EAIl Endorsed Transactions

on Scalable Information Systems Research Article EALLEU

The Optimization of Load Balancing Strategies in
Heterogeneous Distributed Environments for Regional
Industrial Upgrading

Zhigang Guo, Zhen Li"

School of Business, Anyang Institute of Technology, Anyang ,455000, Henan, China

Abstract

INTRODUCTION: With the ongoing advancement of regional industrial upgrading, efficient load balancing in
heterogeneous distributed environments has emerged as a pivotal technical challenge. Conventional load balancing methods,
typically designed for homogeneous systems or based on static scheduling rules, are ill-equipped to handle the dynamic task
demands and diverse resource capabilities characteristic of modern industrial computing infrastructures.

OBJECTIVES: This study seeks to bridge this gap by developing an intelligent, adaptive load balancing strategy specifically
tailored for heterogeneous environments, with the goal of maximizing resource utilization, minimizing response latency, and
supporting sustainable industrial transformation.

METHODS: The proposed framework synergistically combines real-time dynamic resource monitoring, multi-dimensional
task characterization and scheduling, and reinforcement learning-driven decision-making to construct a responsive and self-
optimizing load distribution mechanism that continuously adapts to system state changes.

RESULTS: Comprehensive experiments show that the approach significantly outperforms traditional strategies (e.g., round-
robin, shortest job first) and state-of-the-art deep reinforcement learning methods across key performance metrics (p < 0.05),
achieving up to a 44% reduction in average response time and a remarkable 91.4% system-wide resource utilization.
CONCLUSION: By enhancing both adaptability and efficiency in complex heterogeneous settings, the proposed strategy
offers a practical and scalable solution with strong potential for deployment in smart manufacturing, cloud computing, edge
computing, and other industrial digitalization scenarios.

Keywords: Heterogeneous distributed environments, load balancing optimization, reinforcement learning, regional industrial upgrading,
adaptive scheduling.
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1. Introduction increasingly complex industrial demands[3][4]. In
scenarios such as industrial Internet, smart manufacturing,
With the rapid development of information technology and large-scale data processing, resource heterogeneity and
and smart manufacturing, regional industrial upgrading has distribution introduce new challenges[5]. Achieving
become a key pathway to enhancing industrial efficient load balancing in heterogeneous environments is
competitiveness and driving economic essential for improving system performance and promoting
transformation[1][2]. Traditional centralized computing regional industrial upgrading.
and resource scheduling methods no longer meet Although various load balancing methods exist, most

rely on specific assumptions and simplified metrics. While
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some techniques aggregate multiple variables into single
indicators, they often lose the fine-grained coupling
between heterogeneous resource dimensions (e.g., non-
linear CPU-1/O relationships) that our multi-dimensional
model explicitly captures[6][7]. In complex multi-task and
multi-resource environments, existing methods face
inaccurate load prediction and inefficient resource
allocation[8][9]. Current strategies depend on static rules
and experience-based scheduling, ignoring real-time data
and environmental changes. Although reinforcement
learning and adaptive algorithms have developed, their
application in heterogeneous distributed environments
faces challenges like high computational overhead and
slow  convergence[10]. @ No  existing  research
simultaneously —addresses heterogeneous resources,
efficient scheduling, and real-time response.

To address this gap, this paper proposes three
innovations. First, dynamic task scheduling: a real-time
model based on task characteristics and resource states
solves the inflexibility of static methods. By analyzing
tasks and resources in real time, the strategy dynamically
adjusts load distribution, improving adaptability and
resource utilization. Second, adaptive load distribution:
reinforcement learning optimizes distribution decisions,
leveraging online learning for self-optimization in large-
scale heterogeneous environments, enhancing scalability
and adaptability. Third, multi-dimensional resource
integration: an optimization model considers resource
heterogeneity and distribution, optimizing task execution,
resource scheduling, and load distribution across multiple
dimensions.

This research expands the theoretical framework of load
balancing in heterogeneous distributed environments and
provides a practical technical solution. By combining
dynamic scheduling and reinforcement learning, this
strategy addresses complex tasks and dynamic resource
allocation in regional industrial upgrading. Its adaptive
nature enables flexible deployment across industrial
environments, driving innovation in smart manufacturing
and industrial Internet. Theoretically, it offers new
perspectives for distributed system load balancing.
Practically, it optimizes industrial resource allocation,
improves production efficiency, and reduces operational
costs, with broad application prospects.

2. Related Works

2.1. Application Scenarios and Challenges

In the context of regional industrial upgrading, load
balancing in heterogeneous distributed environments has
become a critical technological challenge for improving
production efficiency, optimizing resource utilization, and
ensuring system stability[11][12]. With the rapid
development of emerging technologies such as smart
manufacturing, industrial Internet, cloud computing, and
edge computing, the resources in heterogeneous distributed
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systems are evolving towards diversification and
dynamism, making the load balancing problem
increasingly complex[13][14]. Particularly in scenarios
involving large-scale, high-concurrency, and high-
dynamics tasks, achieving efficient load balancing directly
impacts production efficiency and system stability.

Typical application scenarios include  smart
manufacturing, cloud computing, industrial Internet of
Things (IoT), and edge computing[15]. In smart
manufacturing, production systems consist of various
heterogeneous resources, each with different resource
types and task characteristics. Load balancing strategies
must be dynamically adjusted to ensure the efficient
operation of production processes[16]. Cloud computing
platforms require resource allocation to manage a high
volume of concurrent requests. In edge computing, due to
the distribution of computing nodes and resource
limitations, load balancing must ensure low latency while
avoiding resource overload[17].

Load balancing evaluation typically relies on metrics
such as response time, throughput, resource utilization, and
task completion time. However, these evaluation
frameworks have limitations. For example, many
evaluation metrics fail to fully consider the diversity of
real-world applications, with a singular focus on response
time failing to reflect overall system performance. Existing
datasets are often confined to simulation environments and
lack in-depth characterization of dynamic load changes in
complex industrial settings. As such, current evaluation
systems are insufficient in fully reflecting the performance
of load balancing strategies in practical applications.

