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Introduction and Motivation Clustering-Guided GP-UCB

* Bayesian optimization is a powerful method for finding * Geometric view of GP-UCB
extrema of an objective function [1, 3]. Line (ii)

* One of acquisition functions, GP-upper confidence bound Hne . -~ ’o .-
(GP-UCB) determines where next to sample from the Ry oo e
true function, balancing exploration and exploitation. ) O e’

* We first present a geometric interpretation of GP-UCB. o1 5

* We develop GP-UCB to clustering-guided method, called ; -
as clustering-guided GP-UCB (CG-GPUCB). Line (v), . ©7 o

- _______________________________________________________________ -

Background
* Bayesian optimization [1]
v Global optimization for black-box function.

Algorithm 1 Bayesian Optimization with GP regression

Require: Initial data D1.; = {(x1,y1),...,(x1,yr)}, and T €

N >0
1: fort=1,2,..., 7T do

Find x74: that maximizes the acquisition function over the

current GP: x;4; = argmax_ a(x|D1.14¢—1).
Sample the objective function: yr++ = f(Xr+4¢) + €14+¢.
Augment the data: D1.74+ = {D1.141—1, (X1+4t,Y1+¢) }-
Update the GP, computing ji1++(x), 07 (X):

end for

return X* = argmaxyc rx, | . x, ., o} MI+T(X)

)

A Al

v' The points on posterior mean-standard deviation space
are grouped, and a query point is selected on the

 GP-UCB [2] chosen cluster.
v’ Linear combination of posterior mean and standard v' We select a query point using one of two criteria, CG-
deviation function. GPUCB-NN and CG-GPUCB?.
v Trade-off hyperparameter controls tightness of X; 1 = arg min ||[u(x),o(x)]" — c;-||3

. XECZ*
confidence bound.

a(x|Dry) = —p(x) + Ko (x)

Xt+1 = arg Jagx a(X|D1:¢)

Algorithm 2 Bayesian Optimization with CG-GPUCB
Require: Initial data D;.; = {(x1,91),..., (X7,yr)}, T € N >
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