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Dynamics: Graphical Model
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Dynamics: Graphical Model
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Dynamics: Posterior

P(Axs4q) = p(Axy,q|drop) - p(drop)
+ p(Ax4,1|no drop) - p(no drop)



Dynamics: Posterior
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Policy: Graphical Model
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Policy: Posterior

[
waterfall
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N NFQ GP Ours
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2Riedmiller 2005
3Deisenroth and Rasmussen 2011



Industrial Reinforcement Learning

* Incomplete system knowledge

* Hierarchical priors

* Interpretable sub-models

+ Uncertainty due to incomplete data
+ Stochastic systems

* Robust and efficient inference
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Variational Bound

p(S’,L,F,A,U|S)
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Predictive Posterior

K
asrarlsn = [ 3 a(te[so)alsth]s) at? .ot
k=1

K
7(R) A (K)
~ Z I8
k=1



	Appendix
	References


