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Abstract—The resource-constrained edge devices are strug-
gling with the rising computational demands of modern user
applications with many dependent tasks. In this paper, we
investigate the dependent task offloading strategy by constructing
graph theory for the dependent tasks so that the explicit priority
relations based on deep reinforcement learning (DRL) are drawn.
In particular, we propose a novel task-priority-transformer
dependent task offloading (TPTDTO) method with the refined
priority features of dependent tasks and the application context
information. We first construct a priority representation for
the dependent tasks which enables the efficient task offloading
and energy consumption reduction. To improve the intelligent
offloading decision efficiency, a proximal policy optimization
(PPO) method is utilized to interact with the multi-access edge
computing (MEC) system. Specifically, we leverage the enhanced
representation capability of the transformer model to encode the
dynamic MEC application topology and utilize a deep neural
network to capture the task priority features. Moreover, the
transformer model is adopted to address the scalability issue.
Simulation results demonstrate that the proposed algorithm can
achieve competitive performance compared with that of the
existing baselines for dependent task offloading.

Index Terms—Multi-access edge computing, task-priority-
transformer dependent task offloading (TPTDTO), proximal
policy optimization (PPO), energy consumption, deep reinforce-
ment learning.

I. INTRODUCTION

DEPENDENT task offloading has garnered extensive
attention across diverse domains, such as IoT [1],

vehicular networks [2], [4], [5], UAV systems [5], [6], [7],
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and artificial intelligence [8]. Typically, tasks in wireless
communications are modeled as a directed acyclic graph
(DAG), with task priorities manually determined to establish
a sequential queue. This prioritization, often based on com-
putational requirements or task interdependencies within the
DAG, ensures successful task completion. Decision-makers
then proceed to make offloading decisions for each task or
all tasks, considering the current state of the environment.
However, due to the intricate task dependency and dynamic
nature of environments, it is challenging to make the optimal
task offloading decisions so as to achieve an optimal system
performance.

There are mainly two strategies for dependent task offload-
ing: sequential offloading [6], [27], [31], [32], where tasks are
offloaded one at a time slot as decisions are made, and batch
offloading [4], [7], [9], [25], [29], [30], where decisions for
all tasks are made simultaneously, followed by a collective
wait for outcomes. Traditional optimization strategies for both
sequential and batch offloading involve modeling dependent
tasks as a DAG and manually extracting priority information to
form a queue for decision-making [4], [6], [7], [27]. However,
these methods struggle in high-mobility communication envi-
ronments with big data processing. The challenge lies in
deriving optimal values from vast data volumes, compounded
by rapidly changing conditions that render these optimizations
unstable. The deep reinforcement learning (DRL) technique
shows a great ability to capture the dynamic information
by interactions with MEC environments based on the deep
neural network (DNN). For the dependent task offloading, the
DRL can learn a policy that enables to make the suitable
offloading decisions and maximize the expected cumulative
reward [25], [29], [30], [31], [32]. Furthermore, due to the
robustness of DNN, the DRL still effectively performs its
tasks when it confronts with the partial information gaps
for MEC systems. Therefore, recent research endeavors have
increasingly turned to DRL to address the complexities of
dependent task offloading [10], [11], [12], [13], [14], [15].
These studies construct the synthetic dependency among the
dependent tasks, such as execution sequence and priority, to
define the state space for DRL. However, in practice, the
number of divisible subtasks varies by application, leading
to sequential queues of differing lengths. Furthermore, many
approaches must account for the execution order of tasks as a
constraint in the objective function to ensure successful task
completion.
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We explore edge server scenarios with heterogeneous com-
puting capabilities [6] and SoC technology [33], necessitating
batch offloading. However, managing communication among
dependent tasks in multi-access edge computing systems
presents a significant challenge. To tackle this challenge, we
utilize service mesh technology, inspired by [27], to aid in
task communication, despite it not accounting for task execu-
tion order. This approach effectively coordinates interactions
among tasks. Additionally, the extent of sequential queue
is tied to the application task count, introducing scalability
concerns with fluctuating task numbers.

In this paper, we propose a novel approach named as
task-priority-transformer dependent task offloading (TPTDTO)
algorithm to resolve the above issues by constructing a priority
representation for each application task. We transfer the depen-
dent task offloading problem as a Markov decision process
(MDP) to minimize the total system energy consumption and
processing delay [12]. Based on the observation of MEC
systems, a PPO method is developed to train the discrete
system actions in terms of the task offloading schedule [34].
Moreover, representing the applications by DAG, we refine the
application topology features in order to capture the contextual
interdependencies among the computing tasks. To incorporate
the task priorities, we employ the DNN as a priority encoder
to capture the priority features using the task dependency.
The refined features, such as application topology and task
priorities, are then fed into the transformer model [16] for the
task offloading schedule. To improve the training efficiency,
the state and reward are normalized by the Running Mean &
Std approach. Moreover, a masked softmax function is adopted
to address the scalability issue when the number of tasks
changes. To the best of our knowledge, this is the first work
that jointly considers the dependent task offloading by priority
and transformer. In brief, our main contributions in this paper
are as follows:

1) We propose a novel dependent task offloading approach
for MEC systems, called as TPTDTO, which constructs
a priority representation for each computing task. It
enables the efficient offloading and improves the system
performance in terms of the total energy consumption
and processing delay.

2) We utilize the transformer model to formulate the
dynamic system, the scalability issue, and application
topology, apply the Running Mean and Std to normalize
the state and reward, and use the DNN to capture the
task priority features. These contributions improve the
performance and convergence speed of the proposed
TPTDTO.

3) We employ PPO method to train the TPTDTO directly
based on the MEC system state and then output
the optimal offloading decision. We also evaluate the
performance advantage of the proposed TPTDTO via
extensive simulation experiments compared with several
existing baseline algorithms.

The rest of this paper is organized as follows. Related
works are introduced in Section II. The system model and
problem formulation are introduced in Section III, including
the network architecture, communication model, computation

model, delay and energy consumption model. In Section IV,
we address the formulated optimization objective by our
proposed dependent tasks offloading algorithm. Computer sim-
ulation results are presented in Section V. Finally, Section VI
concludes the paper.

II. RELATED WORK

The existing research on the dependent task offloading issue
mainly focuses on the task dependencies. In this section, we
will introduce them according to the traditional and intelligent
tools in details.

A. Traditional Dependent Task Offloading Methods

Typically, tasks are structured as a DAG to prioritize them
through rank scores, influenced by environmental and specific
task states, while maintaining a prescribed execution order for
successful completion. The execution queue is then determined
by these rank scores, upon which offloading decisions are
made.

