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Abstract The development of multi-access edge computing and ultrare liable low-latency wireless technology has prompted the ev olution
of the traditional tightly coupled controller-equipment s ystem into the industrial wireless control system. Such wir eless control systems
enable on-demand deployment of control tasks in edge or loca | controllers and are appropriate for exible intelligent m anufacturing.
However, unlike public data services, control tasks have st rong spatiotemporal correlation features, and traditiona | 0 oading schemes
are not applicable for such space-time-dependent control t asks. Therefore, a novel double deep graph convolutional Q- network (DDGCQ)
model is proposed to optimize the control task scheduling sc heme and dynamically allocate networking and computing res ources for
minimizing the weighted sum of task processing delay and ene rgy consumption. In the proposed model, the graph convoluti onal and
directed graph convolutional networks are integrated with the Q-network to extract the spatiotemporal correlation fe atures of control
tasks. The simulation results showed that the proposed DDGC Q model has excellent learning capability for spatiotempor al control tasks.
Furthermore, compared with baseline methods, the proposed DDGCQ-based task-scheduling method achieved the minimum w eighted cost
of latency-energy consumption while maintaining a task exe cution success rate exceeding 95% under varying environmen t parameters.
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1 Introduction

With the advancement of smart manufacturing, arti cial intelligenc e technologies, such as image recognition, auto-
matic sorting and assembly of robotic arms, intelligent quality inspecion, and collision detection, have been widely
applied in industrial control sites [1,2]. The advent of industrial intelligence has driven the generation of erabytes
of industrial data, necessitating higher data processing capabilitis for industrial control systems. Programmable
logic controllers (PLCs) are the core control components of an indstrial control system. PLCs are constrained by
their limited computing capabilities, thereby limiting their contribution t o industrial intelligence applications [3].
To ameliorate this issue, traditional industrial control systems have been boosted by introducing emerging tech-
nologies, such as wireless communication, cloud-based PLCs, and hitaccess edge computing (MEC), which have
driven the development of industrial wireless control systems.

Emerging industrial wireless control systems can transform indusial automation production from traditional
centralized control to distributed control architectures. The distributed control paradigm enables industrial wireless
control systems to exibly deploy control function blocks on demand across eld devices and edge nodes. However,
this paradigm of control involves fresh complexities in the managemat of networking and computing resources.
Collaborative control spanning workshops, production lines, and imlustrial devices serves as a critical technical
enabler to achieve customized and exible smart manufacturing. Figire 1 shows an industrial production line for
a scenario where multiple devices collaborate. Industrial tasks péormed by control function blocks must strictly
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Figure 1 (Color online) Industrial production line in an industrial wireless control system.

adhere to real-time response deadlines and prescribed processwaosequences of the production line. Addition-

ally, spatial coordination among industrial devices plays a pivotal rde in modern production lines. For example,

controllers orchestrate multiple robotic arms to realize simultaneows assembly, while welding robots dynamically
synchronize real-time motion trajectories and employ collision avoidace to ensure operational safety and e ciency.

Thus, this control paradigm, while enhancing production e ciency, introduces novel spatial and temporal con-

straints on industrial devices. The diverse spatial and temporal baracteristics of industrial tasks necessitate more
rigorous requirements for the dynamic allocation of networking andcomputing resources. On the contrary, the

inherent unpredictability of wireless channels and limited network re®urces exacerbate the challenges in providing
ultrareliable low-latency communication for industrial tasks, while deterministic transmission remains paramount

to ensuring the stability and safe operation of industrial wireless catrol systems [4]. To address these challenges,
this work accounts for the impact of spatial and temporal depenencies of industrial tasks on the allocation of
networking and computing resources.

Graph theory is an e cient mathematical tool for network or task topology modeling [B]. Some studies explored
the adoption of the directed acyclic graph structure for characerizing temporal dependencies among computing
tasks [6{ 9]; however, these studies are insu cient for sophisticated industiial productions. Compared to conventional
computing tasks, industrial control tasks impose strict executian-order constraints and require spatial coordination
among multiple subtasks. As such, the spatial dependencies amorngsks are a critical factor to be considered
in industrial MEC scenarios. Further, several scholars investiga¢d the impact of spatiotemporal constraints on
algorithm optimization within MEC scenarios. Ale et al. considered the atiotemporal characteristics of service
requests in the MEC scenario and proposed a spatiotemporal Bagén learning method to predict these requests,
thereby assisting smart cities in data processingl0]. Rago et al. proposed a preallocation method for computing
and networking resources to meet the demands of computing task this method is based on anticipating the spa-
tiotemporal dynamics of service requests]l]. Feng et al. proposed placing service resources in di erent spatisdnd
temporal slots to handle tasks in a collaborative spatiotemporal maner [12]. Shi et al. investigated task o oading
and resource optimization with temporal dependencies, taking intoaccount the variability of network channels and
the spatial mobility of terminals [ 13{15]. Zhao et al. considered the timing dependencies of task arrival anthe
spatial variations of satellite motion in low-Earth-orbit satellite netw orks; accordingly, they proposed a spatiotem-
poral attention-based proximal policy optimization algorithm to join tly optimize cross-region task o oading and
cross-domain resource allocation16]. Although prior work explored the impact of device mobility and variat ions
in spatiotemporal service requests on task o oading and resoure allocation, they typically modeled computational
tasks as independent or merely temporally dependent. Unlike prior wrk, this study considered the spatial depen-
dencies of control tasks as an essential factor for spatially sepated tasks to collaborate in a time-synchronized
manner for realizing sophisticated operations. To the best of our kowledge, no uni ed model is currently available
for characterizing the spatiotemporal constraints inherent in industrial control tasks. To address this gap, this
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study focused on analyzing and modeling the intrinsic spatiotemporbcharacteristics of control tasks and proposed
a task-scheduling framework to investigate the impact of these chracteristics on the allocation of networking and
computing resources. By adhering to the spatiotemporal depenehcies of control tasks, the system employs deep
reinforcement learning to facilitate control task scheduling, aimingto minimize the weighted sum of task processing
delay and energy consumption. Overall, the main contributions of ths study are as follows.

