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Key points: 

• What is an ill-posed inverse problem

• Prior knowledge- links to popular algorithms.

• Validation of prior knowledge/ Model 
evidence



The forward problem

Lead fields (L)

Dipolar source

Model describes
conductivity & geometry

Lead field (L) is the sensitivity of 
the M/EEG system to a dipolar 
source at a particular location

Head Model

Prediction

Predicted
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The Inverse problem

Which brain sources gave rise to 
these measured data ?Measurement

Predicted
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Inverse problems aren’t difficult
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lead field*

Beamformer

(adaptive algorithm/

Empirical )

*Assuming no correlated sources
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fMRI biased dSPM

(Dale et al. 2000)

Maybe…
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Summary
• MEG inverse problem requires prior 

information in the form of a source covariance 
matrix.

• Different inversion algorithms- SAM, DICS, 
LORETA, Minimum Norm, dSPM… just have 
different prior source covariance structure.

• Historically- different MEG groups have 
tended to use different algorithms/acronyms.

See 

Mosher et al. 2003, Friston et al. 2008, Wipf and Nagarajan 2009, Lopez et al. 2013



Software

• SPM12: http://www.fil.ion.ucl.ac.uk/spm/software/spm12/

• DAiSS- SPM12 toolbox for Data Analysis in Source Space (beamforming, 
minimum norm and related methods), developed by Vladimir Litvak:

https://github.com/spm/DAiSS

• Fieldtrip : http://fieldtrip.fcdonders.nl/

• Brainstorm:http://neuroimage.usc.edu/brainstorm/

• MNE: http://martinos.org/mne/stable/index.html

http://www.fil.ion.ucl.ac.uk/spm/software/spm12/
https://github.com/spm/DAiSS
http://fieldtrip.fcdonders.nl/
http://neuroimage.usc.edu/brainstorm/
http://martinos.org/mne/stable/index.html


Which priors should I use ?

• Compare to other modalities.. 

• Use model comparison… rest of the talk.

Singh et al. 

2002

fMRI

MEG

beamformer
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Possible priors
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Muliple Sparse Priors (MSP), Champagne

l1

l2

l3



Find optimal linear mixture (or candidate priors)

to maximise model evidence

Candidate Priors

ln
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Free energy

Accuracy

Complexity
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So now construct the priors to maximise model evidence



Key points :

• What is an ill-posed inverse problem

• Prior knowledge- links to popular algorithms.

• Validation of prior knowledge/ Model 
evidence



Conclusion

• M/EEG inverse problem can be solved.. If you 
have some prior knowledge.

• All prior knowledge encapsulated in a source 
covariance matrix.

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

• Free energy= accuracy- complexity
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The more parameters in the model the more accurate the fit

(to training data).

y

x

Polynomial fit example

4 parameter fit

2 parameter fit

Training data

1 parameter fit

P(Y)



The more parameters the more accurate the fit to training data,

but more complex model may not generalise to new (test) data.

y

Polynomial fit example

4 parameter fit

2 parameter fittest data

P(Y)



Training data
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