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Abstract: In the context of real-time control and latency response scenarios for production line robots, this study
focuses on optimizing the “cloud-edge-end” three-layer heterogeneous deployment based on edge computing.
Multi-agent reinforcement learning methods are employed for task scheduling optimization, enabling distributed
control to reduce resource waste and further improve load balancing. Dynamic event-triggered communication
optimization reduces latency while minimizing network resource consumption. Through simulation testing,
applying this method to optimize real-time control latency on the cloud platform achieved over 85% higher latency
reduction compared to traditional cloud platform optimization tests. The system operates stably in dynamic complex
scenarios, providing both theoretical and practical research and exploration into production line robot control
optimization.
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1. Introduction

The Fourth Industrial Revolution continues to advance, and leveraging smart manufacturing as a
means to achieve industrial upgrading and efficiency improvements has emerged as a new path forward
for modern enterprises [1]. As key executors in smart manufacturing, robots ensure precision while
leveraging their high efficiency and stability to replace human labor in industrial automation upgrades,
becoming the primary means for enterprises to reduce costs and improve efficiency in production [2-4].
Faced with the trend toward higher flexibility and shorter production lines, the traditional industrial robot
control architecture, which relies on cloud systems for centralized computing and control, suffers from
drawbacks such as high control latency, low reliability, and difficulties in resource scheduling [5-6]. In
the traditional model, the robot's perception information is transmitted over long-distance networks to the
cloud for computation and control, and then responds based on the cloud's computational results. This
process is further constrained by network bandwidth and cloud service resource limitations [7-9]. When
network congestion or service delays occur, it easily leads to command delays or interruptions, resulting
in unstable and unreliable control of the entire production line [10-11]. This issue is particularly
pronounced in scenarios where production lines demand extremely high response times for commands,
thereby hindering the deepening development of smart manufacturing [12].

Edge computing, as a new computing paradigm, focuses on pushing computational and storage
resources to the network edge, enabling data to be processed locally in real-time. This significantly
reduces end-to-end response latency, decreases reliance on the network, and enhances system real-time
performance and reliability [13-16]. Literature [17] indicates that compared to traditional production
system architectures supported by centralized data centers, the designed three-layer architecture
industrial robot system based on edge computing can provide better real-time performance and network
transmission performance, addressing the previously faced issues of high bandwidth costs and prolonged
latency. Literature [18] indicates that in the modernization of agricultural practices, drones and
ground-based unmanned vehicles serve as both network data collection devices and edge devices within
the network. By leveraging edge computing methods, data from numerous devices can be processed in

@3-% Copyright: © 2026 by the authors




real-time, effectively addressing traditional network congestion issues. Literature [19] introduces a
robotic factory for manufacturing, where the introduction of edge computing methods successfully
extends the computing resources, network bandwidth, and storage capacity of the cloud platform to the
IoT edge, effectively improving product assembly efficiency and production efficiency. Based on this,
edge computing nodes can be introduced into the robot control system on the production line to further
reduce the latency of perception-computation-action, alleviate the pressure on cloud computing, and
perform local intelligent task scheduling and control.

Additionally, with the synergistic development of mainstream technologies such as artificial
intelligence, IoT, and 5G communications, edge computing possesses the capability to support
collaboration among various heterogeneous devices, demonstrating good flexibility and scalability in
tasks such as multi-task scheduling, dynamic resource scheduling, and communication overhead
management [20-23]. Literature [24] clarifies that distributed resource scheduling (DRS)
decision-making between terminal devices and edge devices is a fundamental issue facing edge
computing. By studying DRS-enabled methods in specific application scenarios, it can better meet
requirements such as autonomous computing, scalability, and low latency. Reference [25] designs an
intelligent resource scheduling strategy for edge computing based on a hybrid computing framework,
which provides good real-time performance, satisfaction, and energy efficiency in smart manufacturing
environments, thereby fully meeting the real-time requirements of smart manufacturing. Reference [26]
proposes a two-layer hybrid scheduling model based on graph neural networks and deep reinforcement
learning to enhance the task scheduling process of robots under edge computing. The proposed model
helps improve the efficiency of robot task management and plays an important role in scenarios with high
response time requirements. Therefore, integrating edge computing with production line robot control
systems to achieve a deeply integrated control architecture, enabling more responsive, efficient
scheduling, and a safer system, has become a key focus and hot topic in the field of intelligent
manufacturing.

