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Abstract. Intelligent object detection has enabled automatic defect
detection at the edges, facilitating smart power transmission inspection
and target recognition. However, edge devices often suffer from lim-
ited computational resources, resulting in slow model recognition and
high energy consumption, making it challenging to meet daily inspection
requirements. Computing Power Networks (CPNs) provide a secure and
efficient distributed computing solution, enabling the effective offloading
of object detection tasks to resource pools within CPNs. Despite numer-
ous studies focusing on optimizing task offloading, some issues persist,
including coarse granularity of computing tasks, dispersed computing
resources, and weak decision adaptability in complex environments. To
address these challenges, we propose a dual attention-based deep rein-
forcement learning (Dat-DRL) approach, utilizing a custom sequence-
to-sequence (seq2seq) neural network to learn effective task offloading
strategies. Monitoring tasks at the edge of the power transmission line
are modeled as a directed hypergraph, and the dual attention mecha-
nism captures inter-task dependencies and diverse service requirements
more effectively. To evaluate the proposed algorithm, we construct a sim-
ulation environment to model task offloading scenarios, and extensive
experiments demonstrate the efficacy of Dat-DRL in reducing latency
and energy consumption across different environments.

Keywords: Object detection -+ Computing power networks - Task
offloading - Hypergraph - Dual attention-based

1 Introduction

With the continuous development of edge intelligence [22], many monitoring and
intelligent recognition tasks can be achieved through the computing power ser-
vices provided by edge cloud devices. Defect perception at the edge requires intel-
ligent monitoring. However, due to the limited computational and storage capa-
bilities of edge devices and the heterogeneity and dispersion of edge cloud nodes,
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the distribution of monitoring tasks is uneven. As a result, only lightweight mod-
els can be executed, which fails to meet the efficient business requirements for
defect perception. Computing Power Networks (CPNs) are a novel architec-
ture that deeply integrates computing and networking [14], establishing a new
information infrastructure with computation as its core and networking as its
foundation. CPNs can dynamically allocate and schedule computing resources,
storage resources, and network resources among cloud, network, and edge based
on task requirements, which can provide assorted computing solutions [14] and
better adapt to the heterogeneous and fragmented problem of defect perception
in power transmission lines.

Energy consumption in CPNs has emerged as a core issue. Speculatively, data
centers are predicted to become the world’s largest energy consumers, with the
ratio rising from 3% in 2017 to 4.5% in 2025. [10]. The task offloading problem
in CPNs is closely related to energy consumption, and one of the significant con-
tributors to increased energy consumption is the coarse-grained analysis of tasks
and resources. Moreover, this coarse-grained analysis also leads to an increased
risk of damage to edge devices and economic losses, which hinders the smooth
operation of monitoring services for power transmission lines.

In recent years, several studies have been conducted to tackle the task offioad-
ing problem, and researchers have explored various techniques to optimize energy
consumption. Zhai et al. [24] devised an energy-aware dynamic offloading scheme
that effectively harnesses available battery power to execute a greater number of
applications within the constraints of application dependencies. Zhao et al. [25]
introduced an iterative algorithm aimed at optimizing the energy consumption
of mobile edge computing while considering latency constraints. This algorithm
has demonstrated the potential to achieve energy savings of 20% to 40%. Chen
et al. [3] treated tasks as indivisible entities and formulated task offloading as
a stochastic optimization problem, aiming to minimize task offloading energy
consumption while ensuring the average queue length under uncertain infinite
channel states. Furthermore, many studies have embraced the utilization of deep
reinforcement learning(DRL) techniques in addressing the prevalent energy chal-
lenges [1,2,13].

Despite the efforts made in the above-mentioned studies to resolve energy
consumption issues through task offloading using various algorithms, several
critical challenges have been overlooked, encompassing:

— Task Aspect: There are various monitoring tasks in power transmission lines,
and it is inappropriate to indiscriminately consider all tasks at the same
granularity. Some workflow tasks in CPNs can be decomposed and reused.
Many studies have not taken into account the existence of task dependencies,
which can potentially lead to suboptimal optimization results.