Liu et al. [17] propose the Energy Efficiency Co-Task
Computational Offloading (ECTCO) algorithm, leverag-
ing Semidefinite Relaxation (SDR) and probabilistic-based
stochastic mapping. This approach uses task execution time
as the rank score, considering both the execution order and
maximum latency constraints. Sahni et al. [18] also use
task execution time as the ranking metric but focus on
network flow scheduling to address resource contention during
offloading, particularly for tasks sent to multi-hop neighboring
devices.

Liu et al. [6] explore a scenario where tasks are distributed
across vehicles with heterogeneous computing capabilities,
featuring various types of computing units. They repre-
sent tasks using a DAG and introduce the RFID method,
which incorporates a priority changing mechanism along-
side a degree-based weighted earliest finish time mechanism.
In [26], an online learning algorithm, OL-DTO, is introduced
for dependent task offloading in edge computing, designed
to handle offloading with unknown system information. It
employs Multi-Armed Bandit (MAB) theory and Lyapunov
optimization to navigate the complexities of unknown system
dynamics. Roy et al. [19] address resource competition among
dependent tasks, enhancing offloading efficiency via a real
auction mechanism.

Yuan et al. [9] concentrate on splitting applications into
multiple dependent subtasks, with some offloaded to a remote
server for parallel processing to minimize application pro-
cessing time. The splitting ratio is further optimized in [25].
The remote server in [9] encompasses both cloud data cen-
ters (CDC) and edge servers, enabling parallel processing
of dependent tasks across users, edge servers, and CDCs,
spatially. In [4], a template-based method is introduced for
vehicular cloud (VC)-assisted task scheduling, where a tem-
plate maps task components to vehicles. Optimal templates
are identified using template searching technology based on
the task priority, allowing for parallel task processing by
the decision maker. Nguyen et al. in [7] break down the
task offloading process in MEC-enabled UAV networks into
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TABLE I
COMPARISON OF FEATURES AND CONTRIBUTIONS IN DEPENDENT TASK OFFLOADING METHODS

two subproblems, employing a strategy of merging individual
subtask decision vectors into a unified decision vector to
enable simultaneous offloading of multiple subtasks.

Although offloading dependent subtasks simultaneously
for parallel processing has significant potential, ensuring
that this idea works effectively at the network level is a
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challenge. However, [27] utilizes cloud-native technologies to
encapsulate dependent tasks within containers for schedul-
ing, leveraging cloud-native service mesh technologies. This
approach significantly enhances the potential for simultaneous
offloading of dependent tasks at the network level.

B. Intelligent Dependent Task Offloading Methods

The DRL-based decision-making mechanisms for depen-
dent task offloading have been extensively studied in recent
years. Zhang et al. proposed the OSTTD method in [10], in
which they took the dynamic system status as the inputs and
iteratively output a sequence of decisions. The OSTTD method
models task relationships as adjacency matrices of dependent
tasks, capturing essential information. Specifically, the OSTTD
method was a policy-gradient-based approach that directly
learned a policy without the need to calculate the value func-
tion. Song et al. proposed a DQN-based method in [11] that
jointly optimized the multiple objectives, including the com-
pletion time, energy consumption, and usage charge. To make
an efficient offloading decision, they utilized the proposed
DQN-based method and took the execution order of tasks into
account as the inputs. Liu et al. [12] represented the task
dependencies as a DAG and proposed an actor-critic-based
method that took the task priorities into account as the inputs.
Specifically, the task priorities referred to the assignment of
higher priorities for tasks that have longer time intervals before
their deadlines or require higher energy consumption for
execution. DDPG agents are used to generate task offloading
decisions, optimizing DDPG parameters with task priority
information to extract valuable experiences in [13], [14], [29].
Unlike the DDPG algorithm, [28] adopts the A2C algorithm
for dependent task offloading. DDPG operates on a determin-
istic policy for continuous action spaces, whereas A2C uses a
stochastic policy, fitting discrete action spaces. These studies
demonstrate that no algorithm is universally superior; the
choice depends on the specific requirements of different edge
computing scenarios. Furthermore, [2] explores scheduling
fairness in multi-user environments, and [30] examines the
impact of task arrival patterns.

In the DRL-based studies mentioned, characteristics of
dependent tasks are manually defined before being fed into
the neural network as part of the DRL state space. To
enhance feature extraction of task dependencies, [31] employs
Graph Convolutional Neural Networks (GCNNs) for automatic
feature extraction, while [32] incorporates an attention mech-
anism into the GCNN framework. These studies highlight the
efficiency of GCNNs and attention mechanisms in improving
task offloading for dependent tasks.

However, due to the complexity introduced by big data,
most of the traditional methods struggle with optimizing
offloading decisions and fall short with them. Inspired by
the prior studies [6], [7], [9], [14], [27], our work immerses
the simultaneous offloading decisions for dependent tasks in
dynamic MEC environments with DRL and designs a DRL-
based framework. Unlike the previous approaches that rely
on sequential task prioritization and overlook scenarios where
the number of tasks per application varies among users, our

primary contribution lies in using a Transformer model to
handle scenarios where the number of subtasks per application
varies among users, filling a critical gap in the existing
literature.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we present the system model and the
dependent task offloading optimization problem formulation.
First, we give the details of the dependent task offloading
process in MEC. Then, the energy model and the correspond-
ing optimization objective for the optimization problem are
described. The main notations are summarized in Table II.

A. System Model

Consider an MEC network consisting of numerous edge
servers (ESs), S = {s1, s2, . . . , sm}, and a set of edge
devices (EDs), U = {u1, u2, . . . , un}, with an application A
and multiple dependent computing tasks {t1, t2, . . . , tn}. We
present a scenario, as illustrated in Fig. 1, and the application
is divided into ten dependent computing tasks, where the
node 1 represents the input and the node 6 is the output. It is
important to note that the application may encompass multiple
input and output nodes. So, we assume that one application has
only one input and one output [3]. Let G = (N , E) denote a
DAG which represents an application, where the vertex ti ∈ N
and the directed edge e(ti , tj ) ∈ E represent the task ti and
the dependency between ti and tj , respectively.

Considering the heterogeneous computing capabilities of
MEC hosts and the network’s ability to transmit multiple data
streams concurrently, we focus on a parallel task offloading
scenario. The applications can be represented as DAG, which
enables the strategic offloading of computational tasks to the
edge servers. For example, as shown in Fig. 1, the DAG
represents a dependent task structure designed for a real-
time video monitoring and anomaly detection system in a
smart city context. The six nodes in the DAG correspond to
subtasks, with directed edges indicating dependencies. Subtask
1, capturing real-time video, initiates independently, while
subtasks 2 and 3, involving image preprocessing and feature
extraction, are executed on edge server 1. The results from
these tasks are then transmitted to edge server 2, where
subtasks 4 and 5 (event recognition and risk assessment)
are performed sequentially. By utilizing parallel processing
across edge servers, the system optimizes latency and enhances
response efficiency for critical events. The final output, rep-
resenting the risk assessment results, is sent back to the user,
enabling timely decision-making in the monitoring process.

