing and QoS even during high-speed movement in the HSR system.
Furthermore, by adjusting the task partitioning ratio to balance the load among MECSs,
the approach increases the utilization of MEC system resources, reduces task execution
delay, and enhances task throughput. This study also contributes to the development of
scalable and intelligent transportation systems. It supports the implementation of scalable
operations while maintaining QoS in environments characterized by high density and
high-speed mobility. These contributions have far-reaching implications for the realiza-
tion of smart cities and advancements in high-speed transportation technologies. Future
research will focus on developing an integrated framework that dynamically adapts to
HSR environments by combining resource optimization and task partitioning mechanisms.
Given the high-speed nature of HSR environments, managing interference is critical. To
address this challenge effectively, future work will also explore power resource allocation
optimization, aiming to further enhance system performance under the unique constraints
of HSR scenarios.
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