— Resource Aspect: Decentralized resource management. As the number of
resources in CPNs grows, identifying and efficiently scheduling appropriate
resources from the vast pool becomes exceedingly difficult, leading to conflicts
and uncertainty in task offloading.
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— Task-Resource Adaptation: Weak decision generalization and adaptability.
Traditional methods for addressing task offloading heavily rely on expert
knowledge and precise mathematical models, limiting their adaptability to
unexpected disturbances or unknown scenarios.

In response to the aforementioned problems and challenges, we first model
monitoring tasks from different edge devices (ED) in power transmission lines as
a directed hypergraph. A hypergraph is a data structure capable of representing
multiple associative relationships. Unlike a regular graph, its edges can connect
to multiple vertices. We propose a Dat-DRL algorithm for achieving task offload-
ing in CPNs, to effectively handle task offloading. The dual-attention mechanism
allows the neural network to filter out irrelevant information and focus on cru-
cial features, thus enhancing the quality of ofloading strategies and accelerating
model convergence. The primary contributions of this paper are as follows:

1. We present an attention-based task offloading algorithm that addresses the
complex problem of offloading tasks with dependencies in CPNs. To enhance
energy efficiency, dependent tasks are offloaded to execute either locally or
on the fine-grained resource pool.

2. In order to assign tasks from the directed hypergraph to appropriate CPN
nodes in the resource pool, we employ a Dat-DRL algorithm, which rapidly
adapts to tasks, allowing the model to disregard irrelevant noise and accelerate
convergence by focusing on critical information through the dual-attention
mechanism.

3. Extensive simulation and control experiments are conducted to evaluate the
applicability of Dat-DRL in fine-grained task offloading. The results demon-
strate that Dat-DRL outperforms various baselines, significantly reducing the
number of training steps by over 53.40% compared to DRL models lacking the
dual-attention mechanism. Regarding model performance, Dat-DRL reduces
the overall energy consumption by over 28.24%.

2 Related Work

With the rise of cloud computing and edge computing, task offloading has been
a subject of significant research. Many research works on task offloading in
mobile edge computing can provide insights into the task offloading problem
in CPNs. Several studies have employed heuristic algorithms. For instance, Fen
et al. [23] represented the task offloading problem as a two-dimensional knap-
sack loading problem and introduced a suboptimal heuristic algorithm, which,
compared to the baseline, enhances cost efficiency. Ming et al. [11] modeled
the tasks within task unloading as a directed acyclic graph (DAG) and formu-
lated the optimization problem as minimizing the weighted critical path of the
DAG. They proposed a heuristic solution and validated its effectiveness through
experiments. Lei et al. [8] tackled dynamic task optimization by employing an
approximate dynamic programming approach to jointly optimize computation
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offloading and multi-user scheduling. Their objective was to minimize long-term
average weighted delay and power consumption under random traffic arrivals.

In addition to using heuristic algorithms, many works have employed algo-
rithms based on DRL. DRL algorithms [2,7,12] are utilized in interactive learn-
ing with the environment and offer adaptability to complex and dynamic sce-
narios. Among them, policy optimization-based algorithms achieve effective opti-
mization by learning both policy and value functions. For instance, trust region
policy optimization (TRPO) [15] and proximal policy optimization (PPO) [17]
ensure stability and reliability in policy updates. Various neural network models
are used in DRL, including recurrent neural network models such as the classic
long short-term memory network (LSTM) [5], which effectively addresses mod-
eling and prediction of long sequence data, and the encoder-decoder structured
Seq2Seq network model.

Due to the adaptability of DRL algorithms to task sequence offloading opti-
mization problems in task offloading scenarios, many research works have applied
these algorithms. For example, Wang et al. [20] proposed a deep reinforcement
learning-based offloading framework utilizing a specially designed Seq2Seq neu-
ral network for unique representation of offloading strategies to adapt to dynamic
changes and achieve optimal performance under different transmission rates
and task quantities. Chai et al. [1] have proposed an algorithm for optimizing
proximity-based strategies using single-layer attention to address the challenge
of multi-task joint computation offloading. Di et al. [4] efficiently utilize idle
resources from a dynamic resource pool to enhance the system’s utility through
attention-based proximal policy optimization. Unlike the DRL algorithms men-
tioned earlier, we employ a dual attention mechanism, which better captures the
interrelationships between tasks and their resource requirements.