(1) We propose a mixed graph-based industrial control task modefor industrial wireless network control sys-
tems. Based on these foundations, a task-scheduling framewoi& proposed to minimize the weighted sum of task
processing latency and energy consumption.

(2) A double deep graph convolutional Q-network (DDGCQ) is proposed to learn the optimal scheduling decision
for control tasks. To e ectively extract graph-represented spatial and temporal features, the graph convolution
network and directed graph convolution network are integrated with Q-networks. This enhances the learning
capability for control task-scheduling strategies.

(3) Based on the control task-scheduling decision, a weighting cogient and a variable time-slicing-based resource
allocation scheme are designed to dynamically allocate computing andetworking resources while satisfying the
temporal and spatial constraints of the control tasks.

(4) The performance of the proposed DDGCQ algorithm was evaluatd through numerical simulations. Com-
pared with benchmark algorithms, the proposed algorithm realized he minimum weighted cost of latency-energy
consumption and maintained a task execution success rate excaad 95% under varying environment parameters.

2 Related work

2.1 Deep reinforcement learning for general computing task S

In recent years, MEC has become a popular computing paradigm bease of its high capability, high security, and low
delay [17,18]. Here, deep reinforcement learning (DRL) refers to an approaclthat learns optimal policies through
interaction. Owing to its strong exploration capability in highly dynamic and time-varying environments, DRL
has gained signi cant attention and is particularly relevant for adaptive decision-making in MEC. Some studies
have explored task o oading and resource allocation by utilizing the DRL technology. Zhang et al. utilized a
deep deterministic policy gradient algorithm for jointly optimizing the t ransmit power and bandwidth in semantic
communication, aiming to maximize the long-term transmission e ciency of tasks [19]. Wang et al. employed various
DRL models to jointly optimize unmanned aerial vehicle (UAV) placemen, resource allocation, and computing
o oading to minimize the total processing delay of tasks [20]. Zhao et al. proposed a twin delayed deep deterministic
policy gradient model based on jointly optimized computing o oading, resource allocation, and charging schedule
to maximize total revenue for UAV collaborative computation [21]. Zhu et al. utilized the Lyapunov optimization,
convolutional neural network, and actor-critic framework to jointly optimize o oading, power transfer duration,
and energy consumption while ensuring queue stability22]. For an industrial Internet of Things network, Dai et al.
proposed an asynchronous actor-critic algorithm to jointly optimize stochastic task o oading and resource allocation
policies R3]. Jiang et al. considered multiple structures of associative tasks intte Internet of Medical Things and
utilized a double deep Q-network (DDQN) model to optimize o oading s trategies to minimize the weighted sum of
latency and energy consumption 24]. Ding et al. designed an advantage actor-critic algorithm to jointly determine
task o oading and resource allocation strategies P5]. Zhang et al. leveraged the multi-agent DDQN to generate
o oading request strategies for each vehicle while maximizing the oveall bene ts for all vehicles [26]. Wang et
al. proposed a multi-agent deep Q-network model to balance the ource allocation load in satellite-terrestrial
communications R7]. The above work mainly focused on the o oading of independent taks, without considering
the impact of task correlation on o oading and resource allocation.

