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Motivation Learning dropout probabilities Application to image segmentation

. Dropout probabilities have significant

T SVI (Hoffman et al., 2013) can be used to approximate the posterior:
effect on predictive performance

Epistemic and aleatoric uncertainty in machine vision:

. Traditional grid search or manual tuning is
prohibitively expensive for large models
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. Optimisation wrt a sensible objective
should result in better calibrated uncer-

tainty, and shorter experiment cycle

Structure of qg(w) turns calculation of the KL into a sum over:
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sigmoid ((log 12~ + log 4-) /t) where uy; ~ Uniform(0, 1)
kernel_regularizer = self.weight_regularizer * K.sum(K.square(weight))
dropout_regularizer = self.p * K.log(self.p) + (1.-self.p) * K.log(l.-self.p)
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u u « RL: epistemic uncertainty will vanish as more data acquired