Against this backdrop, this paper focuses on how to apply edge computing to real-time control and
low-latency response for production line robots, aiming to break through the performance limitations of
current cloud-based control architectures. This effort seeks to further enhance the intelligence and
autonomy of production line robots, providing a theoretical and technological foundation for future
intelligent manufacturing.

This paper primarily explores the research approach of “edge computing + production line robot
control,” following a methodology that progresses from hardware architecture to distributed task
scheduling algorithms, communication mechanisms, and finally optimization algorithms. Research is
conducted across four main aspects: the three-tier “cloud-edge-end” division of labor model, multi-agent
reinforcement learning combined with distributed task scheduling models, dynamic event-triggered
mechanisms, and annealing optimization algorithms. The control performance of the entire system
platform is validated through these investigations.

2. Methods for Improving Real-Time Control and Low-Latency Response
Capabilities of Robots

2.1. Edge Computing Node Deployment

Deploying edge computing nodes on production line robots within robot control cabinets is a critical
issue affecting the real-time response capabilities of production line robots. This paper proposes a
three-tier hierarchical deployment architecture—"“local edge-remote edge-cloud edge”—to meet the task
execution requirements of production line robots with different response latency needs. Local edge
computing nodes are deployed within or near the industrial PC/UPC in the production line robot's control
cabinet. The response latency of edge nodes is strictly limited to within 5 meters, handling safety tasks
such as robot-to-robot collision detection and emergency braking, which require millisecond-level
response times. For local edge computing nodes, it is recommended to use industrial computers or
embedded platforms with machine-programmable control capabilities, running real-time operating
systems such as VxWorks and Real-Time Linux to ensure the determinism of control tasks. Remote edge
computing nodes cover production lines or groups of collaborative robots, handling tasks such as
trajectory planning and camera-based visual recognition, which require medium-complexity control
tasks with latency ranging from 10 to 50 milliseconds.

In terms of hardware architecture design, the near-end nodes adopt a heterogeneous computing
architecture based on ARM Cortex-A72 multi-core processors and FPGA coprocessors. The FPGA
specifically handles deterministic signal processing and control algorithms, while the CPU handles
general computing tasks. The system is equipped with 8 GB or more of DDR4 memory and a 128GB
industrial-grade SSD to meet high-speed caching and local storage requirements. The fanless aluminum
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alloy housing design complies with the IP65 dustproof and waterproof standard, with an operating
temperature range of -40°C to 85°C and vibration resistance of 5G or higher. Communication interfaces
include Gigabit Ethernet, high-speed serial ports RS-485/422, CAN bus, and industrial Ethernet
interfaces supporting TSN (Time-Sensitive Networking).

In the network connection topology, deterministic network protocols such as PROFINET RT/IRT or
EtherCAT are used between the near-end nodes and the robot controller, with a communication cycle
controlled below 250us to ensure real-time transmission of control signals. Critical network links are
designed with redundancy and support fast convergence protocols such as RSTP/MSTP, with network
failure switchover time controlled within 20ms to meet the high availability requirements of industrial
control systems. The data acquisition and processing workflow adopts a unified data access framework
based on OPC UA, supporting transparent access and protocol conversion for various industrial bus
protocols such as Modbus, PROFIBUS, and DeviceNet. The minimum sampling period for real-time
control data is set to 1 ms to ensure precise capture of rapidly changing physical quantities. Process
monitoring data is sampled at intervals of 10 ms to 100 ms based on signal change characteristics to
balance data acquisition accuracy and system overhead. Edge nodes use a stream processing architecture
to establish a data diversion mechanism, allowing critical control data to enter the real-time processing
pipeline, while non-critical monitoring data is pre-processed and compressed before being transmitted to
the cloud to achieve efficient use of network bandwidth.

