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Abstract Recently, GPU expands application domains from graphic processing to various kinds of parallel workloads.
However, current GPU systems focus on the maximization of each workload’s parallelism through simplified control
rather than considering various workload characteristics. This paper classifies the resource usage characteristics of GPU
workloads into computing-bound, memory-bound, and dependency-latency-bound, and quantifies the fine-grained
bottleneck for efficient workload allocation. For example, we identify the exact bottleneck resources such as single
function unit, double function unit, or special function unit even for the same computing-bound workloads. Our analysis
implies that workloads can be allocated together if fine-grained bottleneck resources are different even for the same
computing-bound workloads, which can eventually contribute to efficient workload allocation in GPU.
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