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Decision Making
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Decision Making

P(u < uy)
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Bayesian Inference

13



Bayesian Inference

p(A|B) =?
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Bayesian Inference

p(A|B) o< p(B|A) x p(A)
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Bayesian Inference

Posterior Likelihood Prior

p(A|B) o< p(B|A) x p(A)
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Bayesian Inference

Posterior Likelihood Prior

p(u|Q) o< p(Qlu) X p(u)
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Prior

p(u)
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Prior
p(u)
u~ GP(p, k)
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Likelihood
p(Q|u)
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|l ikelihood
p(Q|u)
q = f(u)
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|l ikelihood
p(Q|u)
q = f(u)

Power Temperature
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Posterior

p(u|Q) o< p(Qlu) X p(u)
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Posterior

p(u|Q) o< p(Qlu) X p(u)

A
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Posterior

p(u|Q) o< p(Qlu) X p(u)

A

Monte Carlo
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Posterior

p(u|Q) o< p(Qlu) X p(u)

Markov chain Monte Carlo
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Conclusion
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Thank you! Questions?

T T
VL o 1:1'*- I

- &

B e _-_-_;:';C‘

i
vy i

Hampus Cullin / Wikimedia Commons / CC-BY-SA-3.0