The software platform adopts a containerized microservice architecture, with core control functions
deployed at the real-time operating system layer to ensure deterministic response, and data analysis and
management functions deployed as Docker containers for flexible upgrades and functional expansion.
The edge node operating system uses a customized Linux real-time version configured with the
PREEMPT RT patch to control scheduling latency within 50us. Resource isolation is achieved through
cgroups and namespace technology to ensure that critical control tasks are not interfered with by other
processes. Node management uses edge computing orchestration systems such as K3s or KubeEdge to
support automatic deployment, elastic scaling, and health monitoring of applications, establishing a
robust edge computing infrastructure for real-time control and low-latency response capabilities of
production line robots.

2.2. Distributed Task Scheduling Algorithm

Task scheduling issues faced by production line robots in edge computing environments exhibit high
complexity, and traditional centralized scheduling methods cannot meet the collaborative requirements
of distributed edge nodes. We model each edge computing node as an independent agent, using a Markov
decision process to describe node interactions, and employ multi-agent reinforcement learning to achieve
autonomous learning and collaborative optimization of task scheduling. Agents gradually learn optimal
scheduling strategies through environmental interactions, with accumulated experience driving strategy
updates, leading to continuous improvements in scheduling decision quality and enhanced system
performance. The algorithm is based on the Q-learning framework, with value function updates
following the following formula:

O(s,a) < O(s,a) +alr+ymax,, Os',a") - O(s,a)] (1)

In the equation, (s, a) represents the value function of the intelligent agent performing action a

in state s , reflecting the expected long-term return of the state-action pair. The learning rate parameter
o controls the degree of influence of new experiences on the value function update, with values set in
the range of 0.1 to 0.3 to balance learning speed and stability. The discount factor y ranges from 0 to 1,
balancing the importance of immediate rewards and future rewards. A larger y value makes the agent
more focused on long-term benefits. The immediate reward # is calculated based on metrics such as task
completion time and resource utilization, and §' represents the next state after executing the action.
The agent's action space consists of four basic actions: allocation, migration, storage, and upload, as
well as three actions for prioritizing allocation tasks and three actions for reserving memory space during
allocation. The state space includes parameters such as resource occupancy at each edge node, load and
network status of adjacent edge nodes, work queue status of each edge node, and historical scheduling
completion time of the edge node [27]. Each agent's state vector consists of its own resource utilization,
the number of tasks awaiting processing, the load status of each adjacent agent node, and the network
status between adjacent agent nodes. The action space is the allocation action taken by the agent. The
greedy function balances exploration and exploitation, with the initial coefficient for exploration set
relatively high to ensure that more agents attempt new scheduling methods in the initial stage. As the
number of iterations increases during the learning process, the greedy function coefficient is gradually
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reduced to encourage agents to select the optimal scheduling strategy.

The reward function employs a multi-objective composite mechanism to guide agents in learning
desired scheduling behaviors, primarily including task completion time rewards, resource utilization
efficiency rewards, load balancing rewards, and energy efficiency rewards. The total reward function
achieves multi-objective balance through weighted summation [28]. The algorithm incorporates an
experience replay mechanism and target network technology to enhance convergence speed. The
experience replay buffer stores historical samples for random sampling during training, breaking sample
temporal dependencies to improve learning efficiency. The target network periodically replicates the
main network parameters to calculate the target Q-values, reducing training instability. Priority
experience replay determines sample importance based on time difference errors. Multi-agent
coordination is achieved through information sharing and strategy negotiation. Each agent periodically
exchanges state information and scheduling decisions, and consistency algorithms achieve global
coordination to avoid scheduling conflicts.

