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Confidence Sets for Sequential Decision-making
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Hypothesis Spaces and Confidence Sets

We commit to confidence sets of the form,

Ci_1(k;x) = [pr—1(k; @) £ viop_1(k; x))

[The sets Cy—1(k; ) are any-time valid if P(Vx € X, Vt > 1: f(x) € Ci1(k;x)) > 1 — (5]
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How can we find a good H?

[ Motivation ] 3




Meta-learning H .+

When data from similar tasks is available,
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And kernel has an additive structure,

p
= Z njkj(x, '
j=1

We propose:

this holds for all Mercer kernels
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Properties of the meta-learned kernel
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The meta-learned confidence bounds approach the oracle bounds,
as amounts of offline data grows.
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Decision-making with the meta-learned kernel

Plug and Play,

~

Algorithm (k)

META-KEL Agent
o "
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: ecision-making
Meta-learning &
Task
Meta-data “A Environment -°

Oracle (k*)

Applications Bandits
Bayesian Optimization
Safe BO
Model-Based RL
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Example: Bayesian Optimization

f is the objective function of a BO problem.

Regret Ry = th:ﬂf(w*) — f(z4)] Goal Rr/T —0asT — oo

Policy: [GP-UCB, Srinivas ot al |

T; = arg max Ct_l(l%; x)
xeX

Provided that there is enough meta-data,
— The learner achieves sublinear regret, w.h.p.

— This guarantee is tight compared to the one for the Or-
acle learner, and approaches it at a O(1/y/mn) rate.
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Experiments: BO with Meta-Kel

2D Synthetic data Legendre features GLMNET data [Friedman et al 2010] RFF

ol — R¢(k) - Legendre MetaKel 84 —— Rt(/g) - RFF MetaKel

2 Ri(k™) - oracle go -== Re(kfun) - full
on
R R M Relkpun) -full L % 6] e Ri(Ksg) - SE kernel ...ccoenesot™™
2 | Ri(ksg) - SE kernel ..+ 2
5 5
%’ 61 T qoé
; . £ 41 :.
2 o :
= 44 2 .'.
s T T mmmmm—————— = ¢
Ei & =" - 'c_‘; :
§ 2 4 0: /”’ E 21 .'. ——————————

0 L T T T T T T 0 L T T T T T

0 20 40 60 80 100 0 50 100 150 200
t t
Checkout the paper for more
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Thank you.



