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Problem setup

Dataset True model Hypothesis class Empirical 10ss
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When does reusing data help ?

Gradient descent

Full batch GD A - One pass SGD
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Data model

Dataset True model Hypothesis class Empirical 10ss
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Goal

weak/strong recovery
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Previous results

Theorem (informal)[Ben Arous et. al., 2021]
SGD on S with n<dlogd, |{(6%6,)|— O.

For o(z) =2z°

SGD on S ! with n>dlog*d, |{(6*%,0)] — 1.
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Theorem (informal)[Mondelli & Montanari, 2018, Barbier et. al., 2019]
V algorithm with n<<d, |(6*%0(92))| - 0.

3 algorithm with n~d, |(0%60(2D))|—c>0.

For o(z) = z°
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Full batch GF - phase retrieval

Full batch Gradient flow

do
E = — ng—lg(et—l’ QZ)

Theorem (informal)[ours]




Full batch GF - truncated phase retrieval

Full batch Gradient flow

do
E = — ng—lg(et—l’ QZ)

Theorem (informal)[ours]

Theorem (informal)[Ben Arous et. al., 2021]
SGD with n < dlogd, |{(6*%,6)| — O.

For o(z) = min{z?, C}
SGD with n > dlog*d, |(6%,0)| — 1.

Ben Arous, G., Gheissari, R., and Jagannath, A. Online stochastic gradient descent on non-convex losses from high-dimensional inference. Journal of Machine Learning Research, 22(106):1-51, 2021.



Full batch GD - truncated phase retrieval

Hypothesis class Empirical loss Full batch Gradient Descent

(o(eODIOERY)  L0.2) =~ (- o((x.O)F 0= 01 =1V (0. D)
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For o(z) = min{z2, C} full-batch GD with n~d, |§—6%| = 0.

Moreover, strong recovery is achieved after ~ log d steps.




Thank you for your time!



Experiments - Full batch GD
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Squared overlap (6 ¥ 6)?
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Spherical GD with learning rate # = 0.1 for 10001og*d steps.



