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Main Result Simulations
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Problem Formulation

The bound is point-wisely sharp!

Power of PT/FT

For every problem in 6,

€ = {W*, H, G, 6°

Linear Regression under Covariate Shift

Problem Instance

A Formal Upper Bound IIW*II2 < 62 GH = HG}
[Hypercontractivity] Suppose for each v,
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[Esource<vv X> < a([Esource<V> X> ) > [Eta,rget<va X> < a<[Etarget<Va X> ) .

Suppose 1, i1y, < min{ 1/(4atr(G)) 1/(4atr(H))}. Then

we have
y =Xx'w¥ 4+ 4(0,6%)

G:= [Esource[XXT] H := [Etarget[XXT]
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Pretraining-Finetuning via Online SGD * Signal-to-noise ratio

Limitation of PT vs. Power of FT
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