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Efficient Query Workload Prediction Algorithm Based on TCN-A

BAI Wenchao' , BAI Shuwen® , HAN Xixian® and ZHAO Yubo’
1 Faculty of Computing, Harbin Institute of Technology.Harbin 150001, China
2 Information Technology Management Center, Kaifeng University, Kaifeng, Henan 475004, China

3 Faculty of Computing, Harbin Institute of Technology,Weihai,Shandong 264209, China

Abstract The query workload prediction algorithm based on a novel time series prediction model is proposed to address the pro-
blem of database management system cannot be optimized in time due to the dynamic change of query workload and the difficulty
of forecasting effectively in the field of big data querying. First of all, the algorithm preprocesses the original historical users’
queries by filtering,temporal interval partition and query workload construction to obtain the query workload sequence which is
convenient for the network model to analyze and process. Secondly. the algorithm constructs a time series prediction model with
temporal convolution network as the core,extracts the historical trend and auto-correlation characteristics of query workload,and
realizes the time series prediction efficiently. At the same time, the algorithm integrates the designed temporal attention mecha-
nism to weight the important query workloads to ensure that the query workload sequence can be analyzed and calculated effi-
ciently by the model,and thus improving the performance of prediction algorithm. Finally, the algorithm uses the above time se-
ries prediction model to make full use of the query interval time to accurately predict the future query workloads,so that the data-
base management system can achieve self-performance tuning in advance to adapt to the dynamic change of the workloads. Expe-
rimental results show that the designed query workload prediction algorithm exhibits good prediction performance on several
evaluation metrics and is able to predict future query workload accurately over the query time interval.

Keywords Temporal convolutional network, Attention mechanism,Query workload
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Table 1  Comparison of prediction results of different algorithms
HIEE At A% MAPE MAE% RMSE % MSLE
TCN-A 0.2084 0.1895 0.2858 0.0617
TCN 0.2173 0.1928 0.2907 0.0663
LSTM 0.3210 0.2382 0.3157 0.1382
Sky Survey LSTM-A 0.3134 0.2265 0.3195 0.1158
GRU 0.3081 0.2275 0.3108 0.1109
RNN 0.4308 0.3009 0.3352 0.1827
ARIMA 0.5169 0.3473 0.4513 0.2319
TCN-A 0.1089 0.0707 0.1009 0.0186
TCN 0.1117 0.0734 0.1017 0.0193
LSTM 0.1734 0.1157 0.1496 0.1305
Bus Tracker LSTM-A 0.1799 0.1203 0.1531 0.1296
GRU 0.2279 0.0843 0.1988 0.1190
RNN 0.6304 0.3939 0.4515 0.2802
ARIMA 0.4728 0.3761 0.5838 0.2659
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Fig. 2 Comparison diagram of RMSE% of each algorithm with different data sizes in each dataset
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Fig. 4 Performance comparison of each algorithm with different time lengths in Bus Tracker
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