2.2 DRL for computing-dependent tasks

For the o oading of tasks with dependencies, state-of-the-art investigations often model multiple tasks into a
directed acyclic graph (DAG) according to their dependency featues and realize a ne-grained o oading and
resource allocation by analyzing and processing the DAG. Chen et almodeled the computation-intensive tasks
of mobile applications as a DAG and utilized a deep Q-network to obtain he scheduling decision of each task
[28]. Further, Chen et al. designed an asynchronous actor-critic alggthm to jointly optimize task o oading and
bandwidth allocation decisions while satisfying task dependency and etwork dynamic constraints [29]. However,
as the complexity of MEC applications increases, it becomes dicult for a single DRL to explore the optimal
strategy; thus, extensive research has been dedicated to adeksing this challenge through deep learning. Zhang
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et al. proposed a generative adversarial Q-network method to adress the o oading process of complex tasks
with temporal dependencies and data sensitivity B0]. Zhao et al. utilized recurrent neural networks to learn the
sequential dependency features of subtasks in satellite-assistd/EC systems; they proposed a deep recurrent Q-
learning network to jointly optimize task partitioning and channel allo cation to minimize the average task completion
latency [31]. Liu et al. integrated convolutional neural networks into the actor-critic scheme to optimize subtask
o oading decisions while minimizing system latency and energy costs 32]. Su et al. utilized long short-term
memory layers to enhance the feature extraction capability of acbr-critic networks, thereby jointly optimizing task
o oading and computing resource allocation decisions to minimize taskcomputing costs B3]. Additionally, the
graph neural network has garnered much attention in studies on NEC. Liu et al. [34] and Wang et al. [35] utilized a
graph attention network (GAT) to account for task dependencies within the large-scale DAG; then, they leveraged
the feature information extracted by GAT to enhance the ability of DRL to explore task deployment strategies.
Liao et al. designed a multi-agent deep deterministic policy gradient algrithm to optimize o oading decisions by
distilling features of subtasks with a graph convolution network [36]. Nevertheless, the above work only considered
temporal dependencies among tasks, and hence, they lack geabty in task modeling, reducing their application
potential in industrial production scenarios to some extent. Industrial production scenarios entail not only strict
temporal constraints but also strong spatial collaborative constaints among tasks. Few studies focused on modeling
the spatiotemporal correlation characteristics of industrial cortrol tasks. Therefore, this study utilized graph data
structures to characterize the spatiotemporal dependenciesfaontrol tasks to address the existing research gap.
In contrast to prior work that focused on the temporal dependencies among tasks, this study utilized a mixed graph
to model control-task-speci ¢ spatial and temporal constraints in highly dynamic industrial production scenarios.
Inspired by the outstanding feature extraction capability of graph convolution to graph-structured data and the
powerful exploration ability of DRL in dynamic environments, a DDGCQ model is proposed to optimize task
scheduling and dynamically allocate computing and networking resoures.

3 System model and problem formulation

3.1 Control task model

In industrial production scenarios, control tasks generated byindustrial devices are processed by control function
blocks deployment at the eld or edge, as illustrated in Figure 2. A production control process inherently incorpo-
rates interconnected control tasks, where control tasks ar@rincipally constrained by spatial and temporal features.
Spatial features are utilized to describe the interdependence ofi@rent subtasks in one control task. It means
that the processing of a control task involves several subtasksvhich necessitates synchronous completion of these
subtasks, such as function blockD which involves the collaborative assembly of robotic arms, and fundbn block
E which involves the collaborative of vision sensors. Temporal featies mean that there is a sequential dependency
between two adjacent control tasks, which can be analogously irpreted as sequential dependencies among control
function blocks. Such as the output of function block A is the required input for function block D, and function
block E is just processed after the completion oD and C. While temporal features have been extensively inves-
tigated, the spatial dependences of control tasks are still draimg less attention. In industrial production control,
distributed machines demand highly precise spatial and temporal cordination. For instance, in multi-robot door
assembly, robots on both sides of the line must coordinate closely tsynchronously install left and right doors,
guided by a critical spatiotemporal dependency requiring precise lgnment with the conveyor motion. When indus-
trial wireless control systems allocate inappropriate networking ad computing resources without knowledge of the
spatial dependencies of control tasks, it leads to undesirable t&sprocessing delays, which in turn prevent the com-
pletion of spatially coordinated operations. Consequently, when reource allocation fails to meet the spatiotemporal
dependencies of control tasks, it may disrupt production cycles)eading to ine cient resource allocation and, in
worst cases, resulting in production accidents. To tackle this issuethis study models and analyzes the spatiotem-
poral dependencies of control tasks to optimize task deploymentlecisions, allocates networking and computing
resources while adhering to task completion delay constraints. Fuhermore, it converts spatial dependencies into
synchronization constraints on task completion times, enabling spgal coordination of control tasks.

We assume an industrial control process comprisell control tasks, including simple and complex tasks, where
each complex task comprised subtasks with spatial dependenciesN , N, and N¢, represent task set, simple task
set, and complex task set, respectively, wher® = fN sp; N, 0. In a control process, the spatiotemporal constraints
among its tasks are modeled as a mixed grapke = hNg;Er;Esi. To facilitate modeling, both the subtasks and
the simple tasks are regarded as nodes in a mixed graph, with the tat number of nodes denoted byjNgj, and
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jNGgj = jNgpj + [NepjM . The directed edgeEr represents temporal dependencies among task nodes, undiredt
edgesEs represent spatial dependencies among subtask nodes, as shoinrFigure 3. For the ith control task ST;

is expressed as a six-tuple: a;; i;di;1P"®;1P% 1 P2 wherei indicates the control task index. a; denotes the
data size of the control task. ; denotes the maximum allowable delay (MAD) of control task ST;. d; represents
the distance between the control taskST; and the base station. ST; is executed after all control tasks in the list
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I P® have been executed successfully, and the execution result of dool task ST, will impact on all tasks in the
list 1 P°t. 1 P2 represents a list of subtasks with spatial dependencies for the otrol task ST,. If the control task
ST is a simple task,| *P*°® is an empty list.

3.2 Communication and computing model

According to the processing order of control tasks, the time of idustrial wireless control system is divided into

isdened as Ty = f1;:::;Tg, the duration of one TTl is , and the length of time slice is dynamically changing,
which depends on the maximum task processing delay within subsely.

