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Motivation NAPEL Prediction
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« The high cost of energy for data movement using micro-architectural independent application features
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« MRE of 8.5% and 11.6% for performance and energy prediction

Phase 1' LLVM Kernel Ana|y5|s - NAPEL is 1.7x (1.4x) and 3.2x (3.5x) better in terms of performance
(energy) estimation than ANN and decision tree

 Microarchitecture-independent kernel analysis to generate an application 20
profile independent of the NMC architecture % | (2) Performance prediction
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Instruction Mix The fraction of instruction types (integer, floating point, memory, etc.) E 18 ] *h _ | §5§5’. | § | -
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Memory footprint Total memory size used by the application
Phase p L Centl‘al Com posrte DeS|gn NAPEL provides an accurate prediction of NMC suitability
Design of experiment techniques ! are used to redyce the number of  MRE between 1.3% to 26.3% (average 14.1) for EDP prediction
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Phase 3: Ensemble Machine Learning References

« We employ random forest (RF) as our ML algorithm, which embeds 1D. C. Montgomery, Design and anlysis of experiments, (2017)

procedures to screen input features https://github.com/CMU-SAFARI/ramulator-pim/
«  With hyper-parameters tuning to optimize the accuracy of ML algorithm



