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the conditional distribution X|Y = a is a normal distribution N(ﬁ, f).

and given observations Y

Its parameters are known in closed form:

M= px + ZxyZyy (@ — py)
Y =Zxx — ZxyIyyivx
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Shape variations modelled using
u~ GP(u, k)

We call this the prior model.




Prior model

Prior model: u ~ GP(u, k)

* For any discretization we can write:
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Simplified notation:

)

u(X)
u(y)

)

K(X,X) K(X,Y)
K(Y,X) K(Y,V)

)




NIX|/

The conditional distribution X University

For given observations:
{(yi,ﬁi),i =1 , ,m}
1. T weassume that
~ | 1 ¥4 u(y;) = .

p(uX)|u¥) =u) = N(i, X)
n=puX)+ KX YK (Y, V)@ — puY))
Y=KX,X)-KX, YK, Y)'K(Y, X)
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The conditional distribution X University

For given observations:
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The conditional distribution X University

For given observations:
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The conditional distribution X University

. For fixed u(Y) = 1 the mean and
. T covariance matrix can be computed for
' an arbitrary number of points X =

{Xq e, X0 )
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The conditional distribution SRR Urbversiy
o U2 -
" : For fixed u(Y) = 1 the mean and

g, 2 covariance matrix can be computed for
' ' an arbitrary number of points X =
{Xq e, X0 )
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Expressions for a single point S unversity

l
X)) =pX) + KXY )K, V) — p(Y))

l

constant € R2ZmxZm
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Expressions for a single point S unversity

(k(x,y1) - k(x,¥m)) € RZXe™M constant € R4*™M

T l
pp (1) = pu(0) + KCo, YK, V)™ (1 — p(Y))

l

constant € R2ZmxZm
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Expressions for a single point SR b
k(yl’x,)
= ]RZmXZ
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Posterior model S University

We have defined a Gaussian process GP (., k)

* The process is called the posterior
process.

 Defines a distribution of vector-fields,
that match the given observations.

* All vector-field match the given
observation perfectly.
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Noisy observations S University

For given observations:
{(yi,ﬁi),i =1 , ,m}

B 4 we assume that
u(y;) +e = 1.

where e ~ N(0,0%L,5).

(u(X))N N (,u(X)) K(X,X) K(X,Y)
u(Y) u(V))\KEY,X) K, Y)+ 0" Lnom
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The posterior process GP(/,tp, kp) defines a
distribution over vector-fields:

S
& |
A * the mean solves the regression problem

* |likely deformations agree with observations.
* g controls accuracy

2l

Hp (x) =ulx) + K(x, Y )(K(Y,Y) + 0° Iymxam )_1(ﬁ — u(Y))
kp(x»x') = k(x,x") —Kx,Y) (K(Y,Y) + 0100, ) K, x")
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Posterior shape models