As shown in Figure4, for the ith control task, its completion delay consists of a waiting delayT;*®" and processing
delay T,”®, where the processing delay comprises computing delay“™, transmission delay T{"®", and the delay
waiting for radio resource schedulingt®@® . Generally, t?@" depends on the radio resource scheduler. Since the
number of terminals considered in this study is relatively small and rado resources are abundant, without loss of
generality, we assume that immediate transmission is possible upon sk arrival, with no waiting required. Thus,
t¥@" is set to zero. When theith control task belongs to time slice Ty, its waiting delay is obtained as

8
< 0;1 P is an empty list;

max T + Tuat - otherwise
w ko1

)

Ti; wait —

When the control task ST; has no preceding tasks, its waiting delay is 0, such aST, and STs.
For time slice Tk, the edge PLC allocates computing resources to control tas&T; based on weight coe cient ;.
The weight coe cient is proportionally obtained based on the task’s criticality ' ;, which is calculated by the data
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Table 1 Mapping relationship of SINR, CQI, and MCS.

SINR (dB) CQl MCs Modulation mode Modulation order ( B wmo ) (bits)
6.7{5.9 1{6 0{5 QPSK
5.9{11.7 7{9 6{8 16-QAM
>11.7 10{15 9{14 64-QAM

size and MAD of the control task, shown as

'.=°‘—i'; )
=P ©
jZNk]

where ¢, is a deployment decision for control taskST;; if o = 1, the control task is sent to the edge PLC for
processing; otherwise, it is processed by the local PLC. Thus, theomputing delay of control task ST; is calculated
as

5 0 =0;
A0 =1,

cmp _

(4)

where c represents the CPU cycles required to process one bit of dataf; and Fy are the maximum computing
capacity of local and edge PLC during the time sliceTy, respectively. For the control task ST;, the computing
energy consumption is expressed as

Lf; taic; 0 =0;

5
e( iF) tac;g=1; ©)

Ei; cmp —

where | and g are the energy consumption coe cients related to the chip architecture of the local and edge PLC,
respectively.

During the time slice Ty, networking resources are allocated to transmission tasks basemh channel quality. In
wireless communication systems, the channel quality indicator (CQ) re ects the channel quality, which depends
on the signal-to-interference-plus-noise (SINR). According to he 3rd Generation Partnership Project standard,
the wireless communication system selects the appropriate modulan and coding scheme (MCS) based on CQI
values B7]. The mapping relationship between SINR, CQI, and MCS is presentedn Table 1. We assume that the
channel quality remains unchanged within a time slice and varies betwen di erent time slices.

To address the deterministic transmission guarantee requiremestfor control tasks, this study incorporates chan-
nel quality to allocate suitable resource blocks (RBs) and TTIs for ontrol tasks. The wireless networks typically
employ orthogonal frequency division multiple (OFDM) access to mitigate interference, and all control tasks are
within the coverage area of the same base station, thereby ignorindata transmission interference. According to
the Shannon formula, the signal-to-noise ratio of the control tag ST; transmitted to the edge PLC server can be
calculated as

p.max 4.
SNR; = ———; (6)

where P™ and H; represent the maximum transmission power and channel gain for edrol task ST; and 2 is the

white Gaussian noise power. Moreover, the channel gaiH; = igod, , where ; is the a small-scale fading channel

power gain, following an exponential distribution with the expectation, gy denotes the path-loss constantd; is the
distance between the control taskST, and base station, and represents the path-loss exponent.

According to SNR;, the CQI value, MCS index, and modulation order are queried by Tablel. During the one
TTI, according to the 3rd Generation Partnership Project standard [37], the number of bits carried by an RB is
obtained, where Bypis = Sorpm Bmo Ece. Based on theByis , the minimum number of RBs allocated to control

tasks in one TTI is obtained as
X RB = 764 .
BTN Vi Boits |

(7)

where Sorpv  is the number of OFDM symbols (Sorpm = 84), Bmo denotes the modulation order, which is
determined by the modulation method, and Ece represents the encoding e ciency. And Vi is the maxtignum

J max t islan

number of TTI allocated to the control task ST; within the time slice Ty, which is obtained by Toan 47 and
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b ¢ denotes the round down function. T3, is the maximum transmission delay of control task ST;, which is

obtained as

Tmax —
i; tran i

L ®)
For each TTI, the number of RBs allocated to control task ST; consists of two parts: the minimum number
xFBi, (t) of RBs and the supplementary numberxf8 supp (1) of RBs. The number of RBs allocated to the control

task ST; in the tth TTI is expressed as

Xt = | m|n (t) | supp (t) (9)
Among them, xI B, (1) and xI Supp (t) are, respectively, expressed as follows:
8 P1
2 0;if t<tat orag< Xit Bbits ;
t:tismn
Xhin (8) = ( o1 ) (10)
; min - X0 5o _Xi ; otherwise
t=tisa
E XTTI ’ZPN XﬁBmin (1)
2k Jif xRBL (1) > 0;
| supp (t) = 3 J2N | lijSBmin (v>0g b mn (11)
0; otherwise

where x17; represents the total number of RBs allocated in each TTl.1¢4 is a decision function that returns 1
if fg is satis ed, and 0 otherwise. Thus, the transmission delay and engy consumption of control tasksST, are
calculated as

X
T =T 1 o (12)
i f Xt >0gs
t=1

Eitran = Pimax Titran: (13)

According to (4), (5), (12), and (13), for the control task ST;, its processing delay and energy consumption are

calculated as follows:
Tipro — Ticmp + 0 tistart + Titran : (14)

