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Recent interest In machine learning-based techniques have produced several excellent models for performance optimization and characterization of application behavior.
Generally, these models are sensitive to architectural parameters and hence, are most effective when trained on the target platform. Training of these models, however, Is
a fairly involved process and requires knowledge of machine learning and statistics, which some users may lack. This poster presents MLTUNE, a tool-chain that
automates the workflow of developing machine learning algorithms for performance tuning and enables performance engineers to build their own learning models.
Leveraging existing open-source software the tool-chain provides automated mechanisms for sample generation, dynamic feature extraction, feature selection, data
labelling, validation and model selection. The poster highlights the key features of the design of MLTUNE, which sacrifices sophistication in favor of generalization and
automation. The system's applicablility is demonstrated with a model for predicting profitable thread affinity configuration for parallel workloads.
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Performance tuning result
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