Let X1:n = [x1, x2, . . . , xi , . . . , xn ] denote an offloading
plan for the tasks in DAG, where n represents the total
task number and xi represents the offloading decision of ti .
Specially, xi ∈ S ∪ ui denotes that ti is offloaded to the edge
servers or local host ui . Let ti = {d0, ri , ci , (lxi , l

y
i )} denote

the task ti , where d0, ri , and ci represent the initial data size,
output data size, and the required computation resource in
million instructions per second (MIPS), respectively. If the task
is executed first, d0 is greater than zero (d0 > 0). Otherwise,
d0 is equal to zero, i.e., d0 = 0. Assuming that the coordinate,
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TABLE II
NOTATIONS AND SYMBOLS

(lxi , l
y
i ), indicates the location of ED and the EDs randomly

move within the coverage area of one AP indefinitely, we can
also set the location of ES as (sxj , s

y
j ) which remains constant.

If the output of task ti serves as the input for task tj where
i �= j , the output data size of ti and the input data size of tj

Fig. 1. An example of DAG in wireless communications.

are same as ri . Note that the values of d0, ri , ci , and (lxi , l
y
i )

are randomly generated during the task offloading process in
order to simulate the real-world applications. This hypothesis
introduces some additional challenges to the dependent task
offloading strategy due to the inherent stochastic nature of
system.

In general, the total system latency consists of transmitting,
computing, and receiving time. The sending and receiving
times are associated with the network. So, similar to [21], the
transmission rate between ui and sj can be expressed as

Ri ,j = Bi ,j log2
(
1 + γi ,j

)
, (1)

where Bi ,j is the allocated link bandwidth between ui , and sj .
γi ,j is the signal to noise ratio (SNR) which can be given as

γi ,j =
Pt li ,j g

2
i ,j

N0
, (2)

where Pt is the uploading transmission power of ui to AP.
N0 represents the noise power density. gi ,j is the channel gain
between ui and AP. The distance between ui and sj can be
given by

li ,j =

√(
lxi − sxj

)2
+
(
lyi − syj

)2
. (3)

The transmission rate between ESs is defined as

Rs = Bs log2

(
1 +

Ps lsg
2
s

Ns

)
, (4)

where ls is the distance between edge servers by (3). Bs is
the allocated link bandwidth between ESs. Ps is the uploading
transmission power of ES. Ns and gs represent the noise power
density and channel gain between ESs, respectively.

B. Problem Formulation

We model the transmission time optimization as a shortest
path problem with weighted edges in DAG and solve it by the
adaptive Dijkstra algorithm, which is shown in Algorithm 1
in detail. Here, let Gd = (V,F) denote the network topology
where the vertex ui , si ∈ V and directed edge (ti , tj ) ∈ F
represent the ED/ES and data flow from ti to tj , respectively.
The edge weight, denoted as w(i, j), is the sending time
or receiving time if the tasks hold on different vertexes.
Note that the proposed TPTDTO is capable of simultaneously
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determining the offloading decision xi for all tasks. Thus,
the data flow direction between the tasks is known and the
transmission time from ti to tj can be expressed as

w(i , j ) =

⎧
⎪⎨

⎪⎩

riRi,j
riRs
d0Ri,j

, (5)

where w(i , j ) = riRi,j
if the data is transmitted between ED

and ES, vice versa. w(i , j ) = riRs
if the data is transmitted

between different ESs. w(i , j ) = d0Ri,j
if d0 > 0. If the data is

transmitted between ED and ES, the corresponding weight is
calculated as w(i , j ) = riRi ,j , where ri represents the output
data size of task ti , and Ri ,j denotes the data the transmission
rate between i and j. Conversely, if the data is transmitted
between different ESs, the corresponding weight is given by
w(i , j ) = riRs , where Rs represents the data transmission
rate between different ESs. Furthermore, d0 > 0 indicates that
the task ti is executed first and the weight is determined as
w(i , j ) = d0Ri ,j .

Since the computing tasks can be executed parallelly, one
vertex can hold more than one tasks. In this case, the executing
time of the vertex, Ti (t1:m ), is the largest one when the vertex
Vi holds the tasks t1:m and m is the task number. Thus, the
vertex executing time of the vertex i, Vi , can be denoted as

Ti (t1:m ) = max{τ1, τ2, . . . , τj , . . . , τm}, (6)

where τj is the executing time of tj on vertex Vi . It can be
calculated as

τj =

{ ci
f ei

if vertex i is ED
ci
f sj

if vertex i is ES
, (7)

where f ei is the computational capacity in terms of million
instructions per second or MIPS supported by ui . Similarly,
f sj represents the computational capacity provided by sj . ci
denotes the required computation resource for the execution
of task tj .

We assume that in each time slot, a single user initiates
an offloading request for an application comprised of multiple
dependent tasks. Communication among these tasks is facil-
itated by a service mesh, assumed to be pre-installed in the
system. This setup allows us to employ a graph shortest path
algorithm to estimate the execution time of the dependent
tasks.

So far, we can calculate the system transmission time by
Ts = Dijkstra(Gd ,n) in Algorithm 1, where n represents the
vertex number in Gd and � is the comment.

In addition, the system energy consumption is another
important parameter which we should consider. It mainly
consists of computation and transmission costs. The executing
task locally and offloading task to edge servers will result in
different energy costs. To briefly, we assume that the system
transmission power is constant and thus the transmission cost
is determined by the product of the transmission power pt and
time Ts , which can be given by

Etrans = ptTs . (8)

Algorithm 1 Adaptive Digkstra Algorithm
1: Input Gd , the vertex number, n;
2: Output the transmission time, Ts ;
3: �Create an array Ψ with length n, initialized to inf .
4: Ψ = [ψ1, ψ2, · · · , ψn ], ψi = inf .
5: �Create an array Φ with length n, initialized to 0.
6: Φ = [φ1, φ2, · · · , φn ], φi = 0
7: for i = 0→ n − 1 do
8: x = −1.
9: for j = 0→ n − 1 do

10: if not Φ[j ] and (x = −1 or Ψ[j ] < Ψ[x ]) then
11: x = j.
12: end if
13: � Marking the node x as processed
14: Φ[x ] = 1;
15: end for
16: for j = 0→ n − 1 do
17: Ψ[j ] = min(Ψ[j ],Ψ[x ] +Gd [x ][j ])
18: end for
19: end for
20: � Find the maximum value in Ψ
21: Ts = max(Ψ)
22: � If the maximum value is maximum integer value
23: if Ts = inf then
24: Ts = −1.
25: end if

Note that Ts encompasses both uplink and downlink trans-
mission times, as detailed in Algorithm 1.

