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…Which classes of matroids admit good pairwise-independent prophet inequalities, OCRSes?
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Good items contribute  with probability , by definition. For bad items,(1 − δ)k 1 − b

= ∑
j bad

Pr[ j ∈ R]
δk

PI
Same lemma


as before Markov

≲
1

δ2b
Pr[ |bad active stuff | ≥ δk | i ∈ R] ≤ ∑

j bad

Pr[ j ∈ R ∣ i ∈ R]
δk

Combining, balancing, setting  and , get  OCRS.b ≈ δ−3/2k−1/2 δ = k−1/5 1 − O(k−1/5)

Algo: Take up to  good items, and up to  bad items.(1 − δ)k δk
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In Parting…

1. What is the “right” parameterization of non-independence for these problems?

2. Is there a general framework for single-sample prophet inequalities in this setting?

3. What is the constant for the single-item pairwise-independent prophet inequality?
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