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MAX K-ARMED BANDITS EXTREMEETC ALGORITHM TIGHT REGRET BOUNDS EXPERIMENTS
e The ma}.c K-armed bandit proble.m (Cic.ir.ello We pr.opose. EXTREMEETC, an FEzplore-Then- Theorem 2. (i) Upper bound for e time horizon n = 10°
and Smith, 2005) is a sequential decision- | Commait version of EXTREMEHUNTER |[1|. DBoth ExTREMEETC and EXTREMEHUNTER o
making problem in an uncertain environment. = use the optimism-in-the-face-of-uncertainty princi- e K =3 exact Pareto distributions (8 = +o0)
At each time t =1,...,n ple through indices CR,| = (’)((log n) S (- Arm ) s _ 9 g
— choose arm k; € {1, ,K} B, AN (n(@ _I_AQ))l//oz\m—AlF(l _ 1//04\14 _ Al) n—(b—l/ak*)) | o 15 1.5 10
— observe reward Xg, ¢ ~ V, - ( > [ max Xk,t} with high probability) s 1 CX ?1078 ; é();
e Objective: maximize E [maxi<i<n X, ¢] - = sharper than O (”(Hb)%*) n 1} meXKKn X, |77 58.10% 11

EXTREMEETC vs EXTREMEHUNTER

e Or equivalently: minimize the expected (12) Lower bound for any algorithm pulling each

extreme regret 1: Input: n: time horizon, K: number of arms, arm at least N times 3.5
] ) ] ) b > 0 such that b < miny 0} . poi1) 3.0 -

X N \ 2. Initialize: Pull N times each arm k£ and com- R, = ((log n)- o n—(l—l/ak*)) . 2.5 -
V [Rn] = I [ max Xk* +| — I | max th tl i 2.0 -
1<t<n " 1<t<n pute index By (see Eq. (1)). L5

1.0 -

Extreme Regret

When b > 1, (i) and (1) are tight !

where k* £ arg Max, « < i Klmaxi<i<n Xk ¢ 3: ko = arg max;, By 3: for t > KN do - ravane|
3 ; - 0.0 T —
15 the optimal arm. 4 for ¢ > KN do 4 Pull by = argmax;, Br. - " pepyepion 10 Munri-ARMED BANDITS (MAB) s
5. Pull arm k. 5: Update index By, . R 000z 0a 06 0n e
SECOND-ORDER PARETO 6: end for 6: end for o Truncated rewards: Y = Xitlix, ,>u} - () ExtremeETC vs Robust
e An (o, 8,C,C")-second order Pareto with cdf ﬂ o 1 UCB vs uniform random
F verifies Vx > 0 o E|Yy 1] ~usoo Ck (1 | ak_l) wo TR
L ()] < Clg-ali+h Complexity Ex.ETC ExX.HUNT. Lo -
1-Czx “—F(o)| <Cz™“ . o For u > max |1 (20’)b (3 <K>)O‘<2>—O‘<1> s
Time O (K (log n)2<2%+1>) O(n?) “\\ew) B
. 2(2b+1) 2 10!
e As in |1|, rewards Xp; ~ v with v, an Memory O(K (logn) =@ ) O(n) and 7 large enough :
(g, B, Ck, C")-second order Pareto distribu- arg max E[Y, 1] = arg min ay, = k* 10
tion, ap > 1, 51{ >0, Cr >0 and C’ > 0. 1<k<K ’ 1<k<K . 1072 4
Theorem 1. If o > 1 then e MAB objective: maximize [E [Z?’: Y4 (b) same in log-log plot
2 | max X;| — (nC)Y°T (1 —1/a) e We use ROBUST UCB with truncated mean Figure I Extreme feg}"e‘? averaged over 1000
1<t<n estimator [4] independent trajectories.
_ —(min(1,8)—1/a) .
=0 (n ) ’ — parameters: € < minj<p<g o — 1, e Fig. 1b: linear regression for EXTREMEET C
1 v > maxe (g E [ Yia He} over t =5-10% ...,10° has slope ~ —0.333
sharper than O (n<1+6>a) in [1]. — validation of Theorem 2 !
— E [# pulls arm k # k*| = O(logn) < N .
ESTIMATION OF 1/ AND C (SEE RESP. [2| AND [3]) REFERENCES
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