Moreover, the execution energy consumption is determined
by the CPU power and the time taken to execute the com-
puting task. However, considering the realistic scenarios in
a MEC network, the CPU power consumption E[pe ] should
be modeled as a function of the number of offloading tasks,
reflecting the server’s resource limitations. Hence, the equa-
tion for execution energy consumption can be modified as
follows:

Eexe = E[pe(n)]

n∑

i

τi , (9)

where E[pe(n)] represents the expected CPU power consump-
tion, which is a function of the number of tasks n, and

∑n
i τi

is the total execution time.
So, the overall system energy consumption can be formu-

lated as

Ete = Etrans + Eexe . (10)

Our computing task offloading optimization aims to
minimize the long-term energy consumption and system
processing latency under some stringent task parameter con-
straints. Thus, the corresponding optimization problem can be
formulated by

min

n−1∑

j=0

(λEte + (1− λ)[Ti (t1:m ) + Ts ]) (11)

s.t. xi ∈ {0, 1, . . . , |S |}, (12)

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on November 30,2025 at 01:59:41 UTC from IEEE Xplore.  Restrictions apply. 



XIE et al.: DRL APPROACH FOR DEPENDENT TASK OFFLOADING IN MEC 2607

0 <

n∑

i

τi (13)

0 ≤
∑

i ,j∈E
w(i , j ) (14)

where |S | is the edge server number and λ ∈ [0, 1] is the
scalar weight.

In our decision-making framework, the computing tasks
are either processed locally or offloaded to edge servers.
Specifically, the constraint (12), where xi ∈ {0, 1, . . . , |S |},
delineates the possible destinations for task execution. Here,
xi = 0 represents local processing within the device itself,
while other values correspond to offloading the task to one
of the |S | edge servers. Thus, the above objective function
is NP-hard [3]. In the subsequent section, we will present a
DRL-based dependent task offloading strategy, TPTDTO, for
MEC to tackle the aforementioned issues.

Lemma 1: The problem (11) is NP-hard.
Proof of Lemma 1: The proof of this lemma is presented

in the Appendix.

IV. TASK-PRIORITY-TRANSFORMER DEPENDENT TASK

OFFLOADING SCHEDULING

In this section, we present the proposed TPTDTO in detail.
We first present the necessary background of DRL ingredients
including the state space, the action space, and the reward.
Then, the overall design process is introduced subsequently.

A. The DRL-Based Task Offloading Model Design

In this paper, we employ a model-free DRL approach, where
the system state, action, and reward are explicitly defined.
State transitions are not modeled explicitly, as the agent learns
the system dynamics through interaction with the environment.

1) System State: System state represents the available
information for offloading decisions of agent and also refers
to system observation, which can be denoted as ψt ∈ R

n in
time slot t by

ψt = [f ei , f
s ,Ai , γ], (15)

where f ei is the MIPS of ui and it initiates the offloading
request to the control center. f s = [f s1 , f

s
2 , . . . , f

s
n ] represents

the MIPS set for edge servers where n is the number of edge
servers. Ai = {t1, t2, . . . , tn}. γ is the corresponding link
SNR in Eq. (2).

2) Action: The agent action, at ∈ R
n , can be expressed as

at =
[
x t1 , x

t
2 , . . . , x

t
k

]
, (16)

where x ti ∈ {0, 1, . . . , |S |} and |S | is the number of edge
servers. xi (t) = 0 represents the local task executing and x ti ∈
{1, 2, . . . , |S |} indicates that ti is offloaded to edge servers.
Here, the subscript k represents the application task number.

3) Reward: In the alignment with the optimization objec-
tives of our study, the immediate reward is designed to balance
the energy consumption and latency. It can be defined as:

rt = λEte + (1− λ)[Ti (t1:m ) + Ts ], (17)

Fig. 2. Our proposed reinforcement learning based task offloading. J (θ) is
defined in Eq. (34).

where λ ∈ [0, 1] is a scalar weight that adjusts the trade-off
between energy efficiency (represented by Ete and latency,
represented by Ti (t1:m ) + Ts , ensuring that neither is max-
imized at the expense of the other. This formulation allows
rt ∈ R to reflect the desired compromise between these two
crucial aspects of the system.

B. Architecture for TPTDTO

As demonstrated in Fig. 2, the formulated architecture
for TPTDTO contains three major components: 1) State
and reward pre-processing. It utilizes the normalization to
improve the convergence speed and PPO model performance;
2) Priority encoding. It deploys deep neural network (DNN) as
the priority encoder to capture the application priority feature
by the edge devices; 3) Graph representation. It employs
the transformer model as the graph encoder to capture the
application topology and context representation.

1) State and Reward Pre-Processing: For the state pre-
processing, Ψ = [ψ1,ψ2, . . . ,ψ i , . . . ,ψn ] is expressed as
the state for an episode, where n is the episode length and
ψ i ∈ R

m is given by Eq. (15). To normalize the episode state,
we need to obtain the statistical average value and standard
deviation of the state information. However, the mean value
and standard deviation may change during the training process.
To tackle this issue, we periodically compute the mean and
standard deviation of all samples in the replay buffer and
then use them as the fixed values in the subsequent updates
until the next computation, which is called Running Mean &
Std in some existing literature. The mean value and standard
deviation can be obtained by

μnew = (1− τ)μnew + τμold , (18)

and

ρnew = (1− τ)ρnew + τρold , (19)

respectively, where τ ∈ [0, 1], μ = E(Ψ), ρ =
√
E(Ψ− μ)2,

μ ∈ R
|ψ i |, and ρ ∈ R

|ψ i |. |ψ i | is the dimensional of ψ i and
E(·) is the expectation operation.

So, the normalized state, ψ̃ i ∈ R
m , can be defined as

ψ̃ i =
ψ i − μnew

ρnew
. (20)
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The total return from the time slot t to the episode end,
Gt ∈ R, can indicate that the offloading decision is good or
not. Since our proposed TPTDTO is based on DNN, the total
return will affect the system performance during the training
process. In general, the total return can be denoted as

Gt = rt + γrt+1 + γ2rt+2 + · · ·
=

∑

t

γt−1rt , (21)

where γ ∈ [0, 1] is the reward discount, rt ∈ R is denoted in
Eq. (17).

