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i geYe | llasle)a)[Separate management of training and inference cluster.] [Elastic scaling of distributed training jobs.]
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Inference requires less computation and GPU memory than training, therefore Jobs can take a variable number of workers
using weaker GPUs like Nvidia T4, with a fraction of the resources of the training | according to resource availability. One can
GPUs, such as Nvidia V100 and A100. even adjust the number of workers on-the-fly e | et |

when the job is running. o o
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Diurnal pattern: ~40% cluster utilisation  Long queuing: ~10,000s (95%ile)
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[Limited elasticity] Some model families enjoy
a linear scaling efficiency within a range.
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~5% of all jobs (account for 36% of training
cluster resources)
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Elastic Scaling Shortest-job-first is not always optimal.
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Capacity Loaning

System Architecture
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[Elastic Scaling] Training jobs can dynamically scale Elastic job = Base (first-class citizen) + Flexible Demand

[Knapsack with dependent item values]
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