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Motivation

Even without applied spatial smoothing, activation maps
(and maps of eg. AR coefficients) have spatial structure

Contrast AR(1)

We can increase the sensitivity of our inferences by smoothing
data with Gaussian kernels (SPM2). This is worthwhile, but crude.
Can we do better with a spatial model (SPM5) ?

Aim: For SPM5 to remove the need for spatial smoothing just as
SPM2 removed the need for temporal smoothing



The Model
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Synthetic Data 1 : from Laplacian Prior
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Prior, Likelihood and Posterior

In the prior, W factorises over k and A factorises over p:
pP(W,A L a,B)= (H pw, la)p(a; g, ,qz)][l_[ pla, | B)p(B,|n ,rz)j
k p

(H p(4, |u19u2)]
The likelihood factorises over n;:

p(YIW,AMN=]]py,|w,a,4)

The posterior over W therefore does’nt factor over k or n. It is a Gaussian
with an NK-by-NK full covariance matrix. This is unwieldy to even store,
let alone invert ! So exact inference is intractable.



Variational Bayes
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Variational Bayes

ﬁ you assume posterior factorises\

q(0) =] ]4(0))

then F can be maximised by letting
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Variational Bayes

In the prior, W factorises over k and A factorises over p:
pP(W,A L a,B)= (H pw, la)p(a; g, ,qz)][l_[ pla, | B)p(B,|n ,rz)j
k p

(H p(4, |u19u2)]
In chosen approximate posterior, W and A factorise over n:
q(W,A,huY){H q(ay Y)j(]_[ a(B, IY))(H g(w, 1 Y)q(a, | Y)q(4, Y)J

So, in the posterior for W we only have to store and invert N K-by-K
covariance matrices.



Updating approximate posterior

Regression coefficients, W
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Spatial precisions for W
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Synthetic Data 1 : from Laplacian Prior
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Least Squares VB - Laplacian Prior

Coefficients = 1024 ‘Coefficient RESELS’ = 366



Synthetic Data |l : blobs

True Smoothing

Global prior Laplacian prior



Sensitivity
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Event-related fMRI: Faces versus chequerboard
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Event-related fMRI: Familiar faces versus unfamiliar faces

Smoothing

Global prior Laplacian Prior