Considering that if the total return is too large or too small,
the neural-based solution during back-propagation will suffer
from gradient vanishing or exploding, respectively, we take
Eq. (11) as the total return expression and limit it to a certain
range [0, 1]. Based on the previous research, we multiply the
return by ε and rewrite Eq. (21) as

G̃t = 1− ε ·Gt , (22)

where ε is a convergence coefficient.
2) Priority Encoding and Graph Representation: Since we

assume that the communication between tasks is managed by
a service mesh, we need not concern with the execution order
characteristics among tasks. Therefore, we directly use the
adjacency matrix of the DAG as input to the neural network as
context embedding, and the value of each node in the DAG is
also used as input to the neural network as priority embedding.

By utilizing the transformer model to capture the priority
embedding and according to the system state at time slot t,
ψ t = [f ei , f

s , γ,Ai ], we can take the [Ai ] as the graph feature
and construct an embedding as the input of the transformer
model by

z = [[CLS ]; f ei ; f
s ; γ; [SEP ];Ai ], (23)

where z ∈ R
d and d is the dimension. [SEP] is the token

and not utilized in constructing the graph. [CLS] is utilized
to calculate the state value in the PPO method. Ai is the
application graph topology. The transformer model can be seen
as a graph neural network due to its ability to capture the
graph-like relationships using self-attention mechanism [22].

By using the adjacency matrix to model the context embed-
ding and given an adjacency matrix, A ∈ R

n×n , where n is
the number of tasks, we can calculate the in-degree and out-
degree by

z−
deg− = A · I, (24)

and

z+
deg+

= AT · I, (25)

respectively, where I ∈ R
n is a vector in which all of the

elements are 1.
To ensure the stability during the training process, we will

scale the in-degree and out-degree by sine and cosine functions
when they exceed 2, respectively. Therefore, the input of
transformer mode can be denoted as

h(0) = z+Wdeg− · sin
(
z−
deg−

)
+Wdeg+ · cos

(
z+
deg+

)
, (26)

where Wdeg− ∈ R
n×d and Wdeg+ ∈ R

n×d are trainable
parameters.

So far, we utilize the transformer model to capture the graph
and context features by

y = Transformer
(
h(0)

)
. (27)

Finally, we compute the probability distribution of the
offloading decision for all tasks by

yprob = softmax (y[1:]), (28)

where yprob ∈ R
n×m , n is the task number, and m is |S |+1.

y[0] is the state value in PPO method.

C. Variable Task Conditions

To address the scalability challenges posed by a variable
number of application tasks, we adopt the Transformer archi-
tecture, renowned for its proficiency in managing sequences of
arbitrary lengths. This adaptability is crucial when the action
space is contingent on the fluctuating number of tasks, as it is
in our task offloading scenario.

The essence of our solution lies in the utilization of a mask-
ing strategy within the softmax function of the Transformer.
This strategy effectively neutralizes the influence of irrelevant
or non-existent tasks in the action space. We introduce two
key operations in our model: a sequence masking function and
a masked softmax function. The sequence masking function
is defined as follows:

M =

{
Mi ,j = 1, if j < L[i ]
−∞, otherwise

, (29)

where M is a negative infinite mask, L is a vector that contains
the valid lengths of each sequence in M.

For the masked softmax function, the mathematical repre-
sentation is given by:

softmax (M � H ), (30)

where H is last-layer features of input samples and � repre-
sents the element-wise multiplication. The −∞ value ensures
that the softmax output for masked elements is zero, which
prevents these elements from contributing to the output of the
softmax operation.

D. Learning Objective for TPTDTO

The policy-gradient (PG) is a tool to control the proba-
bility distribution of actions by tuning the policy so as to
maximize the return. Given a state, the policy will output an
action probability distribution, denoted by a neural network
πθ as

πθ(ψ) = P[a|ψ ; θ], (31)

where πθ is the transformer model and θ is the trainable
parameter.

The PG method can help to optimize the policy
πθ and output a probability distribution over πθ(a|ψ)
which leads to the best cumulative return in (22).
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To do that, an objective function about the return is
defined as

J (θ) = Eτ∼πθ

[
G̃(τ)

]

=
∑

τ

p(τ ; θ)G̃(τ)

=
∑

τ

G̃(τ)
∏

t=0

p
(
ψ t+1|ψ t , at

)
πθ(at |ψ t ). (32)

Based on the policy gradient Theorem in [23], we can
reformulate the objective function J (θ) into a differentiable
formalization,

∇θJ (θ) = Eπθ

[
∇θ log πθ(at |ψ t )G̃(τ)

]

≈
∑

t=0

∇θ log πθ(at |ψ t )G̃(τ). (33)

PPO improves policy performance by limiting divergence
from the old policy through objective function clipping [34],
ensuring stable enhancements, unlike PG methods where small
parameter changes can significantly impact performance[35].
This approach maintains sample efficiency and avoids
performance collapse, making PPO a reliable and consistent
first-order optimization method.

In this study, the PPO algorithm employs a shared neural
network for approximating both policy and value functions.
The loss function integrates policy loss and value function
loss:

J (θ) = Eτ∼πθ

[
J CLIP(θ)− JVF(θ)

]
, (34)

where J CLIP(θ) is the clipped policy gradient objective, used
to limit the pace of policy updates to ensure that the updated
policy does not deviate too far from the original policy:

J CLIP(θ) = Eτ∼πθ [ min(
πθ(at |st )
πθold(at |st )

Ât ,

clip(
πθ(at |st )
πθold(at |st )

, 1− ε, 1 + ε)Ât )], (35)

where Ât = G̃(τ)−Vπθ (st ) is the estimate of the advantage
function. The clip function, clip(·), and pruning coefficient, ε,
limit the updating steps and updating amplitude.
JVF(θ) is the value function loss, often measured using

mean squared error to assess the difference between the value
function prediction and the actual returns:

JVF(θ) =
(
G̃(τ)− Vπθ

)2
(36)

To increase the action probability which leads to the energy
reduction, we employ the gradient ascent to iteratively update
the parameters of neural networks according to

θ ← θ + α∇θJ (θ), (37)

where α is the learning rate.