3 System Model

The proposed algorithm requires learning in a simulated environment. To achieve
this, we establish an environment module that simulates the task offloading
scenario, including the ED local system and the resource pool system.

3.1 Object Detection Task Model in ED System

As shown in Fig. 1, each ED system consists of one or multiple object detection
tasks that can be represented as a directed hypergraph: H = (7, &), where 7 =
{t1,t2,... i, ..., tn} represents the set of tasks, and &€ = {e1,e2,...,€;,...,emn}
is the set of directed hypergraphs representing the dependencies between task,
n = |7 | denotes the number of tasks, m = |£| denotes the quantity of hyper-
edges. Specifically, tasks tg and t. are defined as the start and end points of the
task, respectively, we will use a hyperedge to connect all task nodes and ¢, indi-
cating that the end task always lags behind all other tasks. The i-th task t; can
be represented by {C;,inData;, outData;,type;}, where C;,inData;, outData;
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respectively denote the computational requirements, input data size, and out-
put data size of the task. Additionally, we define a set of task types V =
{1,2,...,v,...,k} to represent the types of tasks. type; € V represents the
type of task. We assume that there are a total of k types of tasks. The j-th
hyperedge e; = {pred;,eW;,t;, eType;} signifies a directed hyperedge directed
towards the task ¢;. pred; indicates the set of tasks that must be completed
before initializing task t;, while eW; measures the data transfer time to task
t; by these preceding tasks. To convey additional relationships between tasks,
eType; = {0, 1} signifies whether the nodes connected by the hyperedge can be
offloaded to different CPN nodes.

The adjacency matrix H of a hypergraph can be represented as a matrix of
dimensions n X m x 2. We represent the relationship between the i-th task and
the j-th hyperedge with a vector h;j of length 2:

eW;, ift; € pred;,
hijO = 71, if t, == tj, (1)
0, else,

and h;j1 = el'ype; is used to represent the type of the hyperedge.

Tasks in edge devices Hypergraphs

(@)
|-

Face recognition tasks

Monitoring tasks

(™

Image recognition tasks

Fig. 1. The hypergraph representing different tasks.
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3.2 Resource Pool Model in CPN

The resource pool in CPN can be represented as a collection of heterogeneous
CPN nodes formed through virtualization of computing resources, denoted by
Uu=1{0,1,2,...,u,...,|U|}. For convenience, we model the local servers of the
ED system as nodes similar to CPN nodes, and we denote the ED system
as node 0. To cater to various services, it is assumed that each CPN node is
equipped with k virtual machines (VMs), with each VM responsible for process-
ing different types of tasks and exhibiting unique computational capabilities.
CP, = {CP,|v € V} denotes the task processing capabilities of CPN node u
for various task types. Here, C'P, ,, quantifies the combined computing capability
of the u-th CPN node when managing tasks of type v. These tasks can be either
executed locally or offloaded to a resource pool, where services with matching
performance levels are accessible. Furthermore, the CPN system state contains
the transmission rate of wireless uplink channel r,;, and rate of downlink chan-
nel, 74, which is similar to the MEC system [21].

3.3 Latency Calculation Model

In the scheduling of H = (7,€&) the task offloading policy Ai., = {a;]i €
{1,2,...,n}} is a critical factor. Each task t; has an offloading decision value
a; € U, 0 indicates running the object detection task on ED; otherwise, it will
be offloaded to the corresponding CPN node. It’s worth noting that when a
directed hyperedge with an eT'ype; of 0 connects multiple tasks, the policies of
these tasks should be the same.

