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application systems become more and more centralized with boosted scale, which gradually highlights
the performance issues of storage systems. Parallel file systems have been applied in a wide range of
applications to meet the performance requirements of large-scale applications running on the storage
systems. However, the majority of currently used parallel file system optimization methods only takes the
application system or the parallel file system itself into account, and seldom considers the collaboration
among them. Considering that the access mode of an application system when accessing the parallel file
system will have a significant impact on the storage system performance, this study proposes a parallel file
system optimization approach based on dynamic partitioning. The key idea is to firstly leverage machine
learning techniques to reveal the relationships between factors that can influence the system performance
and build an optimization model accordingly. Then, the optimization model will facilitate the parameter
optimization of parallel file systems. Finally, the model is tested on a Ceph-based storage system prototype
with a three-layer application system. The proposed model successfully optimizes the parallel file system

access performance. Experimentally, the proposed model achieves an optimization prediction accuracy of

85%. With the assistance of the proposed model, the system throughput is improved by 3.6 times.
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Table 1 Techniques and approaches for parallel file system performance optimization
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Table 3 Training dataset of throughput performance optimization

Frid AXRSE (KiB) 3 /O Hartk BENL VO TOPS (MiBps) IOPS 5 (MiBps) it (MiBps) 7S (MiBps)
0 8 99 1 346.41 3.00 2.71 2.68
0 8 98 1 400.41 7.83 3.13 3.07
0 8 97 1 392.87 12.86 3.07 2.97
1 256 62 0 44.13 29.28 11.03
1 256 61 0 133.64 51.22 33.41 12.81
1 256 60 0 111.83 45.81 27.96 11.45
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Table 5 1/0 mode for cases of optimization and the corresponding performance

o XRSF B 10 BEHL I0PS IOPS i IOPS 5 itk TR HEE

(KiB) Bt /0 (MiBps) (MiBps) (MiBps) (MiBps) (MiBps) (MiBps)
64 50 0 199.074 99.986 99.087 12.442 6.2491 6.192
128 50 0 87.403 43.435 43.969 10.925 5.429 5.496
256 50 0 92.377 44971 47.406 23.094 11.243 11.852
512 50 0 87.657 43.678 43.978 43.828 21.839 21.989
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Fig.9 Comparison of system throughput performance
before and after configuration optimization
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