2.2. Overview of Mainstream Methods

Load balancing methods can be broadly categorized into
static scheduling methods and intelligent algorithm-based
scheduling methods[18]. Static scheduling methods
optimize resource allocation through predefined rules or
objective functions. They perform well in stable
environments with consistent resource demands but fail to
adapt to heterogeneous resources and dynamic tasks. For
example, round-robin load balancing and shortest job first
strategies reduce task queuing time but perform poorly
when resource conditions change.

Intelligent algorithm-based load balancing methods
have gained widespread attention in recent years,
particularly reinforcement learning (RL) and deep learning
(DL)[19][20].  Reinforcement learning  optimizes
scheduling strategies in real-time through interaction with
the environment, demonstrating strong
adaptability[21][22]. In large-scale complex environments,
RL can address dynamic task loads and resource changes.
However, these methods suffer from high computational
overhead and long training times, especially when dealing
with large-scale systems, facing bottlenecks in terms of
computational ~ resource  consumption and slow
convergence.
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Some methods combine traditional optimization
techniques with intelligent algorithms to improve load
balancing performance. While these hybrid approaches
show considerable theoretical potential, they still face
issues such as slow convergence and high data
requirements, particularly in large-scale heterogeneous
systems. Consequently, existing load balancing methods
continue to encounter performance bottlenecks in large-
scale, dynamically changing heterogeneous environments.

2.3. Most Similar Research

In recent years, several load balancing methods based on
deep reinforcement learning have attracted significant
attention[23]. These methods monitor system states in real
time and dynamically adjust resource allocation to
optimize load balancing strategies. However, they still face
performance bottlenecks, especially in large-scale systems,
due to high computational costs and extended training
times[24]. In comparison, this paper introduces a load
balancing optimization model based on multi-dimensional
resource characteristics. This model provides a more
refined load distribution strategy by considering resource
heterogeneity, task dynamics, and system load states. In
contrast to traditional methods, the innovation in this work
lies in the integration of dynamic scheduling and
reinforcement learning, enabling real-time optimization of
the system based on load conditions, thereby improving
stability and resource utilization.

While existing studies have made progress in some
scenarios, most methods fail to account for the integration
of multi-dimensional resource features and the impact of
real-time load changes on scheduling strategies[25][26].
This work fills that gap by proposing a multi-dimensional
feature-based load balancing strategy, offering a feasible
technical solution to the load balancing problem in regional
industrial upgrading.

2.4. Summary and Research Gaps

While some progress has been made in the field of load
balancing, research on load optimization in large-scale
heterogeneous environments remains underexplored. Most
studies focus on single-resource or single-task scenarios,
with limited research on load balancing in multi-resource,
multi-task, and dynamic environments. In particular, real-
time adjustment of load balancing strategies to meet the
complex resource and task requirements in large-scale
systems remains an unsolved issue.

Unlike existing research, this paper introduces a load
balancing optimization model based on multi-dimensional
resource features, addressing this gap. By combining
dynamic scheduling with reinforcement learning, this study
not only enhances the adaptability of the scheduling model
but also improves computational efficiency and resource
utilization in complex environments. This research
provides a new methodological framework for solving the
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load balancing issue in regional industrial upgrading, with
broad application prospects.

3. Methodology

3.1. Problem Formulation

In regional industrial upgrading, efficient load balancing in
heterogeneous distributed environments is crucial for
enhancing system performance and resource utilization. A
heterogeneous distributed system comprises multiple
computing nodes with varying computational, storage, and
network resources, while task requirements change
dynamically. Load balancing strategies must adjust in real-
time based on resource states and task demands.

Building upon the generalized load balancing
formulations[4,10], this section constructs a multi-
objective optimization model specifically tailored to the
heterogeneous resource constraints of regional industrial
upgrading. Assume there are N computing nodes in the
system, and the resource state 7; of each node iii consists
of the node’s computational power, memory, storage, and
other resources, which can be represented as a vector:

— (++CPU ,.Mem _.Disk
rp= ) (1)
where 1PV, rMe™ and rPsk

represent the normalized aggregates of computational
power, memory capacity, and storage/bandwidth resources
of node i, respectively. These indicators serve as
representatives of the primary hardware bottlenecks in
industrial computing. The task set consists of M tasks, each

task j has a resource demand vector ¢;:
Computation tMemory
Jt:

tj = (¢ : %@

J)

where tjc‘omputation , t]Memory
computational, memory, and I/O requirements of task j,
respectively.

To describe the task assignment decision, we introduce
a binary decision variable x;;, which indicates whether task

j is assigned to node i:

, and tjl/ 0 represent the

1, if taskjis assigned to node i
Xij = {0, otherwise (3)
The decision variable x;; ensures a discrete mapping in
the heterogeneous task-node space.The objective of the
system is to allocate tasks in such a way that the resource
utilization of the nodes is maximized while ensuring load
balancing. To this end, the load L; of node i is defined as
the total resource demand of the tasks assigned to node i:

Li =Y x - ¢ (4)
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The optimization goal is to minimize the load difference
between nodes to ensure a uniform load distribution. The
optimization objective can be expressed as:

while ensuring that each task is assigned to an appropriate
node and that node resource constraints are satisfied. This
mathematical model allows for the optimization of load

balancing and resource utilization efficiency while
min AL = max <<y L; —min 1,y L;  (5) respecting resource constraints.
The preliminary objective is to minimize the load
disparity between nodes. As defined in Eq. (5), this
optimization is reflected by the minimization of the range
between maximum and minimum node loads, which
directly promotes system-wide equilibrium. Additionally,
to ensure the rationality of task scheduling, the following
constraints must be satisfied: each task can only be
assigned to one node:

3.2. Overall Framework

The proposed load balancing optimization framework
consists of three core modules: the task scheduling module,
the resource monitoring module, and the optimization
decision module. Figure 1 illustrates the data flow and the
relationships between the modules. The task scheduling
module receives task demands and resource status
(6) . . L .
information and performs initial task allocation based on
task characteristics and node resources. The resource
monitoring module continuously tracks the resource
utilization of each node to ensure that resource constraints
are met during the task allocation process. The
optimization decision module dynamically optimizes the
load balancing strategy based on reinforcement learning
algorithms, adjusting the task scheduling plan in real-time
based on feedback to enhance load balancing performance.

