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» expected improvement (EI)

- upper confidence bound (UCB)
* Thompson sampling (TS)

- knowledge gradient (KG)

- entropy methods, lookahead, ...
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Expected improvement of Y over r:

EI(Y,r) =E[(Y —r)"]
=
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- Both boxes have EI > open cost
- Box 1 has better EI
- Optimal action: open box 2!
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is suboptimal!
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Theorem: [Weitzman, 1979]
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