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Motivating Uncertainty and BNN's

P(B|A) P(A)

»Neural Network architecture + = Bayesian Neural Network(BNN)

P(B)




Regular NNs Bayesian NNs

*Learn a single point estimate of the *Learn the probability density over a
barameter. parameter space.

Source: https://sanjaykthakur.com/2018/12/05/the-very-basics-of-bayesian-neural-networks/




Challenges with BNN's

»Trouble with many parameters (usually really big NN‘s)

»Too many data points

»\Very expensive




Ensembling (Unbayesian approach)

»Bunch of independently trained models & form a mixture of models — ensemble

........ » Predictions

Source: https:https://builtin.com/machine-learning/ensemble-model




Ensembling

3xNNs, Initialised 3xNNs, Trained
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Anchored Ensembling

A. 10x Unconstrained NNs B. 10x Regularised NNs C. 10x Anchored NNs D. Ground Truth
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Anchored Ensembling




Randomised MAP sampling

»Maximum a posteriori (MAP) estimate

» Adding a regularisation term to loss function returns a MAP estimate of the posterior (point estimate)

» Add noise and sample




RMS for NN's

Oy ap = argmaxgP(0]|D)

Oy ap = argmaxg P (D|0)P(0)

Oy ap = argmaxg log(PD(Z)lé?)) + log(P(6))

Assume P(6) = NV (u, X), we get,

1, 1w
Opap = argmaxg log(PD(D|9)) -3 I» 1/2(9 - #)”%

Now, for RMS, replace pi,yjor With 64y

1 —
fMAP (eanc) =argmaxg log(PD(Dle)) - E | |Z 1/2 (0 - eanc)”%

Challenge: choosing a distribution for 6, such that P(fyap(8anc)) = P(6|D)




RMS for NN's

»Assume Pg(D|0) < N (Wiker Ziike)

P(Hanc) = N (Uanc) Zanc) Where, Ugnc = Hpriors Lanc = z:prior + z:priorzlike_1zprior

»Practical workaround: Set X, = Zprior

P(Hanc) = N (Uanc) Zanc) With fgne = Hpriors Lane = z:prior




CIFAR-10 Image Classification, VGG-13 CNN

Train Noise
Accuracy Train Edge Fashion MNIST Scramble Invert  Noise
1xNNs Reg. 81.6% 0.671 0.466 0.440 0.540 0.459 0.324 0.948
5xNNs Uncons. 85.0% 0.607 0.330 0.208 0.275 0.175 0.209 0.380
5xNNs Reg. 86.1% 0.594 0.296 0.219 0.188 0.106 0.153 0.598
5xNNs Anch. 85.6% 0.567 0.258 0.184 0.149 0.134 0.136 0.118
10xNNs Anch. 86.0% 0.549 0.256 0.119 0.145 0.122 0.124 0.161