YiLix;j=1 Vj

Furthermore, the load on each node cannot exceed its
resource capacity:

27:1 xij . tj < T Vi (7)

In summary, the optimization goal of the load balancing
problem is to minimize the load differences between nodes

Optimization Decision Module

B m
= o
- 11
e o o
« Employs Deep Reinforcement Learning
(DRL)
« Learns from system states & rewards

- Dynamically refines load balancing strategy

State Information (S)

Action Output (A)l T Reward Feedback (R)
Input Task Scheduling Module Resource Monitoring
Module
%i% S ‘.@

« Receives —_ Receives task demands & — @e—p U>

incoming resource status « Tracks real-time CPU,

tasks and « Performs initial allocation memory, I/O utilization

external data based on task-node « Generates node resource

matching reports

« Prepares data « Uses priority scheduling & « Provides live feedback to

real-time feedback scheduler

|

Output * Processes final task allocation
results
E} « Outputs to external systems or
displays results

for the system

Figure 1. Architecture of the proposed load balancing optimization framework.

In this framework, the task scheduling module and the
resource monitoring module work closely together. The
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task scheduling module uses real-time data provided by the
resource monitoring module to allocate tasks and
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continuously adjusts its strategy to respond to dynamic
load changes. The optimization decision module leverages
historical task data and system feedback to refine the load
balancing strategy, thereby enhancing the system’s
adaptability. The modules communicate via data flow,
where the task scheduling module provides the initial task
allocation, the resource monitoring module updates
resource states, and the optimization decision module
adjusts the strategy, ensuring the system operates
efficiently while maintaining load balancing.

Overall, this framework ensures that the system
achieves efficient task scheduling and load balancing in
complex heterogeneous environments. It can adapt to
dynamic changes in task and resource demands, thereby
improving system performance and stability.

3.3. Detailed Description of Modules

Task Scheduling Module
Motivation:

The task scheduling module is responsible for
appropriately allocating tasks to different computing nodes

to ensure efficient resource utilization and load balancing.
In heterogeneous distributed environments, the dynamic
nature of task and resource demands requires scheduling
schemes to possess high flexibility and adaptability.

Principle:

This module dynamically adjusts task allocation based
on the computational, memory, and I/O demands of tasks,
as well as the resource status of the nodes. By evaluating
the match between tasks and nodes through a weighting
system, it considers task priority and node load to allocate
tasks rationally. Real-time feedback ensures that the task
scheduling adapts to changes in load.

Implementation:

The task scheduling module uses a priority scheduling
strategy to assign tasks to appropriate nodes. The resource
demands of each task are transformed into resource vectors
through task preprocessing. The scheduling algorithm
allocates tasks by calculating the matching degree between
the task and the node’s resources. Figure 2 illustrates the
cooperation between task queue management, resource
evaluation, and the scheduling algorithm, ensuring the
efficiency of dynamic task scheduling.

Incoming Tasks
(Task Vectors
tj)

Task Queue
Management

« Ingests incoming

tasks

« Assigns priorities
« Converts tasks into
resource vectors (e.g.,

[CPU:0.6, Mem:0.4,
1/0:0.2]

Real-time node
status

Resource Evaluation

i

« Receives real-time

node status (from
Resource Monitoring)

« Computes task-node

matching score using
weighted resource
model

« Considers load &

priority

Scheduling Algorithm

%

« Implements
priority-based
allocation

« Selects best-fit node
per task

« Outputs final task-
to-node mapping

Optimal
Mapping (x_ij)

Adaptive Adjustment

Figure 2. Internal workflow of the Task Scheduling Module

Resource Monitoring Module
Motivation:
In a heterogeneous distributed system, the dynamic

changes in node resources must be continuously monitored.

The resource monitoring module provides necessary data
support for the task scheduling module, ensuring that
resource constraints are met during task allocation.
Principle:
The resource monitoring module collects real-time data
on resource usage from each node in the system, including
computational power, memory, and storage. By

periodically sampling and utilizing performance prediction
algorithms, it generates resource usage reports for each
node and provides real-time feedback to the task
scheduling module to support dynamic task allocation
adjustments.

Implementation:

This module employs lightweight resource collection
tools that gather real-time resource data from nodes
through system calls. After data processing, the
information is fed back to the task scheduling module.
Figure 3 demonstrates the relationship between resource
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collection, data processing, and feedback, ensuring real-
time system updates and effective coordination with task
scheduling.

Resource Collection Data Processing Feedback to Task
Scheduling Module
) Raw Data M
—
Stream | Filters noise & . :
CPU. M . « Publishes real-time State Vect
> Ve - Lightweight agents on AEBICRAICHITICLICS resource reports e
I/O Telemetry « Applies performance -9

each node o « Updates every
. Gathers CPU, prediction (e.g., short- sampling interval (e.g.,

memory, I/O, storage term load forecast) 1s)

usage « Generates structured « Consumed by
« Uses system calls or Tesource eports per | Resource Evaluation in

0S APIs node: [CPU_free: 70%, Task Scheduling

Mem_avail: 4GB, ...]

Module

Figure 3. Internal workflow of the Resource Monitoring Module

Optimization Decision Module
Motivation:

To address traditional scheduling strategies' limitations
under dynamic load variations, the optimization decision
module uses reinforcement learning to enhance system
adaptability and ensure efficient scheduling in complex
environments.

Principle:

The optimization decision module employs
reinforcement learning algorithms to continuously improve
scheduling strategies through system interaction. By
learning the relationship between system states and task
allocation, it optimizes load balancing to improve
performance, reduce resource waste, and alleviate load
imbalances.

