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ABSTRACT

This paper proposes a centralized framework that shares a single large language model (LLM) core as a common
system resource to efficiently operate LLM-based multi-agent systems in local environments. The conventional approach,
where each agent loads an independent LLM instance, causes severe GPU memory duplication and substantial I/O latency
due to frequent model switching. To overcome these limitations, the proposed server—client architecture keeps a single
LLM instance persistently resident on the GPU and employs FIFO-based scheduling to centrally manage inference
requests from multiple agents. Experimental evaluation using an NVIDIA RTX A6000 GPU and the Llama 3.1 8B model
demonstrates that the proposed framework maintains GPU memory usage at a single-model level regardless of the number
of agents and reduces execution latency by up to 67.3% compared to an on-demand switching baseline. Furthermore, it
achieves inference outputs that are 100% identical to those of conventional independent execution, thereby improving
resource efficiency and performance without sacrificing accuracy.
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Fig. 1 Comparison of LLM serving methods
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