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Abstract The deployment of large models at the edge has emerged as a pivotal enabler for the

intelligent and digital transformation across various domains, including smart healthcare and urban
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systems. However, the heterogeneity of massive intelligent tasks and the unpredictability of high-
dynamic networks pose significant challenges in the limited computational resources of edge
devices to meet the demands of complex inference tasks for efficient and reliable Quality of Service
(QoS). Therefore, this paper proposes an edge inference and heterogeneous resource collaborative
optimization method based on Generative Adversarial Network (GAN) -enhanced Multi-Agent
Deep Reinforcement Learning (MADRL), aiming to achieve dynamic load balancing of
heterogeneous resources in Digital Twin (DT) -driven edge large model-enabled systems,
ensuring the efficiency and reliability of inference tasks. First, this paper analyzes the physical
network layer and twin network layer of the DT -driven edge large model system, and leverages
GAN for twin mapping, enabling distributed processing, generation, and optimization of massive
heterogeneous data. Next, the MADRL algorithm is applied to the comprehensive quantification
and collaborative optimization of heterogeneous resources, with the edge inference data being fed
back into the MADRL algorithm to reduce the data communication overhead during centralized
training. Meanwhile, the framework utilizes federated learning, allowing for multi-party
knowledge sharing, effectively improving model training speed and performance. Finally,
simulation results demonstrate that the proposed algorithm reduces inference task delay and energy

consumption, optimally utilizes system resources, and improves intelligent service quality in
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dynamic edge environments.
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development of artificial intelligence and big data technologies,
particularly in fields such as the IoMT, smart manufacturing,
and intelligent transportation, MEC has become a key technology for

enhancing system performance and response speed. MEC enables
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the migration of computational resources from data centers to
edge devices closer to data sources, thereby reducing delay,
minimizing network bandwidth consumption, and improving
data processing efficiency. However, as the scale and complexity
of edge-side large models continue to increase, efficiently performing
computational offloading and resource coordination optimization
to meet the real-time, energy efficiency, and security requirements
of intelligent inference tasks has become a critical challenge.

Intelligent inference tasks for edge-side large models
typically involve significant data processing and complex
computational demands, which creates resource bottlenecks for
traditional MEC. To address this challenge, computational
offloading strategies have emerged. By offloading part of the
computational tasks to the cloud or more powerful edge nodes,
the computational pressure on local devices can be effectively
alleviated. However, the offloading process must contend with
issues such as computation delay, bandwidth consumption, and
device energy consumption. How to rationally allocate tasks and
optimize computational and communication resources has
become an important topic in edge computing.

This paper proposes a computational offloading algorithm
based on GAN-enhanced MADDPG to address challenges in
The

method optimizes computational efficiency, reduces delay, and

edge-side large models for intelligent inference tasks.

lowers energy consumption through effective offloading and

resource  scheduling. A multi-layered edge computing

architecture, utilizing DT technology, combines physical
simulation and real-time data feedback to optimize resource
allocation and offloading strategies between edge devices and the
cloud. By leveraging DRL and multi-agent collaboration, the
MADDPG algorithm dynamically adjusts computational load
and communication strategies, achieving low latency and high
energy efficiency. GAN enhances the algorithm’s robustness by
simulating complex network environments, enabling better
Additionally, DT

technology provides real-time environmental feedback, optimizing

adaptation to real-world uncertainties.
offloading decisions, improving security, and reducing sensitive
data transmission to mitigate privacy risks. This solution
enhances edge computing performance in large-scale inference
tasks, addresses resource configuration issues in dynamic
environments, and offers efficient, reliable, and secure solutions
for intelligent inference in fields like smart cities, industrial
automation, and healthcare.
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