Implementation:

(A

State Representation

ATy
"’L"}’ Policy Generation
(e.g., DQN / PPO)

A
@ Action QOutput:

Scheduling Policy

==
Environment
« System Execution

« Monitoring Feedback
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To solve the non-linear optimization defined in Eq. (14),
we formally introduce a DRL-based agent to iteratively
refine the scheduling policy. The introduction process
follows a feedback loop: the agent perceives the system
state s;, executes an assignment action a,based on m(a |
s), and receives a reward R,derived from the load disparity
AL . This gradient-based update mechanism allows the
model to autonomously converge toward the optimal load
balancing strategy. The reinforcement learning model
generates scheduling strategies based on system states and
adjusts them according to feedback, gradually enhancing
load balancing. Figure 4 illustrates the relationship
between state representation, policy generation, and reward
calculation for optimizing scheduling decisions.

Reward Calculation ‘]ﬂﬂ‘

« Load imbalance A
« Resource waste
« Task completion time
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Figure 4. Internal architecture of the Optimization Decision Module based on Deep Reinforcement Learning

3.4. Objective Function & Optimization

Load Balancing Objective Function

In the load balancing problem, the objective is to maximize
the utilization of node resources while minimizing the load
difference between nodes to ensure the efficiency and
stability of the system. Based on the definition of node load
L; from Section 3.1 (Equation (3)), the total resource
consumption of node i is L;. To optimize load balancing,
the goal is to minimize the maximum load difference AL
between nodes in the system, which can be expressed as:

1

1
Uavg =N ZLiE,; U(Li)Uavg =N ZLieLU(Li) ®)

This formula quantifies the overall efficiency of
resource allocation, ensuring that the system maintains
high throughput while minimizing idle capacity across
heterogeneous nodes.

Resource Utilization Objective

To maximize resource utilization efficiency, we also need
to define an objective function related to resource
utilization. The resource utilization R; of node i can be
expressed as the resource usage ratio of node i:

R, = ZEtut ©)

Ti

where r;represents the heterogeneous resource vector of
node i, providing a high-fidelity mapping of physical
hardware constraints (CPU, Memory, and I/O) into the
mathematical model. This formula measures the resource
usage of node i and aims to make the resource utilization
as close to 1 as possible to avoid resource wastage.

The total system resource utilization R;,:, can be
defined as the weighted average of the resource utilization
of all nodes:

N

Reotar = St (10)

This objective function aims to optimize the overall

resource utilization across the system through task
scheduling.

Optimization Constraints

To ensure the rationality of task scheduling, in addition to
the optimization objectives, constraints need to be
introduced, including task allocation, resource constraints,
and load difference constraints.

Each task must be assigned to a node to ensure it is
processed. This constraint is the same as the task allocation
constraint defined in Section 3.1 (Equation (5)).

The load on each node cannot exceed its resource
capacity to avoid node overload. Based on the resource
capacity constraint defined in Section 3.1 (Equation (6)),
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and to more accurately describe multi-dimensional
resource consumption, it can be refined as:

Zﬁ‘il xij X (tjc‘omputation + t]Memory + t]{/O) < r, Vi (11)

where tjc‘omputation , t]Memory
computational, memory, and I/O resource demands of task
J, respectively.

To avoid uneven node loads, a maximum load
difference AL,y is set to limit the load disparity:

, and th/ 0 represent the

max (L) — min (L)max (L) —min (£) < ALy0e (12)

This constraint ensures load balancing across the system,
preventing some nodes from being overloaded, which
could affect system stability.

By incorporating these optimization constraints, the
system can maximize resource utilization while ensuring
load balancing, avoiding resource waste and instability.

Reinforcement Learning Optimization Model
We integrate the reinforcement learning agent as a dynamic
controller to solve Eq. (14)'s objective function. The
optimization executes through an iterative state-action-
reward cycle: the agent samples the system state s;, selects
a node assignment a;via the PPO policy, and updates its
parameters based on the feedback R; (Eq. 13). This
gradient-driven feedback mechanism forces the scheduling
policy to converge toward the global minimum of the
system load difference AL. We define the system’s state s,
as a combination of resource usage, task queuing, and other
system information at time step t, with the state space SSS
representing all possible system states. Based on the
current state, the system takes an action a; (i.e., task
allocation decision) to change the system's state.

The system’s reward R, is computed based on the
current load balancing and resource utilization:

Ry = —AL; = A(1 = Rerarr) (13)

where AL, is the load difference at time ¢, Ry4¢q; ¢ is the
total system resource utilization at time t (as defined in
Section 3.4.2), and A is the weight for resource utilization.
The goal is to maximize the cumulative reward through
reinforcement learning algorithms to optimize the load
balancing strategy.

The reinforcement learning model uses algorithms such
as Q-learning or Proximal Policy Optimization (PPO) to
learn optimal actions at different states. The learning
process iteratively updates the strategy, allowing adaptive
load balancing policy adjustment in dynamic environments.

Integrated Objective Function
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The final objective function integrates both resource
utilization and load balancing optimization goals,
combined with the previously defined constraints and
reinforcement learning strategies, to construct a
comprehensive optimization model.

The optimization problem can be fully expressed as:

min | =AL + A(1 — Ryper) (14)

Task Allocation Constraint:

Tiix = 1,Y) (15)
Resource Capacity Constraint:
Ej‘-"zlxij t] < T',:,Vij (16)
Load Balancing Constraint:
AL < AL an
Where:
AL = malxN L; — r,ni? N L; is the system load difference
i= i=
. . Z{vzl Ti'R;
(as defined in Section 3.4.1). Reotal = S
i=1"1

is the system’s total resource utilization (as defined in Sec
tion 3.4.2). 1 > 0 is the hyperparameter that weighs the
tradeoff between load balancing and resource utilization.
AL.x =0 is the allowed maximum load difference
threshold (as defined in Section 3.4.3). Other symbols
(Ly, tj, 17, xi5, R;) follow the definitions in Sections 3.1 and
3.4.2. The final optimization (Eq. 14) involves a joint-
objective minimization: it simultaneously reduces the load
imbalance (AL) and the resource waste (1 — R;ptq1).- The
optimization is mathematically reflected in the
convergence of the cost function JJJ through the
adjustment of decision variables x;; by the DRL agent.
Through this optimization model, the system can
achieve efficient task scheduling and load balancing,
maximize resource utilization, and ensure that the load
difference between nodes remains within acceptable limits.

