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Abstract: Query cost models are the key parts of database workload management and performance tuning. Firstly, it is difficult, even
impossible, to precisely estimate the costs of different relational operators due to the complexity of database systems and competition of

computer resources. Secondly, most existing research work uses general query information without taking advantage of actual operators
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because of the complexity of query plans. Thirdly, most previous research work does not address the problem of predicting actual
execution time of a query but rather predicts the query performance by the cost the like query optimizers generate. To reduce the
complexity of workload management, his paper proposes an elaborate cost prediction model based on recurrent neural network through
learning from operator behavior and detailed runtime information. In particular, the model uses a special kind of recurrent neural network,
called long-short term memory (LSTM). Given an ad-hoc query, the model is able to predict its running time before it starts to run. It is
more meaningful than the state-of-the-art query optimizers of existing database systems which only estimate costs in arbitrary units. It is
also better than query progress indicators which cannot predict cost before the query runs. This research provides a novel approach to
solve the key problem in database workload management. Verified by the experiments, the accuracy of the model is over 71% which
shows the method is feasible to some degree.

Key words: database workload management; query cost prediction; query plan; recurrent neural network; long-short term memory
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Fig.8 Network structure
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Table 2 The experimental data range

=2 SR K o

T TR
Sz 4R 5 A FR AL - = =) =
S5 TR AL TR R | TE b Wk
1 ﬂ%‘\ﬁﬁ&(arb. unit) 120 000 30 000 4.015E29 3.199E9 6.910E30
2 ZEF(ms) 8000 2000 | 387.122  2.154  6738.856

KB4 B TPC-H AR ™ A2 1) 25 WG R SRAT TR IR/, I AN Tl A 38750 73 5 J650 W 1) 2 ) R K B T 225 980 11 4 A1
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2 PostgreSQL $&AL (1) 28 Tl &, UL 5|3 A il Pk 2% [RI I 7 2R U R UF i o &l
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1) T3 100 B AT 53 0, N GRS A I 5 i S B ATLFT L, 38 S 11 2R 50 2 10 118 A DG P AR K R i Il 5 &



808 Journal of Software #k#F%4% Vol.29, No.3, March 2018

4.3 1HETf,
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Table 3 Network layer information of the first experiment
Fz3 1 MEEHER
= K AR B SEAL W

1 GravesLSTM 120 100 88 700 sigmoid
2 GravesLSTM 100 100 80 700 sigmoid
3 RnnOutput 100 10 1010 softmax

Table 4 Network layer information of the second experiment
R4 L2 MEEAE R
J= K AR B SEAL W

1 GravesLSTM 112 100 85500 sigmoid
2 GravesLSTM 100 100 80 700 sigmoid
3 RnnOutput 100 10 1010 softmax

Table 5 Model evaluation results

=5 OBIRPAE LR

WE T
S o ) — — 1% (%
SR a wg | -9
1 120 000 30 000 78.244
2 8 000 2 000 71.258

Table 6 Model training time cost
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2000x6 A, FLH L IFES A 0 /N ECh 5 005, iy H B B0 & 4 977 455 78 TR0 ¥ ME A 5 99.441% 18 i T 4w
Z KT P 10 Hp A B 6 S, R Uk R AT 4 H LI 9 [



B S TARAYZ R 04 3045 R &8 T4 TR 809

=

SLH IR LU T A 25 5 AR SORURL IR PO R 5 2 S b 6T 20 000 £l K, A 0 4k 3 T I
846ms, A= U I 6 372ms. A SO ) W T 37 53¢ 0 80 B, 55 el DA s ) AR BB 2R AT T AN ), AR S5 27
S HH T VRGN IR U DR P (1 PR SR AN [ S 6 R AR SORE R P I B A8 (1 8 4 AHL B AT IR B 2 5
SR IAEA, RELE R 5 T, AR SR AT R I (1) 1k BE 1) $2 T2 0 AR 1.

1600

GO000 . - 1400 Bt OB
I o000 LTS g 1200
S 40000 F H B 1000
= 0 f| ® ; A
s 30000 a : : . K 800 ‘ H
= oo 8] B il 1| H = ‘ :
98 20000 E A0 dl dl 4l Al H E 5 98 600 H d
= wooo (A H A B A Al Al H H = a0 gl Bl dl ¢ H
Al dl Al dlAl Al AIH B 14/ Al B q| 7
o L 1 / A 00 |41 418 7 7| A
7345 6 7 8 910 o Al dldl g Hl A
I} 1] 3 8] X [i) 2 3 4 85 6 7 B 9 10
I ] 9 FE X (1)
Fig.9 The hit condition of the first experiment Fig.10 The hit condition of the second experiment
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