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Setting

In the standard Multi-Armed Bandit setting, the expected rewards µi 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˚

E pT q.
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Restless Rising Bandits

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

Non-Decreasing:
γiptq – µipt ` 1q ´ µiptq ě 0
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Lower Bounds

General Recipe
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Algorithm for Restless Rising Concave Bandits

Algorithm RC-BEpαq.
Let w Ð 1 be the window index
RESTART:

Let A Ð JKK be the set of alive arms,
d Ð 1 the round index in the current window,
Ŝi Ð 0 for i P JKK the cumulative reward

While d ď ∆pαq
w :“ rwαs:

If |A| ą 1: If |A| ą 1:
Play each arm in A

once, Play each arm in A once,
increment d (stop if d ą

∆pαq
w ) increment d (stop if d ą ∆pαq

w )
Remove from A all i

s.t. Ŝi ` Bpαq
w ă Ŝ˚ :“ maxiPJKK Ŝi

If A “ t̂i˚u If A “ t̂i˚u

Commit to the remaining arm
î˚ Commit to the remaining arm î˚

Increment d Increment d
Increment w
GOTO RESTART

Exploration Exploration Commitment

RC-BE(α) adapts BE (Jia et al.,
2023) to the rising concave setting.
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Conclusions

Setting Lower Bound Upper Bound

Rising Rising
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