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A Study on Improvement of Buffer Cache Performance for
File I/O in Deep Learning
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Abstract With the rapid advance in Al (artificial intelligence) and high-performance computing
technologies, deep learning is being used in various fields. Deep learning proceeds training by randomly
reading a large amount of data and repeats this process. A large number of files are randomly repeatedly
referenced during deep learning, which shows different access characteristics from traditional workloads
with temporal locality. In order to cope with the difficulty in caching caused by deep learning, we
propose a new sampling method that aims at reducing the randomness of dataset reading and adaptively
operating on existing buffer cache algorithms. We show that the proposed policy reduces the miss rate
of the buffer cache by 16% on average and up to 33% compared to the existing method, and improves

the execution time by up to 24%.
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Fig. 1. File read process during deep learning training.
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Fig. 2. Process of the LRU replacement algorithm.
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