2.3. Dynamic Event Trigger Mechanism Design

In edge computing environments, the design of dynamic event-triggered mechanisms plays a critical
role in achieving efficient data transmission and real-time control. Traditional time-triggered
mechanisms often result in unnecessary communication overhead and response delays, particularly in
industrial automation scenarios where balancing real-time performance and resource utilization
efficiency is of utmost importance. Therefore, we designed this mechanism based on the principle of
determining the timing of data transmission based on changes in system state. Data is only transmitted to
edge computing nodes or the cloud when the system state undergoes significant changes or meets
specific trigger conditions. This approach reduces redundant data transmission while optimizing network
performance under conditions that ensure control accuracy. During the design process, Lyapunov
stability theory was applied to verify system stability. The system dynamics can be represented as:

x = f(x,u)+ g (x,u)w ©)

In the equation, X represents the system state, # is the control input, W represents the disturbance,
and f and g are the system state transfer function and disturbance influence function, respectively.

By continuously monitoring the current state and comparing it with system analysis, the system
adapts to changes in trigger conditions across different control scenarios. Specifically, trigger conditions
can be determined based on changes in system state values and the rate of change in control inputs. When
these exceed predefined thresholds, data transmission is triggered; otherwise, the current state is
maintained to avoid unnecessary communication overhead. This constitutes an adaptive triggering
method for network load management, thereby achieving reduced network load and improved system
operational efficiency.

Compared to traditional time-based triggering mechanisms, the multi-level triggering judgment
mechanism proposed in this paper achieves the lowest network latency while ensuring the stability and
performance of the system control process after triggering. The dynamic event triggering algorithm,
based on Lyapunov stability theory, ensures system stability and reliability, providing design and
development insights for edge computing applications in industrial fields, with significant theoretical and
practical value. It can meet the requirements of certain special scenarios where resource demands are low
but control requirements demand high real-time performance. By continuously refining the parameters of
trigger thresholds and optimizing the algorithms for trigger criteria, the system design achieves better
adaptability. This enables it to maintain good performance even under complex conditions such as
changes in network operating conditions or variations in workload intensity, providing important
guidance for designing robust edge computing structures.

2.4. Resource Allocation Optimization Plan

The problem of multi-task resource optimization for production line robots in edge computing
environments is a complex combinatorial optimization problem involving resource constraints and
multi-objective optimization. The objective is to maximize the average task completion latency while
minimizing system power consumption under limited computational, storage, and network bandwidth
constraints. Greedy and heuristic algorithms often get stuck in local optima; while genetic algorithms
have global optimization capabilities, they tend to converge slowly and are difficult to tune. To address
these issues, this paper proposes a multi-objective resource optimization strategy for production line
robots using a hybrid simulated annealing method. This algorithm formulates the task resource allocation
problem for multi-task edge computing nodes as a constrained optimization problem, incorporating
factors such as average task completion time, node power consumption, task load balancing, and service
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quality into the objective function.
Assume that the edge system consists of N computing nodes and M tasks to be processed. The

computing capacity of the i th node is Ci , and its storage capacity is Sl The computing requirement of
the j thtask is R, , and its storage requirement is D; . The resource allocation matrix X = {x,}

represents the task allocation relationship, where X, = 1 indicates that task j is assigned to node i for

execution, and 0 otherwise. The objective function is defined as:

FX)=a T(X)+p-E(X)+y-L(X) 3)

In the equation, 7'(X') denotes the total system delay, £ (X ') denotes the total energy consumption,

L(X) denotes the load imbalance degree, and &, 3, are weighting coefficients.

The simulated annealing algorithm draws inspiration from the physical phenomenon of solid
annealing, simulating the changes in atomic energy states during metal cooling to search for the global
optimal solution to an optimization problem. The algorithm starts from an initial solution and generates
neighboring solutions at each iteration, deciding whether to accept them based on the Metropolis
criterion, with an acceptance probability of:

P=exp(-AE/T) “4)

In the equation, AE is the change in the objective function value, and T is the current temperature
parameter.

