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Performance Prediction Models 
q  DBMS-related challenges 

q  isolated vs. concurrent query execution 
q  known vs  unseen query types (“templates”) 
q  extensive off-line training 
q  state-of-the-art: 15-20% prediction error 

 

q  Cloud-related challenges 
q  numerous resource configurations 
q  dynamic environment: “noisy neighbors” 
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Evaluation 
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Conclusions 
q  Cost vs performance trade-offs are complex 

q  human ability to derive insight is not improving 

q  Benefits of ML-drive approach 
q  discover customized solutions   
q  automate decision making  
q  adapt to dynamic environments 

q  Future Steps 
q  alternative learning techniques 
q  more advanced tasks: scheduling, data movement 
q  learning-based database as a service (DaaS) systems 


