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TL; DR:
We need reliable and cheap optimizers,
we reduce cost of Newton’s method harnessing inexactness

Application: Accurate model fitting with less expensive computation

Context: Newton’s method Challenge: method’s inexactness Contribution: error analysis
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Error analysis framework Leveraging FP representation to reduce costs
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..we can derive that... More sources of inexactness: finite-differences
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Application: mixed-precision FP-Newton
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Other Newton’s approximations
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