The temperature parameter gradually decreases during the iteration process. The adaptive
temperature adjustment strategy designed in this paper is expressed by an exponential decay function:

I,=T,-a" )

In the equation, ];) is the initial temperature, ¢ is the cooling coefficient, and k is the iteration

count.

A temperature rebound mechanism is introduced to activate the search process. The neighborhood
solution generation strategy uses a combination of multiple transformation operations. When dealing
with multi-objective optimization problems, the weighted sum method is used to merge multiple
objectives into a single objective function.

The algorithm implementation employs an elite retention strategy to prevent high-quality solutions
from being lost during random search, and a diversity maintenance mechanism to ensure the uniform
distribution of the solution set. The convergence criterion is when the objective function value shows no
significant improvement over several consecutive generations or reaches the maximum iteration count.
After the algorithm terminates, it outputs the optimal resource allocation scheme.

3. Results and Discussion
3.1. Analysis of Experimental Results

To verify the optimization capabilities of edge computing technology for real-time control of
production line robots, a complete test environment for production line robots was established. The
system platform primarily consists of three near-end edge nodes, two far-end edge nodes, and a cloud
server. The production line robots utilize six-axis industrial robots equipped with various sensors to
collect real-time data. The near-end edge nodes are equipped with ARM Cortex-A72 (1.5GHz) x4
processors + Xilinx Artix-7 field-programmable gate arrays, 8GB DDR4 industrial-grade solid-state
drives, and 128GB solid-state drives. The remote edge nodes use Intel Core i7-10700 (2.9GHz)
processors, 16GB DDR4 industrial-grade solid-state drives, and 512GB industrial-grade solid-state
drives. The cloud servers use dual Intel Xeon Gold 6248R (3.0GHz) processors, 128GB industrial-grade
solid-state drives, and 2TB fiber-optic high-speed solid-state drives. Interconnection between remote and
local nodes uses time-sensitive networking. The communication protocol between local nodes and robot
controllers is EtherCAT, with a cycle time of 250 microseconds. Remote and local edge nodes are
connected via gigabit industrial Ethernet, using service-level policies to ensure priority transmission of
industrial control data. Remote edge nodes communicate with the cloud via a 10-gigabit fiber-optic
network for high-speed data transmission.

We compared the response capabilities of the traditional centralized cloud computing model and the
edge cloud computing model under different operating conditions. Using three practical operating
conditions as test cases: stable production line operation, overload operation, and sudden overload. The
test results are shown in Table 1. The edge-based cloud computing model achieved system optimization
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in all three operating conditions, with response times improved by over 85%, and even in sudden
overload situations, response times were kept under 50 milliseconds, fully meeting the real-time control
requirements of the production line's robots.

Table 1. Average response time under different operating conditions (ms).

Architecture type Normal operation High load operation Sudden load
Cloud computing 178.5 246.3 312.7
This article 22.4 36.7 42.3
Optimization ratio (%) 87.5% 85.1% 86.5%

Performance evaluation of distributed task scheduling algorithms shows that scheduling strategies
based on multi-agent reinforcement learning demonstrate significant advantages over traditional
methods. The comparative data in Table 2 shows that this algorithm achieves optimal performance in
four core metrics: average task delay, resource utilization, load balancing, and system energy
consumption. In particular, load balancing is improved by more than 30% compared to traditional
scheduling algorithms, which is important for maintaining stable system operation under high load
conditions.

Table 2. Performance comparison of different task scheduling algorithms.