Ei = Eicmp + OiEitran . (15)
3.3 Problem formulation

The objective of this study is to optimize the data processing perfomance of the industrial production line. To
this end, we construct a cost function involving task processing dy and energy consumption for each time slice,
which is expressed as
X X X
Ck = (TP+@  )EN+ T+ )Eim (16)
I\ i2N P m2m

where is a balance coe cient between the processing delay and energy ceamption for the control task. In
this subsection, we minimize the average processing cost of all cant tasks by optimizing task scheduling vector
0= 01;::;0nj » While satisfying the temporal and spatial constraints of controltasks. Meanwhile, spatiotemporal
constraints are converted into processing time constraints acres control tasks, ensuring compliance with their
spatiotemporal features. The optimization problem is expressed &

- 1 X c
moln avg — jT—jk_l K (17)
st:8i2f1;:::;jNgjg;0 2f0;1g; (17a)
M6 i+ mn ;TP (17b)
12| pre

maxpr“’gG i+ min o T (17c)

lere



Li S, et al. Sci China Inf Sci May 2026, Vol. 69, Iss. 5, 152302:9

06 TH® f TP°j8j 2M j=mg 6 ; (17d)

where Eq. (173 de nes the set of scheduling decisions for each control task, B3 (17b) and (17¢) constrain the
upper bound of processing delay for simple tasks and complex taskgq. (17d) ensures the synchronous completion
of subtasks with spatial dependencies, and represents the delg deviation for subtasks with spatial dependencies.

As aforementioned, the formulated problem is essentially a time-vaying integer programming problem, and the
solution space increases exponentially #¢7) with the number of control tasks. However, traditional mathematical
solving methods can result in catastrophic time complexity. In addition, uncertain network states, dynamically
arriving tasks, and spatiotemporal dependencies constraints ofasks further challenge mathematical methods in
solving optimization problems. Unlike traditional mathematical metho ds, DRL is an emerging technique that
leverages learned historical experience to iteratively converge weard optimal solutions. It is particularly e ective in
highly complex and time-varying environments, positioning it as a poweful tool for solving optimization problems
in such dynamic settings.

4 DDGCQ-based scheduling algorithm

DRL approaches are broadly classi ed into two categories: policy-Bsed methods (e.g., proximal policy optimization,
deep deterministic policy gradient, and twin delayed deep determinist policy gradient), which are well-suited for
continuous action spaces, and value-based methods (e.g., Q-leamg, deep Q-network, DDQN), designed for discrete
action spaces. Among value-based methods, DDQN introduced theemporal di erent algorithm to alleviate over-
estimation and error propagation, demonstrating superior perfemance compared to other value-based approaches.
Based on the DDQN model, this study optimizes task-scheduling streegies in time-varying environments while
satisfying spatiotemporal constraints.

4.1 MDP formulation

The optimization problem is formulated as a Markov decision processNIDP) problem. An agent is de ned for the
MDP problem, and the state spaceS, action spaceA, and reward function R (s; 0) are designed as follows.
State space: The feature information set of task nodes and the spatiotemporhdependencies among task nodes
form the state space. For a control process, the feature matx of control tasks is de ned as
2

3
x = §
ansj iNej SNRjnGj

According to Figure 3, the temporal and spatial dependencies of task nodes are remented by adjacency matrices

ag 1 SNR;
é: (18)

Ar and As: 2 3
Ao i AN
Ag = g o Z; (19)
Aincio 7 ANGiiNg]
Ag;o - Ag;jN Gi
As= g moo Z; (20)
S ... AS
AiN T H AiN cliiNe]

where Aj; = ; denotes that there exists a weighted directed edge from tasksto j, and the weight of the edge
is i. If Aj; =0 that means there is no directed edge from taskd to j. If there is a spatial dependency between
tasksi and j, then A =1 and A3 = 1; otherwise, A =0 and A = 0. Based on the adjacency matrix A,
the second-order out degree adjacency matrid o and second-order in degree adjacency matrid j, are obtained
to represent the temporal dependency relationship between eadask node and neighboring task nodes3g]. Thus,
the state space is de ned as

S=fArAinAot;As Xg: (21)

Action space: The agent decides whether a task should be processed by the loaal edge PLC; thus, the set of
possible deployment decisions constitutes the action space of thegant, which is represented as

Aacion = F0;1gN ¢ (22)
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Reward function:  The reward function of the agent is designed to align as closely as psible with the opti-
mization objective. The optimization objective is to minimize the processing cost of a control process; in contrast,
the training objective of DRL is to maximize the cumulative reward. Thus, this study combines the mathematical
cotangent function to design a reward function for the agent, wlich monotonically decreases in the domain (0 =2].
In this study, Eqg. (23) normalizes task processing delay and energy consumption to relse their order-of-magnitude
di erence. For a control process, the reward function is de nedas

y = cot 2 (L +tanh(x)) ; (23)

i=1 Q 1
! (24)

¢ o
@'-TA - if fail ;

8

% ) o 4 (1 ) Ei; if success
R (s;0) =
3

where 'ﬂpm and E; represent the normalized processing delay and energy consumptiprespectively. represents
the penalty factor, which is a hyperparameter. When (i) = 1, it indicates that the control task ST, processing
has failed, otherwise, (i) =0.