Each task will be offloaded onto VMs tailored to handle tasks of their respec-
tive types. For task ¢;, The overall duration T; , required for offloading task t;
to CPN node u is comprised of the following components: Ti‘fz, which denotes
the time taken for data transmission:

inData; outData;
+ , U

T = >0, (2)

Tul Tdl

which contains the time for uploading data as well as receiving data; 777 denotes
the execution time of the task on the CPN node or the ED system:

Ci

(N — 3
7,U CPu,typei, ( )

when v equals 0, it signifies the execution of tasks in the ED system.

The directed hypergraph structures we discuss are all acyclic, allowing us to
represent tasks as sequences through weighted topological sorting. We replace
the queues in the topological sort with min-heaps, using the task’s earliest com-
pletion time as the key:

C‘T’z = max (CTk + Tk,aj)a (4)
kepre(i)
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where pre(-) represents all predecessor tasks of a task:
pre(t;) = {k|k € pred;,t; =t;,5 € {1,2,...,m}}. (5)

When employed in the task allocation process, this sequence guarantees strict
compliance with dependency constraints. As illustrated in Fig. 2, the tasks within
the hypergraph are parsed into sequences and continuously allocated to their
respective resource pools through the offloading policy.

Task Hypergraph Representation

®
& D
SlelCl®

Resource Integration U
(A [
(&f) (= (af) - (a]

Resource Pools

_ .80 & &
Computational
capability E E E
CPy 0 CPy CPy3 CP,,

@ high
medium

@ low BCP,LI% CPu,ZECPu,g ECPW,

Fig. 2. Task offloading in CPNs.

VM on each CPN node and the ED system can exist in two states: one is a
waiting state with no running tasks, and the other is a running state with an
active task. Waiting VMs can transition to a running state immediately upon
task offloading, while running VMs can return to a waiting state after task
completion. We use ST, , to denote the state of the v-th task type running on
the u-th CPN node’s VM, where 0 represents a waiting state, and 1 represents
a running state. AT, , represents the available time of a VM, which depends on
its current state and the task it is running:

currentTime, if ST, , == 0,
ATy, = WATy,, + T, ifu==0and ST, , == 1, (6)

i,

WATy o + T, else,

where W AT, , equals the time at which it was last in the waiting state. It is
worth noting that when offloading to the ED system, there is no need to consider
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data transmission time. Due to the possibility of multiple tasks being offloaded
onto the same VM, we need to establish a waiting queue ¢,. Tasks offloading at
the same time are queued based on their position in the task sequence. Conse-
quently, the task ¢; upon allocation to a VM, receives a position in the waiting
queue, denoted as p; = {0,1,...,¢len} with 0 indicating that the task is cur-
rently running, and glen representing the length of the waiting queue. Under
normal circumstances, task ¢; can estimate a projected finish time PFT;:

pi—1
PFT; = ATwiype, + > Ty s (7)

j=1
If task t; is executed in the ED system, its completion time is equal to:

pi—1

PFT; = ATy uype, + Y TS o (8)
j=1

q0,5»

t; must wait for its parent task to complete before starting allocation, the earliest
start time EST; is:

EST, = max PFT, +TF,, (9)
kepre(i) ?
where
T = {eW;|k € pred;, t; = t;,5 € {1,2,...,m}}. (10)

With the knowledge of EST; and the offloading policy a;, t; can determine
the position of the waiting queue on the VM of the corresponding CPN node.
Iterating continuously allows us to ultimately obtain the expected completion
times for all nodes. Since the exit task always lags behind all tasks, the earliest
start time for the exit task is equal to the total time for completing all allocations:

Ty, = EST,,. (11)

3.4 Energy Consumption Calculation Model

Sending data to the resource pool via the uplink and downlink channels results
in energy expenditure. The energy cost of offloading the task ¢; to the u-th CPN
node in the resource pool can be expressed as:

Eft = TP T (12)

i,u
where TP‘Z{Z represents the transmission power of the uplink and downlink wire-
less channels. Assuming that the resource pool has different computing capacities
and employs parallel computing through virtualization, allowing independent
computation on each CPN node, the energy consumption of task ¢; offloaded to
u-th CPN node can be expressed as follows:

Ef = k) (CP,w)°C. (13)
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The effective switch capacitance of u-th CPN node is denoted by x [26]. There-
fore, the total energy consumption of offloading task ¢; to CPN node « in the
resource pool can be represented as follows:

