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- Cui et al, “A code selection mechanism using deep learning,” In IEEE 10th International
Symposmm on Embedded Multicore/Many-core Systems-on-Chip (MCSoC-16), 20l6.

- Cui et al, “A Machine Learning-based Approach for Selecting SpMV Kernels and Mcﬂrlx
Siorage Formats,” IEICE Transactions on Information and Systems, 2018

l\ Machine learning for HPC
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- Wang et al, “Automatic HyperparameterTuning of Machine Learning Models under
Time Constramts » the Second International Workshop on Automation in Machine
Learning and Big Data (AutoML20I8).
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(1l saurav Muralidharan, Manu Shantharam, Mary Hall, Michael Garland, and Bryan Catanzaro.
“Nitro: A framework for adaptive code variant tuning,” IPDPS’I4, pages 19-23, 20I4.
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[2] Yann LeCun, Yoshua Bengio, and Geoffrey Hinton. ”Deep learning.” Nature, Vol. 521 No. 7553,
pages 436-Uu, 20I5.
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[3] http://olab.is.s.u-Tokyo.ac jp/-reiji/atmathcorelib/
[4] Tensorflow, “An open-source software library for machine intelligence,” 2017. [Online]. https://www.tensorflow.org/
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