4. Experiment and Results

4.1. Experimental Setup

Dataset Overview

This study evaluates multiple datasets covering different
task types and resource requirements to ensure
experimental breadth and depth. We selected a custom-
built dataset and compared it with classic datasets to
highlight its uniqueness in modality complexity and task
difficulty (Table 1). The custom dataset contains real-time
task and resource data from smart manufacturing and
Industrial IoT scenarios. This customization captures high-
fidelity, multidimensional telemetry (CPU, memory, 1/O)
that generic public traces often lack. By reflecting specific
stochastic arrival patterns and resource heterogeneity of
regional industries, this dataset ensures more
comprehensive coverage of complex task-resource
information than simplified existing models. While generic
public datasets provide broad reference, they lack fine-
grained coupling of multi-dimensional telemetry (e.g.,
specific I/O and bandwidth constraints) critical for regional
industrial IoT environments. Our custom dataset captures
domain-specific resource dynamics from real-world
manufacturing telemetry, ensuring higher fidelity and
practical relevance for specialized industrial scheduling
than simplified open-source traces.

Task resource demands involve multidimensional
indicators: computational power, memory, storage, and
bandwidth. All task data underwent rigorous cleaning and
normalization for quality and consistency. The labeling
strategy combined manual and automated tools, assigning
priorities based on task type and resource requirements,
with cross-validation ensuring accuracy. The dataset was
split into training, validation, and test sets at 70%, 15%,
and 15% ratios.

The dataset exhibits high modality complexity and
multi-task  characteristics, ~with  tasks  involving
multidimensional resource demands and priority
distributions reflecting real-world features, increasing
scheduling and resource allocation challenges. Compared
to MNIST or CIFAR-10, our custom dataset better reflects
dynamic scheduling needs. Although smaller in sample
size, each industrial sample is a high-density telemetry
vector rather than a simple pixel grid, ensuring sufficient
state-space complexity for DRL convergence and
providing high informational value without redundancy
typical of massive image benchmarks.

Table 1. Dataset Overview

. Feature Resource Task Priority
Dataset Name ~ Task Type Sample Size Dimensions Requirements Distribution
Custom Smart . .
Manufacturing groductlpn Task 5000 Multidimensional Cs)omputatlon, Mgmory, Normal Distribution
Dataset cheduling torage, Bandwidth
Custom loT Device Management 4000 Multidimensional Computation, Memory, Skewed Distribution
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Task Dataset Tasks Bandwidth
CIFAR-10 Image Classification 60,000 32x32x3 N/A Uniform Distribution
MNIST Handwritten — Digit 7 28x28 N/A Uniform Distribution

Classification

Hardware and Software Configuration
The hardware and software configurations used in this

study are shown in Table 2.

Table 2. Hardware and Software Configuration

Configuration

c Device Name Model Description
ategory
Computing Node Intel Xeo\:]4E5-2680 16 cores, 2.4 GHz, supports large-scale parallel computation
GPU NVIDIA Tesla V100 High-performance dgep Iearning computation, accelerates
Hardware training and inference
Storage Device 2TB SSD High-speed data access to ensure ’Fa_sk scheduling and
resource allocation efficiency
Network Switch Cisco Nexus 9300 10Gbps bandwidth, ensures low-latency node communication
Operating System Ubuntu 20.04 System environment providing stable support
Deep Learning _— - .
TensorFlow 2.4 Used for building and training deep learning models
Framework
Software NumPy 1.19.5, SciPy

Key Libraries

Reinforcement
Learning Library

1.6.0, pandas 1.2.3
Stable-Baselines3
1.0.0

Data processing and numerical computation libraries

Used for training reinforcement learning algorithms and
optimizing scheduling

The NVIDIA Tesla V100 GPU accelerates the training

and inference of deep learning models, while the Intel Xeon
E5-2680 v4 provides multi-core processing capability,
ideal for parallel computing tasks. The 2TB SSD storage
ensures efficient data processing, enabling timely task
scheduling and resource allocation. The Cisco Nexus 9300
switch, with 10Gbps bandwidth, guarantees low-latency

data transfer between nodes, supporting real-time

scheduling requirements.

Evaluation Metrics

The evaluation metrics used in this study are listed in Table
3. These metrics comprehensively measure the
effectiveness of the proposed load balancing optimization

strategy.

Table 3. Evaluation Metrics

Metric Name

Applicable Scenario

Calculation Method

System Throughput

Average Response
Time

Resource Utilization
Load Balancing Degree

System Stability

Computational
Efficiency

Evaluates the overall processing capability of the

system
Evaluates the response speed of tasks

Evaluates the efficiency of system resource
usage
Evaluates whether the load is evenly distributed
across nodes

Evaluates system stability under different loads

Evaluates the relationship between task
scheduling efficiency and system performance

Number of tasks completed / unit time

Total response time / number of tasks

(Resource consumption / total resources) *
100%
Difference between maximum and minimum
load
Coefficient of variation, ratio of load standard
deviation to mean load

Total computation time / system running time

Model and Hyperparameter Configuration

To ensure experiment reproducibility, this section details
the core algorithm and hyperparameters. The optimization
decision module employs the PPO algorithm.

2 EA

(1) Model Architecture: Both the policy and value
networks are two-layer MLPs. The state consists of a
concatenated vector of normalized node resource
utilization and task demands. The action is the discrete
choice of node. The reward function is defined as:
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Rt = _ALC — 0.7 X (1 - Rtot‘al,t’) (18)

(2) Hyperparameters: The key hyperparameters for the
PPO algorithm are shown in Table 4.

