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ABSTRACT

Recently, large language models, such as GPT, LLaMA, and PalLM, have been actively applied in various

fields such as medicine, education, finance, law, and marketing. These models have a vast number of parameters
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that require multiple GPUs to perform inference. For system administrators of inference services in clusters or

clouds, it is critical to utilize the given GPU and network resources as efficiently as possible to quickly

respond to numerous user requests. To achieve this, existing inference systems employ various parallelization

and optimization strategies. This paper profiles and analyzes inference time, prediction accuracy, GPU

communication amount, and GPU memory usage for different parallelization strategies, optimization techniques,

and batch size changes. Notably, we develop a new resource profiler for precise resource measurement of GPU

resources. Our profiling results reveal that increasing batch size can lead to inefficiencies due to increased

GPU communication. In terms of GPU memory, larger batch sizes result in more aggressive memory

utilization, but a specific threshold exists where out-of-memory issues arise for the limited GPU memory. Such

observations are expected to serve as a baseline for designing efficient inference systems for large language

models.
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