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Setting

@ In the standard Multi-Armed Bandit setting, the expected rewards u; of the K available

actions do not change with time.

@ Restless (Tekin et al., 2012) (a.k.a. non-stationary) bandits relax this assumption,
increasing the complexity of the setting.

@ This is captured by the order of growth of the minimax regret R(T).
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Restless Rising Bandits

@ This work studies the restless rising and restless rising concave classes of bandits.

Non-Decreasing: Non-Decreasing: 7;(t) > 0
vi(t) = pi(t +1) — pi(t) = 0 Concave: 7;(t) > ~(t + 1)
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GENERAL RECIPE
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RESTLESS RISING CONCAVE
R*(T) = Q(T%minu, vT}%)
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Algorithm for Restless Rising Concave Bandits

Algorithm RC-BE(«).
Let w < 1 be the window index
RESTART:
Let A — [K] be the set of alive arms,
d < 1 the round index in the current window,
8 — 0 for i € [K] the cumulative reward
While d < A = [we]:
If Al > 10fF [A] > 1:
Play each arm in A
once, Play each arm in A once,
increment d (stop if d >
A‘(,f‘)) increment d (stop if d > A(wa))
Remove from A all i
s.t. S,’ + B&fl) < &= mMaXie[K] g,'
If A= {*}If A= {i*}
Commit to the
7* Commit to the remaining arm i*
Increment d Increment d

remaining arm

Increment w
GOTO RESTART
C. Migali et al.

Restless Rising Bandits

@ RC-BE(«) adapts BE (Jia et al.,
2023) to the rising concave setting.
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REGRET UPPER BOUND

RU(T) = O(Thv)
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Conclusions

Setting Lower Bound
Q (T1/2)
(Lattimore et al., 2020)
[Rising Rising _: Q (-,-2/3 V;/s)
_(This Work)
Q(T?)

(Lattimore et al., 2020)
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