Table 4. PPO Key Hyperparameters

Hyperparameter Value Description
Learning Rate f x 1o Adam optimizer

Discount Factor 0.99
GAE Parameter 0.95

Training
Steps/Episodes

Batch Size 64

Policy Clip Range 0.2
Total Training 1 X 10
Steps 6

Future reward decay
Advantage estimation
smoothing

Number of experience
collection steps
Number of samples for
updates

Update magnitude limit

2048

Total training duration

4.2. Baselines

To evaluate the proposed load balancing optimization
strategy, we selected two classic methods and two recently
proposed intelligent methods for comparison. While RR
and SJF are classic, they remain standard industrial
benchmarks for load balancing. We include them alongside
advanced DRL methods to establish a comprehensive
performance range from heuristic to intelligent scheduling.
The classic methods include the round-robin scheduling
algorithm and shortest job first (SJF) scheduling, both of
which are widely used in load balancing and resource
scheduling. The advanced baselines include deep
reinforcement learning-based load balancing and adaptive
task allocation strategies, which have demonstrated
excellent performance in handling dynamic loads and
complex resource demands.

Round-Robin Scheduling (RR) is one of the classic load
balancing methods, where tasks are allocated to nodes in a
circular fashion, which 1is simple and easy to
implement[27]. Its advantage lies in its simplicity; however,
in environments with heterogeneous task demands and
resource capabilities, it cannot fully utilize node resources,

leading to uneven load distribution and limited
performance improvement.

SJF allocates resources based on the estimated
execution time of tasks, prioritizing shorter tasks to reduce
completion time[28]. While it improves system throughput
in environments with predictable task execution times, in
heterogeneous environments with complex resource
demands and dynamic tasks, SJF struggles to maintain load
balancing and suffers from performance limitations.

Deep Reinforcement Learning-Based Load Balancing
optimizes strategies through interaction with the
environment, providing strong adaptability to dynamic
resource changes [29]. However, it requires large amounts
of training data and may face high computational overhead
in large-scale systems.

Adaptive Task Allocation Strategy dynamically adjusts
task allocation by monitoring resource status and task
demands in real time, effectively responding to changes in
heterogeneous resources and tasks[30]. However, when
task complexity is high, scheduling strategy limitations
may result in performance bottlenecks.

Through these comparisons, we can observe the
advantages of the proposed method in heterogeneous
resource environments and dynamic task scheduling,
particularly in improving load balancing and resource
utilization efficiency.

4 .3. Quantitative Results

Table 5 presents the performance comparison of the
proposed load balancing optimization strategy with two
classic methods (Round Robin scheduling, Shortest Job
First scheduling) and two representative intelligent
scheduling algorithms (Deep Reinforcement Learning-
based load balancing [29], and Adaptive task allocation
strategy [30]) in terms of core evaluation metrics. The
results are presented as mean + standard deviation, with p-
values calculated through paired t-tests to verify the
statistical significance of performance differences. All
performance data in Table 5 were obtained by executing
the respective scheduling algorithms in a unified
simulation environment with identical task sequences. The
results (e.g., RR: 35.2 ms, DRL-based baseline: 22.3 ms)
reflect the average execution and waiting times measured
over multiple test cycles.

Table 5. Key Performance Comparison

Load
Average System Resource Balancing p-value

Method $|(:nsgc():n?) gzgii?she%‘;t Utiization (%) Loor®® (2% (Paired ttest)
Difference)

Round Robin (RR) 35.2+31 150.2 754 6.2 125+1.3 -

Shortest Job First (SJF) 30.1+2.8 170.4 80.1+5.8 9.8+1.0 0.03

Deep Reinforcement Learning (DRL) 22.3+2.4 190.8 85.7+4.9 8.2+0.9 0.01

Adaptive Task Allocation (Adaptive) 24.5+3.0 180.2 83.3+5.1 89+1.1 0.02
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Proposed Method (Proposed) 19.8 £ 2.1

210.1

914 +3.7 6.4+0.8 0.001

The results in Table 5 show that the proposed method
outperforms the baseline methods in all core metrics (p <
0.05). Detailed analysis is as follows:

The average response time of the proposed method is
19.8 ms, which is approximately 44% lower than the
round-robin scheduling (35.2 ms) and 11% lower than deep
reinforcement learning (22.3 ms). This is due to the
reinforcement learning-based optimization decision
module, which can avoid resource competition in real time
and dynamically optimize task queuing.

The proposed method achieves a throughput of 210.1
tasks/sec, which is a 40% improvement over round-robin
scheduling and a 23% improvement over SJF. The
collaboration between the resource monitoring and task
scheduling modules allows for precise task-resource
matching, thereby improving system parallelism.

The proposed method achieves 91.4% resource
utilization, significantly higher than traditional methods.
This confirms the effectiveness of the multi-dimensional
resource integration model in utilizing heterogeneous
resources and preventing idle resources.

The proposed method has the lowest load difference
(6.4), indicating that the load distribution is the most
balanced. This directly demonstrates that the reward
function, centered around minimizing AL , effectively
drives the system to maintain dynamic equilibrium.

In summary, the overall improvement in performance is
due to the synergistic effects generated by the deep
integration of the dynamic adaptive mechanism, multi-
dimensional resource modeling, and reinforcement
learning optimization.

Additionally, the convergence curve in Figure 5 shows
that the proposed method converges the fastest and most
stably, with the lowest final loss value. This is due to the
collaboration between the task scheduling, resource
monitoring, and optimization decision modules, which
provides high-quality states and reward signals for
reinforcement learning, accelerating policy optimization.
Furthermore, a sensitivity analysis was conducted on the
weighting factor Ain the reward function (Eq. 14). By
varying A from 0.1 to 0.9, we observed that A=
0.7provides the optimal trade-off between load parity and
resource utilization. Values below 0.5 tend to over-
prioritize load balancing at the cost of throughput, while
values above 0.8 lead to aggressive resource use that risks
node congestion. This confirms the robustness of the
chosen parameter in maintaining stable system
equilibrium.

0.8 1

0 25 50 75 100 125 150 175 200
Training Episode

Proposed Method DRL Baseline

Figure 5. Convergence Curve of Reinforcement
Learning Optimization

In conclusion, the comprehensive improvement in
response time, system throughput, resource utilization, and
load balancing of the proposed method stems from the
synergistic effect of its dynamic adaptive mechanism,
multi-dimensional resource modeling, and reinforcement
learning optimization.

