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Take-home Message

Non-stationary bandits are not always arbitrary: when latent rewards follow mean-reverting dynamics, recursive state estimation enables tight regret characterization and

' d online decisi . . . . .
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Main ContrlbUtlonS The learner maintains an online estimate of the latent state and uses it to Theory Matches Simulation

select the greedy action under the current estimate.

« Formulate linear bandits with latent mean-reverting dynamics and exploit Empirical steady-state regret lies between the theoretical lower and

. upper bounds and follows the predicted scaling laws.
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