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Non-stochastic bandits

Foreachroundt =1,2,...,T

* Learner chooses action/arm I; € {1,2, ...
* Environment chooses losses ¢, ; € [0,1]
* Learner suffers and observes loss € |,

EXplore no more

/mproved high-probability regret bounds for non-stochastic bandits

Classical algorithms

Parameters: n > 0.
Initialization: For all i, set w; ; = 1.

Foreachroundt =1,2,...,T
e Foralli let

Parameters:n > 0,y € |0,1],5 > 0.
Initialization: For all i, set w; ; = 1.

Foreachroundt =1,2,...,T
 Foralli, let
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No assumptions about the environment —» we Pei = i We ' pri =(1-Y) i We ) K
need randomized algorithms e Draw I; ~ p;. * Draw I; ~ p;.
Goal: minimize regret in some probabilistic sense * Foralli, let * Foralli,let
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Pseudo-regret: P = UL — 1 4. Poi = Ll{lt o+ ﬂ
Pt,i Pt,i Pt,i

* For all i, update weight as
_ e g
Wit = Weie'l b

* Forall i, update weight as
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Expected regret:

RT _E Eftlt]_El{g%letl
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Wipq,i = Weie b

Theorem: when tuned properly, EXP3.P
guarantees w.p. atleast 1 — 6

R < 5.25,/KTlog(K/$).

Theorem: when tuned properly, EXP3
guarantees

R; < \/2KT logK .

remove explicit exploration (y > 0)?
work with losses?

improve the constants?

make it actually work well?
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The trick: Implicit eXploration (IX) Main results
* Replace the standard loss estimate Setting Best known bouno Our bound
~ V. . .
?, . = an 1{1 l}m EXP3 by Multi-armed bandits 5_25\/1(7* log(K /&) 2\/21('1* log(K /&)
’ t— (Bubeck and Cesa-Bianchi, 2012)
P, . Bandits with expert advice 6\/KT log(N/6) 2\/21(7* log(N /&)
”P L L1 1 _ (N experts) (Beygelzimer et al., 2011)
Lt i+ Y Ue=1] Tracking the best arm 7/ KTS log(KT/5S) 2./2KTS log(KT/8S)
‘ (S switches) (Audibert and Bubeck, 2010)
* Qur algorithm: Bandits with side 0(VmT) 0(VaT)
observations (Alon et al., 2014) (@ <K m)
EXP3-IX
Parameters:n > 0,y > 0.
Foreachroundt =1,2,...,T . . {104. e - s 10°
+ Foral i, e l0arm bandit, Bernoulli Mg LE L B
Dy, = =t losses: o NE S T j
t,i . U v, ‘NS ¢
Zj Wt,j  arms 1-8 have mean 0.5 39 at ' g 05 "§'§ .
° It ~ D¢ o 3 "\“ * 1 Vs -
DRI Ly = 2 * arm 9 has mean 0.4 : X} -l - & ;
* Foralli, let ) e arm 10 has mean 0.6 ;22 \E N i 2 | -3 J
Pri=—2 14 til T/2, then 0.1 ", ;o os R
T peg+y Y ntil 172, then . ) A Eog .2 LeT
* Forall i, update weight as Regret shown as function ! ‘f‘:.i"_‘, al -
Wepri = wp e e of learning rate e |

How does it work? A better proof: Extra panel
o D — ftl
Lemma: With probability at least 1 — 6, Let i = Pt,i pe; LUe=iy and show that o “Optimal” parameters:
4 y be, 1 = 2y = /2logK /KT
. log(K /&) P, <— 1, _n<—1log(1+ 2y? n=2y g
2(315,1' — ;) < 2y T Do + vV Ue=t) = 2y 5 ree) * Anytime version:
h |d " N |t | f ” 6{12 ) ShOWth?t _ 77t=2)’t=\/lOgK/Kt
et b S e Ec|e?V?i] = Be[1 + 2y8 ;| < 14 2y48,; < Ve e Alternatives for ; ;:
Intuitive proof: * This implies that E[exp(ZyZ 1(€tl ft,l))] <1 {4 -
R ftl T * Thus, by Markov’s inequality, i +yl,; de=U
tei = (1{11: 3+y) -y — 1 | ?
S ety P z(? 1) = &| < exp(—2y¢) il log (1 + 2y L)
h 1 B .. andthen use bt ti) =€ = &2P re 2y Pt,i
Dt i U=t} p,; Freedman’sineq. t=1




