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Table 1 Comparison of database tuning methods
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Figure 1 Constructing performance prediction model
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Table 2 Traditional machine learning-based database tuning methods
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1738 H. Il A P8 b AT — R A SRk o7 2]
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Mnih %5 OO R B i 28 N 4% S s Ak st o) 2 4R
T —F R R 1L % 3 (deep reinforcement learning,
DRL) B i) TR B ot 28 I 2 o Ak 3588 Ak 27 ) rh B
A S IUE S R S5

¥ DRL 3 21 2 00 Ak In) 338 1Y) Je Kk i = —

JE AL TR AL ) BRI S Al T AU 5k A2
> BB 2 B T R B R PSR i B2 (Markov decision
process, MDP) , W& 2 ff 7R , 76—~ MDP & fig{k
TEWLIN A 58 AR 2SI, e — A s A O AT, AT 3l
YEJG B BEAR AR AT 45 R AR 15 — YR il Bl ), B
B 1) RS T B A A A2 A, B BE SRR O B4 B R 3
MR, XA S BAW E R, 52 8P4 k%
Fo BRI B bR 2 k£ — A R U0 Y SR w45 )
e (RITFH) f RKAE

2 BUFEIRE
Figure 2 Process of reinforcement learning
B2 ohs, WA (B IR RS 0, BB B
REAEI AR, r, 56 i 0B BRI SRS A D . 5 Ak
7o 5 2B AR IR BB WS N2 3 BT
£33 BUFISSHMA A BRE
Table 3 Mapping from RL to database tuning problem
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Table 4 Database tuning system with reinforcement learning
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Coefficient Optimization of Grinding Force Model Based on Genetic Algorithm

WANG Dong, ZHANG Zhipeng, ZHAO Rui, ZHANG Junyu, QIAO Ruiyong, SUN Shaozheng
(School of Mechanical and Power Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; When solving problems in the grinding force model, most of the methods of segmental calculation or col-
umn equations were used to calculate each coefficient directly, which not only demanded a large amount of calcula-
tion but also could not guarantee its accuracy. In addition the traditional regression model was easy to fall into local
optimal, difficult to describe the nonlinear relationship. Therefore, the genetic algorithm was introduced into the
parameter optimization of the nonlinear fitting function, and the coefficient optimization method of the theoretical
model of grinding force was studied based on the existing model data such as the model of cylindrical transverse
grinding, the model of plane grinding and the model of cylindrical longitudinal grinding. Correlation analysis results
showed that the predicted accuracy of grinding force of the three models was increased by 14. 69%—42. 54%. The
average error of normal grinding force predicted by the three models was 5.9%, 9. 13% and 3. 23% , respectively.
The mean error of tangential force was 6. 78% , 8.36% and 3. 69% , respectively. Through comparison, it could be
concluded that the optimized model had a better fitting degree, and the prediction accuracy of the model was signifi-
cantly improved. The nonlinear fitting function GA-LSQ algorithm optimized by genetic algorithm was more suitable
for solving grinding force model and could provide reference for predicting grinding force and parameter optimization
in actual production.

Keywords ; grinding force model; cylindrical grinding; surface grinding; empirical formula; model coefficient opti-

mization ; model prediction; genetic algorithm; nonlinear optimization function
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A Review of Machine Learning-Based Methods for Database Tuning

SHI Lei"**, LI Tian’, GAO Yufei'’, WEI Lin', LI Cuixia', TAO Yongcai’

(1. School of Cyber Science and Engineering, Zhengzhou University, Zhengzhou 450002, China; 2. School of Computer and Artificial
Intelligence,, Zhengzhou University, Zhengzhou 450001, China; 3. Songshan Laboratory, Zhengzhou 450046, China)

Abstract; Knobs tuning is a key technology that affects the performance and adaptability of databases. However,
traditional tuning methods have difficulty in finding the optimal configuration in high-dimensional continuous param-
eter spaces. The development of machine learning could bring new opportunities to solve this problem. By summari-
zing and analyzing relevant work, existing work was classified according to development time and characteristics,
including expert decision-making, static rules, heuristic algorithms, traditional machine learning methods, and
deep reinforcement learning methods. The database tuning problem was defined, and the limitations of heuristic al-
gorithms in tuning problems were discussed. Traditional machine learning-based tuning methods were introduced,
including random forest, support vector machine, decision tree, etc. The general process of using machine learning
methods to solve tuning problems was described, and specific implementations were provided. The shortcomings of
traditional machine learning models in adaptability and tuning capabilities were also discussed. The principles of
deep reinforcement learning models were emphasized, and the mapping relationship between tuning problems and
deep reinforcement learning models was defined. Recent relevant work on improving database performance, time
consumption and model characteristics was introduced, and the process of building and training agents based on
deep neural networks was described. Finally, the characteristics of existing work were summarized, and the re-
search hotspots and development directions of machine learning in database tuning were outlined. Distributed sce-
narios, multi-granularity tuning, adaptive algorithms and self-maintenance capabilities were identified as future re-
search trends.

Keywords: database system; knobs tuning; performance optimization; machine learning; reinforcement learning;

database maintenance
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