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Abstract. In the context of industrial scenarios, devices exhibit specificity and
task arrival rates vary over time. Considering real-world task queuing issues and
incorporating edge computing offloading and D2D offloading techniques, this
paper proposes TVTAO for computational resource management to meet latency
requirements. First, three offloading decisions are introduced, then offloading pol-
icy constraints are proposed to restrict devices from selecting the same task for
execution during task offloading. Simulation results demonstrate that the TVTAO
algorithm can reasonably make task offloading decisions and allocate computa-
tional resources, effectively reducing the average processing latency of the overall
system.

Keywords: edge computing offloading · D2D offloading · time-varying task
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1 Introduction

In an Industrial Internet of Things (IIoT) setting, intelligent devices often need to handle
latency-sensitive and computationally intensive tasks, yet they have limited computa-
tional resources [1]. Task offloading strategies can be employed to transfer tasks to nearby
edge computing servers or other intelligent devices for processing, thereby reducing the
system’s task latency [2]. However, real-world scenarios present challenges such as lim-
ited computational resources, varying task arrival rates [3], and device heterogeneity in
the design of system policies. To address these issues, the paper proposes an offload-
ing algorithm called TVTAO, utilizing deep reinforcement learning in conjunction with
DDPG to find near-optimal solutions [4].

Given the challenges of dealing with numerous intelligent devices and various
offloading constraints, this paper introduces theTVTAOoffloading algorithm. It employs
deep reinforcement learning tomodel the overall offloading strategy, aiming to find near-
optimal solutions [5]. This algorithm effectively addresses the constraints posed by lim-
ited computational resources, fluctuating task arrival rates, and device heterogeneity in
the context of the Industrial Internet of Things [6], resulting in a significant improvement
in the overall service quality and reduction of task latency within the system [7].
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2 System Model

This paper considers an industrial Internet of Things (IIoT) scenario involving an Edge
Computing Server (ESC) andmultiple intelligent devices [8].Within this scenario, intel-
ligent devices can take on two roles: Computing Resource Consumer (CRC) and Com-
puting Resource Provider (CRP) [9], as is shown in Fig. 1. CRC refers to an intelligent
device that offloads some or all of its local tasks to other devices [10], requiring additional
computing resources from these devices to complete its tasks efficiently, while Comput-
ing Resource Provider (CRP) is an intelligent device that executes its local tasks entirely
within its own computing resources and may potentially offer computing resources to
other devices [11].

Fig. 1. Industrial Internet edge computing and D2D task offloading scenario

Assuming there are M intelligent devices in the scenario, a Base Station(BS) and an
Edge Computing Server (ESC) [12]. The system proceeds through several time slots,
with the intelligent devices making their offloading decisions within a single time slot.
These offloading decisions primarily consist of three options: local computation, D2D
offloading and edge computing offloading [13].

The status of whether device m offloads a task to the ESC in time slot t is represented
by β

m,n
t ∈ {0, 1}, βm,n

t = 1 represents that device m offloads tasks to device n, βm,m
t = 1

represents that device m is CRP [14]. The offloading decision of device m with respect
to D2D can be represented as formula 1:

βm
t = {βm,1

t , β
m,2
t , . . . , β

m,M
t }T ,m ∈ M (1)
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3 Methods

To address the optimization problem in the context of task offloading for IIoT devices,
it is essential to consider mathematical model information such as the system’s channel
conditions and statistical distributions.However, in practice, obtaining this information is
often unfeasible. Therefore, we have adopted an online solution based on deep reinforce-
ment learning. This approach enables real-time resource allocation through interaction
with the system, effectively making decisions regarding task offloading [15]. We have
designed state spaces, action spaces, and reward functions, and proposed a time-varying
task offloading algorithm based on edge computing and D2D, allowing the system to
reduce overall system latency.

3.1 Notation

The system state is regarded as a set of parameters that can be used to describe the
system. Based on the system model proposed in this paper, the system state at any time
slot t is defined as formula 2:

st = {At,T
r
SD,t,T

r
ESC,t} (2)

while At represents the number of tasks, Tr
SD,t represents the remaining task execution

latency of intelligent devices, Tr
ESC,t represents that of edge server.

Based on the observed system state st , deep reinforcement learning will select an
action based on decision variables, which can be represented as formula 3:

actt = {αt, βt, ot, fESC,t} (3)

while αt represents the device makes offload decision or not, βt represents the device
performs full local computation or not, ot represents the number of tasks.

The reward function is designed as the negative of the system latency, as is shown
in formula 4:

rt = R(st, at) = −Tt (4)

3.2 Task Offload Algorithm

This article combines the DDPG algorithm with real-world Industrial Internet of Things
scenarios and proposes the TVTAO algorithm, as illustrated in the algorithm process
shown in Table 1.
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Table 1. The description of TVTAO training algorithm

4 Simulation Results

Due to the inclusion of two types of intelligent tasks with different CPU cycles, the
setting of CPU cycles is based on the original task CPU cycle setting, with a relative
increase or decrease. The specific relationship is shown in Fig. 2.

Due to the inclusion of two types of intelligent tasks with different CPU cycles, the
setting of CPU cycles is based on the original task CPU cycle setting, with a relative
increase or decrease. The specific relationship is shown in Fig. 2.
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Fig. 2. The relationship between system utility and the number of CPU cycles

It can be seen that as the number of CPU cycles in a task increases, the system utility
decreases. This is because as the number of CPU cycles increases, the task execution
time becomes longer and the queuing delay also increases. Local computing significantly
reduces system utility due to task accumulation on local devices; Random allocation
can randomly use edge computing server and other device resources, so the system
utility decline is less than that of local computing. The TVTAO algorithm can analyze
the queuing delay and computing resource status of the current system environment.
Compared to other strategies, it can choose the optimal offloading strategy to achieve
higher system utility when the number of CPU cycles in the task changes.

5 Conclusion

This paper investigates the problem of managing computational resources for multiple
tasks in the context of resource-constrained intelligent devices within an Industrial Inter-
net of Things (IIoT) scenario. Firstly, considering the entire IIoT scenario, three offload-
ing decisions are proposed: local computation, D2D offloading, and edge offloading.
Secondly, to simulate the varying number of tasks due to factors like geographic loca-
tion in industrial scenarios, a task offloading algorithm named TVTAO, based on deep
deterministic policy gradients, is proposed to handle time-varying task arrivals. Finally,
experiments and simulations are conducted using the PyTorch framework. The simu-
lation results demonstrate that the algorithm performs exceptionally well in complex
industrial scenarios.
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