Algorithm 2 Task Priority Offloading Scheduling Algorithm

1: Initialize the episode replay memory D, and |D | = 100;
2: Initialize the number of epoch N;
3: Initialize the update interval of state mean & std M;
4: Initialize the Transformer network with random weight θ;
5: for k = 0→ N − 1 do
6: � Collect an episode states.
7: for i = 0→ |D | − 1 do
8: D [i ] = (ψ i , ri , ai ,ψ i+1)
9: end for

10: � Preprocess the states and rewards.
11: Calculate the mean of the state μ on D.
12: Calculate the std of the state ρ on D.
13: Normalize the states using the (20).
14: Calculate the expected return using the (22).
15: � Encode the priority feature.
16: h(0) = z+Wdeg− · sin(z−deg−) +Wdeg+ · cos(z+deg+)
17: if k%M == 0 then
18: Update the μ and ρ using (18) and (19)
19: end if
20: � Forward propagation of the policy model;
21: Tramsformer(h(0))
22: � Back-propagate the policy model and update the

parameters of the policy model;
23: θ ← θ + α∇θJ (θ)
24: end for

E. Training Process and TPTDTO Design

The detail of the proposed task offloading algorithm is
summarized in Algorithm 1, where � is the comments. Firstly,
the episode replay memory, the epoch number, the update
interval of state mean & std, and the weights of transformer
network are initialized. The maximum length of episode
replay memory is set to 100, which means that we offload
100 applications in an episode. For each epoch step, we
should collect the transition segments (ψ i , ri , ai ,ψ i+1) for an
episode for back-propagation. The action ai is sampled based
on the probability distribution in TPTDTO and it is pre-trained
with the input h(0), which is pre-processed from line 11 to
line 13 in Algorithm 1. Note that the mean value and standard
deviation of the states are updated at regular intervals. Finally,
the updating neural network is improved by conducting the
mini-batch Stochastic Gradient Ascent with the target function
defined in Eq. (34) for N epochs.

V. SIMULATION RESULTS

In this section, the simulation results are presented to
illustrate the effectiveness of the proposed dependent task
offloading algorithm in multi-access edge computing system.
The energy-efficient dependent task offloading algorithm and
network architecture are implemented with PARL,1 and the
system model is formulated by Python 3.7.

1https://github.com/PaddlePaddle/PARL
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A. Simulation Settings

We implement the proposed TPTDTO on a Linux work-
station with 64-bit Ubuntu 22.04.1. The hardware for training
all DRL baselines has one Nvidia’s GPU with GeForce RTX
3090Ti with 24-GB memory. The CPU is an Intel Core i9-
10980XE processor, 18 cores, and 3.00GHz clock speed.
Considering a small cell network consisting of three APs and
one ES, where the EDs with splittable tasks are randomly
moving at each time slot within the coverage of APs, i.e.,
200(m) × 200(m). In our experiments, the ED number is 5 and
the ES number is set as 3. Moreover, we randomly generate
100 applications with various dependent task numbers like 5,
10, 15, 20, and 25 for an episode.

Similar to [24], the channel gain is modeled as 127 +
30log(L), where L is the transmission distance. One episode
has 100 splittable tasks to offload as C = 100. The attributes
of the task, denoted as ti , are chosen randomly from a discrete
uniform distribution. In order to establish the uniformity in
the dynamic environment for each baseline, we have fixed the
random seed at 123. The learning rate given by (37) is set
as α = 0.001 and the reward discount is set as γ = 0.9.
The number of the transformer layers is set as nh = 2. We
trained all DRL baselines for 25000 epochs, conducting testing
every 10 epochs. To investigate the scalability challenges
associated with a varying number of application tasks, our
experimental setup includes a range of scenarios with the
number of application tasks set to vary from 5 to 25.

For the DAG generation, we follow the method described
in [15], which allows us to control the properties of the DAG
through several parameters, including fat, density, and ccr. The
fat parameter determines the width and height of the DAG,
affecting how many tasks can be executed concurrently and the
number of levels in the DAG. The density parameter influences
the number of edges between different levels of the DAG,
thereby impacting the connectivity and dependencies between
tasks. The ccr parameter, or communication-to-computation
ratio, adjusts the balance between communication overhead
and computational workload in the DAG. In our simulation
experiments, we set fat, density, and ccr to 1, 1, and 0.5,
respectively, to reflect typical scenarios in dynamic MEC
environments. The DAG generation tool can be accessed from
the code repository.2

B. Benchmark Algorithms

For comparison, we also evaluate the performance
of the following benchmark algorithms except for our
proposed TPTDTO: Random, RoundRobin, WeightGreedy,
PGDNN [10], PGTF, and A2C [28]. Overall, they are
described as follows.

1) Random: The offloading decision for each task in the
DAG is random.

2) RoundRobin: The tasks in the DAG make offloading
decisions based on the CPU and energy utilization of
the local processors and MEC hosts.

2https://github.com/TILhub/OCT-Algorithm

Fig. 3. Average reward for the proposed algorithm and some benchmark
algorithms versus task count.

3) WeightGreedy: Compared to RoundRobin, WeightGreedy
takes into account the weightage of the utilization.

4) PGDNN [10]: A DNN-based policy gradient method
without priority embedding.

5) PGTF: A policy gradient method, where we replaced
the DNN architecture in PGDNN [10] with Transformer
models to evaluate the performance improvements
brought by the Transformer-based architecture. This
modification is not from the original [10], but was
proposed in this paper to validate the effectiveness of
Transformers.

6) A2C [28]: Using the A2C algorithm for dependency task
offloading.

C. Performance Comparisons and Analysis

Fig. 3 illustrates the reward performance with different
computing task counts of the considered algorithm. From
the figure, it is observed that the lower reward indicates the
better performance. This is because that the total reward is
calculated as the sum of energy consumption and delay, which
encompasses both the executing and transmission delays. The
experimental results demonstrate that our proposed TPTDTO
performs better than the other baselines and this verifies the
effectiveness of TPTDTO in the dependent task offloading.
Furthermore, the simulation results of Random, PGDNN,
RoundRobin, and WeightGreedy are similar significantly. This
indicates that the PGDNN is not capable of modeling dynamic
environments. After replacing the DNN with the transformer
model, the policy-gradient method achieves a significant
improvement. It demonstrates that the transformer model is
better suitable to model the dynamic environments than the
traditional DNN. In addition, in comparison with PGTF, our
TPTDTO achieves achieve a better performance result, which
indicates that the exploring priority information to model the
dependent tasks can improve the computing task offloading
efficiency.

Fig. 4(a), 4(b), and 4(c) depict the energy consumption in
the network transmission, edge computing, and local comput-
ing, respectively. From the figures, we see that the network
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Fig. 4. Energy consumption of transmission, edge servers, and edge devices for the proposed algorithm and some benchmark algorithms.

Fig. 5. Average delay of transmission, edge devices, and edge servers for
the proposed algorithm and some benchmark algorithms.

transmission consumes the most energy, followed by the
computing tasks at edge servers, which are similar to the other
baseline algorithms. This indicates that all baselines tend to
offload the computing task to edge servers for execution. In
addition, since both RoundRobin and WeightGreedy use the
greedy algorithms which cannot make reasonable offloading
decisions for randomly generated tasks, they offload all of their
computing tasks to edge servers. Compared with the baselines,

our proposed TPTDTO achieves a better balance between ESs
and EDs by reducing the energy consumption of network
transmission. When the task number is set as 15 and 20,
respectively, the proposed TPTDTO tends to offload the tasks
to the local devices for offloading, resulting in higher energy
consumption compared to the other baselines for edge devices.
When the task count reaches 25, the TPTDTO algorithm
shifts its offloading strategy, prioritizing edge servers over
local devices. This change reduces the energy consumption
and execution delay on edge devices, as seen in Fig. 4(c) and
Fig. 5(b), but increases the energy and delay on edge servers
and transmission, as shown in Fig. 4(a), 4(b), 5(a), and 5(c).

