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If we assume a zero-mean Gaussian prior with variance         
over parameters, our posterior distribution 
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Entropy of a Gaussian
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Entropy of a    -dimensional Gaussian distribution with 
covariance matrix       is
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Bayesian Active Learning
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If we select change in entropy                     as the measure 
for information gain, our objective is to select         that 
gives maximal expected information gain, i.e.
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Therefore, the change in entropy would equal to
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To turn inference into prediction, we must take the 
expectation of our model output when the parameters 
are drawn from the posterior, i.e.

.
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To turn inference into prediction, we must take the 
expectation of our model output when the parameters 
are drawn from the posterior, i.e.

An approximation is given as

.
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Discussions
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• All our derivations were under the assumption that our 
model is well-matched to the data.

• Bayesian hypothesis testing is through model 
comparison:

.
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