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where the matrix Q
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t is defined as follows:
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To see, we note that under out linear approximation the convolution theorem

provides us with a closed form for the integral term in (13.27):
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The sampling distribution (13.27) is now given by the product of this nor-

mal distribution and the rightmost term in (13.27), the normal N (xt; x̂
[k]
t , Rt).

Written in Gaussian form, we have
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This expression is obviously quadratic in our target variable xt, hence p(xt |

x
[k]
1:t−1, u1:t, z1:t, c1:t) is Gaussian. The mean and covariance of this Gaussian

are equivalent to the minimum of P
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t and its curvature. Those are identified

by calculating the first and second derivatives of P
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The covariance Σ
[k]
xt

of the sampling distribution is now obtained by the in-

verse of the second derivative
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The mean µ
[k]
xt

of the sample distribution is obtained by setting the first

derivative (13.39) to zero. This gives us:
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