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[1] E. Solomonik, D. Matthews, J. R. Hommond, J. F. Stanton, and J. Demmel. A massively parallel tensor contraction framework for coupledcluster computations. JPDC, 2014
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[1] B. Solomon and C. Kingsford. Fast search of thousands of short-read sequencing experiments. Nature biotechnology, 2016.
[2] P. Bradley, H. C. den Bakker, E. P. Rocha, G. McVean, and Z. Igbal. Ultrafast search of all deposited bacterial and viral genomic data. Nature biotechnology, 2019.
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[1] B. Solomon and C. Kingsford. Fast search of thousands of short-read sequencing experiments. Nature biotechnology, 2016.
[2] P. Bradley, H. C. den Bakker, E. P. Rocha, G. McVean, and Z. Igbal. Ultrafast search of all deposited bacterial and viral genomic data. Nature biotechnology, 2019.
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