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Potential randomized tools:

• Unbiased sampling

• Randomized sparsification

• Randomized subspace iteration
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Randomized sketches using Gaussian test vectors, peeling algorithms, and hierarchical low-rank
compression can efficiently recover the dominant structure of covariance operators using only
matrix-vector interactions.

• near-linear complexity

• better scaling



PDE-constrained Inverse Problems

• first turn into linearized problem

• linear systems arising from dis-cretized PDEs

• matrix usually being very tall and structured
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Barriers to adoption – the Verification Challenge

Engineering applications often require bitwise reproducibility across runs for certification,
debugging, and validation.

• How to reproduce the same randomness?



Tensor Sketching/Decomposition

• In heavy-tailed or noisy settings, ideas from robust statistics are needed because outliers
can destroy sketch quality.

↝Robustness to heavy-tailed data

• Deciding when an existing sketch is still reliable and when the system has changed enough
to require resketching.



Active Learning / Adaptive Data Selection for Machine Learning

• remote sensing

• synthetic aperture radar

• Judicously select "more useful" data (leverage score etc.)



Open Problems

Benchmark for RandNLA

• Need to reflect the performance (flops, I/O)

• cannot be cheated (grading the BLAS)

• Independent benchmarking beyond vendor-developed software

• Encourage community submission of real-world matrices

Extend RandNLA to

• matrix completion

• low-rank approximation/truncation



COMMENTS WELCOME!


