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Abstract With the rapid development of large-scale model technology, these models have exhibited remarkable
performance in fields such as natural language processing and computer vision, becoming essential tools for
addressing complex issues and drawing significant interest from both the scientific community and the industry.
Nonetheless, current cloud-platform-based schemes for training and inference of large models face multiple
challenges, including high expenses, restricted scalability, and information security risks. As the scale of model
parameters expands continually, the need for low-cost, efficient training and inference methods grows ever more
pressing. Carrying out collaborative training and inference of large models on edge devices can dramatically decrease
latency and bandwidth demands, concurrently reinforcing data privacy and operational efficiency. This strategy
furnishes vital technological support for the economical deployment of large models across a variety of contexts,
thereby evolving into one of the prominent research hotspots. This article conducts a thorough investigation of
research pertinent to large models in the context of edge intelligence, with an in-depth analysis and discourse primarily
focused on two aspects: edge-based training and inference of large models. Ultimately, it outlines the challenges in the
progression of large model technologies tailored for edge intelligence and delineates future prospects. The ambition is
to stimulate a heightened comprehension and intensified attention from both academic and industrial sectors towards
technologies involving large models for edge intelligence, thereby encouraging further scholarly exploration in this
thriving domain.

Key words edge intelligence; large models; federated fine-tuning of large models; edge efficient inference
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Fig. 2 Federated parameter efficient fine-tuning framework for large model
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