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Abstract Computing of high energy physics is a typical data-intensive application. The throughput and response time of distributed
storage system are key performance indicators, and they are often the targets of performance optimization. There are a large number of
parameters that can be adjusted in a distributed storage system. The setting of these parameters has a great influence on the performance
of the system. At present, these parameters are either set with static values or automatically tuned by some heuristic rules defined by
experienced administrators. Neither of the method is optimistic taking into account the diversity of data access patterns and hardware
capabilities, and the difficulty of finding heuristic rules for hundreds of interacted parameters based on human experience. In fact, if the
tuning engine is regarded as an agent and the storage system is regarded as the environment, the parameter adjustment problem of the
storage system can be treated as a typical sequential decision problem. Therefore, based on data access characteristics of high energy
physics calculation, we propose an automated parameter tuning method using the reinforcement learning. Experiments show that in the
same test environment, using the default parameters of the Lustre file system as a baseline , this method can increase the throughput by
about 30%.
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Table 1 Status Information

#1 REER

Space write back cache.
. The number of RPC(remote procedure call) to
Inflight
be processed.
Timeouts RPC timeout value.
Average Wait Time Request average wait time.

Cached Space Current total cache space.

Requests Wait The amount of time the request waits in the

Time queue before the server processes it.
. The number of requests currently being
Active Requests

processed.

Name Description

Read Throughput

Write Throughput

) _ The number of write operations that have been
Dirty Pages Hits e .
satisfied by the dirty page cache.
The number of write operations that were not

Dirty Pages Misses o )
satisfied by the dirty page cache.

Read I0PS
Write IOPS

Used Space Cache space used.

Unused Space Free cache space.

Reclaim Count Cache recycle count.

Current Dirty  Aread-only value that returns the current space
Space written and cached on this OSC.

Current Grant  The amount of space this client has reserved for
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Table 2 Adjusted Parameters
R2 ARSHER

Name Default Min Max Step Size
MD/MB 32 32 4096 32
MPPR 256 64 1024 64
MRF 8 4 256 4
MRA 40 0 160 40
MC/MB 128 128 32234 128
MRAW/MB 2 0 8 2
STM 32 0 8192 32
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Table 3 Test Data

x 3 WRAHEE KB/s
Test Items Base DON A2C PPO
Initial Write 1233 1186 1172 1215
Re-Write 1249 1202 1171 1214
Read 38613 30505 36980 40924
Re-Read 41777 30825 41241 43380
Stride Read 3493 3570 4051 3941
Random Read 1893 1566 2505 2407
Random Write 560 565 581 563
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