In order to further analyze the network task transmission and
executing time on ESs and EDs, we can refer to the numerical
results in Fig. 5(a), Fig. 5(b), and Fig. 5(c). The baseline
algorithms tend to offload the computing tasks to edge servers,
which may increase the network transmission time and energy
consumption. In contrast, the proposed TPTDTO offloads
the computing tasks to edge devices, leading to a higher
executing time. To analyze the combined energy consumption
and system delay, it is evident that simultaneously optimizing
the two parameters will bring out lots of challenges. However,
as being based on neural networks, the proposed TPTDTO
lacks theoretical guidance to analyze the underlying reasons.

It is important to note that the energy consumption and
computation delay are closely related, as demonstrated by the
similarity between Fig. 4(b), 4(c) and Fig. 5(b), 5(c). This
correlation occurs because the energy consumed by edge
devices and servers is directly tied to the computational work
they perform, which influences the delay experienced during
task execution. As more tasks are offloaded to edge servers,
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Fig. 6. Energy consumption of computing tasks under different task counts
for the proposed algorithm and some benchmark algorithms.

Fig. 7. Average total delay under different task counts for the proposed
algorithm and some benchmark algorithms.

both the energy consumption and execution delay on these
servers increase simultaneously.

Fig. 6 shows the total energy consumption of computing
nodes for task offloading under different task counts. As
can be observed, when the task number for an application
is fewer than 10, PGTF demonstrates better performance
compared to our proposed TPTDTO. However, when the task
number exceeds 10, our proposed algorithm exhibits superior
performance over PGTF. This result suggests that a smaller
number of tasks entail a lesser task topology information. In
comparison to PGTF, TPTDTO utilizes (26) to extract the
priority features among tasks. Given 5 and 10 tasks, the energy
consumption of PGTF is 82% and 79% of the one of TPTDTO,
respectively. Moreover, when increasing the task number of an
application from 15 to 25, the energy consumption of TPTDTO
is 70%, 64%, and 95% of the one of PGTF, respectively.

Fig. 7 illustrates the total system delay performance under
different task counts. From this figure, it can be seen that if
the task number is 25, our proposed TPTDTO can significantly
reduce the system’s delay compared to the baselines. However,
when the task number is less than 25, the performance of the

Fig. 8. Convergence diagram of TPTDTO algorithm.

proposed TPTDTO is inferior to them. This is because that the
proposed TPTDTO tends to offload the tasks to local devices
due to their limited computational capability. The above simu-
lation results indicate that our proposed TPTDTO outperforms
the baseline algorithms in reducing system energy consump-
tion. In addition, it is beneficial for the energy efficiency
performance by extracting priority information among the
application computing tasks and furthermore the transformer
model is better for modeling the random systems compared
with DNN. Note that with 20 tasks, TPTDTO shows a higher
average total delay than other methods due to prioritizing local
execution for most tasks, as shown in Fig. 4(a), 4(b), and 4(c).

D. Evaluation of Train Performance

In Fig. 8, we show the relationship between the convergence
performance of training loss value for TPTDTO and the vary-
ing task number during the intelligent training process. In this
case, we observe that as the training time grows, the TPTDTO
demonstrates an accelerated convergence, which indicates its
outstanding capacity ability to learn the information of system
and computing tasks. In particular, Fig. 9 illustrates the return
analysis of convergence performance during testing, where the
returns are recorded every n steps and n is set to 10. Obviously,
the simulation results of the returns exhibit an ascending trend
over differing task counts and they substantiate our assertions
about the algorithm design effectively. In addition, we also
notice that the return value decreases sharply when the task
number is set as 25 at the beginning and steadily grows after
100 episodes. When the task number is set as 15, the return
value decreases steadily at the beginning and steadily grows
after 500 episodes. After 2300 episodes, it decreases sharply.
Although we use many useful tricks, there is no theoretical
guarantee that the stable return value achieves the optimal
policy. This is because that the intelligence of neural networks
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Fig. 9. Convergence performance of returns during testing. Note that DRL
always reports return in a higher-is-better format. For this purpose, return is
multiplied by –1.

Fig. 10. Comparative experimental results of rewards with and without the
use of Running Mean & Std for the proposed algorithm and some benchmark
algorithms.

cannot be quantified. Overall, our proposed algorithm can
increase the return value.

E. Effect of Running Mean & Std

To evaluate the impact of the Running Mean & Std on our
dependent task offloading scenario, we conduct experiments
with and without the use of Running Mean & Std, and
show the results in Fig. 10. From Fig. 10, it is evident that
the strategies employing Running Mean & Std (without the
‘wRMS’ tag) consistently outperform their counterparts across
varying task counts. The TPTDTO curve, which accounts for
the Running Mean & Std, demonstrates a lower reward tra-
jectory compared to its non-normalized counterpart, indicating
an improved optimization in terms of energy consumption
and latency. Further examination reveals that the normalized

Fig. 11. Experimental results for varying numbers of application tasks as
the task count changes.

versions of all strategies, including TPTDTO, PGTF, and
PGDNN, exhibit a downward trend in reward values as the
task count increases. This trend is consistent with the expected
behavior, where the normalization aids in mitigating the
variance in reward signals, thereby facilitating a more stable
and reliable convergence during the training phase of the DRL
model. In contrast, strategies without the Running Mean & Std
normalization (denoted with ‘wRMS’) show an inverse rela-
tionship, with the reward increasing alongside the task count,
suggesting a less effective optimization process. Particularly
for the TPTDTO-wRMS variant, the performance decrement is
pronounced, underscoring the significance of the normalization
technique in handling higher-dimensional state spaces asso-
ciated with larger task counts. The disparity in performance
between normalized and non-normalized strategies becomes
more distinct as the task count exceeds the 15-task threshold.
This observation implies that our normalization technique,
Running Mean & Std, is particularly beneficial in scenarios
with a substantial number of tasks, thereby confirming its role
in improving the scalability of the offloading strategies.

F. Analysis of Variable Task Conditions

To analyze the scalability of our task offloading strategy
as the number of application tasks varies, we conduct exper-
iments on the vary number of tasks range from 5 to 25,
and show the results in Fig. 11. Fig. 11 compares the aver-
age return values over a range of testing rounds for the
TPTDTO strategy with and without the Running Mean &
Std normalization technique (denoted as TPTDTO-wRMS
and TPTDTO-RMS, respectively). Observing the trends, it is
evident that TPTDTO-RMS maintains a lower average return
value throughout the testing rounds, which is indicative of
a better performance as per our optimization criteria where
lower values are preferable. This demonstrates the strategy’s
robustness and its ability to scale effectively with a changing
number of tasks.

