
Bayesian Kernel Shaping for Learning Control:
Appendix

The Complete Log Likelihood

The complete log likelihoodL is:
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We can apply a variational approach on concave/convex functions in order to lower bound a prob-
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term that prevents us from deriving an analytically tractable

posterior distribution forhm:

N
∑

i=1

d
∑

m=1

log p(wim)

=

N
∑

i=1

d
∑

m=1

wim log

(

1

1 + (xim − xqm)
2r
hm

)

+

N
∑

i=1

d
∑

m=1

(1 − wim) log

(

1 −
1

1 + (xim − xqm)
2r
hm

)

=

N
∑

i=1

d
∑

m=1

wim log

(

1

1 + (xim − xqm)
2r
hm

)

+

N
∑

i=1

d
∑

m=1

(1 − wim) log
(xim − xqm)2r

hm

1 + (xim − xqm)
2r
hm

=

N
∑

i=1

d
∑

m=1

(1 − wim) log (xim − xqm)
2r
hm −

N
∑

i=1

d
∑

m=1

log
(

1 + (xim − xqm)
2r
hm

)

≥
N
∑

i=1

d
∑

m=1

(1 − wim) log (xim − xqm)2r
hm −

N
∑

i=1

d
∑

m=1

λim (xim − xqm)2r
hm (2)

whereλim is a variational parameter to be optimized.
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Incorporating the lower bound approximation in Eq. 2 into the expression for the complete log
likelihoodL in Eq. 1, the resulting lower bound toL is thenL̂:
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Final Posterior EM Update Equations

E-step:
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where:
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andId,d is ad × d identity matrix,bxi is ad by 1 vector with coefficients〈bm〉
T

xim, ΨzN is a
diagonal matrix withψzN on its diagonal,
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