. Average task delay | Resource use rate | Load balancing | Energy Consumption
Algorithms (ms) (%) degree (W)
Polling 48.6 65.3 0.63 187.2
scheduling
Greedy 412 72.4 0.58 172.5
scheduling
Genetic 35.7 78.1 0.72 165.3
algorithm
This article 28.3 83.5 0.85 153.8

Additionally, this paper simulates the operation of the resource allocation scheme in edge computing
scenarios of different scales, simulating the operational effects in small-scale scenarios (5 nodes and 20
tasks), medium-scale scenarios (15 nodes and 60 tasks), and large-scale scenarios (30 nodes and 120
tasks). The algorithms compared include the greedy algorithm, genetic algorithm, and particle swarm
optimization algorithm. Through comparative experiments, the advantages of the simulated annealing
resource allocation scheme proposed in this paper can be verified. The algorithm can significantly reduce
task execution latency without increasing energy consumption. In large-scale scenarios with stringent
resource constraints, the algorithm's characteristics become even more pronounced. To provide
higher-quality edge computing resource allocation services that improve the response latency of
production line robots and enhance the accuracy of their decision-making, thereby reducing the energy
consumption of edge computing systems, which is beneficial for improving the overall operational
efficiency of the production line. Therefore, the proposed simulated annealing algorithm effectively
avoids getting stuck in local optima during the search process and achieves a reasonable balance between
exploration and exploitation by quickly finding solutions close to the global optimum within a large
solution space.

Our testing of the aforementioned dynamic event-triggered mechanism also yielded positive results.
We tested the network bandwidth consumption under various communication mechanisms during an
8-hour operational period of the robot. As shown in Figure 1, the trends in network bandwidth
consumption under the three communication mechanisms—fixed-cycle communication, static event
triggering, and dynamic event triggering—are clearly discernible over the 8-hour period. As shown in
Figure 1, throughout the entire testing period, the network bandwidth consumption under the dynamic
event-triggered mechanism remained near the minimum value and was significantly lower than that
under fixed-cycle communication and static event-triggered mechanisms during the most active periods.
This is attributed to the flexible and adaptive nature of the dynamic event-triggered mechanism, which
can reduce the frequency of information transmission even when there is a high demand for information,
and vice versa. The advantage in system resource utilization did not result in a decline in system control
performance. During the entire testing process, the average error in path tracking for robots using the
dynamic event-triggered mechanism was 0.21 mm, while the average error for path tracking using
fixed-cycle communication was 0.19 mm, with a difference of only 0.02 mm. However, the network
resource consumption under the dynamic event-triggered mechanism was halved, demonstrating the
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mechanism's ability to efficiently utilize the robot's system resources.
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Figure 1. Network bandwidth occupation of different communication mechanisms.

Through analysis of the experimental results, it can be seen that the research scheme proposed in this
paper can effectively reduce latency in real-time control scenarios for production line robots while
ensuring flexibility, improving the real-time response speed of robots, and further improving the control
efficiency of existing production line robots. Additionally, the designed distributed task scheduling
algorithm leverages network resource advantages while implementing event-correlated scheduling tasks,
resulting in high network utilization. The dynamic event-triggered computing resource allocation
strategy reduces computational resource overhead in the system while maintaining control precision. The
event-driven computing and communication task scheduling strategy ensures real-time control
capabilities of robots while enabling flexible and controllable distributed real-time task scheduling.

3.2. Discussion of Experimental Results

From the analysis of experimental data, the three-tier progressive edge computing technology
architecture has shown significant improvements in enhancing the real-time control capabilities of
production line robots and reducing latency response times. However, it has also revealed certain
shortcomings. The three-tier progressive edge computing architecture can effectively meet the usage
requirements of different latency-sensitive tasks in various application environments. The design of
near-end edge nodes can achieve millisecond-level response times for safety-critical tasks, fully
satisfying the real-time and deterministic response requirements of industrial control systems. However,
the hierarchical design of the architecture, while offering greater flexibility, also increases
decision-making complexity. Especially regarding task reallocation, when an edge node fails or becomes
overloaded, the decision delay in task reallocation can impact overall system performance. Experimental
results show that compared to traditional cloud computing architectures, this architecture achieves over
an 85% improvement in response time, primarily due to reduced data processing distances and decreased
network transmission latency within the architecture. However, there is still some variability in the
experiments, and as seen from the experimental data, the response time can still reach below 50ms under
sudden load spikes, indicating that there is still room for improvement in the architecture's computational
resource allocation and task scheduling strategies.