4.2 Algorithm details

In this subsection, to search for the optimal scheduling decisionsof control tasks, a double deep graph convolutional
Q-network (DDGCQ) model is well-designed (Figure5). The main Q-network in conventional DDQN utilizes fully
connected layers to extract feature information, with the input feature generally being a one-dimensional tensor.
Since one-dimensional tensors cannot accurately describe the afptemporal features among control tasks, this
study employs adjacency matrices to characterize these featas. However, the fully connected layers may not be
optimal for capturing the spatiotemporal features inherent to control tasks. Directed graph convolutional network
(DGCN) and graph convolutional network (GCN) exhibit outstandin g feature extraction and representation learning
performance on complex graph-structured data 38,39]. Therefore, this study integrates the GCN and DGCN with
the main Q-network of DDQN as a spatial and temporal features exactor, which enhances the Q-network's
evaluation capability for states and actions while enabling edge-endallaborative deployment of control tasks based
on the spatiotemporal features.

As shown in Figure 5, the main and target Q-networks share the same structure. Thedetailed structure of the
main Q-network is illustrated in Figure 6, which consists of a GCN module, a DGCN module, one spatiotemporal
feature fusion layer, two fully connected layers, activation funcion layers, and an output layer.

GCN module: Several control tasks are subject to spatial coordination corsaints, imposing strict time-
synchronization requirements during processing. To enable the amt to accurately evaluate the Q-values of de-
ployment decisions, it is essential to capture the spatial dependearies among control tasks. Therefore, a GCN
model is introduced to extract spatial dependency features, with includes a two-layer GCN, and the propagation
of the (L + 1)th GCN layer is de ned as

Zt B hs = B PADIZOW®D | (25)

whereZ(t) and W (1) represent the feature matrix and the trainable weight matrix, respectively, at the Lth layer of
the network. The initial Z© = X, and () represents the ReLU function. As = As + |5 is the adjacency matrix
for control tasks with spatial dependencies, and s is the degree matrix ofA s.

DGCN module: Compared with the GCN module, which exploits only the rst-order adjacency information
of graph-structured data, the DGCN additionally incorporates second-order in-degree and out-degree adjacency
matrices together with the feature matrix to capture more global node dependencies3g]. Since the DGCN is
e ective in handling directed graph-structured data, it is utilized to extract the temporal dependencies of the
control tasks. Speci cally, a two-layer DGCN and a feature fusion layer are constructed for the DGCN module.
The representationsZ (L) in the Lth DGCN layer are updated according to (26) and (27):

ZL BA = B FABEZOWO) (26)

zt =concat zY D1 Ac ;z0 B A 20 Dows Ao (27)
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where Concat () denotes a feature fusion layer.
Output layer: The main network of DDGCQ employs a DGCN and a GCN to capture temporal and spatial
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features, which are subsequently fed into a two-layer fully connged network with ReLU activation for nonlinear
fusion, ultimately producing Q-value estimates for all actions through a linear output layer. Thus, the representation
of a linear output layer is expressed as

Q z;Z =LP LP  LP Concat Z;Z ;W2 Wi W2 ; (28)

where LP denotes the linear propagation of a fully connected layer th weight W k., whereL 2 f 0; 1; 2g. According
to the evaluated Q-value, the agent adopts the"-greedy strategy to select an actiono, which is expressed as

8 .
<argmaxQ(spj')o 2Aqcton; 1 "

o=, ° (29)
" uniform sampling from Agaction ; "

where Q (s; 0! ) is the estimated Q-value of actiono by the main Q-network. The environment will execute action

o to feedback a rewardr while the environment updates states’. Subsequently, the interaction track between the
agent and the environment is stored in the replay bu er B = fs;0;r; s%, and the agent randomly takes a batch size
B samples fromB to train the DDGCQ model. Then, the DDGCQ model is trained through gradient descent to
minimize the mean squared error, with the loss function de ned as

NS
L(!)=é (Yo Q(sb;onj! )% (30)
b=1

wherey, = rp+ Q s;; ogj$ , I'p is a reward in the sampleb, is the discount factor, and Q (s?; 0dj$ ) represents

the estimated Q-value of next actionof by the target Q-network. As such, ! is optimized by minimize L (! ) and
update gradientr ; L (! ). The speci c training details for the DDGCQ-based scheduling algoithm are described
in Algorithm 1.

Algorithm 1 DDGCQ-based scheduling algorithm.

1: Input:s ;

2: Output: o

3: Initialize: learning rate and , batch size B, episodes ep, step sp, the main and target Q-network with weights ! and $ , respectively;
4: for episode =1;:::;ep do

5 for step =1;:::;sp do

6: Observe state s by (21);

7: Observe action o by (29) and execute it;

8: Allocate computing resource by ( 2) and ( 3), and calculate T, ;

9: Allocate networking resource by ( 8), (9), and ( 10), and calculate T™" ;
10: Observe reward r by (24) and next state s

11: Store s;o;r; s° into B;

12: s %

13: Training

14: Sample a batch size of samples from  B;

15: Update the weights ! of main Q-network: ! ! roL(l);

16: Update the weights ~ $ of target Q-network: ~ $ I+ )$
17: end for

18: end for

19: Return ! ,$ ,0 .

5 Simulation results

Based on the collaborative production scenario involving industrial eld devices, we constructed an industrial control
task model with spatiotemporal dependencies. Industrial device were randomly distributed within the coverage
area of the base station, which was equipped with an edge server @ssist in handling control tasks. The industrial
control task model, base station, and an edge PLC were simulatedsing Python. The key simulation parameters
are summarized in Table2. We implemented the DDGCQ model as an agent utilizing the PyTorch framework and
conducted model training on a laptop with four NVIDIA GeForce RTX 3090 graphics cards.

