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

• Elements consist of ingredients; elements are correlated when they 
share ingredients

Ingredients = vertices
Elements = edges
Probe edges
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Knapsack Generalization: Edges can have 
non-uniform probe rewards and costs



Connections

• Stochastic probing problems

• Stochastic knapsack with correlations across items

• Site percolation
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Anupam Gupta, Viswanath Nagarajan:
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Anupam Gupta, Ravishankar Krishnaswamy, Marco Molinaro, R. Ravi:
Approximation Algorithms for Correlated Knapsacks and Non-martingale Bandits. FOCS 2011

Broadbent SR, Hammersley JM:
Percolation processes: I. Crystals and mazes. Mathematical Proceedings of the Cambridge Philosophical Society 1957

Michael Krivelevich:
The Phase Transition in Site Percolation on Pseudo-Random Graphs. Electron. J. Comb. 2016
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• Non-adaptive algorithms: Fix up-front all edge probes
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• Adaptive algorithms:
• 𝑂(𝑑𝑒𝑛𝑠𝑖𝑡𝑦)-approximation

All can be extended to knapsack case
(losing additional factors depending on edge costs)
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Standard Analysis:
• Let 𝑥’s be marginals of optimal adaptive policy: 

𝑥𝑒 = Pr(𝑂𝑃𝑇 𝑝𝑟𝑜𝑏𝑒𝑠 𝑒)
• Compute objective value:
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Decomposition Lemma

• Proof Sketch: Simulate 𝑂𝑃𝑇 on subgraph 𝐺ℓ

• 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)

= 𝔼 𝑂𝑃𝑇 𝑀, 𝑘 ≥∗
1

max 𝑑𝑒𝑔𝑟𝑒𝑒
⋅ 𝔼 𝑂𝑃𝑇 𝐺, 𝑘

Lemma: Let 𝐺 be any graph and 𝑘 any budget, where 𝐺 = ℓڂ 𝐺ℓ. 

Then 𝔼 𝑂𝑃𝑇 𝐺, 𝑘 ≤  σℓ 𝔼[𝑂𝑃𝑇 𝐺ℓ, 2𝑘 ] 

* Ignore budget scaling
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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

• Adaptivity gap is Ω(𝑚𝑎𝑥 𝑑𝑒𝑔𝑟𝑒𝑒)

• Adaptive algorithms:
• 𝑂(𝑑𝑒𝑛𝑠𝑖𝑡𝑦)-approximation

All can be extended to knapsack case
(losing additional factors depending on edge costs)



Summary

• Introduce Bayesian Probing on graphs

• Open Questions:
• Hypergraph

• More general vertex distributions

• More general edge reward functions

• Different information from probes

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