4 4. Qualitative Results

This section presents the behavior, advantages, and
limitations of the proposed load balancing optimization
strategy in different scenarios, categorized as a typical
performance validation and a boundary-condition analysis.
The success in Scenario 1 is quantified by a 93% utilization
rate and a 42% reduction in load variance compared to the
unoptimized state.

Scenario 1: Efficient Scheduling under Balanced
Resources (Successful Case)

In a smart manufacturing scenario, the system is tasked
with scheduling 300 mixed tasks (computation-intensive,
I/O-intensive) across 10 heterogeneous nodes. As shown in
Figure 6(a), upon the initial submission of tasks (at time t),
the system experiences an instantaneous peak in load.

The optimization decision module of the proposed
method responds quickly, dynamically allocating tasks to
the most appropriate nodes based on real-time resource
profiling (CPU, memory, I/O utilization) provided by the
resource monitoring module, in combination with task
demand characteristics. For instance, tasks with high 1/O
demands are prioritized for nodes with high-speed SSDs.
By the time the system stabilizes (at time t;), as shown in
Figure 6(b), the system load is evenly distributed, and
resource utilization stabilizes at 93%, with a maximum
load difference of 5.2, outperforming the overall test set
(91.4%, 6.4). The system's response time is 18.5 ms, and
throughput is 225 tasks/sec.
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(a) Load Distribution at Initial Submission

(b) Load Distribution After Optimization
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Figure 6. Load distribution before and after optimization.
(a) Initial load imbalance at task submission
(b) Balanced load after adaptive scheduling

This case demonstrates that, in balanced resource
scenarios, the proposed method effectively achieves load
balancing, and through dynamic matching and adaptive
scheduling, enhances resource utilization and system
throughput.

Scenario 2: Scheduling Challenges under Extreme
Resource Constraints (Failure Case)

In a resource-constrained environment, five computing
nodes are suddenly tasked with handling 150 computation-
intensive tasks, with the total computational demand
exceeding 30% of the node resource capacities. As shown
in Figure 7, while the model detects the resource bottleneck
in real-time (node CPU wusage exceeds 90%), the
optimization decision module still assigns overloaded tasks
to certain nodes, resulting in task queue accumulation. The
response time rises to 52 ms, and throughput drops to 150
tasks/sec.

100.0

Task Queue Length

9
=

¥ 4 & B ]
< < & < <

Node ID

W Initial CPU Usage W8 Overloaded CPU Usage  =®= Task Queue Length

Figure 7. Limitations of load balancing under severe
resource scarcity

This failure reveals two key limitations: 1) In resource-
deficient situations, the optimization objective tends to
favor load balancing, leading to “averaging” decisions
instead of task rejection or delay; 2) The lack of task
prioritization and node overload consideration, coupled
with the absence of fine-grained scheduling rules, limits the
effectiveness of the decision process. This case suggests
that introducing penalty terms for resource safety
thresholds or hybrid decision mechanisms could enhance
the system’s resilience.

The successful case validates the advantages of dynamic
multi-dimensional scheduling combined with
reinforcement learning optimization, demonstrating the
model’s efficiency and stability in regular environments.
The failure case, however, indicates that in overload
scenarios, the optimization algorithm should be coupled
with rule-based safety mechanisms to enhance system
robustness.

4.5. Robustness

To evaluate the stability of the proposed strategy under
non-ideal conditions, we simulated a scenario where task
resource demands are subject to random errors by adding
Gaussian noise to the task demand vectors t;. The noise
intensity 7 is defined as the ratio of the noise standard
deviation to the baseline demand value (n € [0,1]), with
higher values indicating more inaccurate demand estimates.

Table 6 records the performance of the proposed method
and two classic baseline methods (Round Robin scheduling,
Shortest Job First scheduling) in terms of system
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throughput under varying noise levels. As noise intensity
increases, the performance gradually decreases.

Table 6. System Throughput Comparison under Different Noise Intensities (tasks/sec)

0.6 (Med Noise)

0.9 (High Noise)

128.5 (-14.4%)
149.3 (-12.4%)
175.5 (-8.0%)

161.1 (-10.6%)

198.4 (-5.6%)

110.3 (-26.6%)
135.1 (-20.7%)
162.7 (-14.7%)
148.5 (-17.6%)

185.6 (-11.7%)

Method 0.0 (No Noise) 0.3 (Low Noise)
RR [27] 150.2 142.1 (-5.4%)
SJF [28] 170.4 161.8 (-5.1%)
DRL [29] 190.8 184.1 (-3.5%)
Adaptive [30] 180.2 172.6 (-4.2%)
Proposed 2101 205.8 (-2.0%)

Table 6 presents a comprehensive robustness

comparison across all five methods. As shown, the
throughput of all methods decreases with the increase in
noise intensity, but the proposed method exhibits the
smallest performance decline. Under high noise (n=0.9),
the throughput of the proposed method decreases by 11.7%,
whereas advanced methods (DRL, Adaptive) and
foundational benchmarks (RR, SJF) suffer higher
degradations ranging from 14.7% to 26.6%. This indicates
that the proposed method is significantly more robust to
task demand noise than both traditional rules and modern
intelligent alternatives.

The robustness of the proposed method is primarily
attributed to the inclusiveness of the adaptive decision-
making and the real-time feedback loop mechanism. The
reinforcement learning optimization decision module
continuously interacts with the noisy environment, learning
the state-action mappings of noise characteristics, rather
than relying on precise task demand models. This enables
the model to adapt to demand fluctuations, treating them as
part of the system's dynamics. The real-time feedback from
the resource monitoring module further helps the model
adjust its strategy, reducing the impact of noise.

In contrast, Round Robin and SJF rely on current task

demand information and lack adaptability, leading to
significant performance drops when the information is
inaccurate. In contrast, the proposed method forms an
adaptive loop through reinforcement learning and real-time
feedback, continuously optimizing decisions in dynamic
environments.

