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...Which classes of matroids admit good pairwise-independent prophet inequalities, OCRSes?
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What is the joint distribution &?

< is pairwise-consistent with x if:

o Pr[R; = 1] = x;forall i
 Pr[R; =1 A R, = 1] =xxx;forall i, ]
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Summary of Results

Pairwise-independent contention resolution.

(offline adv.) (offline adv.) (almighty adv.)
Matroids: prophet (prior): prophet: OCRS:
1-Uniform V2-1~0414 3-4/5-In2~0071 ss. < 1/4
k-Uniform - 1 — O(k~'?) 1 — O(k~"7)
Laminar - Q(1) Q(1)
(co)Graphic - Q(1) (1)
Transversal - Q(1) Q(1)
Regular - Q(1) (1)
Binary - - -
Linear - - -

[Caragiannis Gravin Lu Wang ’21]
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O(1)-OCRS follows from single item setting, so

S.

Vi b

Goal: (1 — 0,(1))-OCF

1
For fully-independent case, can do 1 — 0<7) What about PI?
k

Idea 1: Throw out active 1 w.p. 0 to get R, use “Pl-compatible” tail bounds, i.e. Chebyshev.

1
E[‘Ré‘]=(1—5)k, thus Pr[|R5\>k]§%

1
Given that i active, survives with probability (1 — 6)(1 — Pr[|R5| > k]) = (1 — 5)(1 52k)

'\

Setting 6 = O(k'?), get (1 — O(k~'7?)) - OCF WRONG! Not independent!

:C—f-)
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Idea 2: Bound Z Pr[|Rs| >k A 1 €R] S 1/67, use averaging to say exists i*

l

Prl|Rs| > kA i* €R] _ 2 PrllRs| > kAi€R] 1/87

n

Pr[|Rs| > k| i* € R] = < ,
Pr[i* € R] ZiPr[l € R] k

Now we can finish the proof as before!

|
Given 1* active, survives with probability ~ (1 — 5)<1 52k)

Setting 6 = O(k'"?), get (1 — O(k~3)) - OCRS.

Gives CRS but not OCRS, because algorithm needs to choose order.
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iis good if Pr[ | Rs| > (1 — d)k | i active] < b.
i is bad if Pr[ |Rs| > (1 — 0)k | i active] > b.

Algo: Take up to (1 — 0)k good items, and up to ok bad items.

Good items contribute (1 — 0)k with probability 1 — b, by definition. For bad items,
Same lemma

Markov Pl as before

| . Pr[j € R|i € R] Pr[j € R] 1
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j bad j bad

Combining, balancing, setting b ~ 6 >*k~ > and 6 = k~'°, get 1 — O(k~'">) OCR
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[Dughmi Kalayci Patel ‘24]

OCRSes with Pairwise Independence| | Limitations of Pairwise Independent
(matroid constraint) Stochastic Selection
[this work] [Dughmi Kalayci Patel ‘24]

’ Fully Correlated
A A '

Matroids: (O)CRS: Prophet:

1 -Uniform
k-Uniform Q(1) Q(1) 'wise Independence Matroid Secretary
einb ingle item) &
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N Parting...

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