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Conclusion and Future Work
Development of an predictive modeling supported auto-tuning solution to improve collective I/O performance;
* implemented upon widely used MPI-IO library,
* approachable for engineers/administrators with little knowledge of parallel 1/0O,
Overall ~ Architecture of  the Auto-tuning * compatible with MPI based scientific and engineering applications, portable to different HPC platforms,
Approach with the following modules; IO_Tracer, * has a success varies between 50-130% at scale in the parametrization's I/O bandwidth gain,
IO_Tuner, IO_Optimizer, IO_Analyzer. * supports and informs the system administrators if performance anomaly is detected,
* will be tested on engineering applications in different professional areas.

Acknowledgements

This project has received funding from the European Union’s Horizon 2020 Framework Programme research and innovation programme under the Marie Sklodowska-Curie
agreement No 721365.




	Slide 1

