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1. Introduction to Multi-objective Bayesian Optimization 2. Predictive Entropy Search for Multi-objective Optimization (PESMO)

We are interested in solving the problem: Given D; = {(xi, yi) }:_,» we model each fi(-) with a Gaussian process, and

,I(Iéiglgl fix), ... fr(X) . the acquisition function maximizes the reduction on the entropy of A*.

High Entropy Low Entropy

e Each f;(+) is evaluated via expensive black-box queries. Low Information High Information

e We select x and we observe outputy = (fi(x), ..., fx(x))!
e The evaluations may be contaminated with Gaussian noise €.
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Example multi-objective optimization problem:
Obijective 1 Objective 2 A

X*
The acquisition function is

a(x) =H [X*|Dt} — ﬂy[H [X*‘Dt U {x,y}} |Dt,x} (1)
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difficult in practice!
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We swap y and X * to obtain a reformulation of the acquisition function.

HIA D] — By [H[¥[De U {x,3}]|De,x| = MI(y, ) (ESMO)

Pareto Frontier (value space)

3 - Values for Domain Points
s, X Values for Optimal Points

H[Y|D:, x| — 4:X*{H[y\pt,x,x*} Dt,x} — Mi(x+y) (PESMO)
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Approximated by 'Factorized Gaussian approximation |
sampling from p(x*D;) with expectation propagation.
\X*dominates any other pointin X |.

Pareto
Points

a(x) =i, {log o (x) — 4 X5 log of PP (x| ag,)) = S0 ()

viP(x) Sample of X*  vi™P (x| AX}) o (x)
3. Accuracy of the EP Approximation e

Posterior Distribution of Each Objective PESMO approximation vs Exact Acquisition
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ol lelonleative 2 01 | —|EPSNO 4. Experiments with Synthetic Data (objectives sampled from the GPs)

0.00 0.25 0.50 0.75 X X 0.25 0.50 0.75 1.00 2-objectives, 3-dims. Noisy Evals. 4-objectives,6-dims. Noisy Evals.
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5. Finding Fast and Accurate Deep Neural Networks on MNIST

Average Pareto Front After 100 Evaluations Average Pareto Front After 200 Evaluations
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ParEGO
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Methods i Methods
= EHI ' == EHI
ParEGO ParEGO
== SMSego == SMSego
== SUR == SUR
== PESMO == PESMO
== PESMO_decoupled == PESMO_decoupled
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6. Conclusions

0.0180 0,0200 ' 0.0225 0.0250 0.01600.0780 £.8200 04225 0.0250 e We have described PESMO, a successful strategy to carry out Bayesian Opti-

Avg. Evaluations Performed by PESMO_decoupled mization of very expensive-to-evaluate black-box functions.
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e PESMO chooses the next location on which to evaluate the objectives as the
~1OB], - Preiction Tine one that is expected to minimize the most the entropy of the Pareto set.

e Our experiments show that PESMO has better pertormance than other already
known strategies for multi-objective Bayesian optimization.

| | | e PESMO allows for a decoupled evaluation scenario 1n which different objec-
lteration of the J,ft?mizaton Process tives are evaluated at different input locations at each iteration.
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