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Abstract Recently, artificial intelligence (AI) workloads encompassing various industries such as smart
logistics, FinTech, and entertainment are being executed on the cloud. In this paper, we address the
scheduling issues of various Al workloads on a multi-tenant cloud system composed of heterogeneous
GPU clusters. Traditional scheduling decreases GPU utilization in such environments, degrading system
performance significantly. To resolve these issues, we present a new scheduling approach utilizing
genetic algorithm-based optimization techniques, implemented within a process-based event simulation
framework. Trace driven simulations with diverse Al workload traces collected from Alibaba’s MLaa$
cluster demonstrate that the proposed scheduling improves GPU utilization compared to conventional

scheduling significantly.
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Fig. 1. The basic architecture of the scheduling
system.
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