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1. Introduction

Collaborative learning and optimization theory have become increasingly impor-
tant paradigms for addressing complex intelligent system problems in modern machine
learning and computational intelligence [1-4]. By enabling multiple models, agents, or
computational components to jointly learn and optimize, these approaches provide strong
capabilities for handling high-dimensional data, dynamic environments, and distributed
decision-making problems [5,6]. With the rapid development of intelligent systems [7-10],
the aim of this Special Issue was to collect recent advances in collaborative learning and
optimization theory and its applications across diverse real-world scenarios.

2. Recent Advances

Recent studies have shown that collaborative learning and optimization have been
widely applied in intelligent system scenarios such as collaborative computing envi-
ronments, traffic forecasting and routing optimization, traffic signal control, person re-
identification, large-scale e-learning, and privacy-preserving federated learning [11-13].
These developments indicate that collaborative learning and optimization are not limited
to a single algorithmic framework, but provide general methodological support for per-
ception, decision-making, coordination, and distributed intelligence [14-16]. Against this
background, the contributions published in this Special Issue, “Collaborative Learning
and Optimization Theory and Its Applications,” further demonstrate the practical value of
these methods in diverse application domains.

The contributions published in this Special Issue, “Collaborative Learning and Opti-
mization Theory and Its Applications,” reflect the latest progress in collaborative intelli-
gence, optimization methodologies, and their applications in perception, control, sequence
modeling, and distributed learning systems.

One group of works focus on collaborative perception and intelligent modeling in
complex environments. These studies explore how optimized learning strategies and
efficient representation models can improve system performance in tasks such as dense
mapping, industrial inspection, and visual understanding. Hybrid modeling techniques
are introduced to enhance stability and accuracy in dense sampling-based mapping sce-
narios (contribution 1), while lightweight learning architectures are proposed to achieve
efficient and accurate defect detection in industrial environments (contribution 2). In addi-
tion, multimodal learning strategies further extend collaborative modeling capabilities by
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integrating heterogeneous data sources for human state understanding (contribution 3),
and generative learning methods are explored to improve super-resolution reconstruction
quality and training robustness (contribution 7).

Another important direction is sequence modeling and structured data analysis under
collaborative optimization frameworks. Improved temporal alignment methods are pro-
posed to enhance sequence recognition performance by integrating multiple dynamic time
warping strategies (contribution 4), demonstrating the effectiveness of collaborative feature
alignment in structured temporal learning tasks.

In the domain of collaborative control and optimization, several studies investi-
gate multi-agent coordination and intelligent decision-making strategies. Reinforcement
learning-based formation control methods have been developed for unmanned aerial
vehicle systems, enabling more stable and adaptive cooperative behaviors in dynamic
environments (contribution 5). Furthermore, hybrid optimization strategies combining
swarm intelligence, heuristic search, and interpolation techniques are proposed for path
planning problems, significantly improving trajectory optimization and computational
efficiency (contribution 6).

Finally, distributed and privacy-preserving collaborative learning has also received
increasing attention. A multi-objective federated learning framework based on evolutionary
knowledge transfer is introduced to enhance optimization performance in decentralized
learning environments (contribution 8), demonstrating the effectiveness of collaborative
optimization under data privacy constraints.

3. Future Outlook

The papers included in this Special Issue collectively demonstrate the broad applica-
bility and effectiveness of collaborative learning and optimization theory in addressing
complex intelligent system problems. From perception and sequence modeling to con-
trol, optimization, and federated learning, these contributions highlight the importance
of collaboration mechanisms in improving learning efficiency, robustness, and scalability.
Future research is expected to further explore more unified collaborative frameworks that
integrate learning, optimization, and decision-making under increasingly complex and
distributed environments.
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