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Goal: Learn optimal single step
size 1 for distribution D:
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Optimization Algorithm:
Gradient Descent
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Motivation

Gupta + Roughgarden ’17': Sample
complexity of learning step size of GD

How much does learning the step size
help performance?

Push the limits of performance of a
single step size

1 . Rishi Gupta and Tim Roughgarden. A pac approach to application-specific algorithm selection. Siam Journal
on Computing (SIJCOMP), 46(3), 2017.
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Solve with ERM: binary search ERM to find n”

Main Theorem (informal): For L large enough, for fixed f, x; :
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Generalizes to expectation over (f,xy) ~ D!

Proof sketch:
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a) By analyzing ratio of spectral decompositions of f
2. Same proof generalizes to expectations



