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MOTIVATION CONTRIBUTIONS

Several real-world scenarios can be formalized as a Best-Arm Identification (BAI) e Extension of the SRB setting to fixed-budget BAI
problem in the Stochastic Rising Bandits (SRB) setting: — Setting lower bound on the error probability
 Combined Algorithm Selection and Hyperparameter Optimization (CASH) e Two algorithms for SRB-BAI with guarantees:

— R-UCBE: an optimistic algorithm

* Best Model Selection — R-SR: a phase-based algorithm

e Selection of Athletes for Competitions e Validation on synthetic and real-world data

SETTING - FIXED-BUDGET BAI FOR SRB
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ESTIMATORS ALGORITHMS

Algorithm 1: R-UCBE. Algorithm 2: R-SR.

Input: Time budget 7', Number of arms K, Input: Time budget 7', Number of arms K,
Window size ¢, Exploration coef. a Window size
Initialize N; o = 0, B} (0) = o0, Vi € [K] Initialize t < 1, No =0, X = [K]
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