To compare the learning capabilities of di erent graph neural netwarks for the temporal features among control
tasks, we utilized GCN, GAT, and DGCN to extract temporal featur es of control tasks. Their performance was
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Table 2 Simulation parameters.
Hyperparameter Value Hyperparameter Value
Number of RB [ 37] 270 Computing capability of LP [ 36] 0:8 GHz
TTI [ 40] 0.5 ms Computing capability of CP [ 23] 8 GHz
Maximize uplink transmission power [ 23] 0:1W Discount factor 0.9
Gaussian noise power [ 41] 10 B w Learning rate 0.00001
Pass-loss exponent [ 41] 2 -greedy 0.2
Path-loss constant [ 41] 40 dB Batch size 64
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compared in terms of the average cumulative reward, task execidn success rate, and average training time. As
shown in Figure 7, GAT exhibited the worst performance, and its average training time was the longest. The
temporal dependencies of the control task are a small-scale direa graph structure with sparse connections among
control task nodes. The complex structure of the GAT makes it di cult to e ectively capture the connections among
task nodes, causing signi cant uctuations in the attention weight s of GAT and nally a ecting model convergence
and performance. Therefore, for small-scale task temporal degdency graph structures, GCN or DGCN provides
better results than GAT. Although the average cumulative rewards of GCN and DGCN are similar, GCN has an
average training time shorter than that of DGCN by 2.96 s. However DGCN achieves a 9.13% higher task execution
success rate than GCN. In industrial production, since it is esseriél to maintain system stability, it is preferable
to select the model with a higher task execution success rate of éhcontrol process.

To assess the performance of the proposed DDGCQ-based schidg algorithm, the DDQN and policy-based
twin delayed deep deterministic policy gradient (TD3) were considere as baseline models. These baseline models
were used to compare the performance of di erent DRL framewoks in edge-end deployment decision-making for
control tasks. However, since the TD3 model was primarily designe for problems with continuous action spaces,
the deployment decision in TD3 was formulated as selecting the proHaility of executing the task on the edge side
within the continuous range [0; 1]. Moreover, we compared the proposed algorithm with the TD3-ombined graph
convolution (GCNTD3) model. Accordingly, the three baseline algorithms for comparison with the DDGCQ were
designed as follows.

(1) In contrast to the proposed DDGCQ algorithm, the DDQN appro ach makes control task deployment decisions
solely based on task feature information, without considering the patiotemporal dependencies among control tasks.
(2) The TD3 algorithm selects a probability p; from the continuous action space [01]. When p; < 0:5, the ith
control task will be processed locally. Otherwise, theith control task will be sent for edge server processing. The

state space contains feature information of control tasks withait spatiotemporal dependencies.

(3) The GCNTD3 chooses the deployment probability of control taks from the action space [01] based on the
feature information and spatiotemporal dependencies of contriotasks.

Each task node considers control probability as a simple task and 1 as a complex task. As increases,
the number of simple tasks increases, and the number of complex $&s decreases; therefore, the total number of
tasks decreases. According to24), the average rewards will decrease as the increases, as shown in Figuré(a).
Figure 8(b) illustrates the impact of di erent control probabilities on task e xecution success rates. For the TD3 and
GCNTD3 algorithms, the task success execution rates increase ahe number of control tasks decreases. This is
because the complexity of task deployment is reduced since thereafewer tasks, thereby improving task execution
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success rates. However, this rate remains lower than that of th®DQN and DDGCQ algorithms, indicating that
the TD3 and GCNTD3 algorithms are less suitable for the MDP problem with discrete action spaces. In contrast,
the DDQN algorithm can achieve task execution success rates exeding 80%; yet it performs poorer than the
DDGCQ algorithm. The DDGCQ algorithm achieves task execution sucess rates of approximately 90% for control
probabilities of 0.4, 0.5, or 0.6, while the rate increases to around 99%or probabilities of 0.8 or 0.2. As the control
probability increases or decreases, the randomness and complexibf the spatiotemporal dependence of the task
decrease sequentially, and the success rate of task execution ieases sequentially (Figureg(b)).

As shown in Figure 8, the randomness and complexity of the spatiotemporal dependearies among tasks increase
the di culty for the DDGCQ algorithm to learn deployment strategies . To address this problem, we adjusted the
weights for learning temporal and spatial features in the DDGCQ algrithm based on the control probability. For a
relatively small control probability, resulting in a larger number of complex tasks, the DDGCQ algorithm increases
the weight for learning spatial dependency features. Converselyor relatively large control probability, leading to a
greater number of simple tasks, the DDGCQ algorithm reduces the wight for learning spatial dependency features.
Figure 9 compares the average cumulative rewards and task execution scess rates of the DDGCQ algorithm and
the weight-based DDGCQ algorithm under di erent control probabilities. For a control probability of 0.4 or 0.6,
the performance of the weight-based DDGCQ algorithm improves. lwever, for a control probability of 0.2, 0.5, or
0.8, the performance of the weight-based DDGCQ algorithm declinesThis phenomenon indicates that when the
number of simple tasks and complex tasks is either signi cantly imbalared or relatively balanced, the weight-based
DDGCQ algorithm may be unable to learn some critical spatiotemporalfeatures.

