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GIPP(f, j) — Z Z Z — _l{Pj>y]',i} . I{Pk>Yk,l} . min{Pk — kD Qk’l}_

j=1 =1 (k.q, )€H(j,i)
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Upshot: new stochastic scheduling model robust to errors in predicted distributions

v'Unknown a ?
v'Other problems where (something like) Gittins index is optimal?



