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Abstract Various parameters in a database can be modified, which are called knobs. Since the
performance of the database varies according to the settings of the knobs, it is important to tune the
knobs of the database. And when tuning, a model that can reliably and quickly predict database
performance according to the knob setting is needed. However, even when the knob setting is the same,
the results may be different if the workload performing the benchmark is different. Therefore, in this
paper, we propose an OANet using the attention mechanism so that the relationship between the knob
and the workload can also be considered. Through experiments, the performance prediction results of
the database were compared to various machine learning techniques, and the superiority of the model
was confirmed by showing the highest score.
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Table 1 Types of workload

RW 91 (1) | RW 911 (4 | RW 91 (16) | RW 911 (64)

RW 111 (1) RW 11 (4) | RW 1:1 (16) | RW 1:1 (64)

RW 19 (1) | RW 119 (4 | RW 119 (16) | RW 119 (64)

Update (1) Update (4) Update (16) Update (64)
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Table 2 Effectiveness test for attention mechanisms and SOR

Model Metric R2 (1) PCC (1) CI (1) MSE ()
Single TIME 0.9577 0.9787 0.9458 0.0425
RATE 0.8767 0.9397 0.9034 0.1250
Attention(X) WAF 0.9080 0.9533 09115 0.0939
SOR(X) SA 0.9983 0.9995 0.9849 0.0012
OANet TIME 0.9611 0.9306 0.9554 0.0391
RATE 0.9242 0.9636 0.9175 0.0768
Attention(O) WAF 0.9396 0.9702 0.9303 0.0616
SOR(X) SA 0.9994 0.9998 0.9879 0.0006
OANet TIME 0.9803 0.9902 0.9603 0.0198
RATE 0.9423 0.9708 0.9283 0.0585
Attention(O) WAF 0.9514 0.9754 0.9346 0.0496
SOR(0) SA 0.9999 1.0000 0.9928 0.0001
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Table 3 Comparison of performance between OANet and machine learning techniques

Model Metric R2 (1) PCC (1) CI (1) MSE ()

TIME 07417 08613 0.8764 0.2596

SGD RATE 04752 0.6894 0.8230 0.5322

WAF 06791 0.8246 0.8285 0.3274

SA 0.8240 0.9079 0.9081 0.1760

TIME 0.9065 09516 0.9519 0.0961

SVR RATE 07499 0.8851 09114 0.2536

WAF 0.8675 09328 0.9142 0.1352

SA 0.9961 0.9981 0.9697 0.0039

TIME 0.8456 0.9260 0.9221 0.1552

Gradiont Boost RATE 07559 0.8795 0.8700 0.2476

WAF 0.7526 0.8799 0.8581 0.2525

SA 09731 0.9908 0.9595 0.0269

TIME 09563 09788 0.9481 0.0439

XGBoost RATE 0.8908 09448 0.9151 0.1108

008 WAF 0.8798 09411 0.9017 01226

SA 0.9996 0.9998 0.9782 0.0004

TIME 09685 0.9842 0.9615 0.0316

Random Forest RATE 09122 09551 0.9341 0.0890

WAF 09136 0.9561 0.9230 0.0882

SA 1.0000 1.0000 0.9994 0.0000

TIME 0.9803 0.9902 0.9603 0.0198

OANet RATE 0.9423 0.9708 0.9283 0.0585

WAF 0.9514 0.9754 0.9346 0.0496

SA 0.9999 1.0000 0.9928 0.0001
08 08 08 08
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Fig. 2 Attention weight graph when predicting SA
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