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LL Revealing the Power of Neural Networks to Capture Accurate

Resource Prediction Challenges Learning from Job Script and Application Input Decks

* Next generation HPC schedulers rely on information about job resource
usage to improve machine utilization [1]

* Analysis of job scripts via machine learning models can be used to
improve knowledge of resource usage for HPC jobs [2,3]
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* Traditional job script analysis (i.e., learning from parsed features of job
scripts) represents each job with a limited number of features
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