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Introduction A quick demo
Mathematically, we consider the simultaneous constrained optimization of K objectives
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Figure 1 Demonstration on the ZDT3 (K = 2) test function that has disjoint Pareto frontiers. Navy are the
true Pareto frontier and red are the predicted Pareto frontier. With 20 seed points and only an additional
204 acquisitions, in batches of ¢ = 4, notice that ¢POTS is quickly able to resolve the true Pareto frontier
while other methods in the state of the art struggle to come any close.

Thompson sampling for Bayesian optimization

Experiments

= Thompson sampling posits that we make decisions according to the probability that
they are optimal.

= That is, x,11 ~ px, (X), where py, (x) is the probability density of the maximizers of f.
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= In the context of Bayesian optimization, we could use the surrogate Y to define this ;; g
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Fioure 2. Sequential acquisition. Hypervolume Vs. iterations for sequential (¢ = 1) acquisition; plots
show mean and +1 standard deviation out of 10 repetitions. ¢POTS outperforms all competitors or is
amongst the best. Bottom right shows constrained case on the OSY problem Osyczka and Kundu [1995].
Additional experiments are provided in the supplementary material.
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= In practice, we fit K GP models and draw K GP posterior sample paths
V(- w),. .., Yr(-,w)}.

= Then, solve the following cheap multiobjective optimization problem using, e.g.,
evolutionary approaches, to sample new acquisitions.
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Xpi1 € X* = arg, max{Vi(x,0), . .., Vic(x,w)}. (3) ~ioure 2 Bateh acquisition. Hypervolume Vs. iterations for batch (¢ > 1) acquisition; plots show mean
xye)( Y ’ ’ and =1 standard deviation out of 10 repetitions. ¢POTS outperforms all competitors, but the benefit is
] more pronounced in the batch case. Additional experiments, including constrained problems, are shown in
= Thereby we blend EAs with BO. the supplementary material.
Extension to constrained problems i
Conclusions
Handling constraints is straightforward in gPOTS.
= gPOTS presents a new method for multiobjective Bayesian optimization with several
= Let there be a total of C constraints {¢i,...,cc},and ZU E = [C]. improvements over the state of the art.
= We fit a total of K 4+ C posterior GPs Y1, ..., Yk, Y1, ..., Ykic.
= For all i € [C], we define the constrained ¢POTS to choose points according to E E
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where 1 denotes the indicator function for feasibility. ) soft
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