Bandits (the H = 1 case)
(And thinking about H > 1 / RL!)
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Multi-armed bandits

How should we allocate

T tokens to A “arms”

to maximize our return?
[Robins '52, Gittins’79, Lai & Robbins ‘85 ...]

oVery successful algo when A is small.

e\WWhat can we do when the number of arms A is large?
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Dealing with the large action case
Bandits Linear (RKHS) Bandits

edecision: pull an arm edecision: choose some x € X
ee.g. X ER

* widely used generalization: The “linear bandit” model [Abe & Long+ '99]
successful in many applications: scheduling, ads...

e decision: x., reward: 7., reward model:

» Hypothesis class # is set of linear/RKHS functions
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Optimistic Bayesian Optimization with GPs
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Optimistic Bayesian Optimization with GPs
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Optimistic Bayesian Optimization with GPs
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Optimistic Bayesian Optimization with GPs
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Optimistic Bayesian Optimization with GPs
f(x)

A

Best lower
bound

5
4

3

2

18-

0 ‘
-1
E.
-3
4

> U

Key idea: Focus exploration on plausible maximizers
(upper confidence bound = best lower bound)



Regret of Lin-UCB/GP-UCB

(generalization in action space)

Theorem: [Dani, Hayes, & K. '08], [Srinivas, Krause, K. & Seeger '10]}
Assuming & is an RKHS (with bounded norm), if we choose [3; “correctly’,
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Regret of Lin-UCB/GP-UCB

(generalization in action space)

Theorem: [Dani, Hayes, & K. '08], [Srinivas, Krause, K. & Seeger '10]}
Assuming & is an RKHS (with bounded norm), if we choose [3; “correctly’,

1 y YT
Tg (ZEt)]:O \/T

where y,:= max logdet <I + 2 qb(xt)¢(xt)T>

Xn. .. X 1 EX
Q-1 t—O

o Key complexity concept: “maximum information gain” y; determines the regret

e yr~dlogT for¢ ind-dimensions
e Think of yras the “effective dimension”
e Easy toincorporate context



