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Motivation Setting: Contextual Bandits with Linear Payoffs
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Notation: T rounds, K actions, features in xt,a in Rd (and ||xt,a|| ≤ 1), and 

action rewards rt,a in [0,1]

Game: for t=1 to T

world reveals xt,1 , xt,2 , … , xt,a (these are “action features”)

learner selects action at

learner receives reward rt,at
from the world

Assumption: exists an unknown vector θ*, w/ ||θ*|| ≤ 1 s.t. for all a and t,

E[rt,a|xt,a] = xT
t,aθ*.

The rt,as are independent random variables with expectation xT
t,aθ*.

Goal: to minimize regret w.r.t. to the choice of a*t = argmaxa xT
t,aθ*,

regret =                                               

LinUCB (Li et al. 2010)

Open Problems
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The contextual bandit with linear payoffs setting 

was introduced by Auer (2002).  He proved a 

regret of O(Td)1/2 for his algorithm LinRel.

Abe et al. (2003) gave a lower bound on regret 

of Ω(T3/4K1/4) for this setting, and gave algs with 

regret O(T3/4K1/2) and O(T4/5K1/4).

Li et al. (2010) introduced LinUCB, a simpler 

and more efficient algorithm than LinRel, and 

showed its effectiveness in experiments.

Our Results

We prove a variant of LinUCB has regret

This gives evidence for the effectiveness of LinUCB.

We decompose LinUCB into algorithms SupLinUCB

and BaseLinUCB using a trick from Auer (2002).  This 

makes predicted rewards be independent rand vars.

We also give an almost-matching lower bound for this 

setting of Ω(T1/2d1/2) for d2 ≤ T.

  /)ln(ln3 TKTTd

An analysis of the original (non-decomposed) 

LinUCB is still needed, and would be interesting, 

as LinUCB remains the simplest algorithm we 

know for this setting.

Can we get a O(T1/2d1/2) algorithm for this setting, 

(without the log factors)?

Can we say anything about the agnostic case, 

where we want to compete with the best θ*, even 

if no vector  θ* predicts the expected reward?
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