Eiu=E{% +EX. (14)

Therefore, according to the offloading policy A;.,, the total energy consumption
can be represented as follows:

Ea,, =Y Eia,. (15)
=1

3.5 Problem Formulation

The main objective of task offloading is to determine an efficient offloading policy
to optimize the total latency and total energy consumption. Formally, based
on the aforementioned computation model, the optimization objective can be
formulated as follows:

(P) IlilliDWtTAl:n +weEA1:n7 (16)

where w; and w, represent weighted parameters set by the CPNs system, which
signify the significance assigned to the optimization objectives.

4 The Dat-DRL Solution

To tackle the task offloading optimization issue in CPNs, we introduce a novel
DRL algorithm, namely Dat-DRL. By leveraging the PPO algorithm along with
dual attention mechanisms, we can more effectively capture the interdependen-
cies between tasks and diverse service requirements. Furthermore, this algorithm
significantly reduces energy consumption.

4.1 Markov Decision Process

In the realm of reinforcement learning, the task offloading process can be effec-
tively modeled as a markov decision process (MDP). Within a given task
sequence 7, the MDP associated with each learning task comprises the state
space S, action space A, and reward function R, which are defined as follows:

— State space S: We execute offloadig for the task sequence one by one, where
the MDP state of offloading the i-th task can be represented as a hypergraph
embedding along with the offloading policies for the previous i tasks:

S; = (EH(T’E)aAIZ)v (17)

where EH(T, £) comprises task embeddings.
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— Action space A: For each task t;, the action a; € U has different inter-
pretations: 0 denotes local execution on the ED system, while other values
correspond to CPN nodes in the resource pool.

— Reward function R: In order to minimize the issues in (16), the reward
function is designed to resemble the negative growth in (16). Specifically,
when task t; takes action a;, the increment is defined as follows:

T = _(thAu +w€EA1;i - (thAm—l +w6EA1:i—1))' (18)

Therefore, the reward function encourages tasks to make offloading decisions
that improve system performance.

— Policy function m: Given the aforementioned MDP definition, the offload-
ing policy function for task ¢; can be represented as 7(a;|s;). For a hyper-
graph containing n tasks, the probability of an offloading policy A;.,, can be
expressed as m(A1.,). By applying the probability chain rule to each m(a;|s;),
we can obtain the overall probability as follows:

n

m(Arn) = [[ w(ailsi). (19)
i=1
After constructing the MDP, the task embeddings of the hypergraph H(7, &)
are used as inputs to the model. The model’s output consists of the decisions
made for each task and their corresponding state-value functions.

4.2 Dat-DRL Network

Figure 3 illustrates the architecture of the seq2seq neural network with dual
attention mechanisms, specifically designed for CPNs task offloading. The spe-
cific computation process is as follows: Firstly, it is necessary to sample a trajec-
tory of task offloading using the previous old policy and calculate the embedding
information 7& = {tey, tea, ..., te,} by using the task attributes and adjacency
matrix of the hypergraph for each task sequence, which is then input into a neural
network. The network employs a seq2seq architecture, consisting of an encoder
and a decoder. Before feeding the task into the encoder, we utilize a self-attention
mechanism [18] to transform the task embedding into a self-attention encoding

SAE = {say,saa,...,sa,} that captures dependencies between tasks and task
requirements:
n
sa; = Zvaluejam, (20)
j=1
where
"L exp(sim(i, j)
C—eott Cxplsimin,j) 21
@i = s0f max(; exp(sim(i, k)))7 (21)
sim(i, j) = key;value;. (22)

In this context, query;,value;, and key; are three vectors generated through
fully connected layers based on task embedding vector te;. sim(i,j) is used to
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Fig. 3. Seq2Seq network architecture based on dual attention mechanism.

represent the correlation between i-th task and j-th task, which helps us better
capture the relationships between tasks.

