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Contribution

*  Westudy the training dynamics of Variational Learning and compare
with Gradient Descent.
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* VGD generalizes well due to its ability to find flat minima.

¢ How doesVGDfind flatter minima than GD? We understand the
instability mechanism at play.

*  Weshow the dynamical stability threshold forVGD is strictly smaller
than GD, allowing it to find flatter minima.

Instability dynamics in Deep Neural Network

* Gradientdescent operates at "Edge of Stability" where loss decreasesin
oscillatory fashion.

* Sharpnessofloss ||v2¢(m,)||, hovers aboutthethreshold 2/p.
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* VGDoperates at a smaller threshold than GD with increasing variance.

Descent on a Quadratic loss
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. GDdecreases loss in one iteration if eigenvalues of Q are bounded by 2/0

. VGD imposes regularization on the eigen-spectrum of the Hessian.
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Variational Learning Mechanism of finding flatter solution

Descent condition forVGD

VGD update decreases loss quadratic loss
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Adaptive Stability in Variational Online Newton

e Adam « Weight perturbation, T=0.5 » Weight perturbation, T=0.1 - 2/p
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+  Variational Online Newton leams distribution ¢,=-#(m_.P"1) ysing
Natural Gradient Descent.

+  Adaptive Sharpness [diag(p) ~'V2¢(m) |, issmaller than 2/p.

Heavy-tailed Student-t distribution

a=3 a=6 » a—= (Gaussian perturbation) - 2/p
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