For this simulation experiment, we set the balance coe cient to 0.2, 0.5, 0.6, and 0.8. As illustrated in Figure
10(a), the average rewards increased with increasing, because an increase in reduced the proportion of energy
consumption in the cost function, thereby reducing the task exeation cost. Therefore, the smaller the execution
costs of the tasks, the larger the average cumulative rewards. iure 10(b) illustrates the impact of dierent  on
the execution success rates of control tasks for four algorithen Figure 10(b) shows that the proposed DDGCQ
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algorithm achieves the highest execution success rate. The agesiims to minimize the weighted sum of the processing
delay and energy consumption of the control task. When increases, all tasks will request more communication-
computing resources to reduce the processing delay, resulting inshortage of communication-computing resources.
As shown in Figure 10(b), the task execution success rates of DDQN and TD3 algorithmssharply decrease as
increases, while that of the GCNTD3 algorithm gradually increases. he task execution success rates of the proposed
DDGCQ algorithm reach over 90%. These results indicate that the DOGCQ algorithm, which utilizes complete
task information for deployment decision-making, is very robust ard is capable of e ective dynamic adaptation to
various complex environments.

Figure 11shows the average cumulative rewards and task execution suceastes under the di erent computational
complexity c for four algorithms. Here, c represents the required CPU cycles for one bit of data. In the simlation
experiment, the computational complexity ¢ was set to 100, 150, 200, and 250. In the same simulation experinmten
the value-based algorithms outperformed the policy-based algoritms in terms of task execution success rates and
average cumulative rewards. As shown in Figured1(a) and (b), when the computational complexity was set to
100, 150, and 200, the task execution success rates of the DDQdgorithm reached over 90% while that of the
proposed DDGCQ algorithm reached 100%. However, when the congpational complexity was set to 250, the
task execution success rates of the DDQN algorithm dropped shaly to about 65%, while that of the proposed
algorithm still reached over 90%, albeit with some decrease. The resan behind this phenomenon is that the
increase in computational complexity leads to more intense competibn among control tasks for computing resources,
thereby increasing the complexity of the learning environment of the agent and the di culty of learning strategies.
Compared with the conventional DDQN algorithm, which ignores the impact of task spatiotemporal dependencies
on task deployment strategies, the proposed algorithm is more ralst.

In Figure 12, we calculated the average cumulative rewards and task executioauccess rates of di erent spatial
dependent delay tolerance . As shown in Figure 12(a), the spatial dependent delay tolerance is set to 0.0005,
0.0007, 0.0009, and 0.001. When increases, the average cumulatvrewards do not change drastically, but the
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Figure 12 (Color online) Impact of di erent space-dependent latency tolerances . (a) Average cumulative rewards; (b) task exec ution success
rates( =0:5 =0:5 =2,and c =200).
Figure 13 (Color online) Impact of di erent pass-loss exponent . (a) Average cumulative reward; (b) task execution success rate ( =0:5,

=0:5, ¢=200,and =0 :001).

execution success rates of control tasks increase signi cantlyl'his is because the cost function of the control task is
greatly aected by , , and c, while the change in has little impact on the cost function. When incr eases, the
number of tasks that satisfy spatial dependency constraints willincrease, leading to an increase in the execution
success rates of control tasks. Thus, the proposed DDGCQ algthm makes task deployment decisions based on
the complete information of control tasks, outperforming other schemes in terms of task execution success rates and
average cumulative rewards.

Figure 13 compares the average cumulative rewards and task execution scess rates of di erent DRL models
across varying path-loss exponents. The path-loss exponent is set to 2, 2.5, 3, and 3.5. As increases, leading
to poorer channel conditions, the average cumulative reward andask execution success rates across DRL models
decline, as shown in Figured 3(a) and (b). Among them, the TD3 and GCNTD3 models exhibit a highly signi cant
decline, indicating that DRL models based on the actor-critic framework are not well-suited for the discrete action
decision-making problem optimized in this study because of their relately poor learning performance. Although
the DDQN and DDGCQ models also show downward trends in both averge cumulative rewards and task execution
success rates, the decline is less pronounced. The task executisunccess rates of DDQN remain around 90% under
di erent path-loss exponents; however, compared with the projpsed DDGCQ model, the performance of DDQN in
terms of average cumulative reward and task execution succesate requires improvement. The proposed DDGCQ
model demonstrates robust performance, maintaining a task exaition success rate above 95% despite varying
path-loss exponents and the resulting volatile channel conditions.

6 Conclusion
To enable industrial intelligent manufacturing to process data e cie ntly, we investigated an industrial wireless con-

trol system that can exibly deploy control tasks among the edge server and the industrial eld side. Initially, a
mixed graph-based industrial control task model was construatd to characterize the temporal and spatial depen-
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dencies among tasks. To e ciently schedule networking and compuing resources under spatiotemporal constraints,
we transformed the spatiotemporal dependencies of the conttdask into processing time constraints and designed a
dynamic variable time-slice-based resource allocation method. Baden this method, we proposed a novel DDGCQ-
based task-scheduling algorithm to minimize the weighted sum of proessing delay and energy consumption across
all tasks. The simulation results demonstrated that the proposedalgorithm can achieve the minimum control cost
and maximum task execution success rate under di erent environmental parameters, outperforming baseline al-
gorithms. To summarize, the proposed method achieves edge intelkgt collaboration control while satisfying the
spatiotemporal constraints of control tasks for industrial wireless control systems.
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