Then, the self-attention encoding is fed into the encoder, with the encoder
utilizing LSTM networks. The LSTM network enables the computation of the
encoder’s hidden state h{ corresponding to each task. The final hidden state
is used as the context vector input to the decoder as the first hidden state,
which also employs an LSTM. We use an attention mechanism to optimize the
computation of the memory unit ¢ and the hidden state hgl:

ci =) ai;hs, (23)
j=1
where .
d exp(cos(i, j)
d t — 24
i sof maw(; exp(cos(i, k)) ) (24)
cos(i,j) = e
|hd_ [1Rs]

Of significance, cosine similarity is employed in the decoder’s attention calcu-
lation to effectively capture directional information. Subsequently, the current
hidden state h; is computed through a memory unit ¢;, the previous hidden state
h¢ |, and the previous action a;_;:

hi = f(ei, by, ai-1), (26)

where f(-) is a non-linear network with an activation function. The final offload-
ing policy function 7(a;|s;) and value function v(s;) are computed from the
decoder’s hidden states through fully connected layers. For n tasks, the primary
time consumed during each training iteration is attributed to the calculations
within the fully connected layers and attention networks. Therefore, the training
time complexity for each hypergraph is O(n?), which is similar to the attention-
based seq2seq neural network [19]. The dual attention-based neural network
architecture enables efficient task offloading decisions in dynamic CPNs, thereby
enhancing resource utilization and system performance.
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In order to achieve superior performance in task offloading, the PPO algo-
rithm [17] was chosen as the fundamental RL technique in this study. PPO
enables trajectory generation for individual learning tasks ¢; based on the old
policy m(a;|s;;6?), and allows for the update of the new policy m(a;|s;; 0;) across
multiple iterations. Here, 67 and 6; represent the previous policy parameters
and the new parameters that necessitate updating. To ensure the stability of the
learning process and prevent excessively large updates, the total reward of tasks
is clipped using the following form:

LYY (0;) = Eqrropap, (r.09) Zmin(r(ew9}?)Aj7€lip%fi(r(9ja9}’))1‘1;' , o (27)
=0

where pdf;(,0?) denotes the probability distribution of the sampled trajectory
7 generated based on the old sample policy function m(a;|s;; 69). The probability
distribution ratio that exists between the sample policy and the target policy is

represented by r(6;,07) and is defined as follows:

oy _ T(ajls;505)
99 = . 2
7"(9], 9]) 7r(aj|sj; 0?) ( 8)

The term clipifi(rj(ﬁjsﬁ;?)) is used to constrain the probability distribution

ratio within the range [1 — ¢, 1+ €. Here, Aj represents the estimated advantage
function, which approximates the difference between the expected reward and
the actual reward for the trajectory after the task t¢; takes the corresponding
action. Aj is a generalized advantage estimation (GAE) function [16] commonly
used in reinforcement learning:

n—j+1
Aj = Z (YN (ke + 70r(854811) = vx(5541)); (29)
k=0

where v € [0,1] is the discount factor used to calculate the cumulative error,
and ) is a parameter used to control bias and variance. The loss function of the
state-value function is defined as follows:

n

LYSE(0:) = Erop, (ro5) | D_(n(s5) = 0x(s))? |, (30)
§=0
where 0. (s;) = Z;SH Neri ik, The loss function for each task can be derived
using Eqgs. (27) and (30):
Li(0:) = LI (60:) + L3155 (6;). (31)

The training process continuously optimizes the offloading policy through
parameter gradient ascent:

0i=0; +w Z Vo, Li(0;), (32)

j=1
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where w represents the learning rate for gradient ascent, and Vg, £;(6;) denotes
the computed gradient, which is updated after z steps to replace the old sample
policy in PPO. To tackle the computational cost and implementation challenges
arising from complex neural network combinations, we employ the Adam first-
order [6] approximation for gradient computation.

5 Experiments

5.1 Hyperparameters Setting

We employ TensorFlow, an open-source framework for constructing and training
deep learning models, to implement the DRL algorithm. TensorFlow enables
automatic gradient computation for variables. The standard training process
involves the use of several hyperparameters, which are presented in the Table 1.

Table 1. The training hyperparameters.