The robustness experiments demonstrate that the
proposed load balancing strategy not only performs well
under ideal conditions but also effectively handles the
impact of task demand uncertainty, showcasing its strong
adaptability and stability.

4.6. Ablation Study

To evaluate the contribution of each component in the
proposed framework, we conducted a series of ablation
experiments by removing key modules and comparing
them with the complete framework. The experimental
results are shown in Table 7, revealing the function of each
module and their synergistic effects.

Table 7. Ablation Study Results Comparison

Average System Resource Load Balancing
Configuration Response Time Throughput Utilization (%) Degree (Max

(ms) (tasks/sec) ° Load Difference)
Complete Framework (Proposed) 19.8+2.1 210.1£12.3 914 +£3.7 6.4+0.8
Removal of Optimization Decision Module 26.4 + 3.3 190.4 £ 151 84.5+52 89+1.1
Removal of Resource Monitoring Module  24.5+2.7 200.3£13.8 86.0+4.9 7.8+1.0
Removal of Task Scheduling Module 29.2+3.8 175.6 £ 16.7 78.2+6.4 10.3+14
Removal of Optimization Decision and 53 4, 4 160.2 + 18.9 72.8 7.1 125+16

Resource Monitoring Modules

As shown in Table 7, removing any module leads to a
decrease in performance, confirming that each component
is indispensable. The Optimization Decision Module is

central to the system, and its removal leads to the most
significant degradation in load balancing (6.4 — 8.9) and
the largest increase in response time, highlighting its key
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role in handling dynamic loads via reinforcement learning.
The Resource Monitoring Module serves as the foundation,
and its removal significantly reduces resource utilization
(91.4% — 86.0%) due to the inability to match real-time
resource capacities. The Task Scheduling Module is the
core, and its removal results in severe degradation across
all metrics, with throughput decreasing by 16.4%,
demonstrating its essential role in enabling multi-
dimensional scheduling.

There is strong synergy between the modules. When
both the Optimization Decision and Resource Monitoring
modules are removed, performance drops drastically
(throughput decreases by 23.7%), far exceeding the
performance loss from removing individual modules,
proving that these two modules form a “perception-
decision” feedback loop. If disrupted, the system loses its
adaptability. In the complete framework, the resource
monitoring module provides real-time status, the
optimization decision module generates strategies, and the
task scheduling module executes them, forming a
“perception — optimization — execution” loop, leading to
systematic performance improvement.

The ablation study validates the effectiveness of the
proposed framework: each module holds independent
value, and the "perception-decision-execution" feedback
loop creates a powerful synergistic effect. The load
balancing strategy in this study is an organically integrated
system-level solution, and its overall advantage stems from
the deep collaboration between components.

4.7 Discussion

The proposed strategy demonstrates significant
improvements, achieving a 91.4% resource utilization and
44% latency reduction. These gains are attributed to the
synergistic integration of real-time multi-dimensional
sensing and DRL-based adaptive decision-making. Unlike
static heuristics, this mechanism enables the system to
autonomously identify hardware bottlenecks and resolve
node contention by dynamically mapping stochastic task
demands to the most suitable heterogencous resources.
This proves that high-fidelity resource profiling is the
prerequisite for effective reinforcement learning in
complex industrial environments.

While the framework successfully bridges the gap
between legacy infrastructure and smart manufacturing
demands, three limitations warrant attention. First, the RL
model demands substantial training time and
computational overhead, especially in large-scale
deployments. Second, the evaluation relies on domain-
specific industrial datasets; although rigorously curated,
cross-domain generalizability remains unverified. Third,
performance degrades under extreme load, revealing
insufficient robustness in overload scenarios.

These challenges point to concrete future directions: (1)
accelerating RL training via model compression or
parallelization; (2) enhancing resilience through priority-
aware scheduling and overload-handling mechanisms; and

(3) validating the framework in broader contexts such as
intelligent transportation or big data analytics. Despite
current constraints, the approach holds strong promise for
smart manufacturing, industrial IoT, and edge computing,
where dynamic, efficient resource orchestration is
paramount.

5. Conclusion

This study proposes a reinforcement learning-based
dynamic task scheduling framework aimed at improving
resource utilization, reducing task response time, and
achieving load balancing in heterogeneous distributed
environments. By combining reinforcement learning with
real-time resource monitoring, this study successfully
overcomes the limitations of traditional static scheduling
methods in handling heterogeneous resources and dynamic
tasks. Experimental results show that the proposed
optimization strategy significantly improves system
performance and resource utilization.

The key innovations of this study include: the
introduction of a reinforcement learning-based adaptive
scheduling framework, dynamically optimizing task
allocation by combining multi-dimensional resource
information (such as computation, memory, and storage);
enhancing the system's adaptability by integrating real-
time resource monitoring with reinforcement learning; and
demonstrating superior performance in multiple metrics
such as task response time, throughput, resource utilization,
and load balancing, outperforming traditional methods and
existing advanced methods.

This study provides a novel solution to the load
balancing problem in distributed systems, filling the gap in
current methods for handling heterogeneous resources and
dynamic task scheduling. By integrating reinforcement
learning with real-time resource monitoring, the method
improves system response speed and throughput. In
practice, this method holds significant value for fields such
as smart manufacturing, industrial IoT, and cloud
computing, as it can optimize task-resource matching,
increase production efficiency, and reduce resource waste.

Despite the significant results achieved, there is still
room for improvement. First, the training of the
reinforcement learning model faces challenges in terms of
computational resources and time, and more efficient
training methods could be explored in the future. Second,
future work could expand the dataset diversity to verify the
model's applicability and generalizability in different
domains. Moreover, the robustness under extreme load
conditions still requires improvement, and future work
should focus on further optimizing the reward function and
introducing priority and resource safety threshold
strategies. Lastly, as fields such as smart manufacturing
and edge computing continue to evolve, the method can be
applied to a wider range of scenarios to further promote its
practical applications.

In summary, the load balancing optimization strategy
proposed in this study demonstrates superior performance
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across multiple application scenarios, and future work will
continue to optimize the model to push its real-world
applications in more domains.
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