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So now construct the priors to maximise model evidence 

(minimise cross validation error). 



Conclusion 

• MEG inverse problem can be solved easily 
with some prior knowledge. 

• All prior knowledge encapsulated in a source 
covariance matrix. 

• Can test between priors (or develop new 
priors) using Bayesian framework. 
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Analytical approximation to model 
evidence 

• Free energy= accuracy- complexity 