Hyperparameter Value | Hyperparameter Value
Batch size 20 Reinforcement learning algorithm PPO
Encoder and decoder layers | 2 Encoder and decoder layers type LSTM
Hidden units 128 | Encoder and decoder layers norm On
Learning rate w 2e-4 | Gradient steps z 4
Activation function Tanh | Optimization method Adam
Clipping constant 0.2 Weighted factor cq 0.5
Discount factor y 0.99 | Advantage function discount factor A | 0.95

5.2 Simulation Environment Configuration

We establishe a virtual environment for simulating task offloading and imple-
ments reinforcement learning through interaction with the environment. To
characterize heterogeneous directed hypergraphs, we utilize a synthetic directed
acyclic graph (DAG) generator [21] for simulating computationally intensive
tasks and applied hypergraph theory to transform them into hypergraphs [9].
The standard virtual environment utilizes various detailed parameters, as shown
in the Table 2.

5.3 Experimental Results

Training Performance Comparison. In order to evaluate the effectiveness of
Dat-DRL, we perform a comparative analysis with various learning algorithms,
including: (1) TRPO algorithm [15], (2) PPO algorithm [17] without attention
mechanism, (3) PPO algorithm with a single attention mechanism [1](A-PPO),
the single layer of attention is utilized to compute the hidden units within the
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Table 2. The environment parameters.

Value
[1 GHz, 2 GHz]

Parameter

ED computational capacity C'Py
Number of the CPN node’s VM 4
Number of CPN nodes 4

VM computational capacity CP,,y

Number of the tasks [5, 45]

Number of the hyperedges [20, 60]

Task data size [5Kb, 10 Mb]

Computational capability requirements C; | [2 GHz, 15 GHz]
[2 GHz, 20 GHz]
[

Transmission rate r; . 1.0 Mbps, 10.0 Mbps]

decoder and is also the most commonly used attention-based structure in seq2seq
network architectures, (4) Dat-DRL which is proposed in this paper.

Figure4 illustrates the comparison of learning performance among the afore-
mentioned algorithms, clearly indicating the superiority of our proposed Dat-
DRL algorithm. Compared to the regular PPO algorithm without an attention
mechanism, Dat-DRL demonstrates a substantial improvement of approximately
20.08% in the system’s objective reward. Moreover, when compared to the TRPO
algorithm, Dat-DRL achieves an even higher enhancement of 31.98% in the sys-
tem’s objective, highlighting its superior learning capability over the other two
algorithms. In addition to the remarkable performance in the system’s objective,
Dat-DRL exhibits a significantly accelerated convergence speed of 53.40% com-
pared to the traditional attention-augmented Seq2Seq network. This accelerated
convergence speed translates into substantial savings in training time and costs,
proving to be highly beneficial for power transmission line defect perception.
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Fig. 4. Training results of different learning algorithms.
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Results with Various Environment. To evaluate the effectiveness and

a

daptability of the algorithm, we compare it with six other baseline algorithms

in task allocation performance. These algorithms include:

1.

Coarse-grained Remote Offloading (Remote): Tasks are considered as a whole
without considering their finer granularity, and all tasks are offloaded to the
remote resource pool for execution.
Coarse-grained Local Execution (Local): Tasks are considered as a whole
without considering their finer granularity, and all tasks are executed locally
on the ED system.
Random: Tasks are randomly assigned to be executed either locally or in the
remote resource pool.
Greedy: This algorithm considers only the latency of tasks. Each task is
offloaded to the resource pool or executed locally based on the shortest wait-
ing time and execution time.
TRPO: It considers KL-divergence as a penalty term in gradient updates to
ensure learning stability.
PPO without attention mechanism: It employs gradient clipping to limit gra-
dient updates, enabling rapid policy learning and demonstrating good per-
formance.
12
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Fig. 5. Results with different number of tasks.
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Figure 5 investigates the impact of task quantity on latency, energy consump-
tion, and system objective. The results reveal that an increase in task numbers
leads to higher latency and energy consumption during task execution and data
transmission. Consequently, all algorithms experience increased computational
latency, energy usage, and a corresponding drop in system objective (where the
system objective represents the normalized negative value of latency and energy
consumption). It’s worth noting that the greedy algorithm exhibits remarkably
low latency because it only considers task latency. However, even when consid-
ering energy consumption, Dat-DRL also demonstrates similarly low latency. In
contrast, a significant enhancement in energy efficiency is observed in Dat-DRL
compared to the greedy algorithm, without compromising task latency. This
underscores Dat-DRL’s ability to minimize energy consumption while maintain-
ing low latency. Consequently, Dat-DRL achieves the highest overall objective
reward among all algorithms, emphasizing its effectiveness in optimizing both
latency and energy consumption concurrently.
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Fig. 6. Results with different topological structures of the hypergraph.

