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OPEN PROBLEM

Restless rising and rising concave bandits are two
classes of non-stationary MABs where the expected
rewards are respectively non-decreasing and non-
decreasing concave functions of time.
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ALGORITHM FOR RESTLESS RISING CONCAVE BANDITS

Algorithm 1 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:

Play each arm in A once,

increment d (stop if d ą ∆
pαq
w )

Remove from A all i
s.t. Ŝi ` B

pαq
w ă Ŝ˚ :“ maxiPJKK Ŝi

If A “ t̂i˚u

Commit to the remaining arm î˚

Increment d
Increment w
GOTO RESTART

Exploration Commitment
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NUMERICAL SIMULATIONS

EXPERIMENTAL SETUP

Comparison of RC-BE(α) against SOTA algorithms.

PROBLEM INSTANCE - ARMS
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RESULTS

We compare the algorithms in terms of
empirical cumulative regret
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Key Finding: we observe that RC-BE(α) is the algo-
rithm that achieves the lowest regret at the horizon.
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