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按照BALD获得函数，哪个点能被query？
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Uncertainty in Deep Learning



Probabilistic Backpropagation for Scalable Learning of Bayesian Neural Networks    ICML2015

Weight Uncertainty in Neural Networks  ICML2015

The weights can be learnt by maximum likelihood estimation (MLE): given a set of training examples:

the MLE weights are given by:

This is typically achieved by gradient descent (e.g., backpropagation), where we assume that

is differentiable in



If are given a Gaussian prior, this yields L2 regularization (or weight decay). If are given a 

Laplace prior, then L1 regularization is recovered.

Regularization can be introduced by placing a prior upon the weights

a posteriori (MAP) weights

and finding the maximum 



Thus taking an expectation under the posterior distribution on weights is equivalent to using an 

ensemble of an uncountably infinite number of neural networks.

Bayesian inference for neural networks calculates the posterior distribution of the weights given the 

training data

Predictive distribution of an unknown label of a test data item is given by

Unfortunately, this is intractable for neural networks of any practical size.

**** suggested finding a variational approximation to the Bayesian posterior distribution on the 

weights. Variational learning finds the parameters of a distribution on the weights that minimizes 

the KL divergence with the true Bayesian posterior on the weights:



The cost function is a sum of a data-dependent part, which we shall refer to as the likelihood cost, 

and a prior-dependent part, which we shall refer to as the complexity cost. The cost function 

embodies a trade-off between satisfying the complexity of the data       and satisfying the simplicity

prior 



Under certain conditions, the derivative of an expectation can be expressed as the expectation of 

a derivative:

Unbiased Monte Carlo gradients



We apply Proposition 1 to the optimization problem in

Using Monte Carlo sampling to evaluate the expectations, a backpropagation-like algorithm is obtained for 

variational Bayesian inferencein neural networks.



Gaussian variational posterior

Suppose that the variational posterior is a diagonal Gaussian distribution, then a sample of the 

weights w can be obtained by sampling a unit Gaussian, shifting it by a mean 𝜇 and scaling by a 

standard deviation 𝜎.



We parameterize the standard deviation pointwise as

The variational posterior parameters are

A posterior sample of the weights is



Each step of optimization proceeds as follows:



Scale mixture prior