Figure 6 presents Dat-DRL’s results and corresponding baselines for latency,
energy consumption, and system objective across four distinct directed hyper-
graphs with varying topological structures. The X-axis of the experimental result
plots represents increasing complexity in the four different topological structures.
Hypergraph topology complexity primarily depends on density and the number
of hyperedges, where higher density and more hyperedges signify a stricter task
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priority order. Dat-DRL attains the optimal reward objective, striking the best
balance between latency and energy consumption for various topological struc-
tures. Concerning latency, Dat-DRL closely trails the Greedy algorithm and
TRPO, with marginal differences. However, in terms of energy consumption,
Dat-DRL holds a significant advantage over other algorithms.
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Fig. 7. Results with different weighted parameters.

Figure 7 illustrates experiments conducted under five distinct scenarios with
varying latency and energy consumption requirements, including: (1) w; : we =
(0.1,0.9), (2) wi : we = (0.3,0.7), (3) wy : we = (0.5,0.5), (4) wy : we = (0.7,0.3),
and (5) wt : we = (0.9,0.1). The first two scenarios lean towards reducing energy
consumption, while the fourth and fifth scenarios prioritize latency considera-
tions. Experimental results show that Dat-DRL achieves the optimal trade-off
between energy consumption and latency, outperforming baseline algorithms.
Specifically, compared to remote, local, random, greedy, TRPO, and PPO algo-
rithms in different scenarios, Dat-DRL reduces average energy consumption by
14.81%, 43.79%, 12.06%, —6.24%, 12.54%, and 7.85%, respectively. In terms of
energy consumption, Dat-DRL outperforms baseline algorithms by reducing it
by 61.29%, 45.03%, 60.02%, 55.56%, 54.40%, and 42.64%, respectively.

In task offloading scenarios at edge devices on power transmission lines, net-
work conditions are complex, dynamic, and critical. The experiments encom-
pass five different network conditions, and Fig.8 compares latency, energy
consumption, and system objective among different algorithms under varying
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Fig. 8. Results with different network conditions.

transmission rates. The transmission rates gradually increase in the five sce-
narios. The Dat-DRL algorithm intelligently coordinates offloading strategies,
achieving latency and energy consumption close to optimal when compared to
other algorithms. This underscores Dat-DRL’s capability to efficiently manage
dynamic task offloading scenarios with varying transmission rates, highlighting
its effectiveness in handling diverse network conditions.

6 Conclusion

We present a novel task offloading algorithm to address insufficient computing
power in edge devices for object detection. Initially, we establish a simulated
environment for task offloading scenarios, modeling tasks as directed hyper-
graphs. We provide computational formulas for optimizing task offloading in
terms of latency and energy consumption objectives. Furthermore, we simulate
a realistic configuration of heterogeneous resource pools, integrating dispersed
resources into fine-grained resource pools, each equipped with specialized com-
puting resources for different task types. Subsequently, we introduce the DRL
algorithm, Dat-DRL, which utilizes a Seq2Seq network structure with a dual-
attention mechanism to enhance offloading strategies by capturing diverse inter-
task dependencies more effectively. To validate the effectiveness and adaptabil-
ity of Dat-DRL, we conduct comprehensive experiments, comparing the results
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across various environments and benchmarking against other baseline algorithms
for task offloading. These experiments demonstrate the efficacy of Dat-DRL in
reducing energy consumption.
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