846 & 3 D2 M- N 1 M = A < Vol. 46 No. 3
2019 4F 3 H COMPUTER SCIENCE Mar. 2019
'_I_| AY A Y S I2l| A Y :
F A = [\ 4k B9 58 5 =] Sarsa XU T EUE &
R E REZE KBRE
(RXE T AFHTEWNAESHARER R 430070)
W OE OHKEPOLHMAATAMNGERE P, CPU EHBEFELERE, RANGHEEM L EFR LN EFR I HK

AToEhRRFBREARFEN, P35 AELAFEGBA AL I RS T Sarsa ik kL ME LA E, AN
RN BAEEMF L ERROAFFTE., O TRETA RS TR E K, KA Deep Q-learning 7 kK ALK S-S 4=

) B R A 5 B AR A DA, A8 W R IR AR L 69 ik, AR T F
WL B3R R AL AE A 3R L AL 95 B 23R & Cache #9é & ,

Tz 1, ARSI E SPECCPU 2006 £ #9 55 34

KR TR K, E LA, Sarsa, Deep Q-learning, 4k -0 1 = 14 4544

hEESES  TP302

XHEERIRAD A DOI

10. 11896/j. issn. 1002-137X. 2019. 03. 048

Prefetching Algorithm of Sarsa Learning Based on Space Optimization

LIANG Yuan

YUAN Jing-ling CHEN Min-cheng

(School of Computer Science and Technology, Wuhan University of Technology, Wuhan 430070, China)

Abstract

As the cluster centers for high-performance computers.data centers are busy with CPU clusters. Irregular da-

ta structures and algorithms are frequently used,so that most prefetching technologies based on spatio-temporal locality

are no longer applicable. This paper referred to the concept of semantic locality,used the reinforcement learning Sarsa

algorithm to approximate semantic locations,and predicted irregular data structures and future memory accesses of algo-

rithms. Due to the large state space and action space.,this paper used Deep Q-learning method to optimize the State-ac-

tion space to fit the new state with the old one and took a similar approach if the two states are similar to improve the

generalization ability. The experiment on the standard data set SPECCPU 2006 proves that this method has a wide gene-

ralization ability and can improve the Cache hit rate effectively.
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