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Problem Setup

Given a compact X C R and f: X - R
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BKB: Budgeted Kernel Bandit

(Calandriello et al., 2019)

Assume f € H and let k(x,x) = k(x;, S;)K k(Se, ")
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BKB: Budgeted Kernel Bandit

Regret and Computational Cost

Smaller computational cost than GP-UCB(Srinivas et al., 2010) and
similar cumulative regret.

Continuous search space

It would require either to discretize the space or to solve the inner
optimization problem (at each time step) i.e.

m either huge discretizations(Srinivas et al., 2012).

m or expensive inner optimization tasks without guarantees.
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Adaptive Discretizations
(Bubeck et al., 2011; Munos, 2014; Shekhar and Javidi, 2018)

Update the discretization of X during the optimization process
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m function is evaluated only at partition centroids
m a centroid is selected using an UCB /

m the discretization is composed by partition centroids
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Ada-BKB: Adaptive discretization + BKB

It(Xh,i) = min{ﬁt(xh,,-)7 ﬁt(parent(xh’,-)) + Vhfl} + Vy

: Ada-BKB: step 22 {exp: 4) For t= ]_7 cee T:
— fix}
) — B Xp; = arg max l¢(x)
’ xeL
1 ~
?\\// m if B:5e(xpi) < Vi and

o / h < Amax, expand
h m else y; = f(xpi) + €

m update model
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where Vi, > sup |f(x) — f(x')| for all i.

X, X! € X S] /lts
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Pruning rule and early stopping

Let /¥ be the highest lower bound observed at timestep t, partitions that
may contain a global maximizer are

{xp,i|de(xp,i) + Vi > I}

Thus, we can erase every x,; s.t. Je(xpi) + Vi < If.

Early stopping

if [L] =0o0r L= {x,
the algorithm

i} and |L| = 1, we can interrupt the execution of

max 5
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Theoretical Results

Cumulative regret and Computational Cost

Similar regret guarantees and smaller time cost,

hmax J—
(Regret)  O(VTdeglog T) or O <\/ Td.slog T%)

(Computational Cost) O(T?d%hmax)
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Empirical Results
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Thank you!

Thank you for your Attention!

Contact: marco.rando®@edu.unige.it
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