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Our Contributions
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Popular One-step Heuristic: EI
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New One-step Heuristic: PBGI

Other heuristics:
101 Pandora’s box
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Experiment Results: PBGI vs EI vs TS
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Conclusions

* Propose easy-to-compute PBGI policy for Bayesian optimization
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Conclusions

* Propose easy-to-compute PBGI policy for Bayesian optimization

* Show the effectiveness of PBGI on synthetic & empirical experiments
particularly on medium-high dimensions and relatively-large domains!
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Conclusions

* Propose easy-to-compute PBGI policy for Bayesian optimization
* Show the effectiveness of PBGI on synthetic & empirical experiments

* Extend to Bayesian optimization with heterogeneous evaluation costs
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Heterogeneous-cost Experiment Results

* Show the effectiveness of PBGI on synthetic & empirical experiments

* Extend to Bayesian optimization with heterogeneous evaluation costs
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Conclusions

* Propose easy-to-compute PBGI policy for Bayesian optimization

* Show the effectiveness of PBGI on synthetic & empirical experiments

* Extend to Bayesian optimization with heterogeneous evaluation costs

* Open door for complex BO (freeze-thaw, multi-fidelity, function network, etc.)
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