Risk Comparisons in Linear Regression

Implicit Regularization Dominates Explicit Regularization

Linear regression
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“dominance”: always no worse, sometimes much better

GD dominates ridge

Theorem

Forall0 <n < 1/tr(X)and t > 0, w.h.p.
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Corollary

For every Gaussian linear regression, n > 1, and A > 0, there is f such
that: w.h.p.

R(wE’) < ER(w; )

Proof. If D > n, sett = 0; otherwise, sett = 1/(nA).
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GD is incomparable with SGD
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Corollary

n > 1. For a sequence of d-dim problems
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GD dominates SGD in a significant subset
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Assumption

Spectrum decays fast and continuously:
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Corollary

For every Gaussian linear regression satisfying the above, n > 1, and
0 <n <1, thereis t such that
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Proof. Assumption implies D; < k* < D.