Notably, the TPTDTO-wRMS variant exhibits higher vari-
ability and overall higher return values, suggesting reduced
efficiency and stability when adapting to variable task loads.
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Fig. 12. Comparison of the loss values in the convergence diagram of the
TPTDTO algorithm with and without the use of Running Mean & Std.

The inflection point observed in the Fig. 11 for both strategies
around the 1500-round mark indicates an environment with
a potentially increased number of tasks or a change in task
complexity. Here, TPTDTO-RMS shows resilience to these
changes, with a smaller increase in return value compared
to the TPTDTO-wRMS, highlighting the benefits of the
normalization technique in maintaining performance in the
face of task variability.

The loss value trend, as shown in Fig. 12, during training
rounds indicates that the TPTDTO strategy utilizing the
Running Mean & Std normalization (TPTDTO-RMS) con-
verges faster and to a lower loss value than the version without
it (TPTDTO-wRMS). This suggests that the normalization
technique not only aids in stabilizing the training process but
also contributes to the efficiency of the learning algorithm,
as evidenced by the reduced loss values. Additionally, the
fluctuation in loss for TPTDTO-wRMS indicates less stable
convergence, reinforcing the value of including Running Mean
& Std in the training process for a more consistent and reliable
model optimization.

G. Time Complexity and Space Complexity

To evaluate the time and space complexity of the proposed
algorithms and models,3 we analyze the data presented in
Tables III to V. Table III provides a comparison of train-
ing times across various baseline models, including both
the forward and backward propagation stages. The proposed
TPTDTO method is included to assess its computational
efficiency relative to other approaches, such as PGDNN,
PGTF, and variations of A2C. The training time for TPTDTO,
while not the shortest among the methods, is justified by
its enhanced capability to handle complex tasks that baseline
methods may struggle with.

Table IV presents the parameter sizes of the DNN and
Transformer models. As shown, the Transformer model has

3The GPU used for evaluation is an NVIDIA 3090Ti. Model parameter
sizes were obtained using the ‘summary()‘ function from the PaddlePaddle
framework. Both training and inference times were measured with the Paddle
model directly, without conversion to TensorRT or model quantization.

TABLE III
COMPARISON OF TRAINING TIME PER ROUND FOR

DIFFERENT ALGORITHMS

TABLE IV
MODEL SIZE OF DNN AND TF MODELS

TABLE V
INFERENCE TIME FOR DNN AND TF MODELS (MILLISECONDS)

a slightly larger parameter size than the DNN, indicating a
modest increase in memory and storage requirements. This
difference reflects the inherent architectural complexities of
the Transformer model, which offer additional performance
benefits despite its increased parameter size.

Table V reports the inference times for the DNN and TF
models across varying batch sizes. Given that deep rein-
forcement learning primarily relies on inference after the
policy is learned, this aspect is particularly relevant for
assessing deployment efficiency. The results show that the
Transformer model exhibits longer inference times compared
to the DNN across all tested batch sizes, highlighting its higher
computational complexity. However, both models demonstrate
scalability, with inference times that remain stable as batch
sizes increase.

In conclusion, the proposed TPTDTO method demonstrates
effective performance within the application scope, balancing
complexity with functionality. Although its time and space
complexity may not be optimal, the results indicate that it
performs reliably and efficiently, making it well-suited for
scenarios that prioritize performance alongside manageable
resource demands.
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VI. CONCLUSION

In this paper, we have investigated the DRL based depen-
dent task offloading design for multi-access edge computing
systems and proposed a PPO approach for dependent task
offloading with attention-based model to deal with the energy
consumption and delay problem. We have conducted a
stochastic MEC system to simulate the actual world and
the dependence relationships between the splittable tasks and
their properties are randomly generated. This is based on our
observation that there are many complex and interdependent
tasks in real-world applications. In addition, we have improved
the convergence speed and performance of the PPO model
by employing normalization techniques while capturing the
priority features of dependent tasks. We also use the trans-
former model as the graph encoder to capture the topology
and context representations of the applications. Future work
mainly considers to explore the resource competition issues
for the application placements, addressing the sensitivity of
PPO for further system latency optimization and developing
dynamically adaptive neural networks that can adjust the
input and output dimensions in response to evolving the
infrastructure demands to efficiently manage the fluctuating
action spaces.

APPENDIX

PROOF OF LEMMA 1

To prove that the optimization problem formulated in (11) is
NP-hard, we will establish a reduction from a known NP-hard
problem, such as the Knapsack Problem, to our task offloading
problem. This will demonstrate that solving the task offloading
problem is at least as hard as solving the Knapsack Problem,
thereby proving that it is NP-hard.

First, consider a simplified version of the problem where the
objective is solely to minimize the total energy consumption
Ete . We disregard the latency term and the weighting factor
λ for this initial step. The simplified problem becomes:

min

n−1∑

j=0

Ete , (38)

where Ete = Etrans+Eexe , representing the energy consumed
during transmission and execution.

The Knapsack Problem is a well-known NP-hard problem
where the objective is to maximize the total value of items
packed into a knapsack without exceeding its weight capacity.
Formally, the problem can be stated as:

max

n∑

i=1

vixi , (39)

subject to:
n∑

i=1

wixi ≤W , (40)

where vi and wi are the value and weight of item i, respec-
tively, xi is a binary variable indicating whether item i is
included in the knapsack, and W is the weight capacity of the
knapsack.

We now show how an instance of the Knapsack Problem
can be reduced to our task offloading problem. Consider the
following mapping: 1) Each task ti in our problem corresponds
to an item i in the Knapsack Problem. 2) The Energy cost Ete

associated with offloading or executing task ti corresponds to
the weight wi of item i. 3) The processing time Ti (t1:m ) and
transmission time Ts can be mapped to constraints similar to
the weight capacity in the Knapsack Problem.

Thus, solving the task offloading problem involves deter-
mining which tasks to offload (analogous to selecting items to
pack in the knapsack) to minimize the total energy consump-
tion while satisfying the time constraints.

Given that the Knapsack Problem is NP-hard, and we
have shown that our task offloading problem can be reduced
from the Knapsack Problem, it follows that our problem is
also NP-hard. This reduction implies that solving the task
offloading problem in polynomial time would allow us to
solve the Knapsack Problem in polynomial time, which is not
possible unless P = NP. Therefore, the optimization problem
defined by (11) is NP-hard. This conclusion justifies the use of
heuristic or approximation algorithms to find feasible solutions
within a reasonable time frame.
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