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Max K-Armed Bandits

• The max K-armed bandit problem (Cicirello
and Smith, 2005) is a sequential decision-
making problem in an uncertain environment.
At each time t = 1, ..., n

– choose arm kt ∈ {1, ...,K}
– observe reward Xkt,t ∼ νkt .

• Objective: maximize E [max1≤t≤nXkt,t] .

• Or equivalently: minimize the expected
extreme regret

E [Rn] , E
[

max
1≤t≤n

Xk∗,t

]
− E

[
max

1≤t≤n
Xkt,t

]
,

where k∗ , arg max1≤k≤K E[max1≤t≤nXk,t]
is the optimal arm.

Second-order Pareto

• An (α, β, C,C ′)-second order Pareto with cdf
F verifies ∀x ≥ 0

|1− Cx−α − F (x)| ≤ C ′x−α(1+β) .

• As in [1], rewards Xk,t ∼ νk with νk an
(αk, βk, Ck, C

′)-second order Pareto distribu-
tion, αk > 1, βk > 0, Ck > 0 and C ′ > 0.

Theorem 1. If α > 1 then∣∣∣∣E [ max
1≤t≤n

Xt

]
− (nC)1/αΓ (1− 1/α)

∣∣∣∣
= O

(
n−(min(1,β)−1/α)

)
,

sharper than O
(
n

1
(1+β)α

)
in [1].

Estimation of 1/α and C (see resp. [2] and [3])

Assume T ≥ N , A(log n)
2(2b+1)

b with b known s.t. b ≤ β .

• 1̂/α , min

(
1,

[
log

( ∑T
t=1 1{Xt>er}∑T
t=1 1{Xt>er+1}

)]−1
)

• Ĉ , T−
2b

2b+1
∑T
t=1 1{Xt≥T 1̂/α/(2b+1)}

With probability larger than 1− δ ,

•
∣∣∣1̂/α− 1/α

∣∣∣ ≤ Λ1(T ) , D
√

log(1/δ)T−
b

2b+1 •
∣∣∣Ĉ − C∣∣∣ ≤ Λ2(T ) , E

√
log(T/δ) log(T )T−

b
2b+1 .

ExtremeETC Algorithm

We propose ExtremeETC, an Explore-Then-
Commit version of ExtremeHunter [1]. Both
use the optimism-in-the-face-of-uncertainty princi-
ple through indices

Bk , (n(Ĉk + Λ2))1̂/αk+Λ1Γ(1− 1̂/αk − Λ1)(
≥ E

[
max

1≤t≤T
Xk,t

]
with high probability

)
.

(1)

ExtremeETC vs ExtremeHunter
1: Input: n: time horizon, K: number of arms,
b > 0 such that b ≤ mink βk .

2: Initialize: Pull N times each arm k and com-
pute index Bk (see Eq. (1)).

3: k0 = arg maxk Bk
4: for t > KN do
5: Pull arm k0.
6: end for

3: for t > KN do
4: Pull kt = arg maxk Bk.
5: Update index Bkt .
6: end for

Complexity Ex.ETC Ex.Hunt.

Time O
(
K(log n)

2(2b+1)
b

)
O(n2)

Memory O
(
K(log n)

2(2b+1)
b

)
O(n)

Tight regret bounds

Theorem 2. (i) Upper bound for
ExtremeETC and ExtremeHunter

E[Rn] = O
(

(log n)
2(2b+1)

b n−(1−1/αk∗ )

+ n−(b−1/αk∗ )
)
,

sharper than O
(
n

1
(1+b)αk∗

)
in [1].

(ii) Lower bound for any algorithm pulling each
arm at least N times

E[Rn] = Ω
(

(log n)
2(2b+1)

b n−(1−1/αk∗ )
)
.

When b ≥ 1, (i) and (ii) are tight !

Reduction to Multi-Armed Bandits (MAB)

• Truncated rewards: Yk,t , Xk,t1{Xk,t>u} .

• E[Yk,1] ∼u→∞ Ck

(
1 + 1

αk−1

)
u−αk+1 .

• For u > max

(
1,
(

2C′

C(1)

) 1
b

,
(

3C(K)

C(1)

) 1
α(2)−α(1)

)
and n large enough

arg max
1≤k≤K

E[Yk,1] = arg min
1≤k≤K

αk = k∗ .

• MAB objective: maximize E [
∑n
t=1 Ykt,t] .

• We use Robust UCB with truncated mean
estimator [4]

– parameters: ε < min1≤k≤K αk − 1 ,
v ≥ maxk∈[K] E

[
|Yk,1|1+ε

]
– E [# pulls arm k 6= k∗] = O(log n) < N .

Experiments

• time horizon n = 105

• K = 3 exact Pareto distributions (β = +∞)

Arm 1 k∗ = 2 3

α 15 1.5 10
C 108 1 105

E [X] 3.7 3 3.5
E [max1≤t≤nXt] 7.7 5.8 · 103 11
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(a) ExtremeETC vs Robust
UCB vs uniform random

(b) same in log-log plot

Figure 1: Extreme regret averaged over 1000
independent trajectories.

• Fig. 1b: linear regression for ExtremeETC
over t = 5 · 104, . . . , 105 has slope ≈ −0.333
→ validation of Theorem 2 !
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