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ABSTRACT

Rule-based GPU schedulers such as First-In First-Out (FIFO) and Shortest Job First (SJF) rely on expert domain
knowledge and struggle to adapt to complex job configurations or dynamic environments. To overcome these limitations,
this study proposes a Large Language Model (LLM)-based GPU cluster scheduler that learns scheduling policies from
data without explicit rule design. The proposed method employs LLMRanker from LlamaRec (Llama-2-7B with
LoRA-based PEFT) as a job sorter, trained on SJF policy data from an Alibaba GPU job trace-based simulator. This
approach adapts to environmental changes through retraining with additional or updated data, eliminating the need for rule
redesign, with further performance gains expected as data quality and quantity improve. Experimental results show that
LLMRanker achieves high ranking accuracy in Normalized Discounted Cumulative Gain (NDCG) and Kendall's tau, and
demonstrates performance comparable to SJF in GPU cluster simulations across Job Completion Time (JCT), waiting time,
makespan, and GPU utilization.
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Table. 1 Performance evaluation of LLMRanker on job
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