In terms of task scheduling, the distributed scheduling algorithm based on multi-agent reinforcement
learning has effectively addressed scheduling issues. Compared to traditional scheduling algorithms, it
achieves significant improvements in average task latency, resource utilization, and load balancing, with
load balancing improved by over 30%. Additionally, through continuous learning and interaction among
multi-agents, the scheduling decision-making strategy demonstrates strong adaptability during dynamic
workload adjustments. However, further improvements are needed in the algorithmic performance of
reinforcement learning algorithms, specifically in terms of learning rate and robustness. The learning
efficiency of this algorithm fluctuates significantly during the early iteration stages but converges after
training, enabling it to better serve practical applications. However, this also increases the complexity of
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system deployment and maintenance. Additionally, while the collaborative action of multiple agents
effectively enhances the distributed characteristics of system scheduling, it also introduces
corresponding communication overhead. Unstable factors in industrial environments may impact the
actual system's operation. Furthermore, the application of the dynamic event-triggered mechanism
reduces network bandwidth overhead without compromising control accuracy. Compared to the previous
method of tracking state changes, the robot's path tracking error increases by only 0.02 mm. With
network overhead reduced by nearly 50%, the system performance and network communication
overhead of the dynamic event-triggered mechanism are relatively balanced. Furthermore, the
determination of thresholds during the design process of the dynamic event-triggered mechanism
significantly impacts the system. If the system threshold is too sensitive, it may overlook important state
changes. However, when the threshold is set too low, it may result in unnecessary communication traffic,
leading to insufficient utilization of network resources. Therefore, how to adaptively adjust based on
specific application scenarios remains an important direction for future research.

Future edge computing technology will also support the development of production line robot control
systems. For example, the low latency and high reliability of 5G will support the optimization of edge
computing technology effects. Research should focus on management solutions for intelligent edge
computing nodes. For instance, artificial intelligence can be used to achieve resource prediction, dynamic
configuration and self-healing, and automatic performance optimization to enhance the self-management
capabilities of edge computing systems. Given the complexity of industrial environments, the
development of edge computing technology should prioritize exploring flexible and scalable edge
computing architectures that support seamless integration and collaborative processing of heterogeneous
edge devices, thereby promoting the widespread adoption of edge computing technology. In terms of
algorithm optimization, future research can integrate federated learning technology with multi-agent
reinforcement learning algorithms. Distributed training can reduce data flow between nodes and protect
industrial data privacy. By using digital twin technology to model the operational status of production
line robots, more accurate predictions and simulation calculations can be provided for task assignment
and resource optimization, thereby enhancing the effectiveness of algorithm optimization. In the field of
security, edge computing nodes will also become an important component of distributed architectures in
the future development of edge computing. The risks of cyberattacks and data breaches facing industrial
control systems will continue to rise. Therefore, establishing a reasonable defense system and data
encryption strategies to ensure the operational security of industrial control systems is of great
significance.

4. Conclusion

This paper proposes a “cloud-edge-end” control architecture for production line robots, featuring
high real-time control capabilities and low system latency. It introduces an intelligent agent
reinforcement learning scheduling algorithm and dynamic event-triggered methods to ensure timely
responses and reasonable scheduling. Simulation and experimental results demonstrate that edge
computing achieves an average response time that is over 85% faster than traditional cloud computing,
with the highest latency maintained below 50ms. Compared to traditional methods, the dynamic
event-triggered approach reduces network resource usage by approximately 50%. The multi-agent
scheduling method improves load balancing by over 30% under high-load conditions and reduces
average latency by 28.5%. This method addresses low-latency and high-reliability control in dynamic
and complex environments for production line robots, providing a feasible technical and practical
demonstration for smart manufacturing. It also lays the foundation for future improvements and updates
in edge intelligence.
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