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Bayes rule:

Bayesian Model Averaging:
Pema(y 1 X) = Jp(y lw,x)p(w | Data)dw ~ ) p(y|w,x), w, ~ p(w|Data)
e Approximate the posterior

e Variational Inference, MCMC, Laplace, ...
e Challenge: capture the geometry of the posterior



posterior(w) « exp(—Loss(w))

Example:
e 2D quadratic loss

e Constant LR SGD
* |sotropic Gaussian noise
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SGD with isotropic noise follows the shape of the posterior!*
We can use the same idea to approximate the posterior in DNNs

*see "Stochastic Gradient Descent as Approximate Bayesian Inference" by Mandt et al. JMLR 2017
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SWAG captures local geometry of the posterior
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SWAG provides better-calibrated uncertainties!




Summary

e SWAG is simple, easy to use and consistently improves
accuracy and uncertainty

e Applicable to ImageNet-scale problems
e Captures local geometry of the posterior

PyTorch code
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