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ABSTRACT

As the computational efficiency of GPUs is known, GPGPU performance, which is utilized in
general-purpose applications, is performed on various workloads such as HPC and DL. Accordingly, research to
efficiently use the limited memory of GPUs is active. In particular, in the case of a memory-divergent
workload, performance may depend greatly on the memory usage pattern. In this paper, the memory-divergent
workload is profiled to analyze data locality and to index it to objectify data locality. In addition, through
analysis of the relationship between the data locality and the cache hit ratio, it was confirmed that there was a
correlation between the data locality and the cache hit rate, but the correlation weakened as the number of
threads approached increased due to the limited size of the cache. Therefore, this paper formulates the data

locality value and analyzes the relationship between the value and the cache.
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