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INVITED
PAPER

Taking the Human Out of the
Loop: A Review of Bayesian
Optimization

The paper introduces the reader to Bayesian optimization, highlighting its methodical
aspects and showcasing its applications.

By BoBAK SHAHRIARI, KEVIN SWERSKY, Z1YU WANG, RyaN P. ApamMs, AND NaANDO DE FREITAS
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Acquisition function (JE1SE3%X)

a(x) xHBAICIESFIEEZEEL
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XN4+1 = arg max a(x)
X

((x) posterior mean
o(x) posterior uncertainty (standard deviation)
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Exploration-Exploitation tradeoff A) Improvement-Based Policies
R a — Probability of Improvement (PI)

— Expected Improvement (El)
B) Optimistic Policies
-  Upper Confidence Bound (UCB)
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soelnsy Ensns sy C) Information-Based Policies
— Thompson Sampling (TS)
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X — Predictive Entropy Search (PES)
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Probability of Improvement (Pl)

ap1(x) = P[t > tmax] tmax = max(tq, - -
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standard normal cumulative distribution function
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Expected Improvement (EI) B ERE U

QE] (X) = E[(t = tmaX)H(t > tmax)]
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standard normal distribution function
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