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Study on Deep Learning Automatic Scheduling Optimization Based on Feature Importance
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1 College of Cyberspace Security,Zhengzhou University.Zhengzhou 450003, China

2 Institute of Information Technology,Information Engineering University,Zhengzhou 450002, China

Abstract With the rapid development of deep learning and hardware architectures, the diversity of models and hardware architec-
tures make the deployment for deep learning models with high performance manually become increasingly challenging. So current
Al compiler framework often adopts automatic scheduling. Since the existing optimization to TVM automatic scheduling has such
issues as unbalanced data sets in cost model and overlong scheduling time,an automatic scheduling optimization strategy based on
feature importance is designed in this paper. First, the feature importance is analyzed through the xgboost algorithm. Then a stra-
tegy that reduce the data feature dimensions based on the importance coefficient and reassign the data labels is adopted to improve
the precision of the cost model and optimize the efficiency of the automatic scheduling. Experiment results show that the proposed
optimization method can reduce the automatic scheduling time of three kinds of deep learning models by 9. 7% ~17. 2% ,and re-
duce the inference time by up to 15%.

Keywords Al compiler, Automatic scheduling, xgboost,Feature importance,Deep learning
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