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Knowing the application of a job running The dataset is generated by the following To detect and identity applications, we 1. We will add more features from the
on an HPC system is a non-trivial task if the steps: train a machine learning model using the available metrics to improve the
user does not specify the job name 1. Two months (April and May 2021) of job labelled dataset. Specifically, we use classification performance and compare
indicating its application in the job metadata are retrieved from the MySQL Random ForestP] as the classifier; the the performance of different classifiers.
submission script. This research aims to database, where the application names criterion parameter is set to “entropy”; the 2. It is worth exploring using the entire
detect and identity applications by job are labeled. rest of the parameters are left unchanged. monitoring trace as a signature (as
signatures built upon monitoring traces 2. An HPC expert selects the applications EVALUATI O N shown in Figure 3) and classifying the
obtained from the LDMSI! monitoring with explicit meaningful names. time series data with deep learning.
infrastructure on Cori. In addition, this 3. The job IDs of the selected applications Figure 1 shows the precision-recall curve; it 3. Another interesting topic we would like
research will explore the use of job are used with nersc_ldms to obtain the plots the precision (y-axis) and the recall (x- to explore is whether we can detect and
signatures to study workloads by corresponding monitoring metrics. axis) of application classification for identify job applications while the job is
computation motif. 4. These metrics are post-processed and the different thresholds. The random forest still running, i.e., using partial of the
raw metrics, sampled metrics and classifier performs the best for the WRF monitoring metrics for classification.
extracted features are saved in an HDF application and the worst for the e [ 1 OO D AR
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