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Question: Can we consider a concrete correlation model and
design efficiently-computable, provably near-optimal policies?
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* Elements consist of ingredients; elements are correlated when they
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[

Ingredients = vertices

=

Elements = edges
% Probe edges
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Bayesian Probing on Graphs

* Input:
* Graph G = (V,E)
e Each vertex v € V has known probability p,, of being active
* Edge uv € E is active if both of its endpoints are active

* k = budget of edge probes

* Probing uv € E reveals both endpoints

e Goal: Adaptively probe at most k edges, P c E to maximize the
expected number of active edges found: [E[)..ep 1(e active)]

Knapsack Generalization: Edges can have
non-uniform probe rewards and costs
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* Trivial Algorithm: Pick k edges with largest Pr(e active)
* Problem: Natural knapsack LP is not a good benchmark

Standard Analysis:
maxz Brle active) " %, * Let x’s be marginals of optimal adaptive policy:
x L x, = Pr(OPT probes e)
©  Compute objective value:
So & z Xe < k Z Pr(e active) - x, = z Pr(e active) - Pr(OPT probes e)
eEE eceE ecE
0<x<1 = 2 Pr(e active A OPT probes e)

OPT’s decisions no longer independent of outcomes

7”—"_\/‘. lJ
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Lemma: Let G be any graph and k any budget, where G = U, G,.
Then E[OPT(G, k)] < )., E[OPT(G,, 2k)]

* Proof Sketch: Simulate OPT on subgraph G,
* Decompose G into O(max degree)-many matchings
* = LP is now good benchmark on the best matching M

. = E[Alg] = LP(G, k) = LP(M, k)

1
= E[OPT(M, k)] =~ - E[OPT (G, k)]
max degree

* lgnore budget scaling
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Two Phase Algorithm

* Use Decomposition Lemma to reduce arbitrary G to collection of stars
(lose density by averaging)

Lemma: O(1)-approximation for collection of stars

* Explore

. . k . : .
* Think of first > queries as vertex probes (learn single vertex value; ignore
other endpoint)

* Greedy algorithm to maximize conditional reward obtained by final % gueries
* Exploit

* Conditioned on exploration, pick best % edges



Our Results

Question: Can we consider a concrete correlation model and
design efficiently-computable, provably near-optimal policies?

* Non-adaptive algorithms: Fix up-front all edge probes
* O(max degree)-approximation
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* Adaptive algorithms:
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summary

Question: Can we consider a concrete correlation model and
design efficiently-computable, provably near-optimal policies?

* Introduce Bayesian Probing on graphs

* Open Questions:
* Hypergraph
* More general vertex distributions
* More general edge reward functions
» Different information from probes
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