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Why is Pandora’s box hard?

@ Expected improvement of X over r:

BI(Y, ) = E[(Y — )']

=

:10

=10

- Both boxes have EI > open cost
- Box 1 has better EI
- Optimal action: open box 2!

Just using EI
is suboptimal!

A\
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EI(X:, 10) =2  EI(X2, 10) = 1.6
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Optimal policy: Gittins

Step 1: rate each box separately Step 2: act on box of best rating

—— Gittins index: Vil leoVo |l eyl - ey,
c:Y g(c:Y)

higher is _\—l; QL @ QL
better

g(c1:Y1) g(ca:Y2) g(es:Ys) -+ glcniYn)

] _HJ > gir) =r
8Lr) Gittins policy: if box of

max Gittins index is...

* closed: open it

Theorem: [Weitzman, 1979] - act on it

* open: select it

the Gittins policy is optimal
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1.5-box problem Key question: what to do in 1.5-box problem?
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profit: E[max{Y, r}] — c profit: r
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